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Abstract

This thesis investigates a range of sensor-based methodologies for the detection of
occupancy in indoor environments, with the objective of improving HVAC control and
energy efficiency. The research was conducted in the Backstrom Conference Room at
KTH, utilizing existing environmental sensors, including CO2, temperature, humidity, a
PIR motion sensor, and custom-designed Bluetooth Low Energy tracking systems
developed on ESP32 microcontrollers.

Among the techniques assessed, CO2 concentration emerged as the most reliable single
indicator of occupancy, demonstrating a robust correlation (R2 = 0.98) with the actual
headcount. While temperature and relative humidity provided useful insights into the
dynamics and stratification of the indoor environment, their individual predictive
capabilities were found to be limited. The PIR sensor predominantly functioned to verify
presence due to its less precise measurement resolution. The BLE-based approaches
comprised two distinct methodologies. The first was a BLE device counter that passively
detects nearby broadcasting devices, showing a strong correlation with occupancy data.
Alinear regression model developed using the device count achieved an R2 value of 0.874
with a dataset characterized by a limited number of occupants and devices. The second
methodology focused on analyzing the BLE signal strength (RSSI) between a transmitter-
receiver pair. Although this approach did not facilitate occupant counting, it enabled the
detection of occupant positioning and movement patterns within the space by examining
signal attenuation characteristics.

Occupancy data were employed to develop adaptive occupancy schedules, which were
subsequently implemented in IDA ICE building simulations. The objective of these
simulations was to evaluate the potential energy savings achievable through occupancy-
based HVAC control by comparing dynamic, sensor-informed occupancy profiles with
conventional static profiles grounded in EN 16798-1 standards. Importantly, this research
focused on assessing two distinct occupancy scenarios within the same HVAC system
configuration, rather than analyzing different energy control technologies. The results
indicated a significant reduction in annual HVAC energy consumption when authentic
occupancy data were utilized, highlighting the critical impact of internal gains on energy
demand. The Backstrom Room, characterized as a thermally stable and controlled
environment, relies predominantly on the Mechanical Supply Air system for temperature
regulation, with minimal contributions from active heating and cooling systems.

Keywords: Air quality control, Occupancy detection, Smart buildings
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Chapter 1

1. Introduction

Buildings are among the largest consumers of energy globally, accounting for around 33%
of worldwide energy consumption and more than 28% of CO2 emissions (1). As shown in
Figure 1, buildings represent the most energy-consuming sector globally, emphasizing the
critical need to enhance energy efficiency within that domain. A significant part of this
energy usage is linked to heating, ventilation, and air conditioning (HVAC) systems,
which are responsible for approximately 40% of the total energy consumption in
buildings (2). The demand for energy in buildings is largely influenced by rapid
urbanization, climate change, and increasing expectations for comfort in temperature
control. The International Energy Agency (IEA) and the Intergovernmental Panel on
Climate Change (IPCC) have highlighted the urgent requirement for enhancing energy
efficiency in buildings to achieve global climate objectives (2). Despite the incorporation
of energy-efficient technologies in modern buildings, such as renewable energy systems
and smart grids, a considerable amount of energy consumption can still be attributed to
inefficient HVAC operations, which often run according to static schedules instead of real-
time occupancy requirements (3). (3) Moreover, occupant presence has a significant
influence on internal gains from lighting and equipment, underlining the importance of
integrating presence-aware strategies in energy simulations and control logic (4).

Figure 1: Distribution of global energy consumption by sector in 2020, with buildings identified as the largest user (1).



HVAC systems are vital for maintaining indoor comfort and air quality, but they are also
among the most energy-consuming aspects of a building. In traditional buildings, HVAC
systems typically run at full capacity even when spaces are empty, resulting in
considerable energy waste. Research shows that implementing occupancy-based HVAC
control can decrease energy use by 6-48%, contingent on various factors like building
characteristics, climate, and occupant behaviors (3). Innovative machine learning
algorithms and smart building automation technologies present effective solutions by
dynamically modifying HVAC operations according to real-time occupancy data rather
than pre-established schedules (2,3). As the building sector transitions towards
intelligent and adaptive energy management, utilizing occupancy-based HVAC control
could significantly lower energy consumption and CO2 emissions, supporting
sustainability initiatives and regulatory standards.

1.1 Background

Buildings are significant energy consumers, accounting for a considerable portion of
global energy demand and emissions. Due to their long renovation cycles, improving
energy efficiency in buildings poses a challenge, making it essential to address this issue
to lessen reliance on fossil fuels and combat climate change. As renewable energy
integration and smart systems become more prevalent, optimizing energy consumption
in buildings is increasingly vital to achieving sustainability objectives (5) (6).

To address this need, both global and regional policies have prioritized energy efficiency.
Agreements such as the Kyoto Protocol and the Paris Agreement underscore the necessity
of emissions reduction, where energy-efficient buildings are crucial. Regionally, the
Energy Performance of Buildings Directive (EPBD) establishes mandatory standards for
energy performance and encourages the transition towards Nearly Zero-Energy Buildings
(NZEBs) throughout the European Union, steering the building sector towards a more
sustainable future (5).

In pursuit of these ambitious goals, buildings are increasingly implementing smart and
adaptive energy management systems. Contemporary design strategies focus on
incorporating energy-efficient HVAC systems, automation, and digital technology to
optimize energy use in real time. Given that HVAC systems are significant energy
consumers, the adoption of advanced control techniques and machine learning is
becoming widespread to synchronize system operations with actual demand. These
technological advancements are essential for transitioning to low-carbon, sustainable
buildings, as they assist in reducing emissions while ensuring comfortable living
environments and maintaining grid stability (6).
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Figure 2: Overview of global and regional energy use in buildings, illustrating Europe's significant HVAC share due to
climate and lifestyle factors (1).

With HVAC systems responsible for around 38% of total building energy consumption,
they have emerged as a primary target for energy efficiency enhancements (1). Also, as
illustrated in Figure 2, the HVAC share in Europe reaches 60%, due to greater heating
demands in colder climates, but also higher income levels. However, energy inefficiencies
often stem from static scheduling, where systems operate according to set time frames
rather than real-time occupancy levels. This leads to energy wastage, as HVAC systems
may function at full capacity even in unoccupied areas (7). Moreover, lighting and
appliance usage—both directly influenced by occupants—represent a considerable share
of electricity consumption in buildings without electric heating, with appliances and
lighting alone accounting for over 30% of the total electricity use (8).

To mitigate these inefficiencies, innovative solutions are being developed that incorporate
predictive control, occupancy-based automation, and smart building technologies.
Predictive control employs advanced algorithms to estimate HVAC energy requirements
based on real-time data, while occupancy-based automation adjusts systems according to
actual occupancy levels (7). The integration of smart building technologies further boosts
efficiency by optimizing HVAC operations while ensuring comfort and supporting
sustainability initiatives (9).

A crucial component of this shift is occupancy detection, which allows HVAC systems to
adjust heating, cooling, and ventilation, but also lighting and equipment, dynamically
based on real-time occupancy information. By combining various technologies, HVAC
systems can manage airflow and temperature in response to actual occupancy,
maintaining comfort while reducing unnecessary energy consumption. When a space is
in use, ventilation rates and temperature settings are modified to ensure indoor comfort,



whereas unoccupied times initiate energy-saving modes to prevent excessive energy use

(10).

Occupancy detection methods can be divided into two primary categories: direct and
indirect techniques. Direct detection involves the use of sensors that actively measure
human presence through technologies like video surveillance, infrared motion detectors,
or Radio Frequency Identification (RFID) tags (11). Although these methods typically
deliver high accuracy, they may lead to privacy concerns, as well as issues related to the
complexity of the hardware and installation costs (11). Conversely, indirect occupancy
detection methods infer the presence of individuals by monitoring environmental
changes caused by human activities, such as variations in temperature, humidity, CO2
levels, or ambient noise. These approaches are often preferred because of their less
invasive nature and lower equipment costs, although they may face challenges regarding
accuracy and slower response times (11).

Real-time and predictive occupancy-based controls further enhance energy efficiency by
predicting usage patterns and adjusting system operations accordingly. Occupancy
sensors allow HVAC systems to transition to low-power modes when no occupants are
present, thus reducing energy waste (10). Additionally, integrating multiple sensors
enhances accuracy by minimizing false detections and supporting effective air quality
management. This data-driven strategy improves both energy savings and occupant
comfort, enabling intelligent HVAC operation that evolves with changing conditions. By
connecting occupancy detection with ventilation control, HVAC systems can optimize
energy efficiency while ensuring indoor comfort, thus advancing the capabilities of
automated, predictive control strategies in contemporary building energy management

(10).

This research aims to assess the effectiveness of different methods for detecting
occupancy by conducting experiments in a conference room located in KTH campus. The
findings from this study will aid in the creation of adaptive HVAC control strategies
designed to enhance energy efficiency and indoor comfort.

This Thesis Project is part of Dig-It Lab at KTH which is a Competence Center with the
goal of reducing the environmental impact of buildings through digitalization. Dig-It Lab
aims to utilize the potential of digitalization to make buildings more efficient and
sustainable, reduce carbon emissions, and accelerate the market introduction of new
technologies.

1.2 Research Question

Recent advancements in building automation highlight the importance of accurate
occupancy detection in optimizing HVAC performance and energy use. However, despite
the availability of numerous sensing technologies, there is still limited understanding of



how these methods perform under real-world conditions and how they can be best
applied. This research formulates three key questions, each corresponding to a core part
of the methodology. These questions were developed based on insights gained from the
literature review and preliminary system analysis, and they guide the structure and aims
of the study.

RQ1: How accurate and reliable are different occupancy detection methods when
applied in indoor environments with varying characteristics?

The study evaluates selected occupancy detection methods that are considered promising
based on literature findings. These include both environmental and non-environmental
techniques. Their performance is assessed using experimental data collected in real-world
settings, where reference occupancy information is available. This enables a direct
comparison between expected and observed behavior, facilitating both quantitative
evaluation and interpretation of results in relation to previous studies.

RQ2: How can different detection methods be combined or prioritized to generate
reliable occupancy information?

This question addresses the potential for integrating multiple detection techniques in a
complementary way. The analysis focuses on identifying which methods are suitable for
use as primary sources of occupancy data and which are more appropriate for validation
or support. Depending on sensor reliability, contextual performance, and consistency,
some methods may be sufficient as stand-alone solutions, while others may provide added
value when used in combination. The study investigates possible integration strategies
and evaluates their effectiveness in delivering accurate and actionable occupancy insights.

RQ3: What is the impact of occupancy-based HVAC control on energy use and indoor
comfort compared to static control strategies?

This part of the study focuses on assessing how HVAC control strategies informed by real-
time occupancy data affect energy consumption and indoor environmental conditions.
Occupancy schedules generated from detection methods are used to implement dynamic
control scenarios in a building simulation environment. These simulations allow for
comparison between traditional static HVAC operation and adaptive control strategies,
quantifying potential energy savings while ensuring indoor comfort and maintaining air
quality.

1.4 Limitations

A significant challenge is the inherent limitations of environmental sensors, which can be
affected by external factors and operational conditions. Although these sensors provide



important insights into occupancy trends, their data may be subject to various
inaccuracies that need careful examination. Since different sensors are designed to detect
changes in the environment rather than directly identify individuals, there exists an
intrinsic level of uncertainty in the collected data.

One more limitation pertains to how the placement of sensors affects the accuracy of
detection. Environmental sensors, such as those measuring temperature, humidity, or
COz2, are affected by airflow patterns and the layout of the room; improper positioning
might result in erroneous or inconsistent estimates of occupancy. In spaces with natural
ventilation, elements like open windows can additionally interfere with sensor readings,
particularly during hotter periods, which introduces uncertainty in the analysis of
occupancy data.

Another limitation stems from the passive nature of the chosen occupancy detection
methods. To minimize disruptions, and maintain privacy, only non-intrusive detection
techniques are implemented. Consequently, the study lacks access to precise and actual
occupancy schedules, relying instead on inferred estimations based on environmental
changes. As these methods do not directly identify individuals, there will always be an
element of uncertainty surrounding the detected occupancy patterns.

The sensors and loggers involved in this research also come with given accuracy,
contributing to a level of uncertainty in the gathered data. Moreover, the behavior and
activity levels of the occupants can influence detection reliability, as fluctuations in
movement and actions may lead to false positives or negatives in occupancy estimations.
The pre-existing IDA ICE models employed for energy simulations have their own
assumptions and simplifications, which could result in differences between simulated and
actual energy performance. Acknowledging these possible inaccuracies, the literature
review is essential for understanding how to interpret, analyze, and minimize these
limitations, thereby enhancing the reliability of the study’s outcomes.



Chapter 2

2. Literature Review

In buildings, energy usage is divided among various essential systems, such as HVAC,
lighting, and plug-in devices. Of these, HVAC systems make up a significant portion of
overall consumption, particularly in commercial and educational facilities.(8). As such,
effective management of HVAC operations requires dependable and accurate occupancy
detection to adapt system performance to real-time demand. Unlike traditional
scheduling, which operates on fixed time frames based on assumed occupancy, real-time
occupancy detection enables HVAC systems to adjust dynamically according to actual
usage patterns (9). This approach enhances energy efficiency, lowers operational costs,
and improves indoor air quality (IAQ) (9). Occupancy detection methods can generally be
divided into two categories: direct detection methods and indirect detection methods.

« Direct detection methods seek to actively identify individuals through technologies like
video surveillance, optical tripwires, and Radio Frequency Identification (RFID) (11).
While these methods offer high precision by directly recognizing human presence, they
also come with considerable downsides, including privacy issues, complicated installation
processes, and high costs for hardware (11).

 Indirect detection methods, on the other hand, deduce occupancy by observing
environmental changes associated with human activity, such as variations in COz2 levels,
temperature changes, humidity, PIR motion detection, microphones, and wireless signal
detection (11). Although these methods are less intrusive and simpler to implement, they
tend to have lower accuracy and produce more imprecise estimates than direct detection
methods (11).

Choosing the right occupancy detection method is influenced by several critical
performance factors. Accuracy is vital to ensure that detected occupancy aligns with
actual presence, avoiding misinterpretations from environmental variables (9). Errors in
detection—particularly false positives (indicating that occupancy exists when it does not)
and false negatives (missing the detection of actual presence)—can greatly compromise
the efficiency of control systems. The first type can lead to unnecessary operation of the
system and waste of energy, while the latter may cause discomfort or inadequate indoor
air quality because ventilation or conditioning is not provided when necessary. (3). The
response time is also crucial, as systems should be able to quickly adapt to changes in
occupancy to maintain efficiency and comfort (9). Additionally, the intrusiveness of
certain detection methods could raise privacy issues, which may restrict their practical



utilization in some settings (11). Finally, technical challenges such as sensor placement,
calibration needs, and environmental factors can affect long-term effectiveness and
consistency (11). Weighing these factors allows for a well-informed decision of methods
that balance accuracy, practicality, and integration into building systems. Considering
also the trade-offs among accuracy, cost, intrusiveness, and complexity of
implementation, contemporary building energy management systems frequently use a
combination of detection methods to enhance reliability (12).

A variety of occupancy detection methods have been examined in existing literature,
including direct sensing technologies such as Passive Infrared (PIR) sensors, thermal
imaging, mmWave radar, Light Detection and Ranging (LiDAR), and Ultra-Wideband
(UWB). Additionally, indirect approaches like acoustic sensing, wireless signal detection
(for example, WiFi and BLE), monitoring energy consumption at the appliance level
through smart meters, and environmental sensing involving CO2 levels, temperature,
relative humidity, and VOCs have also been suggested.

For the present study, four methods were chosen based on their scientific significance,
previous research outcomes, and the sensors available in the monitored setting: CO2
sensing, temperature and humidity assessment, Bluetooth Low Energy (BLE) tracking,
and PIR motion detection. The primary objective was to assess the reliability of CO2
concentration as an occupancy indicator. Given that this is an environmental sensing
method, it was considered valuable to incorporate additional environmental factors like
temperature and humidity, especially since the sensors present in the examined area are
already capable of providing these measurements. This approach facilitates a more
comprehensive evaluation of environmental indicators.

BLE tracking was included because of its highly non-intrusive characteristics, low cost of
installation, and its promising, but not widely developed, research in earlier studies. It
serves as a device-based detection method, offering a useful contrast to environmental
approaches. Although the PIR sensor was initially proposed as an occupancy detection
technique, it was later repurposed as a tool for validating presence due to the limited
resolution of the available data, thereby supporting the understanding of occupancy
patterns derived from the other sensing methods.

2.1 CO,-based occupancy detection

CO2-based occupancy detection is an effective and non-intrusive method for estimating
the number of people in indoor spaces by monitoring levels of CO2 concentration. This
technique is practical and respects privacy, as it does not involve direct interaction with
individuals (13). Among various environmental factors, CO2 has been recognized as the
most solid indicator of human presence due to its significant correlation with occupancy



trends. Moreover, CO2 sensors are commonly used in building automation systems,
facilitating efficient integration into demand-controlled ventilation and energy
management systems (14). The accuracy of CO2-based occupancy detection is influenced
by the placement of sensors, ventilation rates, and the analytical models applied for
interpretation. Research conducted across different indoor environments has illustrated
that while these models generally yield reasonable accuracy, they often face challenges
such as detection delays and inaccuracies in high-ventilation scenarios (14).

2.1.1 Sensor placement and Its Impact on Response Time and Latency

Three primary placement strategies for CO2 sensors were assessed in the research
conducted by Jin et al.: at desk height (level of the blackboard), at the supply air duct, and
at the return vent on the ceiling (15). Each of these locations captures different aspects of
CO2 distribution within the space and displays unique dynamic behaviors. Sensors
positioned near the blackboard, approximately at desk height, responded more directly
to human activity due to their closeness to the source of exhaled CO2. However, these
sensors experienced greater fluctuations, particularly during changes in occupancy, as the
measurements were sensitive to local CO2 disparities and did not mix with the overall
room air (15).

In contrast, sensors situated at the supply vent measured the lowest CO2 levels and
exhibited minimal fluctuations, mainly tracking the incoming fresh air. This placement
was less useful for detecting occupancy since it did not represent the internal
accumulation of CO2 (15). The return air duct, located on the ceiling on the opposite side
of the supply, offered more consistent measurements and reflected the overall CO2
concentration in the room after air mixing. Although it was slightly slower to respond
than the blackboard sensor, it provided smoother trends and a closer correlation with the
modeled occupancy levels (15). The dispersion patterns of CO., observed by Jin et al. are
illustrated in Figure 3, highlighting the spatial alternations in CO- concentrations across
various sensor placements.
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Figure 3: CO, dispersion during a 5-hour release, as depicted in Jin et al., showing differences in spatial measurement(15).

2.1.2 Ventilation rate and impact on the accuracy of the method

In scenarios with low ventilation rates, CO2 levels increase at a slower pace due to a more
extended time constant of the room's CO2 concentration, leading to challenges in
distinguishing minor changes in occupancy from sensor noise (16). In contrast, higher
ventilation rates allow COz2 levels to stabilize more rapidly, shortening the response time
for detecting occupancy changes (16). The positioning of CO2 sensors also plays a crucial
role in accuracy; sensors placed near air supply diffusers may report lower CO2
concentrations because of improved air mixing, whereas those in stagnant zones may
show inflated accumulation readings (17).

COz2 behavior in terms of accumulation and dispersion is influenced by airflow dynamics
and the age of air. The age of air refers to the duration it takes for air particles to travel
from the supply point to a specific location, with a shorter age signifying fresher air and a
higher ventilation rate (17). Under low ventilation conditions, CO2 remains in the space
longer, prolonging the response time for sensors and increasing the chances of erroneous
occupancy estimations (16). As the ventilation rate rises, the rate of air exchange
enhances, facilitating quicker CO2 dilution and minimizing measurement inaccuracies
(17). Computational fluid dynamics simulations indicated that CO2 tends to accumulate
in areas with little air movement, where occupants may encounter stale air due to
ineffective ventilation, whereas well-ventilated areas demonstrate quicker CO2 dispersion

(7).



2.1.3 False positives and negatives

Mistakes in estimating occupancy based on COz2 levels can stem from various factors, as
highlighted by Nienaber et al. (2020). One key assumption in numerous estimation
algorithms is the uniformity of indoor air; however, CO2 concentrations can vary locally
due to inefficient air mixing, potentially resulting in estimation errors. Additionally, the
presumption of a steady CO2 production rate per individual can lead to inaccuracies; if
the actual emission rate diverges from the expected value, the estimation of occupancy
may consistently overstate or understate the genuine number of people present (14).
Furthermore, disparities in calibration among CO2 sensors, evident through the observed
differences between devices, can further complicate measurements and lessen estimation
precision. Variations in ventilation rates, such as those caused by opening windows, are
also recognized as elements that influence air exchange, although their specific effects on
estimation errors are not thoroughly examined in the study. Also, false negatives were
more probable when the estimated CO2 production rate per person was too low, leading
to a failure in detecting individuals (14). Underestimating occupancy is also prevalent
with higher ventilation rates, as COz2 levels may not rise sufficiently to signal the presence
of occupants (16). Additionally, sudden ventilation alterations, like opening a window or
door, can result in abrupt reductions in COz2, potentially causing missed detections of
occupancy (14). The placement of CO2 sensors impacts accuracy as well; sensors
positioned near air supply diffusers tend to underestimate CO2 due to enhanced air
mixing, while those in stagnant air zones may overestimate accumulation, affecting the
reliability of occupancy assessments (17).

2.2 Humidity and Temperature-based occupancy detection

Temperature and relative humidity (RH) sensors are commonly used in occupancy
detection due to their ability to measure environmental changes influenced by human
presence. Temperature-based occupancy detection relies on the principle that human
bodies emit heat, leading to detectable variations in ambient air temperature. Studies
have shown that continuous monitoring of temperature fluctuations can help classify
occupancy states when analyzed using machine learning techniques such as k-Nearest
Neighbors (k-NN) and linear discriminant analysis (18). However, temperature as a
standalone method has limitations, particularly in environments with strong ventilation
systems, which can neutralize temperature changes caused by human presence.
Moreover, other heat sources such as solar irradiation, internal lighting, or equipment
can also impact indoor temperature, reducing the reliability of temperature-based
occupancy detection (15). Moreover, temperature sensors have a slow response time since
human-induced temperature changes occur gradually, and the data often require
extended time series analysis for meaningful occupancy estimation (19).



Similarly, relative humidity sensors detect occupancy by capturing fluctuations in indoor
humidity levels, which are affected by human respiration and perspiration. The moisture
released by occupants accumulates in enclosed spaces, leading to measurable changes in
RH over time. However, RH sensors have significant drawbacks when used
independently. They are highly susceptible to external humidity variations and HVAC
operations, as ventilation can rapidly reduce or increase humidity levels, leading to
unreliable occupancy readings (20). Furthermore, the response time of RH sensors is
delayed, as humidity changes do not occur instantly but rather accumulate over extended
periods, making real-time detection more challenging (19).

While both temperature and relative humidity (RH) sensors offer moderate accuracy in
identifying occupancy, their individual effectiveness is limited. Research shows that
occupancy detection based solely on temperature has a Misclassification Rate (MCR)—
which is the ratio of wrongly classified occupancy states to the total number of
observations—of roughly 1.6%, whereas RH alone has a higher MCR of 3.3%. Detection
based on humidity is less dependable because relative humidity levels are significantly
influenced by external factors such as outdoor air humidity, ventilation rates, and HVAC
system operations, which can mask signals related to occupancy (18). Additionally, the
ability of these sensors to estimate the exact number of occupants is constrained, as their
measurements are influenced by multiple external factors, including air circulation,
window openings, and sensor placement within the room (20) (18).

2.2.1 Sensor installation and impact on the accuracy of the method

The placement of temperature and humidity sensors—specifically their height and
proximity to occupants or ventilation sources—critically influences measurement
accuracy in indoor environments. This section synthesizes findings from empirical
studies to outline best practices for sensor positioning. Temperature and humidity
sensors positioned at1.1-1.5 m above the floor (breathing-zone height) capture
conditions most reflective of human occupancy. This height aligns with the thermal and
hygric emissions from seated occupants, such as body heat and exhaled moisture, which
stratify vertically and are less detectable at ceiling level (18). Sensors placed at this height
also resolve localized fluctuations caused by occupant movement, such as temporary
increases in humidity near desks or seating clusters (21). Furthermore, sensors near
ventilation sources or high-activity zones record more dynamic temperature and
humidity shifts (18) (22). Figure 4, shows the optimal as well as the suboptimal sensor
locations for reliable measurements, noting the significance of free airflow, avoidance of
direct sunlight, and distancing from heat sources, such as radiators.
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Figure 4: Sensor positioning highlighting their impact on thermal and humidity measurements for accurate assessment of

occupancy (23).

2.2.2 False Positives and False Negatives

In occupancy detection systems relying on temperature (T) and relative humidity (RH)
sensors, false positives and false negatives occur due to the inherent limitations of
environmental sensing. These errors arise from non-occupant influences, sensor
response characteristics, and placement issues, which collectively reduce the reliability of
these sensors.

False positives, defined as incorrect occupancy detection during vacancy, are primarily
caused by environmental changes unrelated to human presence. Factors such as HVAC
operation, outdoor weather fluctuations, solar radiation, lighting, equipment usage, and
mechanical ventilation can alter indoor temperature and humidity levels, creating
misleading occupancy signals (15,20). Additionally, ventilation systems and air
circulation significantly impact temperature and humidity distribution, causing
fluctuations that may not correspond to actual occupancy (24). Since temperature and
RH sensors do not directly measure human presence, but rather respond to secondary
environmental effects, they are susceptible to external influences such as heating systems,
seasonal variations, and air infiltration (24).

False negatives, where occupancy is present but not detected, occur due to the low
sensitivity of T/RH sensors to sparse occupancy and the masking effects of ventilation
systems (20). Rapid air exchange from open windows or mechanical ventilation can
equilibrate indoor and outdoor conditions, making occupancy-induced changes in
temperature and humidity undetectable (20). Another key limitation is slow sensor
response times, which result in delays of several minutes before registering meaningful
variations. This lag leads to missed detections during transitions between occupied and
unoccupied states (24). Furthermore, sensor placement plays a crucial role in detection



accuracy, as sensors positioned far from occupants or near HVAC vents may fail to
capture localized temperature and humidity changes associated with human presence

(25).

2.3 PIR-Based Occupancy Detection

Passive Infrared (PIR) sensors are commonly utilized in building automation for motion
detection due to their cost-effectiveness, low energy usage, and straightforward
installation. These sensors function by sensing alterations in infrared radiation, which is
primarily emitted by human bodies, within their detection range. This capability makes
them an ideal option for lighting and basic HVAC systems, where identifying movement
is sufficient to determine space utilization (26). Figure 5 shows the working principle of a
PIR sensor, the corresponding zones and the logic for triggering detection events.

However, relying solely on PIR sensors for occupancy detection presents several
challenges. Their dependence on movement means they cannot recognize stationary
occupants and are also incapable of estimating the total number of individuals present.
Moreover, PIR signals can be affected by obstructions and environmental disturbances.
These challenges have led to the exploration of more advanced processing techniques,
including machine learning methods, signal filtering, and mechanical improvements, to
enhance accuracy and functionality for real-world occupancy monitoring applications
(27) (28) (26).

Figure 5: Schematic representation showing the functional zones of PIR detection and their triggering logic (29).



2.3.1 Accuracy of PIR-Based Occupancy Detection

The effectiveness of occupancy detection using PIR sensors varies greatly based on
processing techniques and environmental conditions. Reported accuracy rates can range
from 65% to 98.3% (26). Lower accuracy levels are generally observed when raw PIR data
is analyzed without any enhancement techniques. In such scenarios, detection is hindered
by limited responsiveness to subtle movements and the inability to differentiate between
transient motion and significant occupancy-related activity. Conversely, higher accuracy
rates, nearing 98.3%, have been achieved through the use of advanced filtering methods
like particle filtering, which refines and interprets motion signals to minimize
misclassifications and false transitions between occupancy states (26).

2.3.2 Limitations for Occupant Counting and Modeling Approaches

PIR sensors fundamentally struggle with accurate occupant counting due to their low
spatial resolution and reliance on detecting changes in infrared radiation. The sensor only
captures variations in heat signatures, making it impossible to distinguish between
multiple individuals moving together or to detect stationary occupants. Additionally, PIR
signals can become saturated with multiple people active nearby, which restricts the
system's ability to track all individuals. This occlusion effect is especially pronounced in
meetings or crowded environments, where the sensor's line of sight is obstructed by other

people (27).

2.3.3 False Positives and False Negatives

Various elements contribute to false positives and false negatives in PIR-based occupancy
detection systems. False negatives often arise from the sensor's failure to detect stationary
occupants. Given that PIR sensors function by sensing motion, a lack of activity—even
within an occupied area—can lead to non-detection. Furthermore, when multiple
individuals are present, occlusion effects become significant, as individuals near the
sensor may obstruct the infrared radiation of those further away, causing an
underestimation of occupancy (27). Signal saturation is another element that can lead to
false negatives, happening when a sensor is inundated by strong localized motion within
its detection range. In these instances, the sensor either stays perpetually activated or
becomes briefly unresponsive, rendering it incapable of detecting further movements
from other people in proximity (27). Conversely, false positives can occur when the system
misinterprets large, rapid movements or fluctuations in the environment as signs of
higher occupancy than what is actually present (27).



2.3.4 Sensor Placement and Implementation Considerations

The effectiveness of PIR-based occupancy detection systems is heavily affected by factors
such as sensor placement, viewing angle, and physical barriers. In one case, the accuracy
improved by positioning the sensor to face a rotating mirror, which allowed for the
detection of stationary occupants through simulated motion. This setup facilitated
reliable detection at distances of up to 3 meters in the center and 2.4 meters at the edges
of the field of view (28).

In another instance, the PIR sensor was mounted in the center of office meeting rooms,
attached to furniture at heights of 0.70 to 1.00 meters, and aimed at the room's interior.
While this setup proved accurate for up to 7 occupants, performance diminished
significantly when occupancy exceeded 8, primarily due to occlusion effects. To mitigate
this, ceiling-mounted configurations have been proposed as a possible enhancement,
providing an unobstructed field of view and expanding the system’s coverage area (27).

2.4 BLE-Based Occupancy Detection

Bluetooth Low Energy (BLE) technology is becoming more popular for occupancy
detection systems due to its energy efficiency, affordability, and low invasiveness.
Typically, BLE-based detection relies on analyzing the Received Signal Strength Indicator
(RSSI), which changes based on the presence and movement of individuals in indoor
settings. Human presence alters the propagation of BLE signals, resulting in variations in
RSSI that can be measured and interpreted to determine occupancy states (30) (31).

There are multiple approaches to implementing BLE-based occupancy detection. One
common method involves placing BLE transmitters throughout space while central
receivers gather RSSI data over time. This information can be utilized in RSSI
fingerprinting, where a signal map is created during a calibration phase and then aligned
with real-time readings to estimate presence and location (31). Although machine
learning techniques have been applied to RSSI data processing in the literature, this study
will focus solely on empirical analysis methods. Figure 6 depicts the transmitter and
receiver configuration for the BLE-based occupancy detection system. This figure shows
the location and function of each component in the detection process as well as how the
system transmits and receives the BLE beacon signal.
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Figure 6: Behavior of BLE signals when interfered with by human bodies due to absorption and reflection effects.

Another method involves BLE beacons, wireless devices that periodically broadcast a
unique identifier, scanning nearby devices, capturing RSSI and MAC address data to
detect occupant presence in specific areas. This approach does not require users to install
an app and minimizes intrusiveness, thus reducing the Hawthorne effect (32). The
possibility of employing personal devices as dynamic identifiers in occupancy detection
systems is demonstrated by Figure 7, which shows a setup in which the BLE beacon
receives signals from mobile devices carried by occupants.
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Figure 7: Diagram illustrating BLE beacon transmission and the capture of its signal by a nearby device.

2.4.1 Accuracy of BLE-Based Occupancy Detection

BLE-based occupancy detection systems have demonstrated impressive accuracy in
various building environments. One implementation, which relied solely on RSSI data
and supervised classifiers, achieved an occupancy detection accuracy of 97.97% across
multiple indoor settings, including classrooms, laboratories, and living rooms (30). This
level of performance was attained without integrating BLE with any additional sensor
modalities. The system functioned as an independent solution using economical BLE
transmitters and a smartphone receiver.



Occupant counting was also assessed using regression models trained exclusively on RSSI
data. These models recorded a mean absolute error (MAE) of 0.28 persons and a root
mean square error (RMSE) of 0.32 persons, averaged across five datasets (30).

2.4.2 False Positives and False Negatives

BLE signal readings can be influenced by environmental factors such as room layout, wall
materials, and radio interference. These elements can result in false negatives, where
presence goes undetected due to signal attenuation or poor beacon positioning, and false
positives, where reflected or overlapping signals from adjacent areas are mistakenly
identified as indicating occupant presence (31) (32).

In practice, false positives and negatives were most frequently observed in adjacent zones,
such as pantries and open-plan spaces, where overlapping signal areas compromised the
classifier's ability to distinguish between locations (32). Variability related to the device
also influences the quality of the signal. Bluetooth Low Energy (BLE) receivers noted
minor differences in Received Signal Strength Indicator (RSSI) values across various
smartphones, which can be attributed to differences in hardware and operating systems,
thereby introducing more noise in the detection process (32).

2.4.3 Technical and Installation Considerations

BLE detection systems provide several practical benefits, including cost-effectiveness,
energy efficiency, and straightforward installation. BLE beacons are low-cost and can
operate on battery power for several days, even at sampling frequencies of up to 200 Hz.
A sampling frequency of 45 Hz was determined to strike a favorable balance between
detection precision and battery longevity (30). D BLE localization does not depend on a
wired infrastructure, allowing for flexible deployment, which makes it appropriate for
retrofitting existing buildings. However, the system's performance is influenced by
beacon positioning, sampling rates, and the consistency of the environment. Certain
smartphones may not be able to maintain high-frequency RSSI sampling, leading to a
decline in data quality (30). Deployment might also be limited by the accessibility of
power outlets, particularly in larger or unevenly shaped areas that require additional
beacon coverage (32). Moreover, the randomization of MAC addresses on newer
smartphones can complicate tracking, unless users voluntarily provide their device's MAC
address (32).



2.5 Comparative Overview of Occupancy Detection Methods

To offer a comprehensive overview of the occupancy detection techniques discussed,
Table 1 provides a comparative summary based on essential performance metrics. The
comparison encompasses detection accuracy, vulnerability to false positives and
negatives, ideal sensor positioning, degree of intrusiveness, and response time. This
summary facilitates a better understanding of the advantages and drawbacks of each
approach and aids in the selection of the most appropriate occupancy detection methods
for managing energy in buildings.

Table 1: Overview of the key performance metrics of the occupancy detection methods applied.
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Chapter 3

3. Methodology

3.1 Overview of Methodology

This research aims to evaluate the potential for reducing energy consumption in buildings
by using actual occupancy data rather than fixed schedules or forecasted profiles. To
accomplish this, an experimental setup was created to monitor occupancy through
environmental sensors (which measure CO2 levels, temperature, and relative humidity)
alongside motion detection (PIR sensors) and Bluetooth Low Energy (BLE) systems for
identifying device-based presence. Data collection took place continuously at ten-minute
intervals, allowing for a comprehensive capture of occupancy trends across various areas.
Environmental parameters were recorded using stationary sensors placed at key spots
both inside and outside the monitored room, while a custom BLE system, featuring ESP32
microcontrollers, offered additional occupancy insights by identifying the presence and
signal strength (RSSI) of surrounding Bluetooth devices. After data collection, a
systematic workflow for cleaning and processing the data was employed to create
occupancy profiles based on the sensor outputs and BLE detection. These actual
occupancy profiles were then applied in IDA ICE building simulation models. Two
primary simulation scenarios were examined: (i) a baseline scenario employing static,
predetermined occupancy schedules, and (ii) a scenario using real-time occupancy data.

3.2 Environmental Sensors and PIR Detection

In order to analyze spatial correlations in temperature, humidity, and COz2 levels, 3
environmental and PIR sensors are strategically placed within and outside the Backstrom
chamber, as shown in Figure 8. One of these sensors is located near the center of the room
on the ceiling, another is installed on the wall near the ceiling, and a third is situated
outside the room in the hallway, where the coffee/dining room is located. Each device
measured carbon dioxide (CO2) levels, temperature, and relative humidity (RH), and was
equipped with a built-in Passive Infrared (PIR) motion sensor to detect the presence of
occupants.

The PIR sensor utilized in this research delivers binary signals to indicate detected
movement in the room but does not indicate the direction (either entry or exit) or the
precise count of occupants. Furthermore, the temporal resolution of 10-minute intervals



is inadequate for accurate occupancy estimation, as it might overlook brief occupancy
incidents or inflate occupancy counts during times of inactivity. For these reasons, the
PIR data were not employed to determine accurate occupancy patterns in this research.
Instead, the sensor acted as an additional tool to validate general presence trends during
periods that were known to be occupied, as outlined in Section 2.

Furthermore, the ceiling-mounted sensor had a malfunctioning CO2 measurement
channel, while the overall data collection process faced stability challenges in the sensors,
leading to several instances of missing data across different time spans. Consequently,
interpolation methods were employed where necessary to address minor gaps, but
prolonged periods of missing data restricted the extraction of reliable conclusions for
specific timeframes.

Figure 8: Installation of environmental and PIR sensors inside and outside the Backstrém Room for analyzing spatial
correlations.

Despite these issues, environmental data collected from January 2024 onward were
leveraged to establish correlations between the measured variables and occupancy trends.
This long-term data set enabled the identification of general patterns and interactions
between variables. It is noteworthy that although the complete historical dataset was
utilized for sensor analysis, the occupancy schedules subsequently incorporated into IDA
ICE simulations were based on a smaller subset of recent data, for which precise moments
of occupant presence and absence were accurately recorded and documented.

3.3 BLE Device Counter

A custom system was created using an ESP32 microcontroller, which was programmed
through the Arduino IDE. The BLE device counter (ESP32 microcontroller) in Figure 9 is
used to passively scan neighboring BLE devices, allowing occupancy to be recognized
based on the quantity of devices found. The ESP32 was set up to conduct BLE scanning



every 15 seconds to enable prompt occupant detection. Devices were identified based on
their received signal strength indicator (RSSI), with a -70 dBm threshold established to
enhance detection coverage throughout the room, taking into account its elongated

rectangular shape.
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Figure 9: BLE device counter (ESP32 microcontroller) for passive scanning of nearby BLE devices.

The ESP32 was placed at a fixed point within the monitored space, arranged to optimize
coverage while reducing blind spots. Nevertheless, various environmental and
architectural aspects affected the efficacy and precision of the BLE-based occupancy
detection. Specifically, the room was next to a corridor regularly used by building
occupants, which could result in false positive detections from devices being carried by
people passing by. Additionally, a small booth located behind the room might sometimes
send signals from individuals working in that area. Moreover, an office directly above the
monitored room raised the likelihood of intermittent signal overlapping from devices on
the upper level. The arrangement of the Backstrom room and surrounding areas, which
affects BLE signal performance because of structural obstacles and reflections, is shown
in Figure 10. These factors were taken into consideration during the data analysis,
acknowledging that BLE-based detection might experience slight inaccuracies due to
signal spillovers from neighboring areas.
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Figure 10: Layout of the Backstrom Conference Room and adjacent spaces affecting BLE signal behavior due to structural
barriers.



3.4 BLE-RSSI technique

This setup involved two ESP32 microcontrollers: one configured as a Bluetooth Low
Energy (BLE) advertiser (transmitter) and the other as a BLE scanner (receiver). Figure
11 illustrates the 2 ESP32 microcontrollers used as a transmitter and a receiver, for this
technique. The transmitter ESP32 sent out BLE advertising packets at a high frequency,
broadcasting every second, while the receiver ESP32 was placed on the opposite wall,
continuously looking for these advertisements. Data was gathered at 1-minute intervals,
with the receiver computing and recording the average Received Signal Strength
Indicator (RSSI) during each period. The RSSI data was then sent to an InfluxDB
database for storage and further visualization through a Grafana dashboard.

The core principle of this technique is that the BLE signal strength tends to remain
relatively steady when there is an unobstructed direct line of sight between the
transmitter and the receiver. However, when one or more individuals are present between
the devices, the BLE signal is partially absorbed and scattered by their bodies, resulting
in a measurable decline in RSSI values. Therefore, by observing variations in signal
strength, one can infer the presence and density of individuals in the monitored space.

ESP32: Transmitter

Figure 11: BLE transmitter-receiver pair setup for detecting RSS! with an elevated asymmetric position to improve
sensitivity.
The BLE transmitter and receiver were set up at a straight-line distance of 7.13 meters
apart within the monitored space. The transmitter was placed at a height of 1.00 meters,
while the receiver was installed at a height of 1.37 meters. This intentional height
difference was chosen to enhance the detection ability over the central meeting table.
Specifically, the receiver was positioned slightly higher to reduce signal blockage from
chairs and other low obstacles located between the two devices. Raising the receiver
ensured that even individuals seated at the table could lead to noticeable signal
attenuation, improving the system's sensitivity to changes in occupancy. On the



transmitter side, the device was located lower, close to the presentation screen and main
display, where seating is limited and typically no occupants are found. This arrangement
provided a balance between unobstructed signal transmission and effective detection of
human presence in the primary occupied areas of the room.

The ESP32 devices were fixed in position within the monitored room, with the transmitter
situated near the center of one wall and the receiver on the opposite wall. A large central
table occupies most of the area between the two devices, acting as the main interaction
zone for individuals. The BLE system configuration is shown in Figure 12, which also
shows the major interaction region in the monitored space, the obstruction path created
by room items (e.g. chairs), and the line-of-sight between devices.
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Figure 12: Configuration of the BLE system depicting line-of-sight, obstruction path, and the main interaction area within
the conference room.

3.5 Building Model and Energy Simulations

To evaluate the energy-saving potential based on actual usage of the room, a
comprehensive dynamic simulation model was created using IDA ICE. This model centers
on the Backstrom conference room, situated on the first floor and covering a total area of
37.5 m2. Alongside the Backstrom room, the model incorporates the adjacent thermal
zones on the same floor, as well as the floors above and below. The rest of the building
was excluded from the simulation. The exact zones of the building that were modelled in
IDA ICE, situated on the same floor as the Backstrom Conference Room, are illustrated
in Figure 13.
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Figure 13: zoning layout in IDA ICE, showing the Bédckstrom Conference Room and adjacent zones on the same floor. The
labeled zones highlight the spatial configuration used in the energy balance simulations, including adjacent common
areas, laboratories, and other spaces that influence the thermal behavior of the Backstrom room.

The dining area next to the Backstrom room was also part of the model. This space
connects directly to the conference room and was simulated as part of the same zone
cluster. In the dining area, local heaters and air conditioning units handle temperature
regulation, unlike the rest of the building, where heating and cooling are managed by the
HVAC system. All envelope specifications, such as U-values, air infiltration rates, and a
heat recovery efficiency of 45%, were derived from building-specific guidelines provided
for the case study and applied in both scenarios. Both scenarios are configured with the
same Constant Air Volume (CAV) system, maintaining a fixed supply air temperature of
17°C and the same HVAC setup.

3.5.1 Model Inputs — Baseline Scenario

In the baseline scenario, all operational parameters were established according to
standard use profiles from EN 16798-1. Specifically, the following inputs were utilized:

» The occupancy schedule and number of individuals were completely based on the
recommendations from EN 16798-1 for meeting rooms.



» The power of equipment/appliances and their associated operating schedules adhered
to the standard values of EN 16798-1, without any alterations.

 The lighting power for the Backstrom room was set at a total of 240 W. Lighting is
activated manually using a single switch, and 100% of the lighting is on whenever the
room is occupied.

According to the EN 16798-1 standard, it is estimated that meeting rooms have an
occupancy density of 1 person for every 2 m2. Since the Backstrom conference room has
a total floor area of 37.5 m2, this allows for approximately 18.75 occupants when fully
utilized. Additionally, the standard suggests an equipment load of 12 W/m2, which
translates to a total appliance power of 450 W for the area. Table 2 shows the respective
normalized hourly schedules for occupancy, appliances, and lighting that are utilized in
the baseline scenario. As is shown in Table 2, the room is used throughout the whole day,
except for the lunch break, and the occupancy ranges between 50-90%. Equipment usage
follows the same pattern, while on the other hand, since lighting in Backstrom room does
not incorporate dimmers or similar functions, is considered to be fully operated when the
room is occupied.

Table 2: Normalized hourly profiles for occupancy, appliances, and lighting based on EN 16798-1 for typical meeting room
usage.

Hour Occupant Appliances Light

1-8
9
10

11

12
13
14
15
16
17

3.5.2 Adaptive Scenario — Measured Occupancy

In the adaptive (occupancy-based) scenario, actual data was utilized to depict a more
accurate usage pattern of the conference room. The lighting control approach was
consistent with the baseline: all lights are activated upon detecting occupancy. The
occupancy schedule was reconstructed by using:



« Year-long booking data to ascertain the weekly frequency and timing of room utilization.

« Actual counts of occupants and their durations observed between April and early May
2025, which helped to establish realistic occupancy levels per hour.

The resulting occupancy profile was repeated each week throughout the simulation
period. A visual representation of the final adaptive weekly occupancy schedule is
displayed in Figure 14, where the number of meetings in a day are between 2-3 and the
meetings last 1 or 2 hours each.
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Figure 14: Adaptive weekly occupancy schedule for the Bdckstrom conference room.

The appliance and equipment schedule were derived directly from the occupancy profile.
Since the number of occupants was known for each hourly block, appropriate
assumptions were made about the number of laptops and devices in use, based on real
meeting observations.



Chapter 4

4. Results and Discussion

This chapter presents the outcomes derived from experimental techniques for detecting
occupancy and their impact on HVAC energy efficiency. The analysis reviews result from
environmental sensors (including CO2, temperature, relative humidity, and PIR) along
with Bluetooth Low Energy (BLE) systems, highlighting the observed patterns,
correlations, and limitations of each detection approach. The findings are shared to
provide both quantitative data, such as correlations and regression models, and
qualitative interpretations based on trends noted in the Backstrom Room. Additionally,
the discussion includes how incorporating actual occupancy data into IDA ICE
simulations influences energy consumption, offering a comparative evaluation between
static and adaptive occupancy scenarios for HVAC use. The following sections explore
detailed assessments of the environmental sensors data, experiments concerning BLE
detection, and the outcome of simulations, leading to a comprehensive understanding of
the system's performance and the potential for enhanced energy efficiency through
occupancy-driven control strategies. Chapter 4 starts with a detailed analysis of two
consecutive high-occupancy sessions to illustrate how each environmental variable
responds individually to human presence.

4.1 Environmental Sensor Analysis

4.1.1 Individual Variable Analysis — Context and Occupancy Conditions

This section analyzes the behavior of specific environmental factors, including COz2 levels,
temperature, and relative humidity, during a typical high-occupancy event in the
Backstrom Conference Room. The day in question features two back-to-back meetings
with 14 attendees (12 students, 1 professor, and 1 PhD candidate), providing distinct and
significant fluctuations in indoor conditions that help demonstrate the connection
between human presence and environmental reactions. The focus of the analysis is
specifically on the periods during the meetings, as occupancy outside these times was
either minimal or uncertain.

The initial session began just before 08:00 and wrapped up around 09:55, followed by a
brief intermission. The subsequent session commenced at roughly 10:10 and ended at
12:10. Environmental data for these timeframes were logged every 10 minutes using the



wall-mounted sensor in Backstrom Conference Room. The reason for selecting the wall-
mounted sensor as the primary source of data will be explained in a later section of this
report. While the PIR motion sensor does not offer specific directional or quantitative
data, it served as a confirmation tool to validate the presence of activity during the
meetings. Time periods prior to the first session or following the conclusion of the second
were omitted from the analysis to concentrate on the effect of occupancy on indoor
conditions.

4.1.1.1 Temperature — Observations

As shown in Figure 15, the temperature inside the conference room rose steadily during the
first session. This increase is smooth and consistent, hitting a high of 22.5°C just before
the break. A slight decrease is noted during the 10—15 minute gap between sessions, which
coincides with the room being empty and the door opening.
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Figure 15: Indoor temperature response to occupancy during two monitored sessions, indicating thermal accumulation.
The y-axis does not start from zero to enhance clarity when visualizing small alterations in temperature readings.

After the second session commences, the temperature starts to rise again gradually,
beginning at 22.2°C and reaching a peak of 23.3°C. It is important to note that both the
temperature increase, and decrease occur steadily, without sudden fluctuations, which
demonstrates the room's thermal inertia and the influence of heat generated by human
presence. Finally, between approximately 12:00 and 12:10, as the session concludes, the
door is opened and people start leaving, the temperature begins to lower gradually once
again.



4.1.1.2 Relative Humidity — Observations

As shown in Figure 16, relative humidity has a gradual rise at the start of the first session,
beginning at about 34% and climbing to 37.8%. Notably, even with ongoing occupancy
and probable moisture build-up in the room, there is a steady decline in RH during the
rest of the first session, dropping to roughly 35% by 10:00.
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Figure 16: Trends in relative humidity throughout the sessions, demonstrating an inverse relationship with temperature.
The y-axis does not start from zero to enhance clarity when visualizing small alterations in RH readings.

This pattern can be explained by the connection between RH and temperature. In the
temperature plot, it is evident that the room temperature increases consistently during
this time. Since RH is influenced by temperature, an elevation in temperature enhances
the air’s ability to retain moisture, potentially leading to a reduction in relative humidity
even if the absolute humidity remains constant (33). On the other hand, it is crucial to
mention that human presence increases the humidity ratio, as occupants exhale water
vapor when breathing.

Following the break, a sharp rise in RH occurs, peaking at around 38.8%, which aligns
with a slight decrease in temperature just prior to the start of the second session. As the
second session continues, RH experiences a rapid and consistent decline, ultimately
falling to about 35% by 12:20, after which it remains fairly constant.



4.1.1.3 Carbon Dioxide — Observations

The concentration of CO2 is a crucial measure of occupancy within indoor environments,
as it is a direct reflection of human metabolic activity through breathing. During times of
occupancy, CO2 levels are anticipated to rise, with the extent and speed of this increase
being affected by factors such as the number of people present, the size of the room,
ventilation, and others. Figure 17, illustrates the trends in CO2 concentration during the
two observed sessions, emphasizing how indoor air quality responds to the presence of
individuals in the Backstrom Conference Room.
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Figure 17: Peaks in CO, concentration are linked to periods of active occupancy.

As shown at Figure 17, at the start of the first session, the CO2 concentration is
approximately 460 ppm, representing the baseline prior to occupancy. When occupants
enter the room, there is a quick and marked increase in concentration. The curve in Figure
17 reaches a local maximum around 825 ppm, reflecting both the sensor’s delay in
response and the gradual buildup of CO2 due to the continuous exhalation by the 14
occupants over time. After this peak, the CO2 levels continue to rise slightly before
stabilizing around 900 ppm, which remains consistent throughout the session. At around
09:50, the concentration begins to decrease rapidly, indicating the onset of the inter-
session break. During this time, occupancy significantly decreases— likely to just one or
two individuals remaining in the space— and the COz2 levels adjust accordingly.

When the second session starts at approximately 10:10, the COz2 levels increase steeply
and steadily, following a pattern similar to that of the first session. Throughout the
session, the concentration stabilizes again around 900 ppm, with a notable peak of 935
ppm occurring just before 12:00.



4.1.2 Combined Variable Analysis — Overall Behavior and Occupancy Correlation

This section provides an integrated analysis of temperature, relative humidity, and CO2
concentration data, concentrating on the same high-occupancy sessions mentioned in
Section 4.1.1. By assessing these factors together, the research seeks to reveal patterns and
relationships that enhance the understanding of how indoor environmental conditions
react to human activity. The analysis utilizes data gathered during two back-to-back
meetings on 27 November 2024, as previously outlined. Figure 18 illustrates a
synchronized representation of the variables during these sessions, emphasizing their
interactions and collective behavior in relation to occupancy events.
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Figure 18: Synchronized study of CO,, temperature, and relative humidity across sessions illustrating indoor
environmental interactions. The y-axis, for all variables, do not start from zero to enhance clarity when visualizing small
alterations in environmental sensor readings.

The synchronized study of CO2, temperature, and relative humidity across sessions
provides insights into the indoor environment's response to human activity. CO2 levels
react the fastest: sharp spikes occur at the start of each session, stabilizing during full
occupancy and dropping during breaks. This makes COz2 a sensitive and reliable metric



for occupancy. Temperature rises gradually from 20.6°C to 22.5°C by the end of the
second session, indicating prolonged occupancy. Relative humidity shows more complex
behavior. While it slightly increases at the onset of occupancy, it often declines as
temperature rises (constant humidity ratio) unless additional moisture is produced by
occupants. This pattern reflects the combined effects of temperature and water vapor
generation dynamics in indoor spaces. Key observations include:

« CO2 levels surge almost immediately upon occupancy.

» Temperature demonstrates a lag, reflecting heat buildup.

« RH fluctuates more subtly, with its direction influenced by interactions with
temperature.

4.1.3 Sensor Placement Considerations

To gain a deeper understanding of how the placement of sensors impacts the accuracy
and responsiveness of measurements, this section examines the temperature data
captured by two environmental sensors situated in distinct locations within the
Backstrom Conference Room. One sensor is installed centrally on the ceiling, while the
other is mounted on the wall at the room's rear.

This analysis investigates whether the anticipated outcomes correspond with the actual
data gathered from two separate experimental sessions by looking at how the ceiling and
wall-mounted sensors behaved during occupancy events.

4.1.3.1 Temperature — Ceiling vs Wall

This section analyzes the variations in temperature readings between the sensors
mounted on the wall and those on the ceiling in the Backstrom Conference Room,
specifically focusing on the same high-occupancy session mentioned in Section 4.1.1. By
contrasting the temperature profiles at varying heights, this analysis seeks to reveal
possible thermal stratification effects within the area, which can shed light on vertical
heat distribution patterns affected by occupancy levels and the operation of the HVAC
system.
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Figure 19: Comparative temperature measurements from ceiling and wall-mounted sensors showing the influence of
sensor placement and thermal stratification during occupancy events. The y-axis does not start from zero to enhance
clarity when visualizing small alterations in temperature readings.

Figure 19 illustrates how sensor placement impacts temperature readings during
occupancy. Before occupancy, both ceiling and wall sensors recorded nearly identical
baseline temperatures, with variations of only +0.2°C. Once occupancy begins, the ceiling
sensor reacts more quickly, showing a significant temperature increase due to its central
location, closer to the occupants. In contrast, the wall sensor displays a slower rise, likely
due to its lower position and distance from the occupants, alongside localized airflow
patterns. The difference in response time can be attributed to both the spatial position of
the sensors and the effects of thermal stratification. After occupancy ends, the ceiling
sensor cools down more rapidly, although it remains warmer than the wall sensor. This
behavior highlights thermal stratification and the effects of residual heat accumulation
near the ceiling.

4.1.3.2 Relative Humidity — Ceiling vs Wall

After analyzing the temperature, this part compares the relative humidity readings from
both wall-mounted and ceiling-mounted sensors during the same high-occupancy session
mentioned in Section 4.1.1. The aim is to investigate how relative humidity changes
vertically within space, taking into account possible influences of thermal stratification
and moisture generation due to occupancy.
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Figure 20: Comparative relative humidity measurements from ceiling and wall-mounted sensors showing the influence of
sensor placement. The y-axis does not start from zero to enhance clarity when visualizing small alterations in RH.

Figure 20 compares relative humidity readings from the ceiling-mounted and wall-
mounted sensors indicating that, throughout most of the monitored time frame, the wall
sensor continuously records elevated RH values compared to the ceiling sensor. This
finding corresponds with earlier temperature recordings, which indicated that the wall-
mounted sensor is situated in cooler ambient conditions. The cooler air situated at the
level of the wall has a lower saturation point for moisture, indicating that for the same
absolute humidity (or humidity ratio), the relative humidity is elevated when compared
to the warmer air found near the ceiling. Consequently, even if the actual water vapor
content within the room remains constant, RH readings will be greater at lower
temperatures due to the decreased capacity of the air to retain moisture. This underscores
the necessity of taking into account both RH and absolute humidity or humidity ratio
when analyzing humidity data. Furthermore, both sensors show a comparable overall RH
pattern, reacting similarly to changes in indoor moisture levels driven by occupancy. It’s
worth noting that humidity peaks occur slightly sooner in the ceiling sensor, likely due to
the rising of warm, moist air shortly after occupancy begins. This time difference
reinforces the idea of stratified airflow dynamics in the area, where shifts in
environmental conditions impact upper sensor locations before fully mixing down to
lower levels.

4.1.3.3 Combined Analysis of Temperature and Relative Humidity Sensors

The analysis of both temperature and relative humidity data from the ceiling and wall-
mounted sensors verifies the existence of vertical environmental stratification within the
observed room. The ceiling sensor consistently measures higher temperatures and lower
RH values, while the wall-mounted sensor, despite not being positioned at the standard



breathing height, records lower temperatures and higher RH, especially during
occupancy. This pattern aligns with the thermodynamic principles linking temperature
and relative humidity: warmer air near the ceiling can hold more moisture, thus resulting
in lower relative humidity even when the overall moisture content remains comparable,
emphasizing the importance of using absolute humidity or humidity ratio when using the
sensor readings to link them with occupancy events.

Additionally, the response patterns vary dynamically between the two positions. The
ceiling sensor records both temperature and relative humidity peaks sooner, indicating
the natural tendency of warm, humid air to rise immediately after occupancy begins. This
delay between the sensors emphasizes the presence of stratified air layers, where the
influx of heat and moisture rises swiftly, leaving the lower areas temporarily unaffected
and therefore that is the reason why the wall mounted sensor was used for the analysis of
temperature and relative humidity.

4.1.4 CO, Concentration Comparison Between Backstrom and the Adjacent
Corridor

To evaluate the impact of neighboring areas on indoor air quality, this section contrasts
CO2 concentration measurements from two sensors located in distinct positions: one
situated inside the Backstrom conference room (mounted on the wall) and the other in
the adjacent corridor/coffee room, which also acts as a corridor for daily student and staff
movement. The analysis relies on data from 15 January 2024, a day when Backstrom was
known to be largely unoccupied, making it an ideal time to observe inter-room
interactions.
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Figure 21: CO2 concentration trends in the Bdckstrom Conference Room and the adjacent corridor/coffee room,
demonstrating the impact of adjacent space activity and possible air exchange.



In Figure 21, it is obvious that the COz2 levels in the coffee room and dining area are
consistently higher than in Backstrom, especially in the early afternoon, aligning with
expectations of high foot traffic during lunch breaks. Backstrom remains mostly empty
until later in the afternoon, as indicated by its low morning and early afternoon CO2
levels.

Notably, during the lunch break from 12:00 to 13:30, CO2 levels spike in the coffee room
due to high occupancy, with a smaller increase in Backstrom, suggesting air exchange
between the two rooms, likely through an open door. However, around 13:00,
Backstrom’s CO2 concentration drops sharply while the coffee room continues to rise,
indicating a possible closure of the connecting door, reducing cross-ventilation. The lack
of increased CO2 levels in Backstrom suggests no meetings or active occupancy during
this time.

After 14:30, Backstrom shows a significant peak in CO2 levels, likely indicating the start
of a meeting, characterized by sustained occupancy and limited ventilation. Once the
event concludes, Backstrom's COz2 levels decline again, remaining below those of the
coffee room, reflecting a non-occupied status.

4.1.5 Seasonal Variation in Indoor Environmental Conditions

To enhance the interpretation of variations in indoor environmental factors, the analysis
includes not just indoor sensor data but also relevant outdoor weather information for
each day, obtained from Weather Underground (34). This additional context improves
the understanding of how indoor conditions are affected by outside climate, particularly
during periods without human presence.

The assessment focuses on two representative days: Saturday, January 11, 2025 (winter)
and Saturday, June 8, 2024 (summer). Both days were verified to have no occupancy in
the monitored area, establishing a foundation to evaluate sensor reactions under
unoccupied yet seasonally varied conditions. Also, the measurements were taken from the
wall mounted sensor located in the Backstrom Conference Room.
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Figure 22: Comparison of CO, concentration in the Bdackstrom Conference Room during summer and winter conditions,
including also the global ambient CO2 levels retrieved from the Global Monitoring Laboratory (35). The data show stable
CO, levels across seasons, reflecting background air concentrations without occupancy or ventilation.

As shown in Figure 22, CO2 concentration remains consistent throughout the day,
exhibiting no notable fluctuations between the datasets for both the summer and winter
days investigated. The measured values vary from 409 to 466 ppm during summer and
from 419 to 477 ppm in winter. These slight differences are not associated with seasonal
changes but are probably due to sensor inaccuracies or minor measurement noise. In the
absence of occupancy, the CO2 levels in the room reflect background values that are
unaffected by seasonal variations.
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Figure 23: Comparison of indoor and outdoor temperature profiles in the Backstrom Conference Room for summer and
winter. The data highlights the seasonal differences in temperature, with higher indoor temperatures in summer and lower
indoor temperatures in winter.



Figure 23 demonstrates that indoor temperature displays a distinct seasonal trend, with
elevated readings in summer (23.8—24.3°C) and reduced values in winter (19.1—20.4°C).
This variation can be attributed to the operation of the heating system in the winter
months, which ensures a stable indoor temperature, along with the lack of occupancy or
significant internal heat gains. It is crucial to acknowledge that, although there is no active
cooling system present in the room, the HVAC system provides a steady airflow at 17°C
year-round, functioning as a passive cooling method during hotter periods. Regardless,
the recorded indoor temperatures exhibit a significant seasonal difference, highlighting
the effects of external factors on the building's envelope and system functionality. This
considerable temperature disparity between summer and winter, even when unoccupied,
indicates a limitation in relying solely on absolute temperature values as a direct measure
of occupancy in this space.
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Figure 24: Comparison of relative humidity (RH) in the Backstrém Conference Room and outdoor conditions during
summer and winter. The indoor RH is higher during summer, following the higher absolute humidity of the outdoor air,
while the indoor RH is lower in winter due to the combination of dry outdoor air and the operation of the heating system.

Figure 24 illustrates the relative humidity measurements in the Biackstrom Conference
Room, which indicate a steady seasonal trend, with higher levels in summer (30-34%)
and lower levels in winter (24-25%). At first glance, this trend might appear
contradictory, as lower temperatures usually relate to higher RH levels for constant
absolute humidity. However, the observed patterns are mainly influenced by the
interaction of the building envelope, the HVAC system, and the characteristics of the
outdoor air.
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Figure 25:Comparison of absolute humidity (AH) in the Backstrom Conference Room and outdoor conditions during
summer and winter. The indoor AH closely tracks the outdoor AH in both seasons, with slightly lower values indoors,
indicating that the moisture content of the air supply mirrors the properties of the outdoor air.

To investigate further, Absolute Humidity values were calculated and are displayed in
Figure 25. Absolute Humidity was calculated for all available readings using Equation 1

(35):

6.112 X e"[(17.67 x T)/(T+243.5)] x RH x 2.1674 1]
(273.15+T)

Absolute Humidity =

The absolute humidity (AH) data indicates that indoor AH closely follows outdoor AH,
with slightly diminished levels inside the room. This suggests that the air supplied by the
HVAC system, though introduced at a constant temperature of 17°C, contains a moisture
content similar to that of the outdoor air, as there is no active dehumidification occurring.
During winter, the outdoor air is cold and dry, resulting in low AH and, consequently, low
indoor RH. In summer, the outdoor air is warmer and more humid, leading to increased
indoor AH and, despite the elevated indoor temperatures, slightly higher indoor RH
levels.

As a result, the elevated relative humidity (RH) values noted in summer, despite warmer
temperatures, stem from the fact that the ability of air to retain moisture rises with
temperature. This enables the greater absolute humidity found in summer air to result in
marginally increased RH levels within the room. It’s also crucial to understand that,
considering the minimal fluctuations in RH throughout the seasons, and that these



changes are chiefly driven by external factors rather than occupancy, relying solely on raw
RH values would probably not serve as a dependable predictor for occupancy.

4.1.6 Seven-Day Indoor Environmental Analysis

This section outlines an analysis spanning a week focused on the variations of
temperature and humidity in the Backstrom Conference Room, the adjacent Coffee
Room, and the outdoor environment from April 14 to April 20, 2025. This particular week
was chosen as it reflects a common operational pattern within the building, incorporating
working days from Monday to Thursday with planned activities and anticipated
occupancy, followed by Good Friday (April 18), which is a public holiday in Sweden, and
the weekend (April 19—20), when no regular activities occur.

The aim of the analysis is to examine how much the indoor climate in both the Backstrom
Room and the Coffee Room is affected by external environmental factors like outdoor
temperature and humidity, along with the operation of the HVAC system, which delivers
air at a steady temperature of 17°C. The indoor climate data for the Backstrom Conference
Room is gathered via a wall-mounted sensor.

By evaluating the differences in temperature and humidity between the Backstrom room,
the Coffee Room, and the outdoor environment throughout the week, this analysis offers
significant insights into how outdoor weather conditions affect indoor environments and
how effectively the HVAC system upholds a consistent indoor atmosphere. Additionally,
it enables the identification of trends and interactions between the Backstrom and Coffee
Room, aiding in the evaluation of their environmental control interconnection.
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Figure 26:Indoor temperature variations were recorded between April 14 and April 20, 2025, in the Bdckstrém conference
room and adjacent dining area, along with outdoor ambient temperature. The plot highlights the influence of HVAC



operation and ambient conditions. Different y-axis were used for Indoor and Outdoor Temperature, for better visualization
of the measured values.

Figure 26 illustrates indoor and outdoor temperature data collected over a week, from
April 14th to April 20th, 2025. This dataset features temperature readings from two
indoor locations—the Backstrom conference room and the nearby dining area/corridor—
along with the ambient outdoor temperature. The Backstrom room is a completely
enclosed area lacking windows and has limited exposure to the outside. It is connected
solely to the dining area, which is semi-indoor, has windows, and links to other parts of
the building.

The temperature readings in the Backstrom room show notable fluctuations, particularly
significant increases at night even when unoccupied. This suggests that the HVAC system
plays a major role, as heating appears to operate overnight while ventilation is off,
allowing heat to build up. On Good Friday, April 18th, a national holiday in Sweden, no
meetings meant no internal heat gains. The room's temperature dropped from about 23°C
to 22.2°C during the day, likely due to reduced heating and continued ventilation.
However, later in the day, the temperature rose again, indicating that heating resumed
while ventilation may have stopped, similar to other weekdays. In the dining area, closely
connected to Backstrom, temperatures show more extreme fluctuations, affected by
external factors like solar gain and air leakage. While the temperature trends in both areas
are similar, the dining area experiences greater variation due to its exposure to outside
conditions.
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Figure 27: Relative humidity trends over one week (April 14-20, 2025) for the Backstrom Conference Room, the Coffee
Room, and the outdoor environment. The indoor RH shows day-to-day variations influenced by occupancy, HVAC
operation, and external weather conditions, while outdoor RH remains significantly higher due to lower temperatures and
weather patterns.
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Figure 28: Absolute humidity trends over one week (April 14-20, 2025) for the Backstrom Conference Room, the Coffee
Room, and the outdoor environment. Indoor AH closely follows the patterns of outdoor AH, indicating the influence of
external conditions via the ventilation system. Fluctuations in indoor AH are smaller than those outdoors.

The relative humidity (RH) trends recorded in Figure 27 during the week from April 14 to
April 20, 2025, demonstrate intricate and non-linear behavior, shaped by various factors
including external weather patterns, HVAC system operation, occupancy levels, and
internal heat contributions. The findings indicate that RH does not adhere to a
straightforward, predictable trend throughout the week, highlighting the necessity for a
multifaceted interpretation.

On working days, RH levels inside the Backstrom Conference Room and the nearby Coffee
Room usually rise during the day, reflecting the effect of occupancy, where the presence
of people adds moisture. However, this phenomenon is mitigated by the concurrent rise
in indoor temperature caused by the heat produced by occupants and equipment, which
can lower RH by enhancing the air’s capacity to hold moisture. Consequently, daytime
RH trends fluctuate depending on the equilibrium between moisture production and heat
accumulation.

After 17:00, when occupancy concludes and the ventilation system is shut down, the
behavior of relative humidity (RH) varies from day to day. On certain evenings, RH
remains consistent or dips slightly, reflecting the reduction of moisture input from
occupancy and the ongoing operation of the heating system, which elevates indoor
temperatures without adding new moisture. Conversely, on certain evenings, like Good
Friday (April 18), RH levels noticeably rise, despite an increase in indoor temperature,
which can be linked to the higher external absolute humidity levels.



As illustrated in Figure 28, the investigation of absolute humidity (AH) further
emphasizes the significant impact of the external environment on the indoor moisture
conditions. AH levels in the Backstrom room and the Coffee Room closely follow the
trends of outdoor AH, suggesting that the ventilation system serves as the main route for
external moisture to enter the building. However, indoor AH exhibits smaller variations
compared to outdoor AH, indicating the dampening effect of the building’s thermal mass
and materials, which absorb and release moisture at a more gradual pace.

In summary, the joint analysis of RH and AH reveals that indoor humidity dynamics are
highly responsive to various simultaneous factors. RH levels cannot be entirely explained
by a single factor, as they are affected by external weather patterns, HVAC operation,
occupancy behaviors, and the thermal properties of the building. This complexity
underscores the necessity of a thorough approach when analyzing indoor environmental
data, particularly when evaluating the possibility of using humidity as an indicator for
occupancy detection or building performance evaluation.

4.1.7 Quantitative Modeling of Occupancy from Environmental Variables

4.1.7.1 CO, Regression-Based Occupancy Counting

To assess the link between COz2 levels and the number of people present in the Backstrom
Conference Room, a regression model was created using empirical data. Initially, a
complete 24-hour dataset from a Sunday—when it was confirmed that there were no
occupants—was utilized to identify the natural background COz2 levels in the room. This
baseline was instrumental in distinguishing the effects of human presence from other
potential sources, like air leaks in the building envelope or ventilation, and it provided a
reference for measuring later increases in CO2 levels caused by occupancy.

After establishing baseline conditions, data from a series of controlled experiments were
employed to build the regression model. These experiments took place between early
April and early May 2025 and involved meetings with known participant numbers of 1, 2,
3, 4, 5, 6, 9, 10, and 14 individuals. The selected meetings varied in duration and
occupancy density, providing a rich dataset for analysis. During each session, average CO2
values were recorded during the steady-state period of occupancy and matched with the
relevant number of occupants. A straightforward linear regression model was used,
revealing a strong association between CO2 concentration and the number of individuals
in the room. The resulting model showed a coefficient of determination (R2) of 98%,
indicating that COz2 is a reliable and consistent indicator of human presence. The
regression equation derived was:

0 if CO, <428

Occupants = {0.0302 x C0?2—12.937  if CO? > 429
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Figure 29: Linear regression between measured CO, concentration and actual number of occupants across selected
sessions. The model shows a strong linear correlation, confirming the suitability of CO, as a predictor of occupancy.

Figure 29 illustrates the linear regression modelled designed for the prediction of
occupancy using the CO- concentration readings from the wall mounted sensor in
Backstrom Conference Room. The strong correlation was anticipated, as the
concentration of CO2 in indoor environments is primarily driven by human metabolic
processes and remains mostly unaffected by outside environmental factors such as
weather or sunlight. The absence of unrelated variables enhances the method's reliability
and repeatability across varying time frames and levels of occupancy.

For this study, the CO2 readings were obtained from a sensor positioned on the rear wall
of the room, close to the edge of the area. This placement could lead to slightly delayed
response times, since the air enriched with CO2 from exhalation needs to circulate
throughout the room before it reaches the sensor. However, COz2 tends to distribute more
evenly in indoor spaces compared to temperature or humidity, which may experience
stratification. Consequently, the effect of sensor placement is less significant for CO2 than
for other environmental factors.

It is noteworthy that the experimental room has a constant mechanical ventilation rate of
106 L/s, which translates to about 2.83 L/(s:m2). Additionally, the room’s setup
establishes a controlled environment with minimal external influence, likely contributing
to the high precision observed in CO2-based occupancy estimation. It's important to
emphasize that in more dynamic or well-ventilated areas, such accuracy may not be
attainable without additional modifications.



4.1.7.2 Temperature and Relative Humidity Regression-Based Occupancy Counting

Temperature and relative humidity were evaluated as indicators of occupancy due to their
use in environmental monitoring. Though the sensors were expected to record data at
regular 10-minute intervals, actual readings were inconsistent, often remaining
unchanged for long periods. To address this, missing values were filled using the latest
available data, with linear interpolation used for larger gaps. This introduced some
uncertainty into the analysis. The main regression analysis focused on occupancy trends
through short-term thermal variations, utilizing a linear regression model based on
temperature differences (AT) over 10-minute intervals to minimize the impact of seasonal
and HVAC-driven temperature fluctuations.

The resulting model produced a coefficient of determination (R2) of 0.40, indicating poor
predictive capability. Figure 30 presents graphically the relationship between the number
of occupants in the conference room and the corresponding temperature difference (AT)
within the space at each timestamp. The linear trendline in Figure 30 is also included to
highlight the weak correlation between occupancy and AT. This modest outcome
underscored the difficulties of employing temperature as a sole occupancy indicator, even
when considering short-term changes. Nevertheless, it remains the most straightforward
and interpretable method among the various alternatives examined.
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Figure 30: Linear regression between 10-minute temperature differences (AT) from the wall-mounted sensor and the
number of occupants. The model shows weak correlation, highlighting the limited predictive power of temperature as an
occupancy indicator.

With a second temperature sensor positioned on the ceiling, alternative models were
considered. A similar AT model derived from the ceiling data yielded a slightly lower R2
value of 0.35, which is likely influenced by the presence of stratified air layers affecting
the readings. Additionally, a model that utilized the temperature difference between
ceiling and wall sensors (ATstratification) showed enhanced accuracy, achieving an R2 of



0.50, while a final combined model incorporating both AT and ATstratification reached an R2
of 0.63.
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Figure 31:Linear regression between Absolute Humidity (AH) from the wall-mounted sensor and the number of occupants.
The model shows a very weak correlation, highlighting the limited predictive power of Absolute Humidity as an occupancy
indicator.

Moreover, relative humidity is significantly influenced by temperature, rendering it an
inappropriate variable for independent occupancy modeling. The regression analysis was
conducted using the same experimental sessions as those for the temperature models,
with absolute humidity acting as the predictor variable. The resulting linear model
exhibited very poor performance, as shown in Figure 31, with a coefficient of
determination (R2) of 0.22. Such low accuracy was anticipated due to the considerable
environmental factors that affect humidity levels.

4.2 Bluetooth Low Energy technique analysis

4.2.1 BLE-Device counter

To evaluate the efficacy of the BLE-based occupancy detection method, a series of
controlled experiments were performed in Backstrom conference room. These
experiments aimed to assess the system's ability to detect the presence of occupants
across various configurations—altering the number of individuals, the types of devices
they possessed, and their BLE advertising patterns. All detections relied exclusively on
the BLE scanning outputs from the ESP32 microcontroller, and each session was analyzed
in comparison to ground truth observations documented during the experiments.



4.2.1.1 Evaluation Through Controlled Experiments

On April 16, an experiment utilizing BLE-based occupancy detection was held to evaluate
how effectively the Bluetooth Low Energy (BLE) scanning method identifies individual
presence in the room.

Two meetings were planned for that day. The first took place from 12:30 to 14:20, with
two occupants in attendance. Each participant had a mobile phone, while no laptops or
other BLE-enabled devices were present. The second meeting commenced around 14:30
and concluded at approximately 15:25, involving three individuals; the first arrived at
14:29, carrying a mobile phone and a laptop. The second individual joined soon after, also
carrying a phone and a laptop, while a third person entered around 14:38 with a mobile
phone. Overall, during the second session, the room had three mobile phones and two
laptops in use.
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Figure 32: Correlation between BLE device count, actual number of devices and actual headcount during meetings
validates BLE's effectiveness as an occupancy estimator.

The count of BLE devices, displayed alongside the actual number of people present,
provides essential insights into the effectiveness of this detection technique. Figure 32
illustrates graphically the ground truth data regarding the number of occupants along
with the number of detected devices, by the BLE-device counter, and the actual number
of active devices during the two meetings. In the first meeting, even though it was
confirmed that two individuals (each carrying a mobile device) were present, the detected
device count varied and often fell short of expectations. This undercounting may stem
from the characteristics of smartphone BLE advertising. Mobile phones usually function



in low-power advertising mode, sending out advertising packets only every 1000
milliseconds or more, particularly when they are idle or locked, resulting in erratic
detection.

The variations in BLE advertising patterns between smartphones and laptops have been
thoroughly explored. According to Siva et al. (2019), Android devices can function in three
BLE advertising modes: LOW POWER (~1000 ms interval), BALANCED (~250 ms), and
LOW LATENCY (~100 ms). Smartphones, especially when in power-saving mode or with
the screen turned off, often revert to LOW POWER mode, rendering them less detectable.
Conversely, laptops generally operate in BALANCED or LOW LATENCY modes when
active, resulting in more frequent advertising and increased visibility during scans (36).

Moreover, not all advertising packets are assured of being captured, even if they are
within a scan window. BLE advertisements are sent over three distinct channels—37, 38,
and 39—but a scanner like the ESP32 listens to only one channel at any given time. If a
device broadcasts on a channel different from the one the scanner is monitoring, the
packet may be completely overlooked. Additionally, the asynchronous nature of
advertising and scanning cycles means that a device sending advertisements every 1000
milliseconds could easily miss alignment with a scanner that listens for only 2 seconds
every 10 seconds. When combined, these elements clarify why devices—particularly
smartphones—might not be reliably detected, despite their actual presence (37).

Another major limitation arises from the asynchronous nature of scanning and
advertising. In this study, the ESP32 scans for BLE devices every 10 seconds, with each
scan lasting just 2 seconds. If a device advertises every 1000 milliseconds (or even less
frequently), there is a significant likelihood that its advertisement does not coincide with
the ESP32’s scanning period. This disparity can lead to missed detections, especially in
low-density settings with only a handful of BLE devices.

In the second meeting, where laptops were included, the detection became more stable
and consistent, with the BLE count often matching or surpassing the actual number of
individuals present. Laptops, particularly when in use, tend to emit BLE signals more
often, making them much easier to detect during scanning intervals. Interestingly, around
14:00 and just prior, there were two brief spikes where the BLE device count temporarily
rose to three devices, despite only two known participants being present. These
irregularities are likely false positives, possibly caused by someone passing just outside
the conference room, with their BLE-enabled phone being detected momentarily through
the door or wall.



4.2.1.2 BLE_ device counter accuracy analysis

The performance of a Bluetooth-based occupancy detection system was evaluated
through seven controlled experiments conducted in an indoor conference room
environment. These included six sessions with known occupancy levels and device
configurations, as well as one baseline session with no occupants and no devices present
for eight continuous hours. During each experiment, the number of people present and
the devices they were carrying were directly observed, ensuring high-fidelity ground truth
data.

The baseline experiment played a key role in evaluating the system’s behavior under
genuine zero-occupancy conditions, allowing for the identification of false positives and
confirming that no extraneous devices were detected during empty periods. BLE scans
were performed every 10 seconds throughout the experiments. However, for analytical
purposes, the raw values were aggregated into 3-minute intervals to reduce fluctuations
and simplify data processing.

To assess how accurately the system’s device detections reflected actual room occupancy,
a proportional accuracy metric was calculated. For each interval, the estimated number
of occupants was compared against the ground truth, and the accuracy of the model for
every measurement was calculated.

The accuracy of occupancy estimation using the Bluetooth device counting method was
determined through a systematic approach that connects the count of detected BLE
devices to the actual number of individuals in the room. Every 3-minute time interval
utilized two primary data sets: the count of BLE devices picked up by the ESP32-based
scanner, along with the ground truth data on both the actual number of individuals
present and the total number of devices (like smartphones and laptops) that they were
using.

With these ground truth figures, a calibration factor—indicating the average number of
devices per person—was established by dividing the total device count by the total number
of individuals during the study. This devices-per-person factor was calculated for each 3-
minute interval and acted as a benchmark for estimating occupancy based on BLE device
counts. Specifically, the estimated number of occupants for each interval was derived by
dividing the BLE device count by the devices-per-person factor, employing Equation 2:

D (BLE)
Devices per Person

Nest = [2]

where Nest denotes the estimated occupancy and D(BLE) represents the count of detected
devices.

Occupancy Estimation Accuracy was quantified as a continuous metric illustrating the
proportional closeness between the estimated occupancy based on BLE and the actual



ground truth occupancy for each 3-minute interval. The accuracy for each interval was
particularly calculated using the following formula:

min(Nest,Ntrue)

max(Nest,Ntrue)

Accuracy (%) = * 100 [3]
where Nest signifies the occupancy estimated from BLE device counts and Ntrue refers to
the actual ground truth occupancy.

Equation 3 ensures that the accuracy score remains between 0% and 100%, with 100%
denoting a perfect correlation between the estimated and true occupancy. The final
accuracy for each experiment was derived by averaging the accuracy values across all 3-
minute intervals, while excluding any periods when the ground truth occupancy was
recorded as zero.

Table 3 illustrates the duration of each meeting to highlight the relative importance of
each session in the overall analysis. Longer meetings yield more data points, thereby
exerting a greater influence on the computed accuracy. The average number of individuals
in the room for each meeting demonstrates the fluctuating nature of occupancy during
the session. Not all attendees are present throughout the entire duration. Consequently,
the average occupancy figures, along with the number of devices, are fractional and reflect
the typical count of occupants or devices during each meeting rather than an exact tally
at every moment.

Table 3: Overview of all seven BLE occupancy detection experiments, including session duration, average number of
occupants, devices present, and resulting accuracy of estimation based on passive BLE scans.

Meeting Avg people Mobile Laptops | Accuracy (%)
duration in the room Phones
(minutes)
Meeting 1
Meeting 2

Meeting 3
Meeting 4
Meeting 5
Meeting 6
Baseline

The results indicate that occupancy estimation accuracy is influenced not only by the
number of people in the room but also by the combination and activity of devices present.
Meeting 3 recorded the lowest accuracy (55.09%), involving a single occupant carrying
only one phone and one laptop. Under such sparse conditions, even minor detection
issues, such as missed advertising packets or temporary disconnections, can have a



substantial impact on accuracy. In contrast, Meeting 4 included only yet yielded 64.87%
accuracy, suggesting that smartphone behavior (e.g., unlocked condition) may have
played a positive role in BLE visibility.

Meeting 2 showed improved performance (69.88%) in a more balanced device
environment, with both smartphones and laptops present in equal quantities. This
indicates that the presence of multiple active device types helps to stabilize detection, even
with a moderate number of occupants. Meeting 5, which included the highest number of
occupants, resulted in the highest observed device count, achieving an accuracy of
72.63%. While not the highest overall, this meeting showcased the system’s ability to
handle denser scenarios reliably, reinforcing its suitability for use in moderately to heavily
occupied environments.

Meeting 6 provided a particularly insightful case, as it involved only laptops and no
smartphones. Surprisingly, this configuration yielded the highest accuracy among all
meetings with actual occupancy (94.91%). This result confirms earlier expectations that
laptops, due to their more consistent and frequent BLE advertising behavior when in
active use, are highly reliable for occupancy estimation using BLE. Lastly, the baseline
session with no occupants and no devices produced perfect results (100% accuracy),
confirming that the system did not generate false positives during extended non-
occupancy periods. This strengthens confidence in the method’s robustness and
suitability for energy-saving control in unoccupied spaces.

4.2.1.3 Regression models

After assessing the seven experiments along with their respective accuracy results, two
linear regression models were created to estimate occupancy using BLE device data.

The regression models presented herein were developed using the experimental data
previously described, which comprised a limited number of participants (varying from
one to three individuals) and a restricted set of Bluetooth devices (up to five in total).
Accordingly, these models are specifically tailored for conditions characterized by low
occupancy levels and a small number of devices. They embody the characteristics of the
aforementioned dataset, and their application is restricted to contexts with a comparable
number of occupants and devices. It is important to note that in scenarios where
individuals utilize multiple devices, the model may yield imprecise estimates of
occupancy levels. This limitation must be acknowledged when employing models in
practical applications.

The first model utilizes the count of smartphones and laptops as independent variables,
with the assumption that this information is readily available. This setup reflects the



controlled nature of the experiments, where the presence and category of each device were
observed manually. The regression yielded the following equation:

if Phones = 0 and Laptops = 0

0
Occupants = { 0.096 + 0.572 - Phones + 0.645 - Laptops if Phones or Laptops > 0

This model attained an R2 value of 0.880, signifying a very strong relationship. Both types
of devices positively influence the estimation, with laptops exhibiting a slightly higher
coefficient, a trend supported by the high accuracy in Meeting 6, which consisted solely
of laptops. Although this model is highly accurate, it depends on labeled data and is not
easily applicable to passive occupancy detection scenarios.

The second model was crafted for practical use, where only the total count of detected
BLE devices is available. It does not necessitate any labeling, user identification, or
knowledge about device types. This aligns perfectly with the thesis's objectives, which
concentrate on employing indirect methods to adjust building systems based on
estimated occupancy. The resulting equation is:

if Detetected Devices = 0

Occupants = { 0.119 + 0.794 - Detected Devices if Detetected Devices > 0

In spite of its simplicity, this model recorded an R2 of 0.874, indicating a strong
correlation between the total BLE device count and room occupancy. Its independence
from user validation makes it particularly suitable for real-time applications in smart
buildings, such as energy and ventilation management.

Importantly, the model's intercept is close to 0.12, which ideally should be near zero when
no devices are present. This slight offset may result from the architectural layout of the
monitored area: the room is next to a corridor and a meeting booth and is situated directly
beneath another office space. As previously mentioned in the report, these surrounding
factors might occasionally lead to brief detections of nearby BLE devices, especially if
signal leakage occurs through structural components. While minimal, this intercept
emphasizes the significance of sensor placement and environmental context in BLE-
based systems.

The initial experiment consists of two successive sessions, with the preliminary analysis
centering on the RSSI signal captured by the receiver throughout the day. During this



period, the Backstrom Conference Room was first devoid of occupants, followed by two
distinct meetings, and then reverted to an unoccupied condition.

4.2.2 BLE-RSSI Technique

The subsequent sections provide an overview of the findings and examination of the BLE
transmitter—receiver arrangement, emphasizing how the received signal strength
indicator (RSSI) fluctuates under various occupancy scenarios. This analysis investigates
both the raw and averaged RSSI trends across several experiments, illustrating how the
presence, placement, and movements of occupants influence the stability and intensity of
the signal.

The following examination of the RSSI-based occupancy detection experiments does not
encompass all the sessions conducted but instead focuses on specific experiments that
display notable traits or particular patterns of interest. These instances were selected
because they effectively illustrate critical aspects of the system’s behavior and underscore
the strengths and weaknesses of the method. The experiments presented are not
organized in strict chronological order; rather, they are analyzed in a logical sequence that
robustly supports the arguments and explanations regarding the method.

4.2.2.1 Initial RSSI Signal Behavior

The initial experiment consists of two successive sessions, with the preliminary analysis
centering on the RSSI signal captured by the receiver throughout the day. During this
period, the Backstrom Conference Room was first devoid of occupants, followed by two
distinct meetings, and then reverted to an unoccupied condition.
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Figure 33: Raw BLE RSSI signal data from Experiments 6 and 7 indicating noticeable drops associated with human
presence.



Through a visual examination of Figure 33 representing the signal strength over time,
several insights can be drawn. To begin with, even during the initial unoccupied phase
depicted in the graph, the signal exhibits a lack of complete stability. The RSSI hovers
around -52 dBm but occasionally falls below -55 dBm, even when no individuals are
present in the room. This observation emphasizes a key point: BLE signal strength is
naturally variable and can fluctuate due to various factors, including slight environmental
alterations, interference from other electronic devices, or reflections within the area.

This inherent variability in RSSI, even in an empty space, highlights the necessity of
implementing a smoothing technique such as averaging. Consequently, the analysis also
incorporates average RSSI figures calculated over 5-minute intervals. By averaging over
time, we can mitigate the effects of transient fluctuations and reveal a clearer trend in
signal behavior, which is particularly beneficial when trying to link changes in RSSI with
the presence or absence of people.

Moreover, it is noteworthy that the initial raw readings are logged every minute. In
contrast, the average data set provides a single representative value for each 5-minute
period. This methodology enhances the data's manageability and interpretability for
identifying patterns associated with occupancy.

4.2.2.2 Experiments 6 and 7

Figure 34 illustrating the average RSSI for Experiments 6 and 7 provides important
insights into how BLE signal strength varies during different occupancy times throughout
the day. Initially, the room is empty, and even in this stage, the signal strength experiences
natural fluctuations, which is typical in BLE systems due to factors like ambient
interference, reflections, or variations in the hardware. The average RSSI during this
unoccupied phase hovers just above -52 dBm.

Experiments 6,7: Signal Strength Averages
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Figure 34: Smoothed BLE signal (3-minute average) enhances clarity in detecting fluctuations during occupancy.



When two individuals enter the room, the signal significantly decreases, dropping below
-59 dBm. This reduction of roughly 7 dBm underscores the considerable impact that
human presence can have on BLE signal propagation. However, a trend is noticed when
the occupants exit the room. Rather than immediately bouncing back to its previous level,
the signal only increases to about -57 dBm. This indicates a type of lag or residual effect
in the signal's return, which could be linked to a gradual rebalancing of reflections in the
room or ongoing environmental influences. Observations suggest that the signal may take
some time to fully stabilize again after individuals leave, although this duration can vary
based on the specific experiment. During Experiment 7, when three people are present,
the RSSI unexpectedly rises above -57 dBm, contrary to the usual trend, possibly because
the occupants' proximity to the transmitter improved signal conditions. In the final
unoccupied phase from around 15:30 to 17:30-18:00, the signal stabilizes at
approximately -55 dBm, not returning to the earlier level of -52 dBm. This discrepancy
may be due to subtle changes in the room’s environment, such as moved furniture or other
factors affecting signal propagation. Overall, these observations stress the importance of
considering dynamic conditions when analyzing BLE signal data.

4.2.2.3 Experiments 4 and 5

The averaged RSSI values from Experiments 4 and 5, as shown in Figure 35, highlight
how occupant positioning and environmental conditions affect signal strength. Initially,
with no occupants, the signal measures around -53 dBm. In Experiment 4, with two
occupants present, the average RSSI drops to -59 dBm due to obstruction, and even after
the room is unoccupied, it only partially recovers to -54.67 dBm. Experiment 5 shows a
similar initial drop to -59 dBm, but later stabilizes at -58 dBm, likely due to the occupants
sitting on opposite sides of the table, allowing for a clearer signal path.

Experiments 4,5: Signal Strength Averages
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Figure 35: Trends in BLE signals during Experiments 4 and 5 reveal the effects of occupant positioning on signal
attenuation.



The averaged RSSI values from Experiments 4 and 5 highlight how occupant positioning
and environmental conditions affect signal strength. Initially, with no occupants, the
signal measures around -53 dBm. In Experiment 4, with two occupants present, the
average RSSI drops to -59 dBm due to obstruction, and even after the room is unoccupied,
it only partially recovers to -54.67 dBm. Experiment 5 shows a similar initial drop to -59
dBm, but later stabilizes at -58 dBm, likely due to the occupants sitting on opposite sides
of the table, allowing for a clearer signal path.

Notably, Experiments 4 and 6 yield similar RSSI levels of -59 dBm with two occupants on
the same side of the table. However, Experiment 6 used only two mobile phones, while
Experiment 4 included a laptop. This similarity suggests that the spatial arrangement of
occupants significantly impacts BLE signal strength, more so than the type or number of
electronic devices used.

4.2.2.4 Experiment 3

The average RSSI data from Experiment 3, presented in Figure 36, highlights how
occupant presence and arrangement impact BLE signal strength. In the unoccupied
phase, the average signal level is around -54.5 dBm, slightly lower than previous baseline
measurements, possibly due to changes in room layout. When a single occupant occupies
the room for the next three hours, the average RSSI is about -59.2 dBm, similar to earlier
tests with two occupants. This suggests that BLE signal strength may not directly correlate
with the number of individuals, as one well-placed person can significantly influence
signal quality.

Experiment 3: Signal Strength Averages
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Figure 36: RSSI response during Experiment 3 to occupant presence and their movements across space.



Later, as the room empties between 15:15 and 15:30, the RSSI increases slightly but does
not return to the initial baseline immediately, indicating that stabilization takes time. In
a subsequent 30-minute session with another occupant at the head of the table, the RSSI
drops further to around -60 dBm, demonstrating that this position causes greater signal
attenuation.

4.2.3 Signal Variability and Contextual Analysis Based on Standard Deviation and Average RSSI

In this segment, the fluctuation of the BLE signal was examined by utilizing the standard
deviation of the RSSI values gathered during each stage of the experiment. The focus of
the analysis is on linking signal stability (standard deviation) with signal strength,
occupancy arrangements, and contextual elements like occupant positioning and distance
to the BLE transmitter or receiver. The goal is to comprehend how these factors influence
the dependability and interpretation of RSSI signals in indoor settings.

Table 4: Overview of seven BLE-based signal tracking experiments, including duration, number of occupants, RSSI range,
average signal strength, and standard deviation.

Time Position of

Experiment Occupants St.DEV Avg. RSSI

Devices

(mins) (dBm) Occupants used

Unoccupied o) 1.10 58 -52.33 o)

2 3.05 39 -59.18 Side by Side 2

3 2.01 52 -57.04 Opposite sides (close 3

to transmitter)

2 3.86 36 -59.21 Side by Side 3

2 3.09 46 -59.21 Opposite sides 4

3.1 1 2.62 120 -59.27 Board side 2

3.2 1 2.73 20 -59.98 Head of Table 2

Between 0] 2.29 73 -56.31 0
Experiments

As presented in Table 4 during unoccupied periods, the RSSI signal shows low
fluctuations. For instance, in the pre-Experiment 6 phase, the standard deviation is 1.10
dB with an average RSSI of -52.33 dBm, indicating stability and strength in the absence
of people.

When occupants are present, the standard deviation increases. In Experiment 6, with two
people seated together, the standard deviation is 3.05 dB, and the RSSI drops to -59.18
dBm, highlighting the impact of human presence on signal strength and variability.



Experiment 4, with two occupants side by side, shows even higher variability at 3.86 dB,
potentially due to increased movement or obstructions.

In scenarios where occupants face each other, differences arise. Experiment 5 shows a
standard deviation of 3.09 dB, while Experiment 7, with three individuals across from
each other, records a slightly lower standard deviation of 2.91 dB and a higher RSSI of -
57.04 dBm. This may be because the three occupants were closer to the BLE transmitter,
allowing for better signal transmission.

Experiment 3 compares two seating arrangements for a single occupant. In Experiment
3.1, seated midway along the table, the standard deviation is 2.62 dBm, and the RSSI is -
59.27 dBm. When the occupant moves to the head of the table in Experiment 3.2, the
standard deviation increases to 2.73 dBm, with a slightly lower RSSI of -59.98 dBm.
During transitional periods after occupancy, the signal stabilizes with a standard
deviation of 2.29 dBm and an average RSSI of -56.31 dBm, indicating that the signal takes
time to stabilize after occupancy.

4.3.3 Limitations of the BLE-RSSI Technique for Occupancy Counting

While the BLE-RSSI technique showed sensitivity to the presence of occupants, evidenced
by signal attenuation and increased variability during occupied times. The experimental
findings suggest that this approach lacks the necessary reliability for precise occupancy
estimation. The signal strength experienced significant fluctuations even during
unoccupied periods, with standard deviations reaching as high as 1.10 dBm in empty
sessions and exceeding 3.0 dBm when occupants were present. More importantly, the
average RSSI did not consistently relate to the number of individuals in the room.
Additionally, the unpredictable nature of the signal, exemplified by the RSSI increasing
during some meetings despite higher occupancy, highlights the method's drawbacks as
an independent estimator. In contrast to the BLE device counter, which attained high
regression accuracy without needing labeled data, the BLE-RSSI technique failed to
establish a reliable mathematical relationship between signal metrics and occupancy.
Consequently, it was excluded from the development of predictive models in this thesis.



Chapter 5

5. Energy Simulation Results

The main objective of the energy simulation was to investigate how varying occupancy
schedules affect energy demand within building models. Two scenarios were examined:

« A Baseline Scenario, utilizing standard occupancy profiles that are typically assumed in
building simulations guided by generalized schedules.

» An Adjusted Scenario, which integrates real-time occupancy data gathered during the
study.

The aim was to compare these two scenarios to determine if utilizing actual occupancy
profiles could result in a more precise depiction of energy consumption trends and
possibly lower overall energy demand in the building model.

The Backstrom Room is situated in the middle of the building, completely surrounded by
other climate-controlled areas, such as offices, laboratories, dining facilities, and
hallways. These neighboring spaces keep temperatures stable between 21°C and 25°C,
creating a thermally comfortable environment. The room lacks windows and direct
exposure to outside weather conditions, which reduces the effects of external climates and
lessens the requirement for active heating or cooling. The indoor temperature
consistently hovers around 21°C, primarily maintained through thermal interaction with
adjacent spaces.

Ventilation in the room is facilitated by a Constant Air Volume (CAV) system that delivers
air at a consistent temperature of 17°C year-round, unaffected by outdoor conditions or
seasonal changes. Although the Backstrom Conference Room lacks dedicated heating or
cooling units in reality, the energy simulations included Ideal Heating and Ideal Cooling
Units to estimate theoretical energy demands and potential energy savings. This method
enables an assessment of the thermal loads that would be necessary to maintain comfort
levels, even though in practice, the room’s temperature is mainly affected by heat transfer
from adjacent areas and a constant supply of ventilation air by the HVAC system.

5.1 Energy Consumption Analysis

The overall energy consumption for HVAC in the Backstrom Room is determined by
adding up the energy demand from the Mechanical Supply Air, heating and cooling
system, as well as the lighting and equipment. Also, internal gains, generated not only by
occupants, but also from lighting and equipment, are not included as direct energy inputs



in this assessment but play a vital role in affecting the thermal load and system
functionality.

In the Baseline Scenario, the Mechanical Supply Air system provides an annual energy
value of 1676 kWh. The heating device contributes 0 kWh, while the cooling device
presents a cooling load of 47 kWh.

The limited utilization of the cooling device is anticipated, as the Baseline Scenario
incorporates higher internal gains following the EN 16798-1 standard, resulting in excess
heat in space. The Mechanical Supply Air system, which delivers air at 17°C, serves as the
main source of cooling. Nevertheless, because of the increased internal gains, the
Mechanical Supply Air alone cannot completely counterbalance the heat load.
Consequently, the model engages the cooling device to offer an extra 47 kWh of cooling
throughout the year. This demonstrates the effect of elevated internal gains on the
system's energy demands: when the internal load surpasses the ability of the supply air to
maintain comfort, active cooling becomes necessary. The total energy consumption for
HVAC in the Baseline Scenario is determined as follows:

Annual Total Energy Consumption = Mechanical Supply Air + Heating Units + Cooling
Units + Equipment + Lighting = 1,676 + 0 + 47 + 757 + 404 = 2,884 kWh.

In the Adjusted Scenario, the Mechanical Supply Air yields an annual energy contribution
of 1,005 kWh, the Ideal Cooling Units provide 0 kWh, and the Ideal Heating Units add
147 kWh. Thus, the total HVAC energy consumption in the Adjusted Scenario is:

Annual Total Energy Consumption = Mechanical Supply Air + Heating Units + Cooling
Units + Equipment + Lighting = 1,005 + 147 + 0 + 41 + 147 = 1,340 kWh.
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Figure 37: A breakdown of annual HVAC energy consumption for the Backstrom Room is categorized by component:
Mechanical Supply Air, Heating Units, Cooling Units, equipment, and lighting. In both scenarios, the Mechanical Supply
Air is the main contributor to energy consumption.



Figure 37 illustrates the energy consumption by component in both Baseline and Adjusted
scenarios. The annual energy usage for the Backstrom Room is 2,884 kWh in the Baseline
Scenario and 1,340 kWh in the Adjusted Scenario. This indicates a significant decrease in
total energy consumption when actual occupancy data is used rather than standard
assumptions. It is crucial to highlight that this variation results from employing two
distinct scenarios, one following EN 16798-1 standards and the other utilizing actual
occupancy data, rather than comparing different HVAC control systems or technologies.

The notable distinction in energy usage between the Baseline and Adjusted scenarios, can
be attributed not only to the thermal requirements needed to keep suitable indoor
conditions in the Backstrom room but also to the heightened energy consumption for
equipment and lighting in the Baseline. Given that Baseline presumes a significantly
larger occupancy, the internal gains and the corresponding energy usage for lighting and
equipment are considerably greater than those in the Adjusted scenario. This combined
effect accounts for the substantial difference in total energy consumption between the two
scenarios.

5.2 Internal Gains and Thermal Loads

Internal gains from people, equipment, and lighting greatly influence the operation of the
system, although they are not part of HVAC energy consumption directly. In the Baseline
Scenario, the elevated internal gains lessen the heating requirement while increasing the
cooling demand through the Mechanical Supply Air system. Conversely, in the Adjusted
Scenario, internal gains are calculated based on actual occupancy data, resulting in
decreased thermal loads and a minimal heating requirement. Figure 38 shows graphically
the internal gains from occupants, equipment, and lighting for both Baseline and
Adjusted scenarios.
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Figure 38: A comparison of internal gains from occupants, equipment, and lighting for the Backstrom Room between the
Baseline Scenario and the Adjusted Scenario. The Baseline Scenario is characterized by higher occupancy levels,

extended operating hours, and increased equipment use, leading to significantly higher internal gains when compared to
the Adjusted Scenario.

The analysis reveals that the energy profile of the Backstrom Room is primarily influenced
by the functioning of the Mechanical Supply Air system, which operates with a constant
supply temperature of 17°C. Additionally, the thermal stabilization offered by adjacent
areas plays a pivotal role. These neighboring spaces maintain steady temperatures
ranging from 21°C to 25°C, which reduces the necessity for active heating or cooling and

highlights the critical nature of precise internal gain modeling in energy simulation
efforts.



Chapter 6

6. Conclusions and Future Work

6.1 Conclusions

The comparative evaluation of occupancy detection techniques revealed significant
disparities in responsiveness, accuracy, and robustness when implemented in real-world
environments. Among these techniques, CO2-based detection emerged as the most
reliable singular indicator of human presence. Its responsiveness to occupancy events was
both prompt and consistent across all monitored sessions, which corroborates findings in
existing literature that highlight CO2 as the most indicative environmental proxy for
occupancy, primarily due to its direct association with exhalation activity. A strong
correlation (R2 = 0.98) was established between COz2 levels and actual headcount, thus
confirming its sensitivity over time as well as its quantitative capabilities.

Conversely, temperature and relative humidity exhibited delayed responses and a weaker
correlation with occupancy. It is crucial to note that the aforementioned measurements
were conducted in a fully enclosed room, with no direct influences from external
conditions such as solar gains and window ventilation, which affect environmental
variables. The usage of this specific conference room was strategically assigned due to the
absence of external influences, in order to link temperature and humidity alterations to
occupancy events. However, it appears that factors such as the operation of the HVAC and
external environmental conditions significantly affect the measurements, a fact that
makes these specific methods inaccurate for occupancy detection. The temperature
pattern indicated a gradual thermal accumulation with minimal correlation to headcount,
while RH fluctuations were significantly influenced by seasonal and ventilation-related
variables. Notably, RH did provide valuable supplementary information for detecting
varied air conditions, particularly when analyzed in conjunction with temperature.

The significance of sensor positioning was also affirmed. Ceiling-mounted sensors were
able to detect changes in temperature and humidity more promptly, yet they consistently
recorded lower RH and higher temperatures than their wall-mounted counterparts. The
wall sensor, situated closer to the breathing zone, offered more stable and relevant data
regarding occupancy. This observed vertical differentiation aligns with existing literature
and underscores the sensitivity of environmental measurements to spatial placement.

Furthermore, Bluetooth Low Energy (BLE)-based methods provided additional insights.
The BLE device counter method demonstrated high accuracy in detection (for a limited



number of occupants and devices) and established a robust correlation with occupant
numbers, proving reliable across varying conditions. This method performed effectively
due to its low latency and minimal sensitivity to thermal dynamics or ventilation
influences. In contrast, the BLE Received Signal Strength Indicator (RSSI) method, which
was anticipated to deliver detailed spatial resolution, did not establish a stable
quantitative model for occupant counting. Contrary to prior literature that suggested a
strong correlation between RSSI and crowd density, this research indicated that signal
strength was more significantly affected by the location and posture of occupants than by
absolute numbers. The recovery time of RSSI following the departure of an occupant also
exhibited considerable delays, thereby introducing temporal uncertainty.

In general, the most efficient and dependable detection techniques were those that
directly linked to human presence (COz2 levels, BLE device count) with minimal reliance
on environmental conditions. More straightforward sensing methods produced more
trustworthy outcomes than complex interpretations of environmental signals, indicating
that it is possible to implement cost-effective and scalable solutions with little
compromise on accuracy.

Interactions with the environment significantly influenced sensor performance. The
propagation of carbon dioxide (CO2) was affected by adjacent areas, particularly during
periods when doors were open, resulting in temporary fluctuations that manifested as
false peaks or dips in concentration. These variations underscore the necessity of
contextualizing environmental data within the framework of spatial arrangements.
Similarly, signal spillover from Bluetooth Low Energy (BLE) devices in nearby rooms and
corridors resulted in occasional false positive detections, especially when devices were
positioned just outside the monitored area.

It is crucial to understand that the sensors utilized in this research were not individually
calibrated prior to their deployment. Consequently, the precision of the absolute
measurements might be constrained. Nevertheless, the main aim of this thesis was not to
acquire exact environmental data, but rather to explore the relationships among variables
and evaluate their potential for presence detection. The linear regression model created
was not designed to serve as a definitive predictive instrument, but rather acted as a
quantitative method to illustrate and reinforce these relationships.

The findings from the IDA ICE simulation indicate that the energy demand in the
Backstrom Room is predominantly satisfied by the Mechanical Supply Air system. This
outcome highlights the thermally regulated characteristics of the space, which is
surrounded on all sides by adjacent conditioned areas that maintain stable temperatures.
As a result, the contribution of the heating and cooling units is minimal in both scenarios
examined.



The disparity in annual energy consumption, 2,884 kWh in the Baseline Scenario
compared to 1,340 kWh in the Adjusted Scenario, is directly linked to the internal heat
gains defined that affect the indoor environmental conditions, but also to the time
schedule of the equipment and lighting for each scenario. The Baseline Scenario is
predicated upon standardized assumptions derived from EN 16798-1 guidelines, which
lead to significantly higher internal loads. In contrast, the Adjusted Scenario reflects
actual occupancy and equipment usage. These findings underscore the considerable
impact that assumptions regarding internal gains can exert on energy performance.

6.2 Limitations

This study faced several limitations that adversely affected the accuracy and reliability of
occupancy detection. Each sensor operated with an estimated error margin of +5 percent,
and the ceiling-mounted COz2 sensor was unable to provide data for the duration of the
entire campaign. The logging interval of 10 minutes restricted the temporal resolution,
thereby impeding the assessment of detection timing and transition dynamics.
Environmental indicators such as COz2 levels and relative humidity (RH) reflected indirect
signs of occupancy and were sluggish in signaling when occupants vacated the space,
occasionally suggesting continued occupancy erroneously.

The placement of sensors also impacted the results: the wall-mounted sensor, positioned
at breathing height, was not optimally located, resulting in limited sensitivity; conversely,
the ceiling sensor, despite delivering quicker readings, was affected by stratification.
Additionally, the BLE device counter was implemented midway through the study and
was not fully optimized, employing a less conservative Received Signal Strength Indicator
(RSSI) threshold (for instance, —50 dBm) could have reduced the incidence of false
positives. Accurate identification of occupants was constrained by the decision to avoid
MAC address tracking due to privacy concerns. Ground truth data was only accessible
during meetings, which restricted accuracy evaluations to predefined timeframes and
excluded assessments throughout the entire day. Moreover, the IDA ICE simulations
relied on pre-existing models with assumed internal gains and infiltration, rendering the
findings suitable for relative scenario comparisons but inappropriate for absolute
performance evaluations.

6.3 Future Work

Future research endeavors should focus on enhancing the temporal resolution of sensor
readings, ideally to intervals of one minute, to more effectively capture occupant
movements and accurately evaluate detection delays. Additionally, improving the
placement of environmental sensors, at breathing level and closer to the center of the



room, will enhance their capacity to respond to local variations in occupancy. The
inclusion of continuous ground truth data, even in anonymized formats, would enable a
more comprehensive assessment of detection accuracy across all periods, rather than
solely during planned events.

Another critical area for exploration is the implementation of HVAC control strategies
driven by occupancy, facilitating real-time energy optimization informed by sensor data.
While temperature and relative humidity sensors have limitations regarding presence
detection, further investigation into their utility for understanding activity levels or
evaluating indoor air quality is warranted, particularly when integrated with other
features in machine learning models. The use of volatile organic compound (VOC) sensors
with ppb resolution could enable more thorough evaluations of air quality in spaces that
are sensitive to varying levels of activity.

Moreover, as the results for the BLE-device Counter method were promising, the model
could be trained using more experiments including high occupancy events to extract more
solid results about the possibilities of the method as an occupancy detection technique.
Also, enhancing methods that rely on Bluetooth Low Energy (BLE) Device Count through
an anonymized and persistent tracking of MAC addresses would allow for the
identification of behavioral presence trends over time, distinguishing between regular
users and occasional visitors. Such data could significantly contribute to predictive
building operations, optimize space utilization, and even facilitate the provision of
personalized services in communal workspaces, educational institutions, or wellness
facilities. This approach could markedly improve non-intrusive occupancy modeling
while maintaining user privacy.

Furthermore, future research endeavors could investigate the influence of internal gains
and occupancy patterns on spaces that are directly exposed to external conditions and not
influenced by surrounding areas. Analyzing a space where thermal characteristics are
predominantly governed by its own usage and internal loads would provide a clearer
understanding of the relationship between internal gains, HVAC performance, and
energy consumption. This approach could also facilitate a more straightforward
evaluation of the effects of various ventilation strategies, such as constant air volume
versus variable air volume, and improve the modeling of occupancy-based control
systems in a self-contained thermal environment.
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