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ABSTRACT Occupancy information is essential for space management, energy efficiency, and in times
of the COVID-19 pandemic, for crowd control. Obtaining labeled data is challenging due to hardware
limitations, privacy considerations, and the required underlying costs. This study demonstrates the benefits
of using Semi-Supervised Learning (SSL) for occupancy estimation in enclosed spaces; which requires less
labeled data than other Machine Learning (ML) methods. It presents an empirical comparison between
Supervised ML and SSL models in three real-life university classrooms (uncontrolled conditions). The
data was collected for three weeks at each classroom using an in-house developed Internet of Things (IoT)
device that measures air temperature, relative humidity, and atmospheric pressure. The ground truth records
were gathered through manual logging of occupancy levels. Datasets’ sizes averaged 2350 entries with only
280 labeled instances per dataset. Support Vector Machine (SVM), Random Forest (RF), and Multi-Layer
Perceptron (MLP) were used to define a performance baseline for supervised ML. Self-Training (ST) and
Label Propagation (LP) were tested for SSL. ST achieved superior performance compared to baseline models
(SVM, RF, MLP) with a highest average accuracy of 87.33% compared to SVM (86.66%). These results
demonstrate the effectiveness of SSL for indirect occupancy estimation while reducing the need for extensive
data collection and labeling.

INDEX TERMS Occupancy estimation, semi-supervised learning, environmental sensors, machine learning.

I. INTRODUCTION
Occupancy estimation is a key requirement in the optimiza-
tion of Heating, Ventilation, and Air Conditioning (HVAC)
and lighting systems in smart buildings [1], [2]. Accurate
occupancy estimation enables optimal control of artificial
lighting, natural daylight operation, and utilities’ manage-
ment in connection with safety, fire detection, and protection
devices [1]. Furthermore, the COVID-19 pandemic cre-
ated new needs for building operations’ requirements. For
instance, to implement social distancing rules, occupancy
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tracking and monitoring, dynamic HVAC controls, as well as
stricter air cleaning requisites [3].

Over the years, several authors have used many occupancy
measurement technologies based on sensors. Each sensor
can obtain different occupancy information and each one of
them has unique advantages and limitations for occupancy
measurement. For example, direct methods, such as cameras
and pattern recognition, can be used to count the number of
occupants; nevertheless, personal privacy is a major problem
for their deployment. The utilization of these invasive tools,
which could gather extremely delicate information from
users, has generated significant concerns. These issues have
hindered the acceptance of occupancy detection systems in
buildings [4].
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On the other hand, indirect methods, such as Passive
Infrared (PIR), ultrasonic, and acoustic sensors, can only
be used to determine whether the room is occupied, rather
than determining the actual number of occupants [5].
Ambient sensors, such as temperature, humidity, pressure,
and CO2 concentration, are used frequently in occupancy
modeling because of their advantages [6], i.e.,: (i) smart
environmental sensors are available for buildings at low cost,
(ii) being non-intrusive leading to avoid privacy concerns, and
(iii) do not require additional devices or human interventions.

Several methods and algorithms have been developed to
estimate or detect the occupancy in buildings [7], [8]. The
most used approaches are Hidden Markov Models, as well
as the Supervised Machine Learning (ML) models, such as
Support Vector Machine (SVM), Random Forest (RF), and
Artificial Neural Networks (ANN) [7], [8].

Supervised ML has proven to be very efficient for
classification tasks. Nevertheless, a significant disadvantage
is that these models need large amounts of labeled training
data to produce accurate estimations. Thus, data labeling
has been a primary focus of research for ML tasks [9].
In the realm of indoor occupancy, data labeling consists
of recording the number of room occupants. In binary
classification, it is determined only if the room is occupied
or empty. For occupancy levels, the number of occupants
determines predefined occupancy levels (i.e., low, medium,
or high) depending on the occupancy capacity of the
room. In many situations, obtaining high-quality labeled
information is expensive and time-consuming as it requires
human input and additional devices, such as cameras [10].
In this study, we investigated the use of Semi-Supervised

Learning (SSL) for occupancy estimation as it presents
significant advantages for applications with limited access to
large labeled datasets. This study contributes to the research
and practitioner body of knowledge by:

• Evaluating effectiveness of SSL models for indoor
occupancy estimation in enclosed spaces.

• Pioneering a systematic comparison between supervised
and SSL models for occupancy estimation, using
the same datasets collected from the three selected
scenarios.

• Focusing on using environmental sensors (temperature,
humidity, pressure) to achieve accurate occupancy
estimation while minimizing costs and preserving the
users’ privacy.

The rest of the manuscript is organized as follows.
Section II introduces the background and Section III presents
the related work. The methodology used for this research
is presented in Section IV. Section V introduces the
experimental setup and Section VI reports the results. Finally,
the conclusion is drawn in Section VII.

II. BACKGROUND
This section provides an overview of the most commonly
used ML supervised models alongside a brief introduction

to the concept of SSL and two model implementations for
indoor occupancy.

A. SUPERVISED MACHINE LEARNING
In supervised ML, a model learns from labeled training data,
allowing it to make a prediction about future data [11]. The
most common models used for indoor occupancy estimation
and detection are briefly explained below.

• Support Vector Machine (SVM).- The algorithm is
commonly used among researchers for classification and
regression tasks. SVM has the ability to handle non-
linear problems, giving good results even if there is
not enough information about the data. Nevertheless,
it is difficult to choose the appropriate kernel solution
function and training time is long when using large
datasets [12]. The SVM draws margins as boundaries
between the classes in the provided datasets. The mar-
gins are defined as the distance between two supporting
vectors separated by a hyperplane. Furthermore, the
algorithm assumes that the data is linearly separable
so that the weight associated with support vectors can
be drawn easily and the margin computed. Therefore,
the assumption makes regularization possible [13].
Mathematically Equation 1 shows the functions that
SVM aims to minimize. Where w represents the weight
vector, which indicates the direction of the hyperplane.
C is a regularization parameter that controls the trade-off
between having a smooth decision boundary and
classifying the training points correctly. While the term
ςi measures how much a data point i violates the margin
or ends up on the wrong side of the decision boundary.
Therefore

∑n
i=1 ςi is the sum of slack variables ςi

for each data point and min 1
2w

tw is a regularization
term that penalizes the magnitude of the weight
vector w.

min
1
2
wtw+ C

n∑
i=1

ςi (1)

Equation (1) is subject to yi(wTφ(xI )+b) ≥ 1−ςi, ςi ≥

0,i = 1, . . . , n where given training vectors xi ∈ Rp, i =
1, . . . , n in two classes, and a vector y ∈ (1, −1)n, the
goal is to find w ∈ Rp and b ∈ R such that the prediction
given by (wTφ(xI )+b) is correct for most samples [13].
b is the bias term that shifts the hyperplane away from
the origin and allows the SVM to better fit the data, and
φ is the kernel function.

• Random Forest (RF).- RF is capable of handling non-
linear parameters, usually robust to outliers, stable, and
less affected by noise. Therefore, it is extremely flexible
and has very high accuracy. Nevertheless, it requires a
lot of computation and is time-consuming [12]. A RF is
a classifier that involves a collection of tree-structured
classifiers h(x, θk ), k = 1, . . . where the θk are indepen-
dent identically distributed random vectors and each tree
casts a unit vote for the most popular class at input
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x. The margin function is mg(X ,Y ) = avk I (hk (X ) =

Y ) − maxj̸=Y avk I (hk (X ) = j) where I (•) is the
indicator function. The margin measures the extent to
which the average number of votes at X ,Y for the
right class exceeds the average vote for any other
class. The larger the margin, the more confidence in
the classification. The generalization error is given by
PE∗ = PX ,Y (mg(X ,Y ) < 0), where the subscripts X ,Y
indicate that the probability is over the X ,Y space [14].

• Multi-Layer Perceptron (MLP).- Characterized by its
feed-forward structure, the MLP transmits information
forward from input to output layers without any
feedback loops. Layers that are not directly connected
to the environment are called hidden. The power of
the MLP comes from non-linear activation functions,
which unlock the ability to model complex relationships
beyond the limitations of linear models. Common
choices for activation functions include the single-
pole (logistic) sigmoid and the hyperbolic tangent
function [15]. Therefore, MLP learns a function f (•) :

Rm → Ro by training on a dataset, where m is the
number of dimensions for input and o is the number
of dimensions for output. Given a set of features
X = x1, x2, . . . , xn and a target y, it can learn a
nonlinear function approximator for either classification
or regression. The leftmost layer, known as the input
layer, consists of a set of neurons {xi | x1, x2, . . . , xm}

representing the input features. Each neuron in the
hidden layer transforms the values from the previous
layer with a weighted linear summation w1x1 + w2x2 +

. . .+wmxm, followed by a non-linear activation function
g(•) : R → R− like the hyperbolic tan function. The
output layer receives the values from the last hidden
layer and transforms them into output values [16].

B. SEMI-SUPERVISED MACHINE LEARNING
In the standard SSL problem, a model is given two
sample sets, the labeled set XL together with its label set
YL, and the unlabeled set XU . XL consists of I sample
points XL = X1, . . . ,XI with the corresponding labels as
YL = Y1, . . . ,YI , and XU consists of u sample XU =

XI+1, . . . ,XI+U . The label for XU is YU = YI+1, . . . ,YI+U ,
which is unknown. It is also convenient to denote X =

XL ∪ XU , and similarly, Y = YL ∪ YU , where all Xi ∈ X
and Yi ∈ Y . Let n = I + u. The X can be a regular subset
of Rd , a smooth manifold in Rd , or sequences in language
problems. Similarly, Y can be binary class labels ±1, real-
valued numbers, or complex structured output. The data in
SSL is also called partially observed data [10].
A necessary condition of semi-supervised learning is that

the underlying marginal data distribution p(x) over the input
space contains information about the posterior distribution
p(y | x). If this is the case, one might be able to use
unlabeled data to gain information about p(x), and thereby
about p(y | x) [17].

However, how p(x) and p(y | x) interact is not always the
same. This has given rise to the following semi-supervised
learning assumptions [17]:

• The smoothness assumption states that for two input
points x, x ′

∈ X that are close to the input space, the
corresponding labels y, y′ should be the same.

• The low-density assumption implies that the decision
boundary of a classifier should preferably pass through
low-density regions in the input space.

• Manifold assumption states that the marginal distribu-
tion of the data p(x) is supported on a low-dimensional
manifold embedded in a high-dimensional ambient
space. The conditional distribution p(y | x) is smooth,
as a function of x, with respect to this low-dimensional
manifold.

• Cluster assumption states that the marginal distribution
of the data p(x) hasmultiple clusters, and example points
of the same cluster are likely to be of the same class.

Furthermore, the optimization procedure is distinguished
between predicting the labels on future test data and
predicting the labels on the unlabeled instances in the training
sample. An inductive method infers a function f (x) : X → Y
on the entire space X and afterward returns the evaluations
f (xi) at the test points. In contrast, the transduction method,
a function f (x) : Xu → Y consists of directly estimating the
finite set of unlabeled sample points [18].
Therefore, SSL presents the following advantages: (i) it

uses both labeled and unlabeled data, (ii) it may achieve
higher or the same level of performance as supervised
learning using fewer labeled instances, and (iii) it leads to
decrease costs due to the reduction on the labeling data effort.

1) SELF-TRAINING (ST)
The ST is a method based on the Expectation-Maximization
(EM) approach that considers a probability density function
p(x | θ ) which is governed by the set of parameters θ .
This method can be explained as follows. Let the complete
data be Z = (X ,Y ), where Y is either the missing data
or some hidden variables. Assume a joint density function
p(z | θ ) = p(x, y | θ ) = p(y | x, θ)p(x | θ ) [10]. The
likelihood function for Z is L(θ | Z ) = p(X ,Y | θ ). Due to
the missing values, which are random variables, L(θ | Z ) is
random. The algorithm first finds the expected value of the
log-likelihood logp(X ,Y | θ ) with respect to the unknown
data Y , given the data X and the current parameter estimate
θ (t−1) [10].

Q(θ, θ (t−1)
= E[logp(X ,Y | θ) | X , θ (t−1)] (2)

The computation of the Equation (2) is called the E-step.
The first argument θ is the parameter to be optimized
in the maximization of the likelihood function. The second
argument θ (t−1) is the parameter from the previous estimate.
This means the expectation is taken with respect to the
distribution determined by the dataX and the density function
with parameter θ (t−1). The second step is called the M-step,
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which is to maximize the expectation from the E-step: θ (t) =

argmaxQθ, θ (t−1). These two steps are repeated as necessary.
Each iteration is guaranteed to increase the log-likelihood and
the algorithm is guaranteed to converge to a local maximum
of the likelihood function [10].

2) LABEL PROPAGATION (LP)
Label propagation is a family of semi-supervised algorithms
based on a graph representation of the dataset. In particular,
if we have N labeled points (with bipolar labels +1 and
−1) and M unlabeled points (denoted by y = 0), it is
possible to build an undirected graph based on a measure
of geometric affinity among samples. If G = {V ,E} is the
formal definition of the graph, the set of vertices is made up of
sample labelsV = {−1,+1, 0}, while the edge set is based on
an affinity matrixW (often called adjacency matrix when the
graph is unweighted), which depends only on the X values,
not on the labels. The affinity matrix is normally symmetric
and square with dimensions equal to (N +M ) ∗ (N +M ) and
it can be obtained using k-nearest Neighbor (k-NN) or Radial
Basis Function (RBF) kernel. In the complete steps of the
label propagation algorithm first select an affinity matrix type
(k-NN or RBF) and computeW . Second, compute the degree
matrix D which is a diagonal matrix where each non-null
element represents the degree of the corresponding vertex.
This can be the number of incoming edges, or a measure
proportional to it. Subsequently, define Y (0)

= Y and define
YL = {y0, y1, . . . , yN }. Finally, iterate until convergence
(when label assignments stop changing significantly between
iterations) [19].

III. RELATED WORK
Considering both supervised ML and SSL approaches,
the number of investigations using supervised algorithms
is far greater, only two articles were found that use
SSL approaches. Of these two articles, neither addresses
the estimation of occupancy levels nor uses environ-
mental sensors or applies the ST and LP algorithms.
Table 1 summarizes the key aspects of the related work
reviewed.

A. INDOOR OCCUPANCY ESTIMATION THROUGH
SUPERVISED ML
Supervised models are widely used for indoor occupancy
detection and estimation. For instance, to predict the number
of occupants Choi et al. [20] collected indoor temperature and
CO2 values, as well as devices’ log data in a smart building.
The training data was collected for seven days and the testing
data for two days. The ground truth data was collected
using image data every five minutes by a camera; then,
to count detected users the Openpose library was used. The
trained models were k-nearest neighbors (k-NN), Gaussian
Process (GP), Random Forest (RF), Bayesian Ridge (BR),
and Multi-Layer Perceptron (MLP). The best model was
MLP with a Mean Absolute Error (MAE) of 0.39. On the
other hand, Abade et al. [21] sensed environmental data, such

as temperature (in and out), sound, CO2, and light intensity.
The experiments were conducted in a room for two weeks.
A simple mechanism with two buttons (blue to enter and red
to leave) was used to create the ground truth and register when
a person enters or leaves the room. The ML models used to
determine whether an occupant was in the room (y = 1) or
not (y = 0), as well as to estimate the number of occupants
in a room were Linear Regression (LR), SVM, and ANN.
Achieving SVM the best F1-score of 29.72% for the multi-
classification task.

In addition, other supervised multi-class classifiers were
trained to estimate occupancy based on levels such as low,
medium, or high. For example Das et al. [22] used envi-
ronmental sensors to measure CO2, temperature, humidity,
and motion. The ground truth was manually assigned by an
operator. The records involved the three classes of occupancy
levels: empty when there are no occupants; moderate, when
there are four or fewer occupants, and high when there
are more than four occupants. The ML models were LR,
SVM, and Cosine similarity. The best accuracy achieved
considering all the sensor measures was 97.9% by SVM and
the Cosine Similarity approach. Similarly, Vela et al. [23]
carried out experiments to estimate the occupancy levels
(empty, low, medium, and high) in a university fitness gym
and a residence living room. The experiments were carried
out for 15 days and 11 days, respectively. For the ground truth
data, the levels were reported by the gym administrator, while
a camera was used to take photos of the living room every
10 min, and afterward, the number of people was annotated.
The supervised ML models were k-NN, SVM, and Decision
Trees (DT). The higher accuracy was 98.8% using the k-NN
algorithm.

Recently, Aliero et al. [24] used a combination of camera
and environmental sensing data, along with interactive
learning and a rule-based classifier. The study attained a
robust occupancy count by considering a multimodal input
to a single output regression model. The proposed solution
was tested in a living room. The results showed that the
RF model achieved high accuracy values of 99.7% for
predicting the occupants’ presence and 99.35% for predicting
their numbers. Likewise, Dutta and Roy [25] introduced
the OccupancySense model, which aims to detect human
presence and forecast indoor occupancy count. The core of
the OccupancySense design utilized CatBoost. The efficacy
of the model was verified through a real-life case study
conducted in a University research lab. Data on indoor air
quality (IAQ) including PM2.5, PM10, CO2, temperature,
and humidity was gathered. The performance of CatBoost
indicated that it can accurately detect occupancy and predict
headcount, along with the density of room occupancy, with
rates of 99.85%, 93.2%, and 95.6%, respectively.

Lastly, Banihashemi et al. [26] explored the use of
CO2 concentration, air temperature, RH, indoor air quality
(IAQ), sound pressure level (SPL), and illuminance data for
detecting occupancy in office rooms and assessed the impact
of the quantity of ground truth data. RF, XGBoost, and Dense
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Neural Networks (DNN) models were trained on this dataset.
The findings of this research suggest that by using six days
of ground truth data, it is possible to achieve accuracy and
F1-score for occupancy detection of above 0.95 and 0.93,
respectively.

B. INDOOR OCCUPANCY ESTIMATION THROUGH SSL
SSL approach is not common in the realm of indoor
occupancy. Some of the researchers that have dabbled are
Shih et al. [27] who used a semi-supervised approach to
estimate the number of occupants. The approach is based on
theWeighted Principal Component Analysis (WPCA), which
requires minimal training data, using a wide-band ultrasonic
signal into a room to later process the superposition of the
reflections recorded by a microphone. The collected data was
done over two weeks and the model had an average error of
10% in terms of the maximum capacity. Another researcher
was Jin et al. [28] who installed a module sensor that includes
an ultrasonic sensor to detect user presence, an acceleration
sensor for the movement of chairs, and a Wi-Fi access point
to detect the presence of smartphones. The ground truth data
was recorded every 5 minutes during the participation of four
users in the office at different locations (user at the desk
and presence in the office area except for his/her desk). The
energy consumption monitoring was collected for 11 months
while the data from the module sensor and ground truth data
were recorded only for 30 days and 13 days, respectively.
The approach Presence-Sense is a zero-training algorithm
proposed in the study to infer presence. The accuracy
obtained was from 71% to 97%. On the other hand, Wei et al.
[29] proposed the new parameter estimation models based on
the Maximum Likelihood approach and Bayesian analysis.
These models calculate the occupant number independently
of the true number of occupants. The proposed models
were evaluated by collecting real-time CO2 concentration,
energy consumption of facilities, and make-up air system in
a commercial office that contains 36 occupants.

The existing research indicates that Supervised ML is
the primary approach used for indoor occupancy estima-
tion. Additionally, environmental sensors, such as CO2,
temperature, light, and motion, are commonly employed
in these studies. Therefore, the goal of this study is
to fill the gaps in previous research by exploring SSL,
like ST and LP, along with non-intrusive sensors (air
temperature, RH, and pressure). Furthermore, in contrast to
most existing studies, which rely on fully labeled datasets,
this research uses both a few labeled and large amounts of
unlabeled data to predict indoor occupancy levels in real-life
scenarios.

IV. METHODOLOGY
The methodology includes activities related to the data
collection, data preprocessing, as well as the selection of
ML models and their evaluation. The main activities are
illustrated in Fig. 1.

A. DATA COLLECTION AND STORAGE
This first stage develops a robust data collection guideline
for continuous indoor occupancy monitoring. The considered
tasks are:

• Data Collection.- The data was collected using
an IoT device designed in-house (patent pending:
MX/a/2022/016112) with the idea of facilitating a
non-intrusive sensor to preserve users’ privacy. The
device is constituted of a low-cost and low-energy
consumption sensor designed for meteorological mon-
itoring. This sensor allows measuring relative humidity
(%), temperature (◦C), and atmospheric pressure (hPa)
every minute. Sensor ranges and accuracy values are
listed below: pressure 300 to 1100 hPa (± 1 hPa
accuracy), temperature−40 to 85 ◦C (± 1 ◦C accuracy),
and relative humidity 0% to 100% (± 3% accuracy)
[23]. Furthermore, the device has three buttons that the
occupants can press to indicate the real occupancy level
segmented into categories (low, medium, and high), see
Fig. 2. The other two buttons are used to test the device,
one for sending data and the other for enabling the ML
model on the device to make real-time predictions (not
considered for this study).

• Cloud storage.- The data is sent through Wi-Fi to
a cloud database, which provides centralized storage,
scalability, and accessibility. An IoT communication
at Amazon Web Services (AWS) using the Message
Queuing Telemetry Transport (MQTT) protocol was
previously done in order to send the device measure-
ments as JavaScript Object Notation (JSON) documents
to the DynamoDB database [23], [30]. All traffic to
and from AWS IoT is sent securely over Transport
Layer Security (TLS). AWS cloud security mechanisms
protect data as it moves between AWS IoT and
other AWS services [31]. Finally, a Comma-Separated
Values (CSV) file is downloaded to be cleaned and
preprocessed.

• Ground truth data.- The occupancy is measured
through periodic visual observations, which involve a
person monitoring physical occupancy in the enclosed
area. The manual recording of occupancy data is
intended to provide true values of occupancy; therefore,
only it is counted the number of occupants in the room.
The records are carried out when the scenarios have
a change in their conditions (door/window status open
or closed), as well as when the number of occupants
changes. The ground truth records include the date,
start-end hour (to refer to the period in which the
conditions do not change), number of occupants, door
status, windows status, air conditioning system status,
and temperature (if it applies). These variables and
records are added manually to the dataset.

• Data protection and privacy.- The data was protected
in accordance with the (EU) 2016/679 General Data
Protection Regulation (GDPR), the Data Protection
Act 2018 (or any successor legislation), and any
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TABLE 1. Summary of related work reviewed.

other legislation directly relating to privacy laws that
apply (together ‘‘the Data Protection Legislation’’)
[32]. In order to address user privacy concerns, any
additional personal information or user behaviors were
not collected. Furthermore, individuals were informed
about the presence of these devices and the purpose
of data collection. Likewise, strong security measures
were implemented to protect data from unauthorized
access, breaches, andmisuse. Since the testbed scenarios

involved university classrooms, it was determined that
the environmental data and occupant counts did not have
a significant impact on user privacy.

B. DATA PREPROCESSING
To begin with the training of the models, it is necessary
to prepare the data. Therefore, a pipeline with meticulous
attention to innovation and effectiveness is proposed to ensure
the integrity and reliability of the information used for
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FIGURE 1. Experimental methodology.

FIGURE 2. The in-house developed environmental IoT device.

subsequent analysis The following tasks were carried out for
each CSV file downloaded per scenario:

• Data cleaning.- To ensure reliable data, first, the raw
data is separated byMAC address. Furthermore, to avoid
having too many instances with no occupants, the data
is selected based on weekdays (Monday Friday), and
work hours (7 am 7 pm) [33]. Afterward, the missing
values are counted. If the missing values are less than
1%, they are removed [34]. In contrast, they are filled.
On the other hand, outliers are not removed because,
during the data collection, the indoor conditions were
not controlled. As a consequence, the models should
learn using this information from real scenarios.

• Definition of occupancy levels.-To provide a consistent
ground truth, the indoor occupancy levels were defined
using the maximum occupancy of the selected scenario

and divided into three levels (low, medium, and high)
[23], [35]. Mathematically, the interval of occupants
(Occ) for the levels can be expressed as Occ =
roommax.capacity

3 . Subsequently, the occupancy levels are
established following these rules: Empty = 0, 1 ≤

Low ≤ Occ,Occ + 1 ≤ Medium ≤ Occ ∗ 2, and
(Occ ∗ 2) + 1 ≤ High.

• Ground truth data integration.- Followed, to create
labeled data the ground truth related to the number
of occupants (Num. Occ) is added manually. Then,
a conditional formula (if) is used to transform the Num.
Occ into the labels (E, L,M, H). That is, when there were
no occupants (value 0), these values were represented
as ‘‘E’’. On the other hand, if the number of occupants
is equal to or less than the established ‘‘low’’ level, the
values in this range are represented as ‘‘L’’. Furthermore,
all the values equal to or more than the established
‘‘high’’ level is represented as ‘‘H’’. Finally, the rest of
the values should fall in the ‘‘medium’’ level category
which is represented as ‘‘M’’. For all the unlabeled data
the label assigned was −1.

• Data Visualization. To identify potential anomalies or
patterns a graph of the timeline of the environmental
variables is plotted.

• Split out the data for training and testing.- To avoid
over-fitting and ensure unbiased model evaluation, each
dataset was divided into 20% for testing and 80%
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for training using a random method [36], [37]. Due
to the size of labeled data, a validation dataset or
cross-validation method is not considered in this study.
For supervised models, the dataset involves only labeled
data. In contrast, for the semi-supervised models, the
training data involves both labeled and unlabeled data.
Unlabeled data is represented by ‘‘-1’’.

• Data Standardization.- Many ML algorithms are
sensitive to the scale and magnitude of the features.
Thus, having features within a similar scale allows
comparison of feature importance and helps algorithms
converge faster, hence improving performance and train-
ing times [38]. Therefore, all the data is standardized
using the StandardScaler function from the scikit-learn
library [16]. Standardization is the process of centering
the variable at zero and standardizing the variance to
1. The standard score of a sample x is calculated using
Equation (3).

z =
x − u
s

(3)

where u is the mean of the training samples and s is the
standard deviation of the training samples.

• Principal Component Analysis (PCA).- PCA is con-
ducted to combine highly dimensional features into
independent principal components through an orthog-
onal linear transformation that explains a maximum
amount of the variance [16], [39], as well as to reduce
the noise from the data by identifying the principal
components that capture the most significant variations
in the dataset. In this study, the three components are
retained; therefore, the essential information remains
while some of the noise is potentially reduced [40], [41].
Mathematically, the transformation is defined by a set of
size l of p-dimensional vectors of weights or coefficients
Wk = (W1, . . . ,Wp)k that map each row vector xi
of X to a new vector of principal component scores
ti = (t1, . . . , tl)i given by tki = xi ∗ wk for i = 1, . . . , n
k = 1, . . . , l. In such a way that the individual variables
t1, . . . , tl of t considered over the data set successively
inherit the maximum possible variance from X , with
each coefficient vector w constrained to be a unit vector
(where l is usually selected to be strictly less than p to
reduce dimensionality).

C. CLASSIFICATION MODELS
To estimate the indoor occupancy level, two different
approaches ofML are selected: 1) Supervised learning, which
is often used in the reviewed literature [22], [42], [43], and
2) Semi-supervised learning (SSL), which is rarely applied
to this topic [44] and is halfway between supervised and
unsupervised learning. In addition to unlabeled data, the SSL
algorithms are provided with some supervision information
but not necessarily for all examples [45].

• Supervised Machine Learning.- To make a baseline,
the SVM, RF, and MLP algorithms are selected to

classify the four occupancy levels (empty, low, medium,
and high). These are the most used supervised ML algo-
rithms in the literature related to occupancy estimation.

• Semi-Supervised Machine Learning.- The ST and LP
were selected based on the literature review [17] and
the availability of libraries in Python version 3.8.10. The
main objective of applying semi-supervised models is to
evaluate their potential in classifying indoor occupancy
levels (E, L, M, H).

• Hyperparameters selection.- To find the best model
configuration for optimal results the hyperparameters
for each model were selected using a GridSearchCV
function [16]. The initial values are presented in Table 2,
whichwere set up according to the literature review [21],
[23], [46]. If 3 is a set indexed by K configuration
variables (for example, for neural networks it would
be the learning rate, the number of hidden units, the
strength of weight regularization, etc.), then grid search
requires that a set of values for each variable is chosen
(L1, . . . ,Lk ) [47]. In a grid search, the set of trials is
formed by assembling every possible combination of
values, thereby the number of trials in a grid search is
S =

∏K
k=1 |L(k)| elements. The function carries out a

cross-validation for evaluating the models. To choose
the winning parameters, the function reports a weighted
average of all the test set scores, in which each one is
weighted by the probability that its λ(s) is, in fact, the
best.

TABLE 2. Parameters established for the GridSearchCV function.

D. MODEL EVALUATION
To measure the performance of the models, the metrics used
are Accuracy, Precision, Recall, F1-Score, and Confusion
matrix. Employing multiple metrics offers a multifaceted
view ofmodel performance, avoiding overreliance on a single
metric.
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• Confusion matrix.- It shows a more detailed break-
down of correct and incorrect classifications for each
class [48]. The confusion matrix is constructed by
comparing the predicted class with the known ground
truth class. Each row of the matrix represents the true
label (TL) and each column of the matrix represents
the prediction of the classifier. For each data instance X
with TL class Y and predicted class Z , the matrix cell
corresponding to the Y − th row and Z − th column
is incremented, counting the number of times that the
object of class Y is assigned to a class Z . In this way,
the raw confusion matrix is constructed, where diagonal
elements of the matrix represent the number of accurate
classifications for each class, while off-diagonal ele-
ments represent misclassifications, as shown in Fig. 3.

FIGURE 3. Construction of the Confusion Matrix.

• Accuracy.- The accuracy metric measures how often the
classifier makes the correct prediction. To interpret the
result, the accuracy is 1.0 when all the predicted labels
match the true labels; otherwise, it is 0 [16]. To estimate
the accuracy of a test, it is necessary to calculate
the True Positive (TP) predictions that represent the
labels predicted correctly as the positive class and the
True Negative (TN) predictions that represent the labels
predicted correctly as the negative class in all evaluated
cases [49]. Mathematically, this can be stated as shown
in the Equation (4).

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(4)

where false positive (FP) is the number of cases
incorrectly identified as the positive class and false
negative (FN) represents the number of cases incorrectly
identified as the negative class.

• Precision andRecall.- Precision is the fraction of all the
items that the classifier predicted to be relevant, but are
truly relevant. Whereas, Recall is the fraction of all the
truly relevant items that are successfully classified [50].
Both metrics are formally represented by Equation (5)
and Equation (6), respectively.

Precision =
TP

TP+ FP
(5)

Recall =
TP

TP+ FN
(6)

• F1-Score.- This metric can be interpreted as a weighted
harmonic mean of the precision and recall. Both
precision and recall contribute equally to the F1 score’s
calculation. The score can achieve its highest value

at 1 and lowest at 0 [50]. The formula is expressed in
Equation (7).

F1 = 2
Precision ∗ Recall
Precision+ Recall

(7)

E. MODEL PERFORMANCE COMPARISON
To demonstrate the potential of the SSL techniques,
a systematic comparison between both learnings (super-
vised and SSL) is conducted.

• HighQuality Supervised Baseline.- This metric estab-
lishes a reference point for comparison, ensuring
evaluation against a well-established and validated
approach. The comparison of the SSL algorithm uses
a supervised algorithm as its baseline [45]. If M is the
accuracy of a supervised model and M ′ is the accuracy
of an SSL model the difference between both helps to
decide which model is better. If M − M ′ > 0 →

M is better, else M −M ′ < 0 → M ′ is better.

V. EXPERIMENTAL SETUP
In this section, the setup of the experiments and the
deployment of devices are described. All the scenarios
presented were carried out at the University of the West of
England (UWE), Bristol, United Kingdom. The classrooms,
offices, and meeting rooms are named with the following
nomenclature #X###. The first number of the room indicates
the floor, then X means the name of the building, and the
three last digits correspond to the room number. Firstly,
each experiment is described in detail, and, at the end of
this Section, key information related to the experiments is
summarized in Table 3.

A. EXPERIMENT 1
The experiment was carried out during October 10 28, 2022,
at PC Lab 6 × 233 (Fig. 4). The room has 26 computers
distributed on three tables. Furthermore, the room is equipped
with a desktop for the professor, four whiteboards on the
front and back walls, one convector heater, and a projector.
The area is 76 m2. During the experiment, the HVAC system
maintained an average temperature of 23.5◦C and the door
mostly stayed closed. Whereas the average of the external
weather conditions was around 18.85◦C and 56% of RH.

Three devices were deployed (shown as orange boxes in
Fig. 4) and each device was placed on the center of the tables.
The ground truth data was recorded manually during the first
and second weeks of data collection. Finally, according to the
maximum occupancy, the occupancy levels were established
as ‘‘E’’= 0, ‘‘L’’= 1 −8, ‘‘M’’= 9- 17, and ‘‘H’’ = +18.

B. EXPERIMENT 2
This experiment was carried out in the classroom 4Q04
(Fig. 5) from October 19th to November 11th, 2022. Four
devices were installed on the walls of the classroom (shown
as orange boxes in Fig. 5) at an approximate height of
1.20 m from the ground. The classroom has a surface of
109.18 m2 and a maximum capacity of 56 students. Hence,
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FIGURE 4. Setup of the first experiment in the PC Lab 6 × 233.

the occupancy levels were stated as ‘‘E’’ = 0, ‘‘L’’ = 1
18, ‘‘M’’= 19 36, and ‘‘H’’=+37. The ground truth data
was recorded during the first week of data collection. The
classroom is equipped with three convector heaters on the
back wall, an HVAC system, two projectors, four white-
boards, and a computer desk for the professor. Furthermore,
the classroom has eight awning windows (100 × 50 cm),
generally, three of them were opened during the experiments.
Nevertheless, it was not possible to verify the windows or
HVAC system status all the time. Likewise, the average of the
external weather conditions was around 18◦C and 67.50% of
RH.

FIGURE 5. Setup of the second experiment in the Classroom 4Q04.

C. EXPERIMENT 3
Four devices were installed on the tables of the 5×102 room
(shown as orange boxes in Fig. 6) fromNovember 1st to 24th,
2022. The classroom has an area of 65.12 m2 and a maximum
capacity of 25 occupants. Therefore, the occupancy levels
were stated as ‘‘E’’=0, ‘‘L’’= 1- 8, ‘‘M’’= 9 16, ‘‘H’’= +17.
The ground truth data was recorded during the second and
third weeks of data collection. The classroom is equipped
with four flat screens on the tables, six whiteboards along the
walls, one projector, one convector heater, and four awning
windows that were opened most of the time. The average of

FIGURE 6. Setup of the third experiment in the Classroom 5 × 102.

the external weather conditions was around 12.89◦C and 70%
of RH.

VI. RESULT
Firstly, for each experimental scenario, measurements were
collected and labeled correctly, despite facing challenges
during device deployment and ground truth collection. The
most common technical issues were the users sometimes
plugged off the IoT device, as well as Wi-Fi network failures.
Likewise, the devices had to be placed on tables or walls
where the electrical contacts were available. Furthermore,
it was not always possible to check the classroom conditions
before collecting the ground truth. On the other hand, each
CSV file was cleaned based on the methodology outlined
in Section IV-B. As the data from devices were processed
individually, no data-filling methods were necessary for
handling missing values, ensuring that only the available
measurements in the CSV files were considered.

All the datasets used to train the models have the same
number of columns, which correspond to Date (Day and
Time), Temperature (◦C), Humidity (%), Pressure (hPa),
Occupancy (Number of occupants), Label (occupancy levels:
E, L, M, H, -1). Table 4 presents the number of entries
and the amount of labeled and unlabeled data. Further-
more, it summarizes the training and testing size, as well
as the classes used for training. The ‘‘Labeled Training
Data’’ column presents the amount of labeled data used
for supervised models. In contrast, the training data for
semi-supervised models involves the values in the columns
‘‘Unlabeled’’ and ‘‘Labeled Training Data’’. Therefore, the
dataset for semi-supervised learning is larger than the dataset
for supervised learning.

All of the graphs reflect the readings obtained from
the IoT devices. According to the statistical analysis, the
data presented some outliers due to the natural variations
in real-life scenarios. Fig. 7 shows the statistical analysis
of the datasets corresponding to classroom 4Q04. The
box plot indicates that the average temperature is similar
across sensors, but there are outliers present. This implies
that while the typical temperature range may be similar,
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TABLE 3. Summary of the experimental setups.

TABLE 4. Description of the datasets per experiment.

some sensors recorded significantly higher temperatures than
usual. Similarly, the humidity data shows that humidity
levels typically vary between 12% and 17%. However,
it is important to note that outliers were present for
all sensors, indicating instances where humidity readings
deviated significantly from the usual range. Therefore, during
the cleaning process, outliers were intentionally retained
because they represent the realism of the uncontrollable real-
life scenarios. That is, professors and students conducted their
daily activities without restrictions. Some of the variations
could be influenced by the device’s placement. That means
the devices near windows or doors could be affected by
ventilation rates, as well as device resets.

On the other hand, according to Viani et al. [51],
the environmental variables, such as air temperature and
humidity, of an enclosed space are modified due to the
number of occupants and their activities. Hence, graphs are
performed to plot the temperature, humidity, and occupancy
timeline of one week for each experiment. The plots highlight
the changes between temperature and humidity regarding the
occupancy level.

For instance, in experiment 1 shown in Fig. 8, the temper-
ature sensed by the IoT device presented a large increment
when the PC Lab was occupied at the medium level.

Generally, the RH tended to decrease and the temperature to
increase. Following this pattern, it is possible to figure out
when the classroom was occupied or not even though the
data is not all labeled. On the other hand, the behavior of the
RH and temperature were unusual in experiment 3 (Fig. 9).
The RH increased when the temperature also increased (gray
circle). Another unexpected behavior was that for a short
period, the temperature dropped drastically (orange circle).
Thus, these behaviors do not contribute to visualizing any
patterns in this scenario, as presented in experiment 1.

In addition, Fig. 10 presents a correlation matrix of the
environmental variables and occupancy level in Experiment 2
(4Q04 Classroom). The main goal is to provide a statistical
measure of the degree to which the variables are correlated
with each other and with indoor occupancy. In general,
temperature has the highest correlation values (coefficient
around +0.68) with indoor occupancy. This means that
when occupancy levels increase, temperature also tends to
increase, and vice versa. Conversely, pressure has a negative
correlation (coefficient around -0.60).

A. HARDWARE AND SOFTWARE SPECIFICATIONS
All the models were performed in a laptop computer with
the following specifications: processor AMD® Ryzen 7 pro
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FIGURE 7. Data distribution for Temperature (a), RH (b), and Pressure (c) grouped by the Device ID. Experiment 2 in the
4Q04 Classroom.

FIGURE 8. Temperature (blue), humidity (green), and occupancy level (red) of Experiment 1. Data from October 10th to 14th, 2022, of the device S03.

4750u with Radeon graphics × 16, RAM of 46.3 GB, SSD
capacity of 1.0 TB, and operating systemUbuntu 20.04.4 LTS
- 64 bit. Moreover, the Python 3.8.10 language and scikit-
learn library [16] were used for programming. On the other
hand, the datasets were divided into 80% for training and
20% for testing. Due to the size of labeled data, a validation

dataset or cross-validation method is not considered in this
study.

From hyperparameter selection, the best combination of
parameters used to train the models is presented in Table 5.
These parameters achieved the best results according to the
GridSearchCV selection. The self-training model is trained
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FIGURE 9. Temperature (blue), humidity (green), and occupancy level (red) of Experiment 3. Data from November 14th to 18th, 2022, of the device S10.

FIGURE 10. Correlation coefficients between variables and indoor occupancy by Device ID. Experiment 2 in 4Q04 Classroom. a) Device
installed near the door, and b) Device placed on walls at the back of the classroom near windows and tables.

using ‘threshold’ as a criterion with a value of 0.75, whereas
for its base estimator (SVM) the parameters selected are the
same results as those suggested for the supervised model.

B. MODEL EVALUATION
The classification task for indoor occupancy levels was eval-
uated through different metrics, such as accuracy, precision,
recall, and F1-score. Furthermore, a confusion matrix was
developed to have a visual identification of the errors.

The confusion matrix provided a visual analysis of the
misclassification error per model. In general, classification

errors occurred between the ‘‘E’’ and ‘‘L’’ levels, as well as
in the ‘‘L’’ and ‘‘M’’ levels. Fig. 11 presents the confusion
matrix of the device S10 in Experiment 1. Specifically, the
confusion matrices a) and b) illustrate that SVM and RF
have similar errors by classifying the ‘‘M’’ level. ST (d) can
classify the Medium (M) and High (H) levels better than
supervised models (a, b, and c). The worst classification for
all the classes was made by LP. These findings are similar for
all the confusion matrices constructed, which is why, and due
to the length of the manuscript, they were not included in this
manuscript.
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TABLE 5. The best combination of parameters used to train the models.

FIGURE 11. Confusion Matrix of the device S10 in Experiment 1. a) SVM, b) RF, c) MLP, d) ST, and e) LP.

1) EVALUATION USING ACCURACY
Table 6 summarizes the accuracy achieved by the supervised
models. The best results are highlighted in blue; however,
in general, all the devices reached a high accuracy (up to
80%). In Experiment 1, RF achieved the highest average
accuracy of 89%, outperforming SVM and ST, which reached
an average of 87%. Experiment 2 showed a similar trend,
with ST andMLP achieving the top average accuracy of 91%,
followed by SVM and RF with 87%. However, Experiment 3
had a change: SVM with 86% outperformed ST and RF
with 84%. Across all experiments, the LP model consistently
exhibited the lowest accuracy, averaging 70%.

The accuracy by device presents some differences not
only for the supervised models but also for the SSL models.
The accuracy of some devices using SSL is so close to the
supervised model’s accuracy; in fact, in some cases, it is
higher. For instance, in the device S05 of Experiment 2, the
average accuracy of SSL is better (91%) than supervised
models (average of 83.67%). On the other hand, the device
S03 in Experiment 1 achieved an average accuracy very close
(87%) to that of the supervised models (89%). A deeper
analysis is needed to determine why some devices can obtain
a better estimate than others. However, this analysis falls
beyond the scope of the current study.
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TABLE 6. Model evaluation using the accuracy metric.

2) EVALUATION USING PRECISION AND RECALL
Interpreting precision and recall metrics on a class-by-class
basis allows to understand how each model performs for
specific classes, which can be important if certain classes
are more critical or imbalanced. Fig. 12 shows the models’
performance in all the scenarios.

In Experiment 1 (PC Lab 6 × 233), ST achieves the
highest precision (macro average 79%) across all classes,
highlighting its strong overall performance. MLP and RF
also show competitive precision (macro average 77.55%) and
recall (macro average 81%) values. LP and SVM showed
similar performance, with a macro average precision of
around 73% and recall of 68%, slightly lower than the top
performers. Similarly, in Experiment 2 (Classroom 4Q04),
SVM and ST consistently performwell, with a macro average
precision of 65% and 68%, and amacro average recall of 61%
and 67%, respectively. RF also shows strong performance
with a macro average precision and recall of 62%. Similarly,
MLP presents competitive results, with a macro average
precision of 62% and recall of 57%. Conversely, LP struggles
on most metrics, with a macro average precision of 39%
and recall of 47%. Finally, Experiment 3 (Classroom 5 ×

102) shows that SVM achieves the highest macro average
precision (65%) and recall (63%) across all classes. MLP
and ST also demonstrate competitive performance, with a
macro average precision and recall of 63%. RF performs
reasonably well, with a macro average precision and recall
of 61%, while LP lags behind in most metrics, with a macro
average precision of 54% and recall of 51%.

3) EVALUATION USING F1-SCORE
Fig. 13 displays the F1-score (macro average) and accuracy
for each model per scenario. In Experiment 1 (PC Lab
6 × 233), RF and ST are the high-performance models

in terms of accuracy and F1-score, where RF achieved the
highest accuracy (89%) and F1-score (78%).While ST seems
to offer a good trade-off between accuracy (87%) and F1-
score (79%). On the other hand, MLP, SVM, and LP show
competitive performance, with accuracies ranging from 82%
to 87% and F1-scores from 69% to 79%. Similarly, the results
of Experiment 2 (Classroom 4Q04) indicate that SVM and ST
stand out as the high-performance models with the highest
F1-scores (62% and 66%, respectively). RF performs well in
terms of accuracy (87%) but has a slightly lower F1-score
(61%). MLP, although having high accuracy (91%), has a low
F1-score (57%), indicating potential issues with precision
or recall. LP lags behind in both accuracy (79%) and F1-
score (42%). Finally, the results of Experiment 3 Classroom
5×102) highlight that SVM performs the best in terms of F1-
score (64%) and accuracy (86%), indicating a good balance
between precision and recall. RF and ST are competitive with
an accuracy of around 84% and F1-scores of 60% and 63%,
respectively. While MLP has an acceptable performance with
an accuracy of 81% and F1-Score of 62%. In contrast, LP has
the lowest accuracy (70%) and F1-score of 52% in this
scenario.

C. MODEL PERFORMANCE COMPARISON
The potential of some SSL techniques to achieve comparable
or even superior performance compared to fully supervised
approaches was demonstrated through the High-Quality
Supervised Baseline evaluation.

By comparing the supervised and SSL models, some
differences in the accuracy achieved by the SSL algorithms
can be shown. The main purpose is to consider the fully
supervised models with limited labeled data as a baseline.
Thereby, the SSL models are compared to the baseline to
determine whether the combination of labeled and unlabeled
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FIGURE 12. Precision and recall evaluation for each scenario and class.

FIGURE 13. Model evaluation using F1-score and accuracy.

data achieves a better performance. Table 7 presents the
results of the accuracy comparison among the models. The

difference in accuracy between supervised models and SSL
models is shown using a yellow-to-blue gradient scale.
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TABLE 7. HighQuality supervised baseline results. Accuracy comparison between supervised and semi-supervised algorithms.

Yellow cells indicate cases where SSL achieved higher
accuracy, while blue cells show where supervised learning
performed better. Considering the average accuracy, the
ST model is usually better than any supervised model.
Nevertheless, regarding the accuracy per device, ST is usually
better than RF and MLP. In contrast, SVM and ST are tied in
this comparison. On the other hand, LP was the worst model
in this research. Nevertheless, it is worth exploring different
tuning parameters, as well as other scenarios to evaluate its
performance. To have a visual analysis of the performance of
the supervised and SSL models, Fig. 14 shows the predicted
labels for each model. The ground truth data is represented
by a black line, while the predictions made by the models
are represented using different colors. The ST model (purple
line) makes predictions similar to the SVM (yellow line), and
RF models (red line) which are almost close to the ground
truth.

D. DISCUSSION
Even though indoor occupancy has been studied over the last
few years, there is a lack of systematic studies comparing
the state-of-the-art and semi-supervised learning (SSL) has
not been widely explored for this task. Furthermore, it is not
possible to conduct a systematic benchmark of the existing
works in literature as different metrics, parameters, and
datasets are used. In other words, it is extremely challenging
to fully compare the performance of all the models discussed
in the literature section due to variations in measurement data
and the lack of accessibility to source datasets. Additionally,
the experimental conditions and building configurations
differ among them, making impossible a full comparison.
Nevertheless, a discussion of the existing work and their
relative performances is presented in this article, highlighting
how this study contributes to filling the gaps in the literature.

In a first inspection, the existing research indicates that
Supervised ML is the primary method used for indoor
occupancy estimation. Studies conducted by [21], [22],
and [23] have all employed supervised learning models,
such as k-NN, SVM, and RF. The performance of their

models exceeds 90% of accuracy and an error of less
than 1.84 in some of the scenarios selected. Additionally,
environmental sensors like CO2, temperature, and light
are commonly employed in these studies [20], [21], [22],
[23]. Moreover, combining camera and environmental data
seems promising for its high performance (F1-score of
99.35%) while potentially mitigating privacy issues [24].
Nevertheless, the data used in all these researches are
completely labeled, which implies methods for labeling, such
as cameras or user interaction to press buttons. However,
studies such as those conducted by [26] and [29] have
emphasized the challenge of obtaining high-quality labeled
data.

On the other hand, SSL appears to be less common.
Studies by [27] and [28] have explored SSL approaches, but
with limitations in terms of sensor types and accuracy when
compared to supervised methods. For example, ultrasonic
sensors were used in both works, and no study considered
environmental variables. Given the gaps in the literature
outlined above, a systematic comparison between supervised
and SSL models in the field of occupancy estimation
was conducted in this work. A full and valid comparison
among models was ensured by using the same datasets
collected from the three selected scenarios and the same
metrics. As described in the Results Section, the applied
SSL models used only a few labeled data, which helped
achieve an accuracy of around 87% to 93%. These results are
comparable to the best-supervised ML models.

Nevertheless, there are some limitations of this study that
should be considered. For instance, the experiments were
carried out in real-life scenarios (uncontrolled conditions)
and the sensor placement analysis was not considered during
the deployment. Therefore, it was impossible to control
certain factors, such as window status, indoor temperature,
and room capacity. This last factor caused some data classes
to not be labeled during the ground truth record. Furthermore,
the ground truth data was collected only over a one-week
period. Additionally, the study focused on a limited set of
variables: air temperature, RH, and pressure.
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FIGURE 14. Predicted labels from the S03 device test data in experiment 1.

VII. CONCLUSION
This study demonstrated the potential of exploiting a few
labeled data and a large amount of unlabeled data to estimate
indoor occupancy levels using indirect methods that measure
air temperature, relative humidity, and atmospheric pressure.
Furthermore, to the best of the authors’ knowledge, this study
is a pioneer in conducting a systematic comparison between
supervised ML and SSL approaches in the field of occupancy
estimation.

The results showed that, in general, the accuracy obtained
by the ST model is similar and, in some cases, is better
than the supervised models. This highlights the effectiveness
of SSL approaches, which leverage abundant unlabeled data
alongside a limited number of labeled samples. Specifi-
cally, the ST model outperformed both the RF and MLP
models. It demonstrated comparable performance to SVM,
emphasizing ST viability as a competitive alternative by
estimating occupancy levels in enclosed spaces with an
average accuracy of 87.33%. It is noteworthy that STwas also
able to classify occupancy levels that eluded the supervised
models.

The finding that ST has had the best results in estimating
occupancy levels using environmental variables (indirect
method) leads to two other major insights: 1) the future data
collection process for this investigation will require less effort
and cost. This is because the ground truth data was recorded
for a relatively short period, whereas the device continued to
collect measurements autonomously for an extended period
without the need for human intervention. 2) The study
showed a significant relationship between environmental

factors and occupation. Specifically, it is observed that
temperature, humidity, and pressure within the enclosed areas
presented variations corresponding to changes in occupancy
levels.

The results presented in this study suggest that it is
possible to estimate occupancy levels using only a portion
of labeled data, which leads to reducing the cost of labeling
data and facilitating deployment in real-world scenarios. This
semi-supervised non-intrusive monitoring approach could be
adopted to control HVAC and lighting systems in classrooms,
meeting rooms, and other facilities in response to real-time
occupancy estimations, and thus reduce energy consumption.
Furthermore, SSL models can assist facility managers in
monitoring space utilization and enhancing space allocation
strategies. As well as support security systems, such as
intrusion detection, particularly by integrating occupancy
detection using SSL models along with conventional and
affordable sensors.

Future work will focus on carrying out additional analyses
to find the optimal parameters for the SSL models, as well
as explore other SSL approaches. Furthermore, it would
be valuable to investigate the generalization of the ST
model in various indoor environments. In addition, it is
necessary to analyze the effects of sensor placement to
help in understanding why some devices achieve better
occupancy estimations. Similarly, additional work is needed
to determine why environmental measurements present
unusual behaviors and to determine optimal device location
considering the proximity to windows, doors, or a crowded
table.
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ABBREVIATIONS LIST
Abbreviation Definition.
ANN Artificial Neural Networks.
AWS Amazon Web Services.
BR Bayesian Ridge.
CO2 Carbon Dioxide.
CSV Comma-Separated Values.
DNN Dense Neural Network.
DT Decision Tree.
E Empty Level.
FN False Negative.
FP False Positive.
GP Gaussian Process.
H High Level.
HVAC Heating, Ventilation, and Air Conditioning.
IAQ Indoor Air Quality.
IoT Internet of Things.
JSON JavaScript Object Notation.
k-NN K-Nearest Neighbor.
L Low Level.
LP Label Propagation.
LR Linear Regression.
M Medium Level.
MAE Mean Absolute Error.
ML Machine Learning.
MLP Multi-Layer Perceptron.
MQTT Message Queuing Telemetry Transport.
PCA Principal Component Analysis.
PIR Passive Infrared sensor.
RF Random Forest.
RH Relative Humidity.
SPL Sound Pressure Level.
SSL Semi-Supervised Learning.
ST Self-Training.
SVM Support Vector Machine.
TLS Transport Layer Security.
TN True Negative.
TP True Positive.
WPCA Weighted Principal Component Analysis.
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