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ABSTRACT

Global floor area is increasing every year which is
subsequently leading to an increase in electricity and
heating demand in buildings. Residential buildings have
huge potential for energy savings and there is an
immediate need to decarbonize them by the end of
2050. Machine learning is finding application across all
fields and will thus have an important role to play in the
building sector also. One of the important challenges
that building owners need to tackle is occupancy
detection in residential apartments which can help save
considerable amounts of energy and costs. However,
occupancy is highly variable, and it is difficult to quantify
and predict occupancy because of the random and
individualistic nature of humans. In addition, scalable
approaches for occupancy detection should prioritize
data from common and cost-effective sensors like
temperature sensors. In contrast to existing literature
which has stated that occupancy detection based on the
data from a single environmental sensor is not
appropriate for obtaining good results, this paper aims to
detect occupancy in a real residential building using only
indoor temperature as the feature to train the model.
Different machine learning models and techniques are
studied and tested to understand how the accuracy of
occupancy detection can be increased. With the right
techniques, it has been possible to obtain promising
results in the form of an accuracy of 95% using machine
learning models and only indoor temperature to train it.
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NONMENCLATURE
Abbreviations
Al Artificial Intelligence

LSTM Long Short-Term Model
RNN Recurrent Neural Network
RF Random Forest

Symbols
Lv1 Living Room of Apartment 1
LV2 Living Room of Apartment 2
K1 Kitchen of Apartment 1

1. INTRODUCTION

Building operations contribute to 26% of global
energy-related emissions of which 18% emissions result
indirectly from the generation of electricity and heat for
use in buildings (IEA, 2023). As the floor area increases
steadily, the requirement for electricity and heating is
also escalating. In order to restrict the emissions from
buildings according to the Net Zero Emission goal by
2050, energy efficiency improvement is crucial in all
buildings. Residential buildings have shown significant
potential for energy savings with retrofitting and
flexibility being some of the most effective measures to
improve efficiency.

One of the most useful applications of digital twins
for residential buildings is in predicting occupancy
pattern and adapting the building operations to improve
energy efficiency in the most optimized manner. This
helps to improve energy management of the building
and provide adaptive intelligence to residential modern
buildings (Sayed et al., 2025). Predicting occupancy
accurately can optimize various systems in the building
such as lighting, heating, cooling and ventilation systems,
boosting the overall comfort of the occupant along with
energy and cost savings.

Predicting occupancy can be challenging due to its highly
dynamic variations which depend on the behavior of
individual inhabitants. Some of the most common
methods for predicting occupancy is using motion
sensors and cameras which help to estimate occupancy
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with good level of precision. A camera-based occupancy
detection technique has been used by Ahmed et al.
(2025) which led to 40% of energy savings in a week.
However, these methods can lead to breach in privacy of
the occupants and risks in security in the form of
cyberattacks and data misuse. Therefore, occupancy
detection based on environmental sensors is now getting
more favored. Several studies have shown that there is a
strong  correlation between  occupancy and
environmental parameters such as temperature, carbon
dioxide and relative humidity with CO2 having the
highest correlation with occupancy. It is explicitly
mentioned that a single environmental sensor is not
sufficient to obtain good results for occupancy detection
(Chitnis et al., 2025). Most works have used a
combination of two or more environmental parameters
since a single parameter is sometimes not enough to
obtain reliable prediction results (Tsanousa et al., 2023).
Factors such as illuminance and sound pressure level
have also been used by Banihashemi et al. (2023) along
with CO2, temperature and air quality for predicting
occupancy without intruding the privacy of the dweller.
Colace et al. (2023) have used data-driven models using
artificial  intelligence techniques by combining
environmental parameters such as CO2, temperature
along with motion sensors for predicting occupancy
during short term and long term.

In Sweden, 70% of the buildings are residential and
are built before the 1990s with a significant percent of
them built before the 1980s (Buildings Performance
Institute Europe, 2017). Even though fusion of different
environmental parameters increases the accuracy of the
occupancy prediction, older buildings lack inbuilt loT
environmental sensors which are necessary for
occupancy prediction. Installing new sensors in all the
buildings is resource and cost intensive for building
owners. However, most of the buildings across Sweden
are equipped with at least temperature sensors and they
are cheaper to install in new buildings. Therefore,
occupancy detection using only indoor temperature
sensor value as the main training feature of the machine
learning model is highly relevant especially from the
building owner’s point of view. The novelty in this paper
is the use of machine learning and other techniques to
make it possible to detect occupancy using only indoor
temperature in contrast to existing literature that
supports combination of numerous sensors.

2. METHODS AND MATERIALS
The case study is conducted in the residential
apartments in the KTH Live-In lab in Stockholm, Sweden

which consists of single room apartments with a
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Fig. 1 Floor Plan of an Apartment in KTH Live-In Lab
(KTH Live-In Lab, 2022)

kitchenette (KTH Live-In Lab, 2022). These apartments
are equipped with various types of sensors for measuring
different indoor parameters as in Fig. 1, however, for this
work, the data from only the temperature and the
motion sensor on the door are used. The flowchart of the
occupancy detection process using machine learning and
other techniques are in Fig. 2. For training the model,
there should be some ground truth data for occupancy
along with temperature that can be obtained either
manually or using sensors such as the ones on doors and
windows for detecting motion. The sensor data during
the month of May in 2020 (LV1) from the living room one
of the apartments (Apartment 1) is used to train the
machine learning model. The dataset contains three
values; datetime’ for indicating the timestamp of each
entry, ‘temperature’ which is the value from the sensor
measuring the indoor temperature of the apartment’s
living room or kitchen and ‘occupancy_state’ indicating
either 0 (no presence) or 1 (presence) in the living room
or kitchen of the apartment during each timestamp.
Three different models, LSTM, RNN and RF are
developed to compare accuracy when trained with
indoor temperature. Validation is done on 10% of the
training dataset that is hidden from the model in the
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Fig. 2 Flowchart for Occupancy Detection



beginning of the process so that the model is not biased.
Cross room validation is conducted using living room
datasets of another apartment (LV2) and on the kitchen
dataset (K1).

The sensor data is not uniform in terms of time
resolution since these sensors produce a value only
when there is a corresponding change in the parameter
they measure. This demands resampling of the training
data to improve the time resolution of the training data.
In this study, the occupancy column in the training data
is resampled using fill-forward technique so that the
missing timestamps take the value corresponding to the
timestamp right before. The time resolution of the
datasets is 5 minutes. Temperature is interpolated to fill
the missing timestamps so that changes are gradual.

3. THEORY

Cyclical encoding is applied while training the
machine learning models for enhancing accuracy since
using only temperature for occupancy detection is
colloquial. Timestamp is a crucial parameter in
occupancy detection and several repeating human
behavior patterns can be obtained from it, such as
occupancy during night or absence during work hours.
Cyclical or cylindrical encoding is used to represent
entities that have cyclical or temporal relationship rather
than a linear relationship (Feng & He, 2023). For
example, since December is represented as 12, and
January as 1 and February as 2 on a linear scale, the
distance between January and December is much bigger
than that between January and February, even though
they should have been the same. This can be
represented correctly if cyclically encoded using
equations below:

i
gmonth sinZnE wherei=1,2,...,12

i
cmonth — cosZnE wherei=1,2,...,12

In this way, a timestamp is separated into minutes,
hours, days, weeks and months and cyclical encoding is
applied for all of them to capture cyclical patterns in the
best way.

Another machine learning technique used for
better prediction accuracy is transfer learning (Dridi et
al., 2022). This method is useful when there is not
enough data to train a model. Instead of starting from
scratch, the model is trained using a source dataset in
order to predict the outputs of a target dataset. In this
study, since there is data from one of the living rooms, it
can be used to train the model and predict the occupancy
of another room which does not have enough data to
train the model from scratch. One method of transfer

learning that is used in this work is pre-training or fine-
tuning where a small part of the target dataset is used to
train the model to predict the occupancy of the
remaining part of the target dataset. Other transfer
learning methods such as Principal Component Analysis
(PCA) and sparse coding-based method are not used
currently in this work but are effective for occupancy
estimation and activities recognition.

In order to measure accuracy of the machine
learning model after predicting occupancy, Mean
Absolute Percentage Error (MAPE) is calculated since the
output of the prediction is either 0 or 1. MAPE at each
data point is calculated using the difference between
actual ground truth value (Actual) and the predicted
value (Forecast) over total number of actual data points
as below:

MAPE =

|Actual—Forecast|
|Actual|

x 100

4. RESULTS

An LSTM model with 50 units is developed with
Rectified Linear Unit (ReLU) and sigmoid activation
functions. The batch size is set to 32. Since the output
needs to be either 0 (for unoccupied timestamps) or 1
(for occupied timestamps), a threshold of 0.5 is used to
convert any other values of the output to O or 1.

As a first step, a raw dataset of LV1 without
resampling has been used to validate the machine
learning model. Without any resampling of the dataset
or cyclical encoding, validation on 10% held-out dataset
resulted in an accuracy of 71% as in Fig. 3.

Cyclical encoding increased the accuracy from 71%
to 89% when the raw dataset was used. In order to
improve the accuracy, dataset for LV1 is resampled and
cyclical encoding is applied after parsing the timestamp
into minutes, hours, weeks and months. This led to an
increase in the validation accuracy of the 10% held-out
dataset of LV1 to 94% as in Fig. 4.

Actual vs Predicted Occupancy (First 100 Test Samples)
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Fig. 3 Actual vs Predicted Occupancy for 10% Validation
Set without any Resampling or Cyclical Encoding for LV1

For analyzing how the model behaves between different
rooms and apartments, a new dataset different from the



dataset used for training is introduced as the validation
dataset. The model is trained using dataset for LV1 and
dataset for LV2 is used for validating the model.

This resulted in an accuracy of 50% across the
entire validation dataset as in Fig. 5.

Actual vs Predicted Occupancy (Validation Set - First 100 Samples)
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Fig. 4 Actual vs Predicted Occupancy for 10% Validation
Set with Resampling and Cyclical Encoding for LV1
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Fig. 5 Actual vs Predicted Occupancy for Validation on
Dataset for LV2 without Transfer Learning

To increase the cross-room validation accuracy,
resampling and cyclical encoding were applied which
increased the validation accuracy to 80%. However, since
this accuracy needed to be enhanced further, transfer
learning was applied. This means that instead of training
the model entirely from a new training dataset from

Actual vs Predicted Occupancy in Target Room - LV2 (First 350 Samples)
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Fig. 6 Actual vs Predicted Occupancy for Validation on
Dataset for LV2 with Transfer Learning

scratch, an already trained model is used to predict the
output of the target dataset like LV2. Using fine-tuning or
pre-training, some part of the target dataset LV2 is
exposed to the model which is already trained using
dataset LV1. In this case, 90% of the validation dataset
LV2 is hidden from the model until the end and 10% is
exposed to pre-train the model to understand the nature

of the target dataset. This technique considerably
increased the validation accuracy of dataset LV2 to 95%
asin Fig. 6.

When transfer learning is applied to the model with
dataset for K1 as the validation set, the accuracy is 81%
as in Fig. 7 even after applying transfer learning and
exposing 10% of the dataset to the model for pre-
training.

Other than LSTM model, RNN and RF models are
also developed to understand if there are any differences
in accuracy when the model changes. The results of all
the above test and validation cases for all three models
are asin Table 1.

Actual vs Predicted Occupancy in Target Room - K1 (First 100 Samples))
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Fig. 7 Actual vs Predicted Occupancy for Validation on
Dataset for K1 with Transfer Learning

5. DISCUSSION

From the results, it can be understood that
occupancy detection is possible using indoor
temperature as the only training feature. While
temperature is a sensitive parameter that can be varied
due to several interferences in the environment such as
opening or closing of windows or from equipment in the
room, it still has a strong correlation with occupancy and
can be used for occupancy detection using machine
learning. However, a good level of accuracy can be
obtained only if there is enough data to train the
machine learning model. There is also a need for strong
ground truth data which is necessary for the model to
learn and predict the right outcome.

It can be seen that resampling is critical for the data
in this case since a higher time resolution enables the
model to gain access to numerous data points which
helps it to predict occupancy_state corresponding to
each timestamp more accurately. Therefore, resampling
is necessary; however, selecting the time resolution for
the best accuracy depends on a particular model and use
case.

All three machine learning models have validation
accuracies in similar ranges in all the different cases. It
can be seen from the results in Table. 1 that LSTM and
RNN are quite similar in accuracy whereas RF has



performed slightly better than them in most of the
validation cases. It was also faster compared to the other
two models in terms of the total running time. This could
be since RF models use simpler training compared to
LSTM and RNN which involve numerous iterations. Since
the performance of all three models are somewhat
comparative, the model which is the most user-friendly
or efficient can be chosen for real applications.

Cyclical encoding has played a significant role in
making it possible to predict occupancy using only
temperature as the training feature. Cyclical encoding
has allowed the model to improve prediction accuracy by
learning occupancy pattern across hours in a day, during
a week or a month on a cyclical scale rather than a linear
scale. The accuracy improves subsequently when cyclical
encoding is applied on hour of the day, day of the week,
week of the month and finally month of the year. Time is
the second most important feature in the dataset in this
case since the other feature is temperature, which is
highly sensitive, if used alone for occupancy detection.

Validation Case LSTM RNN RF
10% LV1- No Cyclical 71% 73% | 78%
Encoding or Resampling
10% LV1-With Cyclical 94% 92% | 96%
Encoding and
Resampling
LV2-No Transfer 50% 49% | 49%
Learning
LV2- Transfer Learning 94% 93% | 94%
K1- Transfer Learning 80% 76% | 91%

Table. 1 Validation Test Cases and Accuracy for LSTM,
RNN and RF Models Respectively

Validation on 10% held out data from the training
dataset shows that the model is predicting occupancy
with good accuracy for a particular apartment. However,
it is resource and cost intensive for building owners to
have a machine learning model for predicting occupancy
for each apartment in a residential building. Therefore,
the aim of cross room validations is to understand how
well a model that is trained for one particular apartment
in a building can be used to predicting the occupancy in
other apartments in the same building. This will at least
make the model usable at a building level rather than at
an apartment level, saving resources and costs
considerably. The concept of transfer learning is useful
when there is very little knowledge about the dataset, in
this case LV2 or K1. But since LV2 is similar in nature to
LV1, transfer learning helped the model to predict the
occupancy in another apartment using what

it learnt from the occupancy patterns in apartment 1. At
the same time, even with transfer learning, the accuracy
of cross room validation on the kitchen dataset was not
as high as that of the living room. This could be because
the occupancy pattern across various rooms within a
single apartment can vary considerably (for example
between bedroom, living room, kitchen and bathroom).
It can be observed from the results that the model
predicts 1’s with more precision compared to predicting
0Os. This could be because of biases in datasets that are
used to train the model. When there are many 1’s in the
dataset, the model tends to predict them more
frequently and precisely compared to the minority value.
It might also face difficulties in capturing signal changes
that are too quick and frequent (For example, a sudden
0 in the middle of too many ones). A similar observation
is mentioned by Farjadnia et al. (2023) where lower
number of interaction of occupants with the window
created imbalance in the training data while
understanding occupant behavior in a residential
building. The comparison of actual and predicted 0’s can
be used as an indicator or a Key Performance Indicator
(KPI) in the next steps for understanding how well the
model captures changes in signals.
When implemented practically, the predictions from the
model, when integrated with the digital twin, can help
the building operator save energy and costs by
controlling the HVAC system in the apartments in a
residential building according to the occupancy pattern,
minimizing energy wastage. At a building level, using
transfer learning, the building owner can use a single
model to predict the occupancy across all the
apartments. This will also help reduce the emission
footprint of the building.

6. CONCLUSIONS

Occupancy detection in residential buildings is
possible using only indoor temperature as the training
feature using machine learning. Models such as LSTM,
RNN and RF give 73% accuracy in average, however using
techniques such as data resampling and cyclical
encoding, the accuracy is increased to around 95%,
which can give the building owner a good idea about how
to control the building operations in an optimized way.
Cross room validation accuracy across the living room of
another apartment in the same building increased from
50% to 95% using transfer learning. This also the building
learning to reuse the machine learning model for a
particular apartment at building level. The paper shows
the possibility of using indoor temperature, which is the
cheapest and most common environmental sensor for



occupancy detection, thus indicating how more buildings
can be used for occupancy detection with least amount
of resources and data, which can benefit the dweller,
owner and the environment in the long run.

Occupancy detection using only temperature data is still
challenging and requires more research and
experiments. As a next step, an indicator for comparing
the number of predicted vs actual 0’s can be developed
to understand the quality of the model in capturing the
signal changes. It is necessary to test the model during
summer months in order to understand the effect of
interferences from external factors such as solar
radiation. At the same time, testing the model for winter
month datasets is equally interesting for a case study in
Sweden since heating is a major source of energy
demand that can be optimized using occupancy
detection in residential buildings. Research based on
climate chambers is also a possible next step since it can
be used to understand how temperature varies in
response to occupancy in an isolated room with minimal
interferences from external factors. The results can be
used as a foundation for training models and can lead to
better results.
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