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ABSTRACT Control systems for building services, such as heating and cooling, often rely on fixed timing
schemes. While such approaches are convenient, they make strong assumptions about room usage, often
leading to inadequate comfort and energy efficiency. This study addresses this limitation by presenting
two contributions aimed at automating the configuration of building control systems. The first contribution
involves the development of a presence detection model based on CO, data, which is easy to measure
and non-privacy intrusive. Unlike existing literature, which typically focuses on single-room applications,
this work introduces a dataset and machine learning methodology demonstrating the generalizability of a
presence detection model across various real-world rooms, even among different building types. Sliding
window normalization of the sensor data is the key to achieve this unsupervised cross-room adaptability.
As second contribution, we propose an occupancy profiling technique that relies on the predicted presence
information. This approach facilitates the automated configuration of building control systems by using
historical presence probabilities to anticipate future occupancy. In contrast to fixed timing schemes, these
occupancy profiles dynamically adapt over time, accommodating changes in occupant behavior. As such,
this work improves the configuration of building control systems, leading to a more comfortable and
energy-efficient environment.

INDEX TERMS Building control, CO,, occupancy profiling, presence detection.

I. INTRODUCTION
For building control systems, the integration of presence
information plays an essential role in achieving both comfort
and energy efficiency, especially for the regulation of heating
and cooling. However, actual presence information per room
is often not available, leading to the use of estimated occu-
pancy schedules or necessitating manual interventions, such
as adjusting thermostatic valves. While manual adjustments
are straightforward, they are easily overlooked, and fixed
programmed schedules often fail to account for the unique
occupancy patterns of individual rooms [1].

These shortcomings can be mitigated through more
advanced approaches, such as those proposed by
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Baldi et al. [2], who demonstrated that incorporating dynamic
occupancy behavior into HVAC (Heating, Ventilation, and
Air Conditioning) control strategies allows systems to adapt
to actual needs. This not only minimizes energy waste but
also maintains optimal environmental conditions. However,
such strategies depend on the availability of accurate
room-level occupancy information, which is the focus of this
work.

Various techniques exist for detecting human presence
in indoor environments, including passive infrared (PIR)
sensors, camera-based systems, and radar-based solutions.
Each option has its unique characteristics and applicability
in different contexts, as detailed in Section II-A.

Within this work, we opt for a different approach,
investigating a methodology centered around CO,-based
presence detection. This approach proves viable as humans
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naturally exhale CO, during breathing, which causes a
gradual increase in the CO; levels of the room. This can
be easily measured with cost-effective and commercially
available CO, sensors, which are often already installed
in modern buildings or can be easily retrofitted in older
properties. In contrast to motion-dependent sensors like PIR,
the CO;-based approach effectively detects presence even
when individuals are sleeping or at rest, as it does not rely
on motion. Unlike camera-based systems, CO;-sensing is not
affected by line of sight. Moreover, this proves a non-intrusive
approach that does not raise privacy concerns as it only
measures the CO» levels in the air. Despite these advantages,
it is important to note that COy-based presence detection
has its own set of limitations, including a slower response
time and susceptibility to external factors, as discussed in
Section VI.

Several prior studies have employed measured CO; levels,
sometimes in combination with other sensor data, to identify
the presence of persons in a room [3], [4], [5], [6], [7],
[8], [9], [10]. These works present physical or machine
learning models and assess their efficacy in single or mul-
tiple (simulated) rooms, demonstrating promising outcomes.
However, the ability of these models to generalize to new,
unseen spaces is either unexplored or requires fine-tuning
and adaptation with labeled data from the new environment
to achieve optimal performance. This is significant given the
challenges in obtaining accurate presence ground truth data.
Consequently, the need to retrain and reconfigure a model for
each distinct room poses scalability issues when applied to
entire buildings.

This paper advances existing research by extending the
applicability of a binary presence detection model from one
room to unobserved rooms in a fully unsupervised fashion.
Notably, we are the first to use sliding window normal-
ization for CO;-based presence detection, demonstrating its
efficacy in helping the generalization across diverse rooms.
Importantly, our evaluation is conducted using real-world
data collected from multiple rooms, spanning both office and
residential buildings.

In addition, we introduce a novel methodology for
room occupancy profiling using the designed presence
detection model. This approach aims to characterize the
average usage patterns of rooms over time, which can
then be used, for instance, to automatically configure the
heating schedule. This approach offers the advantage of
a dynamically adaptive schedule that aligns with users’
evolving behavior, which is particularly beneficial during
periods of remote work and flexible hours. Alternatively,
the occupancy profile can serve to propose optimized timing
schedules to end users, helping them with establishing an
effective schedule that aligns with their preferences and
routines.

The relevant data and code of this research can be accessed
on GitHub at https://github.com/predict-idlab/cross-room-
CO2-presence-occupancy for reproducibility and to support
future research in this domain.
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The main contributions of this work are:

e a CO;-based presence detection methodology that
generalizes to unseen rooms in a fully unsupervised
manner, evaluated on real-world data;

« an approach for room occupancy profiling, leveraging
CO;-based presence detection to characterize room
usage patterns over time;

« an open-source repository that includes both the dataset
and the implementation of our research, ensuring
transparency and reproducibility.

The remainder of this paper is structured as follows.
First, related work on presence detection and occupancy
profiling is summarized and discussed in Section II. Next,
Section III gives information on the used data, and how it is
collected and preprocessed. Afterwards, the key aspects of
the proposed methodology for CO,-based presence detection
and occupancy profiling are introduced in Section IV. This
is followed by a validation in Section V of which the results
are discussed in three parts. First, the proposed model and
features are leveraged for single-room presence detection.
Second, the model is validated on unseen rooms and the
cross-room presence detection performance is presented.
Lastly, two example occupancy profiling approaches are
discussed and evaluated. After the results, Section VI takes
a deeper look at the limitations of CO,-based presence
detection. Finally, Section VII concludes the work and
presents future research possibilities.

Il. RELATED WORK

A. PRESENCE DETECTION SENSORS

Various solutions exist for detecting human presence in
indoor environments, with one common, widely adopted,
method being the passive infrared sensor [11], [12]. PIR
sensors are compact, cost-effective electronic devices that
identify presence by detecting variations in infrared radiation
in their immediate surroundings. Being passive, they do
not emit infrared light but solely monitor these variations
in radiated heat. PIR sensors are frequently employed
as motion-activated light switches. Despite PIR sensors
are affordable and easy-to-use, a limitation of these is
their reliance on changes in radiated heat, requiring active
movement of a heat source nearby [13]. Consequently,
PIR sensors may not reliably detect individuals who are
stationary, making them less suitable for environments such
as offices or living rooms where people often sit still for
extended periods.

An alternative category of presence detection solu-
tions involves camera-based systems, encompassing thermal
vision [14], [15] or conventional visible-light spectrum
cameras [16], [17]. In these systems, a computer vision
model processes the camera stream to identify humans in
the captured images. This detection yields both presence
detection as well as person count output. To safeguard
occupant privacy, image processing should be performed on-
device, and images should never be transmitted externally.
While camera-based solutions offer high accuracy, they are
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comparatively expensive due to the need for powerful hard-
ware for capturing and processing image data, as opposed
to the simpler PIR sensor. Furthermore, acceptance suffers
if images are not purely processed on the edge.

Additional techniques for presence detection include radar-
based systems, where radio frequency signals are emitted,
received, and analyzed [18], [19]. These systems offer
several advantages, such as their ability to detect movement
through obstacles and in various environmental conditions,
but require sophisticated signal processing techniques and are
costly to implement.

Acoustic signals can also be utilized, capturing and
processing sounds of human origin, such as speech and
footsteps [20], [21]. These are generally considered less
intrusive than camera’s, but still pose privacy issues if the data
is not handled carefully. Additionally, acoustic systems might
face challenges in noisy environments, leading to potential
false detections.

Monitoring energy consumption is another approach,
as human presence often correlates with increased energy
usage in a room [22], [23]. This method provides indirect
and non-intrusive sensing, yet might require infrastructure
modifications to measure the energy usage accurately.

Lastly, wireless networks can be leveraged for presence
detection, either by relying on the presence of connected
smart devices like smartphones or laptops [24], [25] or
by directly analyzing the interference of the wireless
signal without relying on device connections [26], [27].
Monitoring connected smart devices offers the advantage
of utilizing existing infrastructure and can achieve high
accuracy. However, it raises privacy concerns as it involves
tracking of personal devices. Analyzing the interference
of the wireless network closely resembles the radar-based
approach, but offers the advantage of using existing hardware
infrastructure.

B. CO,-BASED PRESENCE DETECTION

Numerous studies have explored the detection of presence
using CO» sensor values, either independently or in combina-
tion with other environmental sensor data. A brief overview
of select works is discussed below. For a comprehensive
overview, readers are directed to existing review studies [28],
[29], [30], [31], [32], [33].

Some models leverage physical equations to capture
the relationship between the environment and occupants.
Typically, the literature within this category employs the
mass balance equation which considers the various factors
influencing CO; levels [34]. Cali et al. propose a dynamic
algorithm that optimizes the parameters based on actual CO,
levels and ground truth presence data [35]. Occupancy is
subsequently detected by rewriting the mass balance equation
and using the actual CO; level as input, yielding promising
results across their dataset of five rooms. Nienaber et al.
enhance this by refining air exchange rate estimations and
expanding the dataset’s quality and size [36].
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Hybrid approaches extend physical models by incorporat-
ing data-driven parameter estimation, enhancing robustness
against measurement and model uncertainties. Ebadat et al.
propose a nonlinear hybrid model, utilizing Maximum
Likelihood Estimation (MLE) to approximate the parameters
based on CO; and ventilation data [37]. Their work also
focuses on adapting the model to other rooms without
additional ground truth data, showcasing promising results
albeit in a simulated environment. Wolf et al. employ
stochastic differential equations to model the mass balance,
also using MLE for parameter estimation [38].

Despite their accuracy and interpretability, physical mod-
els depend on the correctness of underlying equations and
assumptions, which may not always hold in real-world
environments. To address these limitations, research has
explored learning-based approaches, which excel at capturing
complex relationships in a data-driven manner.

For instance, Arief-Ang et al. [3] developed the
DA-HOC++ methodology, leveraging CO, data. Their
model is initially trained on a single-person office and
subsequently adapted to new environments using smaller
datasets from a cinema, two study zones, and two class-
rooms. This focus on adaptability aligns with our research
objective. While Arief-Ang et al.’s semi-supervised approach
demonstrates promising results, it nevertheless requires extra
adaptation data for each new room. In contrast, our approach
aims to eliminate this requirement, proposing a methodology
that generalizes effectively to new environments without the
need for additional data.

Looking at more recent studies, Sayed et al. [4] introduced
a real-time, edge-based deep learning system for presence
detection. Their solution uses a custom sensing board
collecting CO», motion, sound, and other environmental
data, processed with a 2D-CNN architecture to achieve high
detection performance. However, they only evaluate their
model on the same single-occupant office used for training,
leaving its generalizability to other spaces untested.

Similarly, Liang et al. [5] presented an occupancy pre-
diction approach based solely on temperature, humidity, and
CO; data collected from two similar university classrooms
over a three-month period. Among five evaluated techniques,
Long Short-Term Memory (LSTM) networks performed
best. Nonetheless, their evaluation was limited to the rooms
used for training, without investigation into performance on
unseen environments.

Karasoulas et al. [6] applied a Hidden Markov Model
(HMM) for presence detection, relying exclusively on CO;
measurements to ensure practicality. Their experiments used
data from a publicly available single-office dataset as well
as a self-collected, one-month dataset obtained from a 20-
desk bank office. Evaluations were performed separately for
each office, providing no insight into how well their approach
transfers between different rooms.

Kim et al. [7] conducted occupancy detection experiments
in a living lab equipped with multiple sensors, including
CO,, temperature, volatile organic compounds (VOCs),
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as well as system information such as ventilation status and
differential pressure. Their models, trained and validated on
55 days of manually labeled data using random forest and
neural network algorithms, benefited from the integration
of ventilation data. However, their analysis was limited to
a single room, offering no evidence regarding the model’s
ability to generalize to new environments.

In contrast to much of the prior work, our research is aimed
at developing a learning-based solution that effectively gen-
eralizes to unseen rooms through an unsupervised approach,
thereby eliminating the need for additional adaptation data.
Our model is trained and evaluated on diverse real-world data
covering a wide range of room types, sizes, and occupant
behaviors, providing realistic insights into presence detection
performance.

C. OCCUPANCY PROFILING

Occupancy profiling can help to enhance the precision of
building HVAC and energy consumption simulations or
optimize building control system schedules.

Diraco et al. proposed an occupancy profiling methodol-
ogy utilizing 3D depth cameras to measure occupant count,
trajectory, and density [39]. Subsequently, they model the
occupancy profiles using inhomogeneous Markov chains
which allow the transition probabilities between states to vary
with time. However, the deployment of 3D depth cameras is
costly, and may face challenges by occlusions and lighting
conditions.

In contrast, Kang et al. leveraged mobile positioning
data sourced from social media platforms, employing the
k-means clustering technique to derive typical weekly
occupancy profiles for non-residential buildings [40]. While
this approach uses readily available data, it suffers from
limitations such as privacy concerns and biases in the social
media data, which may not accurately represent the actual
occupancy patterns of the environment.

Yang et al.’s work shares similarities with ours, particularly
in the use of environmental sensors [41]. They designed
a custom sensor box measuring eight room parameters,
including CO;, sound, temperature, and PIR signals. These
sensors were mounted at the entrances of single-person
offices, accompanied by a camera for ground truth collection.
Utilizing this data, pruned decision tree models are trained to
predict occupancy status. The resulting occupancy patterns
were then analyzed to generate personalized occupancy
profiles for both weekdays and weekends. Furthermore,
they assessed model generalization by testing it on different
offices, demonstrating promising results. However, relying
solely on single-person offices for data collection may limit
the generalizability of the model to larger spaces with varying
occupancy dynamics.

In our study, we focus on a single sensor, specifically
COa, to offer a cost-effective solution while also preserving
privacy. Additionally, we assess the generalizability across
various building types within uncontrolled, multi-person
environments.
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D. CONCLUSION

Numerous studies have presented learning-based CO,-based
presence detection methods, with some addressing the
challenge of transferring models to unseen rooms. However,
to the best of our knowledge, none of these studies have
introduced an approach that can generalize to unseen,
real-world rooms in an unsupervised manner. Additionally,
our work goes beyond existing research by extending the
presence detection approach with an occupancy profiling
methodology, aiming to make the configuration of building
control systems more accurate and dynamic.

IIl. DATASET

This research uses two datasets comprising environmental
and occupancy data from two different building types. The
first dataset was collected in an office setting, while the
second dataset was acquired in a residential context. All data
is captured in real-world environments, wherein occupants
could perform their work and daily activities without
any prescribed instructions or constraints. The subsequent
sections describe the methodology employed in the collection
and processing of these datasets.

A. OFFICE DATA

The office dataset consists of three rooms situated on the
tenth floor of a high-rise office building. Two of these rooms,
referred to as office L1 and L2 throughout this paper, are
large and adjacent offices with a capacity of up to 15 persons
each. The third office, designated as office S3, is smaller and
designed for individual use.

For environmental monitoring, commercially available
sensors from Netatmo! are employed to collect data in each
office. Given the limited size of the offices, one sensor is
installed per office in a central position at desk height. These
sensors are configured to record temperature, humidity, CO»
and loudness at 10-minute intervals. In the context of this
study, only the CO, measurement will be used.

The dataset annotations were generated using a Steinel
HPD2 sensor,2 which is a camera-based detection system.
This sensor employs computer vision to count the number
of persons within its field of view. Person detection occurs
on-device, ensuring that images are not transmitted to
safeguard the privacy of occupants. In offices L1 and
L2, two Steinel sensors each are deployed to eliminate
blind spots, while the smaller office S3 only requires one
sensor. For compatibility with the environmental data, the
occupancy data is resampled to a 10-minute interval by
taking the mode. As we want to perform presence detection
and do not need the exact amount of people in the room,
the people count is transformed into a binary presence
signal.

! https://www.netatmo.com/smart-indoor-air-quality-monitor
2https :/Iwww.steinel.de/en/sensors-professional/products/series-sensors-
professional/hpd/hpd2-033200.html
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The data collection within the three offices occurred con-
currently, yielding an equal quantity of samples, as illustrated
in Table 1.

TABLE 1. Number of samples and presence distribution per room in the
dataset.

Room Sample count No presence / presence distribution
Office L1 | 30234 (£ 210 days) 82.2% /17.8%
Office L2 | 30234 (£ 210 days) 81.9% /18.1%
Office S3 | 30234 (& 210 days) 92.8% 17.2%
Home 1 25917 (& 180 days) 82.2% /17.8%

B. RESIDENTIAL DATA

The residential dataset comprises data collected from a
single room within a house, specifically, the living room
featuring a large window leading to an outdoor terrace. The
environmental parameters are captured using a proprietary
sensor capable of measuring temperature, humidity, CO»,
total volatile organic compounds (TVOC) and brightness. For
our analysis, only the CO; data from this dataset is retained.
The sensor is installed against the wall, away from the sliding
window.

In addition to the environmental data, presence annotations
are obtained using a radar sensor. This sensor is also fixed to
the wall and has a small blind spot in the sitting area.

To ensure compatibility with the office dataset, all data is
resampled at 10-minute intervals using the mean of the CO,
measurements and the mode of the presence. However, it is
worth mentioning that the logging for this particular room
started at a different time and had a slightly shorter runtime,
as shown in Table 1.

C. DATA IMBALANCE

In the final column of Table 1, the distribution of the presence
and no presence classes for each room in the dataset is
presented. Notably, the no presence class occurs on average
seven times more than the presence class. This distribution
aligns with our expectations.

For the two large offices, a standard 40-hour work
week would suggest a presence rate of approximately 24%.
However, in reality, this estimation is expected to be lower
due to factors such as flexible working hours and holiday
periods. Therefore, the observed presence distribution of
about 18% appears reasonable. In contrast, the small office
is utilized less frequently, typically by a single occupant with
a schedule filled with numerous meetings, resulting in less
time spent within the office room. Regarding the living room,
assuming an average occupancy of approximately 4 hours per
day, the expected presence rate comes to around 17%, closely
corresponding with the measured presence rate.

Given the imbalanced nature of the data, balanced accuracy
(BA) is chosen as the metric for validating the methodology
in this work. Since this is the average between sensitivity and
specificity, it offers a more insightful evaluation compared to
metrics such as accuracy.
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D. DATA AVAILABILITY

The office dataset is accessible for academic research
purposes through the GitHub repository provided at
https://github.com/predict-idlab/cross-room-CO2-presence-
occupancy. However, the residential data, collected through
collaboration with a private company, is restricted from
publication.

IV. METHODOLOGY

The methodology proposed in this study comprises of two
components. Firstly, a presence detection pipeline based on
CO; is introduced. This approach is further expanded to
incorporate additional temporal information and improve its
applicability across unseen rooms. Secondly, the developed
presence detection approach is used to obtain occupancy
profiles for a given space.

A. CO,-BASED PRESENCE DETECTION

1) MACHINE LEARNING PIPELINE

Given the limited size of the dataset, our approach focuses
on the usage of traditional machine learning techniques.
Moreover, it has been shown that for time series classification
tasks, deep learning models do not necessarily perform
better than traditional approaches when good features are
employed [42]. Therefore, the first part of the pipeline
extracts meaningful features from the time series sensor data.
These extracted features aim to capture certain characteristics
and temporal aspects of the data, with the objective to inform
the model to make a good prediction.

In particular, a strided window feature extraction method-
ology is employed, wherein features for each window of
interest are derived. This procedure is performed using
the tsflex Python library, enabling convenient definition of
features, window sizes, and strides [43].

Given that the whole dataset is resampled at 10-minute
intervals, the stride of this feature extraction is set to
10 minutes as well. Figure 1 illustrates the extraction of three
features for every 10-minute prediction window. Firstly, the
CO; value of the current window is used. Subsequently, the
mean and slope are computed for a 1-hour window based
on historical data. These three base features provide the
model with information regarding the current CO; level,
as well as the longer-term CO» level and trend. To maintain
simplicity, no additional features are calculated, ensuring a
minimal feature set to limit overfitting and enhance model
interpretability. Lastly, presence annotations per 10 minutes
are retrieved and serve as the target variable during both the
training and evaluation processes.

CatBoost is used as classification model, known for its
robust performance with minimal parameter tuning [44].

2) TEMPORAL SHIFT FEATURES

To further augment the model’s understanding of temporal
aspects related to CO; levels and trends, the mean and slope
of preceding and/or subsequent hours are incorporated as
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(10 min)
\ COymean 60 min) )
[ CO, slope (60 min) ]

Time Prediction
Window

FIGURE 1. Visualization showing the base features to predict the
presence of a 10-minute prediction window. The current CO, value is
included, and both the CO, mean and slope of a 1-hour window are
calculated.

>

well. We refer to these features as temporal shift features,
which can be used to, for example, include data from 2 hours
before the prediction window.

When only historical temporal shift features are integrated,
the model can perform real-time presence detection, which
we define as prospective analysis in this paper. However,
if future shift features are included, a delay in inference
is required equivalent to the duration of future data used
for the prediction. Consequently, we term this methodology
as retrospective. Figure 2 visually illustrates this concept.
The prediction window signifies the 10-minute interval for
which presence is predicted. Historical temporal shift features
are incorporated to the left of it, while temporal shift
features based on future data after the prediction window are
calculated to the right.

[ co,
| (10 min)

(.. [ €O, mean (60 min) } CO, mean (60 min) ] CO, mean (60 min) ] v
" J CO; slope (60 min) ‘ CO; slope (60 min) ‘ CO; slope (60 min) ‘ ‘

Time Prediction
Window

FIGURE 2. Visual representation showing both prospective (using
historical data) and retrospective (using “future” data) temporal shift
features. The prediction is delayed in order to calculate and incorporate
the retrospective shift features.

\ 4

‘We have chosen to only shift by complete hours, avoiding
any overlap between the windows, since more frequent
features are not needed to capture the temporal trends
effectively. The number of historical and/or future temporal
shift features can be seen as a hyperparameter. The decision
to use historical and/or future data depends entirely on the
use case, considering factors such as the need for real-time
prediction and the acceptable level of delay.

3) SLIDING WINDOW NORMALIZATION

To achieve cross-room generalization of the CO,-based pres-
ence detection model, we introduce a different normalization
methodology known as sliding window normalization. With
this, the common practice of computing normalization
parameters once on the training data and reusing them
during evaluation or inference is not followed. Instead,
we dynamically calculate the normalization parameters, i.e.,
mean and standard deviation, for each CO; measurement
based on a sliding window of historical data. This window
adjusts with every new sample, as depicted in Figure 3. While
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sliding window normalization is not a new technique and
has been successfully employed in various studies [45], [46],
our work is the first to implement it for CO»-based presence
detection.

T0 T T2 T3 T4 T5 T6
)

T0 T T2 T3 T4 T5 T6

T0 T1 T2 T3 T4 T5 T6

FIGURE 3. Visualization showing the concept of sliding window
normalization. The green box denotes the sample undergoing
normalization, which is the window for prediction. Meanwhile, the blue
box represents the historical data window employed to compute the
normalization parameters. The normalization window slides in tandem
with the sample being predicted.

This approach offers several benefits for presence detec-
tion. By basing normalization on a window of historical
CO; data, it automatically adapts to different environments,
user behavior changes, seasonal differences and sensor drift.
In our implementation, the window size is set to 30 days,
striking a balance between adaptability (short enough) and
stability (long enough).

Moreover, our method ensures that the normalization
parameters are based on the room where the model is applied
on. This helps to reduce some differences between rooms by
aligning the characteristics of the data which should improve
generalization. While this effect can be partially achieved
by transforming based on the normalization parameters
of the target room, it lacks the temporal self-adaptation
and is impractical for real-world deployment, requiring the
capturing of a historical dataset for parameter calculation.

In contrast, our approach is easily deployed. After
installing the CO; sensor in a room, the normalization
gradually adapts to the current environment over a few
weeks, enhancing model performance. Although there is an
initial cold-start period, this is resolved after a few weeks of
operation.

B. OCCUPANCY PROFILING

Our cross-room presence detection methodology can be
practically applied in real-world scenarios, without the need
for retraining the model for each new room. One valuable
application of this model is occupancy profiling, where the
focus is beyond real-time presence detection by analyzing
average room usage patterns over an extended period.
This information is helpful for configuring building control
systems, such as heating and cooling, in a smart, automated,
and self-adapting manner.

For this occupancy profiling, the retrospective model
is leveraged since real-time prediction is not required
and a higher performance is achievable. To generate the
occupancy profile, the presence probability is calculated at
each 10-minute interval by grouping corresponding intervals
from multiple days and averaging the presence, as illustrated
in Figure 4. For instance, all presence at 8:10 AM is averaged
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over the past months to acquire the presence probability of
that time window. The occupancy profile is obtained by doing
this for every other interval as well, and is then resampled to
a more practical 30-minute window by calculating the mean.

TO T T2 T3 T4
D-3 TO T T2 T3 T4
D-2 TO T T2 T3 T4
D1 TO T T2 T3 T4

Do TO T T2 T3 T4

FIGURE 4. Visualization demonstrating the computation process for
occupancy profiling. The yellow boxes depict distinct 10-minute intervals
throughout a day, while the blue boxes indicate the window used to
group and average occupancy, determining the presence probability for
each interval. In this example, the window size ranges from the current
day DO to three days prior D-3. This base grouping method can be
customized to distinguish between workdays, weekends, and other
variations, as detailed in Section V-C1 and V-C2.

The window size can be freely chosen, allowing to balance
between stability and adaptability. A larger window size
yields a more stable occupancy profile, while a smaller
window size increases adaptability. In this paper, a window
size of four months (a quarter) is selected, providing a
stable profile which yet responds fairly quickly to changes
in occupancy patterns.

The grouping methodology is also adjustable based on
the specific needs. At a minimum, grouping is done per
10-minute interval, as shown in Figure 4, but additional
factors like day of the week or working/weekend days can
be considered. For instance, grouping based on working
and weekend days provides insight into average occupancy
during a working day, without distinguishing between the
different weekdays. For more fine-grained insights, grouping
can be performed separately for each weekday, allowing
investigation into the individual occupancy profiles of
weekdays. Moreover, the grouping can extend across multiple
rooms and floors to create a more general occupancy profile
for an entire floor or building.

To effectively use these occupancy profiles for configuring
schedules in building control systems, several approaches can
be considered. A simple yet effective method is to apply a
threshold, such as 10%, on the occupancy probabilities to
determine appropriate activation and deactivation times of
building systems. Alternatively, more sophisticated strategies
can be employed, such as occupancy-driven Model Predictive
Control (MPC), which dynamically adjusts control schedules
based on occupancy data to better align with actual needs [2].

V. RESULTS

A. SINGLE-ROOM PRESENCE DETECTION

This section investigates the outcomes of the proposed
model and techniques employed for single-room presence
detection. The features are calculated in accordance with the
methodology detailed in Section IV-Al, and subsequently
used to train and assess a CatBoost model, employing data
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from the same room. Furthermore, the study explores the
impact of incorporating temporal shift features.

For each room, the first two-thirds (2/3) of the data are
allocated for training, while the last one-third (1/3) is reserved
for evaluation. Note that the data is chronologically split
rather than randomly sampled, aiming to reduce bias of
the evaluation process. During this phase, sliding window
normalization is not introduced yet. However, the features
are z-normalized, with normalization parameters determined
on the training set solely and subsequently applied to both
the training and evaluation datasets. Every CatBoost model is
trained for 100 iterations since higher numbers do not result
in better learning performance, as shown in Figure 11.

This approach is adopted to assess the performance of our
CO;-based presence detection methodology in a single-room
configuration. It is important to note that this analysis does
not offer insights into the cross-room generalization capabil-
ities of the model, which is later covered in Section V-B.

1) BASELINE

Table 2 highlights the single-room performance of some key
configurations. The baseline results only use three features:
the current 10-minute CO; level, and the 1-hour CO, mean
and slope.

Among the baseline results, office L1 and home 1 show
the highest performance, achieving respective evaluation
balanced accuracy (BA) scores of 67.6% and 65.3%. Office
L2, which is closely related to office L1, lags behind with
a BA score of 59.6%. The one-person office, office S3,
demonstrates the lowest performance with a BA score of
52.3%, indicating that the model failed to learn a relevant
correlation to detect presence based on CO; data.

The low performance of office S3 can be attributed
to the frequent opening of windows, allowing fresh air into
the room. This disturbs the anticipated rise in CO; levels
that typically occurs in a closed environment. Given that the
presence detection model relies on such a rise in CO;, the
data becomes more challenging for the model to interpret and
discern presence accurately.

2) TEMPORAL SHIFT FEATURES
To assess the impact of historical temporal shift features on
model performance, we progressively introduce an increasing
number of shift features, as depicted in Figure 5. Overall,
an increase in BA score is noticeable when more temporal
shift features are provided to the model, showing the benefits
of the additional temporal information. However, there is
no optimal quantity of shift features across all rooms.
Offices L1 and L2 show improved performance with the
inclusion of more temporal information, whereas office S3
and Home 1 reach a plateau early when shift features are
incorporated. Consequently, we empirically evaluated that
including up to 8 hours of temporal shift features is a good
trade-off between performance enhancement and feature
vector length.

When allowing for prediction delays, the integration
of future shift features yields additional improvement in
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TABLE 2. Training and validation balanced accuracy (BA) scores across all rooms employing different feature configurations. The baseline model solely
comprises the current 10-minute CO,, along with the 1-hour CO, mean and slope. The subsequent results incorporate temporal shift features (TSF) in

prospective, retrospective, and feature-reduced configurations.

Office L1 Oftfice L2 Office S3 Home 1
Configuration Train BA  ValBA | TrainBA  ValBA | Train BA  ValBA | Train BA  Val BA
Baseline, no TSF 79.3% 67.6% 82.0% 59.6% 57.3% 52.3% 83.9% 65.3%
TSF up to 8 hours ago 91.1% 77.4% 91.5% 69.9 % 72.4% 56.3% 90.0% 66.1%
TSF up to 8 hours ago-+later 97.7% 79.0% 99.0% 69.4% 92.7% 60.0% 96.8% 69.4%
TSF 1/2/4/8 hours ago+later 94.6% 80.7 % 95.9% 69.5% 78.8% 60.6 % 93.2% 70.4%
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FIGURE 5. Validation BA scores across all rooms, highlighting the
influence of incorporating an increasing number of historical temporal
shift features. At x = 0, no historical shift features are incorporated,
aligning with the baseline model outlined in Table 2. As x values increase,
historical temporal shift features are cumulatively included, extending up
to 12 hours ago.

performance, as illustrated in Figure 6. The BA scores for
all rooms increase when future temporal information is
incorporated. The most substantial improvement is observed
with the inclusion of the first hour which is due to the
delayed response time of a CO; signal. To elaborate, while a
person’s presence in aroom is immediate, CO; levels increase
gradually over time which is why the first future hour is so
valuable. Similar to the earlier results, no single configuration
is optimal across all rooms. Consequently, we opt for the 8-
hour variant once again, as it consistently yields a notable
improvement across all rooms on average.

3) FEATURE REDUCTION

The previous section introduced a set of temporal shift
features aimed at enhancing the model’s performance. While
this objective is achieved, the many new features also
increase the potential for overfitting. Consequently, several
configurations with a reduced set of features are assessed,
as outlined in Table 3.

Analysis of the BA scores reveals that a substantial
number of temporal shift features can be omitted without
compromising performance compared to the initial feature
set. This improvement in performance can be attributed to
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FIGURE 6. Validation BA scores across all rooms, showcasing the impact
of increasing the number of future temporal shift features. At x = 0,

no future shift features are incorporated, aligning with the model
containing historical shift features up to 8 hours ago. As x values
increase, future temporal shift features are cumulatively integrated,
extending up to 12 hours later.

the reduced overfitting, which is shown by the smaller gap
between the training and validation BA scores.

Limiting the usage of temporal shift features to 1, 2,
4 and 8 hours ago and later strikes the best balance between
feature reduction and overall performance, motivating the
use of this configuration throughout the remainder of this
study. Moreover, by using this reduced set of features, both
data preprocessing and model training times are minimized,
with the entire process now completing in approximately
3.3 seconds on an Intel Core i7-8650 CPU.

Table 2 presents the BA scores for the final feature
selection, alongside the most noteworthy prospective and ret-
rospective configuration, as well as the baseline. The results
demonstrate that incorporating past and future temporal shift
features yield notable improvements, ranging from 4.1% to
11.4% over the baseline. Moreover, refining the feature set
to include only the most important feature shifts result in an
additional improvement of up to 1.7%.

B. CROSS-ROOM PRESENCE DETECTION

In the previous section, we demonstrated the detection capa-
bility of presence through CO; sensors. However, training a
model for each individual room is highly impractical for an
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TABLE 3. Training and validation balanced accuracy (BA) scores across all rooms with a reduced set of temporal shift features. The first row represents
the complete set of shift features up to 8 hours ago and later, as specified in Section V-A2. Subsequent rows eliminate combinations of shift features.

Office L1 Office L2 Office S3 Home 1
Configuration Train BA  Val BA | Train BA  Val BA | Train BA Val BA | Train BA  Val BA
TSF up to 8 hours ago+later 97.7% 79.0% 99.0% 69.4% 92.7% 60.0% 96.8% 69.4%
TSF 1/2/3/4/5/7/8 hours ago+later 97.8% 80.2% 98.8% 69.8% 91.0% 61.5% 96.8% 69.7%
TSF 1/2/4/5/7/8 hours ago+later 97.6% 78.9% 98.9% 69.0% 90.1% 60.8% 96.8% 69.0%
TSF 1/2/4/7/8 hours ago+later 97.1% 80.6% 98.8% 69.5% 89.7% 61.0% 96.9% 69.5%
TSF 1/2/4/8 hours ago+later 94.6% 80.7 % 95.9% 69.5% 78.8% 60.6% 93.2% 70.4%
TSF 1/4/8 hours ago+later 94.6% 79.4% 95.6% 67.6% 76.8% 59.8% 93.1% 70.1%

entire building, as this would require the collection of labeled
data for every room.

To address this constraint, it is essential to develop a model
capable of cross-room generalization. Such a model should
effectively predict presence in rooms beyond the training set
without requiring specific labeled data for each room.

To investigate the cross-room generalization of the CO;-
based presence detection methodology, we evaluate a model
trained on one room across other rooms in the dataset. The
following sections present the results of this cross-room
evaluation, using two distinct data normalization approaches.

1) TRADITIONAL NORMALIZATION APPROACH

A first and straightforward strategy involves directly assess-
ing the single-room model’s performance on an unseen room.
In this approach, the normalization parameters from the
training data are applied to the data of the unseen room.

The results obtained from this traditional method, as pre-
sented in Table 4, are in line with our expectations. In the
majority of cases, the model demonstrates poor performance
when applied on unseen rooms, with most of the BA scores
around or below 60%. Such scores reflect the model’s
proficiency in identifying absence instances while facing
challenges in accurately predicting presence.

2) SLIDING WINDOW NORMALIZATION APPROACH

To reduce variations in characteristics, sensor operation, and
user behavior across different rooms, sliding window normal-
ization is introduced. Table 4 displays the cross-room results
achieved by applying this sliding window normalization
approach to various rooms.

Overall, a substantial improvement in BA scores is evident
compared to the traditional normalization discussed in the
previous section. The best result with the traditional normal-
ization approach is a BA score of 81.4% when assessing
the model from office L1 on office L2. In contrast, the
sliding window approach here yields a higher performance,
achieving a BA score of 84.6%. Similarly, evaluating the
model of office L2 on office L1 results in a BA score of
83.4%, demonstrating robust generalization between these
related offices irrespective of the training room.

Another interesting observation is the models’ ability to
generalize across different types of rooms. The traditional
approach yields a BA score of 65.4% when evaluating
the model from office L1 on home 1. However, with
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TABLE 4. Comparison of cross-room validation BA scores employing both
the traditional and sliding window normalization approaches. With the
traditional method, normalization parameters are calculated

for the training room and subsequently applied to the validation room.
The sliding window normalization approach dynamically adjusts the
normalization parameters based on a window of historic data. Each row
specifies the training room and presents the validation results for other
rooms. Additionally, the performance of the single-room model is
provided as an indication of achievable results. However, they should not
be directly compared with due to differences in the size of the validation
set.

Validation BA on
Office L1 | Office L2 | Office S3 | Home 1

Single-room with traditional normalization approach

Training on

Sameroom [ 80.7% | 695% [ 60.6% [ 70.4%
Cross-room with traditional normalization approach
Office L1 X 81.4% 55.7% 65.4%
Office L2 63.0% X 51.1% 75.7%
Office S3 62.0% 69.8% X 70.6%

Home 1 50.0% 53.5% 50.0% X
Cross-room with sliding window normalization approach
Office L1 X 84.6% 66.8% 80.6%
Office L2 83.4% X 64.1% 78.0%
Office S3 60.1% 62.2% X 65.7%

Home 1 71.4% 70.5% 64.5% X

the introduction of sliding window normalization, this
performance increases to 80.6%. The reverse evaluation,
using the model of home 1 on the offices, shows a substantial
improvement as well from 50%, 53.5%, and 50% to 71.4%,
70.5%, and 64.5% respectively, with office S3 being the least
improved due to CO; data influenced by the window.

Remarkably, most of the evaluation performances using
sliding window normalization approximate or even exceed
the indicative single-room performance, except when
office S3 serves as the source room. Although these results are
not exactly comparable, this demonstrates the significance
of sliding window normalization not only in generalizing
between rooms but also in adapting to changing conditions
within a room over time.

C. OCCUPANCY PROFILING

Using the occupancy profiling methodology from
Section IV-B, the CO;-based presence detection approach is
employed to characterise room usage patterns over a defined
period of time. In the following sections, we will explore
two example configurations. The first configuration involves
grouping data into working and weekend days, while the
second configuration creates separate profiles for each day
of the week.
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FIGURE 7. Occupancy profile of the last Friday in the dataset for office L2
when grouping in working and weekend days. This profile is generated
based on the predicted presence data using the cross-room model of
office L1. The occupancy profile illustrates presence before and after
noon, with a noticeable decrease during the lunch break.

These examples use the retrospective model of office L1
to predict the presence of office L2, representing a realistic
usage scenario. The occupancy profiles are computed with a
window size of four months. This implies that a quarter of
historical presence data is considered when constructing the
average room usage profile.

1) GROUPING PER WORKING OR WEEKEND DAY

In this first approach, the data is grouped into workdays
(Monday to Friday) and weekend days (Saturday and
Sunday). The occupancy profile for a specific day is thus
based on the occupancy of all work or weekend days over the
preceding four months. This grouping strategy is beneficial
when configuring control systems that require different
settings for weekdays and weekends. Furthermore, it remains
stable across the various days within each category, making
it predictable and reliable for occupants.

An example of the occupancy profile obtained through
this method is presented in Figure 7. The profile shows the
presence probability for the last Friday in the dataset of office
L2 using predicted presence data over the past four months.
As anticipated, the presence probability starts to gradually
increase around 8:30 AM, followed by a decline approaching
noon. Subsequently, a prolonged period of presence is
visible in the afternoon, suggesting that employees often
remain in the office until 6:00 PM or later. This insight is
important for configuring a heating system, as a conventional
9-to-5 schedule would leave employees working late in cold
conditions.

While Figure 7 shows the occupancy profile based on
predicted presence data, reflecting real-world application,
Figure 8 displays the profile based on the ground truth
presence data of office L2. Although both profiles exhibit
similar trends, the predicted occupancy profile generally
shows lower presence probabilities, indicating that the
model did not predict all instances of presence accurately.
Nevertheless, the advantage of occupancy profiling lies in
its temporal averaging, ensuring that overall trends remain
visible and useful for configuring building control systems.
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FIGURE 8. Occupancy profile of the last Friday in the dataset for office L2
when grouping in working and weekend days. This profile is constructed
using the ground truth presence data.

When comparing the ground truth and predicted occupancy
profiles numerically across all data for office L2, the mean
absolute error (MAE) of the presence probabilities is 0.043,
with a standard deviation of 0.079. While the MAE is low, the
relatively large standard deviation suggests inconsistencies in
the model’s predictions. However, as mentioned earlier, the
trends remain visible given the prolonged averaging period.

2) GROUPING PER WEEKDAY

For a more fine-grained approach, the data can also be
grouped per weekday, resulting in distinct occupancy profiles
for each day of the week (Monday through Sunday). This
approach is valuable in scenarios where presence patterns
vary significantly across weekdays. For instance, if an office
remains unused on certain weekdays due to remote work, this
method is capable of identifying days with lower presence
probabilities and building control systems can be configured
accordingly.

In the case of office L2 in our dataset, while there are
no designated remote working days, clear variations exist in
the 4-month average occupancy profiles across the different
weekdays, as illustrated in Figure 9. Mondays and Tuesdays
exhibit the highest presence probabilities, with a noticeable
decline towards the end of the workweek, indicating a greater
variability and uncertainty in occupancy. However, there are
no workdays with near-zero presence probability, showing
the need for building control systems to be prepared if
employees do arrive. In contrast, the occupancy profile of the
weekend shows that the office is then unused.

When employing grouping per weekday, there is a slight
increase in both the mean absolute error and the standard
deviation, reaching 0.052 and 0.103 respectively. This
increase can be attributed to the more fine-grained profiling
methodology.

VI. LIMITATIONS OF CO,-BASED PRESENCE DETECTION

This work demonstrated the feasibility of CO;-based pres-
ence detection in both office and residential settings, with
the ability to apply the model to unseen rooms. However,
notable performance differences can be seen in the evaluation
results. Office L1 shows the highest performance, followed
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FIGURE 9. Occupancy profile showing last complete week (Monday to Sunday) in the dataset for office L2 when grouping per weekday. This profile is
generated based on the predicted presence data using the cross-room model of office L1. Each workday exhibits a distinct occupancy profile, clearly
showing variations in presence between the beginning and end of the workweek. The profile of the weekend indicates virtually no presence in the

office.
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FIGURE 10. Example situation in office L1 demonstrating the influence of
an open window on the CO, concentration. Notably, the presence in the
afternoon with an open window leads to significantly lower CO, levels.
The status of the window is monitored through a contact sensor.

by office L2 and home 1, while office S3 consistently
shows the lowest performance. This poor performance
for office S3 is attributed to the disturbed CO, data in
spaces where windows are frequently open, which signifi-
cantly influences the expected CO, trends within a room.
An example of this phenomenon is shown in Figure 10.
Before noon, presence in the room with the windows closed
results in clearly rising CO, levels, which is ideal for
presence detection. However, in the afternoon, despite the
continued presence, the open windows disturb the natural
rise of the CO, levels, making presence detection more
challenging.

In addition to open windows, ventilation directly influ-
ences the CO, levels in a room for the same reasons.
Moreover, open doors can impact CO, levels by allowing
it to disperse into adjacent rooms, making it more difficult
to detect the rising trend. Similarly, performing CO,-based
presence detection is more challenging in large rooms, where
CO; can diffuse more extensively, and the presence of a
single individual has a minimal effect on the overall CO,
concentration in the room.
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In an ideal case for CO,-based presence detection, the
room would be a sealed environment with no external
influences. However, in reality, this is neither feasible nor
desirable, as individuals require a constant supply of fresh
air for comfort and well-being. The impact of windows and
ventilation on CO; levels is often not a binary condition.
Some degree of influence is acceptable, provided it does not
significantly disrupt the CO; signal. For instance, if a window
is open and the CO; level rises gradually, the model will
take a longer time to detect presence, but it should eventually
succeed. However, when a window is open and the CO,
level begins to lower, the model’s outcome depends on the
speed and extent of the CO; decrease. If the decline is too
rapid and/or the CO; level becomes too low, distinguishing
between an open window and people leaving the room
becomes challenging for the model.

Next to the impact of external factors on the CO; level,
another drawback is the delayed response time associated
with CO; sensors. These sensors have a latency in detecting
occupancy as they rely on the accumulation of CO; in the air,
which occurs after individuals have been present for a certain
duration. The impact of this response delay is noticeable in
Figure 6, where the introduction of temporal shift features of
one hour later significantly improved performance.

A. ADDRESSING THE LIMITATIONS
To address the limitations of relying solely on CO, data,
future work may explore incorporating additional sources of
information. For scenarios where instant presence detection
is required, the slower response time of CO» signals may not
be sufficient. In such cases, the presence detection approach
could be extended with alternative sensor technologies, such
as PIR or radar sensors, which offer real-time detection capa-
bilities. However, this also increases hardware requirements
and associated costs.

In instances where a delay in detection is acceptable,
or when real-time presence information is not required, the
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FIGURE 11. Validation BA scores across all rooms using the final
single-room model described in Section V-A3. The results demonstrate
that increasing the number of CatBoost iterations does not lead to
substantial improvements in learning performance. For all other
experiments, 100 iterations are used as it provides a good balance
between learning capacity and model complexity.

methodology could also be further refined. For example,
to account for the impact of open windows on CO, levels,
window state information can be captured using contact
sensors. Such data can be integrated as a feature into the
proposed machine learning approach, enabling the model
to make more informed decisions. Additionally, window
size is another significant factor. This information could
be extracted from a building information model (BIM) and
incorporated into the detection model by specifying the area
(e.g., in square meters) that is open.

To better handle the influence of ventilation on CO;
dynamics, integrating ventilation system data, such as airflow
rates, would be beneficial. Similar to CO, data, ventilation
data is a time series from which relevant window-based
features, such as levels and trends, can be extracted.
Additionally, temporal shift features could be employed
to capture long-term trends. These features can easily be
incorporated into the proposed machine learning framework.

Many modern ventilation systems already measure CO;
concentrations to regulate ventilation rates. These systems
present significant potential for implementing automated
presence detection, as they have access to both CO;, and
ventilation rate data. A well-functioning ventilation system
can also reduce the need for window ventilation, thereby
minimizing its impact on presence detection performance and
improving reliability. Furthermore, since such systems are
often part of an HVAC solution, the presence information
could be shared with, for example, the heating system to
optimize timing schedules, aligning with the objectives of the
proposed work.

Although these potential improvements offer promising
directions for future research, they fall outside the scope of
this study. The focus of this work remains on providing a
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methodology that is broadly applicable, requiring only CO»
data.

VIl. CONCLUSION AND FUTURE WORK

Fixed configuration schemes for building control systems,
such as heating, are still acommon practice and lead to energy
inefficiency and/or suboptimal comfort. This work proposes
an approach to automatically configure building control
systems based on a room’s occupancy profile generated using
CO;-based presence information.

To achieve this objective, the primary focus was on
developing a CO;-based presence detection methodology
with good generalization across diverse rooms. We showed
that traditional models achieve good predictive capabilities
using simple features, namely the current CO;, 1-hour CO;
mean and 1-hour CO; slope, augmented with temporal
shift features to incorporate past and/or future information
into the model’s prediction. Additionally, the importance
of a robust normalization strategy was identified. Employ-
ing sliding window normalization significantly improved
the model’s ability to generalize to unseen rooms and
makes practical deployment more convenient, as the model
autonomously adapts to room-specific conditions over
time.

The generalization of the model depends on the similarity
between rooms. For instance, applying the model developed
for office L1 to office L2 yields a high BA score of 84.6%.
Performance on different room types is slightly lower but
remains acceptable, as illustrated by applying the model of
office L1 to home 1, resulting in an BA score of 80.6%.
However, CO;-based presence detection has its limitations,
such as in cases like office S3, where open windows affect
the performance.

The CO»,-based presence predictions were shown to be
valuable for the generation of occupancy profiles, indicating
the presence probability during the day. Various calculation
approaches are available, allowing flexibility in determining
whether the resulting profiles should be more coarse-grained
or fine-grained. Based on the predicted occupancy profiles
for office L2 using the model of office L1, an average
error of about 5% with a standard deviation of about 10%
is observed. These profiles align closely with the trends
of actual room usage, making them a reliable basis for
automatically configuring building control systems based on
historical presence probability. As the occupancy profiles
evolve over time with changing occupant behavior, there is no
need for manual reconfiguration of building control systems.

Future research could explore the performance of neural
networks operating on raw time series data to validate if these
are more effective than the proposed methodology based on
feature extraction. Furthermore, to overcome the limitations
associated with CO, for presence detection, the integration
of additional sensors and building-related information can be
considered. Moreover, the integration of calendar metadata,
such as holidays and vacation periods, can provide valuable
support to the occupancy profiling methodology.

VOLUME 13, 2025



J. Vanhaeverbeke et al.: Cross-Room CO,-Based Presence Detection for Occupancy Profiling

IEEE Access

We believe that the insights from this study on generaliz-
able CO;-based presence detection and occupancy profiling
will contribute to the shift from fixed timing schemes to more
dynamic and smart configuration of building control systems.
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