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Abstract

This work focuses on developing fire risk detection and prevention algorithms using
data collected by sensors in the forest. The study involved a State of the Art review and
a Theoretical Foundation, followed by Data Characterization and Data Analysis, which
were divided into several sub-sections. The study developed regression models for different
types of data and found that the random forest regression model was the best performing
for transition times. The study compared different regression models, finding that the
Support Vector Regression (SVR) model performed worse than the Gradient Boosting
Regression (GBR) and Random Forest Regression (RFR) models.

The study concluded that using algorithms to identify periods of the day was a useful
strategy for avoiding false alerts and that training the models for each individual module
was the best strategy. Furthermore, the RFR and GBR regression models were found
to be the most effective for the data available in this study. However, improvements are
necessary to reduce false positives and facilitate abnormality detection.

Overall, this work provides insight into the most effective methods for analyzing and
processing data collected by sensors in the forest for fire risk detection and prevention,
with the potential to create alerts for those involved in fighting forest fires.

Keywords: Forest Fires, Machine Learning, Data Science, Classification
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Resumo

Este trabalho centra-se no desenvolvimento de algoritmos de deteccao e prevencao de
riscos de incéndio utilizando dados recolhidos por sensores na floresta. O estudo envolveu
uma revisao do estado da arte e uma Fundacao Tedrica, seguida de Caracterizacao e
Anélise de Dados, que foi dividida em varias subsecgdes. O estudo desenvolveu modelos
de regressao para diferentes tipos de dados e descobriu que o modelo de random forest
regression era o que tinha melhor desempenho para os dados de transicao dia e noite. O
estudo comparou diferentes modelos de regressao, descobrindo que o modelo de Support
Vector Regression (SVR) teve pior desempenho do que os modelos de Gradient Boosting
Regression (GBR) e de Random Forest Regression (RFR).

O estudo concluiu que a utilizagdo de algoritmos para identificar periodos do dia
era uma estratégia ttil para evitar falsos alertas, e que o treino dos modelos para cada
moédulo individual era a melhor estratégia. Além disso, os modelos de regressao RFR e
GBR foram considerados como os mais eficazes para os dados disponiveis neste estudo.
No entanto, sdo necessarias melhorias para reduzir os falsos positivos e facilitar a deteccao
de anomalias.

Dessa forma, este trabalho fornece uma visao dos métodos mais eficazes para analisar
e processar os dados recolhidos pelos sensores na floresta para detecgao e prevencao de
riscos de incéndio, com o potencial de criar alertas para os envolvidos no combate aos
incéndios florestais.

Palavras-chave: Incéndios Florestais, Aprendizagem de Maquinas, Ciéncia de Dados,

(Classificacao.
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Chapter 1

Introduction

In this chapter, we present an introduction to this work, seeking to describe the main
motivations that supported this study and the objectives it aims to accomplish. Forest
fires are one of the most dangerous problems in the world. It can be spontaneous or not,
but when the fire spreads, it is very difficult to control that damage. According to [1],
90% of forest fire incidents in the world have occurred as a result of human carelessness.
Climate change has also contributed to the increase in forest fires worldwide, through
more extreme weather conditions and droughts that increase the spread of fire [2], [3].
Forest fires are an imminent hazard for people and animals and cause air pollution, which
can cause respiratory diseases more frequently. In 2022, the annual technical report of
the Joint Research Centre (JRC), the European Commission’s science and knowledge
service, indicates that due to high summer temperatures, the countries bordering the
Mediterranean Sea have recorded the most severe forest fires in Europe [4], [5].

Although the Mediterranean Sea does not surround Portugal, due to its geographical
proximity, the country has similar climatic characteristics to other Mediterranean coun-
tries, meaning that with all the reported problems with forest fires, Portugal has also
experienced similar forest fire increases [5], [6]. To solve the problem, the government
has implemented measures such as aerial firefighting, increased surveillance, and forest
management [5], [7].

Considering the importance of the issue, this problem is a common topic of discussion



and research in the world. The detection of forest fires has been the focus of a lot of
research in the last decade due to the increase in forest fires, which can cause serious
damage to society and the environment [1]. The detection of forest fires is one of the
main strategies used to minimize the damage caused by these events, allowing combat

teams to act quickly and efficiently [8], [9].

Thus, many innovative operations have been developed to monitor new areas of risk
and strengthen existing surveillance systems. Predicting the wildfire will be a great step
toward the preservation [10]. In this context, the application of machine learning tech-
niques has shown promise, allowing the development of models capable of learning to
detect and predict forest fires from data from various sources, such as satellite images,

meteorological data, and information from sensors on the ground [8], [9], [11], [12].

1.1 Motivation

The Forest Alert Monitoring System (SAFe) Project aims to create and implement
a set of innovative actions that will minimize the occurrence of forest fires and monitor
flora and fauna. In order to contribute to the development of the Tras-os-Montes region

in the district of Braganga [13]-[16].

In doing so, a set of sensors was implemented in the forest, where data regarding the
most relevant variables for identification are collected from forest ignitions. Once this
data is collected, it is filtered through an artificial intelligence system. In previous works
[13]-[16], modules were developed, which are composed of several types of sensors, such
as flame detection sensors, temperature sensors and humidity. Considering the region’s
size to be monitored, data transmission is carried out by LoRaWAN; it is based on low

power wide area network

In this sense, this work is motivated to contribute to the advancement of the SAFe

project with this studies.



1.2 Objective

The main objective of this work is to develop algorithms for fire risk detection and
prevention based on data collected from the prototypes developed by SAFe, test data,
with sensors fixed on campus and near the Polytechnic Institute of Braganga (IPB). The
idea is to verify the behavior of algorithms for real data, checking possible improvements

for false alarm problems. In particular, this work will explore:
e Regression techniques to identify patterns,
e Techniques to identify day and night periods,
e Techniques of clustering to identify similar situations among the sensors,

e Metrics for evaluating regression models.

1.3 Document Structure

The present work is organized into seven chapters. The first chapter aims to introduce
the problem, motivation and objectives of this work. The second chapter has as its purpose
to realize a state of the art on the studied theme. Based on the state of the art, the third
chapter aims to illustrate the research on the subjects approached during this work. The
fourth chapter is intended as a characterization of the data analyzed. The fifth chapter
is the analysis of the data and results obtained. The sixth chapter aims to conclude the
entire study and analysis carried out and, finally, the seventh chapter has suggestions for

future work.



Chapter 2

State of Art

In this chapter, we present a review of research on the main theme of this project.
Many scientists, in addition to looking for a solution to the causes of forest fires, also seek
to predict these fires in order to minimize the damage caused [17]. Currently, technology
is an ally in solving various problems in the world. Machine Learning (ML) algorithms
are one technology used to predict events in many real-life activities, citing a few as an
example: stock market crisis forecast [18], [19] and extreme weather events forecast [20],
[21]. Predict the occurrence of such event can be beneficial in making decisions about
how to deal with such an event and be prepared to prevent further wildfires [10].

Therefore, some criteria were used for the state-of-the-art investigation, the inclusion
criteria were studies published in the last 10 years and studies related to forest fires. In
Table 2.1 query results from Google Scholar, IEEE Xplore™, ScienceDirect and Scopus
using keywords like ML, Forest Fires, Forest Fires Detection, Internet of Things (IoT),
Deep Learning (DL) and Neural Network are presented. Only results from 2012 onwards

were considered.



Table 2.1: Results of literature review.

Keywords Google Scholar | Scopus | Science Direct | IEEE | Web of Science
Forest Fire 149000 20148 48390 1059 22443
Forest Fire Detection 52700 2048 13353 442 1822
Machine Learning 819000 375641 | 234482 124894 | 292268
Deep learning 1840000 250406 | 221421 96279 | 218891
Neural Network 1490000 510535 | 286009 272366 | 433297
ToT 550000 107472 | 32495 57366 | 78142
Forest Fire + Machine Learning 29400 506 4605 97 440
Forest Fire 4+ Deep learning 28000 219 4296 74 178
Forest Fire + Neural Network 17300 408 3833 108 354
Forest Fire + IoT 10700 158 694 52 99
Forest Fire + Machine Learning + Deep learning 20500 7 2459 26 54
Forest Fire + Machine Learning + Neural Network 17500 120 2420 39 118
Forest Fire + Machine Learning + IoT 10300 13 450 4 7
Forest Fire + Deep learning + Neural Network 17300 113 1816 43 99
Forest Fire 4+ Deep learning + IoT 8980 12 346 1 10
Forest Fire + Neural Network + IoT 6570 17 349 2 8
Forest Fire + Machine Learning 4+ Deep learning + Neural Network 17700 44 1577 16 38
Forest Fire + Machine Learning 4+ Deep learning + IoT 17700 2 328 1 2
Forest Fire 4+ Deep learning + Neural Network + IoT 19000 6 273 1 2
Forest Fire + Machine Learning + Deep learning + Neural Network + IoT | 20300 2 267 1 2

The data presented in Table 2.1 show that there is a large number of research being

developed on the keyword ML, even when looking only for studies that involve the whole

set (Machine Learning and Forest Fires Detection). In this way, the use of ML techniques

to detect forest fires is a reality. Some models already developed using learning algorithms

have already performed well in some tests [1], [22].

In addition to this research, using the software VosViewer and a search on the Scopus

website, Figure 2.1, we can analyze a network of keywords related to the main theme of

the work, forest fires. With this, it is possible to observe that the keywords: Decision

Tree (DT), ML, Random Forest (RF) are the main ones used in works on this topic.
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Figure 2.1: Network of Keywords Search in Scopus.

With the help of these highlighted keywords, the Web of Science search is used as
a great basis for this work. Thus, it was possible to observe some works that show the
use of ML algorithms in detecting forest fires. The work developed by Sharma [23],
demonstrates how [oT combined with ML allows an increase in the efficiency of fire
detection when compared to image analysis and rangers. Furthermore, the work shows

performance comparisons between ML models.

The Zope’s work (2020),[10], shows a forest fire detection framework using IoT sensors
and ML algorithms, showing that simple logistic regression works very well for this type
of problem. However, the project uses a Dense Neural Network created using Keras API.

The accuracy of this developed model was 91%.

In the work published by Nosouhi (2022),[24], in addition to proposing a data analysis
with ToT and ML sensors, the author mentions an important objective in works with
algorithms, which is to reduce the number of false positive detections. Classification and

Regression Trees (CARTS), RF and Support Vector Machine (SVM) were used.



Another relevant research publication was that of Xie and Peng (2018), [25] which
shows comparisons between models of forest fire detection algorithms. The main works
present in the research report is the use of temperature and humidity sensors, both data
are used during the present work. In this context, with this information, the use of
different types of regression algorithms was observed to predict the information from the
Sensors.

These academic researches plus the work developed at IPB [13]-[16], serve as a basis
for the work developed during this project.Thus, it is necessary to carry out a research
on the reasoning of the keywords.

During the research was created a Strengths, Weaknesses, Opportunities, and Threats
(SWOT) analysis. ML might fit into each category for the application of predicting and
responding to forest fires. The strengths can be that ML algorithms can analyze large
amounts of data quickly and accurately, potentially identifying patterns and trends and
can be used to make predictions about the probability of a forest fire occurring. The
weaknesses can be that ML algorithms are only as good as the data they are trained on,
the predictions made by the algorithm may not be accurate according to the data and
ML also can be complex and difficult to understand. Furthermore, using ML may present
opportunities for growth, expansion, or improvement for the project. They may include

changes in the process of detecting forest fires.



Chapter 3

Theoretical Foundation

In this chapter, we present a theoretical foundation in order to support the conception
of this work. Forest fires are one of the most serious problems in the world. They can be
natural or not, but when the fire spreads, it is very hard to keep it under control. This
problem is a common topic of discussions and studies in the world, therefore, there are a
lot of techniques to try to control this situation. This chapter shows some technologies

that can be applied to minimize this damage.

3.1 Detection Techniques

Nowadays due to the advance in technology, there are some methods used to identify

forest ignitions [25]. They are:

Camera Surveillance

This type of sensor works according to the images produced by a camera. In this case,
the camera produces an image analyzed by a program to check if it contains smoke or fire
[25]. However, it is very common to happen some fake alarms, like during fog or sunlight,

which consequently can affect the reliability of the result [13].

9



Wireless Sensor Network

Wireless Sensor Network (WSN) are nowadays receiving more attention when we talk
about studies in forest fire detection [25]. According to [13], the WSN is a set of au-
tonomous sensors from energy and data transmission. With these sensors, we can monitor

the parameters such as temperature, humidity, and ultraviolet radiation, among others.

3.2 SAFe Sensor Modules

The SAFe sensor modules were developed internally at IPB in the project SAFe. The
modules have five flame sensors, a humidity and temperature sensor. The module is con-
trolled through an Atmega328P as the main hardware of the system. All communication
between the module and the database is carried out with LoRa communication modules.
The LoRa communication system is a high-bandwidth wide area network technology with
low power consumption, enabling long-range transmissions, about 10 kilometers in rural

areas. [13]-[16]. Figure 3.1 shows a side view of the module.

Figure 3.1: Sensor Module SAFe [13], [14].

3.3 Machine Learning

Given all this data generated by such sensors, there is a need for data processing to
detect forest fires. With this big data comes the possibility of using technologies with
more development, such as Artificial Intelligence (AI) systems. According to [26]-[28], Al

10



is anything capable of mimicking human behavior. Al these days is a term that describes

solutions that learn on their own.

Artificial

Intelligence

Ability of machines to perfom some operations as skillfully as humans

Machine
Learning

Ability of lean the pattern of data categorized into classes

Deep
Learning

Uses of artificial neural network
to extract and process features

Figure 3.2: Specialization of Al algorithms Adapted from [26].

The Figure 3.2 shows a representation of Al and its sub-division into Machine Learning
and deep learning. Regarding Figure 3.2, ML is a sub-division of Al, this term was
created in 1969 by Arthur Samuel at the International Business Machines Corporation
(IBM). Arthur Samuel defined ML as the “field of study that gives computers the ability
to learn without being explicitly programmed” [29]. ML algorithms can be simplified as
mathematical functions that contain many parameters that map features or inputs into
one or more outputs or targets. In order to train a ML algorithm is necessary to optimize
the parameters to map the features to the targets accurately [30].

According to the input data, this type of algorithm can be defined into four subdivi-

sions:

e Supervised learning

This type is defined by the use of labeled datasets to train the ML algorithms, with

11



training, an already known output is expected [31]. All the knowledge is obtained
through examples. In a nutshell, supervised learning models can be divided into

two types of problems, Regression and Classification.

e Semi-supervised learning

According to [32], semi-supervised learning trains the labeled data using unlabeled
data to compensate for the lack of labeled data. The semi-supervised classifier is

better than the classifier that trains only labeled data

e Unsupervised learning

This kind is a powerful tool to identify latent structures in unlabeled time series
data, the goal is to organize as much as possible the data into clusters, which could

significantly reduce the computational efforts [33].

e Reinforcement learning

The subdivisions in the previous topics learn to perceive, encode, predict or sort pat-
terns, but do not learn to act in the more general sense of Reinforcement Learning.
These codes must figure out how to interact with a dynamic environment, initially

unknown, to maximize its cumulative expected reward signals [34].

Regarding Figure 3.2, DL is a subset of machine learning where there are artificial
neural networks algorithms inspired by the human brain. Due to the ability to produce
faster and more accurate results when the amount of data is increased, these algorithms
have a certain advantage in some applications. There is some work that explores the use
of DL algorithms which use various artificial neural network architectures to extract and

process features into the data [13], [26].

3.4 Data Mining

Data mining (DM) is the process of discovering and extracting undiscovered informa-

tion and patterns previously. DM is widely used in large databases. In this context, this
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process makes it possible to obtain meaning from the information in order to generate
values for making complex decisions [35], [36]. It is common to confuse terms such as ML
and DM, due to overlapping data. In this way, DM has a different focus. The purpose of
DM is not necessarily to induce global models of the system through the relationship be-
tween input and output variables. DM is more explanatory and used to discover patterns
in a dataset that are generally descriptive rather than predictive. DM also places empha-
sis on analyzing very large datasets and therefore on aspects of scalability and efficiency

[37]. Several other fields are closely related to ML and DM.

3.5 Machine Learning Techniques

ML techniques, such as DT and RF, are often used in the analysis of sensor data
for forest fire detection and prevention. The goal is to develop machine learning models
capable of identifying patterns and anomalies in the data collected by sensors. The use
of ML techniques such as DT and RF can offer several advantages over traditional data
analysis methods. With all these technological advances, several data analysis techniques
have been developed. Thus, some of them stand out, they are presented in the following

subsections [38], [39].

3.5.1 Decision Tree

Decision Tree (DT) method is a supervised ML algorithm that is widely used in ML
problems such as geosciences. A DT model is developed through an algorithm that unfolds
the space of input variables into subspaces using a hierarchical decision set [40]. As the
name implies, the DL algorithm uses a tree format for decision making. This format
allows viewing conditions and chances of the outputs of each node [41]. A DT structure
is composed by nodes and branches. Each node will lead two branches that correspond to
the different possible outputs. Figure 3.3 shows an example of a decision tree structure

that classifies animals.
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animal_tree

Has feathers?

rue \False

Can fly? Has finns?
rue |False True \ False
Hawk Penguin Dolphin Bear

Figure 3.3: Example of a Decision Tree [42].

A DT starts with a single node, which branches into possible outputs and each one of
those outputs leads to others nodes, which branch into other possibilities. This type of

method can be used for both regression and classification problems.

e Regression:

In this case, training the algorithm requires continuous outputs, thus the DT pre-

dicts continuous values instead of classes.

e (lassification:

In this case, the DT is trained on output data that is categorized into classes and

can predict classes for unseen data.

According to [41], generating a DT requires a lot of computational effort. As long
as more divisions are performed, the data becomes more and more split. With this in
mind, a major concern in DT algorithms is efficiency and scalability when applied to
large databases. Most decision tree algorithms have the constraint that training tuples
must reside in the main memory. Therefore, this constraint limits the scalability of such

algorithms [35].
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At each iteration or node, to decide which feature leads to the purest branch, we need
to measure the purity of a dataset. The most famous metrics for measuring purity are

information gain, entropy, gini index, and gain ratio [35], [41], [43].

Entropy

Entropy is an information gain through impurity characterization of the data. There-
fore, It is a measure that indicates the inhomogeneity of the data.
With this indicator, it is possible to verify that the less pure the data, the more

confusing it is. However, the more impure, the more diversification of information.

Information Gain

Information gain is a metric to check how good a feature is for splitting. For this
calculation, it is necessary to calculate the entropy before the separation and after the
separation of the data, through the sum of the output entropies weighted by the size of
the subsets [41], [44].

Gini Index

Another measurement for base purity is the Gini Index. The Gini index, is then
defined as the weighted sum of the Gini impurity of the different subsets [43], [45]. The

feature with the lowest gini index is used as the next feature to be split.

3.5.2 Random Forest

According to [46], the (RF) is initially proposed by Breiman L et al [47], this method
can be considered simply as multiple decision trees. Figure 3.4 shows that RF is a set of
decision trees.

The random forests are able to handle supervised classification and regression tasks
[48]. According to [47], [49], the accuracy of a random forest depends on the strength of

the individuals tree classifiers and a measure of the dependence between them.
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Single Decision Tree Random Forest t
. Class 2

Figure 3.4: Example of a Random Forest [43].

3.5.3 K-Means

The technique known as k-means is a clustering technique. This technique was pro-
posed by MacQueen, 1967, [50]. The clustering technique aims to cluster and divide.
This algorithm initially considers all the individual objects in the system, and as the code
progresses, groups them and divides them into larger groups, k& groups. This value of k
is one of the objectives of optimizing the code, because using some existing techniques
we can find the ideal number of groups, k. [51], [52]. Figure 3.5 shows an example of a

k-means process.

Before K-Means After K-Means

A . A
l.:.
® o0
...
o'. oo L
° e e [ ] ®
e @ ® ™
- >

Figure 3.5: Example of a kmeans [53].
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The K-means algorithm randomly determines the initial cluster centers. After that,
the remaining data points are assigned to centers according to some predefined minimum
distance to center criterion. According to [52], it’s the Euclidean distance of the object to
the center of the cluster. In Python Code, there is a library named scikit-learn that
has several types of clustered techniques, including k.means, sklearn.cluster.KMeans.
As mentioned before, there are some techniques for identifying the optimal number of

groups, k groups, the Elbow Method and the Silhouette Index.

Elbow Method

The Elbow method consists of a plot of the values of cluster and Within-Cluster Sum
of Square (WCSS) numbers, thus choosing the elbow of the graph is possible to obtain
the optimal cluster numbers for the system [54]. This value of WCSS is the sum of the
squares of the distance between each data point and the cluster centroid, multiplied by
the number of clusters. [55]. As the number of clusters increases, the WCSS value will

start to decrease [56]. Figure 3.6 shows an example of an elbow method in a plot view.
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Figure 3.6: Example of an elbow method. [57]

This method can present problems when situations of having no elbow or having more
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than one elbow occur [56]. In such cases, the solution is to use other cluster evaluation

techniques, such as the Silhouette index.

Silhouette Index

Another method for identifying the optimal number of & is the silhouette method. This
other method of comparing distance within a cluster says that the greater the difference
in distance, the better the fit. This index, width of the silhouette, was introduced by
Kaufman and Rousseeuw (1990) relating the difference between proximity within the

cluster and separation from the rest [56], [58].

This value has a range between -1 and 1. If the silhouette value is close to 0, it means
that this data can be considered in another centroid. In this sense, the system did not
find the best. If the value is close to -1, it means that it does not belong to this cluster.

Finally, if the silhouette value is close to 1, the data is well classified.

3.5.4 Support Vector Machine

A SVM is a supervised learning algorithm that can be used for classification and
regression tasks. The basic idea behind SVM is to find a hyperplane in a high-dimensional
feature space that maximizes the separation of different classes. In other words, it tries
to find the best boundary (or hyperplane) that separates data points of different classes
[59], [60].

SVM is especially useful when the data is feature-rich and the classes are not linearly
separable. The algorithm works by transforming the input data into a higher dimensional
feature space where linear boundaries can be found to separate the classes. It does this
through a process called the kernel trick, which maps input data into a higher-dimensional

space without actually computing the coordinates of the data in that space [59], [60].
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3.5.5 Gradient Boosting

Gradient Boosting is an ensemble learning technique that combines multiple models
to form a stronger model. This is an iterative process where new base learners are added
to the ensemble to improve the overall performance of the model. The basic idea behind
gradient boosting is to train a sequence of base models, where each model is trained to
correct the errors of previous models. The base learner is usually a decision tree, but
other types of models can also be used [61], [62].

During each iteration, the gradient boosting algorithm tries to minimize a loss function,
which measures the difference between the predicted value and the true value, by adjusting
the predictions of the current set of base learners. This is done by computing the gradient
of the loss function with respect to the predictions of the current ensemble, and then

training a new base learner to correct for residual negative gradients [61], [62].

3.5.6 Linear Regression

Linear regression is a viable method to predict the burned area of forest fires using
meteorological data [63]. Linear regression is a powerful statistical technique that can
be used to understand the relationship between different variables in predicting forest
fires. The method involves finding the best-fitting line or equation that describes the
relationship between the burned area of forest fires, and meteorological variables such as
temperature, humidity, and wind speed. It is based on the assumption that there is a
linear relationship between these variables. In the past, studies have used linear regression

to predict the burned area of forest fires with a high degree of accuracy [63], [64].

3.5.7 Metrics to Evaluate the Performance

There are several metrics that can be used to evaluate the performance of a regression
model. The choice of metric will depend on the specific goals. These are some used

metrics for evaluating regression models [65]-[68].
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Mean Absolute Error (MAE):

MAE is the average difference between the predicted values and the true values.
It is easy to understand and interpret, and is appropriate for datasets with a wide

range of values.

Mean Squared Error (MSE):

MSE is the average of the squared differences between the predicted values and the
true values. It is more sensitive to outliers than MAE.

Root Mean Squared Error (RMSE):

RMSE is the square root of the MSE, and is used to interpret the error values in
the same units as the original data.

Coefficient of Determination (R-Square):

R-Square is the proportion of the variance in the dependent variable that is pre-
dictable from the independent variable. It is important to note that the R-Square
can be negative if the regression model does not fit the data well, indicating that the
predicted variance of the dependent variable cannot be explained by the available

data or the model in question.

The best metric to use will depend on the characteristics of the data and the specific

problem. It is often a good idea to use multiple metrics to evaluate the performance of a

regression or classification model.
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Chapter 4

Data Characterization

In this chapter, the data characterization is presented, the data were obtained from
previous SAFe projects, specifically from the months of September and October 2020. In
this context, modules were installed to obtain the data, the five attachment points were

chosen based on the soil type and trees around the IPB campus.

4.1 Data Identification

The nomenclature of the modules was not the same as the files obtained from the
database. Thus, the pair formed by modules 1 and 2 will be associated with trees near
the building. Modules 3 and 4 are attached to the trunks of a small orchard, and modules
5 and 6 are located on medium-sized trees around the Fervenza River that runs through
the campus. On the other hand, modules 7 and 8 are fixed off-campus with a high density
of trees. And the last module 9 is set on a tree that is planted in a yard; that is, it does

not share other elements around it.
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Figure 4.1: Map with the sensor modules distribution [14].

For each module, there are flame sensors and a sensor that acquires the temperature
and relative humidity of the air. These sensor modules are designed to be flexible in terms
of sensor replacement or addition. With this in mind, to transmit the data to a database,
the sensor modules use a LoRa Communication method because of the long-range and

low consumption.

The data was stored in a database in a table with the following columns: Time, senl
(sensorl), sen2 (sensor2), sen3 (sensor3), senj (sensord), send (sensorb), h (humidity),

tem (temperature).

In this work, the data is used in Excel format and it comes from the SAFe database.
The work uses Pandas 1.5.1, which is a powerful library for data manipulation and
analysis in Python. It provides useful data structures such as the dataframe, which is
used to store and manipulate data in a tabular format, similar to a spreadsheet. In this
code, Pandas is used to read the .csv files using the read _csv() function, which takes a

file path as a parameter and returns a dataframe containing the data in the file.

As mentioned before, this work will deal with modules with nomenclature between 01
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and 09. The code reads in 09 .csv files, specifically those with the file names 01.csv,
02.csv, etc. up to 09.csv and assigns the resulting dataframe for each file to a variable
with the same name as the file but replacing the .csv extension by module, for example,

01.csv is assigned to dados_module 01.

4.2 Data Description

Using the Python code, all datasets of each sensor were imported for data analysis on
the Jupyter platform. In the first part of the characterization, a statistical analysis of the
data was obtained using the describe() python method. The description contains the

following information for each column of the dataframe [69]:
e count - The number of not-empty values.
e mean - The average (mean) value.
e std - The standard deviation.
e 25% - The 25% percentile*.
e 50% - The 50% percentile*.
e 75% - The 75% percentile*.
e max - The maximum value.

*: how many of the values are less than the given percentile.
Table 4.1 shows an example of the data using the described method. The displayed
data refer to the module 01.
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Table 4.1: Desc

ribe of the module 1.

describe | h (%) | senl (10bits) | sen2 (10bits) | sen3 (10bits) | send (10bits) | sen5 (10bits) | tem (°C)
count 42078 | 42078 42078 42078 42078 42078 42078
mean 71.628 | 567.371 581.06 566.52 603.46 598.19 16.13
std 22.19 | 477.270 472.69 477.75 464.43 468.03 6.10
min 10 26 0 26 0 0 5

25% 56 40 43 39 49 45 12

50% 82 950 968 950 993 992 15

75% 90 1023 1023 1023 1023 1023 19

max 93 1023 1023 1023 1023 1023 38

Statistical searches of all available modules and sensors were carried out. Thus, with

these data, it was observed that not all sensors count the same amount of data, Figure

4.2 can show the difference between all the sensors 1.
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Figure 4.2: Count of the numbers of rows for similar sensors.

The reason for this difference in the data is due to a loss of communication that did

exist in the period of the analyzed data. Other differences between the modules can be

found when we analyze the data by sensor type.
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4.3 Data Characterization According to Sensor Type

Table 4.2 shows that the average of the flame sensors of modules 01, 02, 03, 04 and
05 have values considerably lower than the values of the sensors of modules 06, 07, 08
and 09. This difference can be explained by the model of the sensors installed in each of
the modules. Therefore, it is possible to separate the sensors into two groups of models,
those that reaches minimum values close to zero and another group that reach minimum

values in the range of 337 and 974.

Table 4.2: Describe of flame sensors

Module senl (10bits) sen2 (10bits) sen3 (10bits) send (10bits) sen5 (10bits)
mean | min | max |mean | min | max |mean |min | max |mean | min | max |mean |min | max
01 51.51 26.0 | 1023.0 | 59.30 21.0 | 907.0 | 50.75 26.0 | 1023.0 | 84.95 0.0 1023.0 | 75.17 0.0 956.0
02 59.11 29.0 |932.0 | 44.84 12.0 | 879.0 | 44.36 16.0 | 870.0 | 51.44 26.0 |910.0 |48.17 21.0 | 895.0
03 52.98 18.0 | 929.0 | 48.17 25.0 | 1023.0 | 47.06 0.0 908.0 | 51.30 26.0 | 927.0 | 55.43 0.0 938.0
04 93.12 2.0 1023.0 | 88.22 25.0 | 1021.0 | 87.64 25.0 |1022.0 | 132.13 | 0.0 1009.0 | 84.46 30.0 | 1023.0
05 126.11 | 32.0 | 1023.0 | 162.91 | 0.0 1023.0 | 154.53 | 34.0 | 1023.0 | 127.93 | 0.0 1021.0 | 107.11 | 24.0 | 1022.0
06 1011.70 | 670.0 | 1023.0 | 1007.98 | 428.0 | 1023.0 | 1006.78 | 337.0 | 1023.0 | 1018.01 | 974.0 | 1023.0 | 1003.21 | 843.0 | 1023.0
07 1005.51 | 793.0 | 1023.0 | 1010.55 | 616.0 | 1023.0 | 1008.95 | 445.0 | 1023.0 | 1017.60 | 970.0 | 1023.0 | 1012.18 | 976.0 | 1023.0
08 981.33 | 582.0 | 1023.0 | 980.77 | 512.0 | 1023.0 | 974.76 | 513.0 | 1023.0 | 999.80 | 901.0 | 1023.0 | 1002.31 | 944.0 | 1023.0
09 982.93 | 636.0 | 1023.0 | 992.61 | 842.0 | 1023.0 | 991.11 | 818.0 | 1023.0 | 1009.18 | 970.0 | 1023.0 | 996.48 | 940.0 | 1023.0

This variation behavior is observed only in the values of the flame sensors. Table 4.3
shows that the humidity and temperature values do not show such explicit differences in

the maximum and minimum values.

Table 4.3: Characterization of temperature and humidity sensors

Module tem '(OC) h (%)
mean | min | max | mean | min | max
01 1995 | 7.0 |380 |59.21 |10.0 | 93.0
02 21.03 | 7.0 |39.0 | 5547 |11.0 | 95.0
03 20.51 | 7.0 |33.0 |63.51 |27.0 | 95.0
04 19.99 | 7.0 |350 |64.98 |20.0 | 94.0
05 18.54 | 7.0 |30.0 | 69.07 |28.0 | 94.0
06 1773 | 7.0 | 340 |64.15 |19.0 | 93.0
07 1723 | 6.0 |30.0 |65.73 |19.0 | 93.0
08 18.13 | 7.0 |30.0 | 63.55 |23.0 | 93.0
09 17.88 | 0.0 |31.0 |66.32 |20.0 | 93.0

Although module 09 has a value of 0 as the minimum, this behavior does not influence

the mean values, as it was identified as a data outlier. This behavior can be seen in Figure
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4.3. The justification for this could be a failure in the sensor scanning.

204

Figure 4.3: Module 09 Temperature Values.

When analyzing the data of each of the sensors, it was observed that despite the dif-

ference between the minimum values of the flame sensors, they present similar behaviors.

Figure 4.4 shows the behavior of all five flame sensors of module 01. When analyzing the

behavior, it is possible to notice that the data of the sensors present values close to or

greater than 1000. During daytime the values displayed are less than 1000, this mode can

be explained by the characteristics of the sensors, when the sensor was close to the flame,

the values tended to be close to 0. On the other hand, when the sensor moved away from

the flame, the values tended to approach 1023. Thus, sunlight influences the values of

each of the sensors.
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Figure 4.4: Module 01 Flame Sensors.

The temperature data from the sensors were analyzed individually and in groups.
Thus, it was observed that the sensors present a decrease in values between the beginning
of the available data and the last data of the dataframe, this is due to the beginning of

autumn in the region. This behavior can be seen in Figure 4.5 which shows the daily

average of all nine temperature sensors analyzed.
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Figure 4.5: Average Temperature of Modules.

The last sensors to be analyzed were the humidity sensors. Similar behaviors were
observed in these sensors as well. However, unlike temperature sensors, humidity sensors
show an increase in values over time between September and October. The performance
of the humidity sensors can be verified with the help of Figure 4.6, where it is possible to

observe the increase in the daily average in all modules.
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Figure 4.6: Average Humidity of Modules.

After all the data and its behavior were identified, another identification analysis was
performed on the data columns. For this analysis, a code was developed that aims to
find and report the percentage of values in each column that are considered outliers. This
code is useful for pre-processing and data cleaning, as it allows the identification and
potentially removal of outliers from the data that may distort the results of subsequent

analyses.

The code iterates through each column in the data frame and computes the quartile
1 (Q1) and quartile 3 (Q3) of the values in the column and can then calculate the in-
terquartile range (IQR) which is the difference between Q3 and Q1, Figure 4.7 shows the
results each sensor. The selection of the factor 1.5 to define the limits of the IQR is based
on common conventions in descriptive statistics. The recommendation to use a factor of
1.5 to identify outliers was proposed by John Tukey [70]. In this book, Tukey suggests
that values that are above the Q3 plus 1.5 times the IQR, or below the Q1 minus 1.5
times the IQR, can be considered outliers, but also argues that points out that the choice

of the exact value of the factor 1.5 is arbitrary and may depend on the context and the
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goals of the analysis.
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Figure 4.7: IQR for all sensors.

With these values it is possible to identify the lower and upper limits of the values,
subtracting 1.5 times the IQR from Q1 and adding 1.5 times the IQR to Q3, respectively.
In this way, the code performs the filtering of the values in the column that are between
the lower and upper limits. Thus, outlier analysis was performed for factors of 1.5, 2 and

3 * IQR. Figure 4.8 shows the outlier values in percent for all the sensors analyzed. In it

we can see a larger amount of outlier in module 8.
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Figure 4.8: Outlier Percentage.

All this outlier treatment is useful for the next step of the project, the analysis of the

data pattern identification models.
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Chapter 5

Data Analysis and Results

In this chapter, the analysis of the data that was used in this on in this project will
be presented, which were analyzed in some aspects. The first aspect analyzed was the
question of the difference in available data between sensors and modules. This difference,
which was explained in the previous chapter, was dealt with during the process of merging

the databases of each of the modules.

5.1 Pre-Analysis of the Data

The purpose of this part is to maintain the pattern and trends shown in the data of a
module after the data from all the modules are merged into a single dataset. Figure 5.1
shows what the pattern and trends of all flame sensors from module 01 has during the
interval of September 10th to 12th, analyzing the data in the separate dataframe of the

module.

31



Example of five flame sensor data acquisition (10th - 12th)
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Figure 5.1: Flame sensors of module 01.

Considering the observed pattern, an analysis of the data was performed in relation
to the time of each of the information. Thus, a time difference between the data was
identified, as an example, the data of the senl, from module 01, were sent on September
10, 2020 at midnight and the data of the senl, from module 02, were sent on September
10, 2020 at midnight and forty-six seconds, a difference of 46 seconds. The figure 5.2
shows an example of the time difference between data from different modules, in this
case, senl from module 01 and module 02 from September 11th to 13th. In Figure 5.2

you can see times when we only have data from one module.
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Example of five flame sensor data acquisition (10th - 20th) - Module 01 and 02
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Figure 5.2: Time difference between data.

When concatenating the dataframes, there will be missing values in the resulting
dataframe where the data from one sensor does not align with the data from another
sensor. Regarding the handling of missing values, a possible solution could be drop the
NaN values from the dataframe, as it will make the analysis of the data easier and more
accurate. Since the sensors have different times. After combining the data, the creation
of 79.92 % of NaN data was observed in each of the columns of the database. Therefore,
it was verified that the values could be replaced by the averages of the previous values of

the same column, as this small period would not influence the behavior of the sensors.

In addition to this analysis, it was thought what number of backward values would
be used to calculate the average and add in the place of null values. In this analysis,
we found that 3 backward values would be best for this data. For, the reduction of null
values with an average of 3 values and 2 values obtained little difference in terms of
percentage of reduction of null values. However, 3 values backwards reduced it to 1.17%
and 2 values backwards reduced it to 1.32%.

Another way to check the credibility of the information after this substitution is to
compare the proposed average with actual values. In Figure 5.3, we take a transition
period between day and night from the seni of module 1. With this data, an average of

2 to 8 units backward was performed on all the data, then we performed the difference
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between the average value and the actual sensor value. We can see that the error increases

as we have more values for the average.

Difference

Figure 5.3: Difference Between Mean and Actual Value.

The next step was to use a while loop that iterates through all columns of the dataframe
and replaces the NaN values of each column by the mean of the last 3 non-NaN values.
The rolling() function was used to calculate the mean of the last 3 non-NaN values. It’s
important to note that this process of replacing missing values with the mean of the last
3 non-NaN values was done three times, to ensure that all missing values were replaced.
Thus, there was a reduction in empty values from 79.92% to 1.17 %. These remaining
values were taken from the analyzed database and the objective of this part was main-
tained, since the pattern and trends presented remained similar to the data of a module
without performing the union with the data of other modules. Figure 5.4 shows how the

pattern and trend were maintained even after the dataframes were merged.
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5.2

Flame Sensors [10-bit ADC counts]

Example of five flame sensor data acquisition (10th - 12th)

-+*= n0l_senl

n01_sen2
-+- n0l1_sen3
-+- n0l1_send
-+- n0l_sen5
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Figure 5.4: Flames sensors of module 01 after the merge.

Identification of Day and Night Transition Peri-

ods

The second aspect analyzed was the issue of separating the data into four factors:

night, transition from night to day, day, and transition from day to night. For this

analysis, the Python library Astral v3.0 was used. All calculations performed through

the library are based on astronomical algorithm equations by Jean Meeus [71]. In this

context, the library returns the following data:

Dawn - The time when sunlight begins to appear in the sky.

Sunrise - The time in the morning when the top of the sun appears over the horizon,

taking into account no impediments.

Noon - The time when the sun is at its highest point over the observed point.

Midnight - The time when the sun is at its lowest.
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e Sunset - The time in the afternoon when the sun is close to disappearing below the

horizon, taking into account no impediments.
e Dusk - The time in the afternoon when sunlight is fading into the sky.
e Twilight - The time between dawn and sunrise or between sunset and dusk.

To apply the library, some parameters are required, the main ones being latitude,
longitude and timezone. Thus, for latitude and longitude, values of 41.8072 and -6.75919
were used, respectively, obtained with the help of Google Maps. It defines a location
using the LocationInfo () function from the astral library. The timezone value was used
Europe/Lisbon. Due to the library generating results taking into account no impediment
of sunlight, it was found that transition periods between night and day, the times are not
accurate, as the environment in which the modules were installed influences exposure to
sunlight due to shading generated for example by trees, buildings among others.

To execute the code was created a for loop that iterates through all rows of the
dataframe. For each row, it was used the sun(), golden_hour(), blue_hour(), and
twilight () functions from the astral library to calculate the sunrise, sunset, golden
hour start and end, blue hour start and end, and the twilight start, then assign the
calculated values to new columns in the dataframe, such as ’dawn’, ’sunrise’, ’sunset’,
"dusk’, 'noon’; ’Golden Hour Start’, ’Golden Hour End’, 'Blue Hour Start’, 'Blue Hour
End’, and "Twilight’.

It was developed a code to define the conditions to create a new column named Status
in the dataframe. The column Status will contain either 'transition day to night’,’transition
night to day’, ’day’ or 'night’ depending on the value of the hours column in the same
dataframe. The conditions used to determine the value of Status are based on the
comparison of the hours column to other columns like 'dusklessl’, 'duskplusl’, ’dawn-
less1” and ’dawnplusl’. These columns are previously defined in the code as the offsets
from the dawn, sunrise, sunset, sunset columns. Then, it creates two new dataframes
data_sensors_day and 'data_ sensors night by filtering the original dataframe with the

condition Status == ’Day’ or Status == 'Night’ respectively.
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It was used the .loc function to filter the rows in the dataframes based on the date
range, from '2020-09-10" to '2020-09-12’ for plot. The function then creates a plot with
two y-axes and plots the sensor column of the dataframe on the first y-axis, and the Status
column on the second y-axis.

Figure 5.5 shows a plot the data of a sensor, in this case, senl of module 01, over a
time period, and indicates the status of the data (day, night, or transition between day
and night) on a separate y-axis, using different colors for the sensor data and the Status

data.

Example of five flame sensor data acquisition (10th - 12th)

I Night
1000 4 9

. - F Night/Day Transition

Status

t Day/Night Transition

2001 -e- n01_senl
n01_sen2

Flame Sensors [10-bit ADC counts]

=-=*=- n0l1_sen3

-+- n01_sen4
- no1_sen5 —e— Status [Day

00:00:00 06:00:00 12:00:00 18:00:00 00:00:00 06:00:00 12:00:00 18:00:00 00:00:00

Figure 5.5: Status plot.

In this context, having all this analysis developed to identify the four periods, it was
used a code to use forward and backward selection methods to select the most important
features from the dataset for a given target variable, in this case Status. The forward
selection method starts with an empty set of features, and then iteratively adds the
feature with the lowest p-value to the set of best features until all remaining features have
a p-value above a certain significance level. The backward elimination method starts with
all features and iteratively removes the feature with the highest p-value until all remaining
features have a p-value below a certain significance level. It is used to identify the most
important features among all the features in the dataset to improve the performance of a

predictive model.
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5.3 Classification of Day/Night Transition Periods

Thus, a DT classifier was created to predict the Status column of the dataset. The
data is split into a training set (80% of the data) and a test set (20% of the data). This
ratio is commonly used as a rule of thumb in many ML application areas. The decision
tree classifier is trained on the training set using two different criteria for splitting the tree:
“gini” and “entropy”. Then, the trained classifier is used to predict the Status column of
the test set. The max_depth and min_samples_leaf are set to 10 and 5 respectively. The
accuracy of the predictions is measured using the accuracy score metric and a classification
report is generated for both “gini” and “entropy” criteria. Table 5.1 shows the result of

this classification.

Table 5.1: Classification Report

Metric Class Precision | Recall | F1-score | Support
Day 0.99 0.99 0.99 31011
Night 0.97 1.00 0.99 32993
Transition Day/Night 0.98 0.72 0.83 3249
Gini Transition Night/Day 0.94 0.92 0.93 6001
Accuracy 0.99 73254
Macro avg 0.97 0.91 0.93 73254
Weighted avg 0.98 0.98 0.98 73254
Day 0.99 0.99 0.99 31011
Night 0.97 1.00 0.99 32993
Transition Day/Nigth 0.94 0.76 0.84 3249
Entropy | Transition Nigth/Day 0.94 0.92 0.93 6001
Accuracy 0.98 73254
Macro avg 0.96 0.92 0.94 73254
Weighted avg 0.98 0.98 0.98 73254

For each class, the report provides precision, recall, and F1l-score. Precision is the
proportion of true positives among all predicted positives, while recall is the proportion
of true positives among all actual positives. Fl-score is the harmonic mean of precision
and recall. The support column indicates the number of instances in each class.

The Gini and Entropy metrics produce similar results. For both metrics, the model

achieves high precision and recall for the Day and Night classes, which have the largest
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number of instances. The model also performs well

for the Transition Night/Day class,

which has a high F1-score. However, the model’s performance is lower for the Transition

Day /Night class, which has a lower recall and F1-sco

re.

Overall, the model has high accuracy and achieves high precision and recall for the

majority of classes, indicating good performance.

created for this classification problem.

e

Figure 5.6 shows the decision tree
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Figure 5.6: Decision Tree for Classification of Day/Night Transition Periods.
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5.4 Modules Clustering

Another analysis developed was the identification of modules (dataframe) similar to
each other. The code starts by importing the K-means class from the sklearn.cluster
library. This class will be used to perform k-means clustering on the sensor data. The
data for the sensor module is loaded and certain columns are removed. The next lines
of code use list comprehension to create a list of columns for each sensor module (01,
02, etc.) that contain the string '01’, '02’ etc. in their name. This is used to select the
columns for each module.

Then, for each sensor module, the data is standardized by subtracting the mean and
dividing it by the standard deviation for each column. For example, the 5.1 shows how

this standardization was done.

data — data.mean()

data.std()

data = (5.1)

This is done for all the sensor modules (01, 02, 03, etc.). Standardizing the data before
running k-means clustering is important because the algorithm is sensitive to the scale of
the variables. The k-means algorithm calculates the distance between points, and if the
variables are on different scales, one variable will dominate the distance calculation. By
standardizing the data, each variable is transformed to have a mean of 0 and a standard
deviation of 1, so that all variables are on the same scale.

Standardizing the data also helps to avoid the bias that might happen if one variable
has a large scale compared to others. This way, the algorithm will consider all features
to be on the same footing, and it would make the results more reliable.

A K-means model is then created with 2 clusters and a random state of 0. This value
was set with the help of a code to identify the value of k using the elbow method. The
random state is used to initialize the algorithm in a reproducible way. The data for each
sensor module is then fit to the K-means model using the kmeans.fit () and similar lines
of code. This means that the K-means algorithm will cluster the data for each sensor

module separately.
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The cluster labels for each module’s data are then obtained by accessing the labels at-
tribute of the K-means model. The Adjusted Rand Index (ARI) is a measure of similarity
between two clusterings and ranges from -1 to 1, where 1 indicates perfect similarity and
-1 indicates no similarity. The ARI was converted to a percentage for ease of interpreta-
tion. This methodology allows us to compare the degree of similarity between the cluster
labels produced by the K-means algorithm for each pair of sensor modules.

That is, the goal of this code is to compare the similarity between the cluster labels of
the current module and all the other modules. This helps to understand how the different

modules are related to each other.

nd4 nd03 n02 nol

Modules

nd9 no08 n07 n06 nO5

ndl n02 nd3 n04 nl0> nO6 n07 nO8 no9

Figure 5.7: Heat Map Clusters.

With the similarity results between the clusters, a similarity matrix was created and
through it a heat map was developed. Figure 5.7 shows the results of adjusted_random_index ().
The heatmap displays the similarity values between each of the modules. From the re-
sults, it seems that the sensor modules are mostly similar to each other, but the similarity
is lower when compared to modules 06, 07, 08, and 09. Thus, it is possible to see that

there are two larger groups: modules 01 to 05 and modules 06 to 09.
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5.5 Regression Models per Module

In this section, the analysis developed is focused on train and evaluate regression
models on each module separately. The script uses training and testing sets to evaluate
the models on unknown data and calculates evaluation metrics such as R-Square, MAE,
MSE and RMSE. The code uses K-fold cross-validation to evaluate the performance of the
three models (Random Forest Regressor (RFR), Support Vector Regressor (SVR), and
Gradient Boosting Regressor (GBR)). The analysis also explains that the R-Square and
MAE are the primary metrics to check the performance and that models with the highest
R-Square and lowest MAE are preferred. The analysis also mentions the importance of

RMSE and MSE as measures of the accuracy of the predictions.

In these first analyses, regression models were created taking into account each sensor
of the module as a target and the other information from the same module as features of
the model. The script was run nine times, for each module separately. Initially, a function
code was created to analyze all modules in the same way. The function for this accepts

two arguments: a dataframe (named df) and a column (named target).

The code is using K-fold cross-validation to evaluate the performance of the three
models (RFR, SVR and GBR) on the dataset. K-fold cross-validation is a technique used
to assess the performance of a ML model on unseen data. It involves splitting the dataset
into k subsets (folds) of roughly equal size, where k is a user-specified parameter, in this
case k equal to 3. This process is repeated k times, where each time one of the k subsets
is used as the test set, and the remaining k-1 subsets are used as the training set. This
allows the model to be trained and evaluated k times, providing an estimate of the model’s
performance on unseen data.

The function then creates three different regression models: a RFR, a SVR, and a
GBR. The models are fit to the training data and used to make predictions on the test
data. The function then calculates the MAE, R-Square score, RMSE and MSE for each
of the models using the “mean_ absolute error” and “R-Square_score” python functions.

Then a code was created to run the function on each column of the dataframe and store

42



the results of all metrics, along with the sensor name and file name of the dataframe.
After that, it concatenates all the dataframes returned by the function into one.

After that, the code is grouping dataframe rows by the ’sensor’ column, and then
takes the mean of the values in each group. The result is a new dataframe where each row
corresponds to a unique sensor and the columns are the mean of MAE, R-Square score,
RMSE and MSE across all the different modules that the sensor appeared in. The purpose
of this code is to aggregate the performance results of the different models for each target
analyzed. This can help to identify which sensors are the most accurate or have the least
error across all the different modules and can help make decisions about which sensors to
use for further analysis or which sensors need more attention or improvement.

Table 5.2 shows an example of the result of the performance of the three models (RFR,
SVR and GBR) on a specific sensor (sen! module 01) using k-fold cross-validation. The
performance of the models is evaluated using the MAE, R-Square score, RMSE and MSE.

The RFR model has the smallest MAE and the highest R-Square score, indicating that
it has the best performance among the three models on this sensor. The SVR model has
a larger MAE and lower R-Square score value, indicating that it has worse performance
than the RFR model. The GBR model has a larger MAE and similar R-Square score
value as the RFR model, indicating that it has a performance similar to the RFR model.

The R-Square score value is close to 1 which is considered a good fit.

Table 5.2: Results of regression for sensor 1 module 1.
RFR SVM GBR
MAE | R-Square | MSE | RMSE | MAE | R-Square | MSE | RMSE | MAE | R-Square | MSE | RMSE
1.11 1.00 15.94 | 3.99 | 14.99 0.99 1564.80 | 39.56 | 1.13 1.00 14.18 | 3.77
1.09 1.00 25.74 | 5.07 | 14.07 0.99 2036.17 | 45.12 1.09 1.00 26.48 | 5.15
1.02 1.00 25.39 | 5.04 | 15.51 0.99 2092.63 | 45.75 | 1.08 1.00 26.56 | 5,15

Another way to analyze the results, can be seen in the Table 5.3, which displays the
results of the averages of the 3 folders executed for each sensor, in this case, the average

values of module 1.
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Table 5.3: Results of regression for module 1.

RFR SVM GBR
sensor | MAE | R-Square | MSE | RMSE | MAE | R-Square | MSE | RMSE | MAE | R-Square | MSE | RMSE

h 9.70 0.53 206.49 | 14.15 | 16.53 -0.07 488.32 | 21.32 | 9.84 0.57 195.73 | 13.56
senl | 1.07 1.00 22.35 | 470 | 14.86 0.99 1897.87 | 4348 | 1.10 1.00 2240 | 4.69
sen2 | 5.11 1.00 341.35 | 1837 | 12.04 1.00 1067.37 | 32.66 | 6.57 1.00 398.13 | 19.92
send | 0.98 1.00 19.89 | 439 | 15.74 0.99 2197.69 | 46.81 | 1.37 1.00 21.52 | 4.60
send | 3.60 1.00 180.28 | 13.32 | 19.48 0.99 3120.56 | 55.86 | 4.47 1.00 197.03 | 13.81
senh | 3.39 1.00 223.68 | 14.71 | 15.82 0.99 2040.85 | 45.17 | 4.68 1.00 280.22 | 16.47
tem 2.62 0.56 13.13 | 3.58 3.88 0.17 26.89 4.95 2.18 0.71 9.19 2.95

When analyzing this result, R-Square and MAE are the two primary metrics on which

good performance should be checked. R-Square is a measure of how well the model

predicts, with 1 indicating a perfect fit and 0 indicating that the model is not the best.

In general, models with the highest R-Square scores and the lowest MAE, MSE and

RMSE scores were checked, as these indicate the best overall performance. The Table 5.4

shows the best models according to the values in the previous table.

Table 5.4: Analysis of Models for Module 1.

Sensor | MAE | R-Square | MSE | RMSE

h RFR GBR GBR | GBR
senl RFR RFR RFR | GBR
sen2 RFR RFR RFR | RFR
sen3 RFR RFR RFR | RFR
send RFR GBR RFR | RFR
send RFR GBR RFR | RFR
tem GBR GBR GBR | GBR

Analyzing the table we can see that for flame sensors, in this case, the RFR models are

more accurate, for the rest of the sensors the GBR models are more accurate. However, if

we look at the whole picture, and if we had to choose one model for the module itself, the

GBR model would be the most accurate. This is because the values are close for flame

sensors, that is, both GBR and RFR work for these sensors. It is worth mentioning that

the results are based on a specific dataset and the performance of these models may vary

when applied to different datasets or different sensors.
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Figure 5.8 shows a comparison of the R-Square values of all targets analyzed. With
these regression models for each individual module, we can analyze that the GBR model
behaves better with this metric analyzed, especially when we analyze the drops in R-

Square values, we realize that the lowest drops in performance are in GBR models.

2_senl
2_senl

R-Square

s [[_[2 e ST _2 gbm_r2

Figure 5.8: Results R-Square per Module Regression.

The Scikit-learn python library allows negative R-Square values, this indicates that
the model is worse than a model that simply uses the average of the target variable values
as the prediction for each observation. This can happen when the model is too complex
for the data set in question, or when the explanatory variables do not have a linear effect
on the target variable. Figure 5.9 shows a comparison of the MAE values of all targets
analyzed. If we analyze that the MAE values must be less to be better. At flame sensor

points we can see that RFR shows better values than GBR.
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Figure 5.9: Results MAE per Module Regression.
In the analysis of the remaining metrics, the objective is to obtain the smallest value

similar to the MAE. Thus, if we analyze Figure 5.10, we can see that GBR worked better

for the MSE.
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Figure 5.10: Results MSE per Module Regression.

If we analyze Figure 5.11, we can see the behavior similar to the metric MSE. There-

fore, we can consider GBR as the best model.
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Figure 5.11: Results RMSE per Module Regression.

Based on these results we can see which GBR models work best for these sensors.
However, we cannot rule out RFR models. Nevertheless, the SVM models performed
much worse relative to the others.

After all these analyses, another analysis of the models behavior was performed only
considering data during the transition period between day and night. For this purpose, it
uses the prediction methods of the three models already developed to make predictions on
a new data set. Then the number of predictions that have an absolute difference greater
than a specified margin of error is calculated. The idea is to compare the actual values
versus the values predicted by each model.

To check the errors, some error margin values were selected. The analysis was from 1
unit up to 8 units of margin of error between the actual value and the predicted value. In
Figure 5.12 we can analyze the error margin of the RFR models. The error percentages
tend to decrease as the error margins become larger. This is expected, since the larger the
margin, the more likely it is that a prediction will have an error greater than that margin.
Some sensors have higher error percentages than others, suggesting that the model may

perform better on some sensors than others.
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Figure 5.12: Percents of Margin of Error by RFR per module.

In general, the error percentages appear to be relatively high, even for bigger error
margins. This may indicate that the model is not very accurate or that the problem is
intrinsically difficult. This will be dealt with in the section Based on this, we can see
that the flame sensors in module 06 and all temperature sensors, in general, have very
low error margins, suggesting that these sensors are more accurate than the others. The
pattern presented by analyzing the errors of the RFR model can be seen in the results of
the SVM model. However, the error values are much larger than those presented in the

previous model. Figure 5.13 shows this pattern for errors margin using the SVM model
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Figure 5.13: Percents of Margin of Error by SVM per module.

In contrast to the SVM model, Figure 5.13, the GBR model, Figure 5.14, presents

better results, and it can be seen that in temperature sensors, where the errors are much

better than the RFR model.
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Figure 5.14: Percents of Margin of Error by GBR per module.

Therefore, if we average the 8 error margins for each model and compare them, as seen

in Figure 5.15, we can see that the RFR model behaves better than the GBR model, this

can be justified by the behavior of the model for lower error margins, where this model

has better results.
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Figure 5.15: Percents of Error by target per module.

Based on Figure 5.15, it can be seen that the performance of the three models varies
on different datasets. For example, the RFR model produces a relatively low error rate
(less than 25%) on module 01 and module 02 datasets, but a high error rate on the flame
sen2 and sen4 of module 01 datasets. Meanwhile, the SVR model generally has a high
error rate across all datasets, with the exception of the flame sen? and send of module
06 datasets, where it produces a relatively low error rate. The GBR model performs
relatively well on some datasets (such as h sensors and tem sensors from sensors of 1,2,3,4
and 5 modules), but has a higher error rate on others (such as h from sensors of 6,7,8 and
9 modules).

In general, it can be seen that the RFR model performs moderately well on all data
sets. The SVR model, on the other hand, generally performs poorly. Finally, The GBR
model performs better than the other two models, but still has a relatively high error rate
on some datasets.

If we analyze Figure 5.16 that has an example of the predicted and actual values of
the humidity sensor 01, we can really prove the better adherence of the RFR model. The
visual analysis allowed us to prove that the errors and behavior of the RFR model were

really better than the others.
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(a) RFR Real x Pred (b) SVM Real x Pred (c) GBR Real x Pred

Figure 5.16: Visual analysis of the Actual x Pred values in transition periods for one
module training

These analyses are of major importance since it was reported at the beginning of the
work that the largest false alarm warnings were at periods of transitions between day and

night.

5.6 Regression Models for One Module Using Tran-
sitions

In this part of the analysis, the same analysis created previously for each module was
performed, however, in this new step of the analysis, it was performed tests of models for
day data only and for night data only. In addition to these tests, the same analysis was
also performed for each of the complete modules, taking into account the time of day as
feature. These period features were developed using the analysis from Section 5.2 and
added in a new column called Status. Thus, the basic idea of this section is to run the
same algorithm that was run previously and in the end compare the metrics obtained for
each model with the complete data and with separate data.

Figure 5.17 shows four scatter plots on it. In this example, the model comparison of
RFR is shown for the regression models using all data per module (All), using day data
only (Day), using night data only (Night) and Status column as another feature (Status).
Then as we have 3 results for each sensor in each of the models. We used the groupby()

function per module and sensor using mean() to get just the average of each metrics for
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all targets by modules.
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Figure 5.17: Model Comparison for Sensor 1 per Different Datasets.

Figure 5.18 shows the comparison of R-Square metrics for sen! with the model trained
with all data without and with Status as a feature. In this example, it is possible to

compare the values of this metric and verify possible improvements in the regression

models. But it is still necessary to check the other metrics.
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Figure 5.18: Model Comparison for Sensor 1 All and With Status.

Another analysis of results was with regression models trained with Day, Night, and

Status columns as another feature, Figure 5.19 shows the R-Square results for day data.
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Figure 5.19: R-Square Results for Day Data Only

The GBR values performed better for models using Day data and the Status column
as features. But for the send of module 6 and the sen2 of module 07, it is noticeable

that RFR was better for the R-Square metric. Figure 5.20 shows the result for the Status

columns as feature.
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Figure 5.20: R-Square Results for Status as Feature

For night data, RFR models performed better, but with little difference from GBR

models. But the outcomes are not good results.

a oA a A
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Figure 5.21: R-Square Results for Night Data Only

We can analyze that for these types of training the GBR models were better than
RFR and SVR. This is because in general when RFR is better than GBR the difference
is not significant. Now when we analyze the MAE values for the same types of training
data.

Figure 5.22 shows the MAE values for day data, where we can see again that SVR
models have very different and worse metrics than the other two models. Another point
that calls attention is that in some moments the RFR model has better metrics than the
GBR model, such as sen2 of module 04 and module 08, in the remaining moments the

GBR model is better, but with little difference.
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Figure 5.22: MAE Results for Day Data Only

Analyzing data that used the Status column as a feature, Figure 5.23, we can see the
same behavior as the day data. Although, there are more points that the RFR model

was better than the GBR model, such as sen2 and sen4 of module 01, senj of module
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03, sen4 of module 04 and sen2 of module 07.
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Figure 5.23: MAE Results for Status as Feature

Figure 5.24 displays the results of MAE for night data, we can see low value in the
metric, the errors for SVR model showed to be better in several points. this suggests that

the model is not explaining well the variation in the data and is also performing poorly.
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Figure 5.24: MAE Results for Night Data Only

In Figure 5.25 we can see the MSE results for day data, allowing us to once again
verify the discrepancy of the SVR results with the other models. For day data, the GBR

model was better, but for module 4 flame sensors, RFR behaved better.
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Figure 5.25: MSE Results for Day Data Only

In Figure 5.26, we can see similar behavior again for the day data. This figure displays
10000
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the MSE results for data using the Status column as a feature. In this analysis GBR, was

better at all the points analyzed.
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Figure 5.26: MSE Results for Status as Feature
In Figure 5.27, we can see the same behavior as for the night data, the training of

these models for this data set proved to be not appropriate for the data in question.
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Figure 5.27: MSE Results for Night Data Only
In Figure 5.28 we can see the RMSE results for day data. For day data, the GBR model

was performing better, but for module 4 flame sensors again, RFR performed better.
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Figure 5.28: RMSE Results for Day Data Only
In Figure 5.29, we can see similar behavior again for the day data. This figure displays

the MSE results for data using the Status column as a feature. In this analysis GBR, was

better in all analyzed points, except senj of module 3.
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Figure 5.29: RMSE Results for Status as Feature

With the help of Figure 5.30, we can dismiss the results of the models for night data,

as in all metrics the performance was poor.
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Figure 5.30: RMSE Results for Night Data Only

Another analysis that was performed was the averaging of metrics for comparison
between models using data from a module, day data, night data, and data from a module
with a Status column as an additional feature. In the first comparison of the metric
R-Square we can verify that for night data we did not get a good result analyzing the
average. Figure 5.31 shows this comparison. However, for the rest of the tests, GBR

models presented themselves as better results for R-Square metric.
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Figure 5.31: Average Results of R-Square.

The second comparison performed was the MAE metric, Figure 5.32. In this metric,
we further verified that models using GBR and RFR presented very close with lower
values. Thus, it was further verified that SVM did not generate adequate results. For
modulo trained data with and without column Status, on average, the RFR models were

the fittest.
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Figure 5.32: Average Results of MAE.

Comparing the values of MSE, Figure 5.33, we can see the discrepancy between the
results of SVR with the other two models. In this context, we can still see that GBR
models were better on data trained with module with and without column Status, but

using the average, RFR models for day data were better.
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Figure 5.33: Average Results of MSE.

The behavior shown in Figure 5.33 can be compared with those in Figure 5.34, they
are similar behaviors. However, for RMSE trained on day data, in this case, the GBR

models showed better results.
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Figure 5.34: Average Results of RMSE.

In order to have all the results of the metrics, another analysis performed was the same
as the one previously performed for the full data of the modules, which was the analysis
of the behavior of the models in periods of transitions. Figure 5.35 displays the average
results of error margins between 1 and 8 units for each of the trained models, Day, Night,
Status column as a feature, and complete data (One Module). In these results we can see
better results for models RFR with complete data and data using the Status column as

features.
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Figure 5.35: Average Errors in Transitions Data.

In addition to the previous analysis, we can compare the errors by the average errors
per sensor type. In this way, the RFR still has the best performance and together with
that, the 5.36 figure still makes it possible to verify that the error is greater for humidity
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Figure 5.36: Average Errors in Transitions Data per Type of Sensor.

SEensors.

5.7 Regression Models for Clusters

In this step of the analysis, a code was developed that reads the sensor data all together
and maps each module to a corresponding cluster number. In this first part as mentioned
in the clusters part, 5.4, it was divided into two groups, cluster 01 for n01 to n05 and
cluster 02 for n06 to n09.

The code then maps each column in the dataframe to the corresponding cluster. It
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does this by iterating over all columns in the dataframe and for each column if the name
starts with the module string, it maps the column to the corresponding cluster. As seen
in the previous sections, the SVM model was not developed due to the low adherence to
the previous tests

The function then performs k-fold cross-validation by splitting the data into training
and test sets, fitting a RFR and GBR model to the training data, making predictions on
the test data, and recording the MAE, MSE, RMSE, and R-Square values. The k-fold
used was 3.

Using the results of the models we can verify that for the metric R-Square the modules
of cluster 01 behave similarly for both models, RFR and GBR. In this sense, the behavior
for cluster 02 is similar in some points, but for sen! of module 06 and has of module 07,
the results of GBR are better, but the send of module 08, the result of the model RFR
was perfomed better. Figure 5.37 shows the results of R-Square. It is important to note

that the R-Square is close to 1 for all sensors, indicating that the models fit the data well.
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Figure 5.37: R-Square for cluster analysis.

Figure 5.38 shows the results for MAE. We can verify better performance for RFR

models. Another point observed is the largest difference between the models for group
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Figure 5.38: MAE for cluster analysis.

The values of MSE can be seen in Figure 5.39 , in it model RFR was better in almost

all targets, being surpassed in the sen! of module 07 in the send of module 08.
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Figure 5.39: MSE for cluster analysis.

Similar to the previous models, for metric RMSE, the RFR models performed better,
being closest to the GBR models in group 02. Figure 5.40 displays the results for this

metric.
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Figure 5.40: RMSE for cluster analysis.

Once all the results are in, we can compare groups 01 and 02. Figure 5.41 displays the
average of each of the metrics per model for each of the groups. It is possible to verify
that for the metric MAE group 02 presents better results than group 01. For the metric
MSE the group 01 presents better results for the model RFR and group 02 presents better
results for the model GBR.
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Figure 5.41: Cluster Metrics for the Models

Finally, if we analyze the results of the models on transition data as was done in the
previous tests, Figure 5.42 displays the average error margins from 1 to 8 units. We can
see a higher error percentage for group 01 with trained model GBR. Overall, the RFR

model performed better for this data.
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Figure 5.42: Average Error Percentage Between 1 and 8 units for Cluster Trained Data.

Another way to visualize this error is displayed in Figure 5.43, where we can see the
high adherence of the trained models to the selected transition data. Both images are

from the A of module 01.
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Figure 5.43: Visual analysis of the Actual x Pred values in transition periods for clusters
models.

5.8 Regression Models for All Modules

In this step of the analysis, a function was developed that performs a feature selection

technique called forward selection. It creates an empty dictionary ’selected_ features’ and
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a list 'remaining features’, which contains all the features. The forward feature selection
algorithm is a search algorithm that starts with an empty set of features and iteratively
adds features to the set. It starts by choosing the feature that results in the highest
performance in the model using a fixed evaluation metric, such as precision or in this case
R-Square value, and then adds the feature that results in the highest performance when
combined with the previously selected features, and so on. The function uses a RFR to fit
and evaluate the model, and adds the feature that results in the best score to the list of
selected features The code then stores the 5 best selected features for the current target
feature in the ’selected features’ dictionary.

To start, the function uses a threshold which is a parameter used to control the
stopping criteria of the forward selection algorithm. The threshold is set to 0.70 by
default, which means that the algorithm will stop when the best score obtained by a
feature is greater than or equal to 0.70. The idea of using this threshold is to determine
the minimum level of accuracy that the model must achieve to consider a feature for
selection. Features with a score below the threshold will not be added to the set of
selected features, since they are considered not useful for improving model performance.

By adjusting the threshold, it can control the trade-off between model complexity
(number of features) and accuracy. A lower threshold means that the algorithm will select
more features and result in a more complex model, while a higher threshold will result in

a simpler model with fewer features. The function created has the input parameters :

Target: the target variable for which the regression model is built.

e X train: a pandas dataframe containing the training data for the independent

variables.

e vy train: a pandas Series containing the training data for the dependent variable.

e Remaining features: a list of features from X train that have not been selected

yet.
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e Threshold (optional, default is 0.70): the minimum p-value for a feature to be

considered for selection.

The base code iterates through each feature and assigns it as the target feature. For
each target feature, it performs the forward selection function of the remaining features.
Because of the processing delay due to the amount of data in the data frame, 366268 rows
and 76 columns, two data splits were used for the feature surveys. The first split of test
and training splits the data into 80% training data and 20% test data. The second split
of test and training divides the training data again, this time into 50% of the training
data and 50% of the test data.

Using two train splits is a way to handle large data. If the data is too large to fit into
memory all at once, it can be split into smaller pieces and trained on each piece. The
two train splits can be used to divide the large dataset into a smaller training set and a
smaller validation set, allowing the model to be trained on the smaller training.

As a result of the previous feature selection, if we analyze the percentage of the number
of features of the same type as the target we can see that humidity sensors feature other
humidity sensors as features, on average 51% of the features selected for humidity sensors
are other humidity sensors. Figure 5.44 displays this previously described analysis, in
which you can see the concentration of the largest percentage values in the targets on the

left.
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Figure 5.44: Percent of the number of features of the same type as the target
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If we consider the flame sensors as all equal, that is, not dividing them between sensor

1,2,3,4 and 5, we can see that there is an influence of sensors of the same type for each of

the targets. Calculating the average features of sensors of the same type with this analysis

we get a 53% average. This value can be seen in Figure 5.45.
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Figure 5.45: Percent of the number of features of the same type as the target considering

the same flame sensors

Figure 5.46 shows another analysis that was performed. In this analysis, we can see

that on average 55% of the features are from the same module as the target. However,

we can verify three targets that do not have features of the same module, all humidity

sensor targets. However, all the other 60 targets have features from the same module.
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Figure 5.46: Percent of the number of features of the same module as the target

Figure 5.47 shows a final analysis of the selected features. In this analysis we can see

that 34% of the selected features are of the same type and model as the target, considering

the flame sensors as the same type. That is, we can see a low influence of sensors of the

same type from the same module. However, it is not excluded that sensors that are not

in the analysis are not influential in the analysis of the targets.
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Figure 5.47: Percent of the number of features of the same type and module considering

the flame sensors as the same

Thus, with all these 5 features for each target, we got the best score. Figure 5.48

displays the best scores for each of figures, and show that there was a good score for all

those features. In this code, the score is the R-Square of the regression model.
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Figure 5.48: Best score for forward feature selection

Based on the results of the forward feature selection, a code for regression model anal-
ysis was developed. As seen in the previous sections, the SVM model was not developed
due to the low adherence to the previous tests. Another point that deserves to be high-
lighted is that the best result presented in Figure 5.48 may not be the same after the next
tests. The reason for this difference is that for the forward feature selection, the data was
split twice to improve processing time and 50 estimators were used, while for the training
with all data it was split into 80 % and 20 % of test and kept 100 estimators for regression
models.

After training the data, in Figure 5.49 it can be seen that the R-Square scores for the
RFR and GBR models are generally high, with values close to 1. For example, for seni
of module 01, the R-Square score is 0.9998 for RFR and 0.9998 for GBR. This suggests
that the models have a good fit to the data.

However, there are some exceptions, such as senl of module 06, where the R-Square
score is 0.1708 for RFR and 0.569 for GBR. This suggests that the fit of the models to
the data is not good for this particular sensor. Overall, the data suggest that the RFR
and GBR models have a good fit to the data for most objects and sensors, with a few

exceptions.
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Figure 5.49: R-Square Results of Full Data Regression.

Using MAE, Figure 5.50 it is difficult to determine an overall winner based on the
results alone. Both models seem to have some strengths and weaknesses between the
different sensors. But if we compare on particular sensors it is possible to find the better
model, for example, for humidity of module 01, the RFR model has an MAE of 2,90 and
the GBR model has an MAE of 3,48. This suggests that the RFR model performs better

on this particular sensor compared to the GBR model.
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Figure 5.50: MAE Results of Full Data Regression.

Based on the data, it seems that for most sensors, the GBR model has a lower MSE
compared to the RFR model, which indicates that the predictions made by the GBR
model are more accurate. However, there are some exceptions where the RFR model
performs better than the GBR model (e.g., h of module 07,tem of module 08). Figure
5.51 shows the results of the MSE.
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Figure 5.51: MSE of Results Full Data Regression.

Based on the values in Figure 5.52 | it seems that the GBR is outperforming the RFR
in most cases, as the RMSE values are lower. This suggests that the GBR model is better

at fitting the data and has higher accuracy in its predictions.

m—fr_rmse e==gbhm_rmse

Figure 5.52: RMSE Results Full Data Regression

Another analysis was to verify the behavior of the models in periods of transitions be-
tween day and night. For this, the transition data were separated into another dataframe
and divided in two to facilitate plotting. A comparison was then performed between the
predicted values of transition data with the actual values for that separate dataframe,
this comparison uses a margin of error of 2 units. Then the number of cases where the
absolute error between the predicted and actual values is greater than the error margin
was counted.

One way to interpret these results would be to compare the number of errors to

the total number of instances, to get an error rate. Another way would be to plot the
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predicted vs actual values for y_new and visually inspect the differences between the two.
The larger the differences, the lower the accuracy of the model.

The percentage of errors for each model is calculated by dividing the number of in-
stances where the predicted value deviates from the actual value by more than the error

margin, with the total number of instances.
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Figure 5.53: Errors in Transition Periods.

From Figure 5.53, it appears that the performance of the GBR model is worse than the
RFR model, as the percentage of errors is generally higher for the GBR model. However,
it is important to note that the performance of both models can vary greatly depending
on the target category. For example, in the "'n06 senl" target, the RFR model has a
higher percentage of errors (4%) compared to the GBR model (3%). On the other hand,
in the "n01_sen2" target category, the RFR model has a lower percentage of errors (28%)
compared to the GBR model (61%).

It is also important to consider the error margin in evaluating the performance of these
models. A smaller error margin means that the models are expected to have a smaller

deviation from the actual values, making the prediction more accurate.
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Figure 5.54: Visual analysis of the Actual x Pred values in transition periods.

Figure 5.54 shows the visual analysis of the actual versus predicted values for the
tem of module 02. All in all, visual analysis is of great importance for temperature and
humidity sensors.

For the flame sensors, the visual analysis is not very effective, the predicted data show
a good fit to the trend and range of the actual values. It is interesting to do this analysis
because the values of flame sensors present typical visual patterns, which are not easily
visualized in other types of sensors. This pattern can be seen in Figure 5.55, where we

see the standardized variation of the data of flame send of module 02.
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(a) RFR Real x Pred (b) GBR Real x Pred

Figure 5.55: Visual analysis of the Actual x Pred values in transition periods 2.

Overall, the results suggest that the RFR model is a better choice for predicting the

transitions target values in this case.
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5.9 Obtained Results

As discussed in the previous sections, the models have similar behavior for data trained
in different ways. In this context, as one of the problems is the sending of false alerts,
we can see that although in a general view the data present GBR as the best model.
However, for the transition periods, where data varies more, the RFR model performs
better across all training types and datasets.

Table 5.5 displays the results of the averages of all metrics for all trained datasets.
There is no difference between the data trained per module with the Status column and
without it. However, models trained using only night data performed worse than others.
Models using cluster data performed better, but took longer to run than models trained

by modules.

Table 5.5: Result for all Metrics per Datasets
Avg MAE | Avg R-Square Avg MSE Avg RMSE

RFR | GBM | RFR | GBM | RFR | GBM | RFR | GBM
Cluster 0.06 0.22 1.00 1.00 0.54 0.88 0.37 0.66

Datasets

Day 4.71 4.73 0.71 0.75 173.69 | 170.54 | 10.21 | 10.17
Full 2.61 2.82 0.92 0.94 142.56 | 128.18 | 8.36 7.91
Nigth 1.97 1.85 | -1.79 -0.85 28.47 | 25.15 | 2.63 2.46

Per Module | 3.39 3.57 0.78 0.82 103.17 | 103.34 | 8.28 8.20
Status 3.39 3.57 0.78 0.82 103.17 | 103.34 | 8.28 8.20

Table 5.6 displays the most detailed results by sensors, across almost all datasets and
sensors, the GBR model consistently outperforms the RFR model in terms of R-Square,
MSE, and RMSE. The only metric where RFR has been experienced to perform is MAE.

The performance of both models is highly dependent on the specific dataset and sensor
being used. For example, in Cluster dataset, the RFR model performs significantly worse
on tem targets compared to the other two sensors, while in Day dataset, GBR model
performs significantly better on temperature data compared to the other two sensors.

For the Cluster dataset, the performance of both models is relatively consistent across
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all sensors, with no sensor performing significantly better or worse than the others. How-
ever, for the Day dataset, the tem consistently outperforms the other two sensors in all
metrics and in both models. In general, both models perform better on h targets than
tem or sen data, as evidenced by the lower error metrics for the h sensor compared to the
sen and tem sensors.

Finally, it’s worth noting that the overall performance of both models is very good.
This suggests that both models are effective in predicting environmental parameters based

on the provided sensor data.

Table 5.6: Result for all Metrics per Datasets and Sensors
Avg MAE | Avg R-Square Avg MSE Avg RMSE
RFR | GBM | RFR | GBM | RFR | GBM | RFR | GBM

Datasets | Sensors

h 0,17 | 0,17 | 1,00 | 1,00 1,37 | 1,37 | 059 | 0,60

Cluster sen 003 | 025 | 1,00 | 100 | 037 | 085 | 0,32 | 0,73
tem 012 | 012 | 098 | 098 | 054 | 054 | 038 | 0,38

h 12,54 | 12,16 | 0,20 | 029 | 264,99 | 243,44 | 1547 | 14,86

Day sen 350 | 3,65 | 0,89 | 0,91 | 187,35 | 187,68 | 10,46 | 10,59
tem 201 | 270 | 031 | o041 | 1411 | 11,95 | 3,67 | 3,39

h 342 | 333 | 091 | 092 | 30,82 | 2825 | 529 | 5,04

Full sen 2,76 | 3,00 | 0,93 | 095 |192,83 173,34 10,32 | 9,78
tem 1,02 | 090 | 089 | 0,92 290 | 232 | 1,61 | 1,40

h 9,72 | 933 | -0,34 | -0,26 | 182,81 | 162,13 | 12,78 | 12,17

Night sen 036 | 033 | 239 | -1,06 | 148 | 147 | 054 | 0,52

tem 231 | 1,08 | 024 | 010 | 905 | 652 | 293 | 2,49
h 10,18 | 10,21 | 034 | 038 | 184,69 | 179,08 | 13,24 | 12,36
Per Module | sen 219 | 249 | 093 | 095 | 1050310696 | 825 | 8,30
tem 263 | 235 | 046 | 060 | 1237 | 948 | 346 | 3,03
h 10,18 | 10,21 | 034 | 038 | 184,69 | 179,08 | 13,24 | 12,36
Status sen 2,19 | 249 | 093 | 095 |10503 10696 | 825 | 8,30
tem 263 | 235 | 046 | 060 | 1237 | 948 | 346 | 3,03

With all these analyses, forecasting the daily behavior of the sensors on normal days,
in case of fire, it would be possible to identify deviations from the expected behavior.
Thus, with the identification of the difference between actual and predicted values, it is

possible to detect fire risks in the analyzed areas.
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Chapter 6

Conclusions

This chapter will present some conclusions of this work. For the data available for
the study, it is possible to verify the standardization of the flame sensor data during the
course of time. The data from these sensors vary in a standardized way between daytime
values and nighttime values.

The strategy of using the algorithm to identify the periods of the day can be very
useful, since it was reported at the beginning of the work the difficulty with false alerts
in these periods.

Therefore, with the use of this identification, it is possible to use RFR for periods when
there is a transition and GBR for normal times. In other words, if it is identified that the
received data comes from day or night data, it can be used with regression models trained
with data by modules. If it is a transition time, the work showed that the random forest
regression model was the best performing, that is, the RFR model trained with data by
modules.

The study also allowed to verify that of the three proposed models, the SVR model
was the one that performed worse than all other two. Both GBR and RFR performed
well for all data types trained.

In terms of the type of data trained, it was found that data trained on clustered
basis performed better than the others. However, both per module and with status also

performed well.
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Given that data from each module is sent at different times, the best strategy for the
models is to train for each individual module, avoiding dependence on data not received
from other modules.

Therefore, it is concluded that for the data that was made available at the beginning,
the regression models using RFR and GBR proved to be better for this data. In order
to reduce false positives and to facilitate abnormality detection, some improvements are

necessary.

6.1 Suggestions for Future Works

In the future, it is suggested to train the data for other months. Since the seasonality
in the region’s climate is quite strong, i.e. if we use data from September and October to
predict behavior in other months, low results are expected. Therefore, it is necessary to
train data for the remaining months.

Another suggestion is to reanalyze the data at night, evaluate other models and un-
derstand why the models in this work had a not so good result, since the data does not
oscillate much.

It is suggested to maintain a standardized code for training data by module in a
uniform way. In this context, it is still necessary to implement the algorithms that will be
trained in the future on real time data for testing and validation of the models suggested
in this work.

Once the algorithm is implemented, it is expected that the alarms generated will be

monitored through deviations in the behavior of the data.
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Appendix A

Original Project Proposal

Code used for analyzing by module:

def regression_onemodule(df, target, k, dftransition, df time, col):
b kf = KFold(n_ splits=k)
X = df.drop(target , axis=1)
1 y = df[target]
b X new = dftransition.drop(target, axis=1).iloc [:len(dftransition)//2]
; y_new = dftransition [target].iloc [:len(dftransition)//2]
df_time = df_time.iloc [:len (df_time) //2]

) margins = [1, 2, 3, 4, 5, 6, 7, 8]

) models = [RandomForestRegressor (n_estimators=100, random_ state=42),
SVR() ,
GradientBoostingRegressor (n_estimators=100, random_ state=42)]

5 model names = [’Random Forest’, SVM’, ’Gradient Boosting’]
3 results = []
for i, (train_index, test index) in enumerate(kf.split(X)):
X_train, X_test = X.iloc[train_index], X.iloc [test_index]

) y_train, y_test = y.iloc[train_index], y.iloc[test_index]

result = {’fold’: 1 + 1}

Al




¥
T

N

sdef

for model, name in zip (models, model names):
preds, mae, mse, rmse, r2 = evaluate_ model(model, X train,
X_test, y_train, y_test)
result [name] = {’preds’: preds, ’mae’: mae, 'mse’: mse, ’'rmse’

rmse, 'r2’: r2}
for margin in margins:
error__count = (abs(preds — y_test) > margin).sum()
result [name][f’errors {margin}’|] = error_count
results .append(result)
return results
evaluate__model (model, X_train, X_ test, y_train, y_test):

model. fit (X_train, y_train)
preds = model. predict (X_ test)

mae = mean__absolute_error(y_test, preds)
mse = mean_squared_error(y_test, preds)
rmse = sqrt (mse)

r2 = r2_score(y_test, preds)

return preds, mae, mse, rmse, r2
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