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Abstract. At present, current data fusion methods are a useful tool for
integrating data sources, prior to data analytics, and provide a unified view of
an observed phenomenon or event. This paper presents the development of the
Monte Carlo method, as a data fusion mechanism, obtained from a wireless
sensor network. This network of sensors was designed and installed in a closed
environment of human occupation. The data collected was of physical
variables, such as temperature, humidity, and dust density, which were stored in
the cloud through ThingSpeak, which is an open-source platform for the
Internet of Things. As a result, it was succeeded in data fused properly and the
method was evaluated through the root-mean-square error. Undoubtedly, fused
values can be useful, for example, for the analysis of the thermal comfort of
users in closed environments, where there are minimal ventilation rates and
adequate indoor air quality is needed.

Keywords: Data Fusion, Monte Carlo Method, Wireless Sensor Network,
Physical Variables.

1 Introduction

Today, the automation of industrial processes, the improvement of workforce
capabilities and the development of new products through Artificial Intelligence
benefits society as part of the digital transformation process in this era of the fourth
industrial Revolution. However, of all the technologies to consider for their potential,
without a doubt, wireless sensor networks (WSN) are proving their usefulness for
measuring and storing data on a specific environment, as a key technology to
implement the Internet of Things (1oT), whose main characteristic is its low energy
consumption and its deployment in inaccessible locations or even integrated
within structures.

It is important to note that currently, wireless sensor networks are autonomous
devices that work collaboratively, distributed throughout an area of interest and
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whose objective is to monitor physical or environmental parameters, such as
temperature, sound, vibrations, pressure, movement, or pollutants. Each element of
the sensor network communicates wirelessly, offering a flexible system, easy to
install, and scalable in large quantities. However, as the volume of data grows, so
does the need to combine data from sensors to extract useful information, allowing an
understanding of the environment and making timely decisions.

Faced with this situation, data fusion systems are an efficient solution to this
problem. Data fusion is the process of associating and combining data at various
levels, which come from different sources, such [1]: sensors, databases, signals,
decisions, and others. This field of knowledge is used in different areas, such as [2]:
signal processing, statistics, inference, and artificial intelligence. It has greater
advances in applications of automatic target recognition, autonomous vehicle
navigation, remote sensing, virtual environments, smart homes, threat identification,
among others.

The idea of combining data from various sources, such as a network of sensors, is
to obtain a global and unified vision of the observed phenomenon. Therefore, data
fusion provides a formalization to data integration, in such a way that the results help
in the decision-making process about a certain event, object, or action [3].

This paper aims to provide a vision of the progress of the development of a method
for data fusion of physical variables, obtained in a closed space of human occupation,
such as a room of a house, office and other places of rest or work, through a wireless
sensor network. In particular, the analysis of the three variables was carried out, such
as temperature, humidity, and dust density.

The document is organized in the following way, Section 2 presents the
background of data fusion, some of the most significant contributions of data fusion
are mentioned, its applications are discussed, the use of wireless sensor networks and
the related jobs. Section 3 describes the method established as a proposed solution.
Section 4 presents the results obtained, based on an application example, and Section
5 summarizes some conclusions and future work.

2 Background

As mentioned, data fusion is about the integration of data that comes from different
sources. The purpose is to have a unified and refined view of them, in order to
analyze them and give a conclusion. The data fusion as a field of knowledge emerged
with military and robotics applications [10].

At present, one of the areas that have given the greatest impetus to data fusion is
data science, where methods are used to extract, transform and load data sources as
part of the data engineering process, prior to data analytics [11, 12].

Another area, which has also benefited from data fusion, is 10T since this is a
technology that depends on interconnected objects, capable of communicating for the
collection of data about a certain event [13].
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2.1 Wireless Sensor Network

A wireless sensor network is made up of a set of interconnected sensor nodes that
cooperate to measure and control a certain physical context that surrounds them, thus
allowing interaction between people and devices or machines. These sensors work
within a field of action to capture and transform signals into data, which are sent
through other nodes to a common output, such as the Internet or databases [14].

A sensor network uses wireless or wired communication, and can be physically
organized within an area where events occur in different ways, such as [7]: a)
distributed, where there is no central node, but if a node stops function, it does not
affect any other; b) centralized, where all nodes are peripheral except the central
node, which is the only one that emits information; c) decentralized, where there is a
collective hub of nodes, if one node goes down, several nodes may stop working, but
the entire network does not go down.

In recent years, along with the growth of the Internet of Things, wireless sensor
networks are gaining relevance in the industry, academia, and society in general, as a
global infrastructure that allows offering advanced services through the
interconnection of physical and virtual objects, thanks to the interoperability of
information technologies [15], which, in turn, guarantee security and privacy
requirements [17]. Thus, the applications are varied, among which agriculture, smart
cities, smart homes, smart environments, industry, logistics, environment, military
solutions, security, health, among others, stand out.

2.2 Data Fusion

Data fusion is a field of knowledge used to combine data produced by one or more
sensors or data sources so that you can have a better estimate of the amount being
measured [16]. Current ideas of data fusion are an efficient solution alternative to the
increasing availability of data volumes. This is to combine data from various sources
to obtain a complete description of an observed phenomenon [7].

On the other side, various definitions have emerged in data fusion. One of these
points out that it is a multi-level, multi-stage process for the detection, association,
correlation, estimation, and combination of data from one or more sources to achieve
complete estimates and evaluations [18]. Recent examples of data fusion cover a wide
range of areas, such as engineering, medicine, traffic control, environment, artificial
intelligence, robotics, among others.

There are, therefore, application areas that until recently have been little explored
by the data fusion community, some of these are [20]: the development of systems
capable of incorporating hard and soft data, systems of data fusion in dynamic
environments and real-time processing, as well as the incorporation of data fusion in
smart sensors.

2.3 Monte Carlo Method

The Monte Carlo method is a non-deterministic technique, used to approximate
numerical estimates to a great variety of mathematical problems. This method is
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named in reference to the Monte Carlo Casino (Monaco), for being the capital of the
game of chance, as roulette is a simple generator of random numbers [19]. This
method bases its operation on simulation, which consists of repeating the
characteristics and behaviors of a real system. The objective is to imitate the behavior
of real variables to, as far as possible, analyze or predict simple or complex
future values.

Currently, this method is a fundamental part of the Ray Tracing algorithms for the
generation of 3D images [21]. The method may vary depending on the application,
but in general, it follows the following steps: i) it defines the domain of the inputs; ii)
it entries with random values are generated, following a probability distribution that is
within the domain; iii) the inputs in the function are evaluated, and iv) the calculated
values are gathered.

Being a probabilistic analysis algorithm, the possibility of error is given by the
number of errors divided by the number of times the test is performed. Following the
central limit theorem, Monte Carlo has an absolute error given by:

1

7

This indicates that if the number of trials is increased, the probability of the error
tends to zero [19]. An advantage of the Monte Carlo simulation is that it can give a
good approximation of the exact value. In this way, this method can be used to
measure reliability in a sensor network [8]. The equation used is the following:

1 [ee]
(b-ayy Y fGx)
n=1

where:
— (b — a) are the intervals of the function,
— N is the number of tests,
— x; is the random value that is evaluated in the function.

2.4 Related Works

A growing problem in data fusion is dealing with data inconsistency. For this, there
are various methods that can be used, such as sending the same data packet a second
time. Once sent, the similarities of the two packets are compared and outliers are
removed. Another option is to compare previous data measurements and then give a
certain level of confidence to the sensors that were used [4]. Another method is to
assign a series of weights hierarchically to the sensors [5], but none of these methods
deal with the conflict, from the point of view of inconsistency, generated by using
different sensors. Table 1 summarizes some identified works, as part of the
literature review.

Therefore, due to the promising future of wireless sensor networks, there is a
natural interest to embrace data fusion applications with this type of technology to
monitor different phenomena and events efficiently.
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Table 1. Related Works.

Author Description Method used Limitations
The process consists of
finding inconsistencies in High computational
Motro et al. It is a data source integration flata tuples, t.hat 15, cost t.o re§olve
. inconsistencies are detected  conflicts in
(20006) [6] system, called Fusionplex. . . .
in the instances and commercial
eliminated according to the  applications.
criteria.
Kumar et al. Detects data inconsistency in Uses a neqral net.work o h does. not analyze the
. detect the inconsistency of inconsistency of the
(2009) [4] sensors before it is sent. . .
data through its variance. data.

Assigns a hierarchy to sensors

S o The sensors were compared
to eliminate subjectivity and P

It is required to define

Frikha et al. . . in pairs using matrices. The o .
reduce inconsistency. The . the criteria to assign
(2015) [5] X . weights of the sensors are . >
higher the hierarchy, the dded the initial hierarchies.
greater the weight. added.
Three data fusion approaches
are presented to deal with The treatment of Lacks a process of
Bakr et al. . . . ) inconsistency of data from .
inconsistency: a) model . . fusing data from
2017 7] based, b) redundant, and c) Various sources 1s multiple sources
fusior;—based ’ described. ’ .
Table 2. Characteristics of the NodeMcu board.
Characteristic Value
1 Power supply 5V
2 Output voltage on pins 33V
3 Processing speed 80 - 160 MHz
4 Size 29.1 x 63.3 mm
3 Method

The working method defined for data fusion of physical variables, measured in a
closed environment of human occupation, was divided into four stages: a) installation
of the sensor network, b) data collection, c) data fusion, and d) evaluation of the
fusion method.

a) Installation of the sensor network

In this stage, two sensor nodes were installed at the ends of a room. The NodeMcu
board (ESP8266) was programmed to send data to the ThingSpeak platform, which
allows storing, visualizing, and analyzing data in real-time, using cloud services for
0T applications. Using the cloud has advantages, since it allows access to the data
collected from anywhere in the world, using any device with an Internet connection.
In addition, it provides useful tools for users. Table 2 summarizes the main
characteristics of the NodeMcu board, the required values of voltage, speed, and size.
This board is used for the development of mobile 10T applications.
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Table 3. Characteristics of the DHT11 sensor.

Characteristic Value
1 Power supply 33-5V
2 Output voltage on pins 33V
3 Humidity range 20 —90% with 5% precision
4 Temperature range 0 — 50°C with + 2°C of precision
5 Size 14x 18 x 5.5 mm
Table 4. Characteristics of the dust sensor.

Characteristic Value
1 Power supply 5V
2 Current consumption Icc: MAX 20 mA
2 Pulse cycle 10 + 1ms
3 Size 46.0x 30.0 x 17.6 mm

Table 5. Extract of data collected through the implemented sensor network.
Date Temperature (°C) Humidity (%) Dust Density (mg/m®)

2020-05-30 19:54:38 28.9 67 0.02
2020-05-30 19:59:38 29.1 69 0.01
2020-05-30 20:04:39 29.0 71 0.02
2020-06-23 09:37:12 32.1 64 0.01
2020-06-23 09:42:13 322 65 0.01
2020-06-23 00:47:13 322 66 0.02

The DHT11 sensor includes a humidity and temperature measurement component
that connects to an 8-bit microcontroller to ensure quality and fast response using low
voltage. Table 3 summarizes the main characteristics of the DHT11 sensor, it
indicates the power values required to make it work, its size, and the range of
humidity and temperature values that it can measure.

On the other side, the GP2Y1010AUOQF sensor was used to detect reflected light
from dust and smoke particles. This type of sensor can distinguish between dust and
smoke particles by means of a pulse pattern in the output voltage. Table 4 presents
some of its most important characteristics, such as the pulse cycle it uses to detect
dust particles, size and feed.

b) Data collection

To send data to the ThingSpeak channels and maintain the integrity of the data, the
platform has a function called “thingSpeakRead” that imports the non-null values.
The data that comes from the two nodes were grouped. To carry out this task, two
channels were created, where the data was stored and public access was granted for it
to be read by any user [22, 23]. The data was collected in a period of five weeks, from
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May to June 2020. Table 5 shows, as an example, an extract of the captured data.
c) Data Fusion

As part of the data fusion process, the Monte Carlo method was used to verify the
variation in the data that was obtained through the sensor nodes. This method was
chosen for its ability to numerically operate complex systems, maintaining the input
and output relationship, with a certain degree of uncertainty. Subsequently, the data
were fused for each of the collected variables, that is, temperature, humidity, and
dust density.

The Monte Carlo method was chosen since it allows us to identify what is going to
happen and its probability of occurrence. In addition, it is important to point out that
through this method it was possible to identify possible conflicts generated in the
data, since if this situation is ignored, the resulting data could represent, in an
erroneous way, the real data obtained in the experimentation.

d) Evaluation of the fusion method

The Root Mean Square Error (RMSE) was used to evaluate the fusion method.
Through this measurement, the difference between the estimated (predicted) values
by the Monte Carlo method and the values captured by the sensors is calculated. The
formula used was the following:

RMSE =

4 Results

The results of the data fusion for each of the variables analyzed are shown below.
a) Temperature

The probability distributions of the values obtained for temperature were plotted, as
well as the data fusion. Fig. 1 shows the measurements of sensors 1 (blue) and 2
(green), which are close to the 50th percentile of each. While the values of the data
fusion (red) are between the measurements of the two sensors, with a slight similarity
to the values obtained from sensor 2.

b) Humidity

The probability distributions of the humidity percentages were plotted, as well as the
data fusion (Fig. 2). The most probable values for sensor 1 (blue) and sensor 2 (green)
were found to be within the values of the data fusion (red). Sensor 1 (blue)
measurements have average behavior relative to sensor 2 and data fusion.

c) Dust Density

Fig. 3 shows the probability distribution of the dust density percentages measured by
the two sensors, as well as the values of the data fusion. Sensor 2 (green) values were
found to be unusual, as they are skewed to the right.
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Fig. 1. Probability distribution of temperature data fusion.
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Fig. 3. Probability distribution of dust density data fusion.

Research in Computing Science 149(11), 2020 110 ISSN 1870-4069



A Data Fusion Approach of Physical Variables Measured through a Wireless Sensor Network

Table 6. Mean square error estimation.

Variable Sensor RMSE
T ¢ Sensor 1 1.3892

mperatur
cmperature Sensor 2 1.2586
. Sensor 1 10.1487
Humidity Sensor 2 9.2745
Sensor 1 0.0895

Dust d it
ust denstty Sensor 2 0.0735

This may be due to sensor 2 being located above a bookcase and that the amount of
dust that was raised was greater due to the cleaning carried out in this part of the
room. In addition, it was observed that sensor 1 (blue) presented less variation, with a
probability of density less than 0.05, that is, almost 99%. Although most of the data
obtained in sensor 1 varied from 0.00 to 0.05, there were also some cases of
variability between 0.07 to 0.4. This difference, with respect to the other sensor, is
due to the fact that in that area of the room there is almost no air current and no
cleaning was done.

On the other side, Table 6 shows the results obtained from the mean square error
measurements with respect to the data fusion. Low levels of error were reached in
temperature (1.38 and 1.25%) and dust density (0.08 and 0.07%); while, for humidity
higher percentages of error were observed, that is, 9.27 and 10.14%. This may be
because some days it rains and others don't. When it rains, the humidity increases,
that is, there is high atmospheric saturation, which can give unusual values.
Consequently, the precision level for temperature was 98.7%, humidity 90.3%, and
dust density 99%. Given that 99% of the density levels of the powder were between
0.00 and 0.05, the RMSE value for the two sensors that measured this variable was
low, that is, almost 1% error.

It is important to mention that the accuracy of the Monte Carlo method increases as
more simulations are performed. Therefore, the computational cost also increases.

5 Conclusion

A network of sensors was implemented in a rest and work area, given the current
context of the COVID-19 disease, such as a room in a home, in order to obtain data
on temperature, humidity and dust density. For this, a NodeMcu development card
(ESP 8266) with Wi-Fi connection capabilities was used in order to connect to the
ThingSpeak platform to collect, visualize and analyze data from the sensors.

DHT11 sensors were used to measure temperature and humidity, and
GP2Y1010AUOF sensors were used to measure dust density. The data obtained by
the sensors can be consulted in real time through the two channels created in
ThingSpeak. Sensor data can also be downloaded through the “*Extract Data" function
on the same channel

The values obtained for temperature, humidity, and density of the powder were
correctly fused using the Monte Carlo method. The values of the sensors and the
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values obtained through the method used were compared. In addition, low error levels
were reached, which were evaluated by means of the root-mean-square error, which
allowed to verify the accuracy of the obtained values. As future work, it will be
sought to analyze based on the fused values of temperature, humidity, and dust
density, if the observation environment, in this case, a room, is within the thermal
comfort zone defined according to the ANSI/ASHRAE 55 standard. This type of
analysis is useful to identify minimum ventilation rates and other measures to provide
adequate indoor air quality in human-occupied spaces.

It will also consider expanding the implementation with different techniques, such
as Artificial Neural Networks, Kalman Filter, among others, with the purpose of
comparing the results and obtaining better and better-fused data.
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