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Abstract. Recently, interest has increased in evaluating environmental quality,
for extended periods, in closed spaces of human occupation. This is due to the
search for well-being in the health of the users. Therefore, it is important to
analyze the behavior of environmental conditions, acceptable to people, in certain
periods and workspaces, in accordance with the standards established by the
Health sector. This work describes the implementation of a network of sensors
to acquire data on certain variables, such as temperature, humidity, and air
pollution. In this sense, data fusion provides a way to unify data as support for
the analysis of various sources. In addition, Bayesian estimation is presented as
a data fusion method of the captured values. The results showed that the data was
fused with high precision, which can be used to analyze healthy atmospheric
levels for users in closed environments, as a basis for the reasoning process in
Ambient Intelligence.
Keywords: Ambient Intelligence, Bayesian Estimation, Data Fusion, Physical
Variables, Sensor Network.

1

Introduction

Ambient Intelligence (AmI) is an emerging area in computer science that provides
intelligence to real-life environments, where daily activities are performed, making
them sensitive to the user and their actions by the use of electronic devices, sensor
networks, context awareness, and artificial intelligence [4, 7] At present, the interest in
this area has increased due to advances in sensor networks and their integration into
daily activities, as well as the growing need to perceive and analyze the environment in
order to ensure healthy levels in areas of human occupation environments [11, 10].
Because AmI is designed for real-world environments, the effective use of wireless
sensor networks has been important in a variety of applications, such as environmental
monitoring. The objective is to obtain useful information for making decisions about a
certain event, object, or action [3], where the information is used to identify patterns of
pp. 115–124; rec. 22-08-2020; acc. 15-10-2020

115

Research in Computing Science 149(11), 2020

Julio Muñoz Benítez, Guillermo Molero Castillo, Everardo Bárcenas, Rocío Aldeco Pérez, et al.

Fig. 1. Conceptual representation of a fusion system.

behavior over time, for example, to analyze concentrations of air pollution, temperature
or humidity [14]. For this, it is necessary to analyze different data sources [19], such as
those obtained through sensors.
Nevertheless, analyzing data collected through sensor networks is a complex
challenge [4, 14, 19], as large volumes of data can be generated, making it difficult to
analyze the captured information. Also, if the sensors are faulty or inaccurate, caused
by ambient noise, missing or incorrect values can occur, leading to erroneous analysis
or incorrect predictions [13]. Therefore, when using data from multiple sources, there
must be a way to combine them, prior to analysis, since integrated data provide a
comprehensive, unified, consistent, and accurate picture of a situation of interest.
In this sense, data fusion facilitates the detection, association, and integration of
data [26], which come from different sources, such as signals from a sensor network
[9]. This field of knowledge has been used in various areas, such as [9, 26]: signal
processing, estimation, statistics, inference, and artificial intelligence. Today, it has
significant advancements in applications for automatic target recognition, autonomous
vehicle navigation, remote sensing, and threat identification.
As an example, Fig. 1 shows the diversity of sources, in this case, sensors, and the
fusion process, where the data is integrated with the purpose of carrying out an analysis
on a certain event.
One of the methods used in data fusion is Bayesian estimation [8, 15, 16, 17]. This
method performs the fusion of the probability distribution of subsequent measurement,
based on a set of probability distributions from previous measurements [15, 24]. That
is, this is a way to represent the dynamism of the environment and the behavior of data
sources [13, 15]. Thus, after data fusion, as part of AmI, the analysis of these fused data
sources can be useful, for example for the analysis of environmental variables,
according to established Health standards, such as the ANSI/ASHRAE 55-2017
(ASHRAE, American Society of Heating, Refrigeration and Air-conditioning
Engineers), which defines the ambient thermal conditions for human occupation in a
given workspace [1].
This paper presents the results of Bayesian estimation for the fusion of data from
physical variables measured in a work area of a university environment. For the
collection of data, humidity, temperature, and air pollution sensors were installed. This
data source represents an important field of action as a basis for the generation of
knowledge in AmI, specifically for the analysis of the thermal comfort of users in
closed environments.
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2

Background

At present, the areas that have increased the use of data fusion are data science, pattern
recognition, and artificial and environmental intelligence [2, 5. 7], where fusion
methods are used in the data extraction, integration, and loading in order to serve as a
basis for their analytics.
Precisely, in AmI there is a growing need to perceive and analyze environmental
conditions in order to improve the environment of users in the performance of their
activities. One of the main characteristics of AmI is the use of electronic devices and
communication techniques to perceive the environment, that is, to use sensor networks
to monitor environmental conditions. One of these conditions of interest is the
monitoring of humidity, temperature, and air pollution [20], which are atmospheric
conditions important for the health and well-being of users.
For example, in the case of air pollution, it increases people's risk of contracting a
respiratory disease [23, 27], given the presence of harmful particles, which not only
depend on the gases generated by vehicles or gases emitted by industrial systems, also
depends on environmental conditions such as humidity, temperature, rain, wind, to
name a few. Therefore, these environmental conditions must be taken into account for
their analysis and subsequent execution of an action plan for the benefit of people and
the environment.
In this sense, data fusion is a key and critical aspect of systems with diverse data
sources, such as sensors. The goal is to integrate data efficiently to overcome the
limitations encountered when using a single source [10]. The fusion of data from
various sources represents a significant advantage in the unification of data, to obtain a
global, robust, and complete vision of the event or situation that is being observed and
analyzed [25].
Data fusion has been used in various disciplines, such as pattern recognition,
artificial neural networks, the decision-making process, to name a few. Currently, one
of the areas that have driven the use of data fusion is AmI, where fusion methods are
used in the extraction, integration, and loading of data to serve as support in the
reasoning process from data collected from different sources [19].
On the other side, the analysis of thermal conditions is of importance since the
World Health Organization (WHO) defines a set of diseases caused by environmental
factors in closed spaces, called sick building syndrome [18, 21]. This syndrome is a set
of annoyances caused by poor ventilation that prevents air renewal, temperatures not
suitable for user activities, humidity levels that benefit the reproduction of microorganisms, and the concentration of particles in the air. The symptoms of sick building
syndrome affect users, generating discomforts such as [18]: headaches, nausea,
dizziness, colds, irritation of the respiratory tract, eyes, skin, as well as
persistent allergies.
Thus, thermal analysis is one of the fundamental aspects that determine the indoor
environmental quality and is directly related to user satisfaction and energy use in
buildings [22]. The purpose is to maintain healthy and adequate environmental levels
that guarantee the comfort, health, and productivity of the users in the performance of
their activities.
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Fig. 2. Sensor network deployment in the workspace.

3

Method

As method, three work stages were defined, the first was the design and implementation
of the sensor network for the measurement of environmental variables. In a second
stage, the environmental variables were measured with a frequency of one minute,
during a period of four weeks, that is, during the last weeks of spring. This period was
defined as a period prior to summer, with the objective of obtaining data during the
transition days of both seasons (spring and summer), that could be used to compare
with a future analysis during winter. The third stage consisted of the use of Bayesian
estimation as a data fusion method. This method was based on obtaining estimates
based on previously collected data for temperature, humidity, and air pollution.
3.1 Sensor Network
The sensor network was implemented, providing it with sensing, processing, storage,
and data transmission capabilities, in order to generate the data stream. Figure 2 shows
the deployment of the sensor network in the physical space, where they were installed.
Five nodes were installed, three to measure temperature, humidity, and air pollution
(nodes 1, 2, and 3).
Each of these nodes was integrated into a NodeMCU board, which consists of an
ESP8266 processor with integrated WiFi technology b/g/n [6]. Sensors were connected
to the general-purpose inputs and the digital-analog converter, so data was processed
and stored in the memory of the NodeMCU board. The sensors used were a) DHT11
for the measurement of relative humidity and temperature, and b) MQ-135 to determine
air pollution and concentration of particles in the environment.
3.2 Data Capture
As mentioned, the nodes of the sensor network were configured to measure
environmental variables with a frequency of one minute for four weeks. This period
was defined according to the ASHRAE 55-2017 standard, which establishes that the
acquisition intervals must be five minutes or less and the sampling period greater than
two hours or be directly determined based on the occupation schedules of the area
of interest [1].
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Table 1. Extract of data collected through the implemented sensor network.
Date

Temperature (ºC)

Humidity (%)

Air Pollution (PPM)

S1

S2

S3

S1

S2

S3

S1

S2

S3

2020-05-25 07:01:00

24.0

24.0

24.0

45.0

48.0

47.0

83.9

83.3

81.6

2020-05-30 07:02:00

24.0

23.0

23.0

47.0

48.0

47.0

84.3

83.8

81.4

2020-06-21 18:59:00

24.0

24.0

23.0

45.0

47.0

47.0

77.6

76.3

67.0

2020-06-21 19:00:00

23.0

24.0

23.0

46.0

45.0

47.0

77.7

76.5

67.4

Regarding the data collected, these measurements were made in a university workspace, where according to the ASHRAE 55-2017 standard, the activities carried out are
classified as typical office tasks, where there is a low metabolic rate, that is, a low level
of transformation of chemical energy into heat [1].
In this sense, for data collection, each of the sensors handled a local log in commaseparated values (CSV) format. Sensor data is generated as raw data including date and
time data, physical variables, and sensor identifier. This data is extracted and groped
into a single table that serves as a source for the fusion method. Furthermore, with the
use of WiFi technology, the data were grouped in a single table. As an example, Table
1 shows an extract of the data collected through the sensors on temperature, humidity,
and air pollution.
Based on the measurements obtained, the temperature recorded values in degrees
Celsius, the humidity as a percentage of water present in the environment, and the air
pollution in parts per million.
3.3 Bayesian Estimation
After obtaining the data, Bayesian estimation was used as a data fusion algorithm, based
on the Bayes theorem, which uses the conditional probability to estimate an event X,
after a previous measurement Y [13, 15]. The probabilistic information of the
measurement Y about the event X is also described by a probability density function
P(x,y), known as conditional probability function:
𝑃(𝑥|𝑦) =

𝑃(𝑥) ∙ 𝑃(𝑦|𝑥)
.
𝑃(𝑦)

In this sense, Bayesian estimation reflects the probability of the occurrence of
measurement based on previous data. This probability can be updated as recent data
measurements are made. In this way, when updating the probabilities of the
measurements, Bayesian estimation can model the behavior of the environmental
variables that generate data streams [12, 15, 19].
Thus, this paper presents the use of the conditional probability function to represent
the estimated result from the fusion of sensor measurements, represented as
𝑡𝑖𝑚𝑒
𝑆𝑠𝑒𝑛𝑠𝑜𝑟
𝑛𝑢𝑚𝑏𝑒𝑟 . When replacing the probabilities of the measurements made by the
sensors for Temperature (T), Humidity (H), and Air Pollution (C), we obtain:
𝑃(𝑇𝑖1 |𝑇𝑖0 ) =
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𝑃(𝐻𝑖1 |𝐻𝑖0 ) =

(𝐶𝑖1 |𝐶𝑖0 ) =

𝑃(𝐻11 ) ∙ 𝑃(𝐻21 ) ∙ 𝑃(𝐻31 ) ∙ 𝑃(𝐻11 |𝐻1𝑜 ) ∙ 𝑃(𝐻21 |𝐻2𝑜 ) ∙ 𝑃(𝐻31 |𝑇3𝑜 )
,
𝑃(𝐻10 ) ∙ 𝑃(𝐻20 ) ∙ 𝑃(𝐻30 )

(2)

𝑃(𝐶11 ) ∙ 𝑃(𝐶21 ) ∙ 𝑃(𝐶31 ) ∙ 𝑃(𝐶11 |𝐶1𝑜 ) ∙ 𝑃(𝐶21 |𝐶2𝑜 ) ∙ 𝑃(𝐶31 |𝐶3𝑜 )
.
𝑃(𝐶10 ) ∙ 𝑃(𝐶20 ) ∙ 𝑃(𝐶30 )

(3)

In this way, data fused were obtained based on the previous measurements on each
of the environmental variables, that is, integrated data were obtained for temperature,
humidity, air pollution, respectively. Subsequently, these integrated values will be used
for the thermal comfort analysis, under the conditions of the ASHRAE 552017 standard.

4

Results

As a result of the fusion process, based on the Bayesian estimate, integrated values
were obtained for each of the environmental variables. These integrated values were
projected in graphs that represent the conditional probability distribution of previous
and future measurements, which were obtained by the sensor network.
4.1 Bayesian Estimation
Figure 3, part A, shows the temperature values measured in nodes 1, 2, and 3, through
DHT11 sensors. The measurements of sensors 1 (blue) and 2 (orange) have similar
behavior, with slight variations (values of 24.5 and 24.9 ºC, respectively), while sensor
3 (green) presented a difference with respect to the other sensors (23.2 ºC). This could
be due to the characteristics of the workspace and the activities carried out, that is, a
closed work environment with ventilation through a window and the main access door.
Thus, based on the measurements, integrated values (red) were obtained. These fused
values represent a general behavior of the sensation of heat in the environment. The
mean value of this fusion was 23.8 ºC, with a minimum and maximum of 19.6 and 28.7
ºC respectively. It is important to note, that the fusion takes into account the probability
of the measured values, in this way, the fusion is not based on the average of the
Table 2. Estimated root-mean-square error for the fused data.
Variable

Sensor

RMSE

Temperature

1
2
3

1.429
1.424
1.677

Humidity

1
2
3

1.577
3.113
1.760

Air pollution

1
2
3

1.447
1.459
2.040
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Fig. 3. Data fusion of variables temperature, humidity, and air pollution.

measurements, it represents the estimated values based on the probabilities of
previous values.
Similarly, Figure 3 –part B– shows the values of the humidity percentage in the
environment, acquired by the DHT11 sensors (nodes 1, 2, and 3). The measurements
of sensor 1 (blue) and 3 (green) had high measurements, with the highest values
recorded by sensor 3, presenting an average humidity sensation of 46 and 47.9%,
respectively; while sensor 2 (orange) showed an average of 43.8%, recording lower
values with respect to the measurements of sensors 1 and 3, the latter with the
highest values.
This may be due to the location of the sensor, which is close to the window, where
there is a greater amount of heat due to solar intensity and, at the same time, in contact
with the exterior, concentrates a greater amount of water present in the environment.
Thus, based on humidity measurements, fused values (red) were obtained. These
values were 47%, with a minimum of 42.8% and a maximum of 51.4%.
Air pollution, determined by levels of concentration of particles in the environment,
is another of the physical variables that were analyzed due to its importance in
determining healthy levels for closed environments. In Figure 3 –part C– it was
observed that the values of sensors 1 (blue) and 2 (orange) present a similar probability
distribution, with averages of particles per million (PPM) of 62 and 58, respectively.
While sensor 3 (green) showed a behavior different from the other two sensors, whose
PPM average was 47. The variation of this sensor is attributed to its location, which is
close to a window that encourages airflow and ventilation. On the other hand, the result
ISSN 1870-4069
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of the fused values (red) was influenced by measurements from sensors 1 and 2, with
an average of 60 PPM.
4.2 Data Fusion Validation
As part of the data fusion validation process, the root-mean-square error (RMSE) was
used. In this sense, the estimated data were compared with the measurements acquired
by the sensor network. The summary of the results obtained for each variable is shown
in Table 2.
Based on the results obtained, it was observed that the RMSE of data fusion reached
low error levels. For example, for the case of measured temperatures, there are error
percentages that range between 1.4 and 1.7%, which represents that the data fusion
reached a high level of accuracy, that is, above 98.4%. These ensure that the precision
of the data fusion method is trustworthy. A similar case occurs with the other
measurements, whose levels of accuracy exceed 97.8% for humidity, 98.4% for air
pollution. Consequently, the error results obtained allow us to validate, with a high
confidence level, the Bayesian estimation method used for data fusion.

5

Conclusions

Data fusion is an area of research that has received great interest, due to the
incorporation of sensors in computer systems and the need for these systems to interact
with the environment that surrounds them, adapting to situations to provide appropriate
services whenever necessary.
A sensor network was designed and implemented to collect data on physical
variables in a certain university workspace. For this, DHT11 sensors were used to
measure the percentage of water in the environment and the thermal sensation, and MQ135 to measure the concentration of particles in the environment. These sensors were
connected to a NodeMCU-type controller board, with storage and connection
capabilities through WiFi technology, with the aim of storing information about the
environment, exploiting the versatility that this board offers when programmed in the
Python language.
Bayesian estimation was used as a fusion method, in order to obtain integrated data
from previous measurements (real values). The purpose of obtaining fused values is to
make subsequent analyzes about the thermal comfort of users in closed workspaces.
To validate the fusion method, the RMSE was used, whose quantification of the
difference to the table of the fused values for each physical variable, with respect to the
values acquired by the sensors, allowed to determine the level of accuracy of the data
fusion. In this way, data fusion results were obtained, with a confidence level above
98% on average in each of the variables analyzed.
Environmental analysis is of importance to avoid unhealthy levels that propitiate
the symptoms caused by the syndrome of the sick building, having as priority users’
health in closed environments.
As future work, we contemplate expanding the extension of the sensor network to
monitor other areas of interest, in order to analyze the thermal comfort of users in
Research in Computing Science 149(11), 2020
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different work areas. Likewise, it is contemplated to extend the monitoring period to
define work cycles or seasons in order to adapt parameters associated with each climatic
season of the year.
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