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Abstract: This article introduces a novel approach to ensuring optimal comfort in residential en-
vironments, using a smart system powered by predictive modeling. At its core lies a complex
algorithm, presented alongside a detailed block diagram, guiding the system’s operations, which
are tailored for residential comfort. The primary focus is on the time series analysis of forecasting
relative humidity—a critical parameter influencing comfort in living spaces. Among the various
prediction models analyzed, a model based on the Fourier equation emerged as the most efficient,
accounting for approximately 81% of variances in data. Upon validation, the model showcases an
impressive relative error of just ±0.1%. The research underscores the potential of leveraging advanced
forecasting in optimizing devices like dehumidifiers or air humidifiers, ensuring the desired comfort
while minimizing energy consumption. This innovative integration paves the way for a smarter,
more sustainable residential living experience.

Keywords: forecasting; time series analysis; relative humidity; temperature; microclimatic parame-
ters; living comfort; expenditure reduction; savings; IoT

1. Introduction

It is important to note that, despite concerted efforts to establish a conducive microcli-
mate within indoor environments, there has been a notable uptick in complaints regarding
discomfort and health issues from the inhabitants of these spaces over recent years [1–4].
This makes the assessment of indoor air quality of paramount importance.

Thermal comfort exerts a direct influence on both the actual and perceived microcli-
matic conditions within an interior environment. This comfort level is a result of the inter-
play between factors such as temperature, relative humidity, air circulation, the metabolic
rate of the inhabitants, and the thermal insulation properties of their attire [5–8].

The level of relative humidity in the air has a direct bearing on thermal comfort, which,
in turn, impacts the health and well-being of the occupants of a given space [9,10]. It is
crucial to maintain the relative humidity level in inhabited spaces at between 30 and 70%
as this enables the inhabitants to feel comfortable [11–13].

In the era of Industry 4.0, electronic systems, remote control, and management modules
are becoming the go-to technical solutions for both domestic and industrial applications.
Industry 4.0 is intrinsically linked with the Internet of Things (IoT), integrating technol-
ogy with manufacturing techniques, enabling systems to exchange, analyze, and utilize
information for intelligent decision-making [14].
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The future trajectory of IoT technology lies in predictive models. These models,
anchored on various statistical and analytical techniques, aim to optimize the utilization
of the developed IoT devices and systems. This, undoubtedly, will culminate in more
intelligent actions [15,16].

The integration of predictive models into IoT devices and systems could very well
become the groundbreaking technology that dominates future decades. Through this
integration, the vast volume of data generated by the IoT devices/systems will facilitate
Internet-connected objects to become increasingly smarter and more sophisticated.

In recent years, neural networks and artificial intelligence have become increasingly
preferred approaches for the predictive modeling of various processes. The potential of
neural networks and artificial intelligence cannot be denied, but the decision to use a
classical time series model in the current study was made after careful consideration of the
factors outlined below [17–19]:

• Classical time series models often provide greater interpretability compared to complex
neural networks. In applications where understanding the relationships between
variables is crucial, the transparency of a time series model can be advantageous. This
is particularly relevant in our study, where the goal is to predict relative humidity to
ensure comfortable and healthy conditions in a dwelling.

• The nature of the measured data from the developed smart system may not fully
leverage the strengths of neural networks. If the dataset is relatively small or lacks the
complexity that neural networks handle well, a simpler time series model can offer
comparable results with a lower risk of overfitting.

• Classical time series models often require fewer computational resources and less
training time compared to neural networks. In scenarios where computational effi-
ciency is a priority, especially in real-time applications, a time series model can be
more practical.

• Time series modeling has a well-established history in forecasting applications. The
reliability and good results obtained with classical time series methods in various
fields make them a suitable choice, especially when the goal is to achieve a balance
between accuracy and simplicity.

It is known that the indoor relative humidity level in the air has a direct impact on
the thermal comfort of the dwelling’s residents, which in turn affects their health and
well-being. Aiming for the latter, a smart system has been developed to optimize, control,
and manage environmental factors using real-time data on microclimatic parameters.

The aim of this paper is to present an implemented time series predictive model, the
task of which is to make a forecast in the near future (30 min) of the relative humidity in
a room. Based on the obtained forecast, a control module of a humidifier or a dehumid-
ifier is preventively triggered to provide a comfortable and healthy environment for the
room’s occupants.

This paper is organized as follows. In Section 2, the algorithm for the work of the
smart system is presented in detail, and its structural scheme is thoroughly explained. In
Section 3, the forecasting models are theoretically presented and the obtained results for
the winter period are described. Then, the results are profoundly discussed. The paper
concludes in Section 4 with the important implications of the results and possible future
work directions are outlined.

2. Algorithm for the Work and Structural Scheme of a Smart System Enhancing
Comfort in Dwellings
2.1. Algorithm for the Work of the Smart System Enhancing Comfort in Dwellings

The algorithm for work is shown in Figure 1. The cornerstone of the smart system is a
communication node, referred to as Block 1, which facilitates connectivity among all the
multifunctional sensor modules embodied in Blocks 2–4. Moreover, it links with an MQTT
broker [20–23], allowing data interchange with the mobile application designed for control
and monitoring (Block 5). The system also establishes a connection with a GPS receiver
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to obtain an accurate astronomical time [24]. This communication node further ensures
connectivity to a cloud server where microclimatic measurement data and the results from
algorithmic energy flow models [25] are stored. The communication node encompasses a
WiFi router, the primary system ensuring comfortable indoor conditions, a GPS receiver
that provides precise timekeeping, and a personal computer to configure and visualize the
specific parameters of the indoor comfort management system [26].
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The DHCP server [27] within the WiFi router allocates IP addresses to all linked
devices, having predefined the IP addresses for the multifunctional sensor modules and
the system. This step is imperative as the system gathers measurement data by making
real-time queries to each sensor.

The multifunctional sensor modules in Blocks 2–4 stand as the second most critical
components of the smart system. Their primary responsibility is to gauge, with high
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precision, the essential microclimatic indicators of the ambient environment, both inside
the designated dwelling and outside it, within the building’s corridor.

Block 5 manages communication with the mobile application and configures specific
parameters within the system:

• Prearranged settings—indoor temperature, relative humidity, switch-on and switch-off
times, and a weekly schedule.

• Manual configurations—indoor temperature, the target relative humidity, and the
intended time to achieve them.

• Universal system configurations—IP address of MQTT broker, port of MQTT broker,
and registered smartphones.

• Additional settings—the dwelling’s minimum temperature and relative humidity,
along with an “Absence mode”.

The configurations are saved as a file in Block 7 and play a crucial role in both the
analysis and the comprehensive functioning of the system. In the event of a power outage,
these data points are utilized to reinstate normal operation.

In Block 6, using the measuring modules, continuous parameter measurements take
place, periodically recording the acquired values. The duration of the reading cycle is
determined in Block 7.

After the conclusion of the predetermined reporting period, the acquired data un-
dergoes the statistical operation [28–30] in Block 8. This process ensures the derivation
of precise measurement data from each specific point. The data, purged of any gross
errors, is subsequently stored in Block 10 on a cloud server. In Block 9 of the algorithm,
the system communicates its status to the mobile application, providing information on
current temperatures, the relative humidity, and the condition of the sensors. This includes
details on which temperature and humidity sensors are supplying valid data and which
ones have been deactivated after statistical processing to eliminate gross errors.

The temperature data, after the removal of gross errors, serves as the input for Block
11 and Block 13, and the outcome of the operation in Block 11 is stored in Block 12 [31].

Data from Block 13 and other system settings reflecting the specific requirements
of the dwelling’s occupants for ensuring the necessary thermal comfort and reducing
heating expenses are fed into Block 14. In various ways, the user determines this data,
which is also stored on the cloud server. This lays the groundwork for the introduction
of a predictive model that will autonomously learn from user data patterns and adapt
the energy consumption within the dwelling without requiring any intervention from
the resident.

Following the processes in Blocks 13 and 14, Block 15 identifies the times for activating
and deactivating the “Adjustable heat source” in Block 18. Block 19 of the algorithm
establishes humidity maintenance parameters according to predefined criteria. Once the
range for humidity maintenance is specified, it provides the input for the humidity control
system overseen by Block 20.

Decisions are made based on the input temperatures from the energy model, the time
needed to achieve the desired temperature, the time to deactivate the heat source, or from
Block 16, which detects the “Absence mode”. The input data for Block 15 are:

• User data—the desired temperature and the time needed to achieve it, along with the
time period for maintaining the temperature;

• Calculated temperature from the energy model, the overall energy heat exchange, and
the measured temperature from the thermosensors;

• Presence of the user;
• “Absence mode”;
• System time.

Traditional methods for identifying presence often employ sensors or infrared cam-
eras [32–36]. Modern algorithms leverage neural networks and artificial intelligence to
deduce the presence of an object within a designated space [37–39]. The intelligent system
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developed utilizes smartphone detection, requiring prior registration of the device in the
system. In Figure 1, Block 16 of the algorithm operates as a subroutine, checking the
local network for the registered smartphone’s presence through its MAC address, utilizing
the system utility PING. If there’s a smartphone with the matching MAC address, it will
respond, thereby indicating presence. If there is no presence detected for more than 48 h,
the system automatically switches to “Absence mode” mode and in Block 15, a mode is
activated to maintain a minimum set temperature.

Humidity control in the algorithm from Figure 1 is executed by Block 19. Input data
for Block 19 are:

• Relative humidity and temperature as measured by sensors;
• Presence of a user;
• “Absence mode”;
• System time.

Block 6 in the algorithm of Figure 1 remains active, and the succeeding blocks execute
their tasks until the user initiates the activation of Block 17, “End of Work?” This action
leads to the final “End” block.

Once the adjustable heat source is turned off, the smart system proceeds to a new cycle
for determining energy flow, as well as one for determining the approximate moment for
activating the heat source, dehumidifier, and humidifier.

2.2. Structural Scheme of a Smart System Enhancing Comfort in Dwellings

Figure 2 shows the logical structural diagram of the smart system, which has been
designed to ensure comfortable conditions in a dwelling. In total, eight pairs of measuring
modules are used to measure the microclimatic parameters, both inside and outside the
dwelling. An adjustable heat source is implemented to achieve the desired temperature
in the dwelling, and there is also a module that achieves humidity control by managing a
dehumidifier and humidifier.
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The smart system for ensuring comfortable conditions in a dwelling is built on the
basis of a single-board computer, Raspberry Pi [25,40,41]. Developed scripts scan each
multifunctional sensor module at previously configured IP addresses, read the data, and
save it to a file. There is also an option for asynchronous data retrieval from the measuring
modules via events that are received when a message is published to the MQTT broker [23].
When recording data, two separate files in CSV format [42] are created for each day. The
first file is created with the values of the measured parameters, taken every minute. The
second file is created with the values of the measured parameters, taken every ten minutes.

The modules that measure atmospheric temperature and humidity have a BME280
barometric pressure sensor that also measures temperature and humidity, and these are
implemented in the two outdoor modules. Modules measuring indoor temperature have a
temperature sensor, MLX90614, which replaces the BME280 [43].

Connected to the single-board Raspberry Pi computer is an external GPS receiver,
which provides UTC (universal coordinated time), avoiding the need for an external
NTP (network time protocol) server [44] to synchronize the internal system clock of the
Raspberry Pi. In this way, the system can be installed in a dwelling without needing to
connect to the Internet. The external GPS module provides the time via a serial interface
in a message with an NMEA 0183 format. Installed on the Raspberry Pi 3 is software for
decoding the message, which receives the date and time, and then synchronizes the system
clock of the single-board computer.

The NMEA 0183 standard describes the various types of messages transmitted by the
GPS receiver to the device using it [45].

The single-board computer is connected to the router, allowing the developed scripts
to access all multifunctional sensors.

Figure 3 depicts the algorithm of a software script that can be used to collect the
microclimatic data from each pair of multifunctional modules. Each script runs on the
operating system of the single-board computer every minute, based on specific events
that have been developed in the OS. In step 1 of the algorithm, a request is sent to each
of the pairs of measuring modules for the specific point. Once the data from the current
measurement are received, it is processed in step 2 and is then saved to a file, as represented
in Figure 3. After the data are saved to a file containing measurements taken every 1 min,
step 3 checks the system time of the single-board computer for multiples of 10 min. If the
time is a multiple of 10 min, in step 4, the same data are also saved to a file containing
measurements taken every 10 min—step 5. At the end of the current day, a new file is
created for the first measurements at 00:00 h of the following day.
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Integrating predictive models into IoT (Internet of Things) devices and systems repre-
sents the merging of two of the key areas of modern technology—data analytics and device
connectivity. In the long term, this integration promises to transform the way our devices
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work and interact with each other and with us, in the same way as would be useful in
national monitoring systems [46].

In recent years, the capacity to collect and analyze information has grown exponen-
tially. Predictive models based on artificial intelligence and machine learning are now
capable of analyzing complex data sets and predicting behaviors or scenarios based on
historical data. When these models are combined with IoT devices, the possibilities are end-
less. For example, air conditioning systems can anticipate changes in weather conditions
and automatically adjust the temperature in your home or office. While long-term weather
forecasts remain challenging, climate systems excel in short-term predictions and identify-
ing trends. For instance, they can effectively anticipate sudden temperature fluctuations or
shifts in humidity levels, enabling proactive adjustments in controlled environments [47].

Elsewhere, agricultural systems can analyze agricultural data and predict the best
time to plant or water crops.

By introducing such predictive models into IoT devices, Internet-connected objects
will not just respond to commands but will also anticipate user needs. This will make
devices more adaptive, autonomous, and efficient.

Furthermore, the deployment of predictive models will accelerate innovation across
multiple sectors, from medicine to industry and to urban planning. Cities could become
smarter by optimizing traffic, managing their waste and resources more efficiently, and
even predicting and preventing problems before they occur.

3. Time Series Analysis of Forecasting Relative Humidity in Dwellings

The study and prediction of relative humidity within residential environments are crit-
ical for ensuring comfortable living conditions and promoting the longevity and quality of
people’s lives. One of the most traditional and time-tested methods by which to analyze and
predict such variables is through the classical approach of time series forecasting [48,49].

In essence, a time series is a sequence of observations taken sequentially in time. For
relative humidity, this could be hourly readings of humidity percentages over several days,
weeks, or even longer. The classical time series forecasting approach divides the time series
into four constituent components: trend (T), seasonality (S), cyclic (C), and stochastic (I)
components. Mathematically, the time series (Y) can be expressed as either an additive or
multiplicative model [50]:

1. Additive model: Yt = Tt + St + Ct + It
2. Multiplicative model: Yt = Tt × St × Ct × It

where:

- Yt is the observed time series at time t;
- Tt represents the trend component at time t;
- St stands for the seasonality at time t;
- Ct is the cyclic component at time t;
- It denotes the stochastic or error component at time t.

The trend component captures the overall progression of the series, indicating whether
the readings are generally increasing, decreasing, or stagnating over time. Seasonality
captures repeating short-term fluctuations, which, in the context of humidity, might be the
daily variations due to changes in temperature and other factors. The cyclic component
is tied to business cycles and typically extends over longer periods. Finally, the irregular
component captures random, unforeseeable fluctuations. To extract these components and
forecast future values, classical techniques such as moving averages or exponential smooth-
ing might be applied. For relative humidity, understanding and accurately predicting its
levels using these foundational methods is crucial, not only for comfort but also for mold
prevention, energy efficiency, and maintaining the overall health of a residence.

Experimental studies were carried out with the developed smart system in the period
from 8 January 2018 to 10 January 2018. For this period of time, it is known that there were
no visitors in the dwelling where the temperature and relative humidity were measured.
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Figure 4 depicts the fluctuations in relative humidity over a 24-h period (y-axis of the graph)
and the corresponding numerical values of time intervals (x-axis of the graph). The graph
illustrates that the relative humidity inside the premises oscillated between approximately
42% and 48%.
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Figure 4. Changes in relative humidity for the defined period.

3.1. Trend Removal

Adhering to the approach used for temperature forecasting, the initial model employed
here is a linear trend, as shown in Figure 5.
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Figure 5. Real data and the linear trend.

The equation for this linear trend is provided as:

f (x) = p1.x + p2 (1)

p1 = −0.03425 (−0.0814, 0.0129)
p2 = 47.22 (46.6, 47.84)
R2: 0.2911

where x represents time, f (x) indicates temperature, and pi are the sought-after coefficients
in the model.

Figure 5 graphically showcases the actual variations in relative humidity, alongside
the linear trend.
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A notable observation from this representation is the negative trend. However, the
low coefficient of determination suggests that this model can only account for nearly 30%
of the error fluctuations. This necessitates the exploration of a more accurate model. After
several iterations, a cubic trend model was chosen, the equation of which is given as:

f (x) = p1.x3 + p2.x2 + p3.x + p4 (2)

p1 = 0.001599 (0.0005243, 0.002673)
p2 = −0.02717 (−0.0645, 0.01017)
p3 = −0.166 (−0.5321, 0.2001)
p4 = 48.67 (47.71, 49.63)
R2: 0.6961

Figure 6 displays the actual measured humidity values, juxtaposed with the cubic trend.
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Figure 6. Real data and the cubic trend.

The derived results from the cubic trend model reveal that its coefficient of determina-
tion is significantly higher than that of the linear trend, meaning that it characterizes the
data with greater precision. The confidence intervals are presented in brackets, assured at a
probability of γ = 0.95.

After the trend removal (filtering) using both the linear and cubic models, the resulting
plots are illustrated in Figures 7 and 8. From the plots, it is evident that when filtering the
trend with the linear model, variations in relative humidity for the specific period range
between −5% and +1.5%. In contrast, filtering using the cubic model results in variations
that are approximately from −4% to +2%.
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3.2. Cyclicality

For the purposes of this study, there is an emphasis on seeking relatively simple
models that can adequately approximate the data. After filtering the trend, experiments
were conducted with four different periodicity models, with the results showcased in
Figures 9–12. The chosen model is presented, followed by the coefficient values. Here, the
cyclicality is described based on various models after trend filtering, using both linear and
cubic approaches.
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Figure 9. Fourier 1 model (blue dots—empirical data; red line—model output).
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Figure 11. Fourier 3 model (blue dots—empirical data; red line—model output).
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Figure 12. Sine model 2 (blue dots—empirical data; red line—model output).

Models describing the cyclicality of post-trend filtering with the linear model:
General Fourier 1 model, as shown in Figure 9:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w) (3)

a0 = −0.4569 (−0.6432, −0.2707)
a1 = −0.2022 (−0.6958, 0.2914)
b1 = 2.207 (1.949, 2.464)
w = 0.3928 (0.375, 0.4106)

General Fourier 2 model, as shown in Figure 10:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w)
+a2. cos(2.x.w)
+b2. sin(2.x.w)

(4)

a0 = −0.4643 (−0.6152, −0.3133)
a1 = −0.4508 (−1.014, 0.1121)
b1 = 2.346 (2.137, 2.554)
a2 = 0.9776 (0.7776, 1.178)
b2 = 0.04391 (−0.4696, 0.5574)
w = 0.3998 (0.3792, 0.4204)
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General Fourier 3 model, as shown in Figure 11:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w)
+a2. cos(2.x.w)
+b2. sin(2.x.w)
+a3. cos(2.x.w)
+b3. sin(2.x.w)

(5)

a0 = −0.4415 (−0.5723, −0.3107)
a1 = −0.5854 (−0.9797, −0.1912)
b1 = 2.325 (2.142, 2.509)
a2 = 1.083 (0.9013, 1.264)
b2 = 0.07387 (−0.3489, 0.4966)
a3 = −0.4559 (−0.7276, −0.1842)
b3 = −0.3771 (−0.6341, −0.1201)
w = 0.4056 (0.3904, 0.4208)

General sine model 2, as shown in Figure 12:

f (x) = a1. sin(b1.x + c1) + a2. sin(b2.x + c2) (6)

a1 = 2.15 (1.934, 2.367)
b1 = 0.3085 (0.2819, 0.3351)
c1 = 0.9218 (0.5813, 1.262)
a2 = 1.24 (1.009, 1.471)
b2 = 0.6477 (0.6099, 0.6856)
c2 = −3.119 (−3.58, −2.659)

Figure 9 models the cyclicity (after filtration with a linear trend) established with
Equation (3), respectively. Figure 10 represents Equation (4), while Figure 11 depicts the
cyclicity of form (5), and Figure 12 represents Equation (6).

The determination coefficients of the four cyclicity models, designated (3)–(6), after
linear filtration are given in Figure 13.
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Figure 13. Determination coefficients for the different periodic models.

Upon analyzing the results, it is evident that the cyclicality is best described by the
third model, Fourier 3. The coefficient of determination for this model is R2 = 0.865,
signifying that approximately 86.4% of the data variances are explained by this model.

Considering the equations for the linear trend and cyclicality, the composite model
takes the following form:
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Ỹ = p1x + p0 + a0 + a1. cos(x.w)+
b1. sin(x.w) + a2. cos(2.x.w) + b2. sin(2.x.w)+
a3. cos(2.x.w) + b3. sin(2.x.w)

(7)

When accounting for the linear trend and periodic cyclicality for time trend approxima-
tion, Equation (7) is derived. Figure 14 illustrates the plots for the approximation function
based on Equation (7), juxtaposed with the actual data.
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Figure 14. Approximation of function (7), with trend and cyclicity included (blue dots—empirical
data; red line—model output).

One can infer that a substantial portion of the data is fairly approximated by the
devised model. However, there are certain data points that diverge from the overall trend
and model prediction, but they lie within the statistically reliable interval. Based on the
conducted studies and analysis concerning seasonal variations and random fluctuations,
model no. 4 is selected as the definitive model.

3.3. Model Validation

The logic behind the model validation mirrors the validation approach used for
temperature forecasting. Figure 15 displays both the real and approximated values from the
model’s validation for forecasting relative humidity in a dwelling. Figure 16a,b showcase
the approximation errors in absolute and relative terms during the model’s validation.
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Figure 16. Absolute (a) and relative (b) model errors.

From the correlogram depicted in Figure 17, it is observable that the model performs
aptly, with the dispersion around the straight line confirming this finding. The results
suggest that post-validation, the relative errors in the model are below 5%, indicating the
chosen model’s adequacy. The relative error between the actual and approximated data is
roughly under 3%.
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Figure 17. Correlogram of the real (red dots) and predicted (blue line) values.

Models describing the cyclicity after cubic model detrending:
General Fourier 1 model, as shown in Figure 18:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w) (8)

a0 = −0.02288 (−0.1953, 0.1496)
a1 = −1.555 (−1.803, −1.307)
b1 = −0.2504 (−0.7364, 0.2355)
w = 0.5382 (0.5147, 0.5617)

General Fourier 2 model, as shown in Figure 19:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w)
+a2. cos(2.x.w)
+b2. sin(2.x.w)

(9)
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a0 = −0.06668 (−0.2214, 0.08802)
a1 = −1.62 (−1.836, −1.405)
b1 = −0.063 (−0.4405, 0.3145)
a2 = −0.3642 (−0.655, −0.0733)
b2 = 0.5261 (0.2885, 0.7638)
w = 0.5296 (0.514, 0.5451)
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Figure 18. Fourier 1 model (blue dots—empirical data; red line—model output).
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Figure 19. Fourier 2 model (blue dots—empirical data; red line—model output).

General Fourier 3 model, as shown in Figure 20:

f (x) = a0 + a1. cos(x.w) + b1. sin(x.w)
+a2. cos(2.x.w)
+b2. sin(2.x.w)
+a3. cos(2.x.w)
+b3. sin(2.x.w)

(10)

a0 = −0.1678 (−0.2857, −0.04981)
a1 = −1.72 (−1.881, −1.558)
b1 = 0.2894 (0.05029, 0.5285)
a2 = −0.2711 (−0.4703, −0.07186)
b2 = 0.6734 (0.4996, 0.8472)
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a3 = 0.1681 (−0.08261, 0.4187)
b3 = 0.7384 (0.5675, 0.9093)
w = 0.5154 (0.5078, 0.523)
R-square: 0.864
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Figure 20. Fourier 3 model (blue dots—empirical data; red line—model output).

General Sine 2 model, as shown in Figure 21:

f (x) = a1. sin(b1.x + c1) + a2. sin(b2.x + c2) (11)

a1 = 1.627 (1.429, 1.824)
b1 = 0.5404 (0.5222, 0.5586)
c1 = −1.741 (−1.988, −1.494)
a2 = 0.6887 (0.4936, 0.8838)
b2 = 1.548 (1.506, 1.59)
c2 = 0.2426 (−0.3189, 0.8042)
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Figure 21. Sine 2 model (blue dots—empirical data; red line—model output).

Figure 18 models the cyclicity (after filtration with the cubic trend) with Equation (8),
respectively. Figure 19 represents Equation (9), Figure 20 depicts the cyclicity of Equation (10),
and Figure 21 represents Equation (11).

Upon analyzing the results, it becomes evident that among the proposed four models,
the cyclicality is best captured by model no. 3, denoted as Fourier 3 in Equation (10).
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Figure 22 presents the coefficients of determination of the cyclicity models (8)–(11)
after cubic filtration.
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Figure 22. Determination coefficients of the different periodic models.

The graph indicates that out of the four proposed models, model no. 3 provides
a robust representation of cyclicality. The coefficient of determination for this model is
approximately R2 = 0.81, signifying that around 81% of the variances in the data are
accounted for by this model.

Considering the cubic trend and cyclicality equations, the comprehensive model is
formulated as:

Ỹ = p3x3 + p2x2 + p1x + p0 + a0+
a1. cos(x.w) + b1. sin(x.w) + a2. cos(2.x.w)+
b2. sin(2.x.w) + a3. cos(2.x.w)+
b3. sin(2.x.w)

(12)

Figure 23 showcases the approximating function incorporating both the trend and
the cyclicality.
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Figure 23. Approximation of function (12), with included trend and cyclicity (blue dots—empirical
data; red line—model output).

When the cubic trend and periodic cyclicality are taken into account for time trend
approximation, we arrive at Equation (12). Its graphical representation is depicted in
Figure 23, portraying the approximation function against the actual measured values.

The analysis reveals that a substantial portion of the data is approximated well by the
established model. However, there are specific data points that deviate from the general
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trend and the model’s forecast, yet they lie within the statistically significant interval. Based
on extensive research and analysis concerning seasonal variations and anomalies, model
no. 3 is chosen as the final model.

3.4. Model Validation

Figure 24 illustrates the actual and approximated values derived from the model’s
validation. From Figure 25, it is discernible that the model performs consistently, with the
scattering around the line affirming this behavior.
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Figure 24. Real (red asterisks) and approximated (blue line) values in the model validation.
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Figure 25. Correlogram of the real (red dots) and forecasted (blue line) values.

Figure 26a,b depict the errors in the approximated data in both absolute and relative
terms during the model’s validation.

The relative error between the actual and approximated data is approximately ±0.1%.
The obtained results confirm that post-validation, the relative errors in the model are less
than 2.5%, thereby substantiating the model’s adequacy.

The research outcomes suggest that by forecasting humidity over time, one can opti-
mize the activation timing of a dehumidifier or air humidifier. This ensures the achievement
of the desired comfort conditions, with minimal energy consumption. Based on the tra-
ditional forecasting of relative humidity, sections of Figure 27a,b have been constructed,
founded on the coordinates of the relative humidity measurement sensors, comprising six
in total.
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For building the module, the next models to be used are:
Incomplete quadratic polynomial in two variables (Model Poly12), shown in Figure 27a:

f (x, y) = p00 + p10.x + p01.y + p11.x.y
+p02.y2 (13)

p00 = 49.6
p10 = −0.2449
p01 = −4.578
p11 = 0.1423
p02 = 1.213
R2 = 0.9648

Incomplete quadratic polynomial in two variables (general model), shown in Figure 27b:

f (x, y) = p00 + p10.x + p01.y + p02.y2 (14)

p00 = 48.86
p10 = 0.005527
p01 = −4.162
p02 = 1.213
R2 = 0.8435
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4. Conclusions

A smart system for enhancing comfort in dwellings has been developed, in which a
predictive time series model has been implemented in the operating algorithm. The studies
conducted herein show that predictive time series models require fewer computational
resources and less data volume compared to deep learning-based methods, which would
help to optimize, control, and improve the environmental factors in a room and in real time.

Indoor relative humidity is an object of prediction, as it is one of the main factors
through which various aspects of the air environment, including the concentration of fine
particulate matter, can be controlled [51,52], thereby aiming to achieve a comfortable and
healthy environment for building occupants [53].

This research presents a fundamental approach to enhancing residential comfort
through the implementation of a predictive model in a smart system. The paper’s major
contribution lies in the development and validation of model no. 3, based on the Fourier 3
equation, which excels in accurately forecasting the relative humidity within residential
spaces. This model demonstrates remarkable efficiency, capturing approximately 81% of
data variances, with a minimal error margin of ± 0.1%. Furthermore, the study bridges
the gap between advanced predictive analytics and practical application, showcasing how
accurate humidity forecasts can lead to the optimized operation of household devices like
dehumidifiers and air humidifiers. This not only elevates indoor comfort levels but also
promotes energy efficiency, offering a sustainable solution for modern living environments.
The paper’s findings represent a significant step forward in the realm of home automation
and sustainable residential design.

Furthermore, the implications of our findings extend beyond mere comfort. In an era
where sustainability is paramount, the ability to accurately predict and thereby efficiently
manage indoor conditions can lead to significant energy savings. Optimized operations of
devices like dehumidifiers and air humidifiers, when driven by our predictive model, can
ensure a comfortable indoor atmosphere while conserving energy. This harmonious blend
of comfort and sustainability, as underscored by our research, paves the way for future
residential setups where well-being coexists seamlessly with ecological responsibility.

This work could be further developed in a number of ways. For instance, the fore-
casting procedure could be improved by means of more advanced and sophisticated ap-
proaches, such as (S)ARIMA-type methods, neural networks (including CNN and LSTM),
modified ODEs, etc. What is more, the humidity and temperature could be considered
together as exogenous inputs. It would also be useful to study the impact of humidity
dynamics on the residing people.
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