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Abstract. This paper presents a sensor-based system for detecting room
occupancy at a university to identify underutilized spaces and optimize
energy consumption for heating and cooling. A novel approach is the
categorization into 3 long term occupancy categories simplifying deci-
sion making for the operators. By distinguishing between frequently and
infrequently used rooms, the system enables targeted control of HVAC
systems, allowing for energy savings without affecting user comfort or
academic scheduling. Data is collected from various types of sensors,
including motion, temperature, humidity and COgz sensors, installed in
lecture halls, labs, seminar rooms, and study areas. The collected data
is processed and analyzed using machine learning techniques to detect
occupancy patterns and usage anomalies. The system enables dynamic
space management and informs facility managers, allowing unused rooms
to be excluded from unnecessary climate control. Results show significant
potential for energy savings without compromising user comfort. The ap-
proach demonstrates how smart building technologies can contribute to
sustainable campus operations and efficient energy use. Employed ML
algorithms reach an accuracy value of 91% and enable reliable catego-
rization of occupancy states.

Keywords: Energy efficiency - Room occupancy detection - HVAC op-
timization.

1 Introduction

Efficient use of building space and energy resources is a growing priority for
Universities seeking to reduce operational costs and meet sustainability goals.
This paper presents a novel system designed for long-term occupancy analysis,
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tailored specifically to support non-expert users such as building superintendents
and facility managers in making informed planning decisions.

Numerous studies have proposed sensor-based systems and Machine Learn-
ing detect room occupancy and optimize HVAC (heating, ventilation, and air
conditioning) control in real time. For example, in [1] an ML approach is pre-
sented, however in a single living room deployment which is not comparable to
the university situation. [4] employs a single PIR sensor again in a single room
scenario. The paper focuses more on hardware performance issues. Paper [5] uses
multiple sensors in a single room to estimate the number of persons with high
accuracy, but with high deployment effort. A factory scenario in [3] is related to
the univerity scenario and the authors have performed measurements for a week,
but report issues with the IR camera technology. A building energy dashboard
is proposed and investigated in [2], but no occupancy detection is performed. In
general,most of the approaches in the literature focus on short-term occupancy
detection and automated response systems, often targeting technical experts and
facility engineers.

In contrast, the proposed system monitors room usage over weeks and months
using distributed environmental sensors (E. g. motion detectors, temperature,
humidity and COs sensors). Besides the long term analysis and the targeted
audience, another important feature is the machine learning based occupancy
detection algorithm that remains robust even in the presence of incomplete or
missing sensor data. It allows the system to deliver reliable insights despite
common real-world limitations such as sensor faults or coverage gaps.

To ensure usability by non-specialist staff, the system includes an intuitive,
web-based dashboard that visualizes long-term occupancy statistics, highlights
underutilized rooms which are unnecessarily heated/air conditioned, and enables
data-driven scheduling and space planning. Rather than automating control sys-
tems directly, our approach enables strategic decision-making aimed at long-term
energy efficiency and optimized space utilization. This paper details the system
architecture, machine learning methodology, and results from a deployment on
a university campus.

2 Description of Data Analysis

2.1 Sensors

The system currently uses temperature, humidity, CO5 level and movement (PIR
sensor) data. The data is provided by microcontroller based battery/solar pow-
ered sensors of own manufacture. The larger sensor comprises an ESP32 micro-
controller with WiFi and various other environmental sensors like temperature,
humidity, illumination, air quality and more. The smaller one is Atmega328p
based, comprises PIR, CO5 and DHT22 temperature and humidity sensors, and
runs on very low power, as long as the COs sensor is activated only a few times
per hour. Connection is established by LORA radio. The sensors are typically
mounted at the ceiling such that they can not be easy accessed by unauthorized
people (Figure 1).
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Fig. 1. Sensor deployment. Left: Sensor prototype mounted at ceiling. Right: Classrom
Situation.

Fig. 2. Example data set, measured from 0:00 until 23:59 Red: Temperature, Blue:
Humidity, Green: CO2, Yellow: Movement.

Figure 2 represents a typical weekday dataset of a lecture room. Regular lec-
tures took place between 8:00 and 13:00 and 16:00-18:00. Movement is already
detected if students sit at their place and take notes or make else slight move-
ment. People in the room let increase the COq level continuously. Starting at
about 10:00, ventilation took place by opening the windows. Due to loud outside
noise, the windows were not opened all the time but only periodically, such that
the COs level stayed more or less constant. After the lecture, CO5 decreased with
a typical decay slope. Temperature increased with people being in the room, and
the relative humidity decreased accordingly. On the right side, CO2 stays high
even when there is no movement. This is attributed to the limited coverage of
the PIR sensor, which does comprise only parts of the hall, so that occupancy
is detected by COs only.
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2.2 Data Labeling
For further processing, labels for annotation of the measurements were defined:

— Label 0: no people are present in a room.

— Label 1: the room is only sparsely occupied, e.g. the occupation is below
15% of the room capacity.

— Label 2: the room is occupied (Lecture, Training, Group Work etc.), e.g.
the occupation is 15% or above.

Note that the value “15%” has been defined by observing actual situations at
the authors university and other values might be more useful on other campus.
With this definition, training- and validation data has been recorded and labeled,
either by manual observation of the occupancy or by using the room schedules.
Labeled data sets comprise also sets with missing CO5 data and with missing
PIR-movement data. The time granularity of the labeling is 15 minutes.

2.3 Evaluation of ML algorithms

Several occupancy detection ML algorithms have been investigated and most of
them showed reasonable results (Figure 3):

0.91 091 0.91 0.91
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0.1, Recall
0.8 W Fl-Score

Fig. 3. Detailed evaluation of algorithms for model “difference”.

Particularly noteworthy are the GaussianNB and logistic regression models,
which achieved an F1 score of around 91% and best values for the three eval-
uation metrics. Due to the excellent performance and simplicity of the model,
logistic regression was chosen as it offers high efficiency and interpretability for
binary classification tasks such as this one. Another advantage of logistic re-
gression compared to Naive Bayes (GaussianNB) is that it makes fewer strong
assumptions about the distribution of the data and is therefore more flexible
with respect to different data sets
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Fig. 4. Extraction of 2h occupation levels (0..2). Scenario: medium occupance between
8..14 h (High movement, students coming and going, temp. and humidity staying con-
stant). 14..16 h: High occupance (Temp. and humidity rising but movement is lower
since written exams have been negotiated).

2.4 Postprocessing

In order to further process the occupation data, a two-hour block occupation is
extracted. It is categorized in 3 Levels (see also Figure 4). The two hour timespan
reflects the typical occupation rhythm of classes and reduces the amount of data,
which is helpful if long records of a whole semester are regarded. The levels are
assigned according to the following rules:

— Level 0: No people are present in the room, or samples with label 1 were
recorded for a maximum of 10 minutes. This allows short entries into the
room, e.g. by cleaning staff, to be filtered out.

— Level 1: Samples with label 1 were recorded for more than 10 minutes. This
is classified as “medium” occupancy.

— Level 2: Samples with label 2 occur for more than 30 minutes or at least
10 minutes of label 1 and 10 minutes of label 2 were recorded.

These Levels are used for generation of long-term statistics, which can be ac-
cessed by the Dashboard.
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3 System and User Interface

3.1 System Overview
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Fig. 5. Left: System overview. The data processing engine comprises the ML Model
and algorithms. Right: User interface, selected view is “energy state”. Red: Unnecessary
air conditioning / heating detected over the selected weeks.

The Systen comprises sensors, gateways, a server where the NodeJS / Angular
application is running, a database, a processiong engine for data analysis, and a
web interface to allow connecting from a browser. The sensors transmit their data
in a 30 sec. interval via LORA to the gateway, which forwards the message to
the server. The server stores the data in the database and triggers the processing
in order to get aggregated data with the corresponding 2 hour level information
(Figure 5 left).

3.2 Dashboard

The server provides a user interface (Figure 5 right) which displays the long-term
state of the rooms. Aggregated values of the 2 hour levels are compiled into colors.
There are two different modalities: occupation view and energy waste view. The
colors in energy waste view indicate:

— green: frequently used room - no energy wasted.

— orange: occupancy is below green threshold, possible indication of energy
waste.

— red: Red: room is conditioned and usage is minor, action is encouraged.
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The Time interval, e.g. begin- and end date of the interval to be analyzed, can
be configured and will typically cover several weeks to allow a profound measure.
Further views include current room occupation levels and displaying the recorded
sensor data of a selected room.

4 Results and Conclusion

This paper presents a robust sensor-based system for long-term room occupancy
monitoring in large educational buildings, demonstrating its potential to sig-
nificantly improve HVAC energy efficiency. By combining environmental sensor
data with machine learning algorithms, the system enables accurate long term
occupancy classification even under conditions of partial data loss. The deploy-
ment on a university campus confirms that the approach is both technically
feasible and practically useful. Through its user-friendly dashboard, the system
empowers non-expert facility managers to make data-driven decisions regard-
ing space utilization and climate control. Overall, the approach offers a scalable
and sustainable solution for reducing energy consumption without compromis-
ing user comfort, and it represents a valuable contribution to the development
of intelligent campus infrastructure
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