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Preface

GEOINFO, 20 Years After!

In 2019 the Brazilian Geoinformatics Symposium (GEOINFO) celebrates its 20th anniversary. Since the first event,
held at UNICAMP in 1999, for the first time GEOINFO will be held at INPE. It is a huge honor and privilege for
INPE, and for the Earth Observation Area, to host GEOINFO 2019! It comes at difficult times, but it comes at
the right time.

The GEOINFO Symposium Series has been annually exploring innovative research, development and applications
in geographic information science. From an academic point of view, the consolidation of an international scientific
committee, which has been formed over the past 20 years, has ensured a thorough analysis of submissions and
a balanced offer of opportunities for participation to the largest number of students and researchers throughout
Brazil.

In this way, the GEOINFO Series made room for the meeting between the still emerging Brazilian community
of researchers in 1999 and members of the international community at the time, more consolidated in the fields of
GIScience - Geographic Information Science, Geographic Systems Engineering and Spatial Databases.

The founding idea was to foment the meeting of the national community, year by year, presenting a state of
the art perspective in those areas and internationalizing, from the beginning, our dialogue and our academic and
technological production. In this logic, among authors of the 1999 edition were the main groups in Brazil, working
at the time in related areas. There were works by Cirano Iochpe (UFRGS), Alberto Laender (UFMG), Geovane
Magalhaes (CPgD), Jorge Campos (UNIFACS), Ana Salgado (UFPE), Valeria Soares (UFPE), Casanova (PUC-RJ),
Gilberto Camara ( INPE), Clodoveu Davis (UFMG), Claudia Bauzer (UNICAMP), Marcelo Gattass (PUC-RJ),
Jansle Rocha (UNICAMP), Suzana Fucks (EMBRAPA), Carlos Felgueiras and Eduardo Camargo (INPE), Jugurta
Lisboa (UFV) and A. Miguel V. Monteiro (INPE). This first edition had as guest speaker Max Egenhofer, important
name of the National Center for Geographic Information and Analysis (NCGIA) of the University of Maine (USA).

Over these 20 years, several of these groups have remained active and important in the field in Brazil, with
various international collaborations. New groups emerged and the dynamics of the technical and scientific aspects
related to spatiotemporal data and technologies were broadening what makes up "Geoinformatics’. It is easy to
see this field dynamics by looking at the various international keynote speakers, some of which are, until today,
part of the scientific committees of the GEOINFO editions. In addition to the Max Egenhofer, speakers were Gary
Hunter, Andrew Frank, Roger Bivand, Mike Worboys, Werner Kuhn, Stefano Spaccapietra, Ralf Guting, Shashi
Shekhar, Christopher Jones, Martin Kulldorff, Edzer Pebesma, Fosca Giannotti, Christian Freksa, Thomas Bittner,
Markus Schneider, Helen Couclelis, Michael Batty and Michael Frank Goodchild, to name a few, as well as several
Brazilian colleagues, who over time have been invited as keynote speakers in pairing and dialogue with international
guests. This year, underpinning the tradition of dialogue, is Professor Dr. Joana Barros of Birkbeck College at the
University of London and Professor Dr. Claudia Bauzer of UNICAMP as keynote speakers!

The community is mature and coming of age!

To celebrate these 20 years of GEOINFO, the program includes, in addition to the technical sessions, full papers,
short papers and demonstrations, a PANEL, a ROUND TABLE and a CONFERENCE!

The idea of the of PANEL - Geolnfo 20 Years Later: Revisiting the Past and Inventing the Future, is to
redeem our Memory and thus look forward to future-bearing options in our area. The PANEL seeks to promote
presentations and discussions among researchers and participants about the history of GEOINFO and the new




research challenges in the area of Geoinformatics for the coming years. We will have back to GEOINFO, in this
PANEL, some of those who were at UNICAMP in 1999, what a privilege! Along with researchers who throughout
these 20 editions represent a renewal of our community.

The ROUND TABLE and the CONFERENCE seek to explore aspects not strictly technical, nor tech-
nological, but aspects related to the social role of technologies. In particular, when we deal with techniques and
technologies that build representations of the territories in which we live in.

The ROUND TABLE - The Role of Geographic Information Science and Engineering in Supporting Evidence-
Based Social Policy-Making: Brazilian Ezxperiences, will be composed of Researchers and Managers who in their
academic work, projects and participation in public management have made and/or favored the effective use of
spatial data, information, information systems, methods, techniques and technologies for contexts related to public
policies in the social field.

The CONFERENCE - The Territory and Social Policies: Paraiba Experiences is a new format. A unique
moment for our community, which deals technically with spatial information, to reflect on the role it plays, when
these technologies, methodologies and algorithms can be auxiliary instruments in the transformation of social reality,
of an individual, of a family, of a community, a city, a state or an entire country. To begin this format, the chosen
lecturer was Ricardo Coutinho, who was twice mayor of Joao Pessoa and twice Governor of Paraiba, and a manager
who made use of territorialized information in the construction of social policies.

We want to welcome you all to INPE in Sao José dos Campos as well as we have been welcomed over these 20
years, in Campinas, Rio de Janeiro, in the eternal Campos do Jordao, Salvador and, last year, in Campina Grande!

Our Best Regards,

Antonio Miguel Vieira Monteiro, INPE

Jugurta Lisboa Filho, UFV

Chairs, GEOINFO-2019

(on behalf of the Organizing Committee and the GEOINFO Program Committee 2019)
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Prefacio

GEOINFO, 20 Anos Depois!

Em 2019 o Simpésio Brasileiro de Geoinformética (GEOINFO) completa 20 anos. Desde o primeiro evento, realizado
na UNICAMP em 1999, pela primeira vez o GEOINFO ser4 realizado no INPE. E uma enorme honra e um privilégio
para o INPE, e para a area de Observagao da Terra, hospedar o GEOINFO 2019! Vem em momento dificil, mas
vem em boa hora.

A Série de Simpdsios GEOINFO vem anualmente explorando pesquisas, desenvolvimentos e aplicagoes ino-
vadoras em ciéncia da informagao geogréfica. Do ponto de vista académico, a consolidacao de um comité cientifico
internacional, que foi se formando ao longo destes 20 anos, garantiu a andlise criteriosa das submissoes e um balango
equilibrado para oferecer oportunidades de participagao ao maior nimero de estudantes e pesquisadores espalhados
pelo Brasil.

Desta forma, a Série GEOINFO construiu espaco para o encontro entre a comunidade de pesquisadores brasileiros,
em 1999 ainda emergente, e membros da comunidade internacional, a época, mais consolidada nos campos que se
pode chamar de GIScience - Geographic Information Science, Engenharia de Sistemas Geogréficos e de Bancos de
Dados Espaciais.

A ideia fundadora foi fomentar o encontro da comunidade nacional, ano a ano, apresentando uma perspectiva
do estado da arte nestas areas e internacionalizando, deste o inicio, nosso didlogo e nossa produgao académica e tec-
nolégica. Nesta logica, entre autores da edicao de 1999 estavam os principais grupos no Brasil, trabalhando a época
em dreas correlatas. Estava ali trabalhos de Cirano Tochpe (UFRGS), Alberto Laender (UFMG), Geovane Mag-
alhdes (CPqD), Jorge Campos (UNIFACS), Ana Salgado (UFPE), Valéria Soares (UFPE), Casanova (PUC-RJ),
Gilberto Camara (INPE), Clodoveu Davis (UFMG), Claudia Bauzer (UNICAMP), Marcelo Gattass (PUC-RJ),
Jansle Rocha (UNICAMP), Suzana Fucks (EMBRAPA), Carlos Felgueiras ¢ Eduardo Camargo (INPE), Jugurta
Lisboa (UFV) e A. Miguel V. Monteiro (INPE). Esta primeira edigdo teve como palestrante convidado Max Egen-
hofer, importante nome do NCGIA - National Center for Geographic Information and Analysis da Universidade do
Maine (EUA).

Nestes 20 anos, varios destes grupos continuaram ativos e importantes no campo no Brasil, com vérias colab-
oragoes internacionais. Novos grupos apareceram e a dindmica dos aspectos técnicos e cientificos relacionados aos
dados e tecnologias espago-temporais foram ampliando o que compde a "Geoinformatica”. E facil verificar esta
dinamica do campo ao observar os diversos keynote speakers internacionais, alguns que sao, até hoje, parte de
comités cientificos das edi¢coes do GEOINFO. Além do Max Egenhofer, foram palestrantes Gary Hunter, Andrew
Frank, Roger Bivand, Mike Worboys, Werner Kuhn, Stefano Spaccapietra, Ralf Guting, Shashi Shekhar, Christopher
Jones, Martin Kulldorff, Max Craglia, Edzer Pebesma, Fosca Giannotti, Christian Freksa, Thomas Bittner, Markus
Schneider, Helen Couclelis, Michael Batty e Michael Frank Goodchild, para citar alguns, além de varios colegas
brasileiros, que ao longo do tempo, vém sendo convidados como keynote speakers em pareamento e didlogo com
os convidados internacionais. Este ano, sustentando a tradigao do didlogo, temos a Profa. Dra. Joana Barros, do
Birkbeck College da University of London e a Profa. Dra. Claudia Bauzer, da UNICAMP, como keynote-speakers!

A comunidade estd madura e as portas da maioridade!

Para celebrar estes 20 anos de GEOINFO, a programagao inclui, além das sessdes técnicas, com full papers,
short papers e demonstrations, um PAINEL, uma MESA REDONDA e uma CONFERENCIA!



O objetivo do PAINEL - Geolnfo 20 Anos Depois: Revisitando o Passado e Inventando o Futuro, é resgatar
nossa Memoria e, assim, olharmos para frente, para opgdes portadoras de futuro em nossa drea. O PAINEL procura
promover apresentacoes e discussoes entre pesquisadores e participantes sobre a histéria do GEOINFO e os novos
desafios de pesquisa na area de Geoinformatica para os préximos anos. Teremos de volta ao GEOINFO, neste
PAINEL, alguns daqueles que estavam na UNICAMP em 1999, que privilégio! Junto a pesquisadores que ao longo
destas 20 edigoes representam a renovacao de nossa comunidade.

A MESA REDONDA e a CONFERENCIA buscam explorar aspectos nao estritamente técnicos, tec-
noldgicos, mas aspectos relacionados ao papel social das tecnologias. Em particular, quando tratamos de técnicas
e tecnologias que constroem representagoes dos territérios em que vivemos

A MESA REDONDA - O Papel da Ciéncia e da Engenharia da Informac¢é Geogrdfica no apoio a Constru¢do
de Politicas Sociais Baseadas em Evidéncia: Experiéncias Brasileiras, sera composta de Pesquisadores e Gestores
que em seus trabalhos académicos, projetos e participagoes na gestao publica fizeram e/ou favoreceram o uso efetivo
de dados, informagoes, sistemas de informacoes, métodos, técnicas e tecnologias de Geoinformaética para contextos
relacionados as politicas piiblicas setoriais no campo social.

A CONFERENCIA - O Territério e as Polficas Sociais: As Experiéncias da Paraiba é um formato novo. Um
momento Unico para que nossa comunidade, que trata tecnicamente com a informacao espacial, possa refletir sobre
o papel que desempenha, quando estas tecnologias, metodologias e algoritmos podem ser instrumentos auxiliares na
transformagao da realidade social, de um individuo, de uma familia, de uma comunidade, uma cidade, um estado
ou todo um pais. Para iniciar este formato, o Conferencista escolhido foi Ricardo Coutinho, que foi por duas vezes
prefeito de Jo@o Pessoa e duas vezes Governador da Paraiba, e um gestor que fez uso de informacéo territorializada
na construcao de politicas sociais.

Queremos acolher todos no INPE em Sao José dos Campos tao bem quanto temos sido acolhidos ao longo destes
20 anos, em Campinas, no Rio de Janeiro, na eterna Campos do Jordao, em Salvador e ano passado em Campina
Grande!

Atenciosamente,

Antonio Miguel Vieira Monteiro, INPE

Jugurta Lisboa Filho, UFV

Chairs, GEOINFO-2019

(em nome da Comissao Organizadora e da Comissdo de Programa GEOINFO 2019)
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Analyzing data on the tree coverage of a large city
Gabriel de O. C. Pacheco, Clodoveu A. Davis Jr.

!Departamento de Ciéncia da Computagio — Universidade Federal de Minas Gerais (UFMG)

{gpacheco, clodoveu}@ufmg .br

Abstract. Tree coverage in urban spaces is a theme of great importance for
current societies, given all the benefits that green spaces provide to the popu-
lation, especially in large cities. Trees fulfill a very important role to ensure
quality of urban living and urban environmental quality, and as a result trees
are considered to be an element of urban infrastructure. In spite of the recog-
nition of the importance of tree coverage, events in which a street tree falls or
needs to be preventively cut down are quite frequent, damaging property and
causing disturbances in the routine of the population. From a rich dataset on
urban trees for the city of Belo Horizonte (MG, Brazil), this paper proposes
contributions towards the identification and solution of problems related to tree
coverage, with special emphasis on felled trees. Data mining techniques are em-
ployed in search of consistent patterns, expressed as association rules or tem-
poral sequences, that are related to felling events. We also seek to identify the
information components that should be used to create a volunteered geographic
information collection tool for urban tree coverage.

Resumo. Arborizagdo Urbana é um tema de grande importdncia para a so-
ciedade nos dias atuais por todos os beneficios que ela proporciona aos
cidaddos, principalmente nos grandes centros. As drvores desempenham um pa-
pel muito importante na melhoria da qualidade de vida da populagdo e do meio
ambiente, de modo que a arborizacdo vem sendo considerada um dos elementos
da infraestrutura urbana. Apesar dessa importdncia, eventos de queda ou corte
preventivo de drvores em dreas puiblicas tém se tornado frequentes, causando
danos materiais e gerando transtornos ao cotidiano das cidades. Partindo de
um conjunto expressivo de dados individuais sobre drvores em Belo Horizonte
(MG), este projeto busca contribuir para a identificacdo e solugcdo de proble-
mas de arborizacdo, com especial énfase na queda de drvores. Técnicas de
mineracdo de dados sdo utilizadas para procurar padrées consistentes, expres-
sos como regras de associagdo ou sequéncias temporais, que se relacionem
a queda de drvores. Busca-se, também, identificar os componentes informa-
cionais necessdrios para a construcdo de uma ferramenta para a coleta vol-
untdria de informagées geogrdficas sobre a arborizacdo urbana.

1. Introduction

The availability of trees in the urban landscape represents a long-term concern of local
governments. In cities, trees have a very important role in improving the local living
conditions, for the quality of the air and for the well-being of citizens, to the point that
tree coverage is increasingly considered to be another element of urban infrastructure

1
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[E. Dwyer et al. 1992]. Among the numerous benefits trees provide, there are the positive
psychological effect for walkability, aesthetic contribution for the landscape, shade and
protection against wind, reduction of noise pollution, absorption of rainwater and carbon,
reduction of the temperature, and preservation of small fauna.

Trees are always present in large cities, even if in small densities, and there is a
growing search for the harmonization of urban growth and the environment. Like in any
other municipal activity, creating and maintaining large numbers of urban trees' requires
careful planning and attention to technical detail. Keeping trees within the boundaries of
public spaces is a complicated task, given several limitations and potential conflicts with
other elements, such as buildings, cabling and pavement.

In the attempt to contribute to the local environment, many people take on to
themselves the task of planting and keeping trees, shrubs and flower beds in sidewalks
and other public spaces. However, the lack of technical guidance may lead to harm in the
future. Inadequate species are frequently used in limited spaces, disregarding future inter-
ferences and dangers, such as when canopies conflict with electrical cabling or superficial
roots break sidewalks.

Some initiatives, such as municipal tree inventories, intend to gather information
and enable analyses to understand the relationship between trees and the places where
they live, assessing the compatibility between the typical characteristics of the tree species
(type of root system, trunk height, canopy diameter) and the available space, the phytosan-
itary conditions (sunlight, irrigation, soil type) and the adaptation of the specimen to those
conditions.

In this context, we realized an opportunity for using data mining techniques over a
comprehensive dataset on urban trees to look for consistent patterns, temporal sequences,
systematic relationships and other aspects, in order to gather elements that can help solv-
ing maintenance and care problems that are becoming commonplace, such as inadequate

pruning, unexpected collapses and preventive suppression.
\4
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Figure 1. Data Mining Cycle

"We use the expression urban trees to refer to trees planted in sidewalks and along the thoroughfares of
a city, excluding those in wider areas, such as parks and preservation areas
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In May 2012, the Brazilian geographic institute (Instituto Brasileiro de Geografia
e Estatistica, IBGE) published a study based on data from the 2010 Census in which
urbanistic parameters around Brazilian homes are considered. One of the indicators pre-
sented in this study regarded the presence (or absence) of urban trees in front of or in
the vicinity of each residence’. Results show that there is a deficit of at least 15 million
urban trees in Brazil, and that about 32% of the residences (or almost 50 million people)
do not benefit from urban tree coverage. The study also shows that a third of the largest
Brazilian cities (population of one million people or more) have between 60% and 77.6%
of the citizens have no urban tree coverage in the proximities of their home.

Besides lacking tree coverage, large cities suffer with unexpected tree falls, putting
people and property in risk and causing problems in traffic. In Belo Horizonte, about R$
8 million were invested in 2018 in actions that seek to reduce the number of accidents
with trees. Between January and July, 22,437 prunings and 4,451 cuts were executed.
Throughout 2017, the city promoted 16,445 prunings and 3,041 cuts, in an universe of
over 300,000 urban trees>.

Since tree falls are frequent in Belo Horizonte (between January and March 2018,
the Fire Department received 516 emergency calls to remove fallen trees in the city and
metropolitan region)*). The city’s administration maintains a plan to cut down trees that
are considered to be at risk of falling’.

Therefore, the existence of an integrated and up-to-date database on urban trees
allows us to follow the data mining cycle to discover new knowledge (Figure 1) and can
enable city officials in charge of tree maintenance to direct and organize their work. If
made public, these data can also inform citizens as to the characteristics of specimens that
live around them.

The remainder of this work is organized as follows. Section 2 presents related
work on urban trees. Section 3 describes the data used in this work. Section 4 introduces a
case study that involves discovering patterns from the comprehensive tree database avail-
able for the city of Belo Horizonte, Brazil (335 km?, 2.5 million people). Finally, section
5 presents conclusions and discusses future work.

2. Related Work

There are many studies related to urban tree coverage in the fields of Biology and Earth
Sciences. [Bonametti 2003] show the lack of organization in cities as to planning and
managing trees in urban thoroughfares, and also highlights the importance and bene-
fits of urban greenery. A tree inventory uses sampling to estimate quantitative param-
eters, such as green volume and base area, as well as quantitative ones, such as trunk
quality and species valuation. Inventories are used in many cities as a tool to achieve
greater control over the species that exist in their streets. [Dantas Coelho et al. 2004] and
[CARVALHO et al. 2010] present examples of tree inventories in Brazilian cities.

Zhttp://www.jardimcor.com/arvores/o-deficit-da-arborizacao-urbana-no-brasil/
3https://www.em.com.br/app/noticia/gerais/2018/08/17/interna_gerais, REFORMULARS80874/supressoes-
de-arvores-em-bh-ja-superam-todo-o-volume-do-ano-passado.shtml
“https://g1.globo.com/mg/minas-gerais/noticia/prefeitura-define-criterios-para-retirada-de-arvores-que-
correm-risco-de-queda-em-bh.ghtml
>https://prefeitura.pbh.gov.br/sites/default/files/estrutura-de-governo/meio-
ambiente/2018/DN92_18_.pdf
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In Chicago (USA), [Simpson and McPherson 1996] estimated that planting 50
thousand trees and their maintenance over a period of 30 years would cost US$ 8.4 mil-
lion, while the benefits provided by such trees would achieve US$23.5 million. In the
city of Modesto (USA), which has more than 90 thousand urban trees (one for each two
residents), a study was conducted to verify if the benefits from trees would justify the
annual budget of about US$ 2 million in maintenance. Results showed that the benefits
far outweigh the costs, estimated at US$ 4.95 million.

Power companies suffer a direct impact from urban trees, since they must concern
themselves with interference between canopies and aerial cabling to avoid service inter-
ruptions and accidents. For that reason, in some cities the power companies share the
responsibility for pruning urban trees with local government organizations.

[Biondi 2005] classifies tree maintenance practices in:

e preventive measure: aims to avoid and prevent problems that the trees might have
at their location, and to overcome less significant damage;

e correction measure: attenuates a flaw or a blight, acting to repair or correct a
problem with the tree in its location, usually damage to the trunk caused by natural
factors or physical damage from accidents with vehicles, wind and vandalism;

e suppression measure: directed at cutting down or removing the tree from its loca-
tion due to problems with the specimen or its relationship with the urban space.
It is applicable to trees with disease or blight, in risk of falling down, or certi-
fied death, but also to specimens that have unpleasant flowers or fruit that cause
allergies, or even at the request of residents.

In the Brazilian scenario, and more specifically in the case of power utilities, tree
management processes are formally defined as “greenery handling”, and comprise plan-
ning and executing urban tree pruning, and clearing the servitude strip around transmis-
sion lines and rural trunks. The process uses about 80% of the budget reserved for preven-
tive maintenance, and its efficiency reflects in the operational budget for correction events,
since trees are shown to be the main cause of sustained interruptions of power supply®,
one of the main power utility efficiency indicators. Furthermore, the greenery handling
processes represent a significant risk of environmental impact, since there is a direct in-
tervention in elements that legally exceed the company’s mandate. Therefore, improving
the management of urban trees is still a challenge for power companies, since there is a
direct impact of tree incidents over their quality indicators and overall energy distribution
costs. Combined with the potential environmental impact, a successful handling of tree
issues minimizes the risk of further financial loss from legal sanctions or environmental
fines.

CEMIG is one of the main Brazilian power utilities, managing the power grid
for the state of Minas Gerais. According to their Urban Tree Manual (2011)7, written
in partnership with a well-known environmental NGO, interventions in regions covered
by urban trees must be planned beforehand, in order to avoid or to minimize damage to
trees themselves and to other living beings that interact with them, including humans. The
manual lists some criteria to determine whether the tree is at risk of falling down: vege-
tative strength, elevation from ground level, existence of plagues and trunk deformities.

Shttp://www.cemig.com.br/pt-br/a_cemig/nossos_negocios/Paginas/indicadores_de_qualidade.aspx

Thttp://www.cemig.com.br/sites/imprensa/pt-br/Documents/Manual_Arborizacao_Cemig_Biodiversitas.pdf
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Additionally, [PIVETTA 2002] shows that there many characteristics are required from a
tree species so that its use in urban areas can be considered free of inconveniences, such
as resistance to plagues and blights, strong trunk and branches, and deep roots.

[Grey and Deneke 1986] states that, when a tree is considered to be an element
of the urban infrastructure, it should be possible to assign a monetary value to it, as in
the case of other forms of physical infrastructure. [Almeida et al. 2006] presents urban
tree benefits as measurable entities, estimating the value of each tree. [Nowak 1993]
calculates the value of urban trees in Oakland (USA), using a tree-value formula, so that
public management of trees can have a basis for planning and prioritization of actions.
Furthermore, [F. Dwyer et al. 1992] compares benefits and costs of urban greenery, and
shows that costs sometimes are larger than necessary due to inadequate planning.

In Belo Horizonte, a detailed inventory of urban trees exists since the early 1990s,
and a recent update is available, as described in the next section. Such an inventory,
which includes several attributes for each tree, along with its geographic location, was
initially intended as a tool to support maintenance operations. However, by itself and in
combination with other sources of information, the inventory can be analyzed in search of
unexpected patterns and valuable insights, which should be useful for the overall manage-
ment effort and to understanding and prioritizing solutions for the challenges regarding
urban tree coverage.

For this  study, we employ some well-known data mining
techniques[Zaki et al. 2014], such as algorithms for determining frequent patterns,
association rules and clustering. [Agrawal et al. 1993] and [Agrawal et al. 1994] show
how the analysis of frequent patterns and association rules can be useful over large
datasets, allowing the discovery of unexpected relationships. Clustering [Berkhin 2006]
aims at grouping data elements with similar properties. We extend such techniques by
taking location into consideration as well, in order to identify local characteristics and
variations in tree coverage, and connections between event concentrations and other
geographically located elements. To the best of our knowledge, there are no related
publications that use data mining to identify potential problems in urban trees, or to
predict the risk of tree-fall events.

3. Dataset Characterization

Data used in this work were obtained from Belo Horizonte’s tree inventory system (Sis-
tema de Informagdes e Inventdrio das Arvores de Belo Horizonte - SIA/BH). The inven-
tory is the result of a cooperation between the municipal administration and Universidade
Federal de Lavras (UFLA) and CEMIG, the state’s power utility. The cooperation, dating
back to 2011, collected and organized data on about 300 thousand urban trees.

Each tree in the database is geographically located, and characterized by numer-
ous descriptive attributes. Data were collected by forestry engineers and environmental
engineers, who visited each tree equipped with portable devices running a specialized
application, which also allowed taking photos to complement the descriptive data. The
application managed entries for 57 attributes of each tree, including biological (species),
physical (height, diameter of the canopy, diameter of the trunk), health (presence of in-
sects or fungi) and locational (interference with buildings or with cabling) characteristics.

Figure 2 shows the number of individuals of the most common species found in
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Figure 2. Top 10 tree species in Belo Horizonte

the city. In Belo Horizonte, the most common species has the popular name Sibipiruna
(Caesalpinia pluviosa), a native Brazilian tree, medium to large size, found in most large
Brazilian cities. It should be used in pubic squares and large spaces, but should not be
used in narrow sidewalks and with overhead cabling, due to its size. Nevertheless, it has
a great capacity for shadow and temperature reduction under its canopy, which is useful
especially in cities where the urban heat islands effect is observed.

Region  Quantity of trees

Centro-Sul 91,792
Pampulha 63,733
Noroeste 59,320
Oeste 53,880
Leste 31,151

Table 1. Trees per region in Belo Horizonte

Table 1 shows that the largest concentration of trees is found in the South-Central
region of Belo Horizonte, which contains the downtown area, the most important eco-
nomically, which receives intense flows of people daily at its high-density commerce and
residential areas.

Table 2 lists some of the attributes of the dataset that were used in the analyses
presented in this work, along with their acronyms. Notice the information on epicormic
branches and shoots. Epicormic buds lie dormant beneath the tree bark, since the plant
concentrates growth hormones around active shoots in its top parts. When damage oc-
curs, or when light levels increase due to the removal of branches or nearby obstacles
to sunlight, these buds may become active. However, since the bark around them is al-
ready aged, their connection to the trunk or branches is deficient, creating a weak point
[O’Hara and Berrill 2009].

4. Case Study

For this work, a subset of the data are used, comprising about 25,000 trees in the South-
Center region of Belo Horizonte. This region was selected for being the first to be oc-
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Acronyms Attribute Observation
PERECIDA Perished Fallen tree
PODADA Pruned Recently pruned tree
BIFURCADA Bifurcated Not a single main branch
ENTOUCEIRADA  Thickened No longer a sapling
BCA Elevated base -

BCBE Epicormic shooting -

BCPI Presence of insects -

CCGO Canopy with hollow branches -

CCGS Canopy with dried branches -

PGC Heavily barked branches -

CCGE Epicormic branches in canopy -
PERFILHAMENTO Shoots from the root system -

RCE Strangled or cut roots -

AR Superficial roots -

TCI Trunk with insects -

Table 2. Attributes

cupied when the city was founded in 1897, and, consequently, the site of the many older
trees that may be more apt to falling.

We also obtained a list of 127 trees that perished along 2017 in the South-Center
region. This list was compiled from records of the city department in charge of picking up
tree remains after a fall or cut. From the operational data on retrieving tree parts, we were
able to trace back to the inventory records. An order to retrieve a tree was issued with
an address, from which we determined a coordinate using geocoding. Next, a geographic
query was used to the closest tree in the inventory. Regrettably, the inventory has not been
fully incorporated in the routine of the municipal administration, and there is no work
process or information system that takes care of updating the inventory.

Next sections present the results of data mining and spatial analyses over the com-
bination of the inventory and the information on fallen trees for 2017.

4.1. Association Rules

This analysis aims at determining if there are any relevant rules that associate per-
ished trees to their attributes, aiming to identify possible causes for tree falls or sup-
pressions. Algorithms for mining association rules generate expressions of the form
A — B, in which A and B are lists of attributes. The rule indicates that, in indi-
viduals where attributes in A are true, attributes in B are also true. For instance, the
rule {AR, PGC'} — {CCGEY} indicates that, in trees with superficial roots and heavily
barked branches, there are often epicormic branches in the canopy. The assessment of how
often this happens, i.e., how important the rule is, is given by the rule’s support and confi-
dence indicators. Support indicates how frequently these attributes appear in the database,
and confidence indicates how often the rule is found to be true [Dasseni et al. 2001].

However, in datasets where the frequency of attributes varies intensely, support
and confidence might not be the best indicators to select association rules. In our case,
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Figure 3. Relation between relative support and confidence

some attributes (PODADA, CCGE) are very frequent, while others (PERISHED) are not.
Rules in which the right side is very frequent tend to show up more easily if the rules with
the highest confidence values are selected. Figure 3 shows a comparison between three
different combinations of the relative support generated by the rules from our dataset and
confidence thresholds, in which we show few attributes when support and confidence has
high values and more attributes when we reduce the support and confidence thresholds.

We used lift and leverage instead of support and confidence to mine interesting
rules from the dataset. Lift indicates how frequent is the right side of the rule when the
left side is found. If lift is equal to 1, the attributes are independent from each other,
and no rule can be derived. If the lift is greater than one, the higher the lift value, the
more higher is the dependency between the attributes, so rules are more important. Lift is
useful to find strong associations between less frequent attributes. Leverage, on the other
hand, represents the number of additional rules covered by the left and right-hand side
attributes, if they were independent from each other. The larger the leverage, the more
interesting is the rule.

Figure 4 shows a comparison between lift and leverage for the rules generated
from our dataset, with varying support and confidence levels.
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Figure 4. Relation between lift and leverage

Table 3 lists some of the most interesting rules that heve been obtained. Some
of them are expected, such as {BCPI,CCGS} — {TCI}, since if there are insects at
the base of the tree, there is a fair chance that the trunk also has insects. The previously
mentioned rule { AR, PGC'} — {CCGE} relates factors that may indicate incorrect or
harmful pruning.
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Association Rule Confidence Lift Leverage
PERFILHAMENTO, BCA, PODADA ->BCBE 0.600 9.756 0.003
BCPI, CCGS ->TCI 0.726 8.048 0.013
CCGO, TCI ->CCGS 0.705 3.209 0.007
RCE, PGC ->AR 0.934 3.204 0.011
AR, PGC ->CCGE 0.947 1.457 0.040

Table 3. Top-lift association rules

Rules with the PERECIDA (perished) attribute in the left or right sides are of
special interest in the attempt to find factors related to fallen trees. However, such
rules are less frequent, since only 0.5% of the trees in the database were marked as
fallen or suppressed, from the 2017 data. The most interesting rule discovered was
{PERECIDA} — {CCGE} (confidence = 0.74; lift = 1.5), that indicates that epi-
cormic branches are frequent in fallen trees, which then lead to the hypothesis that badly
executed pruning may be an important cause of tree losses. With further data on fallen or
suppressed trees, this observation may become stronger in the future.

4.2. Clustering

Clustering algorithms are used to separate fallen or prone to falling trees from the oth-
ers. Since there is a large number of attributes in the dataset, we selected the ones
that are more closely related to the criteria forestry specialists use to indicate a risk of
falling, such as strength of growth, height, presence of plagues and trunk deformities
[ARAUJO and ARAUJO 2006]. Considering the results from the mining of association
rules, we selected attributes on bifurcation, epicormic branches, proximity to cabling, and
interference between canopy and cables. If epicormic branches are strongly related to the
risk of falling, attributes that indicate frequent pruning or interference with other urban
elements should be considered as well.

We used the k-means clustering algorithm, with k = 2, in order to divide healthy
trees from prone to falling ones. The algorithm would find the trees whose attributes are
closest to the ones from fallen trees to form one group, and include all the others in the sec-
ond one. Initial centroids were generated using a parallel version of k-means, k-means++
[Bahmani et al. 2012]. The initial centroids generated by k-means++ are guaranteed to
approximate the optimal solution. A relative tolerance to terminate the algorithm from
the sum of intra-cluster distances was 0.0001.

Table 4 shows the clustering results for k = 2. Notice that a good separation of the
perished trees from the others (88.19% in the first cluster). This suggests that this cluster
is able to characterize and select trees with a higher chance of falling from the others,
thereby requiring closer attention by the maintenance crews.

Number of trees Number of perished trees
Cluster

(%) (%)
0 22,716 (88.36%) 15 (11.81%)
1 2,994 (11.64%) 112 (88.19%)

Table 4. K-means results with K = 2
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Figure 5. Clusters

Figure 5 shows, on the left side, all the 25,710 trees included in the sample. The
right side shows the 2,994 trees from cluster 1. The selection of this smaller number of
trees enables city officials to prioritize their inspection in the field.

Figure 6 shows a heat map generated from cluster 1 trees, i.e., trees deemed to
have a higher chance of falling down. This enables the visual identification of the regions
that require more attention and concentrate the necessary fieldwork of inspection.

Figure 6. Kernel

5. Conclusions and Future Work

This work shows the potential application of data mining to find elements to assist in the
maintenance of urban tree coverage, including the identification of risk factors and the
prioritization of inspections to prevent accidents with trees. The difficulty in obtaining
information on perished trees indicates that a volunteered geographic information (VGI)
initiative can be designed and implemented to help in updating and expanding the original
dataset. With more information of incidents related to trees, mining results can be much
more effective and useful.

Results suggest that some characteristics are more frequently found in fallen trees,
and may be useful in directing future inspection and management actions. Additional in-
formation on fallen trees, possibly gathered from volunteered contributions, may reinforce
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these observations and introduce new factors, which may lead to a prediction system to
be used by city managers.

Results also show which attributes are to be prioritized, from the 57 characteristics
obtained in the tree inventory project, to be supplied by the population in a VGI initiative.
Citizens may feel more motivated to contribute in a theme that has a direct relationship
with the quality of life in their neighborhoods, in the interest of their safety and of the suc-
cessful maintenance of a healthy urban environment. For the municipal administration,
on the other hand, citizen contributions provide a virtually costless and effective way to
obtain necessary information without resorting to public employees that would need to
traverse the streets regularly. However, the integration of tree data to the city’s adminis-
trative processes is a necessary step, which must also include information from the power
utility, whenever they conduct pruning or suppression on their own.

Therefore, future work includes expanding the data mining and spatial analyses of
tree data, and the study of adequate VGI approaches to obtain current information on trees
throughout the municipal territory. Citizen contributions can also be useful in the defini-
tion or enhancement of guidelines for managing urban trees and green areas. Education
initiatives, comprising information on the suitability of tree species to the characteristics
of public spaces, can take place simultaneously. The pioneering work of Belo Horizonte’s
municipal administration in creating and updating a tree inventory is applicable to other
cities, so the analysis techniques and the VGI initiatives proposed here should be repli-
cated and reused.
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Abstract. The combination of data from sensors embedded in vehicles and
smartphones promises to generate great innovations in inteligent
transportation systems. This article presents Driver Rating, a mobile
application to evaluate the behavior of drivers based on the data gathered from
vehicles” and smartphones” sensors. The Driver Rating application analyzes
five variables (fuel consumption, carbon dioxide emission, speed, longitudinal
acceleration, and transver se accel eration) to evaluate driver”s behaviors while
driving. To test the Driver Rating application and identify its potentialities, an
experiment was carried out on an urban environment, showing promising
results regarding the classification of drivers’ behavior.

1. Introduction

Responsible driving of auto-vehicles has a direct impact not only on pedestrian, driver,
and passenger’s safety, but also affects the economy, the environment, and public
health. The driver’s misbehavior accounts for more than half of all road accidents in the
United States (AAA Foundation for Traffic Safety, 2009). Constant lane changes,
speeding, sudden acceleration and inadvertently braking are some of the drivers'
behaviors that affect traffic safety and fuel consumption. Aggressive driving style
increases energy consumption by up to 20% (Araujo et al., 2012) (Meseguer et al., 2013),
which implies an increase of emission of greenhouse gases at the same proportion.
Greenhouse gases and pollutants have a huge impact on the environment and the health
of citizens (Barth et al., 2008). Thus, the production chain of fossil fuels has the potential
to affect not only the urban environment but the climate on a global scale (Meseguer et
al., 2013).

Regarding environmental impacts, the use of electric or hybrid vehicles promises
to solve the problem in the long term. Regarding the safety of transport system users and
citizens, however, the solution to the problem will only be effective with the use of
completely autonomous vehicles. In the short term, conducting public education
campaigns for drivers, increasing enforcement and imposing high traffic fines have been
the measures used to try to create collective awareness and mitigate the negative impact
of driving.

Aiming at helping drivers to be aware of their drivers’ styles and behaviors, this
paper presents Driver Rating, a mobile application to evaluate the behavior of drivers
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based on data gathered from sensors embedded in motor vehicles and smartphones. The
Driver Rating application analyzes the behavior of the driver based on five variables:
speed, fuel consumption, braking or sudden accelerations, aggressive curves, and the
level of emission of greenhouse gases.

Data about the fuel consumption, speed, and emission of greenhouse gases are
gathered from the vehicle’s ECU (Engine Central Unit) via an OBD (On-Board
Diagnostics) interface. Longitudinal and transverse accelerations are obtained from
sensors embedded in smartphones. Finally, the current position of the vehicle is gathered
from the smartphone location sensor and the maximum speed allowed on the road is
obtained from data stored locally on the smartphone or from some map Web services.
The Driver Rating application takes all these pieces of information and rates the driver at
regular time’s interval. To validate the Driver Rating application, some tests were carried
out on a real case scenario.

The remainder of this paper is structured as follows: Section 2 discusses some
works that use sensors embedded in vehicles and smartphones to evaluate the drivers'
behavioral patterns. Section 3 describes the architecture and implementation of the Driver
Rating mobile application and discusses the variables used in the classification of drivers.
Section 4 presents the results of a field experiment of the Drive Rating application.
Section 5 concludes and indicates future works.

2. Related Work

The association of data from sensors embedded in vehicles with smartphone sensors,
combined with the processing power, storage capacity and ease of Internet connection of
these devices, promise to generate great technological innovations in the area of
Intelligent Transportation Systems (ITS) and to improve the driver style (Alvear et al.,
2015).

One of the first works to explore the synergetic union of vehicular and
smartphones data was proposed by (Zaldivar et al., 2011). This paper proposes something
like a smart black box. The application stores data from the accelerations suffered by the
vehicle when the trigger of the airbags runs off. Once an accident is identified, the
application sends a warning through the email service or short message service with
information about the event, such as time, location and an estimate of the severity of the
accident based on the degree of deceleration experimented by the vehicle.

The work of (Amarasinghe et al., 2015) proposes a mobile application to capture
several vehicular variables to detect anomalies in the vehicle operation and the prediction
of failures. Vehicular variables are collected through readings of the ECU via OBD
interface. Besides the misfunctioning of the vehicle, the application is also able to
identify, in real-time, imprudent driving modes, issuing warnings and driving alerts. The
imprudent driving behavior is identified employing vehicle variables only, that is, it does
not exploit the profusion and richness of smartphones” sensors.

Other studies seek to identify an aggressive behavioral pattern of the driver based
on the accelerations experienced by the vehicle. Aggressive driving can be defined as the
act of braking or starting the movement of the vehicle in an abrupt way, the act of
performing turns with high speed and changing lanes suddenly and repetitively. These
behaviors, coupled with other equally imprudent acts, are responsible for most road
accidents. An example of this approach is the work of (Bhoyar et al., 2013) that identifies
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steering patterns based on the comparison of the accelerations obtained from the
accelerometers of a smartphone with the signatures of accelerations of various behavioral
patterns stored in its database. Once an acceleration pattern compatible with aggressive
steering has been identified, the application issues an alert to the driver.

Despite the technological improvements experienced by motor-vehicles in recent
decades and the development of fewer pollutant fuels, road transport continues to be the
major responsible for air pollution in urban areas. Thus, it is always important to develop
applications that associate vehicle consumption with the behavioral pattern of the driver.
The idea is if a fossil fuel-based vehicle is bad, this same vehicle when misoperated is
even worse. (Meseguer et al., 2013) proposes a methodology to calculate, in real-time,
the consumption and environmental impact of gasoline and diesel engines. The
methodology uses data from the electronic vehicle control unit (ECU). The vehicle
variables used in the process involve speed, fuel flow rate, air mass rate, internal engine
pressure, among others. The methodology proposed by (Meseguer et al., 2013) uses
neural networks to classify driver behavior in the following ranges: normal, quiet and
aggressive. The work also demonstrated that the classification of driver behavior directly
affects fuel consumption.

Another relevant work aiming at reducing fuel consumption that combines
vehicular and smartphones data is the Driving Coach application (Aragjo et al., 2012).
Driving Coach was developed in a three-layer architecture. The bottom layer is
responsible for collecting vehicle and smartphone data (e.g., speed, fuel consumption,
acceleration). The middle layer uses Fuzzy Logic to convert the values of the variables
obtained in the lower layer to classify fuel consumption and driver behavior. Finally, the
last layer provides the driver with the results of the evaluation and suggests, in real-time,
the action to be taken to reduce fuel consumption.

The proposal of this work is the development of a mobile application to evaluate
the drivers' behavioral patterns based on sensors embedded in vehicles and smartphones.
Our approach is similar to the technique used in Driving Coach (Aratijo et al., 2012) and
DrivingStyles (Meseguer et al., 2013). An important difference in our work is that we use
five dimensions in the characterization of the behavioral pattern: longitudinal and
transverse acceleration, fuel consumption, velocity and emission of greenhouse gases. To
the best of our knowledge, no initiative uses all these pieces of information to identify
and classify the behavioral pattern of the drivers. Another important difference from
previous works is that we classify the driving style in a broader way, that is, our
application rewards with a good grade not only the motorist that drives safely but also the
driver that have decided to buy an economy car instead of a fuel-inefficient car and uses
less pollutant and environmental-friendly fuels. The next section discusses all the
variables used for classifying drivers.

3. Architecture and | mplementation of Driver Rating

The Driver Rating application has a three-tier architecture. The lowest layer is responsible
for communicating with in-vehicle and smartphone’s embedded sensors and data
persistence. The intermediate layer corresponds to the Fuzzy classifier of the driver’s
behavior. The third layer contains the graphical user interface.

The Driver Rating activity flow starts when the driver initiates the process of data
collection and evaluation. Figure 1 illustrates the analytical scheme of the logical flow
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stages of the Driver Rating application. Driver Rating uses the GPS receiver as a time
ticker to collect data from all sorts of embedded sensors and Web services (Figure 1.a).
Whenever a new position is provided by the application location service, the application
requests data from the OBDUpdate, OverpassUpdate, and AccUpdate modules (Figure
1.b, l.c, and 1.d). All data coming from theses modules are georeferenced and stored in
main memory for a certain amount of time before they are sent to a persistent database.
The amount of time can be defined in the application configuration module. By default,
the time window is set to 300 seconds, meaning that the driver's behavior will be
evaluated at 5 minutes intervals.
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Figure 1: Analytical diagram of the logic flow stages of the Driver Rating application.

Driver rating uses five dimensions to evaluate the driver’s behavioral patterns
(i.e., longitudinal and transverse acceleration, fuel consumption, velocity, and emission
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of greenhouse gases). All pieces of information needed to perform the evaluation come
from OBDUpdate, OverpassUpdate, and AccUpdate modules.

The OBDUpadate module (Figure 1.b) is in charge to collect data to evaluate the
fuel consumption and emission of pollutant gases. Before start reading the data, the
OBDUpadate module establishes a Bluetooth connection between the application and the
OBD reader and tests the communication between the OBD reader and the vehicle’s ECU.

The average fuel consumption is computed between every two location readings
coming from the location service. This measure, however, is not obtained directly from
the ECU. To compute fuel consumption, the application needs to read from the ECU the
number of Revolution per Minute (RPM), the Input Air Temperature (IAT), the Intake
Manifold Absolute Pressure (MAP), and the Fuel Flow measured in liters per hour. The
result of this computation is used to rate the driving behavior regarding fuel consumption
and emission of greenhouse gases.

Regarding the evaluation of the driver based on vehicle fuel consumption, the
value of this variable is standardized to consider the type of vehicle being used. Driver
Rating configuration process requires that drivers select the model of the vehicle they are
driving from a list. The list of vehicles is populated with information extracted from the
Inmetro database (Inmetro, 2018). Inmetro database has all vehicles’ models sold in
Brazil, the expected fuel consumption, an estimated amount of pollutant gases emitted by
each model, among other things. Thus, the standard fuel consumption is obtained by
dividing current fuel consumption by the expected fuel consumption, as indicated by
Inmetro. Values less than 1 indicate that the vehicle is being driven efficiently from an
energetic point of view, while values greater than 1 indicate excessive fuel consumption.
Drive Rating use the standard fuel consumption to downgrade those drivers who spend
more fuel than expected for the model of the vehicle it drives.

Another important information defined in the configuration process is the kind of
fuel being used (diesel, alcohol, gasoline or any combination of the latter two). Driver
rating uses the type of fuel, the actual fuel consumption, and the volume of pollutants
emitted by each vehicle model to compute the total amount of pollutants released in the
atmosphere. Driver Rating uses this value to evaluate the driver concerning the variable
emission of gases. Thus, the higher the fuel consumption of the vehicle, the worse the
driver's rating for this variable. This grade is further adjusted to incorporate two penalties
that do not properly concern the driver's way of driving, but his attitude towards the
environment. The choice of a vehicle that pollutes the environment less, such as hybrid
or electric vehicles, and the option to use non-fossil fuels are both considered and alleviate
the penalty applied to drivers.

The first penalty applied to the emission of gas variable reflects the choice of the
type of vehicle made by the driver. For this matter, it is measured how far away is the
actual emission of gases from the emission of gases of the reference car. We used as
reference the lowest value of CO2/km found in the table of the Inmetro. If the vehicle
used is the reference car, a hybrid vehicle that generates only 71 grams of CO2/km, there
is no penalty. If the driver owns a sports car that produces an impressive 274 grams of
CO2/km, the penalty downgrades the value of this variable by a factor of 3,85.

The second penalty is based on the choice of fuel used in the vehicle. Vehicles
with "flex" engines can be evaluated differently according to the kind of fuel used. Drivers
who only use alcohol, for example, produces fewer pollutants. In this way, these drivers
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are less penalized than drivers who use gasoline only. Remember that vehicles that use
alcohol, gasoline and diesel always suffer a penalty, as their combustion engines still emit
pollutants in the atmosphere. Currently, only electric vehicles do not suffer any penalty
in this variable.

The OverPassUpdate module is responsible to monitor the speed of the vehicle
(Figure 1.c). The variable speed is obtained redundantly since it can be read both from
OBDUpdate module and from the location service of the smartphone. For classification
purposes, the speed is compared with the maximum speed allowed for the track. The
maximum speed is obtained through the Overpass project, hosted by Open Street Map
(Haklay et al., 2008) (Sperandio et al). The OverPass API allows mobile applications to
retrieve relevant information about the local in the road network where the vehicle is
passing by Among the information retrieved by the API, the Driver Rating application
uses only the current track speed that is compared to the vehicle speed to evaluate driver
behavior. The use of the Overpass API requires an Internet connection to evaluate driver
behavior in real-time (Dantas et al., 2017).

The AccUpdate module (Figure 1.d) register the highest longitudinal and
transverse accelerations achieved by the sensors (accelerometers) embedded in the
smartphone that runs the Driver Rating application. Longitudinal and transverse
accelerations experienced by the vehicle are the variables most used in applications that
aims to classify drivers behavioral pattern. The longitudinal acceleration captures the
movement of braking and departing of the vehicle, while the transverse acceleration
identifies the execution of turns. Driver Rating considers an Aggressive steering behavior
if the vehicle experience accelerations greater than 0.4G, a normal behavior if the
acceleration lays in the interval between 0.2G e 0.4G, and a smooth driving style for
accelerations less than 0.2G.

At regular time intervals, all variables collected by the OBDUpdate,
OverpassUpdate, and AccUpdate modules are persisted in a local database and submitted
to a Fuzzy classifier (Figure 1). The fuzzy classifier translates the values obtained from
vehicle sensors and smartphones into a grade, which varies from 1 to 4, and a concept,
represented by the most appropriate language terms for each variable. The language terms
Bad, Medium and Good are used for the variables fuel consumption and speed. Variables
related to longitudinal and transverse accelerations are classified as Caution, Moderate
and Risky. Finally, gas emission uses the terms Red, Yellow, and Green.

The presentation layer allows drivers to visualize a summary with grade obtained
for every variable individually (Figure 2.a) or the history of the evaluation of each
variable depicted in a map (Figure 2.b). Inspecting the map each variable, for instance, it
is possible to identify road segments where the driver was poorly evaluated for driving
above the speed limit or which curve was performed aggressively. The next section shows
the results of a field experiment with the Driver Rating application.
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Figure 2: Screenshots of the driver rating application. a) summary table with grades and
classification terms obtained for each control variable and b) history of the evaluation of
a control variable depicted in a map.

4. Field Experiment

Aiming at testing the use of Driver Rating in real case scenarios, we conduct a field
experiment with four different kinds of vehicles, two different models of OBD readers,
and two smartphones equipped with the Android operating system. The field experiment
was designed to evaluate Driver Rating’s classification capacity regarding all variables
(fuel consumption, carbon dioxide emission, speed, longitudinal acceleration, and
transverse acceleration). To achieve this goal, some situations and drivers’ behaviors
were induced. Due to the limited space in this paper, we have decided to present only
some illustrative tests.

Fuel Consumption is a variable that can be affected by external factors (e.g., traffic
jams and steep ramps) and behavioral factors (e.g., aggressive or imprudent behaviors).
To analyze the Driver Rating classification process regarding fuel consumption, two
experiments were carried out: an experiment passing through a road segment with traffic
congestion and another experiment going up and down a long steep ramp. The driver
performed both experiments with a smooth driving style (i.e., without forcing the vehicle
engine, respecting speed limits, and without sudden steering changes or abrupted braking.

Maps in Figure 3 show the route made by the vehicle during the experiments.
These maps are part of the Driver Rating application and are used to present historical
data concerning drivers' behaviors. The trajectory of the vehicle is colored accordingly
the grade obtained for a specific variable. Regarding fuel consumption, for instance, the
green traces indicate low fuel consumption, yellow traces illustrated fuel consumption
near the fuel consumption suggested by the manufacturer, and red indicates excessive fuel
consumption. Driver Rating allows the evaluation of any variable of any period,
individually or combined. In this way, drivers can analyze their behavioral profiles both
in time and space.
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The first experiment started in a traffic jam (Figure 3.a). The Driver Rating
application identified high fuel consumption at this stretch of vehicle trajectory and
assigned a negative grade for this variable (red trace). The evaluation of the fuel
consumption was positive in segments of the road where there was no traffic congestion
(green trace).

Driver Rating application while evaluating the fuel consumption of the vehicle
going up and down steep ramps. The map on Figure 3.b depicts the trajectory of the
vehicle during the experiment. A black dashed line was drawn to indicate the stretch of
the road with a long steep ramp. In this experiment, the vehicle passes through the ramp
twice, that is because there are two traces along the ramp (one red and another
yellow/green). The vehicle begun its trajectory somewhere on the bottom of the map,
went up the ramp, traveled on a plain segment of the road, made a U-turn (top of the map),
travel again through the plain segment, and went down the ramp.

When the vehicle was going up the ramp, the fuel consumption was very high. A
red trace depicts this situation. When the vehicle traveled along the plain segment without
traffic congestion the trace of the vehicle has a green color, indicating that the fuel
consumption is the same or better than the estimated fuel consumption for this vehicle.
When the vehicle was going down the ramp, the trace of the vehicle was initially green
but became yellow on the second half of the ramp. The mixed evaluation of fuel
consumption of the vehicle while going down the ramp could be motivated by the fact of
the engine-brake was used during all way down, thus increasing fuel consumption.
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Figure 3: Presentation of the results of an experiment to evalauate fuel consuption. a)
driving in congested road a segment and b) going up and down on a long steep ramp.
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The first two experiments evaluated the driver behavior based on external factors
(i.e., traffic jams and ramps). We recognize that the evaluation of the behavioral profile
of the driver considering these factors may be unfair. External factors, since when they
can't be avoided, could be considered unrelated to the driver's way of driving. We are
looking at ways of considering external causes but diminishing the weight of them on the
evaluation system.

Aiming at verifying the impact of internal factors in the driver behavior
evaluation, we conduct two other experiments: the first experiment tested the sensitivity
of the application to evaluate the aggressive behaviors on curves. The second experiment
evaluated speeding. The trajectory of the vehicle in the first experiment started with the
green trace on the bottom of the map (Figure 4.a). The second segment of the vehicle
trajectory (red trace) represents the fact that the driver performed a sharp left curve with
high speed. The third segment of the vehicle trajectory (yellow trace) represents the fact
that the driver performed another sharp left curve but with moderate speed. By executing
the curve aggressively, the driver may have overpassed the speed limit. The map on figure
4.a, however, depicts the result of the variable transversal acceleration alone.
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Figure 4: Presentation of the results of experiments to evalauate internal factors. a)
driving aggressively on curves and b) driving over the speed limit.

It is worth noting that the behavioral evaluation is not punctual but valid
throughout periods of observation. The observation time window can be configured by
the user in the settings screen of the Driver Rating application. A time window of 2
minutes, for example, implies that the application will collect information from the
sensors during this period, but will only rate the driver's behavior at the end of the time
window. In this way, the acceleration peak was probably measured in the middle of the
curves, but Driver Rating extends the behavioral evaluation for the entire segment
encompassed by the length of the time window. Users can increase the frequency of
evaluation by setting the time window to lower intervals (up to 1 second), but a shorter
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time window will increase the processing load on your smartphone and will compromise
persistent memory and battery life.

The second experiment tested the Drive Rating while evaluating the speed of the
vehicle. For this variable, the Driver Rating application requires an Internet connection.
Connectivity is required to obtain the maximum permissible speed on the vehicle location.
Every time the location service of the application obtains a new location, a Web request
is made through the OverPass API. Another option would be to install a copy of the
region's Open Street Map database. This strategy dispenses the Internet connection but
will overload the mobile device's persistent memory.

During the second experiment, the driver initially conducts the vehicle at a speed
below the speed limit of the road segment. This fact is represented by the green trace on
the bottom of the map (Figure 4.a). Suddenly, the driver accelerates the vehicle and reach
a speed above the speed limit of the road (red trace on the map). After a while, the driver
slows down to a speed below the speed limit and the speeding evaluation becomes green
again.

The third group of experiments deals with the evaluation of drivers’ behaviors and
consumers' choices. The evaluation concerning emissions of pollutant gases uses two
kinds of vehicles. The first vehicle’s CO2 emission is 145 g/km (Figure 5.a) and the
second vehicle’s CO2 emission is 95 g/km (Figure 5.b).
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Figure5: Presentation of the results of experiments to evaluate gas emissions. a)
evaluation of a vehicle with a CO2 Emission of 145 g/km and b) evaluation of a vehicle
with a CO2 Emission of 95 g/km.

The evaluation of the variable emission of pollutant gases is computed
considering the CO2 emission of a reference car. The reference car is the less pollutant
vehicle found in the Inmetro database. The map in Figure 5.a depicts the evaluation of a
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vehicle that emits 145 grams of CO2 per kilometer. This model emits more than twice the
amount of CO2 than the reference vehicle, which is a hybrid car. Thus, the driver's
behavior will always be considered inadequate (red trace), reflecting the non-
environmentally-friendly choice of the driver to buy a vehicle that is known to be a
polluter.

The map in Figure 5.b shows the evaluation of a vehicle that emits 95 grams of
CO2 per kilometer. This vehicle emits only 50% more CO2 than the reference vehicle.
The evaluation of vehicles with low CO2 emissions resembles the evaluation of fuel
consumption variable, downgraded by a penalty factor proportional to the amount of CO2
that surpasses the amount of CO2 emitted by the reference car. Above a certain threshold,
it is impossible to get a good evaluation in this variable.

The experiments carried out are proofs of concept and aim to demonstrate the
operation of the application in some induced scenarios. We would like to record that all
the experiments were carried out by the researchers involved in the project. At no time
volunteer drivers conducted the vehicles.

6. Conclusions and Future Work

This paper presented Driver Rating, a mobile application for classifying drivers according
to data obtained from vehicle sensors and smartphones. The Driver Rating application
analyzes and evaluates five variables: fuel consumption, carbon dioxide emission, speed,
longitudinal acceleration, and transverse acceleration.

The Driver Rating application aims at encouraging people to drive safely. The
Driver Rating application is the digital version of the well-known sign stamped in many
vehicles with the phrase "How am I driving?" followed by a contact phone number. In
the analog version, the evaluation is done by a person that has witnessed some irregularity
practiced by the driver. Thus, the "how am I driving" system is based on moral integrity,
goodwill and the ability of the complainant to evaluate the situation. In the digital version,
various dimensions of eventual irregularities practiced by the driver are evaluated,
exempts eyewitnesses and records the date, time and place of inappropriate behaviors in
a continuous and omnipresently way.

The Driver Rating application can be used by any person or company interested
in evaluating drivers' behavior. This includes private drivers, taxi drivers, car rental
companies, public bus transportation system companies and fleet managers of logistics
companies.

As future work, we intend to collect data from a group of users of the Driver
Rating application. The objective is to analyze and validate the application as a tool to
determine the behavioral pattern of drivers in real situations. We are also considering a
way of minimizing external factors in the evaluation of the behavioral pattern of the
drivers. Congestion, for example, can be identified by querying the traffic layers of Web
map systems, such as Google Maps and Bing Maps. In this way, stretches with congestion
would not penalize the driver regarding the excessive consumption of fuel and emission
of greenhouse gases.
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Abstract. This article describes the functionalities and implementation details
of the PyESSDA, an easy to use Python application, that allows for performing
exploratory and structural spatial dependence analysison a set of sample points
representing geographic attributes. Exploratory analysis makes it possible to
view the sample set in 2D and 3D projections, to report its univariate statistics
and to generate its histogram. A semivariogram map can be generated to
evaluate the isotropic or anisotropic spatial behavior of the investigated
attribute. The analyzes of spatial dependencies, for determining the attribute
spatial correlation structures, comprise the interactive creation of experimental
and mathematical semivariograms. The functionalities of the developed
application are illustrated with a set of real elevation data sampled in a region
of Jacarei city of So Paulo state, Brazil.

Resumo. Este artigo descreve as funcionalidades e detal hes de implementacéo
do PyESSDA, um aplicativo Python, de facil uso, que permite realizar analises
exploratoria e estrutural de dependéncia espacial sobre um conjunto de pontos
amostrais representando atributos geogréficos. A analise exploratéria
possibilita visualizar o conjunto amostral em projegdes 2D e 3D, relatar
estatisticas basicas e visualizar o histograma dos dados de entrada. Um mapa
de semivariograma pode ser gerado para se avaliar o comportamento espacial
isotrOpico ou anisotr6pico do atributo investigado. As analises de dependéncias
espaciais, para se determinar as estruturas de correlacdo espacial do atributo,
sdo realizadas pela criacdo interativa de semivariogramas experimentais e
matematicos. A fimdeilustrar as funcionalidades do aplicativo, utilizam-se um
conjunto de pontos de el evacéo amostrados em uma regiao da cidade de Jacar el
do estado de SAo Paulo, Brasil.

1. Introduction

Spatial analysis is a research paradigm that provides a unique set of techniques and
methods for analyzing events — events in a very general sense — that are distributed in
geographical space [Bailey 1995 and Fischer 2006]. As subset of general spatial analysis,
the Exploratory Spatial Data Analysis (ESDA) and the Structural Spatial Dependence
Analysis (SSDA) of spatial attributes, frequently sampled as a set of points, spatial
locations, are important issues for modeling the behavior of spatial attributes inside a
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geographical region in Geographical Information System (GIS) applications [Anselin et
al. 2006, Burrough 1998].

Python is an interpreted, high-level, easy to learn, general-purpose and powerful
programming language. Created by Guido van Rossum and first released in 1991,
Python’s design philosophy emphasizes code readability with its notable use of
significant whitespace. A very helpful tutorial of the Python language can be found in
[Rossum 2018]. Its language constructs and object-oriented approach aim to help
programmers write clear, logical code for small and large-scale projects [Kuhlman 2012].
The python language has been widely used in applications involving manipulation and
analysis of spatial data [Rey and Anselin 2007].

In this context, this article describes the functionalities and implementation details
of a Python application, named PyESSDA (Python application for Exploratory and
Structural Spatial Dependence Analysis), for accomplishing the ESDA and the SSDA on
a set of sampled points of spatial attributes. The ESDA application interface contains
methods for plotting the 2D and 3D sample sets, reporting their univariate statistics, and
visualizing their histogram. A semivariogram map, also known as surface or anisotropy
map [Robertson 2008], can be plotted in order to determine the attribute spatial
anisotropy. The SSDA interface contains tools for interactively creating experimental and
mathematical semivariograms that model the attribute spatial correlations. The
application implementation aims to enable users easily creating semivariograms that
better represent the attribute variability mainly for short distances, smaller than the
semivariogram range.

The semivariograms, obtained with the python application, are used mainly as
input for geostatistical procedures of estimations and simulations of spatial attributes
[Isaaks and Shrivastava 1989, Deutsch and Journel 1992]. Even in deterministic
estimation approaches, as the Inverse Distance Weighted (IDW) for example, the range
of the resulting semivariograms is an important information to define the search radius to
find the nearest neighbors to be used in this prediction method.

In order to illustrate the PYESSDA functionalities, a case study is presented using
a set of real elevation information sampled in a region of Jacarei municipality of Sao
Paulo state, Brazil.

2. Concepts

2.1. Exploratory Spatial Data Analysis

ESDA generally comprises a series of techniques which are used to statistically analyze
spatial data and mine necessary knowledge of features’ spatial structure and correlation
(Haining and Wise, 1997, Symanzik, 2013).

For spatial attributes, sampled as a set of points, the most common tools for ESDA
are: 1) visualizing the data spatial distribution in 2D and 3D, presentations that help the
analyst to better understand the spatial attribute sampling geometry, such as the
occurrence of clusters, for example; ii) reporting univariate and multivariate basic
statistics, such as minimum and maximum, mean, variance, median, skewness, kurtosis
and quantile values, that summarize and describe the distribution of the investigated
attribute; iii) plotting histograms, normal graphics, and others, make possible a faster
perception of the variable distribution.
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For geostatistics analysis purposes the input sample information must be
stationary with constant mean and variance depending only on the spatial distance vector.
This requirement can be achieved by using residuals information obtained from taking
off the tendency and analyzing regional variabilities of the original sample set [Deutsch
and Journel 1998, Goovaerts 1997].

2.2. Structural Spatial Dependence Analysis

The SSDA comprises two steps: i) identify the spatial directional continuity of the
investigated attribute which is attained through a semivariogram map; ii) detect the spatial
dependence structure presented in the attribute, accomplished by building experimental
semivariograms and fitting them with empirical or mathematica models. A
semivariogram is a graphic that represents the variability of the semivariogram values
related to the spatial separation vector h.

2.2.1. Semivariogram Maps

Semivariogram map is employed to identify if the spatial continuity of the phenomenon
occurs in some privileged directions, the anisotropic case, or equally in al directions, the
isotropic case. When the range (geometric anisotropy) or sill (zonal anisotropy) or both
(combined anisotropy) vary according to the angular direction considered, there is
anisotropic behavior of the attribute. In the case of invariant spatial continuity, isotropy
occurs (Bettini, 2007).

The anisotropy map is an image, or a raster representation, that contains the
experimental semivariogram value for each point of the raster grid. Each semivariogram
value is evaluated, from the sample set, considering the distance and the angle of the grid
point to its origin (location 0,0). The isotropy or anisotropy can be easily detected by
visual inspection. Figure 1(a) shows an isotropy and 1(b) an anisotropy case.
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Figure 1. lllustration of spatial attribute continuities: (a) isotropic and (b)
anisotropic
2.2.2. Experimental Semivariograms

Experimental semivariograms are built directly from the set of sample points. A
semivariogram is a graphic that represents the variability of the semivariogram values
related to the spatial separation vector h, as can be seen as black dots in Figure 2. Thus,
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the semivariogram describes and models the structural spatial dependence of geographic
attributes. The experimental semivariances are estimated using the Equation 1.

~ 1 h 2
P = s Lot 12Qw) — z(w; + h)] (1)

where z(Uj) and z(uj+h) are the j-th values of the attribute Z of the samples separated by
the direction and distance of vector h, and N(h) is the number of the sample pairs of h.

The experimental curve points are obtained first defining a directional angle,
along with an angle tolerance, and, as distance parameters, the number of lags, the lag
increment and a tolerance around the increment. For each lag h, the experimental
semivariogram value ¥y is assessed from the set of the pair of points suitable for the

angular and directional parameter values by means of the Equation 1.

2.2.3. Empirical Semivariograms

A mathematical model is used to fit the graphic points of the experimental semivariogram.
This model is considered the mathematical or empirical semivariogram and will be used
to obtain spatial correlation values for geostatistical procedures, for example. The
spherical, exponential and gaussian models, illustrated in Figure 2, are the most widely
used models in practice. The mathematical equations of these models are [Deutsch and
Journel 1992]:

3

Spherical: y(h) = c.5ph (%) = {C' [1'52_ 05(3) ]'ifh sa 2)
c, if h>a

Exponential: y(h) = c.Exp (Z) =c. [1 —exp (—3 S)] 3

Gaussian: y(h) = c.Exp (Z) =c. [1 — exp (—3 (g)2>] )]

Where C is the contribution and a is the range of the experimental semivariogram
parameters. Also, the semivariogram can present a nugget effect, explained by measure
or low scale errors, and in this case the sill is the contribution added to the nugget effect.

Sarmivariogran Analysis

VArEr]ns

Figure 2. Examples of different mathematical models used to fit an experimental
semivariogram (black dot marks)
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3. Application Implementation

The following steps were done in order to implement the PYESSDA application:

1.

Specification of the tools that compose the ESDA as 2D and 3D data plotting, data
statistics reporting and histogram visualization.

2. Python codification of the widgets to be used in the ESDA submodule

3. Python codification and tests of the functionalities presented in the ESDA
submodule.

4. Specification, codification and tests of the semivariogram map that is called as a
button inside the experimental semivariogram submodule

5. Specification of the tools that compose the experimental semivariogram
parameters, distances and angle directions along with tolerances, submodule

6. Python codification and test of the functionalities available in the experimental
semivariogram parameters submodule

7. Specification of the tools that compose the fitting semivariogram parameters
(mathematical model, nugget effect, sill and range) submodule

8. Inclusion of the Save Semivariogram and Exit buttons at the end of the window

application

4. Resultsand Analysis

4.1. Activating the Application

On activating the application, the user has to choose an input csv, comma delimited, file
containing a header with the x, y, z1 and z2 (optional) names followed by the respective
sample numerical data values, each x, y and z values in a new line. Figure 3 depicts the
first 3 windows that are opened just after the application has been activated and has been
read the csv file data with a sample set.

B Al A AR

A pdF B

@ (b) ©

Figure 3. First windows output: (a) the main window; (b) the report of the
experimental semivariogram data and (c) the graphic of semivariograms
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Figure 3(a) shows the main window of the application, 3(b) depicts a report
window with the numerical information of an experimental semivariogram and 3(c)
presents the graphic of semivariograms. The Tkinter Python standard GUI (Graphical
User Interface) package is used to design an create the widgets presented in figure 3(a).
In the application, the following commands were used to import tkinter functionalities:
from tkinter package from tkinter import *; from tkinter import ttk; from tkinter import
scrolledtext; from tkinter import filedialog; from tkinter import messagebox.

The input csv file was read in a df data frame using the command
filename=filedial og.askopenfilename, to ask for the name of the input file, and the
command df = pandas.read _csv(*'filename”), to read the file in a df pandas data frame
structure that requires the command import pandas.

4.2. Exploratory Analysis of Samples

Exploratory analysis of the samples can be performed using the buttons offered at the top
of the main window of the PyESSDA. The available analysis options are: 2D plot, 3D
plot, statistics and histogram of the input data. Figure 4 illustrates these options. In this
work it was used as input data a set of 406 samples of altimetry information from a
geographic region in the municipality of Jacarei, Sdo Paulo state, Brazil. The limits of the
region are: W 46° 4’ 498 to W 46° 0* 2.82°” and S 23° 16° 2.91" to S 23° 12° 47.23"".

Besides plotting the distribution, as shown in Figure 4(a), the user can read in this
graphic the x, y and z values of each sample. The 3D plotting of Figure 4(b) allows 3 axis
graphic rotations. In Figures 4(a) and 4(b), each sample is plotted in a colored mark
according its z value following the legend on the right side of the graphic.

Univariate statistics are reported in the scrolled text widget of Figure 4(c)
including the percentiles 0.05 to 0.95 of the z values. The histogram is plotted in blue in
Figure 4(d) along with the respective mean and variance gaussian curve. All the 2D data
visualizations, figures and styles, of this application were done by the Python plotting
library Matplotlib setting the initial commands: import matplotlib.pyplot as plt and from
matplotlib import style. For example, for plotting the samples in Figure 2(a) the command
plt.scatter was used, for plotting the samples in Figure 2(b) the commands ax3 =
fig3.add_subplot(111, projection='3d") and ax3.scatter were used. The legends were
included in Python figures with the command plt.colorbar() after defining a color map
by the command cmap= plt.cm.rainbow, for example, inside the plotting commands. The
histograms of Figure 2(d) were visualized using the commands plt.bar, for plotting the
blue bars, and plt.plot, for the showing the red dashed line.

4.3. Structural Analysis of Samples

As pointed out in section 2.2, structural analysis of the samples comprises the building of
the experimental semivariograms and the fitting them with a empirical, or mathematical,
models. The Structural Analysis of the PYESSDA application allows to create Traditional,
Indicator Continuous, Indicator Categorical and Traditional Crossed Univariate
Directional and Omnidirectional Experimental Semivariograms. The experimental
semivariogram is then fitted with a Conceptual Semivariogram by means of a Spherical,
Exponential or Gaussian mathematical model.
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Figure 4. Exploratory Spatial Data Analysis options of the PyESSDA applicaton

On activating the PYESSDA, the application automatically fills for the second and
third fields of the sub windows of the main window with default parameters as seen in
Figure 3. These parameter values, along with the sample values and by means of the
Equation 1, are used for assessment of the experimental and empirical semivariograms
that are firstly presented in the report window showed in Figure 3(b) and in the graphic
of Figure 3(c).

Information of the report window contains minimum, maximum, maximum
distance and variance values evaluated from the sample set. Besides it presents a table
that informs, for each lag number, its number of pairs, its mean distance and its
semivariogram value.

Before working on creating unidirectional semivariograms, the user can select the
button Semivariog Map, of Figure 3(a), to create an image representing experimental
semivariogram values for different distance and directions. For this functionality the user
must set the following parameters of the window of Figure 3(a): the angle tolerance value,
using the slide labeled as (Direction) Tolerance and the maximum distance value, using
the slide labeled as Range. The maximum distance value defines the x and y resolutions
of the semivariogram map preset as 51 rows by 51 columns. The angular tolerance is
considered for create an angular interval related to the angular direction defined by each
point of the image location and the center of the map.

Figure 5 depicts the semivariogram map obtained for the Jacarei's sample set
using 677 as maximum distance and 30° as the angle tolerance. In this figure the user can
observe an anisotropy with greater continuity in the direction of ~0°, considering 0°
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degrees in the north direction and angles increasing positively on a clockwise direction.
For plotting the image of Figure 5 it was set the classic plotting style with the Python
command plt.style.use('classic’). The image was plotted considering the number of lines
and columns, nlins and ncols, and the distance tolerance increment, incrtol, as the
parameters of the Python command plt.imshow( semivar, extent=(xmin, xmax, ymin,
ymax) ), cmap=plt.cm.Blues) where xmin=ncols*incrtol, xmax=ncols*incrtol, ymin=-
nlins* incrtol, ymax=nlins*incrtol
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Figure 5. Semivariogram map using 677m as the maximum distance and 30° as
angular tolerance.

The graphic of semivariogram of Figure 3(c) presents the experimental
semivariogram in dark dots and semivariogram mathematical model as a curve in red
dashed line. The parameters of the second and third sub windows of the main windows
can be interactively changed by the user to obtain better semivariogram representations.
The user can also set the parameters of the mathematical semivariogram selecting and
moving, with mouse click and pan, the horizontal and vertical pink lines presented in the
graphic of Figure 3(c). The implementation of this functionality is facilitated by use of
mouse events provided by Tkinter package. It's possible to bind Python functions and
methods to an event going on in a widget. When the event occurs, the "handler" function
is called with an event object. For reference the graphic of semivariograms presents also
the variance of the samples in a red horizontal dashed line.

Figure 6 shows the fitting of a Gaussian model, curve of blue dashed line in Figure
6(b), for the direction of greatest continuity, 0°, of the altimetry of the Jacarei’s region.
The parameters of the experimental and empirical semivariograms appear in Figure 6(a).

Figure 7 shows the fitting of a Gaussian model, curve of blue dashed line in Figure
7(b), for the direction of lowest continuity, 90°, of the altimetry of the Jacarei’s region.
The parameters of the experimental and conceptual semivariograms appear in Figure 7(a).
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Figure 6. Gaussian model, blue dashed line in window (b), fitted for the greatest
spatial continuity, 0°, with the parameters defined in window (a)
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Figure 7. Gaussian model, blue dashed line in window (b), fitted for the lowest
spatial continuity, 90°, with the parameters defined in window (a)

To take into account the anisotropic behavior of the attribute altimetry of the
presented case study, the two above empirical variogram models must be considered by
the user for geostatistical prediction and simulation procedures. Table 1 presents a
summary of the parameters of these empirical variograms. For spatial attributes with
isotropic behavior the angular tolerance must be set to 90° in the main window of the
application.

33



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 25-35

Table 1. Parameters of the empirical semivariograms for anisotropic modeling
of the altimetry of the Jacareis’ region

Model | Nugget Effect | Contribution | Range
0° | Gaussian 85 389 699
90° | Gaussian 15 569 508

4.4. Saving Semivariogram and Exit the Application

Selecting the buttons of last sub window, in the bottom of the main window, the user can
save the current semivariograms and, or, exit the application.

The semivariogram parameters are saved in a text file containing the information
of the experimental and conceptual semivariograms. This is important as documentation,
as information to further reproductions of the semivariogram modeling and as input for
geostatistical procedures.

On pressing the exit button of the application, the user is warned about saving the
semivariogram before exiting and after this all the opened application window is closed.

5. Conclusions

This article presented the functionalities and implementation details of an easy to use
python application to perform exploratory and structural spatial dependence analysis of a
set of sample points. The implementation shows that Python is a very suitable, scriptable
program language to develop windows applications. The language offers a lot of basic
packages for GUI implementation and widget generation for visualizing data in general,
texts, graphics, images, etc. Although this article uses the Windows, Python scripts can
be developed for different operational system environments Linux, Mac, Android.

For users that work on modelling attributes of geographical data, the presented
spatial analysis tool, when compared with other free of charge options, enables users
easily creating semivariograms that better represent the attribute variability mainly for
short distances. Also, it is very important as basic investigation of spatial data to be used
in multivariate spatial analysis on Geographical Information Systems (GIS)
environments. The application is available for free use in the web location:
http://www.dpi.inpe.br/spring/portugues/manuais.html.

The application implementation aims to enable users easily creating semivariograms that
better represent the attribute variability mainly for short distances.

For the future, it is intended to include in the presented application functionalities
related to geostatistical estimation and simulation procedures that make use of the
modeled empirical semivariograms.
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Abstract. Land cover/use classification is an important area within Remote
Sensing, and it is ordinarily performed with traditional classifiers such as
Minimum Distance and Maximum Likelihood. These algorithms presented
good results with Landsat-8 images, but they degrade when confronted with
higher resolution Pleiades images. To accurately classify higher resolution
images, this paper proposes the application of evolutionary filters and
Machine Learning classifiers. The filters used were Genetic Search and Multi
Objective Evolutionary Search, and the classifiers were Random Forest and
Multilayer Perceptron. This conjunction resulted in a model with the best
attributes that efficiently classifies the land cover/use, presenting Kappa 0.98.

1. Introduction

In Remote Sensing, the identification of different areas is traditionally performed
through manual recognition. Given this, one of the problems of this field is to design a
computer program, that is, an algorithm, which accurately and efficiently classifies
specific aspects of images. In this paper, algorithms of this type derive from Machine
Learning (ML). ML is an area of Artificial Intelligence that learns from past experience
to formulate hypotheses, or models, that are induced by an algorithm. Hypothesis
induction represents the data set by bias on certain characteristics [Facelli et al. 2011].

Evolutionary and genetic algorithms, an emerging area of ML in recent years,
have largely shown their ability to solve various search and optimization problems.
These algorithms use the filter selection bias, which privileges certain attributes
considered to be more adjusted according to a fitness function. In this sense, objects
with higher fitness ratings are more likely to produce new solutions that have the most
qualified attributes [Luger 2013].

Traditional semi-automatic classifiers produce high accuracy classifications of
the land cover/use when applied to low resolution images, but degrade when applied to
higher resolution images. In this sense, the purpose of this paper is to compare the
classification of the land cover/use of high resolution images utilizing traditional semi-
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automatic classifiers and more sophisticated ML algorithms with evolutionary filters.
Also, to determine the most accurate traditional classifier and the conjunction between
evolutionary filters and ML classifiers that results in the most accurate classification.

2. Methodology

The activities conducted in this work were performed using the following software:
QGIS 3.4.4, ChemoStat, GIMP 2.10.8 and WEKA 3.8.3. In Semi-Automatic
Classification Plugin (SCP), a classification plugin within QGIS, Landsat-8 and
Pleiades image classifications were performed with traditional semi-automatic
classifiers - Minimum Distance and Maximum Likelihood. In WEKA, only the Pleiades
picture was rated. Attribute selection was applied with the Genetic Search (GS) and
Multi Objective Evolutionary Search (MOES) filters. After that, the classification
algorithms Random Forest and Multilayer Perceptron distinguished the image into four
land cover/use classes previously defined. Figure 1 shows a representative scheme of
the work areas, divided between two main software.

Figure 1. Representative scheme of the work areas.

2.1 Area of study

The area used for classification is a section of the northern portion of the municipality
of Pato Branco - PR, mainly constituted of rural area. It was dissociated into four
classes of land cover/use: Forest, Agriculture/Pasture, Bare Soil and Urban Area.
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Figure 2. Location of the study area.

The classes are characterized as follows:

e Forest (FO): is composed of dense vegetation. It has rough texture and dark
green appearance.

e Agriculture/Pasture (AP): encompasses all types of shallow vegetation and
agriculture developed or in advanced development. Its color is light green and
may have slight traces of brown.

e Bare Soil (BS): designates areas with surface without any vegetation cover or
construction. It has dark or light brown color.

e Urban Area (UA): is all kind of human construction, and incorporates paving
areas, residences and sheds. Its color comprises black (asphalt) and white
(construction).

2.2 Landsat-8 and Pleiades images

The images analyzed in this work come from the Landsat-8 satellite, whose sensor is
OLI (Operational Land Imager), and Pleiades satellites, whose sensor is HiRI (High
Resolution Imager). Its RGB bands were merged with the panchromatic band,
increasing the spatial resolution from 30 m to 15 m. The spatial resolution of the
Pleiades image is 50 cm.
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Table 1. Landsat-8 OLI sensor.

Sensor Espectral Bands Spectrgl Spacigl Temporal Swath Width Radiome_tric
Resolution Resolution Resolution Resolution
(B1) COSTAL 0.433 - 0.453 um
(B2) BLUE 0.450 - 0.515 pm
(B3) GREEN 0.525 - 0.600 pm
oLl (B4) RED 0.630 - 0.680 pm 30m
(Opf;ant('f”a' (B5) NEAR INFRARED | 0.845- 0.855 um 1 day 185 km 12 bits
Imager) (B6) MEDIUM INFRARED 1.560 - 1.660 um
(B7) MEDIUM INFRARED 2.100 - 2.300 um
(B8) PANCHROMATIC 0.500 - 0.680 pm 15m
(B9) CIRRUS 1.360 - 1.390 pum 30m

Table 2. Pleiades HiRI sensor.

Sensor Espectral Bands Spectrgl Spauql Tempo_ral Swath Width Radlomgtnc
Resolution Resolution Resolution Resolution
PAN 0.470 - 0.830 um 05m
Blue 0.430 - 0.550 pm
HiRI (High
. 20 km x 20 km and .
Resolution Green 0.500 - 0.620 pm 1 day 100 km x 100 km 12 bits
Imager) 2m
Red 0.590 - 0.710 um
Near Infrared 0.740 - 0.940 pm

2.3 WEKA classifiers

Within Machine Learning, there is a subdivision of tasks according to the learning
model: descriptive, unsupervised learning; and predictive, supervised learning.
Therefore, as a classification problem, in which land cover/use classes are the output
attributes, two predictive classifiers were selected in WEKA: Random Forest and
Multilayer Perceptron.

2.3.1 Attribute extraction

Prior to WEKA, it was necessary to prepare the training samples to train the
classification algorithm. In GIMP software, fifty samples for each class were clipped
from the study image, resulting in a training set of 200 labeled images. Later using
Chemostat software, the grayscale attributes were extracted from these clippings, which
produced a file that was later converted to a CSV file and suited to WEKA’s file format.

The radiometric resolution of the 12-bit Pleiades image was converted to 8-bit,
resulting in 256 shades of gray for each spectral band. In consequence, taking into
account the 3 spectral bands used (RGB), the total number of attributes is 769, which
comprises 768 grayscale attributes and one attribute for the classes.

2.3.2 Attribute Selection

Attribute selection is a process that identifies the most essential attributes, which
improves the performance of the ML model by creating a more concise and less costly
model with regards to processing time and data collection. Therefore, this selection
seeks the smallest subset of attributes with the best classification accuracy [Pappa
2002b].
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Two evolutionary algorithms were used to select the best attributes of the
sampled images: Genetic Search (GS) and Multi Objective Evolutionary Search
(MOES). The difference between the two algorithms lies in the fact that Genetic Search
is a genetic algorithm, an evolutionary algorithms class that uses a tool called crossover
to find the space for possible solutions. In contrast, Multi Objective Evolutionary Search
is an algorithm based on multi-objective optimization. This optimization expresses a
function of local minima and maxima and seeks to optimize or eliminate solutions to
find the population of solutions capable of solving a certain problem.

2.3.3 Test Option

The test option refers to how the data set is divided between training set and validation
or test set. The first is used to build the model, while the second evaluates the accuracy
of the classification. Two test options were used: Cross Validation and Supplied Test
Set.

Cross Validation of 10 folds was employed. Since the entire subset is used for
validation, the number of classified instances is the same as that of samples, i.e. 200. In
the Supplied Test Set, the training and validation sets were separated manually. For this
test option, 70% of the labeled images were used for training, and 30% for validation.
That being so, the training set was constituted of 140 instances, meanwhile the
remaining 60 instances were used for external validation.

2.3.4 Random For est

Random Forest is a supervised ML algorithm that performs a search in a space of
possible solutions according to a hypothesis evaluation function. This type of decision
tree-based algorithm performs an attribute selection that identifies the most
representative variable for the model, which makes it robust against noise and redundant
attributes [Breiman 2001].

Figure 3 illustrates the top-down representative structure of the Random Forest,
which is composed of several decision trees. Based on the grayscale that has been
evaluated, each tree determines which class they are most likely to belong to, and the
most voted class is chosen. The letter of the input attributes symbolizes which band this
attribute belongs to - Red (R), Green (G), and Blue (B) - and the number next to it
indicates the gray tone, which ranges from 0 to 255. The number of iterations employed
in the ratings was 100 and the Seed number was 1.
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Figure 3. Depiction of a Random Forest utilized in this work.
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2.3.5Multilayer Perceptron

Artificial Neural Network (ANN) is a ML algorithm established on optimization. This
kind of algorithm uses a function to find the hypothesis that describes the data and seeks
to optimize this hypothesis by minimizing (or maximizing) the objective function.
Multilayer Perceptron is an ANN with one intermediate or hidden layer and solves
nonlinearly separable problems.

Figure 4 shows a representation of the Multilayer Perceptron developed in this
paper. In it, the network layers and connections are expressed. The input layer is
represented in green, and is associated with the 768 grayscale attributes. The hidden
layer neurons are represented in red and gray and adjust the weights and biases of the
connections.

Finally, the output layer is expressed in yellow and gray, and each neuron in this
layer is associated with one of the four classes analyzed in this work (UA, BS, AP and
FO). 500 epochs were used as the training time, momentum 0.2 and learning rate 0.3.
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Figure 4. Representation of the Multilayer Perceptron employed in this work.

2.4 QGIS Classifiers

The SCP plugin in QGIS provides a ready-made interface for training sample selection
and classification settings. Primarily, it was necessary to select the areas from the image
and label them according to their respective classes. In succession, the classifiers chosen
from those available in the plugin were: Minimum Distance and Maximum Likelihood.

2.4.1 Minimum Distance

Minimum Distance (MINDIST) is a distance-based classification method, whereas it
considers the proximity between data for making predictions. The minimum distance or
nearest neighbor algorithm is based on the premise that objects related to the same
concept are similar to each other. By calculating the Euclidean distance between the
spectral signatures of the training data and each pixel of an image, the algorithm assigns
to each pixel the class whose spectral signature is closest.

2.4.2 Maximum Likelihood

Maximum Likelihood (MAXLIKE) algorithm is related to the Bayes theorem, and is a
parameter estimator. This classifier calculates probability distributions for classes in the
form of multivariate normal distributions, to then estimate whether a pixel belongs to a
given class.

3. Results and Discussions

Table 3 compares the accuracy generated in the classification performed by the two
classifiers used in QGIS: MAXLIKE and MINDIST. For Landsat-8 and Pleiades
images, respectively, MAXLIKE Kappa values were 0.950 and 0.912, while MINDIST
Kappa values were 0.841 and 0.680. That being so, for both images the parametric
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classifier MAXLIKE obtained the best results of the two. In addition, although the
spatial resolution of the Pleiades image is higher than Landsat-8’s, its classification
presented lower Kappa for both QGIS classifiers. This increase in resolution especially
affected the Urban Area class, as it showed large decrease in its accuracy. Figure 5
presents the classified images, which evidences the discrepancies in classification.

Table 3. Accuracies of MAXLIKE and MINDIST classifiers.

Image Landsat-8 Pleiades

Classifier MAXLIKE MINDIST MAXLIKE MINDIST
Forest 99.34 99.19 90.84 63.94
Producer Accuracy Agriculture/Pasture 95.67 93.60 98.52 97.54
[%] Bare Soil 92.38 88.41 96.45 73.48
Urban Area 97.40 75.66 69.11 43.47
Forest 98.86 95.76 98.73 97.82
User Accuracy Agriculture/Pasture 91.94 80.40 92.08 80.72
[%] Bare Soil 93.97 80.45 93.89 91.24
Urban Area 99.61 97.86 73.69 16.47
Kappa TOTAL 0.950 0.841 0.912 0.680

LEGEND
Classes
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1 - Agricaeere) Pevture
Wl 3 Rare Son
4 - Urbar Areon

Figure 5. Classified images from SCP.

Tables 4 and 5 show the confusion matrices resulting from the combining of the
two filters and two classifiers by WEKA analysis. Cross Validation option test was used
in both tables. In table 4, GS was used for attribute selection, and selected 335 relevant
attributes from the initial 769. With the attributes selected by this filter, both classifiers
showed classification errors in the distinction of the class Urban Area with the classes
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Agriculture/Pasture and Forest. Table 5 shows that MOES filter was more rigorous in
selection, as it selected 46 attributes from the initial 769. Even after the evolutionary
filters were applied, there were classification errors for both classifiers concerning the
discrimination between Urban Area and Forest samples. In short, Multilayer Perceptron
classifier presented better results when used in conjunction with GS, Kappa 0.9733, and
Random Forest was more effective with MOES, Kappa 0.9600.

Table 4. Confusion matrices utilizing GS and Cross Validation.

Filter: Genetic Search
Test Option: Cross Validation Number of Attributes: 335
Classifier
Classes Forest Agriculture/Pasture Bare Soil Urban Area
Forest 49 0 0 1
Agriculture/Pasture 1 48 0 1
Multilayer Perceptron Bare Soil 0 0 50 0
Urban Area 1 0 0 49
Kappa: 0.9733 Correctly Classified Instances: 196 (98%)
Forest a7 0 1 2
Agriculture/Pasture 0 49 0 1
Random Forest Bare Soil 0 0 50 0
Urban Area 2 0 0 48
Kappa: 0.9600 Correctly Classified Instances: 194 (97%)
Table 5. Confusion matrices utilizing MOES and Cross Validation.
Filter: Multi Objective Evolutionary Search
Test Option: Cross Validation Number of Attributes: 46
Classifier
Classes Forest Agriculture/Pasture Bare Soil Urban Area
Forest 44 0 0 6
Agriculture/Pasture 1 49 0 0
Multilayer Perceptron Bare Soil 0 0 50 0
Urban Area 6 0 0 44
Kappa: 0.9133 Correctly Classified Instances: 187 (93.5%)
Forest 49 0 0 1
Agriculture/Pasture 0 49 0 1
Random Forest Bare Soil 0 0 50 0
Urban Area 1 0 0 49
Kappa: 0.9800 | Correctly Classified Instances: 197 (98.5%)

In Table 6, both algorithms incorrectly classified two samples from the Urban
Area and Forest classes and were the only ones to present errors.
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Table 6. Confusion matrices using Supplied Test Set without any filter.

Filter: None
Test Option: Supplied Test Set Number of Attributes: 769
Classifier
Classes Forest Agriculture/Pasture Bare Soil Urban Area
Forest 13 0 0 2
Agriculture/Pasture 0 15 0 0
Multilayer Perceptron Bare Soil 0 0 15 0
Urban Area 2 0 0 13
Kappa: 0.9111 Correctly Classified Instances: 56 (93.3%)
Forest 11 0 0 4
Agriculture/Pasture 0 15 0 0
Random Forest Bare Soil 0 0 15 0
Urban Area 1 0 0 14
Kappa: 0.8889 | Correctly Classified Instances: 55 (91.7%)

The classification errors of algorithms in classifying those classes are
presumably due to the proximity of their clipping areas in the image. As the study area
was in a rural region, the portions of Urban Area sampled were very close to those of
Forest, which impaired the separation of the attributes of these classes. This test option
— Supplied Test Set - does not use validation samples in training, and therefore it is
possible to evaluate the reliability of previous ratings. However, their prediction
accuracy was the worst of all: Multilayer Perceptron and Random Forest algorithms
resulted in Kappa 0.9111 and 0.889, respectively. This is not due to the test option, but
to the absence of a filter that minimizes noise and redundant attributes. This effect does
not take on major proportions for the Multilayer Perceptron algorithm, as it is based on
optimization and benefits from a large database. However, it is magnified for Random
Forest, because its search model is more sensitive to noisy data.

4. Conclusions

Traditional semi-automatic classification algorithms, Minimum Distance and Maximum
Likelihood, available in QGIS and applied in this study, proved to be very effective in
discriminating land cover/use. The 15 m spatial resolution image of the Landsat-8
satellite, available for free from INPE, has resulted in very accurate classifications,
especially for the parametric algorithm MAXLIKE. However, when these classifiers
were confronted with a higher resolution Pleiades image of 50 cm, they were not able to
perform so precisely.

In contrast, Machine Learning algorithms have shown to be able to classify the
high-resolution image with high accuracy, even higher than that of traditional
algorithms applied to the Landsat-8 image.

Analysis of the combinations between evolutionary filters and supervised
classifiers shows that the multi-objective filter MOES favors the Random Forest
algorithm, while the genetic filter GS generates better results with the Multilayer
Perceptron algorithm. Considering Random Forest is a search-based method, providing
this classifier with a small number of training attributes causes noise to decrease and,
consequently, the model to be improved. On the contrary, GS benefits Multilayer
Perceptron as it is a method based on optimization of a function. Thus, this algorithm
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needs large amounts of attributes for its improvement, and the filter with a higher
number of attributes gives the best results.

In this research, the selection of attributes by bio-inspired algorithms effectively
eliminated noise, as it selected the most relevant attributes for the land cover/use
classification. Even with low operational cost, ML type classifiers were able to generate
models that effectively described the data set. In conclusion, it is proved that
evolutionary algorithms and search/optimization classifiers together form sophisticated
and efficient mathematical machinery for land cover/use classification of high
resolution images. Yet, there is space for a future study that applies the models built to
the classification of a full extension image.
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Abdgract. Using Deep Learning Neural Networks, we made supervised
classifications of asmall region of the Brazlian Amazonin order to map clear -
cut deforestation. We organized Landsat 8 Surface Reflectance imagesinto time
series and we classify the images using the bands ad a Linear Mixture Modd.
We obtained similar accuracies using both data sets when compared to the data
reported by the Brazlian Amazon Deforestation Monitoring Program
(PRODES). These results suggest the possibilities of using automatic supervised
techniques to extend the coverage of forest monitoring programs to those
excluded areas by lack of human resources.

1. Introduction

Monitoring the tropical forest through remote sensing helps reducing deforestation
[SEYMOUR and HARRIS 2019]. Usually, monitoring efforts focus on either accounting,
alerting, or following land use after deforestation. In the Brazilian Amazon, each of these
aims stands for three projects: (i) Brazilian Amazon Deforestation Monitoring Program
(PRODES), whose reports accurately estimates clear-cut of pristine forest, (ii) the near
real-time deforestation detection system (DETER), that produces fast alerts of change in
forest areas for law enforcement authorities, and (iii) TERRACLASS, which tracks land
use and cover after clear-cut deforestation [SHIMABUKURO et al. 2012].

To achieve high accuracies (e.g. TERRACLASS accuracy is above 77%
[ALMEIDA et al. 2016]), these monitoring projects rely on expert visual classifications,
which are costly and time-consuming. For example, PRODES consolidated forest loss
rates are published months after deforestation happened. In the other hand, DETER
reports deforestation faster than PRODES but with lower confidence levels regarding the
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deforested areas. The accuracy-speed tradeoff between PRODES and DETER shapes not
only their accuracy, but also the interpretation of their results. These differences make the
dataprone to misunderstandings by the public with daring consequences for the academia
[ESCOBAR 2019].

We believe that PRODES must continue being the reference regarding
deforestation in the Amazon for both historical and statistical reasons. We also believe
science should explore and provide new and better answers. This brings up to the question
of how to close the accuracy-speed gap by finding a cheaper and reproducible way to
monitor clear-cut deforestation. An alternative is to train machine how to spot
deforestation, given that they are good for boring repetitive tasks. Teaching machines is
a current challenge to science and the possibility of improving forest monitoring systems
with the available techniques is worth it.

In this work, we automatically classify deforestation using Neural Networks on a
study area of the Amazon rainforest. The aim of this study is to evaluate a cutting-edge
classification process on deforestation detection that uses Deep Learning and satellite
image time series. By comparing the raw classification maps without applying on it any
post-processing algorithms, we are able to assess the bottom-line accuracy of our
classification process. Our findings give us an ideaon how far weare from reach the same
accuracies of non-automatic visual classification systems such as PRODES. In what
follows, we present the material and methods used generate the maps.

2. Material and M ethods

Our area of interest is located in the Brazilian Amazon forest, in the state of Para, between
the municipalities of Altamira and S8o Félix de Xingu. This area is characterized by large
amounts of deforestation and a long rainy season (Figure 1). We obtained Landsat-8
images of the Path-Row 226/064 from National Aeronautics and Space Administration
(NASA) through the Geological Service of the United States of America [WULDER et
al. 2019]. These images are geometrically aligned and radiometrically consistent to the
conditions of the surface of the Earth, including atmospheric correction and cloud
identification, as shown in Figure 2.

AL
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Figure 1. Area of interest. Path Row 226 064 in Landsat World Reference
System 2.
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To train the classification algorithm, we collected sample points of forest and
deforestation from the PRODES project. PRODES provides public access to
deforestation data including where and when deforestation was detected. These samples
were carefully selected to be representative of each class along each PRODES year
(Figure 3).

Q12245878910 12 14 0 10N 2

Figure 2. Number of clouded pixels by PRODES year from 2013 (leftmost image)
to 2016 (rightmost image).

To prepare the data for classification, we stacked Landsat-8 images into one-year
time series. We organized our datainto PRODES years, which range from August to July,
in order to match the seasonality of the dry and wet seasons. Each yearly dataset was
stored in TIFF files, one for each variable.
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Figure 3. Sample distribution across the area of interest.
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For the sake of comparison, we arranged Landsat datain three groups. The first
includes Landsat bands and a vegetation index. The second includes the End Members of
the global calibrated Spectral Mixture Model as described in [SOUSA and SMALL
2017]. The last one is the combination of the other two (Table 1).

Table 1. Data included in each classification.

Classification | d Description Variablesin the classification
Bands Landsat Bands and vegetation nir, red, swir2, ndvi
index.
MM Spectral mixture model. Vegetation, substrate, dark
Bands MM Landsat bands and mixture model. | nir, red, swir2, vegetation, ndvi,
substrate, dark

We ran a supervised classification using Deep Learning technique. Deep Learning
is concerned to statistically estimate complicated functions out of generalizable patterns
in training data. This technique corresponds to supervised learning because, given a set
of samples, the computer learns how to identify new (unknown) instances as forest or
deforestation. As we increase the number of samples, the computer improves its
classificatory capabilities [GOODFELLOW, BENGIO and COURVILLE 2016].

We trained a Deep Learning Neural Network using the yearly time series in our
samples. The training process is about finding the right parameters (weight and bias) and
hyperparameters of the Neural Network. The network hyperparameters are concerned
with finding the best parameters while the parameters are directly concerned in
classifying the data [BENGIO 2012]. In order to maximize our chances of finding the
best hyperparameters, we explored the solution space (the combinatory of all the possible
hyperparameter values) by a successive process of randomization and pruning, as shown
in Table 2.

Table 2. Hyperparameter used while training our Deep Learning neural
networks. All the trainings used the same optimizer (Adam), number of Layers
(5), validation split (20%), and learning rate of 0.001.

Experiment | Activation | Batch | Dropout | Epochs | Units
Id size rates
Bands selu 64 0.4 200 700
MM selu 64 0.4 300 600
Bands MM sigmoid 64 0.5 300 1000
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We validate our results by asking remote sensing experts to classify a set of
random points, which were compared to our resulting maps. Regarding software and
hardware, we used QGIS and R to prepare the samples, and a combination of R, Keras,
and TensorFlow to train our neural network and to classify the images. To achieve
parallelism during computations, we relied on GNU Parallel along the tools provided by
operating systems based on the Linux kernel [ABADI et al. 2016; CHOLLET 2015; R
CORE TEAM 2018; SIMOES et al. 2018; TANGE 2011]. The machine has 32 64-bit
INTEL processors with 128 GB RAM running Ubuntu 14.04 with Linux kernel 4.4.

3. Results

Once we were done training our Network, we classify the time series derived from
Landsat-8 images. We did not apply any postprocessing because we are interested in
finding how far we can we reach by using only Deep Learning.

The classification results are shown in Figure 4. The areas painted as white are
deforestation in other years, water bodies, or non-forest areas, which are ignored in the
comparison. Remarkably, the classifications display small roads in the forest which are
missing from the PRODES (Figure 4, PRODES year 2017, to the South of each map).
Regarding noise, these classification presents two types: one is salt and pepper noise
which is product from random errors in the classification, while the other typeis elongated
and clustered, resembling north-west to south-east clouds (Figure 4, year 2014, to the
North-West and to the South-East).
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Figure 4. Classification results and PRODES map (right most column) from
2014 to 2017.
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To validate our classification, we selected a set of 150 random points and then we
asked experts in remote sensing to perform a visual classification. The user and producer
accuracies of the classification (Figure 5) are above 50% with few exceptions. In general,
for the forest, the producer accuracy is larger than the user and the opposite holds true for
the deforestation on each PRODES year.
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Figure 5. Classification validation using samples classified by experts.

The forest validation points tend to have a producer greater than the user
accuracies while the opposite holds true for the deforestation class. For the forest, this
means that more often the reference data was rightly tagged. The classifier accuracy is
higher for the deforestation than for the forest areas.
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Figure 6. Comparison of the classification to PRODES.

We also estimated how similar are our results if compared to PRODES. The
similarity is reported in Figure 6 in the form of user and producer accuracies. While our
results present large similarity regarding the forest class, for the deforestation class the
user accuracy is low. Asa reference, we ran the same comparison between MAPBIOMAS
(see https://mapbiomas.org/) and PRODES and we observed high accuracies for the forest

class and lower for deforestation (Figure 7). These results are consistent to those of
[MAURANO and ESCADA 2019].
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Figure 7. Comparison of the MAPBIOMAS to PRODES.
4. Discussion

We used annual time series of Landsat-8 data to classify a scene for the years from 2014
to 2017. Despite obtaining good classification accuracies, they are still far from those
obtained by visual classification used in forest monitoring projects such as PRODES. We
ran our classification using Deep Learning Neural Networks with three sets of data:
Landsat bands plus NDVI, Linear Mixture Model, and their combination. However, we
did not observe much difference among them in the accuracy. This is favorable for using
the Linear Mixture Model giving its smaller data size and its corresponding reduction in
processing time.

However, this study was constrained to a small region of the Amazon forest for
short period of time. Besides, the amount of clouds in the area of interest is a limitation.
Another limiting factor on the accuracy of the classifications is the relative proportions
of pixels, which can induce artifacts (e.g. ratio of forest to deforestation pixels is
approximately 60 to 1).

5. Conclusion

Monitoring the Amazon forest is hard, mainly due to its extent and almost constant cloud
cover. We acknowledge this fact and at the same time reinforce the scientific need of
proposing, adapting, and testing new approaches to improve classifications and/or to
reduce financial costs to produce such classifications. In this work, we used Deep
Learning Neural Networks over time series to identify deforestation in Landsat images.
We believe that our method can support the monitoring systems because the use of time
series reduces the gap between the time of deforestation and its detection.

In the results, we also found that some areas classified by us as deforestation were
later found as deforestation in PRODES. We would like to quantify to which extent this
corresponds to the identification of forest degradation. This is possible because PRODES
only reports clear cuts. Our classifications could identify early signs of deforestation,
which could improve monitoring systems as DETER.

Although the accuracies of our automatic classifications are inferior to those of
visual monitoring systems such as PRODES, the approach has great potential to be
improved with post-processing procedures such as spatial and temporal filters. Another
possibility is to increase the temporal resolution ofthe images to create longer time series.
A better temporal resolution might reduce the negative effects of cloudiness in our
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classification. To achieve this, we are planning touse products of the Harmonized Landsat
Sentinel-2 project [CLAVERIE et al. 2018]. Another next step in our research is to
increase the area of interest to cover the whole state of Para.

Finally, automatic classification results have the potential to help decision makers
to design policies and enforce laws such as the Forest Code (Brazilian Law 12.651 of
2012). Instead of being a concurrent of visual interpretation, they can work in a
complementary way. For instance, they could be used as a first step to identify
deforestation using less resources if it could be possible to guarantee that false negative
deforestation spots would be minimum. The errors in the automatic classifications
identified visually can then be used as input to further improve the classification model.
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Abstract. The INPE PRODES project, which since the 1980s maps and quan-
tifies deforestation in the Brazilian Legal Amazon, can be considered the main
systematic monitoring project for tropical forests in the world. Over the time, the
project has gone through several stages, and today its methodology is the visual
interpretation of images by remote sensing experts. This paper aims to evaluate
the use of neural networks to automate this process, improving accuracy and
minimizing the time required for interpretation. Results will be compared to
official PRODES data.

1. Introduction

Deforestation in the Brazilian Amazon rainforest gained momentum in the 1970s and
1980s due to tax incentives and subsidized credit to large ranchers, having a disastrous
impact on local biodiversity and climate [Fearnside 2005]. Since then, deforestation rates
have varied according to the economy and government policies [Fearnside 1987]. In 1978,
the National Institute for Space Research (INPE) conducted a survey using digital imagery
of the LANDSAT satellite to measure the amount of deforested areas of the legal Amazon
[Tardin et al. 1979]. In a total of 552000km? of analyzed area, approximately 7.4% - an
area of 41000km? - were interpreted as deforested area. Recent estimates indicate 19.3%
of total deforested area'. It is important to highlight that those rates are only related to
native forest, and do not include reforested areas.

The deforestation and burning of the legal Amazon has been in the worldwide
news recently, and the environmental policies of the Brazilian government have been
questioned. In this context, research for assisting deforestation detection is becom-
ing increasingly relevant. New approaches can promote a better understanding of the
drivers of deforestation, thus enabling the generation of future scenarios, prediction of
risk sites, and the foundation of public policies for deforestation prevention and response
[Lambin et al. 1994].

Since 1988, INPE has been producing annual reports on the deforestation rate of
the Amazon rainforest through the PRODES? project. Over the years, the methodology
used by PRODES to identify deforestation has changed, and today is based on a visual

Thttps://rainforests.mongabay.com/amazon/deforestation_calculations.html
Zhttp://www.obt.inpe.br/OBT/assuntos/programa/amazonia/prodes
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interpretation of digital images by remote sensing experts. The current methodology has
shown great results [Kintisch 2007]. However, a huge amount of time is spent due to
the manual process of interpreting satellite images in order to detect deforestation. To
advance the knowledge on methodologies for automatic deforestation detection, computer
vision, machine learning and neural networks are current topics.

This work presents an evaluation of the use of a deep learning technique applied to
Amazon deforestation detection in satellite images. As noted by [Shoham et al. 2017], ar-
tificial intelligence techniques are rapidly gaining more attention in the computer science
community, where “machine learning® and “deep learning* are becoming more common.
The number of articles published with the keyword “Artificial Intelligence* since 1996
has increased more than ninefold, and errors in image labeling have gone from 28.5% to
less than 2.5% since 2010.

2. Literature Review

In this section, work related to the use of machine learning techniques in the field of
computer vision will be discussed.

As noted by [Ronneberger et al. 2015], convolutional networks have improved the
state of the art in visual recognition tasks. Their limitation is linked to the large amount
of data required for training, but this problem has become less relevant due to the higher
availability and data processing capacity today.

Studies wusing recent Al techniques such as [Iglovikov et al. 2017] and
[Iglovikov and Shvets 2018] present great results using pixel-wise classification models
through fully convolutional neural networks using satellite images. The first one applies
those models to the Dstl Satellite Imagery Feature Detection competition database pro-
posed by Kaggle?, featuring city images with ten labels such as large vehicle, small ve-
hicle and building, while the second, to Aerial Image Labeling Dataset*, which features
city images with labels of building and not-building.

3. Model
3.1. U-Net

U-Net is a semantic segmentation fully convolutional neural network model proposed
by [Ronneberger et al. 2015], modified and extended to work with fewer images during
training in order to generate precise segmentation. Fully convolutional networks have an
encoder-decoder architecture, in which features are learned by the encoder through con-
volution layers, while the decoder converts these features into a pixel-level classification
through up-sampling layers. The model used stands out for using intermediate outputs
of the encoder concatenated to the decoder. This reduces the negative effects of dimen-
sionality reduction performed by max-pooling functions during the encoder, improving
segmentation. The original architecture is presented in Figure 1.

In order to improve the result and shorten the time required for training convolu-
tional layer models, the use of Residual Blocks is state of the art [He et al. 2016]. Such
blocks are composed of a chain of convolutional layers, where the output of this chain is

Shttps://www.kaggle.com/c/dstl-satellite-imagery-feature-detection
“http://project.inria.fr/aerialimagelabeling/
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Figure 1. U-Net architecture [Ronneberger et al. 2015]

added to its input. The advantage of this structure is that it creates a free path to the gradi-
ent, which, in a structure without the residual block, can become derisory after subsequent
derivatives and activation functions in the backpropagation step. A visual representation
of this block is shown in Figure 2.

e nkihy

Figure 2. Residual block [He et al. 2016]

In the present work, it was chosen to fine-tune the U-Net model architecture
with Residual Blocks to get a better accuracy for the proposed task changing the net-
work’s hyperparameters, but not creating a deeper network than the original U-Net
[Ronneberger et al. 2015]. Using ADAM optimizer [Kingma and Ba 2014] with a de-
caying learning rate of 0.001, our best network with these assumptions was as follows
(Table 1). ReLU activation function was used in every convolution layer, and Softmax,
on the output layer.

3.2. Evaluation Metrics

To evaluate the trained neural network model, several metrics can be used. They are also
important at the training phase: if the metric is differentiable, it can be used as a loss
function. In the present work, three metrics were monitored. Dice Coefficient was used
for training the model.
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Table 1. Network Architecture. “+“ refers to a Sum layer, “||“ refers to a Concate-

nate layer
Layer Size Layer Size
Input 256x256x3 Dropout 32x32x512
Convolution 1 256x256x32 Convolution 15 32x32x256
Convolution 2 256x256x32 Convolution 16 32x32x256
MaxPooling 128x128x32 Convolution 17 32x32x256
Dropout 128x128x32 Conv 15 + Conv 17 32x32x256
Convolution 3 128x128x64 Deconvolution 2 64x64x128
Convolution 4 128x128x64 Deconv 2 Il Conv 6 + Conv 8 64x64x256
Convolution 5 128x128x64 Dropout 64x64x256
Conv 3 + Conv 5 128x128x64 Convolution 18 64x64x128
MaxPooling 64x64x64 Convolution 19 64x64x128
Dropout 64x64x64 Convolution 20 64x64x128
Convolution 6 64x64x128 Conv 18 + Conv 20 64x64x128
Convolution 7 64x64x128 Deconvolution 3 128x128x64
Convolution 8 64x64x128 Deconv 3|l Conv3 +Conv5 128x128x128
Conv 6 + Conv 8 64x64x128 Dropout 128x128x128
MaxPooling 32x32x128 Convolution 21 128x128x64
Dropout 32x32x128 Convolution 22 128x128x64
Convolution 9 32x32x256 Convolution 23 128x128x64
Convolution 10 32x32x256 Conv 21 + Conv 23 128x128x64
Convolution 11 32x32x256 Deconvolution 4 256x256x32
Conv 9 + Conv 11 32x32x256 Deconv 4 || Convolution 2 256x256x64
MaxPooling 16x16x256 Dropout 256x256x64
Dropout 16x16x256 Convolution 24 256x256x32
Convolution 12 16x16x512 Convolution 25 256x256x32
Convolution 13 16x16x512 Convolution 26 256x256x32
Convolution 14 16x16x512 Conv 24 + Conv 26 256x256x32
Conv 12 + Conv 14 16x16x512 Convolution 27 256x256x3
Deconvolution 1 32x32x256 Output 256x256x3
Deconv 1 Il Conv 9 + Conv 11 32x32x512

e Cross-Entropy: Entropy is a measure of uncertainty associated with a ¢(y) distri-
bution. Such uncertainty is given by Equation 1.

H(X) = = P())log, P(a) 1)

i=1

For the context of a classifier, one work with two different distributions: the la-
beled distribution and the one predicted by the classifier. Thus, the loss function
for Binary Cross Entropy is given by Equation 2, while for Categorical Cross En-
tropy, Equation 3.

| N
BCE(y,y) = N Y yi-log(gi) + (1 —ui) - log(1 — 4i) ()

i=1

CCE(y,y) = — Yij - 1og(¥ij) 3)

M=
hE

I
=}

7=01¢
where N represents the number of examples, M represents the number of classes,

y; represents the labeled data, and v;, the output of the classifier.
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e Dice Coefficient: Initially proposed by [Dice 1945], it is used in computer vision
to represent the similarity between two images. This similarity is quantified as:

21 XNy

Thus, the loss function used in the training step can be written as

A - Uziﬁz
Jyay = - ~ ) (5)
v.9) ;yrﬁ-yi

where y; represents the ground truth and j;, the network output.

e Jaccard Index ou Intersection over Union (IoU): a term coined by Paul Jaccard,
it is a statistic used for gauging the similarity and diversity of sample sets. It is
defined as the size of the intersection divided by the size of the union of two sets,
as presented in Equation 6.

| Xny| IX NY]|

ToU(X.Y) = _ ,
oU(X,Y) IXUY| |X[+[Y]-|XNY]

(6)

4. Dataset

For the development of the dataset for the present work, a set of LANDSAT 8 scenes
referring to the Xingu Indigenous Park were chosen, all referring to the year 2018. From
those scenes, only three spectral bands were included in the dataset: red, near-infrared
and short-wavelength infrared. The path row of the scenes used can be seen in Table 2.
The labels were obtained in the PRODES database”.

Table 2. Scenes in the dataset

Path Row
224 68

225 67,68

The scenes and masks were cut into small 256x256-pixel images (Figure 3), re-
sulting in a total of 1256 clippings. These were divided into 1017 for training, 113 for
validation and 126 for testing. Preprocessing was done to mask all non-forest and non-
deforestation areas by prior knowledge, giving it a “Background* label. Images with high
presence of this label were discarded for the training phase.

It is important to note that this dataset is expanded annually, and the area classified
as non-forest in one year is maintained in the next year’s classification, even if this area
has been reforested.

Shttp://www.obt.inpe.br/OBT/assuntos/programas/amazonia/prodes
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Figure 3. 256x256-pixel image and label

5. Results

The results presented in this section were achieved after an average of 40 training epochs.

The Dice coefficient of the best trained model, in addition to the cross entropy and
Jaccard Index values, can be found in Table 3. Figure 4 presents the evolution of those
metrics during the training phase.

Table 3. Metrics in training and validation sets

Metric Training set Validation set
Dice Coefficient 0.9696 0.9650
Jaccard Index 0.9014 0.8910
Binary Cross-Entropy 0.0993 0.1238
Categorical Cross-Entropy 0.1505 0.1871

In addition to these metrics, Precision, Recall, and F1-score related to each class
in the test set were calculated, as well as the overall accuracy. The values are presented in
Table 4.

Table 4. Metrics in the Test Set. Global accuracy: 0.95171.

Class Precision Recall F1-Score  Support

Forest 0.93900 097459 0.95646 4,490,972
Deforestation ~ 0.94757  0.87877 091187 2,346,132

Figure 5 compares model prediction results with the ground truth. It is noticed
that the neural network managed to generalize well for different situations.
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Figure 4. Metrics during training
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Figure 5. Comparison between model prediction (c) and ground truth (b), related
to image (a).
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6. Conclusion

The model used in this work obtained a good accuracy rate when performing pixel-wise
classification of satellite images from LANDSAT-8, using labels from PRODES data for
training. PRODES global accuracy of the mapping of deforestation for the state of Mato
Grosso for the year 2014 was 94.5% =+ 2.05 [Adami et al. 2017]. Our model got a 95.2%
accuracy rate. Despite a good accuracy, the model does not distinguish native forest from
reforestated areas. Most of the prediction errors of the network are from reforested areas.
As the model used has no information about previous years, it is difficult to distinguish
areas with such characteristics. In addition, other bands of the multispectral image may
retain this information.

7. Future Work

To improve what was discussed in the present work, we will evaluate the use of mul-
tispectral images and compare with the results presented here. In addition, minor
changes to the loss function recently proposed, such as the boundary error presented in
[Bokhovkin and Burnaev 2019], may improve results. One can also use recurrent models
so that the system has memory from previous years for the current year prediction, as in
[Jia et al. 2017].
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Abstract. Cerrado is the largest savanna in South America. As such, the in-
cidence of fire in this biome is complex and diverse, requiring a range of Re-
mote Sensing data and techniques to support its studies. The GOES-16 satellite
presents an ultra high temporal resolution (one new image observation every 15
minutes), and provides insights about active fires through the Fire Temperature
RGB (FT-RGB) composition. In this paper, we investigated the Time Series of
the FT-RGB near and far from the active fire environments to analyze its poten-
tial to improve our comprehension about near real-time active fires in Cerrado.

1. Introduction

The Brazilian savanna, Cerrado, is the second largest biome in South Amer-
ica, comprehending more than 2 million km?, about 24% of the Brazilian terri-
tory [Ribeiro and Walter 2008, Ministério do Meio Ambiente 2009]. Cerrado holds the
richest biodiversity among the tropical savannas [Sano et al. 2010], mainly because of the
high range of edaphic-climatic factors, which results in a diversity of plant-available mois-
ture regime, latitude, chemistry of the soil, geomorphology, topography, and frequency of
fire processes [Cianciaruso et al. 2005, Ribeiro and Walter 2008]. The role of Cerrado is
not limited to biodiversity, it also includes food security [Klink and Moreira 2002], be-
ing one of the top grain and beef-producing regions in the world [Pereira et al. 2012].
From this perspective, biodiversity and agriculture aspects unravel Cerrado’s impor-
tance, although only 6% of its native vegetation is located in integral protection ar-
eas [Francoso et al. 2015].

The severe Land Use and Land Cover Changes (LULCC) in the last few
decades have been threatened Cerrado [Fearnside 2001, Beuchle et al. 2015], and
the main driver of LULCC is the agricultural expansion [Gibbs et al. 2015]. Cur-
rently, it is estimated that only about 52% of Cerrado’s vegetation was not af-
fected [FIP-CERRADO 2018]. In Cerrado, natural fires are caused by thunderstorms
and lightning [Ramos-Neto and Pivello 2000], but the indiscriminate use of fire for

66



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 66-77

both, to boost fresh grass growth and to open new agricultural areas [Coutinho 1990,
Klink and Machado 2005, Ministério do Meio Ambiente 2014], can influence in the nat-
ural fire incidence, and impact the environment. It is estimated that due to the climate
and societal changes, global fire impacts may even increase in the future, requiring thus a
better spatial-temporal comprehension of this issue in order to improve the fire manage-
ment [Morgan et al. 2001, Chuvieco et al. 2019].

The use of Remote Sensing (RS) for fire monitoring has been proved to be pow-
erful and effective [Joyce et al. 2009]. It enables the acquisition of important information
including location, timing, burning extent and the constant monitoring without the neces-
sity of fieldwork [Giglio et al. 1999]. Mapping and classifying land cover are commonly
done through RS data such as Landsat and Sentinel, whose in the best case scenario
present a temporal resolution of once a week. However, near real-time analysis of fire in-
cidence in large areas is essential for a deep comprehension about the dynamics of spatio-
temporal patterns in Cerrado. Even tough, currently such analysis is limited to a temporal
resolution of once or twice a day. In this way, a range of techniques have been developed
for geosynchronous (temporal resolution of 60 min or less) satellites [Giglio et al. 1999],
such as the Fire Temperature RGB (FT-RGB) composition. Launched in November 2016,
the GOES-16 satellite presents an ultra high temporal resolution (05-15 minutes), and has
the potential to provide insights about active fire location and behaviour through the FT-
RGB.

Since there is no complete model that describes near real-time active fires in the
region, we investigated in this study the potential of GOES-16 Time Series (TS) through
the FT-RGB bands as a support for near real-time active fires detection and characteri-
zation in Cerrado. Two main questions guided the analysis: 1) How does the GOES-16
TS behave in near and far from active fire environments?; 2) How does the GOES-16
FT-RGB compositions behave in near and far from active fire environments?. For that,
we assessed the FT-RGB bands behaviour in a study area of about 3,000 km? located in
Tocantins State during one day (October 24th, 2018) in the Cerrado biome.

2. Background

2.1. Active Fires: Theory and Sensors

The active fire products (hot spots) are able to detect and characterize current fire
spots. The most indicated wavelength value for active fire detection is centered near
4 pm (middle infrared) in absolute terms and also comparatively with the band around
11 pm (thermal infrared), once the latter corrects the surface temperature from the atmo-
spheric and emissivity influences [Robinson 1991, Pereira et al. 1997, Giglio et al. 2003,
Giglio et al. 2008, Calle and Casanova 2008]. In this manner, to visually identify a fire,
the temperature difference between both bands must be roughly 10°-15°C, or about 2%
of the pixel area [Weaver et al. 2004]. In GOES-16 FT-RGB bands, the area of the pixel
is 4 km? (spatial resolution of 2 km), which would require a fire of at least 0.08 km?
to be detected by the GOES-16. As such, even though a fire occupies just a frac-
tion of the pixel, it can increase the brightness in the entire pixel, which indicates that
low spatial resolution data are also suitable for this task. However, the flux of radi-
ance should be sufficient to be detected, but not so intense to cause saturation in the
pixel [Robinson 1991, Weaver et al. 2004].

67



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 66-77

Different sensors present advantages and disadvantages for fire behaviour descrip-
tion [Morgan et al. 2001] (Table 1). The Moderate Resolution Imaging Spectrometer
(MODIS) was the first instrument with specific band characteristics for fire detection.
Aboard NASA’s Earth Observing System - Terra and Aqua, MODIS is a sun-synchronous
orbit sensor, with 36 bands, and spatial resolution of 250 m, 500 m, and 1 km, and tempo-
ral resolution from 1 to 2 days [Justice et al. 2002]. VIIRS (Visible Infrared Imaging
Radiometer Suite) presents 22 channels, a spatial resolution of 375-750 m, and tem-
poral resolution of 1-2 days. It was created to ensure continuity of MODIS observa-
tions [Justice et al. 2013]. VIIRS is aboard the joint NASA/NOAA satellite, the Suomi
National Polar-orbiting Partnership (S-NPP). Besides, the Geostationary Operational En-
vironmental Satellite system (GOES) is a joint effort of NASA and NOAA and com-
prehends a constellation of satellites. The GOES-16 was launched in November 2016,
carrying the multispectral imager instrument Advanced Baseline Imager (ABI). It pro-
vides 16 bands with temporal resolution of 05-15 minutes and has a spatial resolution of
0.5 to 2 km. The global Wild Fire Automated Biomass Burning Algorithm (WF-ABBA)
has been continuously improved for GOES-16 ABI characteristics, whose fire products
are based also on active fire detection [Hoffman et al. 2011].

Table 1. Main current coarse spatial resolution sensors for fire analysis.

Sensor (satellite) Resolution
Spectral Spatial (m) Temporal
(number of bands) pa p
MODIS (Aqua and Terra) 36 250-1,000 1-2 days
VIIRS (S-NPP) 22 375-750 1-2 days
ABI (GOES-16) 16 500-2,000 | 05-15 minutes

Figure 1 presents monthly amounts of active fires detected by Aqua, Terra, S-NPP
and GOES-16 satellites in 2018 along Cerrado. Although GOES-16 data pursue an ul-
tra high temporal resolution, its inherent characteristics does not enable the amount of
detected active fire products be superior to the S-NPP, yet it is higher than the MODIS
(Aqua and Terra) active fire data. From October to March, it is a rainy season and im-
ages frequently contain high clouds percentage. In these months, the use of successive
images is low and the number of real burnings is small. Thus, the pattern of active
fires presented in Figure 1 is also in agree with previous studies that show the concen-
tration of active fires in the end of the dry season, mainly in September and October,
since there is a precipitation deficit, small clouds percentage, and extreme vegetation con-
ditions [Mataveli et al. 2017, Mataveli et al. 2018]. In this context, the analysis of the
GOES-16 TS potential as a support for near real-time active fires detection and character-
ization by means of the FT-RGB bands is essential.

2.2. Fire Temperature RGB (FT-RGB)

Aiming to detect fires, GOES-16 has additional ABI bands in the near- and shortwave
infrared (Table 2). While the True Color RGB is used to show the fire smokes, such bands
can indicate active fire location and behaviour. Using the bands 7, 6, and 5 in a RGB
composition (R7;G6;B5), hot spots and fires are highlighted in red, orange, yellow or
white, as the fire get hotter and the pixels become saturated, and according to the fire size.
Green and blue shades can be related to ice and water clouds, respectively [SPoRT 2018].
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Figure 1. Amount of active fire detected by different satellites in 2018 along Cer-
rado.

Some limitations of the application are the presence of clouds, which can hide
fire signals, the possible false red fires in more dry regions [SPoRT 2018], and the color
variations along days, seasons and localization [Seaman et al. 2017, Schmidt 2019]. Fi-
nally, due to the possibility of a more frequent data acquisition [Lindley et al. 2016], the
incorporation of TS analysis in FT-RGB bands is a novel approach by itself.

Table 2. GOES-16 spectral bands used in a FT-RGB composition. Adapted
from [SPoRT 2018].

Band | Color Band central Contribution to a Fire
wavelength (1 m) saturated pixel Temperature
7 R 3.9 Hot land surface Low
6 G 2.2 Small ice/ water particles Medium
5 B 1.6 Water clouds High

3. Materials and Methods
3.1. Study Area

According to the climate Koppen-Geiger classification, Cerrado predominantly
presents dry winter (Aw), April-September, and hot summer (Cwa), October-
March [Peel et al. 2007, Ribeiro and Walter 2008, Alvares et al. 2013]. This environment
presents average annual precipitation ranging from 1,300 to 1,600 mm, and temperature
of 20,1 °C [Ribeiro and Walter 2008], yet both vary over the years [Ferreira et al. 2018].

The study area comprehends about 3,000 km?. Located on the borders of the
Parana, Conceicdo do Tocantins, and Arraias municipalities in Tocantins State, Brazil
in Cerrado biome (Figure 2). The area was selected considering the condensed pres-
ence of active fires data from different satellites and the relative homogeneous natural
land cover according to the 2013 TerraClass Cerrado classification (path/row: 221/069)
[Ministério do Meio Ambiente 2015].

3.2. Dataset

Two main datasets were used in this study, GOES-16 spectral bands and active fire prod-
ucts. The python package GOESPY was used to download the dataset from the GOES-16
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Figure 2. Localization of the Study Area among the three biggest biomes in
Brazil.

satellite on the AWS (Amazon Web Services) [Mello 2018]. For the FT-RGB compo-
sition, the Level 2 spectral ABI bands 05, 06, and 07 were acquired for the whole day
of October 24th, 2018. The TS was composed by 288 scenes, 96 from each band, with
temporal resolution of 15 minutes. Besides, the bands 01, 02, and 03 were also acquired
in order to support the analysis in a True Color RGB composition (R2;G3;B1).

The active fire products were acquired through the Program of Burns and Forest
Fires Monitoring! (Programa Queimadas), which is a project coordinated by Brazilian
National Institute for Space Research (INPE). In the study area, a total of 36 spots pre-
sented active fires in October 24th, 2018, however only 33 were analyzed, which were
acquired between 2:00 pm and 5:59 pm (interval of interest) from the S-NPP, Aqua and
Terra satellites.

3.3. Methods

After the dataset acquision, due to the spatial resolution difference between band 5 (1 km),
and bands 6 and 7 (2 km), a digital image processing was performed on the band 5 aiming
to resampled it to 2 km. In this way, a moving average filter with window of size 4x4 was
performed and the highest value was obtained.

Later to the aforementioned image processing step, we performed a different ap-
proach to each guide question, which analyses were supported by the True Color RGB
composition. For the first question (How does the GOES-16 TS behave in near and far
from active fire environments?), we performed a TS analysis of the FI-RGB bands for a
whole day, near (< 3.0 km), and far (> 6.0 km) from active fires pixels, due to the homo-
geneity within each group. Data between 3.0 and 6.0 km presented more heterogenous

IFreely available at: www. inpe .br/queimadas
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data and were not analyzed in this study. In this manner, the average of the pixels were
temporally analyzed.

For the second question (How does the GOES-16 FT-RGB compositions behave in
near and far from active fire environments?), we analyzed the behaviour of the FT-RGB
composition between 2:00 pm and 5:59 pm for the whole study area, comprehending the
fire behaviour and its relation to the active fire products. Furthermore, three different
analyses were conducted in detail along the period.

4. Results and Discussion

4.1. How does the GOES-16 TS behave in near and far from active fire
environments?

The bands 5 (B0S5) and 6 (B06) do not present information from 9:00 pm to 8:00 am due
to the lack of daylight, while band 7 (BO7) does. Even tough, this period was not analyzed
in BO7, once there was no True Color composition to support the analysis (Figure 3).

The BO5 TS curve presented a quite similar behaviour in near (NAF) and far
from active fires (FAF) spectral curves along the day, with peaks around 10:00 am and
4:00 pm (Figure 3-A). From 8:00 am to about 12:00 pm, the area presented dense clouds,
which may have affected the band curve in this period. During the time interval between
2:00 pm and 4:00 pm, the NAF values were higher (Figure 3-B), which may indicate that
the presence of active fires increases the values in this band.

TS of BO6 data also presents an analogous pattern to the BO5, with peaks in both
curves, NAF and FAF, around 10:00 am and 4:00 pm (Figure 3-C). The first one can
be also due to the presence of clouds. The second peak as well as BO5, NAF values
are superior. At 5:00 pm, as well as in BOS, there is a decrease in the values, probably
due to the sunset and the inherit sensor characteristics (Figure 3-D). Both bands can be
physically related to aerosol particle size, and specially the BO6 primary use was hot spot
detection at emission temperatures greater than 600 K.

Differently from the aforementioned bands, the BO7 values pursue another pattern
along the time, and it was not possible to identify an influence of the clouds around 10 am.
BO7 TS presented just a soft peak curve from 9:00 am to 9:00 pm (Figure 3-E), which can
be explained considering this band contains daytime solar reflectance component. Along
it, it seems that the curves NAF and FAF are overlapped. Nonetheless, a closer analysis
between 2:00 pm and 5:59 pm shows that the curves are slightly different, and the NAF
values are again higher (Figure 3-F).

Such results could support the development of a reliable process able to classify
GOES-16 based on the spectral-temporal characteristics. However, the use of nearer pix-
els (<3 km) may distinguish the results of NAF and FAF even better. Furthermore, the
aforementioned bands main advantage is in RGB composition, but GOES-16 presents 16
different bands. As such, it would be suitable to develop an approach, as an index that can
use the full potential of the integrated bands. For instance, the use of a middle infrared
band (B07) may be even boosted when integrated with the a thermal infrared band (Band
14 in the case of GOES-16), as showed in Section 2.1. Moreover, the analysis of FAF
temporal patterns could benefit the identification of anomalies in TS that can be related to
the incidence of fires.
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Figure 3. TS spectral behaviour of the average values of the GOES-16 FT-RGB
bands near and far from active fire environments - October 24th, 2018. A highlight
is available during the acquisition of active fire data (2: pm - 5:00 pm). A. Band 5
(B05) along a whole day; B. B05 from 2:00 pm to 5:59 pm - interval with detected
active fires; C. Band 6 (B06) along a whole day; D. B06 from 2:00 pm to 5:59 pm -
interval with detected active fires; E. Band 7 (B07) along a whole day; F. BO7 from
2:00 pm to 5:59 pm - interval with detected active fires.

4.2. How does the GOES-16 FT-RGB compositions behave in near and far from
active fire environments?

According to the FT-RGB quick guide [SPoRT 2018], colors derived from the compo-
sition can be related to different targets. In theory, near black color is more related to
water/snow/night, shapes of blue to water clouds, green to ice clouds, purples/pinks to
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clear land, red to warm fire, and shades of maroon to burn scars. However, for the same
target the presented color may vary in space and time.

Along the day, the True Color RGB composition enabled the identification of just
three different targets Cerrado natural vegetation, cloud, and clouds shadow. In general,
the presence of clouds were highly accurate with the pixels in shades of blue and green,
which hide sometimes the land cover. The FT-RGB could identify a small water course in
the north of the scene mainly from 2:00 pm to 2:45 pm (Figure 4). As the size of the water
course is too small, possibly there are contributions from others factors for the amount of
near black pixels.

Due to the complexity of the TS, we are going to present in detail three different
analysis. In the first one (Figure 4, white dotted square), it is possible to notice at 2:00 pm
the presence of a red pixel in the center of the square, which is classified as a source
of active fire by the satellites Terra at 2:15 pm, and S-NPP at 3:48 pm. Except for the
presence of cloud or cloud shadow, this pixel remained with a hot color palette during the
whole analyzed interval.

The second analysis (Figure 4, dark blue dotted square) also presented in the cen-
ter of the square a pixel with shades of red, orange, pink, and purple. It was identified
active fire in this pixel or in the adjacent pixel above at 5:00 pm and 5:30 pm, by the
satellites Aqua and S-NPP, respectively. As it is located in in the extreme southwest of
the area, region that present some clouds along the afternoon, the result may be influenced
by this target. The last analysis (Figure 4, orange dotted square) is regarding two adja-
cent pixels in the center of the square, whose color along the period was also red, orange,
pink, and purple. It was identified active fire by the satellites S-NPP at 3:48 pm, Aqua at
5:00 pm, and in the adjacent pixel above by the S-NPP at 5:30 pm.

Due to the spatio-temporal variations of the colors in the FT-RGB composition, it
would be necessary to assess the correlation between the targets and the possible corre-
spondent band values in Cerrado. Furthermore, the presence of water clouds could have
influenced the analysis of the red pixels and the active fire spots. Such process would be
crucial to identify which values of the RGB could endorse the presence of fire.

5. Conclusion

In this study, we analyzed the use of GOES-16 TS to characterize near real-time active
fires in Cerrado. As a result, we identified a certain pattern along the 24 hours TS from
bands 05, 06, and 07. However, the TS curve analysis was influenced by the presence of
clouds from 8:00 am to 12:00 pm. During the presence of active fires (2:00 pm - 5:59 pm),
the NAF values tend to be slightly higher than FAF, which may indicate that techniques
of digital image processing could strength the differences and separate both groups to
improve the active fire detection.

Regarding the FT-RGB composition, we visually identified a certain relation of: i)
shades of red with active fires; ii) shades of blue and green with clouds; iii) the color black
with the presence of water; iv) shades of brown with clear sky. For a deeper analysis of
active fires, the presence of water clouds were a hindrance to better relate the color with
the target. Moreover, we identified as a limitation of the technique the minimum and
maximum RGB values, which presents a spatio-temporal variation, and may influence
the final color.

73



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 66-77

Minutes

Hours (pm)

LEGEND
Active fire data source o Terra S-NPP Agua S-NPP 1|:0 km
Time of acquisition 2:15pm 3:48pm 5:00pm 5:30pm R7:G6:B5

Number of the analysis @

Figure 4. GOES-16 FT-RGB compositions near and far from active fire environ-
ments along October 24th, 2018, from 2:00 pm to 5:45 pm.

As part of a study already in progress, we are working on the comprehension of
the spectral-temporal behaviour of the GOES-16 to assess its viability to detect near real-
time active fires. The aforementioned preliminary results indicate that it is possible to
develop an approach to use this sensor data to detect or improve the active fires indica-
tion. Nonetheless, further studies are required to acknowledge such assumption. As such,
we suggest: i) to analyse the remaining GOES-16 bands in larger areas focusing on the
development of algorithms, such as indexes; ii) to find alternatives and to better compre-
hend the influence of clouds in the analyzed targets, and; iii) to incorporate other related
data products as active fire data from the Advanced Very High Resolution Radiometer
(AVHRR), to generate models that can more accurately distinguish active fires.
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Abstract. To estimating and monitoring land use and land cover is crucial the
presence of good quality data. Our objective was to assess the temporal and
gpatial distribution of quality data retrieved by the MODIS sensor between the
years 2000 and 2017, specifically in Bahia Sate, located in the Brazlian
Northeast region. We used 411 images to account the presence of good quality,
marginal and most probably cloudy data. The results showed that the east of
Bahia Sate, inserted in the Atlantic Forest, presented a large concentration of
failed pixels. The west region presented the most predominant good quality data,
except in the beginning and end of the year, when increase the monthly
precipitation. The conclusion is that the Quality Assurance provided by MODIS
allows separating pixels with clouds and quality problems for further analysis.

1. Introduction

Northeast Brazil (NEB) is the region with the largest dry tropical rainforest in South
America (SILVA et al., 2018), however, the region is strongly affected by land cover
degradation due to inadequate management and environmental problems related to
global climate change (MARENGO et al., 2016; SANTOS et al., 2011). Thus, the
monitoring of the land use and land cover changes is crucial for the correct detection of
land degradation, to support decision making to mitigate impacts of these processes.

Over the past decades, Remote Sensing products have become an important
source of information for monitoring land cover changes. Due to the possibility of
acquiring data over large geographic extensions, such products allowed a better
understanding of the processes that occur in these areas (ANDERSON, 2004).

However, when dealing with images generated from Remote Sensing, the
radiation detected by the sensor may contain the mixture of different targets response
and atmospheric effects. Thus, the presence of noise may cause changes in reflectance
values, preventing analysis and results (LU et al., 2007). In this sense, the absence of
clouds and shadows is fundamental for land cover mapping and monitoring.
(RUDOREFF et al., 2010).

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an instrument
that is currently flying aboard the Terra and Aqua spacecraft. The data provided by the
sensor is widely used in the global monitoring of terrestrial ecosystems, due to large
observing swaths and polar orbit that allows daily or each 2-days images (JUSTICE et
al.,, 2002; KRAATZ et al., 2017). In addition to the atmospheric and geometric
corrections already present in the available data, the quality assurance (QA) is provided,

78



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 78-87

pixel-by-pixel, on the conditions of the data produced. The use of QA may be for the
purpose of data analysis, selection or screening (DIDAN et al., 2015).

The aim of the present study was to assess the temporal and spatial distribution
of quality data retrieved by the MODIS sensor between the years 2000 and 2017,
specifically in the Bahia State, located in the Brazilian Northeast region.

2. Material and Methods

2.1. Study Area

The Bahia State occupies the sixth position among the Brazilian states with the largest
territorial extension. Atlantic Forest - AF, Caatinga (Savanna-steppe) - CA and Cerrado
(Savanna) — CE biomes predominate the state, whose rainfall ranges from more than,
approximately, 1000 mm/year to less than 600 mm/year among the biomes (Figure 1)
(KOUSKY, 1979, ALVARES et al., 2013).

Moreover, the climate typology of the state is characterized by a diversity of
domains, with high rainfall variability due to the different meteorological systems acting
in this region, such as the Intertropical Convergence Zone (ZCIT), Cyclonic Vortices
(VCAN), South Atlantic Convergence Zone (ZCAS), breezes and winds, also a relief
consisting of plains, valleys, mountains and mountains (MOLION and BERNARDO,
2002).

[ Atlantic forest (Af)
rj Caatinga (Ca)

Cerrado (Ce)

Bahia state

-,
e Brazilian states \/

oo i

= Atlantic ocean Mean Precipitation

(mm/annual/2017)

2°N

28°S

Figure 1 - Study area, biomes and rainfall ranges, located in the Brazilian Northeast.
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2.2. Methodological Procedures

The MODIS sensor offers severa ready-to-use products such as surface reflectance,
surface temperature, net primary productivity and vegetation indices (BORGES and
SANO, 2014). Among the products, the MOD13Q1 provides the vegetation index
images (NDVI and EVI), including the spectral bands used for the generation of these
indices: blue, red, near infrared and a band located in the middle infrared range, in
addition to quality assurance (QA).

The product is available as biweekly, monthly and annual mosaics, with spatial
resolutions in 250 m, 500 m and 1 km, whose are temporarily selected to provide cloud-
free data by selecting pixels with maximum NDVI vaue. The product is generated
considering the nadir adjustment to avoid distortion due to data compression in the
pixelslocated at the image edges (DIDAN et a., 2015).

Thus, all QA data were acquired in the 16-day compositions in the spatial
resolution of 250 m, for the period from 2000 to 2017, referring to the tiles H13V 10,
H13Vv09, H14V 10, H14V09 covering the entire state of Bahia. All data were obtained
from the EarthData — NASA (https.//ladsweb.modaps.eosdis.nasa.gov), totalizing 411
images obtained for the entire study period, representing approximately 15.2 GB of
files.

The QA data is presented in numeric values (bits) that summarize the quality of
the pixel. A bit can only assume binary values, i.e. 0 and 1, so 8-bit combinations form 1
Byte. Considering only the first two bits contained in QA (Figure 2), they provide four
different combinations (00, 01, 10, and 11) that correspond to a particular type of pixel
condition. These four different combinations can be described as: good quality pixel,
marginal quality pixel, most probably cloudy and non-produced pixel due to other
reasons than clouds (Table 1). Thus, to classify the QA images, firstly we convert to
binary values from decimal values and in sequence we selected only the first two hits.

Byte (8 bits) representation

26 | 25| 24| 23| 22| 21|20

64 | 32 | 16 8 4 2 1

Aleuiq |ewiosp

y Assurance (QA) image

Figure 2 — Example of selecting bitsin the quality assurance
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Table 1 - Image description of VI Quality.

Bit Parameter  Value Interpretation

00 IV produced with good quality

. 01 IV produced, but check other QA
0-1 Quality

10 Pixel produced, but most probably cloudy

11 Pixel not produced due to other reasons than clouds
Source: Didan et a. (2015).

3. Resultsand Discussion

The extraction of quality pixel parameters allowed counting the good quality, marginal
and probably most cloudy pixels data (Table 2). To discussion, the results were divided
in three regions representing the biomes, which the AF is the most affected region by
marginal and probably clouds. Considering the temporal series, the standard deviation
had a variation of, approximately, 52% to AF, 22% to CA and 23% to CE in good
quality pixels. In other words, in specific years, the AF region had only 18% of pixels
classified as good quality by MODIS assurance.

Table 2 — Average and standard deviation of pixel accounted during 2000 and 2017
years, divided by biomes.

2000 - 2017

Average Standard deviation

Good quality Margina Probably cloudy Good quality Margina Probably cloudy

Atlantic

forest 784,355 544,769 519,185 410,470 184,397 288,583
Caatinga 3,415,512 866,674 635,103 796,673 384,616 527,342
Cerado 2,158,350 238,498 96,637 485,227 302,329 265,181

Observing the mean percentage of data (Table 3), we have noticed that the good
quality data is inversely proportiona of biomes location, that this the coastal region is
strongly affected by clouds, while west region is less affected. CA is a transitional
region between AF and CE biomes.

Table 3 - Pixel percentage based on time series aver age.

2000 - 2017
Percentage (%)
Good quality Marginal Probably cloudy
Allantc 41.87 20.08 27.71
Caatinga 68.93 17.49 12.82
Cerrado 86.49 9.56 3.87
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According to Palharini et a. (2017), when analyzing the classification of cloudsin
northeastern Brazil, a strong cloud signal was observed over coastal areas. This can be
explained by the fact that winds are generally perpendicular to the coast and carry a lot
of moisture from the ocean to the continent, contributing to the formation of shallow
clouds.

Visudly is observed in the temporal profile (Figure 3) patterns of good quality
pixels distribution during the years in all regions. Except for the beginning and end of
each year, the amount of good quality is most predominant in the middie of the year,
being even more distinct in CE (Figure 3b).
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Figure 3 — Temporal profile of MODIS quality assurance between 2000 and 2017 years.

Where: a) Atlantic Forest, b) Caatinga, and c¢) Cerrado biomes.

82



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 78-87

Analyzing individually the 2017 year and comparing with monthly precipitation
obtained by TRMM (Tropical Rainfall Measuring Mission) data (Figure 4), we observe
that the presence of marginal and most probably cloudy data follows the trend of
increasing monthly precipitation, i.e. the beginning and end of the year, in the CE
(Figure 4c).

However, thistrend has shown inversely in the AF (Figure 44). In other words, the
predominantly wettest months was also the less affected by pixels classified as marginal
and most probably cloudy data. Meanwhile, CA shows a higher variation during the
year, athough also follows the trend of decreasing good quality data and increase of
monthly precipitation in the beginning of the year.
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Figure 4 — Temporal profile of MODIS quality assurance between 2017 year. Where: a)

Atlantic Forest, b) Caatinga, and c¢) Cerrado biomes.
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In Figure 5, is represented the count of times that one pixel, in the period of the 23
QA images considered in the 2017 year, presented good quality (Figure 5a) and flaws
(Figure 5b and 5c). As seen, in the east of the state, located the AF biome, is observed a
high number of pixel failures, with a frequency of less than four (4) times that the pixel
was classified with good quality.
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Figure 5 — Map of Bahia State classified by frequency of pixel, considering 23 Quality
Assurance images in the 2017 year. Where: a) representing the frequency of pixels
classified with good quality data, b) marginal data, and ¢) most probably cloudy data

Spatially, we observe monthly the great spatial and temporal variability of pixels
that have dubious quality and / or probable incidence of cloudsin 2017 year (Figure 6).
Especidly in the eastern part of the state, where the Atlantic Forest biome is inserted,
there is not a single month with good quality pixels for the entire region. Only in May is
observed the increase in the avail ability of better-quality data.

However, considering the monitoring of land use and land cover in the state, is
evident the restriction on the use of low temporal resolution by Remote Sensing
products. In this manner, operational systems, as SOS Mata Atlantica (FUNDACAO
SOS MATA ATLANTICA, 2017), due to the difficulty in obtaining cloudless orbital
images for the Northeastern states, partial areas of Bahia State were added only after
five years after the first land cover mapping.
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Similarly, Sano et al. (2007) verified the influence of cloud cover on a Landsat
TM and ETM + dataset in the Brazilian Cerrado and, as aresult, it was found the lowest
influence of cloud cover when compared to the Brazilian Amazon. However, cloud-free
Landsat data acquisition (at least 10% of cloud cover) is severely affected during the
rainy season, which may restrict studies related to seasonal changes in the Cerrado's
natural vegetation or in monitoring of the vegetation cover.
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Figure 6 — Quality assurance observed spatially and monthly in the 2017 year.

85



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 78-87

4. Conclusion

The images of quality assurance presented in the product MODI13Q1 were of great
importance to know, a prior, the spatial and temporal distribution of pixels with good
and dubious quality data. Thus, in Bahia State, the Atlantic Forest biome is strongly
affected by clouds, while Cerrado biome is less affected. We recommend checking for
good quality data when performing studies that use Remote Sensing products, once the
high predominance of clouds could strongly affect the mapping and monitoring of land
use and land cover changes by optical data.
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Abstract. This paper analyzes the distribution of socio-occupational groups in
Subregion 4 of the Paraiba Valley and North Coast Metropolitan Region (in
Portuguese: Regido Metropolitana do Vale do Paraiba e Litoral Norte —
RMVPLN) using spatial microsimulation techniques. To fulfill the proposed
objective, the IPF technique was used to obtain, through the 2010 Demographic
Census microdata, spatial microdata in the territorial unit of census tracts. After
obtaining the data, the Skater regionalization technique was applied to obtain
more homogeneous socio-occupational groups. It was possible to identify 15
homogeneous groups, five of them with larger numbers of census tracts. Overall,
the proposed socio-occupational categories, studied at an intra-urban scale,
allowed for highlighting the social structure on a subregion of the newest
Metropolitan space in Sdo Paulo. Unfortunately, although it is still a
preliminary study, it points for degrees of inequalities consistently spatially
segregating the less privileged socioeconomic groups of the population.

1. Introduction

Focused studies of poverty identification and population classification by income range
dominate much of Brazil's social policy discussions [Neri and Carvalhaes, 2008], [IPEA,
2008]. Although income plays an important role in the insertion of individuals in the
market of goods and products, it cannot be seen as the sole delimiting factor of the
position of individuals in the hierarchy of a society.

As an alternative to the stratification of the population according to income ranges,
the literature proposes typologies based on broader concepts, which would be
approximations more consistent with the class behavior of a Society [Rose e Harrison,
2007], [Rose e Pevalin, 2005], [Jannuzzi, 2003], [Quadros e Maia, 2010].

Occupations began to play an essential role in shaping the structure of modern
capitalist societies. Identifying the socio-occupational structure of a society enriches
social analyzes, whether related to exclusion, inequality, mobility, health, consumption,
among others [Quadros e Maia, 2010].

Socio-occupational stratification is, however, a methodological challenge that is
subject to the complexity of the theme and the limitations imposed by the data. To help
understanding the complexity of social relations in Subregion 4 of the Paraiba Valley and
North Coast Metropolitan Region (in Portuguese: Regido Metropolitana do Vale do
Paraiba e Litoral Norte — RMVPLN), this paper proposes to analyze the distribution and
composition of its socio-occupational structure. The analyzes are supported by on a
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proposal to stratify Brazilian society based on the structure of occupations of the labor
market used by IBGE (2010).

These analyzes start from the premise that relatively homogeneous social groups
can be obtained from the insertion of individuals into the labor market (occupational
groups) and into individual income ranges (social strata). If socio-occupational
stratification proposes to summarize the heterogeneity of the patterns of a society, it must
be able to represent relatively homogeneous groups of the population according to
characteristics associated with this concept. It is the type of analysis that the literature
calls construct validity [Quadros and Maia, 2010], which was analyzed in this work
according to the composition of the identified socio-occupational groups in relation to
characteristics of sex, color, age, level of education, occupation, income and geographical
region (census tracts) of its members.

To fulfill the proposed objective, the work steps consisted of: (i) spatial
microsimulation to obtain the spatial microdata in the territorial unit of census tracts, since
important variables for analysis (occupation and educational level) are only in the
microdata; (ii) data regionalization by the Skater method, using as analysis variables in
the territorial unit of census tracts: age, gender, color, income, occupation and education
level. Individuals 10 years of age and over who performed paid work in the week or
unpaid work for at least one hour a week, including self-consumption and self-building
activities, were considered to be employed.

Spatial microsimulation techniques are then used in this work to combine the
advantages of existing data and achieve the intended objective, both qualitatively and
spatially detailed data [Feitosa, Jacovine e Rosemback, 2016].

2. Materials and Methods

2.1. Study area

The study area of the present work consists of RMVPLN, which was created by the
Complementary Law n. 66 of 2011, and its effective creation in 2012 through
Complementary Law no. 1166, 2012, is already born large and surrounded by conflicting
interests [EMPLASA, 2018], [Maria, 2016]. Currently, there is wide intra-regional
economic diversity, and the region has a great diversified economic activity, not yet
explored correctly. Although municipalities have different scenarios ranging from forest
formations to differences in the absolute number of population, all municipalities have
been encompassed in a single Metropolitan Region (Figure 1), which, according to the
state government, aims to join efforts to give more conditions to this region to better serve
the State of Sdo Paulo and the country, as well as to enable municipalities in less
developed economies to have the opportunity to integrate into the regional development
process [EMPLASA, 2018]. This vision makes small municipalities invisible in territorial
planning.

The focus of this study was on subregion 4, due to its historical importance in the
coffee period and currently invisible to the current metropolitan planning applied
throughout the RMVPLN. The subregion comprises eight municipalities: Cruzeiro,
Lavrinhas, Queluz, Silveiras, Areias, Sao Jose do Barreiro, Arapei and Bananal, these are
shown in Figure 2.
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Figure 1. Location of the Paraiba Valley and North Coast Metropolitan Region.
Source: Prepared by the author through the IBGE database (2010).
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Figure 2. Location of RMVPLN Subregion 4, area of study of this work. Source:
Prepared by the author through the IBGE database (2010).

2.2. Data base

The data used in this work come from the 2010 Demographic Census, conducted by
IBGE. The Census is the most comprehensive statistical survey conducted in Brazil,
collecting data on the composition and characteristics of the population, families,
households and their surroundings and is available to all municipalities in the country
[Feitosa, Jacovine e Rosemback, 2016], [IBGE, 2011], [IBGE,2010].

In performing the census, IBGE applies two types of questionnaires: the basic and
the sample. The Basic Questionnaire (37 items) is applied to all households, except those
selected for the sample, and contains the investigation of the characteristics of the
household and residents. The Sample Questionnaire (108 items) is applied to all
households selected for the sample, about 11% of the population. In addition to the
research contained in the Basic Questionnaire, it covers other household characteristics
and researches important social, economic and demographic information of its residents
[Feitosa, Jacovine and Rosemback, 2016], [IBGE, 2011], [IBGE, 2010]. Table 1
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summarizes the data used in this study.

Universe data from the Basic Questionnaire are available in tables and in a file
aggregated by Census tracts. Census tracts according to IBGE (2011) are: “[...] the
smallest territorial unit, formed by continuous area, entirely contained in urban or rural
area, with adequate size for the operation of research and whose set exhausts the entire
National Territory, which ensures full coverage of the country” [IBGE, 2011, p.4].

The microdata from the Sample Questionnaire are available in tables and in a
territorial unit called Weighting Area. Weighting Area according to IBGE (2010) is: “[...]
a geographical unit, formed by a grouping of census tracts, to apply the estimation
calibration procedures with the known information for the population as a whole” [IBGE,
2010, p.14].

Table 1. Data used.

SPACE
DATA FORMAT AGGREGATION SOURCE YEAR
UNIT
Municipal Limits Vector MUN. IBGE 2010
Census Tracts Vector MUN. e CT IBGE 2010
Weighting Areas Vector MUN. e WA IBGE 2010
Aggregate
Demographic Table CT IBGE 2010
Census Data
Microdata 2010
Demographic Table WA IBGE

Census

Legend: MUN.: Municipal; CT: Census Tracts; WA: Weighting Area. Source: Prepared by the author.

2.3. Spatial microsimulation and the IPF method

According to Lovelace and Dumont (2016), to understand the concept of spatial
microsimulation it is important to look at the three parts that make up its nomenclature:
spatial, micro and simulation. The first part, spatial, shows the intention to understand
how what is being analyzed varies in space, and not (only) between individuals, thus
distinguishing this approach from the field of microsimulation only. The second part,
micro, shows the level of information and the degree of detail that can be worked with
the technique. The third part, simulation, as in all modeling work, brings with it the idea
of producing data estimates.

Thus, spatial microsimulation is understood in this paper as “the creation, analysis
and modeling of data at the individual level allocated to geographical zones” [Lovelace
and Dumont, 2016, p.7]. According to Jacovine (2017) it is important to emphasize that,
strictly speaking, new individuals and information are not being created with spatial
microsimulation. Both the "new" individuals and the information generated are, in fact,
the result of the "reorganization" and "combination" of existing data in the bases worked.

Further explaining the process of spatial microsimulation, it is necessary to
understand that initially there are two types of data: an aggregate in a certain spatial unit
(in this case, aggregated by census tracts) and another disaggregated (called microdata
that is in the spatial weighting area scale). In order to analyze socio-occupational groups,
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the aim is to have a set of available information present in a smaller spatial aggregation
unit than the municipality, such as the census tracts. By applying a spatial microsimulation
technique to this data set, an estimate is generated, which is called spatial microdata,
where there is a decrease in the spatial scale of the analyzed microdata set.

For this to occur it is important that the data meet a set of requirements, something
that varies between the various existing techniques of spatial microsimulation. But all
methods have in common the requirement that both aggregate and microdata data must
have variables in common, called constraint variables. In addition, databases must be
organized and systematized in specific ways. After these requirements are met, the result
of microsimulation is the allocation of individuals (new microdata) to the census tracts,
thus bringing information that was present only in the coarser resolution spatial units to
finer spatial resolution units, thus opening up many opportunities for analyzes and
interpretations of territorial reality [Jacovine, 2017].

Because it has many applications in different contexts, there are numerous spatial
microsimulation techniques available in the literature. In the present work, we chose to
use the IPF (“Iterative Proportional Fitting”) reweighting technique for the following
reasons: the existence of publicly accessible 2010 IBGE Census microdata; Comparative
studies published in the literature show that reweighting methods are the most efficient
[Hermes and Poulsen, 2012]; and because it is more commonly used, being a simple
technique, easy to understand and replicable [Feitosa, Jacovine e Rosemback, 2016],
[Hermes e Poulsen, 2012].

The IPF method, like any other method of spatial microsimulation, consists of the
estimation and allocation of microdata on spatial scales or geographic clippings of interest
(census tracts, neighborhoods, etc.). For this, the method confronts different databases
(microdata and aggregated data), but with common variables, seeking to compute the
representativeness of individuals in each area of interest. The more representative an
individual's characteristics are for a given area, the greater the weight given to him. In the
opposite case, the rarer the characteristics of an individual, the lower their weight
[Jacovine, 2017], [Lovelace and Dumont, 2016].

The IPF requires two types of aggregate data: data with spatial information that
presents the number of individuals (total count) for each of its composing variables; and
data at the individual level (microdata), which presents a greater richness of variables,
besides allowing one or more characteristics to be associated to the same individual
[Jacovine, 2017], [Lovelace and Dumont, 2016].

Regarding the variables used, they are subdivided into two groups by the IPF,
based on the function they fulfill: restriction variables and variables of interest.
Responsible for allowing the method to function properly, the presence of restriction
variables on both bases is vital. This is because they enable the connection between these
two universes, allowing estimates for the variables of interest to be generated. The
variables of interest are those you want to know better, but do not present data or
information at a given scalar level [Jacovine, 2017], [Lovelace and Dumont, 2016].

Regarding the variables selected to obtain socio-occupational groups from
Subregion 4 of the RMVPLN, in the case of restriction variables, characteristics related
to the household head were used, such as “race / color”, “gender”, “age” and “yield on all
jobs”. These variables have important characteristics that interfere with what is expected

to be estimated, justifying their choice. Regarding the variables of interest, the chosen
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ones were “occupation” and “educational level” both present only in microdata. This is
because, with these two variables, one can obtain the main factors for the creation of
socio-occupational groups. Once the restriction and interest variables are defined, the next
step of the method is to define the initial weight to be assigned to each of the individuals
involved in the process. Generally, the initial value assigned is the same, assuming that
all should be treated the same at the beginning of the process [Jacovine, 2017], [Lovelace
and Dumont, 2016].

Once the initial weight is set, the IPF can then be executed. For this, from Equation
1, the algorithm starts from the established initial weight and adjusts it for all households
in the first census tract, for example. At the end of the first census sector, the algorithm
will move to the second sector, using the weights obtained in the previous step. And so
the process will go on, individual by individual, sector by sector. After all sectors are
calculated for the first constraint variable, the algorithm will move to the next constraint
variable and the same path will be taken. It is noteworthy that, in order to obtain a better
fit, the algorithm, after computing the weights for all variables, returns to the first and
restarts the calculations, using the final weight of the last restriction variable. This will
end when the process is terminated using all constraint variables. What is verified,
therefore, is that the procedure is made restriction variable by restriction variable, so that,
at the end of the process, all individuals and their characteristics will have their weights
computed for each of the census tracts analyzed [Jacovine, 2017], [Lovelace and Dumont,
2016].

Pni — Pi*"?gregvar
Microygr

Equation 1

Where,

Pn;: New weight;

P;: Initial or previous iteration weight;

Agreg,q.r: aggregated data for the census tract under analysis;
Micro,,,: microdata for the same variable as the aggregate data.

With the weights generated and expressed in integers, the next step performed is
data expansion. This step consists of creating tables with individual records associated
with certain portions of the territory. Thus, there is the spatial microdata [Jacovine, 2017],
[Lovelace and Dumont, 2016].

2.4. Skater regionalization

Regionalization can be seen as a classification procedure applied to geo-objects with
polygonal representation. It requires contiguity between geo-objects of the same class,
where geo-objects members of the same class must form a single, homogeneous and
spatially contiguous region. One tool that performs Regionalization is the Skater tool. It
considers the spatial location of geo-objects (centroids) and is based on the neighborhood
structure between geo-objects (graph: {nodes, edges}) [Assuncdo et al., 2006]. The
neighborhood matrix considered in this study was the simplest one, which considers
neighbors by contiguity criterion.

The Skater method performs regionalization via the Minimum Spanning Tree
(MST) method, where the construction of the MST is based on measures of similarity
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between geo objects, analyzing the “costs” of graph edges (between geo objects). Initially
costs are calculated using a metric that assesses the similarity between two geo-objects.
This metric is measured by the similarity coefficient, denoted by S, and these similarity
coefficients across all geo-objects can be condensed into a Snxy matrix [Assungao et al.,
2006], as shown in Figure 3.
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Figure 3. How similarity and its costs are measured. Source: Camargo and
Monteiro (2010).

Similarly, the p attributes or variables associated with each of the n geo objects
can also be represented by an Xuxp, matrix (Figure 4).
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Figure 4. Representation of attributes in matrix form. Source: Camargo and
Monteiro (2010).

The similarity coefficient is measured by the Minkowski metric, represented by
Equation 2.

s - R N .
5.‘_. = [Ef:_!'?in — "f_l.l! lI'A Az=0

Equation 2
Where:

1 ej: geo-object indexers;

I: variable indexer (attribute);

Xi; e Xj;: value of the ith variable associated to the i-th and j-th geo-object, respectively;

A: is a parameter; higher values of A => emphasize the variable with the greatest difference
between X;; and Xj;.

For A=2, the similarity coefficient between two geo-objects is obtained through
the calculated Euclidean distance over the attribute space. And it was with this case that
the current work was performed.

Finally, there is the last step: the pruning of the MST. In this step of the procedure
the way of assigning costs to edges is modified in order to obtain better results: more
homogeneous regions, more balanced in terms of geo-object numbers per region, and
finally, the lower cost edges are removed.
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3. Results and Discussion

Figure 5 is the result after regionalization, forming 15 homogeneous socio-occupational
groups considering the analysis variables. Spatial microsimulation expanded and
allocated the original microdata into sectors and allowed for a much more detailed spatial
distribution of occupations, the main variable for analysis of socio-occupational groups.
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Figure 5. Regionalization result, totaling 15 socio-occupational groups. Source:
Prepared by the author through the IBGE database (2010).

Figure 6 shows the main groups formed. Group 1 is a group that clashes with the
whole region and is located in the municipality of Cruzeiro. This group contains 201
people, of which 45% are women and 55% men. 100% of the individuals declare
themselves white, with an average age of 41 to 50 years. The average income is 5 to 10
minimum wages (which in 2010 was R § 510.00), explained by the high number of
individuals with complete high school and incomplete higher education (32%) and with
complete higher education (58%). The occupations with the highest percentages are
science and intellectual professionals (31%), directors and managers (13%), and
technicians and middle level professionals (16%).

Groups 7, 8 and 9 were the groups that included more census tracts from different
municipalities and portray the reality of the subregion as a whole. These groups contain
on average 27% women and 73% men. 68% of the individuals declare themselves white,
26% brown and 5% black. The age groups with the largest numbers of people are 31 to
40 years (20%), 41 to 50 years (26%) and 51 to 60 years (29%). The average income in
these groups is % to 2 minimum wages, explained by the high number of individuals with
complete high school and incomplete higher education (22%) and without education and
incomplete elementary school (48%). The occupations with the highest percentages are
elementary occupations (28%), trade and market sales services workers (14%) and skilled
workers and craftsmen of mechanical and another crafts construction (14%).

Finally, group 14 has the largest number of census tracts (65 sectors). This socio-
occupational group contains 13,028 people, of which 17% are women and 83% men. 64%
of people declare themselves white, 28% brown and 7% black. The average age is 51 to
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60, with a low average income of 2 to 1 minimum wage. 58% of the individuals have no
education and incomplete elementary school, where the occupations with the highest
percentages are elementary occupations (26%), trade and market sales services workers
(18%) and skilled workers and craftsmen of mechanical and mechanical arts construction;
other holes (26%).

The other groups not mentioned have similar characteristics to groups 7, 8 and 9
and some were not grouped to them by contiguity criteria, or because they have one or
more analysis variables with very different values. For example, group 8 and group 9
were not grouped by the large difference in numbers of people they contained in total.
The creation of similar groups can be explained by the large difference in numbers of
census tracts between municipalities. Most municipalities in subregion 4 have few census
tracts because they are small towns, only Cruzeiro disagrees with this reality of the
subregion. For this reason, most of the groups created, which were not mentioned, are
within the municipality of Cruzeiro, as this is a municipality that has larger numbers of
census tracts with greater differences between them (see Figure 6).

| Legenda

| Setons Cansianos

Figure 6. Socio-occupational groups 1, 7, 8, 9 and 14. Source: Prepared by the author
through the IBGE database (2010).

4. Conclusions

This work showed how spatial microsimulation techniques introduce new possibilities for
studies of socio-occupational groups in more detailed spatial units. While data aggregated
by census tracts show fine spatial resolution, there is no possibility of having variables
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such as “occupation” at this level due to the confidentiality of data presented by the IBGE
Demographic Census. Census sample data (microdata) have a more detailed data set that
is suitable for analyzing and proposing a socio-occupational structure, but lacks detailed
spatial information, and the IPF method was able to merge the two qualifications of the
two data.

The Skater Regionalization method allowed to analyze and to join in
homogeneous groups the studied variables, that is, it was possible to propose a socio-
occupational structure for the RMVPLN subregion 4. The grouping allowed highlighting
the high degree of inequality within the subregion and consistently discriminating
important socioeconomic groups of the population.

Additional testing should be performed to ensure that the resulting spatial
microdata is as representative as possible within the limitations of the data. This requires
exploring the choice of different constraint variables and validating the resulting
estimates. It is also important to test and compare different methods of spatial
microsimulation, exploring their main characteristics, variability and validity against the
resulting external data sets, in order to arrive at a better estimate. In addition, modifying
the neighborhood criteria for the neighborhood matrix considered in this paper to apply
the Skater method may also offer improvements to the proposed socio-occupational
structure.
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Abstract. With the explosion of trajectory data available from many sources,
emerges the problem of data privacy. Trajectory privacy methods have been
studied for many years. Data analysis and mining methods can benefit from
truthful data sources, but for this purpose, protecting users privacy is crucial.
Trajectories have been studied as multidimensional data with space, time and
semantic dimensions in which a few works in the literature have considered all
of them. The more information that is associated to mobility data, the more
sensitive is the user privacy. In this paper we present the basic concepts and
the state of the art in trajectory privacy and present the challenges related to
mobility data anonymization.

1. Introduction and Motivation

With the popularization and price reduction of mobile devices, large volumes of mobility
data are being collected about our daily routines. In the era of Big Data, movement data
can be enriched with information from several sources, such as sensors, internet channels,
social networks, etc. With this explosion of enriched data, new technologies and methods
are being developed for categorizing, processing, and mining these big data [Ferrero et al.
2016].

The movement data collected by mobile devices are called moving object trajec-
tories. The most simple type of trajectory, called raw trajectory, is a sequence of points
T =< p1,p2, ..., Pn >, Where each p; = (z;,y;,t;), with p; € T, x; and y; are the spatial
position of the moving object (MO) in space at a time instant ;.

Multiple Aspect
Raw Trajectories Semantic Trajectories Trajectories
| | |
T 1T ) ) 1T 1
Event \\ Stopsand
P CONSTANT )) Baquara MASTER
Sequences / Moves
Hornsby et. al. Spaccapietra et. al. Bogorny et. al. Fileto et. al. Melo et. al.
[2007] [2008] [2014] [2015] [2019]
Represented Represented Associated de MO with Semantic Multiple and
trajectories as a trajectories with activities, means of trajectories with heterogeneous
sequence of semantic meanings transportation, visited  ontological aspects trajectories
events POls and other aspects models

Figure 1. Timeline of the evolution of trajectory data models.

Over the last decade, several data models have been proposed to represent and
enrich trajectories with semantic information, which is leading to a without precedent vi-
olation of human privacy. The evolution of these data models is shown in Figure 1. In
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2007, Hornsby and Cole [2007] started by modelling trajectories as sequences of events
in space along time. In 2008, Spaccapietra et al. [2008] proposed the concept of seman-
tic trajectory, which integrates trajectories with geographic information and distinguishes
stops and moves. Stops are the parts of a trajectory where the moving object has stayed
for a minimum period of time, while the moves represent the movement between stops.
In addition to the spatio-temporal attributes of space and time, Semantic Trajectories can
have each stop associated with semantic information, called Points of Interest (POI). Most
commonly, a POI is a place name. Later in 2014, a semantically richer model, called
CONSTANT, was proposed by Bogorny et al. [2014], associating the moving object tra-
jectories with the visited POls, the activities performed at a POI, the means of transporta-
tion, the goal of a visit, etc. Fileto et al. [2015] proposed the BAQUARA framework to
enrich trajectories with ontologies and linked open data.

Recently, Mello et al. [2019] proposed the model MASTER, which introduces
the concept of multiple aspect trajectory, allowing the enrichment of trajectories with
any type of information, also called aspects. This model solves the problem presented in
Ferrero et al. [2016], in which aspects were considered separately. The MASTER model
allows the representation of the trajectory with space, time and several aspects, any of
which might violate the user privacy. Figure 2 shows a multiple aspect trajectory that
follows the definitions given by Mello et al. [2019], with aspects that differ along the
trajectory. As can be observed from the figure, a trajectory has very detailed information
about the moving object, with several aspects as: (i) at home, the heart and sleeping rates
are collected from a smartwatch; (ii) when he moves on foot to work the humor is given
by a tweet; (iii) at a smart office sensors collect environment information, as the noise,
temperature and pollution; (iv) at night, the characteristics of the places visited by the
moving object, as price and rating of a restaurant. In summary, this new type of trajectory
reveals the very detailed daily routine of a person, which is more sensitive to privacy than
previous models.

ety n
..‘.-."rla:nll-n:‘?-:;a-i-

ok .
] FaTg= il =
iy A pdution
a@l  [meciiors
tata

Figure 2. Example of a multiple aspect trajectory [Mello et al. 2019].

The problem with such rich data about human mobility is the sensitivity to hu-
man privacy. Many organizations, industries and government often need to publish data
for research purposes (e.g. public health) [Chow and Mokbel 2011]. The challenge to
researchers around the world is to share the data without revealing sensitive information
of the users, and for that they need to protect the information using data anonymization
techniques.

Recent concerns in privacy headed to a peak in a Facebook breach that captured
87 million users personal information used to manipulate US elections [Bennett 2018].
Concerns regarding data security motivated countries to implement laws to protect citi-
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zens privacy. The Llp [2016] approved The General Data Protection Regulation (GDPR).
Brazil published General Law of Data Protection [Cots and Oliveira 2018], in 2018. It
means that private sensitive data as trajectories need protection, thus anonymization meth-
ods are being developed.

Anonymizing trajectory datasets by simply suppressing or replacing direct identi-
fiers (names and ID numbers) is not enough. Even anonymized records, when joined with
external data sources, can still reveal a user identity due to the called quasi-identifiers,
that combined with other information can indicate the person in a certain degree of confi-
dence [Sui et al. 2016]. Trajectories can be enriched with lots of information and inferred
features (e.g. moving behaviors) that could be quasi-identifiers.

In this paper we survey the state-of-art on trajectory anonymization methods and
present some challenges for anonimyzing multiple aspect trajectories. In order to develop
trustworthy studies, sensitive information as medical history, relationships, and personal
data must be real, so the question is: how to anonymize data without loosing its meaning
and without violating users privacy? As the large companies as Facebook, Google, and
others generate this new type of trajectories, we believe that multiple aspect trajectory
anonymization will become a large research issue in the next decade.

The rest of the paper is organized as follows: Section 2 introduces the basic con-
cepts of privacy. Section 3 presents a comparative study of privacy methods proposed in
the literature and their limitations, and the need of new proposals to multiple aspect trajec-
tory privacy. Finally, in Section 4 we discuss our vision of the future research challenges
and opportunities in trajectory privacy methods.

2. Privacy and Anonymization Basic Concepts

This section presents the basic privacy concepts, which are essential for the better under-
standing privacy in the trajectory context. The following subsections describe anonymiza-
tion objectives (Section 2.1), anonymization techniques (Section 2.2), and the kinds of
knowledge an attacker could use to gain private information on the published data (Sec-
tion 2.3).

2.1. Anonymization Objectives

The premise of privacy-preserving methods is to keep the data usable for research pur-
poses while protecting moving objects identity, thus, allowing data to be shared, publicly
released and used in mining studies.

As presented in Figure 3, there are three objectives for anonymization. First,
in Privacy-preserving Data Mining (PPDM) methods, mining the trajectory datasets is
performed before publishing the data and resulting in real statistics. The second, is the
Privacy-preserving Data Querying (PPDQ) methods used in services that provide por-
tions of data by querying systems. A portion of data is released by retrieving information
from a service. Then, to protect a user privacy, the querying system can: (i) filter informa-
tion that can be retrieved (selective release); (ii) rewrite the query to select more results
with nearest neighbors; (iii) translate the resulting data to a higher level of granularity (i.e.
translate specific locations into areas); and (iv) generate fake data among results.

The third objective for anonymization is Privacy-preserving Data Publishing
(PPDP) methods, that results in publishing datasets for mining by third parties [Gramaglia
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Figure 3. Anonymization objectives.

et al. 2017]. The dataset is modified to anonymize its individuals, generally resulting in
releasing their detailed information (microdata) or in an aggregated form. Three are the
requisites for publishing datasets: (i) it has to be anonymized, (ii) the published data are
the records, and not the results extracted with data mining methods such as classification,
association rules or aggregated statistics, and (iii) the records must be truthful, avoiding
introduction of fictitious data. The focus of our work relies on PPDP methods that allow
data to be used for research, mining studies, and querying systems.

2.2. Anonymization Techniques

There are several techniques employed in data anonymization methods. The simplest
approach is by replacing direct identifiers (names and ID numbers) by pseudonyms. An-
other approach is to suppress trajectories not in a group less then £ moving objects [Abul
et al. 2008]. From the basic concepts for trajectory anonymization, most of the related
works use suppression, generalization, masking and perturbation as strategies for privacy
protection. Considering these concepts, we classify the anonymization works according
to Figure 4, in three main categories: suppression, generalization, and masking to its
deriving strategies.

Anonymizaticlm Techniques

1
Suppression Generalization Maslking
1
1
- Blocking values - Value Generalization I Perturbation
(replacing with "?") Hierarchies - Merging (Obfuscation or
- Selectively Releasing || (POI Generalization) - Condensation Randomization)
(sampling) - Spatial Transformation | | (statistical) 1
(GPS uncertainty) - Noise Addition
- Swapping
- Fake/Dummy Trajectory

Figure 4. Anonymization techniques.

Suppression is the simplest anonymization way, by removing identifiers and sen-
sitive data from records, which can be replaced by symbols (blocking) or random values.
In some cases, the suppression algorithms might remove entire records. However, this
operation results in more information loss, which impacts in data utility. In online ser-
vices for retrieving data (e.g. querying systems), the suppression technique is employed
as releasing only the none sensitive data. Suppression is the most common anonymity
technique generally employed with k-anonymity and generalization [ Ye et al. 2016].

To keep data utility some strategies were developed in order to preserve structure,
loosing less information. The most employed technique Generalization, which translates
granularity on specific data values into a higher level of data category, as for instance,
changing a hotel name from Mercury Hotel to Hotel [Monreale et al. 2011]. With such
generalization, it is possible to maintain a certain level of semantics and not revealing the
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specific place a person has visited. The generalization technique can be employed as: (i)
semantic values (e.g. POI names) by generalization following a hierarchy of categories;
(ii) space dimension by adding imprecision or transforming points of the trajectory (e.g.
latitude and longitude) into areas like blocks in a grid [Saygin et al. 2009]. The works of
Abul et al. [2010], Huo et al. [2012], Gramaglia et al. [2017] and Shaham et al. [2019]
discretized the spatial positions of the trajectories into grid cells. According to Pensa
et al. [2008] this spatial translation enables to find enough matches of points with respect
to any value of k-anonymity, that would be practically impossible with specific spatial
granularity.

The third technique, Masking, consists on modifying data not to be re-engineered,
but it changes the structure. First, the masking technique consists on grouping information
by merging similar records [Gramaglia et al. 2017]. The second technique is Condensa-
tion, that groups data into predefined sizes by transforming them into a certain level of
statistical information about original records [Wang et al. 2009]. It is a way of maintaining
the true statistics of data, but not keeping its original structure. This suffices to preserve
correlations across different dimensions. However, trajectory datasets are not published,
thus mining them depends on the data owner. With Perturbation techniques, also known
as obfuscation or randomization, noise is added in order to hide values in a way that the
original data cannot be recovered. In general, this strategy keeps the structure of the data,
but looses in its semantic meaning. Employed masking techniques include: (i) the inser-
tion of random noise; (ii) swapping values between records or copying values from one
user to another; (iii) inserting fake trajectories into the data. Data scrambling or encryp-
tion mechanisms are used as well. We argue that perturbation methods will unlikely keep
the trajectories semantic meaning since dummy data is inserted.

Most anonymization methods for trajectory data publishing are based on the con-
cept that an anonymous person cannot be identified in a group of k elements, the called
k-anonymity [Sweeney 2002]. Hence, data is protected when the information cannot
be distinguished from at least £ — 1 individuals, intending to hide a person in a crowd.
Consequently, combining the released records or a subset of its attributes with external
sources should not link any individual to match less than k others [Sweeney 2002]. As
an example, anonymity methods could cluster similar trajectories in a way that none of
the individuals can be distinguished from each other. Similarly, Machanavajjhala et al.
[2006] proposed the {-diversity concept, where each attribute must have at least [ possible
values. The more diverse the values in a database are, the lower is the probability for a
user to be identified. For example, if a user location is indistinguishable from a set of [
different places, then it is less likely to someone guess its location.

2.3. Adversary Knowledge and Attack Model

In general, PPDPs works compare original and anonymized datasets with a quality met-
ric, or model test attacks that foresee what an adversary might previously know. These
adversary models describe the capabilities of an attacker is assumed to have [Wagner
and Eckhoff 2018]. In this context, attacks on moving objects privacy have two goals
(shown in Figure 5): (i) a user location, aiming to disclose a sensitive place, a position at
a time or sequential tracking a moving object [Pelekis et al. 2011], and (ii) a user identity
aiming to disclose attribute information as personal identification, a meeting or inferring
relationships.
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Attack Models

1
I 1

Re-identification Attribute-linkage
Attack Attack
1 1

- Adversarial Knowledge ||- Probability-based attacks
- Mobility-behavior - Machine learning attacks
- Quasi-identifier linkage

Figure 5. Classification of attack models.

The kind of attacks known as Re-identification attacks aim in identifying a user
in the trajectory dataset (the published data) or other sensitive information [Dai et al.
2018]. The attackers can use background knowledge, quasi-identifiers or the moving
object unique mobility behavior. The background knowledge consists of the information
previously known by a malicious opponent, and it might be used to identify someone as,
for instance, a place or a sequence of places visited by the moving object at a certain
time, his friends, etc. The second kind of attacks, named Attribute-linkage attacks, are
based on matching trajectories in the database that might reveal the moving object in a
level of certainty Dai et al. [2018]. For instance, the values of a sensitive attribute in a
group of trajectories are the same, therefore this attribute for that group of individuals
can be exactly predicted [Aggarwal and Yu 2008]. In general, sophisticated methods
such as probability-based or machine learning models are used to look for patterns in the
trajectory data.

3. Trajectory Anonymization Methods

Several works have been proposed to preserve privacy in trajectory databases, i.e., to
anonymize the user who is the owner of the trajectory. In this paper we classify trajectory
anonymization methods according to Figure 6, by the type of trajectory and the dimen-
sions they are able to treat. As can be observed from the figure, the main problem of
most existing works for trajectory data anonymization is that they were developed for
raw trajectories, as the works of Pensa et al. [2008], Abul et al. [2010] and Huo et al.
[2012], or for trajectories represented as stops and moves, as the works of Monreale et al.
[2011], Kopanaki et al. [2016] and Dong and Pi [2018]. Methods for raw trajectories
mostly group users with nearest neighbors, distort space or release statistical information
of the data. Most methods consider space and time dimensions in anonymization, and a
few use only the spatial dimension. There are only a few works for semantic trajectory
anonymization, and the recent work of Giotakis and Pelekis [2019] have focused on mul-
tiple aspect trajectories for querying systems, that are more sensitive and require more
sophisticated privacy protection methods. We believe that this research topic will be the
great challenge in the next decade, as Google, Facebook, and other social media generate
multiple aspect trajectories.

3.1. Methods for Raw Trajectories Anonymization

The k-anonymity is a concept that an anonymous person cannot be identified in a group
of k individuals. Methods for k-anonymity were proposed for trajectory datasets with
clustering approaches. Indeed, they focused on publishing datasets by anonymizing tra-
jectories of individuals, resulting in a new anonymous dataset. The works of Pensa et al.
[2008] and Gurung et al. [2014], for instance, focus on grouping similar trajectories using
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Trajectory Anonymization Methods
1
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Figure 6. Classification of trajectory anonymization methods.

a measure of similarity. The P2kA method proposed by Pensa et al. [2008], uses a prefix
tree to anonymize a dataset of spatial locations pruning the tree by the frequency of se-
quences less than a k threshold. Gurung et al. [2014] proposed the method /CBA, which
also considers the frequency of spatial locations and remove infrequent subtrajectories
within the same time interval.

Abul et al. [2008] extends the k-anonymity as (k, §)-anonymity by considering the
location of a moving object at a given moment not as a point but a circle of radius J, and it
uses just the spatial dimension. This method, called Never Walk Alone (NWA), groups at
least & trajectories in the nearest neighbors, those contained in a ¢ /2 radius representative
cylindrical trajectory. Later, Abul et al. [2010] proposed the method Wait for Me (W4M)
to obtain higher quality anonymization, considering trajectories near in space that have
the same time interval. This method uses randomization and suppression techniques to
provide privacy protection.

Since not all individuals are equally concerned about their privacy, personalized
privacy configurations can be used [Aggarwal and Yu 2008]. Indeed, in many cases,
the user may consent sharing limited information. In order to preserve the data utility,
anonymity must be carried carefully as the method of privacy leads to loss of informa-
tion. The WCOP method proposed by Kopanaki et al. [2016], used users settings to offer
personalization with less data distortion, in which the user chooses to be in a group with
a larger or smaller number of other users. This method clusters trajectories near in space,
but omitting the time interval. Mahdavifar et al. [2012] proposed the method (CTR),
that considers different privacy levels to each trajectory, clustering them in a minimum
k-anonymity groups from which one cannot be distinguished in space. Both of these
methods ignore time dimension, considering only spatial distances.

Night time POIs often represent points of sensibility where users tend to stay
most of the time, as their homes [Liu et al. 2018]. These most frequent or infrequent
places might characterize user identity. Indeed, distinct movement behaviors like the
subtrajectory from “Home” to “Work™ are sensitive to users privacy. The TOPF method,
proposed by Dong and Pi [2018] removes the subtrajectories within the same time interval
and less than % individuals, in order to balance usability and privacy [Dong and Pi 2018].

Saygin et al. [2009] and Poulis et al. [2014] proposed methods that use space-
based generalization. The former proposed the method anonTraj, that replaces geograph-
ical points into grid cells that cover two or more generalized locations. The SegAnon
method proposed by Poulis et al. [2014] generalizes locations by selecting two nearest
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points in space and replaces those with a set containing both. The Location Permutation
method proposed by Domingo-Ferrer and Trujillo-Rasua [2012] replaces sensitive points
(space and time) of the trajectory by others with similar relevance using a perturbation
strategy. However, according to Gramaglia et al. [2017] in order to preserve truthfulness
of published data, privacy protection mechanisms can not rely on randomized, perturbed,
permuted and synthetic data. The k£™“-anonymity method proposed by Gramaglia et al.
[2017], segments trajectories by time, using generalization and suppression to obtain k-
anonymity groups with the same time intervals.

3.2. Methods for Semantic Trajectories

Similarly to the Domingo-Ferrer and Trujillo-Rasua [2012] (Location Permutation)
method for raw trajectories, the Trajectory Reconstruction method proposed by Dai et al.
[2018] considers as semantic dimension the POI name in the process of perturbation, re-
placing sensitive stops with other points. The method SD-SeqAnon proposed by Poulis
et al. [2014] uses generalization of locations, replacing each position that is close in space
and semantics with a set containing these similar places. Geographic positions and POI
names represent the same locations, so if its replacement does not have the same semantic
meaning, its utility will be lost.

Huo et al. [2012] use k-anonymity in the method You Can Walk Alone (YCWA)
method, proposing to hide significant stops instead of the whole trajectory through spatial
generalization. The semantic values of POIs are used in the method to define similarity
of places according to the number of visitors, duration and the arriving time. Monreale
et al. [2011] proposed the method CAST, that employs generalization of POI names for
semantic trajectories, instead of using k-anonymity. They attempt to maintain the seman-
tic meaning of POIs. Additionally, according to Monreale et al. [2011], hiding a person
into a crowd of k individuals is not enough for robust data protection. Generalization is
employed by Agir et al. [2016] with simple privacy mechanisms, using low to high levels
of spatial and semantic privacy. They argue that semantic information improves inference
of user spatial locations. Evidently, a place name associated with its generalized spatial
information has a high risk for inference.

3.3. Summary of Trajectory Anonymization Methods

Table 1 summarizes the state-of-art on trajectory privacy, with the datasets used to validate
the method, the kind of trajectory and the used dimensions, the anonymization techniques
employed, and compared methods. We observe in Table 1 that the works use several
datasets, but only a few works compare their improvements over other methods. Only a
few works consider the semantic dimension and no works in trajectory PPDP consider
multiple aspect trajectories.

4. Research Challenges and Opportunities

In this section we present some major challenges on multiple aspect trajectory privacy
protection and how they lead to new research opportunities. Privacy preserving meth-
ods were developed for raw or semantic trajectories. To the best of our knowledge, the
work of Giotakis and Pelekis [2019] is the first that supports multiple aspect trajecto-
ries for querying systems, rewriting queries in spatial, temporal or semantic dimensions
to achieve k-anonymity. For instance, the method proposed by Abul et al. [2008] only
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Table 1. Related works of tralectory anonymization methods.

# | Method Datasets Trajectory Anonymization Technique Compares to
1 | NWA Trucks;  Brinkhoff’s | Raw Spauo temporal | Generalization, Suppression None
[Abul et al. 2008] Oldenburg
2 | P2kA Milan Raw Spatial Generalization, Suppression None
[Pensa et al. 2008]
3 | WaM Milan;  Brinkhoff’s | Raw Spatio-temporal | Generalization, Suppression, | NWA [Abul et al. 2008]
[Abul et al. 2010] Oldenburg Condensation
4 | anonTraj Brinkhoff’s Synthetic | Raw Spatial Generalization, Supression None
[Saygin et al. 2009] Dataset
5 | CTR Brinkhoff’s ~ Olden- | Raw Spatial Perturbation None
[Mahdavifar et al. 2012] burg
6 | Location Permutation San Francisco Taxis; | Raw Spatio-temporal | Suppression, Perturbation NWA [Abul et al. 2008]
[Domingo-Ferrer and Brinkhoff’s  Olden-
Trujillo-Rasua 2012] burg
7 | ICBA Synthetic dataset; | Raw Spatio-temporal | Suppression P2KA [Pensa et al. 2008]
[Gurung et al. 2014] Brinkhoff’s generated
8 | SeqAnon (framework) Gowalla; Brinkhoff’s | Raw and | POI Generalization, Suppression, | Others for query
[Poulis et al. 2014] Oldenburg Semantic Perturbation answering
9 | WCOP GeoLife Raw Spatial Suppression None
[Kopanaki et al. 2016]
10 | k™-anonymity Orange call detail | Raw Spatio-temporal | Suppression, Condensation None
[Gramaglia et al. 2017] records
11 | TOPF Brinkhoff’s ~ Olden- | Raw Spatial Generalization, Suppression NWA [Abul et al. 2008];
[Dong and Pi 2018] burg ICBA [Gurung et al. 2014];
P2KkA [Pensa et al. 2008]
12 | DynamicSA GeoLife Raw Spatio-temporal | Generalization, Suppression k7 “-anonymity
[Shaham et al. 2019] [Gramaglia et al. 2017]
13 | CAST Milan; Pisa Semantic | POI Generalization, Suppression None
[Monreale et al. 2011]
14 | YCWA GeoLife Semantic Spatio-temporal, | Generalization, Suppression NWA [Abul et al. 2008]
[Huo et al. 2012] POI
15 | Agiretal. [2016] Twitter-Foursquare Semantic Spatial, POI Generalization None
16 | Trajectory Reconstruction | Synthetic dataset | Semantic Spatio-temporal, | Generalization, Personalized | None
[Dai et al. 2018] based on GeoLife POI

considers the spatial dimension, and Monreale et al. [2011] only generalize POI names.
Anonymization methods must consider these two dimensions together since they refer to
the same place. Even an anonymous or generalized POI name is easily revealed by its
exact spatial position. In addition, we argue that spatial and temporal dimensions should
be associated in privacy methods as they significantly reveal mobility patterns.

Geographical information can not be dissociated of its semantics in anonymiza-
tion methods. This includes the latitude and longitude, the POI name, and time, which
are specific information that are associated with a single point. By anonymizing just one
of these dimensions, it can be possible with the other dimensions, to a malicious attacker,
infer the original place. This means that time and semantics related to the spatial dimen-
sion, i.e., the POI name, compose significant units of user trajectories and anonymizing
just one of them is not enough.

In the conceptual model for multiple aspect trajectories proposed by Mello et al.
[2019], a point, an entire trajectory or subtrajectory, a moving object and a relationship
of moving objects can be enriched with aspects. Permanent aspects are associated with
a moving object and they hold during the entire life of the moving object (e.g. place and
date of birth, gender). When an aspect does not change during an entire trajectory, it
is called a long term aspect (e.g. the job of a person or a disease), and it is associated
to the multiple aspect trajectory. Both Long term and permanent aspects can be very
sensitive to users privacy. These aspects were not considered in previous models, and by

107



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 99-110

consequence, not in anonymization methods. We believe that these kind of information
is very important for many applications, but they should be treated in the anonymyzation
process.

In the MASTER model, Volatile aspects represent the information related to the
points of a trajectory. Only this type of information was considered in existing anonymiza-
tion works. The big challenge is that now we are not limited to spatial coordinates, time
and POI name. With multiple aspect trajectories we can have any kind of information as-
sociated to trajectory points (e.g. the mood of the person, the transportation mean he/she
is using, the rating and the price range of a POI, a social network post), and this new kind
of information can also be used to identify a person.

One isolated aspect such as time can be an identifier for one user, but to another it
may not. For instance, a user that leaves home at a specific time at night. Being the only
user to do that in the database and an attacker knowing the time he does it, this behaviour
allows inferring his identity. Now consider the combination of multidimensional aspects
of a user: the more data are available, the easier it is to re-identify someone. Methods
as Movelets [Ferrero et al. 2018] and MASTERMovelets [Ferrero et al. 2019] can explore
all dimensions and reveal the main characteristics that distinguish an individual from the
others in the database. Identifying what distinguishes each user is a future challenge to
privacy research. In summary, the multiple aspect representation is a big issue in future
trajectory data analysis and a challenge for privacy protection researchers.
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Abstract. Amid the expansion of shared-economy products, carsharing services
aim to offer short-term car rentals. An optimized fleet-size allocation for each
service station is important for serving as many clients as possible, maximizing
the company’s profit. This work proposes and compares the computational per-
formance of two Mixed-Integer Linear Programming formulations to support
the carsharing simulation. The performed simulations varied the number of of-
fered vehicles, and the number of clients looking for the service. Real spatial
data from the city of Sao Paulo, Brazil, were used on the simulations. Results
show that the formulation which does not use the Big-M method finds the global
optimal solution faster and can scale up better.

1. Introduction

Transportation plays an important role in the society by enabling people to commute
to school, work, shopping and leisure activities in their cities. Improving the access to
mobility was the subject of recent work, aiming to identify transport related social ex-
clusion (Logiodice et al., 2015), suggesting new locations for pick-up and drop-off for
public transportation (Monteiro et al., 2017), and building applications to integrate, visu-
alize, analyze data of public transportation (Alic et al., 2018).

Along with inaccessibility, issues such as discomfort, low diversity of operating
lines, low supply of buses at certain times, high transportation fares and extensive trip
length can motivate passengers to use alternative transportation means (Monteiro et al.,
2019), among which are carsharing services. Carsharing consists in offering vehicles in
a “as-needed” basis. Clients can rent cars for periods as little as some minutes, avoiding
the costs of owning a vehicle or renting it for a whole day (Machado et al., 2018).

In summary, there are three modalities of carsharing: round-trip, one-way and
free-floating. On the round-trip, the vehicle must be returned to the same station where
the rental has started. On the one-way, the vehicle can be returned to a different station.
And on the free-floating, there are no stations and the vehicles can be parked on the
streets (Machado et al., 2018). In all those carsharing modalities, and mainly on the
station-based ones, the number of available vehicles must be determined in order to avoid
unnecessary costs and to offer attractive prices (Boyaci et al., 2017; Lage et al., 2019).

Recent works use Simulation-Based Optimization (SBO) to simulate carsharing
dynamics, and to support the decision-making process (Monteiro et al., 2019). This
work proposes two Mixed-Integer Linear Programming (MILP) formulations to maxi-
mize carsharing profits. Our objective is to compare the computational performance of
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these formulations, in order to support broader and more complex analyses in the future.
Real spatial data from the city of Sao Paulo, Brazil, were used. An analysis of the optimal
solutions found by varying the number of simulated clients and the maximum number of
vehicles is also shown. Results present the benefits of applying a SBO for carsharing plan-
ning and indicate that the formulation without the Big-M method runs faster and scales
up better for optimizing the carsharing fleet-sizing problem.

This paper is organized in four sections. Next section discusses related work.
Section 3 explains the proposed formulations. Section 4 shows and discusses the results,
and Section 5 concludes this paper.

2. Related Work

SBO approaches enable the decision-maker to evaluate the impact of parameter changes,
being useful to support “what-if” scenario analyses (Oliveira et al., 2015; Monteiro et al.,
2019). Most of the optimization problems for carsharing are deterministic and exact,
based on MILP models, and are Mono-Objective. However, some works did not follow
this pattern, and chose to solve Multi-Objective problems, for example.

Correia and Antunes (2012) proposed a MILP model to maximize carsharing pro-
fits considering all the revenues and costs involved. The work optimizes the locations
for carsharing stations, balancing the fleet of vehicles among the stations on the one-way
modality. The authors evaluated the proposed MILP model for a case study in Lisbon,
Portugal, showing the impact of the stations’ location for different behaviour of clients.

Jorge et al. (2014) compared two methods for fixing the unbalancing of vehicles
among stations, in Lisbon, Portugal. That unbalancing happens due to different demands
of clients on the one-way modality. On the one-way, even if the number of vehicles dis-
tributed through the stations at the day’s beginning is suitable, demand peaks can quickly
occupy all vehicles from one station. In that case, other clients from that same station will
not be served, even if there are idle vehicles in other stations. The model based on mathe-
matical formulations achieved solutions with better profits, mainly while considering the
costs of relocating the vehicles.

Many carsharing companies do not offer one-way modality, since the costs of
relocating vehicles can raise carsharing prices, making the rentals unattractive. Jorge
et al. (2015) proposed a MILP model to optimize round-trip carsharing to also offer one-
way rentals in Boston, USA. As expected, results showed that including one-way services
in a optimized way could increase the number of clients served.

Lu et al. (2017) proposed a stochastic MILP based on Benders decomposition.
The optimization was applied on data from the Boston-Cambridge area in Massachusetts,
USA, and analyzed the percentage of the fleet used, the number of vehicles, relocation
costs, and QoS (Quality of Service). The results indicated that if the client demands
are generated by pricing and strategic customer behavior instead of by natural market
penetration and user adoption, the one-way profit can decrease in comparison with round-
trip profits.

A Multi-Objective MILP formulation is proposed by Boyaci et al. (2015) to ma-
ximize user benefit and carsharing net revenue using electric vehicles. Their work was
extended in Boyaci et al. (2017) by proposing a procedure to cluster the stations in or-
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der to reduce the number of variables, and to consider the relocation problem when the
carsharing service allows reservations.

Bruglieri et al. (2018) proposed a Multi-Objective MILP formulation for the Elec-
tric Vehicle Relocation Problem for one-way carsharing in Milan, Italy. In order to ma-
ximize the profits, the authors’ formulation has three objectives: minimizing the number
of workers needed to relocate vehicles; maximizing the number of relocations; and mi-
nimizing the lengthiest relocation route performed. The computational performance and
the optimal values between approximate optimization methods and exact ones were com-
pared. Results show the benefits of using the approximate method instead of a slower
optimization method.

Monteiro et al. (2019) proposed a MILP formulation for round-trip and one-way
fleet-sizing. The formulation objective was to maximize the predicted profit. The authors
evaluated different scenarios from the city of Sdo Paulo, Brazil, varying the number of
clients, driving distance, rental duration, two models of cost calculation and two models
of rental prices. The results showed that round-trip carsharing can overcome the profit
from the one-way mode in scenarios with higher rental durations.

This paper differs from the related work by proposing and comparing the perfor-
mance of two MILP formulations for fleet-sizing optimization of carsharing. The propo-
sed formulations are based on round-trip, and experimental results were applied on real
spatial data from the city of Sao Paulo. The results can be useful for carsharing companies,
conventional car-rental services, and other shared-mobility services such as bikesharing,
supporting the resources allocation. The SBO methods are described in the next section.

3. Simulation-Based Optimization

This section presents the simulation performed and the proposed formulations. Both for-
mulations have the same load of data, and therefore, generate the same global optimal
results. Figure 1 presents the location of 100 stations, randomly generated for the ex-
periments. All the generated locations are placed in a street in Sdo Paulo. Therefore,
regions with larger total street length are more likely to receive a carsharing station. That
procedure also avoids locating stations on regions with only water, woods or no driving
access.

As detailed by Monteiro et al. (2019), the number of generated clients varies ac-
cording to the population in the district where the station is located. A Sao Paulo district
is the smallest official spatial unit adopted by the local government. Thus, the demand
is divided throughout the city, simulating more clients in regions with larger population.
Rental start and end times and the corresponding driving distance are generated randomly,
and both follow an uniform distribution. The set of stations and clients are only used as
input for the proposed formulations. Different data can be applied to simulate broader
case studies.

Subsection 3.1 describes the formulation based on the Big-M method. Subsec-
tion 3.2 describes the formulation without the Big-M method. The Big-M method consists
in defining big enough constants and multiply them to specific variables on the objective
function or constraints in order to assure the feasibility of some solutions (Bazaraa et al.,
2011). The formulation presented in the following subsection uses the Big-M method to
guarantee that earlier clients arriving at the stations will have priority on being served.

113



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 111-122

™ T g 8
b N,
oy . —'I-'
— Y = [
s g T [ ]
oo Vi Y e N e
¥y - g s T T
T e e g ! ¥
v 4 %1 .
LI
LR
L A -
L) |
g
-l
B -

Figure 1. Generated locations for the carsharing stations

3.1. Formulation with Big-M

Table 1 presents the variables used and Table 2 presents the constants used in this formula-
tion. Equation 2 presents the objective function, with the goal to maximize the difference
between total revenue and total cost, generating the profits.

Revenue and costs are calculated using models presented by Monteiro et al.
(2019). The revenue from each rental was fared as R$10! per hour plus R$0.90 per driven
kilometer, with a minimum fare of R$20. Equation 1 defines the revenue R,,. The cost
C,. is calculated as R$0.50 per driven kilometer, and cost C, is defined as R$13 per day
and per vehicle, indicating the vehicle’s depreciation along the time of use.

R, = max(20, (T — T5'"") x 10 + D, x 0.50) (1)

Table 1. Model Variables
Variable ‘ Description

seD Carsharing station
T Number of vehicles to be allocated in station s
zs, € X | Client willing to rent a vehicle from station s

!Brazilian currency: Reais (R$). For comparison, the exchange rate on August 13, 2019, was of R$3.96
per US dollar
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Table 2. Model Constants
Constant ‘ Description

P Number of parking slots in station s

Cs Cost of maintaining a vehicle

Cui Cost made by x, for using the vehicle

R,. Revenue obtained for serving client x

D, Distance driven by x

Tstort Rental start time for client z

Tend Rental end time for client s

M, (Big-M) Maximum number of clients that station s can serve

max Z Ry.xs — Z Cr.Ts — Z Cing (2)

s € X zs € X sEY
Subject to:
Ts S ng + Zut - Zes VZES € X (3)
weX:Tegnd<Tglart  e,eX:Tend<Tytart
M.xs > ng + Z Uy — Z €s Vo, € X 4)

weX:Tegnd<Tgtart  e,eX:Tend<Tytart

ns < P, Vs e $ (5)
X e {0,1} (0)
ns € N° (7)

Inequation 3 limits client x to only be served if there is at least one available
vehicle. Inequation 4 ensures that client x, will be served if there is at least one available
vehicle. Inequation 5 limits the number of vehicles to be allocated in station s to the
number of existent parking spots P,. Inequation 6 defines the client’s variables as binaries.
Finally, constraint 7 defines variables n, as positive integers including zero.

The Big-M method applied on Inequation 4 is important to balance both sides of
that inequation. If the Big-M was not used, variable x,, whose value is at most equal to
one, would also limit the inequation’s right hand side to one. The Big-M multiplying the
xs makes the left hand side have a value greater than one when variable x is equal to one,
and makes the left hand side equal to zero when variable z, is zero.

Although this formulation is relatively short and simple, constraint 4 can reduce
the computational performance of the formulation. Next section presents an alternative
version of this formulation avoiding the use of the Big-M method.
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3.2. Formulation without Big-M

Avoiding to use the Big-M implies the need of creating additional variables and cons-
traints. Table 3 presents the variables used and Table 4 presents the constants used in this
formulation.

Table 3. Model Variables
Variable | Description

sES Carsharing station
vl € V | i'" vehicle that can be allocated on the station s
2’ € X | Client sorted by rental start (order indexed by 7)

Table 4. Model Constants
Constant ‘ Description

Cs Cost of maintaining a vehicle

Cyi Cost made by ', for using the vehicle
Ry Revenue obtained for serving client x?,
Dy Distance driven by z?,

Tt Rental start time for client z,

Tend Rental end time for client 2

The first change in the variables consists in splitting the number of allocated vehi-
cles in each station n, into several binary variables v’, one for each possible vehicle.
Therefore, one v’ is defined for each parking slot at station s. Consequently, this formu-
lation represents the number of allocated vehicles in the station s by defining a number
of P, binary variables. This change allows constraints relating the vehicle variables di-
rectly to the client variables, since now both are binaries. Those constraints are shown in
Inequation 9.

The second change consists in preprocessing the set of clients X in order to select
a subset ' C X with only the generated clients that have a chance to be served. That
preprocessing consists in leaving out of [ all clients that, given the flow of other clients,
cannot be served even if their stations have enough available vehicles for all their parking
slots. Therefore, the optimization avoids using Inequation 12 to “force” unfeasible clients
to be served. Since that preprocessing only implies on the case with enough available
vehicles, and the simulations were restricted for round-trip, building the set [ is a fast
procedure with linear time complexity in the number of clients O(|X)).

Equation 8 presents the objective function, whose rationale was kept the same as
in Equation 2. Constraint 9 ensures that the first clients on station s will be served by
the allocated vehicles in that station. Constraint 10 limits client =, to be served only if
there is at least one vehicle available. Constraint 11 ensures beforehand that all clients
that have no chance to be served will not be served. Constraint 12 guarantees that the
vehicle returned by some client will be used to serve the next client from the same station.
Constraint 13 defines the client variables as binaries. Finally, constraint 14 defines the
vehicle variables as binaries.
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max Z Rzl — Z Cpizl — Z Cs Z v’ (8)

2t € TF 2t eF seB viev
Subject to:

vy < Vv, € V )
2t < O N T viie F (10)

vleV:i<i ufexirendstart el ex:rend<start

uy T3 eg TY
S 2l =0 (an
> ub<al4+ Y e Vel e F,VECTF  (12)
uk € fTstant cTend <start el € Fil—i<|f|

FCXe {01} (13)
Ve {0,1} (14)

The simulations were performed on a Mac mini Server (Late 2012) with S.O.
macOS Mojave 10.14.6, processor Intel Core i7 2.3 GHz, and RAM of 16 GB. The models
were implemented using Python 3.7, with the wrapper PuLP? version 1.6.0 and the solver
CBC? version 2.10.0. Both formulations were experimentally run using the previously
described data for the city of Sdo Paulo. Next section presents the experimental results.

4. Results

This section presents the experimental results of run time and number of served clients,
number of vehicles needed and profits that a carsharing company would earn. The eva-
luated scenarios have 1,000, 2,000, 4,000, 8,000, 16,000, 32,000 and 64,000 clients. The
maximum number of vehicles and parking slots simulated were 1,000 and 5,000.

Figure 2 presents boxplots of the optimization run times for all scenarios. A ma-
ximum time limit of 30 minutes per run was set. Each boxplot represents 40 runs for each
evaluated scenario. The axis “Time (seconds)” is shown in logarithmic scale to make the
visual comparison easier. Boxplots in red were simulated using the proposed formulation
with Big-M and with at maximum 1,000 vehicles. Boxplots in blue and green use the
proposed formulation without the Big-M method; blue shows results for a fleet of 1,000
vehicles, and green corresponds to 5,000 vehicles available.

Zhttps://pythonhosted.org/Pul.P/
3https://projects.coin-or.org/Chc
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Figure 2. Time spent by the evaluated formulations

Even in the logarithmic scale, the boxes representing 50% of the data (between the
first quartile, ()1, and the third quartile, (J3) can not be seen in Figure 2 for the blue and
green boxplots. However, the red boxplots (regarding the formulations with the Big-M
method) usually showed that variation more clearly. That pattern indicates that run times
vary more widely in the formulation with Big-M. That higher variation can be veerified in
Tables 5 and 6. Besides, the simulations with Big-M and 8,000 clients exceeded the time
limit of 30 minutes in some runs. All scenarios with Big-M and more than 8,000 clients
also exceeded that time limit. In those cases, the solution obtained is not guaranteed to be
the optimal.

All the scenarios using the formulation without Big-M (blue and green boxplots)
were solved with optimality guarantee. None of the boxplots evaluated overlap. There-
fore, there is statistically significant difference between the run time of all the scenarios
evaluated (Krzywinski and Altman, 2014). Thus, it can be asserted that the formulation
without Big-M achieves faster run times than the formulation with Big-M. Besides, star-
ting from 2,000 clients, the formulation without Big-M but with 5,000 vehicles is even
faster than the formulation with Big-M but only with 1,000 vehicles.

Tables 5 and 6 present the basic statistics for the simulations. In both tables, the
symbol M, indicates results regarding the formulation with Big-M, and the symbol I
indicates results from the formulation without Big-M. As shown by Table 5, the standard
deviation for the scenarios with 4,000 and 8,000 clients raised quickly, when compared
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Table 5. Time Spent by Running the Optimization for Low Demand (seconds)

Number of Clients
1,000 | 2000 | 4000 | 8000
Measures | M, F | M, F | M, F | M, F
Minimum 0.87 0.53[7.95 1.02| 92.84 1.94| 57496 4.24
Q1 0.88 0.54|7.99 1.02| 99.60 1.96| 665.10 4.27
Median 0.88 0.54 {800 1.03|111.90 1.97 | 74223 429
Mean 091 0.57 802 1.04| 13845 1.99 | 905.03 4.32
Qs 0.89 0.55|8.03 1.04|12690 1.98 | 86845 4.31
Maximum 1.18 1.07 | 845 12856870 220 |221252 529
Standard Deviation | 0.08 0.10 | 0.08 0.04 | 88.40 0.06 | 446.04 0.16

Table 6. Time Spent by Running the Optimization for High Demand (seconds)

Number of Clients
16,000 | 32,000 | 64,000
Measures | M, F | M, F | M, F
Minimum 2055.03 12,90 | 2153.38 47.48 | 2124.38 188.99
Q1 214120 13.00 | 2226.37 47.71 | 2207.79 189.74
Median 2146.41 13.05 | 251132 47.79 | 2519.39  190.40
Mean 214421 13.12 | 2433.02 47.93 | 2489.02 190.76
Qs 2152.84 13.10 | 2538.97 48.03 | 2599.07 191.55
Maximum 2186.84 14.14 | 2661.79 49.22 | 2735.89 196.31
Standard Deviation | 2271  0.29 | 15040 043 | 189.35  1.40

to the standard deviation from other scenarios. That difference was strongly reduced in
Table 6, probably due to the time limit imposed.

Table 7 compares the run times of the scenario with 5,000 vehicles (green box-
plots), to the run times from the scenario with 1,000 vehicles and also without the use
of Big-M (blue boxplots). Since 5,000 vehicles is 5 times 1,000 vehicles, it was expec-
ted that the rate of run time would be about 5 times longer. That proportional response
can be observed up to the scenario with 8,000 clients. After that, the optimization with
up to 5,000 vehicles started not to be so much slower than the optimization with up to
1,000 vehicles. One hypothesis for that pattern is that the constraint presented by Equa-
tion 11 make those scenarios faster by not even letting the unfeasible clients (z% ¢ ) be
considered to be served along the optimization.

Tables 8 and 9 compare the optimal solutions found. The numbers of served cli-
ents, earned profits and used vehicles used tended to increase together in similar rates
through the scenarios. However, that increase seemed to saturate in the scenarios with
high demand of clients. Up to scenario with 8,000 clients, as the demand doubled, the
percentage of increase more than doubled. But starting from demand of 16,000 clients, as
the demand doubles, the percentage of increase did not change significantly. That satura-
tion indicates that is needed more than 5,000 vehicles and parking slots for significantly
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Table 7. Time Comparison Varying to 5,000 Vehicles (seconds and proportion)
Number of Clients

1,000 2,000 4,000 8,000 16,000 32,000 64,000
Stats. Time Rate ‘ Time Rate ‘ Time Rate ‘ Time Rate ‘ Time Rate ‘ Time Rate ‘ Time Rate
Min. 2.82 528 | 487 479 |11.61 6.00|21.57 5.09|39.19 3.04|8346 1.76 |234.89 1.24
(N 2.84 527 | 489 478 |11.66 596 |21.66 5.07 |39.30 3.02 8379 1.76| 23595 1.24

Median | 2.85 524 | 491 477 |11.69 595 |21.70 5.06 | 39.40 3.02 | 84.15 1.76 | 236.56 1.24
Mean 287 501 | 492 474 |11.74 592|21.79 5.04 |39.53 3.01|8431 1.76 |237.70 1.25

Q3 287 520 494 475|11.73 592 |21.75 5.05|39.51 3.02|84.62 1.76|237.46 1.24
Max. 299 279 | 508 396 |12.61 5721|2298 4344087 2898794 1.79|256.58 1.31
SD 0.04 0.04| 004 003, 020 0.09| 030 0.06| 037 0.03| 0.85 0.02 424 0.02

Table 8. Optimal Solutions for Low Demand

Number of Clients | 1,000 2,000 4,000 8,000
Number of Vehicles | 1,000 5,000 | 1,000 5,000 | 1,000  5000| 1,000 5,000
Clients 931 1,000 | 1,518 2,000 | 2053 3912| 238 6,883
Increase in Clients 7.41% 31.75% 90.55% 188.23%
Profit (R$) 79,308 84,661 | 133,877 172,360 | 182,993 338,187 | 217,231 605,970
Increase in Profits 6.75% 28.75% 84.81% 178.95%
Vehicles 543 600 779 1,093 907 1,971 972 3251
Increase in Vehicles 10.50% 40.31% 117.31% 234.47%

Table 9. Optimal Solutions for High Demand

Number of Clients ‘ 16,000 32,000 64,000
Number of Vehicles ‘ 1,000 5,000 ‘ 1,000 5,000 ‘ 1,000 5,000
Clients 2,596 9,972 2,664 11,812 2,729 12,897
Increase in Clients 284.13% 343.39% 372.59%
Profit (R$) 237,779 886,743 | 248,519 1,067,651 | 254,744 1,189,949
Increase in Profits 272.93% 329.61% 367.12%
Vehicles 987 4,205 989 4,685 999 4915
Increase in Vehicles 326.04% 373.71% 391.99%

raising profits and increasing the number of served clients when demand is at least 16,000
clients.

Simulating different carsharing modalities, such as one-way and free-floating
would probably outcome different points of saturation. That difference will also hap-
pen when including the vehicle relocation tasks, and considering electric vehicles with
constraints of time waiting until batteries be charged enough. The proposed formulations
can be adapted for those wider and more complex scenarios, being able to also simu-
lated and optimize the carsharing fleet-size in a computationally feasible run time. The
following section presents the conclusion.
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5. Conclusion

Carsharing services, together with other shared mobility products, are consistently chan-
ging the way people move in the city. The provision of better and cheaper products are
enabling those services to emerge by benefiting more people with each passing day. In
order to keep providing good services for low prices, tasks such as simulation and opti-
mization must become routine for mobility enhancement companies.

Therefore, the development of computationally efficient methods for carsharing
optimization is needed to simulate even bigger demand scenarios. This work proposed
and compared two Mixed-Integer Linear Programming formulations for carsharing vehi-
cle fleet-sizing in Sao Paulo, Brazil. Analysis of run time and of the optimal solutions
were presented, varying the number of clients simulated and the maximum number of
available vehicles and parking slots. The formulation without the Big-M method was
shown to be faster and with more stable run times than the formulation using the Big-M.

According with the optimal solutions found, the number of served clients, earned
profits and used vehicles started to saturate with demand of 16,000 clients per day. That
saturation indicates that is needed more than 5,000 vehicles and parking slots for signifi-
cantly increasing the number of served clients, and consequently, raising the company’s
profits. However, it is possible that only offering the round-trip modality does not attract
a high demand of clients all days, making the carsharing company to also offer less res-
trict modalities. Wider and more more complex scenarios regarding different carsharing
modalities would probably outcome different saturation points. Those simulations could
also be performed in a computationally feasible run time using, as basis, the proposed
formulation without Big-M.

As future work, we suggest to evaluate the impact of the blocks of constraints in
the run times and memory needed through different scenarios. Another future work con-
sists in proposing formulations based on electric vehicles and their use dynamics, which
require longer times to charge the batteries. Also, the impact of time for charging bat-
teries could be evaluated for carsharing services that are not station-based, such as the
free-floating modality. In those cases, charging batteries can become an issue since cli-
ents can finish their rentals in places without a charging spot, not recharging the vehicle
for the next client. Finally, we suggest, as future work, to evaluate even bigger scenarios
(maybe using distributed computing), also regarding the one-way and free-floating mo-
dalities with vehicles relocation task, and considering the client’s walking tolerance as a
variable while looking for an available vehicle or charging spot.
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Abstract. Methodologies that assist in identifying locations suited to
connectivity are of great worth _for a more effective management of areas in need
of protection, mainly in very large areas with regional scope. This study was
developed in a mosaic of protected areas of approximately 1.9 million hectares,
encompassing 19 protected areas within its boundaries. A Multicriteria Analysis
procedure for investigation of relationships among selected variables was
applied. To analyze the robustness of the result, a spatial uncertainty analysis
using the Monte Carlo method was performed. This investigation allowed the
identification of five areas with the ability to serve as connectors between
habitats in the landscape.

Resumo. Metodologias que auxiliam na identificacdo de locais adequados a
conectividade sdo de grande valia para um gerenciamento mais efetivo das
dreas que necessitam de protecdo, principalmente em dreas muito extensas com
abrangéncia regional. Este estudo foi desenvolvido em um mosaico de dreas
protegidas de aproximadamente 1,9 milhdo de hectares, abrangendo 19 areas
protegidas dentro de seus limites. Um procedimento de andlise multicritério
para investiga¢do das relagoes entre as variaveis selecionadas foi aplicado.
Para analisar a robustez do resultado, foi realizada uma andlise de incerteza
espacial usando o método de Monte Carlo. Esta investiga¢do permitiu a
identificacdo de cinco dreas com a capacidade de servir de conectores entre
habitats na paisagem.

1. Introduction

Preservation of natural areas is the most primary form of biological diversity
conservation. There are throughout the planet areas set aside for preservation due to their
singularity, beauty, threat level, among other parameters that characterize the need for
effective management and sustainable handling of the natural resources in them.
According to IUCN (1994), a protected area is characterized as a land or sea area
especially dedicated to protecting and maintaining their associated biological and cultural
diversity. They are managed through legal instruments. Often, these protected areas are
created or may become isolated fragments in areas that have already succumbed to
anthropic pressure. In a more realistic scenario, biodiversity preservation’s success hinges
on biotas’ survival capacity in landscapes fragmented by human intervention (Bennett
2003). According to Noss and Csuti (1997), efficient planning models that try to conciliate
human occupation and continuity of natural communities should be elaborated for areas
in advanced stages of fragmentation.
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In spite of there being different types and categories of protected areas throughout
the planet, oftentimes, the setup of these areas is not accompanied by an effective
management process. Therefore, there is the need to use updated planning concepts or
even a radical shift in understanding biological diversity conservation. Presently, there is
a tendency that protected areas’ planning and management be coordinated and integrated
and not individual. Long-term success in protected areas must be seen in light of the
search for more sustainable development standards (Davey et al 1998). Management of
protected areas in an isolated manner is not enough for conservation, being a policy for
the management of a mosaic of protected areas necessary since these areas are strongly
influenced by the surrounding matrix (Metzger 2000). Understanding consequences of
changes in habitats and developing effective strategies for biodiversity maintenance in
modified landscapes is one of the greatest challenges for scientists and environmental
managers nowadays.

Landscape connectivity is made evident from the spatial arrangement of habitat
fragments (Forman and Baudry 1984). In this way, it demonstrates landscapes’ capacity
to make biological flows and the intensity of organisms’ movements among habitats
easier. Lang and Blaschke (2009) affirm that a landscape’s structural characteristics are
observable, describable and quantifiable and also indicative of processes that contributed
to how the landscape is. Structural analysis of a landscape relates to the study of the
landscape mosaic that appears as a pattern and specific spatial ordering of landscape units
in a determined research section. Generally, evaluating landscape connectivity consists of
identifying and characterizing aspects that make connection between the different
elements in the landscape easier or more difficult. Increasingly, this kind of analysis has
been used in environmental planning and implementation of biodiversity conservation
policies.

Spatiality in an inherent environmental systems’ characteristic and, thus, spatial
analysis methods can provide great effectiveness in the search for knowledge and
solutions (McHarg 1969). Methodologies that mix Geographic Information Systems
(GIS) applications to Multicriteria Decision Analysis (MCDA) techniques have vast
applicability in environmental planning. Their integration tends to evolve in the sense of
providing users methods for evaluating different alternatives based on multiple criteria
and thus observing conflicts that go between objectives (Carver 1991). GIS based-MCDA
methodologies aggregate GIS capacity to treat spatial relationships among geographic
objects and provide a spatial analysis and visualization on this information due to the
great capacity and quantity of techniques directed at decision structuring supplied by
MCDA. Application of these methodologies has been very effective in various research
areas (Malczewski 2006) and i can find some published results in studies concentrated on
landscape connectivity analysis in the literature (Store and Kangas 2001; Marulli and
Mallarach 2004; Ferretti and Pomarico 2013). A methodological process known as
Sensitivity Analysis (SA) has been researched aiming to quantify uncertainty inherent to
the GIS based — MCDA process (Ligmann-Zielinska and Jankowski 2008; Ligmann-
Zielinska et al. 2012). This uncertainty may come from inconsistencies in the data used
for analysis, incoherencies in evaluating environmental aspects and others. According to
Ligmann-Zielinska et al. (2012), GIS based — MCDA models should be carefully
evaluated to assure robustness under a wide range of possible conditions and this
robustness is defined as the model’s minimum response to changes in input values.

In this article, focus will be evaluation of the spatial arrangement of habitat
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fragments. Therefore, the goal is investigating the landscape structural connectivity in the
study area. Striving to reach the objective a GIS based-MCDA methodology will be used
to analyze and combine criteria that influence connectivity in the landscape. A Sensitivity
Analysis will be applied to estimate robustness of the results reached in this analysis. The
area under analysis is the Mosaic of Protected Areas of the “Espinhago Alto Jequitinhonha
- Serra do Cabral”, located in the southern portion of the mountain range called “Serra do
Espinhago”. It is considered a heritage site by UNESCO called the “Serra do Espinhaco
Biosphere Reserve”. This mosaic of protected areas was instituted in 2010. It has
approximately 1,900,000 hectares and encompasses 19 protected areas within its limits.

2. Spatial uncertainty analysis

The purpose of uncertainty analysis is description and quantification of the risk in a
determined chosen decision option (Chen et al. 2011). Simply stated, i can say that the
goal of this analysis is to estimate robustness of the results in a multicriteria analysis
through observation and control of the effects that changes made to criteria weight can
generate in the final decision. In this way, it is possible to estimate the degree of influence
of each criterion inserted into a determined analysis, enriching analysis of the investigated
environment.

One of the most used methods that provide best results for uncertainty evaluation
in decision models is Sensitivity Analysis. There are diverse Sensitivity Analysis
methods. Saltelli et al (1999) group these methods in three classes: (1) selection methods
in situations in which there are input parameters in great numbers, but only some have a
significant effect on output responses; (2) local methods, when analysis focuses on local
factors, and (3) global methods, used for analyzing various parameters simultaneously.

Using global sensitivity analysis techniques is indicated when input variables can
be affected by uncertainties of different scopes (Saltelli et al. 1999). To evaluate
uncertainty impact on weight given to criteria, a global sensitivity analysis that is
commonly used in environmental analyses and offers good results is the Monte Carlo
Analysis (Zhou et al. 2003; Jeanneret et al. 2003; Carmel et al. 2009; Ligmann-Zielinska
and Jankowiski, 2014; Braulio et al. 2014).

According to Vose (2000), the Monte Carlo method randomly selects values
according to a defined probability distribution. The Monte Carlo simulation produces
intervals with possible results’ values distribution. Dealing with these possible
distributions of occurrence probabilities of a certain phenomenon, the process’s inherent
uncertainty tends to more precisely described. In this way, it is understood that the Monte
Carlo simulation is a sampling process in which it is interesting to observe the behavior
of a variable due to other variables’ performance leading to uncertainties. According to
Moura et al (2014), uncertainty analysis presents the degree of certainty and uncertainty
that exist in a multicriteria analysis and thus inserts greater robustness in multicriteria-
based analyses.

3. GIS based-MCDA

3.1. Creating map layers

In this decision problem structuring phase, groups and their constituent factors that will
influence the decision were identified. Selected criteria were split into three (3) groups.
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They were a biotic factors group, another with physical environment components, and,
finally, a group with criteria related to anthropic pressures. A GIS application is used for
producing, analyzing and combining spatial data. Criteria utilized in this study present in
(Table 1) were selected based on studies by the main author of this text as well as by
indications given by a multidisciplinary group of specialists.

Table 1. Database of criteria

Group | Criteria Format | Source
Physi- Distance to surface water Vector Minas Gerais State Institute of Water Man-
ca agement (IGAM)

Biotic | Distanceto CU’s of full protection | Vector State Institute of Forests (1EF)
Distance to CU’s of sustainable

Biotic Use Vector Thematic Mapper (Ribas, R.P et a. 2014)

Distance to forest patches with

Biotic | Vector Thematic Mapper (Ribas, R.P et a. 2014)
arger core areas

An- . Brazilian Institute of Geography and Sta-

thropic Distance to roads Vector tistics (IBGE)

fﬁ?c-)pic Distance to urban areas Vector Thematic Mapper (Ribas, R.P et a. 2014)

(F:;ys- Slope Raster United States Geological Survey (USGS)

According to Moura et al (2014), spatial data can be organized in layers that
represent a phenomenon’s potential distribution surface or spatial occurrence. To create
this potential surface, the first step is data reclassification to create a matrix indicating the
theme’s presence or absence, defining a common pixel size for all to be created layers. In
this study, a 30 meter spatial resolution pixel was used owing to the analyzed area’s great
extension and the great computational power needed. In a second moment, contact edges
among different classes were softened and thus neighborhood influence on transition
areas was considered Kernel Density and Focal Statistics were used in this operation.

3.2. Standardization and weighing of criteria

In the data normalization process, each criterion’s original value (expressed in its own
measurement unit) is converted into a uniform measuring interval. This process permits
non-comparable between each other criteria values be normalized into the same scale and
makes aggregation between them viable.

Most normalization processes use maximum and minimum values for scale
definition. In this study, normalization was done via a linear function since it assumes a
linear impact relationship in the value scale attributed to criteria. This normalization
method offers the advantage of keeping a ratio relationship between original and
normalized values.

The variation interval for criteria values’ variation was defined in a 0 to 1 scale.
To normalize data it is also necessary to define variables’ cost or benefit values. Benefit
values occur when the variables’ higher values are the more positive and, in return, cost
values occur when the variables’ lower values are the more positive. Within the criteria
used in this study (Figure 1), only the distance between highways and urban areas were
defined as Cost.
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Figure 1. Standardization of criteria

Weighing of Criteria is a procedure that can be reached through the knowledge
level of specialists in a determined area or concept or can be derived by approximation
using statistical methods. The Delphi method was applied to define weight given to
criteria that will be used in the decision process. According to Bonham-Carter (1994), this
way of defining weights is called knowledge-driven evaluation. The Delphi method had
great repercussion in the beginning of the 60s based on the work developed by Norman
Dalker and Olaf Helmer (Estes and Kuespert, 1976). According to Moura (2007), Delphi
method application for weight obtainment is based on forming a multidisciplinary group
of specialists that know the phenomenon well and the spatial reality where it is located.

Formation of a multidisciplinary group of 15 specialists to apply a questionnaire
related to the objective was the procedure adopted. The mentioned group was made up
by conservation units in the mosaic region’s managers, researchers whose line of research
involves biodiversity in the focused region, spatial analysis specialists in multicriteria
methods and researchers focused on geomorphologic studies. Members received an on-
line questionnaire containing a summary of the project, its objectives and questions about
criteria and their importance to connectivity in the landscape. According to the Delphi
methodology, the group of specialists remained anonymous so that answers were not
influenced by other members.

3.3. Mapping the suitability for the connectivity

To generate a sustainability map of connectivity, a multicriteria evaluation using the
“Multicriteria Evaluation for Discrete Set of Options” toolbox of Professor Piotr
Jankowski of San Diego State University (Ligmann-Zielinska and Jankowiski 2012;
Ligmann-Zielinska et al. 2012) was carried out. The Weighted Sum for Feature Class tool
carries out a multicriteria evaluation through points’ vector archives.

Observing this characteristic of the tool, a vector points grid was created with the
same dimensions of columns and lines of normalized layers in raster format. Thus, value
extraction for each raster layer pixel for vector points was done. Weight used (Table 2)

127



Proceedings XX GEOINFO, November 11-13, 2019, Sdo José dos Campos, SP, Brazil. p 123-134

for each criterion in the present multicriteria evaluation corresponds to the average (AW)
extracted from the ponderings of the 15 interviewed specialists. The result of the
multicriteria evaluation provided by the Multicriteria Evaluation for Discrete Set of
Options tool in a vector archive was converted into raster and permits creation of a
connectivity sustainability map (Figure 2).
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Figure 2. Map of the suitability for the connectivity

4. Spatial Uncertainty and Sensitivity Analysis

For analysis of the uncertainties inherent to a multicriteria evaluation procedure and a
reading of the robustness of the evaluation model in case of changes in variables
combination, the Multicriteria Evaluation for Discrete Set of Options toolbox of Professor
Piotr Jankowski of San Diego State University was also used through the process named
Sensitivity Analysis to Land Suitability Evaluation (Ligmann-Zielinska and Jankowiski,
2012; Ligmann-Zielinska et al. 2012). The Monte Carlo statistical method was applied
using the “Monte Carlo Weighted Sum” tool. The analysis is based on building possible
results by attributing different intervals of maximum and minimum values in relation to
the average value attributed to each criterion. Intervals are groups of random values
generated by a probability density function (PDF) and are defined using the Standard
Deviation (STD) regarding the average. This is a symmetrical distribution and values
closer to average will present a higher occurrence probability.

A Monte Carlo simulation with a greater number of iterations will have a more
reliable answer but will demand higher computational resources. In this study, 100
iterations between indicated weights intervals were done. The interval of minimum and
maximum weights attributed to each criterion varied due to weights attributed by the
specialists (Table 2). As proposed by Moura et al (2014), i can observe the difference
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between the lowest and highest value among the specialists, being that, if opinion
variation on criterion is low, it is feasible to opt for 1 STD for each side of the average
value. However, if there is great variation in specialists’ opinions regarding a determined
criterion, STD is used twice for each side of the average value because a broader range
will be analyzed for criteria that generated more doubts.

Table 2. Criteria for definition de analysis interval

Criteria AW SD PDF | Analysisinterval
Distance to surface water 0.25 0,028 1xSD 0,222 - 0,278
Distance to UC’s of full protection 0.20 0,047 1xSD 0,153 - 0,247
Distance to UC’s of sustainable use 0.05 0,020 | 2xSD 0,010 - 0,090
Distance to forest patches with larger core areas 0.20 | 0,023 | 2xSD 0,153 - 0,247
Distance to roads 0.05 0,009 1xSD 0,041 - 0,059
Distance to urban aress 0.10 | 0,009 | 1xSD 0,091 - 0,109
Slope 0.15 0,016 | 2xSD 0,118 - 0,182

5. Results and Discussion

Uncertainty analysis through the Monte Carlo method produces a result indicating a
ranking of average classified values (Rank AVG) and a ranking obtained from the
standard deviation (Rank STD). The higher values are those that have first positions in
the ranking (Figure 3).

Rank of Standard Kok of Avevage
Devistion

Figure 3. Rank extract by the Monte Carlo analysis

According to Ligmann-Zielinska and Jankowiski (2012), these results allow
carrying out an analysis on the area’s aptitude level as well as the uncertainty related to
this aptitude and a combination of rules is possible for than exploratory analysis of the
result. The rules proposed by the authors are as follows:

1. The average’s high ranking position and a low ranking position for the standard
deviation point to a more suitable location with less aptitude related uncertainty.

2. The average’s low ranking position and a low ranking position for the standard
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deviation point to less suitable locations as they have low aptitude and low uncertainty
regarding this situation.

3. The average’s high ranking position and a high ranking position for the standard
deviation point to locations with a great suitability potential, nevertheless it needs further
studies because of the related high uncertainty.

4. The average’s low ranking position and a high ranking position for the standard
deviation point to low aptitude locations that, however, have a lot of related uncertainty,
being liable to more analyses.

Striving for a better analysis of results, a results combination in a thematic map
demonstrating simulated possibilities of connectivity suitability was done (Figure 4).
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Figure 4. Sensitivity Analysis to Connectivity Suitability

Areas presenting better suitability for connectivity among protected areas are
those that have a low ranking position for the standard deviation (low uncertainty) and a
high ranking position for the average (high suitability) as indicated in Rule 1. Such areas
correspond to 19.82 % of the mosaic’s total area (Table 3). Highly suitable areas, however,
also have high uncertainty and can also be considered important to foster connectivity
though they need a more detailed analysis of associated uncertainties. These areas
correspond to 28.73% of the mosaic’s total area.

Table 3. Sensitivity Analysis to Connectivity Suitability

Sensitivity Analysis Rule Area(ha) | Percent (%)
LOW uncertainty and LOW suitability | Low STD - Low AVG 150,82 7,97
HIGH uncertainty and LOW suitability | High STD - Low AVG 822,69 43,48
LOW uncertainty and HIGH suitability | Low STD - High AVG 375,06 19,82
HIGH uncertainty and HIGH suitability | High STD - Low AVG 543,63 28,73
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Areas that present low suitability, but have high associated uncertainty are the
landscape’s matrix with 43.48% of the mosaic’s total area. In these areas there are
different land use typologies and, consequently, coexisting habitats. More research on
these habitats and their respective species is needed in these areas, striving for a deeper
analysis of fragments’ real functionality to serve as connectors in the landscape.

It is interesting to note that even integrally protected areas have high uncertainty
linked to their connective capacity and thus demonstrate that some agents involved in the
multicriteria analysis may harbor doubts on these areas’ roles. It is also indicative of little
consensus among specialists valuing criteria under analysis.

Taking areas with higher suitability into consideration, or be it, that have low
ranking position for standard deviation (low uncertainty) and a high-ranking position for
the average (high suitability), 5 principal locations that have patterns capable of allowing
connectivity between protected areas were identified.

Figure 5. Sensitivity Analysis to Connectivity Suitability

In area 1, located in the mosaic’s northwestern portion there are dense patches of
vegetation in the landscape and presents a stepping stone pattern that may come to allow
connectivity between the northern region of the “Serra do Cabral” and the main face of
the “Serra do Espinhago” near “Sempre Vivas” National Park. Area 2, in the mosaic’s
western section is shaped to potentially permit connectivity via a typical biodiversity
corridor formed by the Curimatai River’s riparian vegetation. It allows connection
between the southern region of the “Serra do Cabral” and the main face of the “Serra do
Espinhago” near “Sempre Vivas” National Park. Areas 3, 4 and 5 present a landscape
mosaic pattern in which the differently shaped habitat fragments have the potential to
permit connectivity in the landscape. Within the methodology presented here, these areas
must be the object of a more detailed evaluation to implement environmental management
policies, striving to preserve biodiversity through the establishment of connectivity
among habitats.

In this context, a decision model we can envision after analysis will, besides
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conciliating natural communities’ survival possibilities in fragmented landscapes with
human intervention, must have the capacity to direct strategies on a larger scale, or in
other words, with greater attention to details. The proposition is that legal instruments be
created. They should follow concepts within the scope of Landscape Ecology, which was
initially proposed by Forman & Godron (1986). In it, landscape has a three element
structure and they are Matrix, Patch and Corridor. Starting from this Landscape Ecology
concept, management models based on landscape’s structural elements can be created
minding greater biodiversity conservation efficiency.

In landscape mosaics in places with a typical matrix pattern, areas in which there
is a habitat typology intertwining, such as pasture lands, native forests, monocultures and
others, it would be necessary to create policies making economic growth and biodiversity
conservation compatible. To do this, it would be crucial to develop matrix permeability
studies that contemplate endemic species and their transit capacity in the matrix.

In places with a stepping stone pattern, in which connectivity is reached through
short movements among habitat patches dispersed within the matrix, a decision-making
model would be to carry out metapopulation research including degree of patches’
isolation studies, efficiency of patches’ core areas, verification of patches’ real
functioning as habitats, how species coexist in the habitat and others.

In locations with an ecological corridor pattern, which can be understood as great
avenues on which biodiversity moves through habitats, creation and verification of the
real functionality of existing policies on riparian vegetation conservation as water
networks with preserved riparian vegetation is an efficient ecological corridor. Besides
this, constant analyses on possible interconnection locations among habitats must be
checked with the aid of orbital images and field teams.

6. Conclusions

One of the characteristics of the multicriteria analysis method is to take into consideration
decision makers’ opinions and be expressed through criteria and their weighting.
However, i observed that in the course of the criteria and weighting definition process,
some uncertainties were identified. This situation was satisfactorily resolved in this study
through applying sensibility analysis using the Monte Carlo method. This analysis lends
robustness to the methodology since it permits analysis of the relationship between
weighting, criteria and their propositioning method.

The Protected Areas Mosaic of the Espinhago corresponds to an area of regional
dimensions and that leads to complicated situations regarding territorial management be
it due to lack of technical knowledge or because of the territory itself. Under this aspect i
conclude that the methodology presented herein was very satisfactory as it allowed
identification of areas with great suitability for this theme, which was habitat connectivity
in the landscape.

Observing the 5 five suitable areas for connectivity, identified using the presented
methodological guide, i propose a continuation of the study by carrying out a detailed
investigation into each detected area using images made by higher resolution sensors. We
also indicate a review of the questionnaire written for effectuation of the Delphi method
including more specific questions since the study’s scale tends to be refined.

Keeping in mind the method’s integration capacity in a GIS environment and
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analysis possibilities on different scales, we believe that this method can aggregate to
protected areas’ management, taking into consideration the definition of apt or vulnerable
areas for determined activities and helping in the search for solutions that add to
biodiversity conservation.
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Abstract. The automatic classification of remote sensing time series has become
essential to identify the rapid and frequent changes that the earth’s surface has
been undergoing. This work investigates the accuracy of land use and land
cover classification with remote sensing time series when distance based meta-
features are added to existing features of some classifiers. The distance based
meta-features presented are generated by comparing all time series of the re-
gion being studied to every time series patterns previously calculated for that
region. This is a very costly operation that was made viable through the use
of parallel processing. Although expensive, this operation is advantageous be-
cause the meta-features generated can be later used as input to any classifier.
The experimental work conducted showed promising results when using the dis-
tance based meta-feature strategy. The proposed strategy was able to increase
from 78% to 93,8% the classification accuracy of the KNN algorithm, and from
92,3% to 93,8% the accuracy of a state-of-art SVM-based algorithm proposed
recently. These results indicate that distance-based meta-features allow reveal-
ing unknown data characteristics, potentially increasing classification accuracy.

1. Introduction

Never before in the current era has the Earth’s surface changed so fast. While urban
and agricultural areas greedily expand into the surrounding natural space, whole forest
ecosystems are diminishing at an alarming speed. To identify those changes and highlight
their dynamics, the automatic classification of remote sensing time series has become
essential [Bégué et al. 2018].

The Time-Weighted Dynamic Time Warping (TWDTW)[Maus et al. 2016] al-
gorithm with temporal weights, was successfully used to identify these changes in
the Earth and classify land cover classes including single and double cropping sys-
tems [Maus et al. 2019]. However, when there is a high variability of data in each tem-
poral pattern, the overlap of time series patterns increases, leading to confusion in the
classification [DADI 2019]. The method proposed by [Picoli et al. 2018] minimizes this
impact by using all spectral bands and vegetation indices from time series as input vari-
ables for machine learning algorithms.
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Our work extends the solution proposed by [Picoli et al. 2018] adding meta-
features created from distance measures calculated by TWDTW, for each pattern class.
We obtained a higher overall accuracy than the TWDTW and the method proposed
by [Picoli et al. 2018]. The TWDTW algorithm has a high computational cost, with time
complexity of O(n?). Therefore, the method, introduced in this paper, explores paral-
lel architectures to create the meta-features efficiently with the Spatial Parallel TWDTW
(SP-TWDTW) algorithm [Oliveira et al. 2018], proposed in a previous work. The SP-
TWDTW execution time was 246 times faster than the TWDTW in R, and 11 times faster
than the TWDTW implementation in C++.

This paper is organized as follows. Section 2 discusses the solutions for classifi-
cation using remote sensing time series. Section 3 describes the TWDTW algorithm used
as the basis for this work. The new method proposed in this paper is presented in Sec-
tion 4. Section 5 validates the method and discusses the accuracy of it. Finally, Section 6
presents some conclusions and future work.

2. Land cover and Land Use Classification using Remote Sensing Time
Series

Automatic classification methods using remote sensing time series have been used for
land cover and land use mapping. DTW is one of the most well-known methods in
this field. Some previous work like [Petitjean et al. 2012, Petitjean and Weber 2014,
Maus et al. 2016] proposed non parallel methods using DTW to analyze time series of
satellite images using a maximum time delay to avoid time distortions based on the date
of the satellite images.

Some methods process each image independently and compare the results for
different time instances [Gémez et al. 2011, Lu et al. 2016]. The technique presented
in [Costa et al. 2017] builds a time series of each pixel and process them indepen-
dently. Some papers perform the time series classification through spatial interpola-
tion [Li and Heap 2014], which is the process of using points with known values to
estimate values of other unknown points. Several automated approaches were de-
veloped for land use classification, including single or multi-stage supervised clas-
sification [Abou EL-Magd and Tanton 2003], decision tree [Simonneaux et al. 2008],
and supervised learning models such as Random Forest or Support Vector Ma-
chines [Low et al. 2012, Lebourgeois et al. 2017].

Deep Learning (DL) algorithms have seen a massive rise in popularity for remote-
sensing image classification over the past few years. A study was made to conduct a
comprehensive review of more than 200 publications in this field, most of which were
published during the last two years [Ma et al. 2019]. For time series classification, the
Recurrent Neural Networks (RNN) has been traditionally applied, analyzing the observa-
tions of each pixel over time. Despite the potential of RNNs, it has been pointed out that
there are open challenges in the classification using DL algorithms.

The method proposed by [Picoli et al. 2018] builds high-dimensional spaces us-
ing all values of the time series from vegetation indices NDVI and EVI, and the spectral
bands NIR and MIR, coupled with advanced statistical learning methods. Three classi-
fiers were evaluated: Support Vector Machine (SVM), Random Forest (RF), and Linear
Discriminant Analysis (LDA). The SVM classifier has been show to have better discrimi-
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nating power than RF and LDA in a case study covering the state of Mato Grosso, Brazil,
in an area of 5,300 km?. As an example, the Table 1 shows the time series from NDVI,
EVI, NIR and MIR with two observations each, which are mapped as input variables for
machine learning methods.

Table 1. Input variables for machine learning methods using NDVI, EVI, NIR and
MIR time series with two observations each [Picoli et al. 2018].

pixel mir.l mir.2 nirl nir2 ndvil ndvi2 evil evi2
1 0.5 0.1 07 0.1 0.11 0.11 0.1  0.01
2 0.8 0.8 02 01 03 0.5 04 052
3 0.6 0 0.8 03 03 0.3 06 023

3. Time-Weighted Dynamic Time Warping (TWDTW)

The TWDTW [Maus et al. 2016] is a variation of the DTW algorithm that is sensitive
to seasonal changes of natural and cultivated vegetation types. It considers inter-anual
climatic and seasonal variability. The TWDTW method computes the cost matrix V¥, ,,,
given the pattern U = (uy, ..., u,) and time series V' = (vy, ..., v,). The elements 1); ; of
V., ., are computed by adding the temporal cost w, becoming 1; ; = |u; — v;| +w; j, where
uw € UVi=1,..,nandv; € VVj=1,.., m. To calculate the time cost, the logistic
model is used with a midpoint 5 and a bias « presented in Equation 1.

1
Wij = 1+ e—algtit;)=B)’

(1

in which g(t;,¢;) is the elapsed time in days between dates ¢; for the patterns U and ¢;
in the time series V. From the cost matrix ¥ an accumulated cost matrix is calculated,
named D by using a recursive sum of the minimum distances, as shown in equation 2

di,j = TZJM + min{di_u, di—l,j—h di,j—l}» ()

which is subject to the following conditions:

Vi i=1j=1
dij = 22:1 wlﬂ,j 1< < n,j =1 (3)
DYk i=11<j<m

The kth lowest cost path in D produces an alignment between the pattern and a
subsequence of V' with associated distance J, in which ay, is the first element and by, the
last element of k. Each minimum point in the last row of the cost matrix is accumulated,
ie. d,; Vj=1,..,m, produces an alignment, with b, = argming(d,;),k =1,..., K
and 0, = d,,, in which K is the minimum number of points in the last row of D.

A reverse algorithm, equation 4, maps the path P, = (pi, ..., pr) along the kth
“valley” to the lowest cost in D. The algorithm starts in p;—;, = (i = n,j = by) and ends
with ¢ = 1, 1i.e. p=; = (i = 1,j = ag), in which L denotes the last point of alignment.
The path P, contains the elements that have been matched between the series.
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(1,a = j) sei =1
D1 = (2—1]) sej=1 “4)
CLTngTl( i—1,5> z 1,j—15 di,j—l) otherwise

The best accuracy results using TWDTW distance measures have been reached
using the k-Nearest-Neighbours (kNN) algorithm with K = 1 (INN) [Maus et al. 2016,
Maus 2016, Wegner Maus et al. 2019]. The kNN is a non-parametric classification
method that does not require training data to generate the model. Given a set of n train-
ing examples, upon receiving a new instance to predict, the kNN classifier will identify
k nearest neighboring training examples of the new instance and then assign the class
label hold by the majority of neighbors to the new instance. Remote sensing time series
classification with 1NN using TWDTW distance measures follows the steps:

1. Initializes K = 1.

2. Calculate the distance measure between each time series V' and each pattern U
with TWDTW.

3. Sort the distances in ascending order based on its values.

4. Assign to V the class from pattern U with the shortest distance to V.

4. Creating Meta-Features for Land Use and Land Cover Classification
using Remote Sensing Time Series exploiting Parallel Processing

The TWDTW is a pattern-matching algorithm based on dynamic programming with time
complexity O(n?). This section presents the solution proposed to create meta-features as
input for machine learning methods to increases the land use and land cover classifica-
tion accuracy. These meta-features are created exploiting parallelism with the algorithm
proposed in [Oliveira et al. 2018], denoted by SP-TWDTW.

In general, the SP-TWDTW algorithm parallelizes the construction of the accu-
mulated cost matrix. The accumulated cost matrix D is computed from the cost matrix
W using the recursive sum of the minimum distances, as shown in equation 2. The con-
struction of D can not be trivially paralleled since the computation of each element (z, j)
of the matrix depends on the previously elements (i — 1, ), (i,7 — 1) and (: — 1,5 — 1).
This dependency can be seen in Figure 1(a). The idea behind the SP-TWDTW algorithm
is presented in Figure 1(b). Each diagonal is computed in parallel, with each thread being
responsible for a diagonal cell. Since the elements are not dependent on each other within
the diagonal, the calculation of the accumulated cost does not lead to an inconsistent
matrix.

4.1. Creating Meta-Features for Machine Learning Algorithms using the
SP-TWDTW Distance Measures

In remote sensing time series processing, each pattern belongs to a certain class. The
pattern is created using a set of time series sample of the given class. The best accuracy
results using TWDTW similarity measures in STSR classification have been obtained
using the KNN approach with K = 1 (INN) [Maus et al. 2016], described in Section 3.
However, for regions where data samples cannot capture the correct pattern for each class,
TWDTW usually does not have high accuracy on classification [Maus et al. 2016]. Due
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Figure 1. Computation of the accumulated cost matrix D

to the variability of time series samples, creating a single time series pattern for each class
is a difficult task. The solution proposed by [Picoli et al. 2018], described in Section 2,
reduces this impact by using all spectral bands and vegetation indices from time series as
features for machine learning algorithms, creating high dimensional spaces.

Our work proposes a new method for land use and land cover mapping that creates
meta-features from distance measures calculated by SP-TWDTW, in addition to spectral
bands and vegetation indices [Picoli et al. 2018], as input variables for machine learning
algorithms. Formally, given a time series V', a set of patterns Q = {Uy, U, ..., U, }, the
meta-features array is created using the function F-TWDTW(V) following the Equation 5:

F-TWDTW(V) = (SP-TWDTW(V,U,), ..., SP-TWDTW(V, U,)) (5)

where, n is the number of patterns in (). Since each pattern is related to one class, so n
also represents the number of classes, to which each V' can be assigned. The meta-features
created by F-TWDTW(V) is added to the array of features defined in [Picoli et al. 2018],
generating the input variables for the machine learning algorithms.

The creation of meta-features with SP-TWDTW for machine learning methods
can be exemplified as follows. Suppose there are three classes: “Forest”, ‘“Pasture”
and “Cerrado”. In this case, there is one pattern for each class and Q = {U;, U,,
Us}. For each time series V' (related to one pixel), the distance measure between V'
and each U € () is calculated with SP-TWDTW. If the pattern U, (“Pasture”) has the
shortest distance to V/, so the 1NN method, using the SP-TWDTW similarity measure,
would assign the class “Pasture” to V. If we use the SP-TWDTW distance measures
as input to machine learning methods, in this example we would have three new meta-
features generated from the distances measures between V' and each U € (). These
meta-features can then be used as input variables for the machine learning algorithms.
The Table 2 shows an example of a training dataset that merges the meta-features cre-
ated by SP-TWDTW (ptwdtw.forest, ptwdtw.pasture, ptwdtw.cerrado) with the features
from [Picoli et al. 2018] (mir, nir, ndvi)'.

The method proposed by [Picoli et al. 2018] also uses the time series from EVI vegetation index as
input variable for machine learning methods.
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Table 2. Example of a training dataset using the SP-TWDTW distance measures
as meta-features.

pixel mirl mir2 nirl nir2 ndvil ndvi.2 ptwdtw.forest ptwdtw.pasture ptwdtw.cerrado

1 0.5 0.1 08 07 0.1 0.15 11.3 15.9 5.0
2 0.8 08 07 02 0.1 0.4 3.7 5.0 5.0
3 0.9 0.5 08 03 03 0.3 1.2 10.8 4.1

Although both INN and F-TWDTW use SP-TWDTW distance measures, INN
will use a fixed number of neighbors, in this case just one, to decide the class that V' be-
longs to. On the other hand, machine learning methods use complex functions to improve
the classification accuracy using the training data set. For example, these methods can re-
duce the weight of a training sample that would be the nearest neighbor alone. The classes
“Corn” and “Millet” [Picoli et al. 2018], have similar physical characteristics and can be
spectrally confused. F-TWDTW can learn to identify these cases and reduce the weight
of these samples on the training dataset, which is not possible with INN. F-TWDTW
thus uses a more complex classification hypothesis than is used by 1NN and therefore
F-TWDTW is expected to work better than 1NN, in general.

The machine learning methods are also able to learn the importance of the features
from the training dataset and merge the strengths of 1NN with SP-TWDTW in the classi-
fication. In this paper, we chose the supervised learning method Support-Vector Machines
(SVM) [Cortes and Vapnik 1995], which was shown by [Picoli et al. 2018], as producing
the best accuracy using spectral bands and vegetation indices as features. However, the
meta-features, proposed in this work, can also be used as input variables to other machine
learning algorithms.

5. Experiments and Results

This section aims to evaluate the classification accuracy using the meta-features created by
the SP-TWDTW algorithm running on parallel architectures. The classification accuracy
was evaluated using an AMD FX-8320E processor machine with 3.2 GHz clock and 24
GB of RAM. The distance measures were calculated by SP-TWDTW on GPU using the
NVIDIA GeForce GTX 1050 Ti card with 4 GB GDDRS of available memory and 768
CUDA cores with a clock of 1392 MHz.

SP-TWDTW execution time was 246 times faster than the TWDTW in R pro-
gramming language [Oliveira et al. 2018]. The TWDTW was implemented in C++ to be
able to compare fairly with SP-TWDTW since the C++ language allows for better perfor-
mance than 2. The SP-TWDTW GPU implementation proved to be a promising solution
for processing high temporal resolution data, with a speedup of 10 times over the CPU
TWDTW implementation and almost 11 times faster than it for high spatial resolution
data.

We used the MOD13Q1 product from National Aeronautics and Space Adminis-
tration from 2001 to 2016, provided every 16 days at 250-meter spatial resolution in the
sinusoidal projection. The dataset used has 2115 time series, in an area of 903,357 km?
in the state of Mato Grosso, Brazil. Nine ground cover classes were defined, described in
Table 3, along with the number of samples per class.

The solution introduced in this work is compared with the method proposed
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Table 3. Number of ground samples per class used as training data for machine
learning algorithms.

Class Count
Forest 138
Cerrado 400
Pasture 370

Soy-Fallow 88
Fallow-Cotton | 34
Soy-Cotton 399
Soy-Corn 398
Soy-Millet 235
Soja-Sunflower | 53

in [Picoli et al. 2018], here denominated SVM-Picoli. The SVM-Picoli method selects
the time series observations of vegetation indices, NDVI and EVI, as well as the NIR and
MIR spectral bands as input variables for the SVM algorithm. Our work introduces a new
method that creates meta-features using the the function F-TWDTW from SP-TWDTW
distance measures for each land use and land cover class, adding it to the features vec-
tor of SVM-Picoli method. In our experimental scenario, nine features are added to data
training, and we denoted our method as SVM-TWDTW in the experiments. The KNN
algorithm using the SP-TWDTW similarity measures as input distances is denoted as
KNN-TWDTW in the experiments.

A generalized additive model (GAM; Hastie and Tibshirani 1986; Wood 2011)
was used by [Picoli et al. 2018] to generate the smoothed temporal patterns. It is flex-
ible for non-parametric fits, with less rigorous assumptions on the relationship between
response and predictor. This potentially provides a better fit to satellite data than purely
parametric models, due to the data’s inter-annual and intra-annual variability. The patterns
generated for each one of the nine classes can be seen in Figure 2.

For KNN-TWDTW, we created 100 different data partitions, each one with 90%
of the samples for training and 10% for validation. The parameters for the classifica-
tion method were: the logistic weight function with steepness -0.1 and midpoint 50 for
TWDTW; the frequency of the temporal patterns to 8 days, and the GAM smoothing for-
mula to formula = y s(z), where function s sets up a spline model, with x the time and
y a satellite band.

To estimate the accuracy of the SVM method (SVM-TWDTW and SVM-Picoli),
the k-fold cross-validation method was used with & = 10 [Kohavi et al. 1995], with 100
different data partitions, each one with 90% as training data and 10% for validation. The
setup of both SVM classifiers, SVM-Picoli and SVM-TWDTW, is similar to allow evalu-
ating the impact of adding the SP-TWDTW distance measures as meta-features. We used
the SVM algorithm from e1071 2 library implemented in R with version 1.7-2 and the
following parameters: kernel = "radial", degree = 3, coefO = 0, cost = 10, tolerance =
0.001, epsilon = 0.1, cross = 0, scale = FALSE, cachesize = 1000.

Zhttps://www.rdocumentation.org/packages/e1071/versions/1.7-2/topics/svm
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Figure 2. Estimated temporal patterns of NDVI, EVI, NIR and MIR bands for the
selected land cover classes using the GAM model [Picoli et al. 2018].

5.1. Results and Discussion

Table 4 shows the confusion matrix with the number of samples classified in each class,
the overall accuracy, and the producer and user accuracies of the KNN-TWDTW method.
It had a low overall accuracy (OA) of 78% explained by the patterns that have similar
temporal behavior. In Figure 2, we can see that the land cover classes Cerrado, Pasture and
Forest have similar time series patterns. KNN-TWDTW had good accuracy in identifying
forest patterns, with PA of 100%, but it misclassified the Cerrado and Pasture samples,
which caused a low UA for the Forest class. This occurs because, for each time series
V, the KNN-TWDTW method calculates the distance measure for each pattern U and
assigns V' to the class with the lower distance measure. But when the patterns are similar,
the distance between 1V and each U is close and leads to misclassification. The same
behavior occurs for the Soybean-Corn, Soybean-Millet and Soybean-Sunflower patterns.

To reduce the impact of the similarity of patterns on classification, the
work [Picoli et al. 2018] proposes a method that uses the NDVI and EVI vegetation in-
dices, as well as the RED and MIR bands as input variables for SVM. The result of
the classification using this method is presented in the confusion matrix of the Table 5, in
which the classifier obtained overall accuracy of 92.3%, approximately 12.3% higher than
KNN-TWDTW. The matrix shows that there was confusion between the Soy-Corn and
Soy-Millet classes, as with KNN-TWDTW, due to similar characteristics of the Soy-Corn
and Soy-Millet patterns, but with a lower error rate. Since corn and millet have simi-
lar physical characteristics, they can be spectrally confused [Picoli et al. 2018]. Both are
grasses, with lanceolate leaves; the height of corn can reach up to 3.5 m, whereas millet
varies between 1.5 and 3 m, and can reach more than 5m [Picoli et al. 2018].
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Table 4. Confusion matrix using KNN-TWDTW with the Producer’s Accuracy (PA)
and User’s accuracy (UA) values for each class, in addition to the overall accuracy

(OA).

1 2 3 4 5 6 17 8 9 [UAW%)
1 Pasture 332 3 5 0 0 0 8 0 0 |954
2 Soy-Corn 6 257 32 37 1 4 0 0 0 |741
3 Soy-Millet 1 9 155 2 0 1 0 0 3 |856
4 Soy-Cotton 1 00 2 314 4 0 0 0 0 |949
5 Fallow-Cotton |1 3 2 32 29 0 0 0 0 433
6 Soy-Sunflower [0 100 29 12 0 37 0 0 0 |208
7 Cerrado 1M 0 0 0 0 0 303 0 0 [9.5
8 Forest 2 0 0 0 0 0 8 138 0 |577
9 Soy-Fallow 6 6 10 2 0 1 0 0 8 |73

PA (%) 89,7 64,6 659 78,7 853 69,8 75,7 100 96,6 | OA:78%

Table 5. Confusion matrix using method proposed by [Picoli et al. 2018] (SVM-
Picoli) with the Producer’s Accuracy (PA) and User’s accuracy (UA) values for
each class, in addition to the overall accuracy (OA).

1 2 3 4 5 6 7 8 9 UA (%)
1 Pasture 355 4 8 0 1 0 2 2 0 95,4
2 Soy-Corn 4 350 33 24 0 7 0 0 0 83,7
3 Soy-Millet 1 25 191 1 0 3 0 0 0 86,4
4 Soy-Cotton 0 13 2 370 5 4 0 0 0 93,9
5 Fallow-Cotton | 0 1 0 3 28 0 0 0 0 87,5
6 Soy-Sunflower | 0 4 1 1 0 39 0 0 0 86,6
7 Cerrado 9 1 0 0 0 0 396 1 0 97,3
8 Forest 1 0 0 0 0 0 2 135 0 97,8
9 Soy-Fallow 0 0 0 0 0 0 0 0 88 | 100
PA (%) 959 879 81,2 92,7 823 73,5 99 97,8 100 | OA:92,3%

Table 6 shows the confusion matrix using the SVM-TWDTW method introduced
in our work. The SP-TWDTW similarity measures had a positive impact on accuracy, in-
creasing the overall accuracy of SVM-Picoli by 1.5%. This positive impact with an overall
accuracy of 93.8% is explained because using the SP-TWDTW similarity measures along
with NDVI, EVI, NIR and MIR characteristics, the SVM-TWDTW can combine SVM-
Picoli and KNN-TWDTW methods. KNN-TWDTW was able to correctly classify 125
samples that the SVM-Picoli method misclassified, and this number decreases to 91 when
compared to the SVM-TWDTW method. An example can be seen by comparing the
PA from the class Forest between KNN-TWDTW (Table 4) and SVM-Picoli (5), where
KNN-TWDTW has an accuracy of 100% against SVM-Picoli 97.8%. Table 6 shows that
SVM-TWDTW had the same accuracy of 100%, thus also better than SVM-Picoli.

The combination of SVM and TWDTW similarity measures also introduces sce-
narios that generate misclassifications. For example, the PA of Soy-Fallow using the
KNN-TWDTW (96.6%) was lower than PA with SVM-Picoli method (100%) because
KNN-TWDTW shows some confusion between the Soy-Millet and Soy-Fallow patterns.
The SVM-TWDTW method suffered this effect and also had a PA of exactly 96.6%. In
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Table 6. Confusion matrix using the method proposed in this paper (SVM-
TWDTW) that creates meta-features from SP-TWDTW distance measures. The
table shows the Producer’s Accuracy (PA) and User’s accuracy (UA) values for
each class, in addition to the overall accuracy (OA).

1 2 3 4 5 6 7 8 9 UA (%)
1 Pasture 359 2 4 1 0 0 3 0 0 97,3
2 Soy-Corn 1 358 29 22 1 4 0 0 0 86,3
3 Soy-Millet 4 27 200 3 0 5 0 0 3 82,7
4 Soy-Cotton 1 2 373 3 0 o0 0 0 95,6
5 Fallow-Cotton | 0 0 0 0 30 0 O 0 0 100
6 Soy-Sunflower | 0 0 0 0 0 4 0 0 0 100
7 Cerrado 5 0 0 0 0 0 397 0 0 98,7
8 Forest 0 0 0 0 0 0 0 138 0 100
9 Soy-Fallow 0 0 0 0 0 0 0 0 85 100
PA (%) 97 89,9 85,1 934 882 83 99,2 100 96,6 | OA:93,8%

the classification of Soy-Millet samples, SVM-TWDTW had lower accuracy than KNN-
TWDTW and SVM-Picoli, with UA equals to 82.7% against 86.4% of SVM-Picoli and
85.6% of KNN-TWDTW. SVM-TWDTW had some difficulties to distinguish the classes
Soy-Millet and Soy-Corn than the other methods, which led to mislabeling of some Soy-
Corn samples as Soy-Millet. However, SVM-TWDTW had a higher PA than SVM-Picoli
(85.1% against 81.2%) and KNN-TWDTW (85.1% against 65.9%) being able to identify
correctly a higher number of Soy-Millet samples.

In all other scenarios, Table 6 shows that the user and producer accuracies of
the SVM-TWDTW method were better than those of SVM-Picoli and KNN-TWDTW.
SVM-Picoli misclassified 145 samples correctly labeled with SVM-TWDTW, while the
opposite scenario occurred 113 times. The results show that the SVM-TWDTW method
has brought advances in land use mapping accuracy with the use of TWDTW similarity
measures as SVM characteristics. So far, the highest overall accuracy in mapping Mato
Grosso land use had been achieved with the SVM-Picoli [Picoli et al. 2018] method.

6. Conclusion

This work investigated the accuracy of land use and land cover classification using meta-
features derived from SP-TWDTW distance measures, in addition to the spectral band
and vegetation indices time series used by [Picoli et al. 2018]. Our method creates meta-
features from SP-TWDTW distance measures for each pattern class. The benefit of these
meta-features is that they can be used in conjunction with other existing features as input
to other classifiers.

SP-TWDTW distance measures were created to be used as input to the KNN clas-
sifier, with K = 1. But, when the temporal signatures of each pattern are similar, this
leads to some possible confusion. The method introduced in this paper, using the SVM
classifier, increases from 78% to 93,8 % the classification accuracy compared to INN. We
also compared our proposal with [Picoli et al. 2018] and there was an increase in accu-
racy from 92,3% to 93,8% in the land use and land cover classification. The use of SP-
TWDTW distance measures allowed revealing previously unseen characteristics of the
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data, increasing the classification accuracy. These meta-features can also be used as input
variables to other classification methods, such as Deep Learning and Random Forest.

Although the study in [Picoli et al. 2018] has evaluated some classifiers, such as
Neural Networks and Random Forests, there are other machine learning algorithms not
evaluated and that can benefit from these meta-features, such as Deep Learning. There-
fore, in future work, it is interesting to evaluate the impact of the accuracy of the land use
and land cover classification using other methods besides SVM. Also, it is important to
evaluate our proposal in other geographic regions and data from other satellites that may
pose challenges not yet revealed in the experimental scenarios of this paper.

Acknowledgement

This work was funded by Companhia Paranaense de Energia (Copel), P&D ANEEL-
Copel Distribui¢do project number 2866-04842017.

References

Abou EL-Magd, I. and Tanton, T. (2003). Improvements in land use mapping for irri-
gated agriculture from satellite sensor data using a multi-stage maximum likelihood
classification. International Journal of Remote Sensing, 24(21):4197-4206.

Bégué, A., Arvor, D., Bellon, B., Betbeder, J., De Abelleyra, D., PD Ferraz, R., Lebour-
geois, V., Lelong, C., Simdes, M., and R Ver6n, S. (2018). Remote sensing and crop-
ping practices: A review. Remote Sensing, 10(1):99.

Cortes, C. and Vapnik, V. (1995). Support-vector networks. Machine learning, 20(3):273—
297.

Costa, W. S., Fonseca, L. M., Korting, T. S., SIMOES, M., Bendini, H. N., and Souza,
R. C. (2017). Segmentation of optical remote sensing images for detecting homoge-
neous regions in space and time. In Embrapa Solos-Artigo em anais de congresso
(ALICE). In: BRAZILIAN SYMPOSIUM ON GEOINFORMATICS, 18., 2017, Sal-
vador. Proceedings... Salvador: Unifacs, 2017. p 40-51.

DADI, M. M. (2019). Assessing the transferability of random forest and time-weighted
dynamic time warping for agriculture mapping.

Go6mez, C., White, J. C., and Wulder, M. A. (2011). Characterizing the state and pro-
cesses of change in a dynamic forest environment using hierarchical spatio-temporal
segmentation. Remote Sensing of Environment, 115(7):1665-1679.

Kohavi, R. et al. (1995). A study of cross-validation and bootstrap for accuracy estimation
and model selection. In jcai, volume 14, pages 1137-1145. Montreal, Canada.

Lebourgeois, V., Dupuy, S., Vintrou, E., Ameline, M., Butler, S., and Bégué, A. (2017).
A combined random forest and obia classification scheme for mapping smallholder
agriculture at different nomenclature levels using multisource data (simulated sentinel-
2 time series, vhrs and dem). Remote Sensing, 9(3):259.

Li, J. and Heap, A. D. (2014). Spatial interpolation methods applied in the environmental
sciences: A review. Environmental Modelling & Software, 53:173-189.

145



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 135-146

Low, F., Schorcht, G., Michel, U., Dech, S., and Conrad, C. (2012). Per-field crop classi-
fication in irrigated agricultural regions in middle asia using random forest and support
vector machine ensemble. In Earth Resources and Environmental Remote Sensing/GIS
Applications III, volume 8538, page 85380R. International Society for Optics and Pho-
tonics.

Lu, M., Chen, J., Tang, H., Rao, Y., Yang, P., and Wu, W. (2016). Land cover change de-
tection by integrating object-based data blending model of landsat and modis. Remote
Sensing of Environment, 184:374-386.

Ma, L., Liu, Y., Zhang, X., Ye, Y., Yin, G., and Johnson, B. A. (2019). Deep learning
in remote sensing applications: A meta-analysis and review. ISPRS Journal of Pho-
togrammetry and Remote Sensing, 152:166 — 177.

Maus, V. (2016). Land Use and Land Cover Monitoring Using Remote Sensing Image
Time Series. PhD thesis, PhD thesis, Instituto Nacional de Pesquisas Espaciais, Sao
José dos Campos.

Maus, V., Camara, G., Cartaxo, R., Sanchez, A., Ramos, F. M., and de Queiroz, G. R.
(2016). A time-weighted dynamic time warping method for land-use and land-cover
mapping. IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 9(8):3729-3739.

Maus, V., Camara, G., Appel, M., and Pebesma, E. (2019). dtwsat: Time-weighted dy-
namic time warping for satellite image time series analysis in r. Journal of Statistical
Software, Articles, 88(5):1-31.

Oliveira, S. S., Pascoal, L. M. L., Ferreira, L., de Castro Cardoso, M., Bueno, E. F.,
Vagner, J., and Martins, W. S. (2018). Sp-twdtw: A new parallel algorithm for spatio-
temporal analysis of remote sensing images. In GEOINF O, pages 46-57.

Petitjean, F., Inglada, J., and Gangarski, P. (2012). Satellite image time series analysis un-
der time warping. IEEE Transactions on Geoscience and Remote Sensing, 50(8):3081—
3095.

Petitjean, F. and Weber, J. (2014). Efficient satellite image time series analysis under time
warping. leee geoscience and remote sensing letters, 11(6):1143-1147.

Picoli, M. C. A., Camara, G., Sanches, 1., Simdes, R., Carvalho, A., Maciel, A., Coutinho,
A., Esquerdo, J., Antunes, J., Begotti, R. A., et al. (2018). Big earth observation time
series analysis for monitoring brazilian agriculture. ISPRS journal of photogrammetry
and remote sensing, 145:328-339.

Simonneaux, V., Duchemin, B., Helson, D., Er-Raki, S., Olioso, A., and Chehbouni,
A. (2008). The use of high-resolution image time series for crop classification and
evapotranspiration estimate over an irrigated area in central morocco. International
Journal of Remote Sensing, 29(1):95-116.

Wegner Maus, V., Camara, G., Appel, M., and Pebesma, E. (2019). dtwsat: Time-
weighted dynamic time warping for satellite image time series analysis in r. Journal of
Statistical Software, 88(5):1-31.

146



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 147-157

Performance analysis of a RADAR FMCW sensor
developed for plant height measurement in agricultural and
comparison with an NDVI sensor

Pedro Henrique Santos', Leandro Maria Gimenez', Leonardo Felipe Maldaner!,
Cassio da Costa Duarte!

'Escola Superior de Agricultura Luiz de Queiroz (ESALQ) — Universidade de Sdo Paulo
(USP)
Caixa Postal 13418-90 — Piracicaba — SP — Brazil

{pedroeng, lmgimenez, leonardofm, cassioduarte}@usp.br

Abstract. This paper presents the preliminary analysis of a low cost RADAR
FMCW System developed for plant height measurement. It was tested under
controlled conditions and then shipped on an agricultural machine with an
infrared reflectance sensor (NDVI) on a millet crop (Pennisetum glaucum) for
the proper comparison of dynamically obtained responses during agricultural
operations. The system was georeferenced and the results demonstrated the
potential of the technique used. However, boundary conditions must be
implemented to remedy noise encountered in the field and provide greater
accuracy in the responses of the developed sensor system.

1. Introduction

The use of detailed information through the insertion of electronics in agricultural
machines allows the application of inputs in small portions of the crops. Among the
possibilities for determining the need for localized applications, is the use of sensors to
measure parameters related to plant development, such as their height. NDVI reflectance
sensors can be used for this purpose, but tend to have saturation of readings from the
moment plants begin to overlap. Ultrasound-based sensors are also used, but they are
sensitive to environmental conditions, such as the presence of wind, and do not allow
measuring the distance between their anchor point in the machines and the ground, being
possible to only measure the distance between the sensor and the top of the plants. LIDAR
sensors can provide height parameters through three-dimensional images, based on the
time it takes laser pulses to return from the target to the sensor. The drawback is that the
systems are more sensitive to weather and other conditions that interfere with thw laser
pulse. Cost is another factor that limits its large-scale expansion. Active sensors use
radiation that can penetrate the canopy of plants have advantages over others, with radars
being an option. Syntetic Aperture Radar (SAR) sensors, which can be embedded in
aircraft or satellites, are ground-sensing technologies that provide better resolution data,
however these technologies can reach high values depending on their configuration,
making them unviable use in smaller scale operations. Frequency Modulation Continuous
Wave (FMCW) radars can be a versatile alternative for crop applications, where close-
to-crop sensing is sought, with the advantage of simpler setup and lower cost.
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FMCW sensors respond almost instantaneously, allowing actuators to be
deployed and triggered quickly during agricultural operations. Thus, there may be greater
precision in the responses and the inputs can be applied in a timely and controlled manner.

In this context, this paper aims to demonstrate the potentiality and the relationship
between the RADAR FMCW sensor developed and a commercial sensor that allows
obtaining the normalized difference vegetation index (NDVI), through a case study in a
millet crop, in full development.

2. Background

2.1. Precision Agriculture

Precision Agriculture (PA) is the use of a set of technological tools that can be used for
crop management, allowing treatment according to existing variability, demonstrating
their potential for economic development and environmental benefits that can be
visualized through the reduction of water, fertilizers, herbicides, pesticides among others
(MOLIN, 2015).

Recently, (PA) relies on proximal remote sensing methods that use sensors
embedded in drones (ANTHONY, 2014) or agricultural machines (SANTOS, 2019),
which use LIDAR and RADAR, respectively. Such sensors are responsible for the
analysis of plant growth when in agricultural operations and describe detailed information
about their condition, also allowing an assessment of plant tolerance to abiotic stress, such
as drought, heat or nutrient deficiency. Therefore, proximal sensing enables information
to be improved and accurate through crop monitoring, enabling management and
decision-making in an agile and integrated manner with other systems, automatically,
thus improving the cost-benefit ratio (MULLA, 2013).

2.2. Remote Sensing

According to Elanchi and Van Zil, (2006) the term remote sensing indicates the
acquisition of information about an object without physical contact between them. Such
information can be obtained through active sensors, which are responsible for the
emission and reception of their signal, or passive ones, which depends on an external
signal source.

The development of remote sensing tools has been heavily influenced by the
advances in Global Navigation Satellite Systems (GNSS) consisting of a constellation of
satellites designed to provide position, velocity and time data for use on Earth and to some
extent, in space, which provides greater accuracy of data obtained by remote sensors
(ZAVOROTNY et al., 2014).

Currently sensors embedded in satellites provide dynamic information about
global patterns such as clouds, surface vegetation cover and their seasonal and structural
variations, among others. The capability of wide and rapid coverage enables the
monitoring of rapid change of phenomena in the atmosphere, so long-term and repetitive
capabilities allow for observation of seasonal, annual and long-term changes. With the
development of technologies and the reduction of sensor size and costs, there is a greater
demand for implementation in embedded systems such as tractors, implements and also
in unmanned aerial vehicles. When compared to satellites or airplanes, they provide
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higher spatial resolution in addition to real-time imaging, improving crop monitoring
(VEGA et al., 2015).

2.3. Radio Detection and Ranging (Radar)

RADAR, acronym for Radio Detection and Ranging, is an active sensor that has the
property and autonomy to produce electromagnetic waves at microwave frequencies,
which range from 0.3 to 300 GHz, allowing them to cross certain objects, thus providing
relevant information of the structures analyzed (SKOLNIK, 2009).

The intensity and transmission of RADAR signals are described based on the
characteristics of the analyzed surface and also the technology adopted for its
construction, as seen in Equation 1.

__ AeGPrd%A

b= (41)2R* M

Where, P, is the received signal power, 4, is the RADAR antenna area in m?, G
determines the RADAR gain, P; defines the transmitted power and A describes the
surface reflection area of the target in m?. The distance from RADAR to the target
analyzed and described by parameter R, in meters. The factor (47)R? indicates the total
area of a sphere where power will be distributed. The backscatter coefficient o is one of
the most important factors, being dimensionless and most often expressed in dB.

The accuracy of the information depends on some factors, such as orientation,
geometry of the dielectric constant target of the material and also the band used, being
the most common bands L (1 to 2) GHz, C (4 to 8) GHz and X (8 at 10) GHz. Radars
become appropriate sensors for monitoring the earth's surface, as microwaves are able to
penetrate clouds, canopies and even the topsoil, thus describing relevant information on
the current stage of the targets analyzed. SAR cameras currently have the most advanced
technologies for remote sensing imaging, which can be taken at high altitudes and
covering large areas. This is due to the simulation of a large antenna synthesized from a
smaller antenna array, but this advantage increases the cost of this type of system. FMCW
radars are the most viable alternatives when working with shorter distances and covering
smaller areas, since the carrier signal is frequency modulated and therefore require lower
power and consequently there is a reduction in costs (SCHEER, HOLM, 2010).

2.4. Normalized Difference Vegetation Index (NDVI)

One of the parameters obtained through the remote sensing technique commonly used in
(PA) is the Normalized Difference Vegetation Index (NDVI). This technique consists of
measuring the energy reflected by the canopy of the crop under study in two bands. For
this purpose, both active sensors, which have their own energy source, or passive sensors,
which refer to natural sunlight, can be used. NDVI correlates with various plant attributes
such as growth, biomass and leaf nitrogen content (AMARAL et al., 2015).

NDVI optical sensors can be installed on a variety of platforms, such as satellites,
on board airplanes or also on agricultural machines. The conditions and quantities in the
vegetation are described by the ratio between the difference of reflectivity in the near
infrared and visible red bands and that resulting from the sum of these same reflectivities,
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and the values may vary between -1 and 1, with greater plant vigor, in values close to 1
(GAMEIRO et al., 2016).

3. Related work

Radar work has been developed for a variety of purposes. A short range distance meter
for agricultural applications and in particular for measuring the depth of work in tillage
was developed by Rouveure, Faure and Monod (2002). A sensing device was fixed at a
distance of 0.75 m from the ground with an accuracy of around 5 mm. The authors
reported that operating environment restrictions such as dust, rain, mud or turbulence did
not affect FMCW radar making the tool viable and yet inexpensive.

To analyze crop growth, Haagsma (2015) used NDVI data and SAR-type RADAR
satellites to compare the growth of four crop types. There was a strong correlation
between NDVI indices when compared with RADAR parameters for analyzes performed
on corn, canola and soybean crops, but low correlations were obtained for wheat, which,
according to the author, is due to the high crop variability. RADAR was sensitive to
different materials and was therefore sensitive to culture structure, water content and
incidence angle, which varied according to the culture analyzed. Nevertheless, the results
presented in the paper demonstrate that radar is able to provide valuable information on
crop development, such as height and biomass accumulation, an analysis of great
importance for crop monitoring.

Henry et al. (2017) used a RADAR FMCW to estimate the volume of grapes in a
vineyard. The system worked at a frequency of 24 GHz, where it was shifted between the
lines of the grapevines approximately 1m from the crop and with it performed a scan of
the irradiated beam in 3D. After the scan, a parameter called scattering factor was
established, which allowed the classification of the echo levels of the microwave signal
after returning from the culture. Subsequently an algorithm for contour detection was
developed and applied in the processing of the image generated by RADAR, which
according to the authors, obtained an R? of 0.947, with a standard error of 0.02, being
considered a tool that allows the estimation. the volume of grapes after the microwave
signal treatment detected, which occurs even in the presence of natural disorders such as
leaves and twigs, or artificial, such as irrigation hoses present in the crop.

4. Methodology

A RADAR FMCW sensor system was developed and tested in the Electronic
Instrumentation (LIE) Laboratory at ESALQ / USP. The project was designed to be
embedded in agricultural machinery to measure plant height. The work consisted of three
distinct stages: in the first stage there was the development, testing and calibration of the
sensor system, containing an electronic circuit of modulation and demodulation of signals
from the microwave sensor (4gilSense), HB 100, which operates in Band X, 10 GHz. The
second stage was performed in a controlled and dynamic field at the Department of
Biosystems Engineering of ESALQ / USP, using cardboard boxes of known sizes and
shapes to simulate the plant canopy. In the third step, the system was tested in crop
condition, to know its responses in dynamic situations. Figure 1 shows the steps
performed.

150



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 147-157

Figure 1. In A, developed eletronics, in B, field stage and in C, tillage stage.

In the farming stage, an optical reflectance sensor was also used to obtain the
NDVI to analyze and correlate with the data of the developed system (Figure 1 C).

An Arduino microcontrolled platform (Figure 1) was used for acquisition, sharing
and storage of signals from the sensors. Subsequently, an algorithm was implemented to
collect sensor data in a systematic and joint manner. The acquisition of data related to the
optical sensors and the developed RADAR FMCW were properly georeferenced.

The system determines the height of the plants operating with two sensors
working in different modulations: 1560 Hz, responsible for the distance between the
sensor and the canopy; and 500 Hz, responsible for the distance between the sensor and
the ground (Figure 2).
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Figure 2. In A, system block diagram, in B, implementation on tractor.

The modulated signal from both sensors reaches the targets and returns, allowing
the calculation of the number of beats of the signal. For determination of plant height, the
system makes the difference between the number of beats obtained and compares it with
the values of the calibration step in the laboratory. Figure 2 in B demonstrates the method
used.

4.1. General System Architecture

The laboratory stage 1 consisted of evaluating the electronics performance, validating the
proposed technique and characterizing the sensor. The sensor system developed was
mounted on a movable platform in front of a masonry wall, used to simulate the ground,
and then, between the wall and the sensor, were marked positions from 0.5m to 4m, where
the platform was moved and the response signal referring to frequency beat has been
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properly recorded. A high density chipboard with dimensions of 1.3m x 1.8m and
thickness of 0.03m in front of the sensor was added to simulate the crop canopy. The plate
has been moved in front of the sensor at some known distances between sensor, plate and
wall. Three repetitions were performed for each described situation, obtaining R?
determination coefficients of 0.99 and 0.77 to measure the distance in the conditions
without and with the plate respectively.

To perform the field experiment, in step 2, a compact Massey Fergusson 4283
model tractor with 63 KW of power was used, where the FMCW sensor system was
installed on a metal rod, and later fixed to the rollover protection structure of the tractor.
The sensor was at a height of 2.3m from the ground and at a distance of 1.5m from the
outermost point of the tractor side. Figure 2 in B illustrates the above. Along a 50-meter
course, 7 cardboard box targets were arranged to simulate the plants. The tractor traveled
the course at speeds of 1ms™', 2ms™! and 3ms™'. Three repetitions were performed for each
velocity.

An algorithm was developed to compare and correlate signals coming from
FMCW radar in real time. It also allows capturing the optical reflectance sensor signals
simultaneous, as well as the geographic coordinates generated by a GPS receiver, thus
reflecting the georeferenced state of the crop, which allows the generation of crop maps.

5. Case study

The third step consisted of a case study for validation in crop conditions, evaluating the
sensor performance in a real situation and dynamically, with the interference and noise in
the field. The experiment took place in a millet (Pennisetum glaucum) crop in full
vegetative development at a speed of 1.3 ms™'. They were then passed side by side along
a portion of the farmland from the outside into the culture (Figure 3).

Figure 3. In A, region analyzed, in B, region details

On the same support where the RADAR FMCW system was fixed, the Crop
Circle® ACS-210 (HOLLAND SCIENTIFIC, USA) optical device was used to obtain the
NDVL. It provided canopy reflectance readings at the wavelengths of 590 nm (amber) and
880 nm (near infrared). This procedure aimed at comparing and correlating the developed
system and its responses with those of a commonly used sensor. The sensors, microwaves
and NDVI were fed with positioning data through a Novatel GNSS receiver with
submetric accuracy and operating at a 5 Hz acquisition frequency.

Discrepant values of reflectance data were eliminated by discarding values above
average plus three standard deviations and those below average minus three standard
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deviations. Spatial data were processed using the Quantum GIS Geographic Information
System (GIS), applying a subtitle classifier called natural breaks, in order to minimize
variability within the classes. Nine classes were generated through which nine
delimitations were obtained from polygons manually defined in the GIS.

The data thus obtained were processed in a spreadsheet for correlation and
regression analysis.

6. Results and discussion

In the sensor testing and calibration step it was possible to establish a direct correlation
between the distance from the target to the sensor and the number of beats of the signal
(Figure 4).
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Figure 4. Relationship between sensor signal beats and distance for 1560 Hz and
500Hz.

Analyzing Figure 4, to the left of the representation is presented the relationship
between the frequency beats of the sensor signal and the distance measured between the
sensor and the target, without the presence of the obstacle, demonstrating excellent
accuracy in the results. In the figure on the right, generated by the addition of an obstacle
between the masonry wall and the sensor, to simulate the plant canopy, we can see that
there was repeatability, but there is a dispersion of the results and thus, there is a reduction
in the coefficient of determination. Such identified information serves for future
implementations, adjustments and improvements of the developed system (FERREIRA,

1991).

In the field stage, there was a greater influence of the geometric characteristics of
the targets, where those with larger area respond better. At the smallest targets, for a speed
of 3ms™! with boxes measured between 0.20 and 0.23m, there was a response in the sensor
beats difference between 12.5 and 12.4 respectively. In the highest target analyzed, a
beating difference of 18.8 were obtained and this information represents a box with a
measured height of 1.15m. Table 1 provides the results of the field trip experiments, with
box height and size measurements and sensor responses at a speed of 3ms™.
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Table 1. Descriptive statistics for the difference between the number of signal
beats and the target characteristics and speed.
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Looking at the table, we realize that the values of the coefficients of variation are
less than 20%, so there is an average dispersion of the values and thus an acceptable
accuracy of the results (SANTOS, 2007).

In step 3, the correlation between the developed sensor and a commonly used
reflectance sensor was evaluated. The regions selected through the polygons manually
located through the GIS showed average NDVI values ranging from 0.120 to 0.685 with
amean of 0.214 and a coefficient of variation of 45%, indicating a condition of variability.
Plant height measurements were performed punctually. A manual GNSS (GARMIN-62S)
provided the location of the determined points. The adopted method can be seen in Figure
5.
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Figure 5. In the center: Image obtained from the sensor (NDVI) and its corresponding
response in the field.

In Figure 5A, the culture had a high reflectance index of 0.65. However, it was
noted that it was bedridden, with much biomass to which the reflectance sensor was
sensitive, but with low heights and average values of 0.76 m.
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In 5B, the reflectance index was 0.35, with less biomass, but there was a
considerable height at plant height, with average values of 0.64 m. In the third case,
selected in 5C, there was an intermediate reflectance index of 0.58, which may be related
to the presence of broadleaf weeds in the middle of the millet, and which may respond
better to the microwave sensor.

It was noted that, although there is a difference between the smallest and highest
rates of vegetation in the crop, the size oscillated only 0.07 m, with an average value of
0.88 m. Due to the diversity of field situations, reflectance was not effectively sensitive
to plant height.

Subsequently the data concerning the microwave sensor were processed through
the Fourier transform. The values found after processing provided the signal beats from
the selected region. Data were compared with reflectance values characteristic of the
defined regions (Figure 6).
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Figure 6. Regression between infrared reflectance and signal beats difference.

In Haagsma (2015) work using SAR-type radar and NDVI optical sensors in
various types of crops, it was observed that for wheat, which resembles millet, there is a
preference for signal beam mode which is where the waves can penetrate the canopy
vertically, because with smaller angles of incidence the crop canopy behaves like a flat
surface and with this there is a phenomenon of radiation scattering, where the signal does
not have the opportunity to interact with the crop canopy, which may have caused lower
correlations of the optical and RADAR sensors.

When plants are at a full stage of development, infrared reflectance may not be
effective in obtaining indicators of their size (PAYERO, NEALE and WRIGHT, 2004).
Therefore the intrinsic characteristics of the crop may have influenced the results,
observing a high dispersion when looking for the relationship between reflectance and
the height sensor signal, as shown in Figure 6.
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For the correlation analysis between the signal beat difference and reflectance a
value of (-0.63) was obtained. Such correlation is considered reasonable but negative. In
the works by Mulla (2013), there is a direct relationship between the reflectance signal
and plant biomass.

7. Conclusion

This study presented the development, analysis and preliminary testing of a low cost
RADAR FMCW system, where the measurement of the distances between the sensor and
representative ground and canopy targets proved to be efficient in controlled laboratory
environments. The system allowed vegetation sensing to be performed when agricultural
machinery and / or implements are conducting agricultural operations in near real time,
which would allow actuator systems to be activated during operations, reducing operating
costs. The RADAR FMCW sensor developed for controlled laboratory testing provided
the distances between sensor and target with R? of 0.99. When an obstacle was placed to
simulate the plant canopy, an R? of 0.77 was obtained, which is a considerable response,
due to the extreme characteristic chosen for the target, which will hardly be found in the
field. For a controlled field stage, using cardboard boxes as targets and under dynamic
conditions, a sensor response proportional to the height of the targets was obtained, with
better results for targets with larger contact areas. The developed sensor was also
compared with a commercial reflectance sensor, and the results indicate that the response
obtained from the developed sensor demonstrated sensitivity to the variability of the
analyzed crop, but with inverse correlation with NDVIL.

Future works are necessary for the full knowledge of the factors that caused the
noise presented in the farming stages. Implementations should be made seeking boundary
conditions for the best results. Also to improve accuracy, it has been observed that analog
filters can be implemented in the developed sensor hardware and later, to better suit and
adjust the system to other environments, digital filters can ensure appropriate
improvements more quickly.
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Abstract. Landdlide inventory is an essential tool to support disaster risk
mitigation. Using remote sensing images, it is usually obtained through pattern
recognition. In this study, three classification methods are compared to detect
landslides: Support Vector Machine (SVM), Artificial Neural Net (ANN) and
Maximum Likelihood (ML). We used Sentinel-2A imagery, extracted and selected
features for two areasin the Rolante River Catchment. The classification products
showed that SVYM classifier presented the best overall accuracy (OA) for Area 1
resulting in 87.143%; while for Area 2 ML showed the best OA equals to 86.831%.

1. Introduction

Landslides are widespread natural geomorphologic processes and represent a gravity-driven
component of erosion [Davies, 2015]. They are downward movements of slope material
triggered by earthquakes, snow melting or heavy rain, which can also be caused or intensified
by anthropic activities [Guzzetti et al., 2012]. These phenomena cause economic damages
and loss of lives when occurred in occupied areas [Haque et al., 2019]. The landslide
inventory map consists on identifying mass movement scars, which can provide many
information about past events, as location, types and patterns, assisting to build landslide
susceptibility models [Ramos-Bernal €t al., 2018]. Thus, landslide inventory map is crucial
to support urban planning and disaster risk reduction [Lupiano €t al., 2019].

The inventory can be achieved by either conventional methods or state-of-the-art
techniques. Conventional methods include field mapping and visual interpretation of remote
sensing images; nevertheless, these methods are time and resource consuming [Qin, Lu and
Li, 2018]. On the other hand, semi-automatic recognition of landslide scars and analysis of
changes in the spectral signature of land surface can provide a rapid mapping [Guzzetti et al.,
2012]. Support Vector Machine (SVM), Artificial Neural Network (ANN) and Maximum
Likelihood (ML) are popular classifiers that are used to identify landslide scars. [Manfré et
al., 2014] used SVM and ML to identify landslides in Sao Paulo State coast, in Brazil. The
authors claim that SVM presented better performance than ML, especially when associated
to the Normalized Difference Vegetation Index (NDVI). [Moosava, Talebi and
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Shirmohammadi, 2014] compared ANN and SVM to mapping landslides and the results have
shown no significant differences between both methods. Many researches have been made
using ANN to attend landslides issues, for instance the results shown by [Chen et al. 2017]
at Wanyuan area, China and by [Kalantar et al., 2018] at Dodangeh watershed, Iran.

In this context, the aim of this study is to compare different image classifying
techniques: SVM, ANN and ML, in order to identify which of them presents better results
concerning landslide scars detection.

2. Study Area

The Rolante River Catchment is located in the State of Rio Grande do Sul, Brazil (Figure 1),
and it embraces three cities: Riozinho, Rolante and Sao Francisco de Paula. Its drainage area
is 828 km?, with altitudes varying from 19 to 997 m. This area is almost entirely located in
the Serra Geral geomorphological unit, with a predominance of basaltic rocks and sandstone.
According to [Rossato 2011], the climate is characterized as very humid subtropical, with
precipitation regime distributed throughout the year, with annual averages between 1700 and
200 mm.

On January 5% 2017, there was a landslide event in the upstream area of Rolante
River Catchment triggered by an extreme precipitation event. The rains lasted for
approximately four hours with local private measurers values estimated between 90 and 272
mm [SEMA, 2017]. These rains moved a large amount of material from the slopes,
generating a natural dam on the Mascarada river, a tributary of the Rolante river with
subsequent rupture of this barrier and consequent flash flood, reaching Rolante city.

Previous works identify approximately 300 landslide scars in this region [GAMEIRO
etal.,2019; QUEVEDO et al., 2019a; QUEVEDO et al., 2019b]. According to the landslide
inventory, two areas of interest were chosen to be analyzed. The criteria to choose these
areas considered that both of them contained a significant amount of landslide scars presented
in the landslide inventory [QUEVEDO et al., 2019a]. The Area 1 contains 91 landslide scars
with 39 ha whilst Area 2 contains 34 landslide scars with approximately 16 ha.
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Figure 1. Location map of the study area.

3. Methodology

To fulfill the proposed objective, we used thirteen attributes (Sentinel Bands: 02 - Blue, 03 -
Green, 04 - Red, and 8 - NIR; Sentinel TCI: Blue, Green and Red; NDVI; PCA 1 and PCA
2; Texture Variance and Texture Mean (Band 08); Slope). All the features were ranked in
order of importance via Weka software and, then, we applied three image classifiers: SVM,
ANN and ML. The methodological process of this study is exposed in the Figure 2.
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Figure 2. Flowchart of the methodology.

The identification of landslide scars usually present better results when high spatial
resolution images are used [Karen et al., 2009]. Considering that, Sentinel 2A Level-2A
imagery was chosen, especially because it provides orthorectified reflectance products of
Bottom-of-Atmosphere (BOA). For the purpose of this study, among all products available
for Level-2A, only 10 m spatial resolution data were used, discarding AOT maps. The
Sentinel scene selected is from February 09, 2019. The original image was clipped in for
the two areas of interest, each one containing 6 km? (Figure 3).
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Figure 3. Location map of the two analysed areas. A) Area 1; B) Area 2.

After selecting the study area and clipping the scene, some statistics were used with the
objective to identify heterogeneity of classes during the classification procedure. From the
original images, a feature extraction process was performed, using features based on [Gerente
et al, 2017a], [Gerente et al, 2017b] and [Karen et al, 2009]. This procedure was executed at
ENVI 4.7 software. The first chosen feature is the NDVI which considers near-infrared and
red wavelengths for its computation. The NDVI values are used to detect varying densities
of vegetation coverage which could be used for natural disasters [Bhandari et al., 2012].

The second used feature was the Principal Components 1 and 2, from Principal Component
Analysis (PCA), shown in [Singh and Harrison, 1985], which computes eigenvalues and
eigenvectors from a dataset. According to the authors, this approach aims the determination
of underlying statistical dimensionality of a dataset, and it is usually applied to image
enhancement, change detection and characterizing seasonal changes in land cover types.

Using QGIS 2.8 software, a slope has been extracted from the DEM of ALOS (Advanced
Land Observing Satellite), PALSAR (Phased Array type L-band Synthetic Aperture Radar)
sensor. Moreover, in the matter of characterizing heterogeneity of classes, textures are
usually applied. This concept is related to spatial distribution of intensity values; hence it
contains information regarding rugosity, regularity, contrast, etc. [Ruiz et al, 2004]. Among
the statistic features, mean and variance have been used to characterize Texture.
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[Hall, 1999] defines feature selection as a learning step that focuses on the most useful data
aspects for analysis and feature prediction. The author adds that correlation-based feature
selector approach eliminates non-relevant data and it may improve the performance of
algorithms. This method takes into consideration feature-feature inner correlation as well as
feature-class correlation. Using this approach, a rank of features is obtained, and the analyst
defines the number of selected features. This approach was conducted using the Weka
Software. All the features were ranked in order of importance and only the first four were
selected. These four attributes were chosen to test whether only a quarter of the variables was
able to map landslides scars and, consequently make the model more parsimonious.
Furthermore, in order to be able to make a comparison between classifiers, the selected
attributes were the first ones which were similar for both areas in Weka rank.

After selecting the most heterogeneous attributes, the supervised classification was
conducted. The classification assessment was performed via holdout method where testing
samples are given independently of training samples [Kim 2009]. The image size was
214x284 pixels and approximately 400 training samples and 100 testing samples were used
for each class. The number of sampled pixels was defined after testing and finding a
satisfactory result.

In order to assure our decision about the classes, high resolution images from different
dates from Google Earth were consulted. It is assumed here that all bare soil classified is a
landslide, once it was not detected significant presence of this type of land cover before the
landslides event. Therefore, the classes were: Forest, Grass, Landslide, Shadowed Forest and
Water.

3.1. Classification methods

The analysis of different classifiers for detecting landslides aims to present the best
performance available in order to attend risk assessments in urgent situations. Considering
that, it is important to take into account the computational efforts, time and feasibility of such
methods.

Support Vector Machine (SVM)

Based on statistical learning theory, SVM is a machine learning technique which
transforms original input space into a higher-dimensional feature space to find an optimal
separating hyperplane [Vapnik 1998; Kavzoglu and Colkesen 2009; Abe 2010]. The goal of
the optimal separating hyperplane is a correct discrimination between two sorts of samples
(though certain errors are allowed) while maximizing the classification margin [Huang,
2018]. A variety of authors have proven the efficiency of SVM for landslide susceptibility
analysis [Lee et al., 2017]. According to [Feizizadeh et al. 2017], the resulting SVM
classifications are affected by the choice of the kernel function and among the different
possibilities of kernels available, the Radial Basis Function (RBF) have been found the most
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feasible and reliable to produce susceptibility maps. Based on that, it is our choice of using
RBEF in the classification by SVM.

Artificial Neural Network (ANN)

ANN is a supervised classification method, which is inspired on human brain
functioning, composed of a variety of processing units, called neurons, that work in parallel
classifying input data in output classes. Generally, a feed-forward multi-layer network is
adopted. It typically consists of three layers—input, output, and a hidden layer between the
first two—with a sufficient number of neurons in each layer [Aurora et al., 2004]. This
method uses the error backpropagation algorithm [Rumelhart et al., 1986], which consists on
minimizing the output errors.

Maximum Likelihood (ML)

ML is a supervised classification method determined by the Bayes theorem and
employs a discriminant function to assign pixels to user-defined classes with the maximum
likelihood [Pawluszek, 2018]. According to the author, ML continues to be the most widely
used parametric classification algorithm. This method suits ellipses, so that the location,
shape and ellipse size reflect the average variance and covariance of two variables [Duarte,
2018]. A probability function describes the distribution of reflectance values and evaluates
the possibility of a pixel to belong to a certain category.

4. Reaults

From the Feature Selection, the software Weka ranked the 13 input attributes and we chose
thefirst four ones which were similar, though not in the same order, for both areas (Table 1).
It was not expected for the Feature Selection to choose Blue band instead of choosing either
NDVI or NIR attributes, athough the classification showed good results as can be seen
herein.

Table 1. Feature Extraction and Selection for both studied areas

Fenature Extraciion :!.Tr:‘lulf-.'-}rif-rl:i.ﬁu
Sentinel Bamd 02 {Blue)
Senlmel Bacel 03 (Green)
Sentine] Band {4 (Red)
Setmel Barkd OB {MIR)

Sentinel TC{Blnel Sentinel Hand (72 {Hhag)
Serrinel TC (Green) Senfive| Band 03 (Green)
Sentuee] TCI [Red) Sentinzl TCT (Gresn)
WDV (Bands 04 and O8] FCAZ
PCAL
PCAZ

Texnire Varans: (Bamd DB
Fextiers Mean (| Hand 0E)
"ill:l|l¢ L LRENE D
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One must highlight that, from al the classification approaches, SVM appeared to
increase computational effort and it was not possible to perform it with all the extracted
features. Therefore, Feature Selection has proven to be worthwhile for this study, otherwise
no comparisons could be made.

Thefina classification products for both areas are shown in Figures 4 and 5. In order
to standardize the classification figures for comparison, the classification labels of Area 2
were adapted to Area 1 classes, which means that Forest 1 and Forest 2, due to different
spectral responses, were gathered into the same class, now called Forest. All three classifiers
performed well in detecting landslide scars.

In Area 1, oncethe water pixels presented areative similarity to thelandslide in
terms of spectra reflectance, some confusions between the two classes could be
detected, asit can be visually noticed at the classification products. In the middle of this
study area, there is a spot on the left bottom side which shows a saturation effect from
the RGB image. This spot caused a variety of results provided from the classifiers. The
ML classified it mostly as bare soil, while ANN mixed the area with some water pixels
and SVM proposed it mostly as grass. On the other hand, in Area 2 no significant visual
differences between the classifiers were noticed.

The classifications were evaluated by kappa index and matrix having different
resultsasfollows:. for Areal SVM had abetter kappa (0.8315) and ANN abetter matrix,
while Area2 ML had a better kappa (0.8353) and SV M abetter matrix. For Areal SVM
presented an overall accuracy (OA) of 87.143%, whilefor Area2 ML had an OA equals
to 86.831%. It is important to point out that the overall accuracies for other classifiers
in this area did not present significant difference from ML: both SVM and ANN with
kappa eguals to 0.8276 and OA of 86.21%. Further anaysis of the results through
commission and omission errors are developed in this session. [Gerente et a. 2017b]
presented similar results concerning overall accuracy in landslides scar detection via
Random Forest classification.

The analysis of Table 2 alows the interpretation of results by the commission
and omission errors of each classifier presented in percentage. For Area 1, the ANN
classifier presented the best result. Among the five classes, ANN presented the lowest
percentage of commission errors for Landdlide (8,82%), Grass (17,39%) and Shadowed
Forest (10,45%); while ML and SVM only presented best resultsfor Forest (7,45%) and
Water (0%). Regarding omission errors, ANN also revealed better results by keeping
the minimum error compared to the others; however, the only class that ML and SVM
had the best performance was Shadowed Forest (16,83%).

When it comes to Area 2, al the classifiers seemed to have similar classification,
athough SVM classifier showed the best performance. Concerning commission errors, it
presented the lowest error percentage for the following classes: Forest 1 (14,29%), Landdlide
(0%) and Grass (20%). Regarding omission errors, it presented the best results for Landslide
(20,41%), Grass (10,20%) and Forest 2 (1,08%).
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Figure 5. Classification products for Area 2. a) RGB composite; b) ML c¢) ANN and d)
SVM.

165



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 158-169

A comment about the confusion between water and landslide pixelsisvalid; once
the landslide scars are still exposed, having not been occupied by vegetation yet. Bare
soil is constantly falling off the slopes into the river, mixing the water components with
soil material. This phenomenon causes significant confusion on the water pixel value
compared to the landslide pixel’s value.

Table 2. Commission and Omission errors (in percentage) for the three classifiers in
Areas 1 and 2

AREA 1 ML ANN SVM
Class Commission Omission Commission Omission Commission Omission
Forest 7.45 10.31 19.64 7.22 7.53 11.34
Landdide 9.38 17.14 8.82 11.43 9 13.33
Grass 22.95 8.74 17.39 7.77 22.13 7.77
Shadowed Forest 10.64 16.83 10.45 40.59 11.58 16.83
Water 28.57 28.57 58.33 28.57 0 28.57

AREA 2 ML ANN SVM
Class Commission Omisson Commission Omission Commission Omission
Forest 15.66 27.84 16.47 26.8 14.29 31.96
Landdide 0 22.45 133 24.49 0 20.41
Grass 2252 12.24 23.42 13.27 20 10.2
Shadowed Forest 18.85 1 18.85 1 20.83 5
Water 3.19 2.15 3.23 3.23 891 1.08

In addition, due to high reflectance values for both classes, grass caused confusion
with bare soil, which was expected to be detected by NDVI attribute - not selected for the
classification. However, the commission errors still presented satisfactory outcomes even
though omission errors were large.

5. Conclusion

Feature Selection was mandatory to obtain our results, otherwise it would not be possible to
perform the SVM classifier, due to computational efforts. In addition, the classification
presented satisfactory results even though the number of used attributes was reduced from
13 to 4. This fact confirms that it is not necessary, whatsoever, to use a great number of
attributes for classification. However, few features, such as NDVI still seem to be decisive
for acquiring better classification results. Therefore, one should analyze and decide
thoroughly the number of attributes.

When it comes to classification, all the resulted products have shown suitable outcomes, even
though ANN has proven to be the best for Area 1 and SVM for Area 2, concerning the
commission and omission errors perspectives. This fact shows that finding the most
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appropriate classifier is relative. However, one can be the best recommended for a specific
study area. Therefore, one should always test the best option for their specific case.

Moreover, it is important to point out that the classes used must be chosen thoroughly as the
supervised classification quality depends directly on that. Likewise, one must have a good
training sampling mechanism and a truthful test sampling in order to achieve better outcomes.

For future studies, it is recommended to add a segmentation process before the classification
and test other classifiers such as Random Forest and Decision Tree. Nevertheless, even
though semi-automatic classification methods have proven to display satisfactory results, it
does not exclude completely the importance of manual processing and the interpreter
interference. Semi-automatic algorithms still show some problems, which can be better
managed throw auxiliary data such as field work and visual interpretation corrections, in
order to produce better classification results.
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Abstract. The evolution of humanity is increasingly moving towards urban
life; at the same time, mobile phones now occupy an extremely important
place, supplying population data of unparalleled coverage. These data have
provided unprecedented opportunities to understand human mobility in the
urban environment, and are of great value to urban human mobility research.
We here aim to provide an initial outline of the potential of aggregated mobile
phone dataset analysis in the context of urban human mobility, the types of
data sources and applications observed in some recent studies, discuss the
strengths and weaknesses by putting together a set of recommendations, which
may be useful for future works.

1. Introduction

The evolution of humanity has been increasingly moving towards urban life. According
to the United Nations, 68 percent of the world’s population will live in urban areas by
2050 (Nations et al. 2018). In this scenario, the demand for smart city solutions is
growing in response to current challenges in urban life, and urban human mobility is an
important research area. One of the key drivers of smart city solutions, particularly in
urban human mobility, is mobile phone data analysis.

Personal mobile phone devices occupy an extremely important place, with
population data of unparalleled coverage, being of great value for urban human mobility
research (Naboulsi et al. 2016)(Calabrese, Ferrari, and Blondel 2014). The effective
handling of Big Data generated by these personal mobile devices requires special
techniques and models, which will in fact add the capacity to gain new knowledge to
achieve the desired results for both cities and their citizens. The challenges are diverse,
from data privacy, data source scope definition, how to treat it, the different techniques
for analysis and others (Calabrese et al. 2014). However, aggregated mobile phone data
analysis usually has no privacy issues, is less complex and has a great potential.

We here aim to provide a summary overview of the potential of aggregated
mobile phone dataset analysis in urban human mobility area, the types of data sources,
techniques and applications observed in some recent studies, bringing together a set of
best practices that can be useful for future work. The paper is organized as follows.
Section 2 revises the main works in the study of urban human mobility data mining and
explores several applications. Section 3 presents an overview of the urban mobility data
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analytics process and explores the mobile phone users’ datasets. Section 4 presents the
study in which we discuss some case references on how mobile phone data is applied to
spatial and temporal observation of urban mobility, exploring the methods used and
applicability. In Section 5 we show the main results of our study and discuss challenges
and opportunities. Finally, Section 6 concludes the paper with our final remarks.

2. Related Work

Advances and convergence of information and communication technologies have
revolutionized people’s way of life (Naphade et al. 2011). Accordingly, the high and
growing number of mobile subscribers makes mobile personal communication
technology one of the most successful innovations of recent times. An increasing
number of people depend entirely on their mobile devices, not only for work, but also
for their personal life. Mobile subscribers today represent a large share of the world's
population; their mobile phones are always interacting with the telecommunication
network, generating georeferenced traffic and events.

In this scenario, the digital footprints generated by mobile phone users have
rapidly emerged as a primary source of knowledge about human mobility (Huang,
Cheng, and Weibel 2019), at a minimal cost, representing an important opportunity for
knowledge extraction in the area of urban mobility. Understanding human mobility is
key to many urban-related applications such as urban planning (De Nadai et al. 2016),
demographics studies (Pappalardo et al. 2015), transportation (Huang et al. 2019),
estimating migratory flows, crowd management (Celes, Boukerche, and Loureiro 2019),
epidemic modeling and energy demand forecasting (Selvarajoo, Schlapfer, and Tan
2018).

Urban mobility solutions involve two large blocks, urban sensing and urban data
analytics. Urban sensing allows obtaining data from those digital footprints, and urban
analytics, understanding the city dynamics (Celes et al. 2019).There are several methods
and techniques on how to collect, process and analyze all these data, explored in some
researches such as (Calabrese et al. 2014)(Zhao et al. 2016)(Naboulsi et al. 2016)

3. Urban Sensing and Urban Data Analytics

The data-driven process for urban mobility solution can be summarized in five key
steps, illustrated in Figure 1.
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Figure 1. Urban Mobility Data-Driven Analytics Process

Initially, raw data from target data sources are collected and submitted to
preprocessing for cleaning, summarization and integration. Subsequently, a model
selection and pattern search support the exploring and mining step. Analysis and
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visualization are essential to evaluate and to refine the model, gaining insights. The final
step allows discovering knowledge from the collected data, assisting decision-making,
planning or simulation.

3.1. Urban Mobility Datasets

There is a variety of mobile phone users’ datasets containing rich knowledge about
locations and mobility, helping address many urban challenges. The main mobile phone
users datasets are cellular network records, social media records, proximity records and
positioning records (Celes et al. 2019), each one having advantages and limitations.

In this context, cellular network records emerge as a valuable main data source
largely used in urban mobility works, presenting several advantages, such as coverage
of large areas and volume of users, and no additional costs or infrastructure for data
collection (Celes et al. 2019). Cellular network records contain timestamped and geo-
referenced logs on each voice call, texting and Internet activity of every serviced
customer. There are two types of data records (Calabrese et al. 2014) :

1) Call Detail Records (CDRs): A CDR contains the details of a phone call or
SMS. In general, a CDR consists of origin and destination phone numbers, a timestamp,
the duration (of calls), the communication type (call or SMS), ID of the base station or
cell tower (BTS/cell) involved in the call.

2) Internet Protocol Detail Records (IPDRs): An IPDR contains details of
Internet usage. This typically consists of mobile phone ID, timestamp, number of bytes
transferred, the website visited, and ID of the BTS/cell the phone connects to.

4. Case Study

In this section we show some case references regarding how aggregated mobile phone
data, cellular network records, is applied to spatial and temporal observation of urban
human mobility, exploring the data sources, techniques and methods used. As our
interest is discussing the potentialities of mobile phone data in urban human mobility
applications, in our case references exploration we focus on data sources and results
achieved. We also observe their reported challenges.

We selected four references in three different urban-related application areas:
Urban planning (Rios and Mufioz 2017)(De Nadai et al. 2016), Energy forecasting
(Selvarajoo et al. 2018) and Crowd Management (Celes et al. 2019). (De Nadai et al.
2016) explore mobile phone data to extract information about human activity, and to
combine such data with land use and socio-demographic information to test the four
conditions that promote “life” in a city according Jacobs theories, in four great Italian
cities. (Rios and Mufioz 2017) analyze mobile phone call records to detect land use
patterns over urban areas using latent semantic topic models in Santiago, Chile.
(Selvarajoo et al. 2018) propose a novel electrical load forecasting method using mobile
phone data. The cell phone records are used to map the time-varying population
distribution in the Trentino region, Italy. (Celes et al. 2019) show the benefits of using
mobile phone call records combined with social media and Point of Interest (Pol)
datasets to detect the occurrence of crowd situations in Milan, Italy.
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4.1. Data Sour ces

This subsection explores the data sources used by each case reference. Table 1 shows
the data source summary, including mobile phone data characteristics and additional
data sources used. In Table 1, we can see that, in general, additional data sources are
required to perform the analysis.

Table 1. Data Source description

Main Data Source (mobile phone data)

Type |CDR/IPDR| >
Mobile Network E § o 8 *2 Additional Data Sources
© S |=|wn|c|2¢c
Data Source 5| ®|3 z|z =
283 Elo~
- <
. : OpenStreetMap (OSM): detailed maps; Census data:
Te ecom(_ll_t?l’vll? Mobile L] H| 60 people and buildings; Urban ATLAS: land use data;
ISTAT: logistic facilities; Foursquare: visited venues
Major telco company .
° [ |
inChile City maps

Electric load data: line x ampere valueswithatime
® (m | m | m| 10 | resolutionof 10 minutes, Census data: census popul ation
information at the municipality level

TelecomItaia
Mobile (TIM)

TelecomItaliaMobile

(TIM) ® |m W W | 10 | Sociad mediadata: geolocated Twitter data; Pol datasets

In terms of data volume, (De Nadai et al. 2016) use TIM customers and roaming
customers mobile phone call records of the six Italian cities of Bologna, Florence,
Milan, Palermo, Rome, and Turin, from February to October 2014. (Rios and Muioz
2017) use 880,000,000 calls by about 3 million customers collected in Santiago, Chile.
Despite individual data collection, the dataset is aggregated into initial pre-processing.
(Selvarajoo et al. 2018) use aggregated data of 6,575 grid cells covering the Trentino
region, Italy. (Celes et al. 2019) use aggregated data of 1,000 grid cell covering the city
of Milan, Italy.

4.2. Processing and Analysis

This subsection presents an overview of main processing and analysis methods used,
summarized in Table 2.

Table 2. Processing and Analysis overview

Mobile phone data

records Processing
c <
e [
Paper Reference § E 2 § § Analysis
230 = |82
SE| & |BE
2E| T |8€E
) <3
(De Nadai et al., 2016) ® |Regression model - Ordinary Least Squares (OLS)
(Rios & Mufioz, 2017) L] Generative statistical method adapted - Latent Dirichlet Allocation (LDA)
(Selvargjoo et d., 2018) ® |Linear regression model on log-transformed data; ARIMA model for forecasting

Time series model; Anomaly detection method - Seasonal Hybrid ESD (S-H-ESD)

o
(Celesetal., 2019) Semantic analysis - NLP2 named-entity recognition method
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5. Results and Discussion

This section discusses the results from the case references. Table 3 summarizes the
strengths and weaknesses of the works studied, mainly regarding the following aspects:
datatypes used; if individual records are requested to perform the analysis; whether data
over a long period (at least multiple months) are needed; if data privacy is an issue;
whether special pre-processing techniques are requested (e.g., big data volume
processing); if noise data could affect the results (e.g., data collection from users who
are just crossing a few areas and not belonging to the desired dataset); and whether
fined location precision is requested.

Table 3. Strengths and weaknesses summary

Mobile phone data
characteristics . Fined
- Individual . . . . :
Urban human mobility [ B % D records Long period | Privacy | Pre-processing| Noise | location
application 3z % SRR K 5 needed ? | issues? issues ? issues?| precision
> S % T |2 2| needed ?
3|5 2|8 € needed ?
c | S8 E
=12 &5 <
Population activity v v | 60 No Recommended|  No No No No
Land functional use VIv|v No Recommended| Yes Yes No No
Energy demand forecasting viv|ivi|iv]10 No Recommended| No No Yes No
Crowd detection vIiv|iv|v]10 No No No No No Yes

As can be seen from Table 3, al the case references work well with aggregated
mobile phone data; no individual datais required. Furthermore, the aggregated data of
mobile phones do not have privacy issues and there are no pre-processing issues
regarding large volumes of data. Apart from crowd detection, for the other three cases,
analyzing long period datasets is recommended to avoid seasonal biases and, in
addition, it is also important to detect specia holidays or vacation periods included in
the dataset. Sometimes we may have noise data in our dataset, which can be discovered
early in the process or only in advanced steps. In this case, specific techniques could be
required to filter these data. In general, fined location precision is not required except
for crowd detection, in which any improvement in location accuracy is relevant for
analysis. In this situation, one option is to add geolocated social media records to data
sources (Celes et al. 2019).

In addition, in some geographies, the human behavior of mobile phone use is
changing; a larger number of people talk less and use more data. Focusing on Internet
activity is a good option as it allows the passive reconstruction of people's mobility:
even in the absence of direct user activity (e.g., making / receiving a call, receiving /
sending an SMS), mobile phones can be tracked as they will likely be connected to the
Internet for background traffic and push notifications (De Nadai et a. 2016).

Finally, mobile phone data is an important data source in the area of urban
human mobility research. The initial step of defining the most appropriate data sources
for the study to be undertaken is a key success point in gaining the desired knowledge.
Due to the small number of studies evaluated, this work provides only an initia outline
of recommendations on which characteristics of the data sources perform best.

6. Conclusion

We presented an initial overview into the potential of aggregated mobile phone data
analysis for spatial and temporal observation of urban human mobility. We summarized
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some recent work on reference tables that provide detailed data source information as
well as the methods and techniques used. We also provide an overview of key
challenges and propose some recommendations for future studies. This is a work in
progress and can be complemented by exploring other recent works in this field, as well
as works on various types of urban mobility applications.
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Abstract. The use of georeferenced data in the most different contexts has ena-
bled promising studies, and aroused the interest of companies and research
groups. This has translated into a demand for tools capable of manipulating
spatial data. In this paper, we present the APPEL, a solution for data enrich-
ment capable of performing reverse geocoding of large volumes of georeferen-
ced data and providing hot-spots based on correlations between statistical data
from each Brazilian municipality.

Resumo. A utilizagcdo de dados georreferenciados nos mais diferentes contextos
tem viabilizado estudos promissores, e despertado o interesse de empresas e
grupos de pesquisa. Isso se traduziu em uma demanda por ferramentas capazes
de manipular dados espaciais. Neste trabalho, apresentamos o APPEL, uma
solucdo para enriquecimento de dados capaz de realizar geocodificacdo reversa
de grandes volumes de dados georreferenciados e fornecer hot-spots com base
em correlacédes entre dados estatisticos de cada municipio brasileiro.

1. Introducao

A popularizagdo dos dispositivos mdveis trouxe uma crescente gera¢do de dados geor-
referenciados provenientes do sensor de GPS e da rede de telefonia. Dessa forma, a
possibilidade de se obter a localizacdo de milhares de usudrios tem sido um aspecto chave
para o desenvolvimento em estudos envolvendo a mobilidade urbana [Bazzani et al. 2011,
Zhao et al. 2016]. Além disso, segundo [Shahrour 2018] o conceito de Smart Cities estd
intimamente relacionado a utiliza¢do de dados georreferenciados, sendo importantes para
a compreensdo e a melhoria do ambiente urbano.

Além da informacao espacial, outros aspectos relevantes para auxiliar nas toma-
das de decisdes envolvendo planejamento urbano em cidades inteligentes sdo as carac-
teristicas demogréficas, econdmicas e sociais das cidades. Essas informacdes, que no
Brasil sdo coletadas e disponibilizadas pelo IBGE (Instituto Brasileiro de Geografia e
Estatistica), sdo ricas fontes de dados. Porém, atualmente a correlagao entre dados ge-
orreferenciados de diversas fontes e dados do IBGE ndo € possivel sem um significativo
esfor¢co dos envolvidos.

Neste trabalho, é proposto o APPEL (Augmented Point to Polygon Extension
Layer), uma extensdo a ferramenta Kepler ! para o enriquecimento de dados georrefe-
renciados. Trata-se de uma solucdo apta a identificar, eficientemente, a regido em que um

"https://kepler.gl/. Acesso em: 23/07/2019
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dado ponto geogréfico estd contido. A partir desse processo, € possivel correlacionar pon-
tos com informagdes do IBGE das areas correspondentes. Esses aspectos t€m o objetivo
de aprimorar a tarefa de andlise de dados espaciais sem elevar a demanda por recursos
computacionais € humanos.

2. Trabalhos relacionados
Nesta secdo, sdo apresentadas as caracteristicas dos sistemas com suporte a informacao

espacial mais comumente utilizados. As existentes sdo categorizadas de acordo com o
seu foco: visualizacdo, armazenamento e processamento de dados.

Dentre as principais ferramentas de visualizagdo de dados georreferenciados se
destacam as de c6digo aberto QGIS 2, Metabase * e Kepler, além do ArcGIS *, que é
uma ferramenta proprietaria. O QGIS, ArcGIS e Metabase dispdem de uma grande va-
riedade de funcionalidades, sendo possivel manipular informacdes de diferentes fontes
(e.g. bancos de dados, arquivos locais e servidores online). A visualizagdo € focada em
dados geoespaciais (e.g. combinacgdes de camadas de pontos, poligonos e contornos) para
o ArcGIS, QGIS e Kepler. O Metabase, no entanto, fornece uma interface para bancos de
dados SQL, logo possui ferramentas especificas para tabelas (e.g. filtros e agrupamentos).
Apesar de possuir uma menor variedade de funcionalidades, o Kepler corresponde a um
sistema web de implementacao simples, o que o torna facilmente extensivel. Além disso,
sua interface intuitiva, ou seja, sem a sobrecarga de informacgdes desnecessdrias permite
que usudrios nao técnicos possam explorar os seus dados.

Em relacdo ao armazenamento de dados, o PostgreSQL por meio da sua extensao
PostGIS é referéncia em bancos de dados espaciais, uma vez que permite que consultas
envolvendo geometrias sejam executadas rapidamente.

Apesar de prover bons recursos para  visualizagdes, dClus-
ter [Capanema et al. 2017] se destaca pela variedade de opcdes de algoritmos para
andlise dos dados. O dCluster € um sistema web e gratuito que oferece medidas de
estatistica descritiva para cada atributo do conjunto de dados, associadas a diversas
possibilidades de graficos como barras, dispersdo, mapas de calor dentre outros. Além
disso, a biblioteca Geopandas ° da linguagem Python tem ganhado destaque, ja que
permite a criagdo de estruturas de dados tabulares capazes de indexar geometrias e
realizar operagdes espaciais.

3. O APPEL

Essa secdo descreve os principais aspectos do trabalho, sendo que na se¢do 3.1 € apresen-
tada uma visdo geral do sistema. O algoritmo de geocodificacdo reversa € apresentado na
secdo 3.2. Por fim, na secdo 3.3 sdo explicadas as possiveis visualiza¢des dos dados.

3.1. Visao Geral

A figura 1 ilustra a arquitetura do sistema. Para utiliza-lo, primeiramente o usudrio deve
acessar o site através do navegador e enviar o seu conjunto de dados utilizando a inter-
face do Kepler. Esses dados devem possuir os campos latitude e longitude, e opcional-
mente, outros atributos. Em seguida, através da camada APPEL, o conjunto de dados é

Zhttps://www.qgis.org/pt_BR/site/. Acesso em: 23/07/2019
3https://www.metabase.com/. Acesso em: 23/07/2019
*https://www.arcgis.com/index.html. Acesso em: 23/07/2019
Shttp://geopandas.org/. Acesso em: 25/07/2019.
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Figura 1: Diagrama de arquitetura do sistema.

enviado para o servidor, que € responsavel pela criptografia, armazenamento e processa-
mento. O cliente entdo requisita a transformacao dos dados e o servidor responde com as
informagdes processadas. Diferentemente do Kepler, parte do processamento do APPEL
é realizado em um servidor. Logo, foi necessdrio criptografar tanto o conjunto de da-
dos transmitidos pela rede, quanto os armazenados em memoria persistente no servidor,
considerando que a solucdo € para ser utilizada por multiplos usudrios simultaneamente.

3.2. Geocodificacao Reversa

A geocodificacdo reversa é um termo comumente utilizado para indicar a transformacao
de uma coordenada em um endereco ou nome de um estabelecimento. Neste trabalho, no
entanto, o termo geocodificacdo reversa serd utilizado em referéncia a transformacao de
coordenadas em nomes de municipios brasileiros.

Em geral, determinar a regido que contém um dado ponto geografico € um pro-
cesso computacionalmente caro, quando ndo sdo utilizados indices espaciais. Dessa
forma, nesta se¢do € apresentada uma proposta para tornar mais eficiente o processo de
geocodificacdo, tendo como base a utilizacao de atributos (e.g. populacio, area) e a estru-
tura geografica das regides. Para tanto, os poligonos a serem pesquisados (no caso repre-
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Figura 2: (a) As letras P e C representam, respectivamente, os poligonos de
regioes e cidades. Ja |P;;| enumera a quantidade de subregides contidas na
regiao. (b) Fluxograma do algoritmo que percorre a estrutura em (a).

sentando as cidades) sdo organizados através de uma drvore, semelhante a R-Tree. Porém,
0s seus niveis s@o pré-definidos com base em estados, mesorregides, microrregides e mu-
nicipios (Figura 2(a)). Além disso, considera-se que € mais provavel que os pontos ge-
ograficos fornecidos pelos usudrios se localizem em regides mais populosas devido as
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aplicacOes desse sistema (e.g. infraestrutura, mobilidade). Portanto, essas dreas sdo as
primeiras a serem pesquisadas em cada nivel da arvore. Além disso, os poligonos das
regides e cidades foram simplificados utilizando um algoritmo da biblioteca GEOS que
preserva a topologia °. Em suma, a simplificagdo diminuiu em 1% a acurdcia em alguns
casos. Mas, por outro lado, é medida uma reducio de 98% da memoria necessdria para
armazenar os poligonos.

Na figura 2 (b) é mostrado o fluxo para o processo de geocodificagio. E im-
portante notar que a operagdo que verifica se um ponto esta contido em uma regido uti-
liza operagdes de ponto em poligono, como o tragcamento de raios [Haines 1994]. Essas
operacdes sdo computacionalmente caras e o objetivo desse algoritmo é minimizar a sua
utilizacdo. Para isso, € empregada a estrutura de dados da figura 2(a). Este algoritmo
procura primeiro a qual estado os pontos pertencem na lista de estados, depois a qual
mesorregiao estes pontos estdo localizados dentro desse estado. A regido de interesse di-
minui em drea até ser encontrado o municipio ao qual o ponto pertence. Como as listas
das regides estdo ordenadas por populacdo, € esperado que as primeiras regioes ja sejam
suficientes para encontrar a maior parte dos pontos. Mesmo assim, na se¢ao 4 é possivel
observar que o algoritmo tem um resultado satisfatério em casos onde a distribui¢io de
pontos € aleatdria, isso €, sem considerar a populacdo daquela regido. Para manter a
eficiéncia para grandes volumes de dados, as coordenadas sdo divididas igualmente para
serem tratadas em vdrios processos paralelos.

3.3. Correlacoes

O sistema APPEL utiliza os recursos de visualizagdo de camadas da ferramenta Ke-
pler para apresentar os dados enriquecidos, ou seja, correlacionados com as informacgdes
das cidades. A partir das informacdes processadas no servidor, é possivel estabelecer
correlacoes entre os demais dados fornecidos pelo usudrio e os poligonos dos municipios
do Brasil.
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Figura 3: Nessa figura é mostrada a correlacao entre o atributo “Valor total adi-
cionado bruto da Agropecuaria” e um atributo do conjunto de dados do usuario.
A figura também mostra as funcionalidades do APPEL.

Shttp://geos.refractions.net/ro/doxygen_docs/html/classgeos_1_1simplify_1_1TopologyPreservingSimplifier.html
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Através de um grafico de hot-spots de calor (Figura 3), a cor de cada poligono
varia de acordo com os valores de um atributo previamente selecionado para reali-
zar a correlacdo, considerando os pontos contidos em cada regido. E, como fonte de
informacdes, o usudrio tem a op¢do de usar atributos sobre cada cidade ou informagdes
estatisticas sobre o conjunto de pontos que estdo nesse municipio (e.g. madximo, minimo,
desvio padrdo e média). Ja para as visualizagOes, existem duas possibilidades: gerar o
mapa de calor selecionando apenas um atributo ou escolher dois atributos das duas fontes
de informagdes para ilustrar a correlagdo entre eles de forma geogréfica.

Ao se fazer correlacdes entre dois atributos, na figura 3, o primeiro atributo da
correlacdo corresponde a tonalidade de vermelho, enquanto que o segundo corresponde
a intensidade do azul. Caso ambos atributos sejam significativos a cor se aproximara da
cor-de-rosa. As cidades de cor branca nio tiveram nenhum ponto detectado.

4. Testes

Para avaliar o desempenho da proposta deste trabalho mediante solu¢des bem conhecidas
da literatura, foram executados diferentes testes, variando-se o volume e a distribui¢io
dos dados. O banco de dados PostgreSQL através da extensdo PostGIS e a biblioteca Ge-
opandas, da linguagem Python, foram as solucdes base selecionadas para a comparagao.

O principal desafio envolvido no desenvolvimento do APPEL € o tempo de res-
posta da geocodificacdo reversa. Como o objetivo € que a camada criada seja utilizada
posteriormente no Kepler, essa operacdo deve ser eficiente. Para a comparacdo com as
outras abordagens ser justa, o APPEL foi executado sem paralelismo, uma vez que os
outros sistemas nao utilizam esse recurso no contexto apresentado.

O PostGIS realiza a tarefa de geocodificacdo através da funcdo ST_Contains .

Além de se considerar o tempo de execugdo dessa funcio, também € calculado o tempo de
inser¢ao dos pontos enviados em uma tabela temporaria, de modo a obter o desempenho
do banco. Isso ocorre porque, analogamente, o sistema APPEL recebe novas coordenadas
a cada nova requisicao do usudrio. Por outro lado, os poligonos de cada cidade do Brasil
sdo armazenados de forma persistente em ambos sistemas, ji4 que suas geometrias sao
fixas. Assim como o PostGIS, a biblioteca GeoPandas também é capaz de criar indices
espaciais sobre geometrias, e dessa forma, € utilizada como referéncia no contexto de
execucdo em memoria principal.

Para os testes, foram utilizados duas categorias de conjuntos de dados. Os tes-
tes Proporcionais e Aleatdrios correspondem a dados gerados artificialmente, sendo que
no primeiro a quantidade de pontos em cada cidade é proporcional as suas respectivas
populacdes e no segundo o nimero de pontos € totalmente aleatéria, com distribui¢io
uniforme ao longo de todo o territdrio.

A tabela 1 apresenta os tempos de execucdo, em segundos, de cada método utili-
zando os conjuntos de testes. A acuracia de todos os métodos se manteve préxima de 99%
em todos os casos. H4 uma pequena perda de acurdcia no APPEL, devido a ndo apenas
os poligonos das cidades serem simplificados como nos outros métodos, os poligonos dos
estados, micro e mesorregides, também sao simplificados.

https://postgis.net/docs/ST_Contains.html. Acessado em 25/07/2019.
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Teste Pontos APPEL (s) PostGIS (s) GeoPandas (s)
Proporcionais | 10000 0,57 4+0,01 1,43+ 0,03 4,46 £ 0,28
100000 | 2,18 £0,12 45,79 £ 0,85 11,46 £ 0, 36

1000000 | 14,254+ 0,01 | 435,78 2,22 | 67,88 £0,48
Aleatérios 10000 0,82 40,01 4,3+0,24 4,52 40,02
100000 2,8+ 0,01 44,21+ 0,92 7,59 £ 0,06

1000000 | 20,92 40,02 | 439,77 £ 10,73 | 72,47 £0,57

Tabela 1: Comparagao de tempo médio de pesquisa com PostGIS e GeoPandas
com desvio padrao.

O desempenho do APPEL se manteve melhor do que os outros métodos, especial-
mente quando se consideram os dados Proporcionais. E importante notar que as pesquisas
no GeoPandas e no PostGIS sdo rapidas quando ha indexacao espacial dos pontos, porém,
¢ demandado um certo tempo e memoria para a construcio da estrutura R-tree. Isso au-
menta o tempo de processamento em um contexto no qual € necessdrio inserir novos dados
a cada requisigao.

5. Conclusao e trabalhos futuros

Nesse trabalho foram apresentados os resultados parciais de uma solucdo capaz de gerar
visualizacdes de correlagdes entre dados georreferenciados diversos com informagdes das
cidades fornecidas pelo IBGE. Para tanto, foi desenvolvido um método de geocodifica¢io
reversa, que se mostrou eficiente diante de outras abordagens. Como trabalhos futuros,
pretende-se diminuir a granularidade da geocodificacdo reversa para procura dos pontos
em setores censitarios dentro das cidades, assim como aumentar o alcance do sistema para
outros paises além do Brasil.
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Abstract. Sand mining activity is present along the Paraiba do Sul River,
promoting changes in the landscape with the formation of lakes, that have
different colors and spectral responses depending on their current status of
activity. This study aims to identify and quantify the distribution of these lakes,
using Linear Spectral Unmixing Model (LSUM) in a Sentinel 2B/ MS image.
From the water-sediment fraction originated, the lakes were segmented and
classified. The cities of Tremembé, Pindamonhangaba and Taubaté were the
areas with more active mining lakes, while in the Roseira region, the non-active
mining lakes were predominant. Approximately 63% of lakes of the Vale do
Paraiba Region were defined as active sand mining lakes.

1. Introduction

The monitoring of natural resources in large regions, such as the Paraiba do Sul River
outskirts, can be optimized through remote sensing and image processing. According to
Reis et al. (2006), sand extraction occupies a prominent place among the region economic
activities. In general, these mining activities have an important role in social and
economic development, generating jobs and moving the construction market. However,
the extractive activity of sand causes environmental problems and major landscape
transformations, including the formation of sand pits known as mining lakes, which have
different characteristics when observed by satellite images.

In the Vale do Paraiba region, sand extraction began on the Paraiba do Sul river
and, later, it was explored in the river plain pits [Da Silva et al. 2011]. The color of the
water observed in remote sensing images may be used to identify whether sand pits are
active or not [Da Silva et al. 2011]. The blue tone indicates that mining is active,
considering that the lighter shade of blue, the greater the intensity of mining activity, on
the other hand, the dark tone represents the inactivity of mining practices [Da Silva et al.
2011]. Most mining pits, despite a request for use of fish farming or fish and pay in most
degraded area recovery plans, often end up abandoned and in the process of
eutrophication [Mechi and Sanches 2010]. The eutrophicated lakes usually appear in dark
and brownish colors in the satellite images due to the coverage of macrophytes and the
high content of organic compounds and nutrients.

Generally, mining causes significant impact over the environment, since this
activity often involves suppression of vegetation, soil exposure and erosion, which results
in important changes in the quantity and quality of surface and ground-waters and in air
pollution, among other negative effects [Mechi and Sanches 2010], and so several
recovery processes are needed. In many cases, the lakes originated are filled with the
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water provided by water table and rain, and the sediments in suspension decant over time,
leaving the water relatively cleaner.

In this context, the aim of this study is to assess the current conditions of the sand
mining lakes along the Paraiba do Sul River using Linear Spectral Unmixing Model
(LSUM) and a segment-based classification for a scene derived from Sentinel 2B/MSI
sensor. The analysis of lakes according to their content of suspended sediment, was based
on their spectral response, and so providing the basis for inferences about the quantity of
deactivated lakes and those that are under sand mining operation.

2. Material and M ethods

A remote sensing image corresponding to June 26th, 2019 derived from Sentinel 2B/MSI
(level 2A) was used to assess the study area. In this image was applied the Linear Spectral
Unmixing Model (LSUM), a water mask to enhance the lakes and also techniques of
segmentation and classification. The image processing was based in the MSI spectral
bands B2 (447,6 - 545,6nm), B3 (537,5 - 582,5nm), B4 (645,5 - 683,5nm) and B8 (762,6
- 907,6 nm), all of them with a 10m spatial resolution. ENVI 5.1 and QGIS 3.8 softwares
were chosen to apply the processes mentioned.

2.1. Study Area

The study area comprises the Vale do Paraiba region, located in the state of Sdo Paulo.
The Paraiba do Sul River results from the confluence of the Paraibuna and Paraitinga
rivers, which sources are in the Sao Paulo state. During its course, it crosses, among
others, the municipalities of Cachoeira Paulista, Lorena, Aparecida, Potim, Roseira,
Pindamonhangaba, Tremembé, Taubaté and Cagapava; cities that compose our study area
(Figure 1). Its discharge occurs in the Rio de Janeiro state, flowing to the Atlantic Ocean.
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Figure 1. Study area.

It is important to highlight that in the city of S@o José¢ dos Campos, the sand mining
is prohibited since 1984, but the effects of the past mining activities can be seen until
today. For this reason, this city was excluded from the follow analysis.

2.2. Linear Spectral Unmixing Model (LSUM)

In this model, a linear relation is used to represent a spectral mix of targets in each image
pixel, requiring the selection of pure components (endmembers) of a scene. In this study
was determined a representative pixel of water with high suspended sediment content,
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eutrophicated water and clean water. Thus, the response of each pixel, in any spectral
band, can be defined as a combination of the responses of these constituents, generating
the synthetic bands called fraction images [Shimabukuro et al. 1998]. Although three
synthetic bands were generated, only the water-sediment fraction image was used for the
next steps of this study, due to the quality and clarity of the information provided.
According to Valerio et al. (2013), the LSUM can be calculated as equation 1:

= (1]
n= Z(ai,-xi,-) = €
i=1

Where r; is the resulting pixel reflectance in band i for a pixel composed by
components (from a total of components); a;; is the in band individual component
reflectance, which corresponds to a proportion x;; of the pixel (0 < x;; < 1), and e; is the
error of each spectral band.

2.3NDW!I - Water mask

The Normalized Difference Water Index (NDWI) was calculated in order to enhance only
the water features, focusing on the aim of this study. This index makes use of reflected
near-infrared radiation and visible green light, since NIR is as strongly absorbed by water
as reflected by terrestrial vegetation and dry soil [Mcfeeters 1996]. Therefore, the NDWI
maximizes the typical reflectance of water features by using green light, minimizing the
low reflectance of NIR by water features. It takes advantage of the high reflectance of
NIR by terrestrial vegetation and soil features that results in a negative index value. In
this way, the image processing to eliminate negative values, retaining just the water
bodies information for analysis (the range of NDWTI is then from zero to one). Thus, the
NDWI for Sentinel2B/MSI sensor is calculated by the equation 2:

B3-B8
B3+B8

NDWI = [2]

Where B3 is the green band and B8 the NIR band of the MSI sensor. The NDWI
was used as a water mask (pixels with NDWI values lower than 0 were excluded from
the study, as were considered non-water pixels) in the water-sediment fraction derived
from the LSUM.

2.4 Segmentation

The image segmentation is a process that divides the spatial data into meaningful regions,
based on the homogeneity and heterogeneity criteria [Haralick and Shapiro 1992]. For
this paper, was used a Ruled Based segmentation algorithm, implemented on ENVI 5.3.
This algorithm allows the user to define the degree of segmentation (smaller or bigger
segments) and specify rules to classify these segments.

In order to achieve the proposed goal, the segmentation was applied in the
masked water-sediment fraction with a scale level of 100%, assuring that each lake would
be classified in a single class. Based on the image analysis, the specified classification
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rule was that lakes with sediment fraction lower than 0.2 would be classified as non-active
sand mining lakes and those with values higher than 0.2, as active lakes. This threshold
of 0.2 was empirically determined after several tests. Another condition was that the lakes
should have an area larger than 10.000 m? preventing the classification of other water
bodies and isolated in-land pixels.

In order to achieve the proposed goal, it was used a water masked sediment
fraction with a 100% segmentation, assuring that each lake would be classified in a single
class. Based on the image analysis, the specified classification rule was that lakes with
sediment fraction lower than 0.2 would be classified as non-active sand mining lakes and
those with values higher than 0.2, as active lakes. Another condition was that the lakes
should have an area larger than 10.000 m? (preventing the classification of other water
bodies). In the end, the mining and non-mining lakes were accounted in each region, as a
way to estimate the current sand mining situation in part of the Vale do Paraiba region.

3. Results and Discussion

The LSUM generated four fraction images, whereas the water-sediment fraction was
capable of highlighting the lakes condition (Figure 2. A). This fraction emphasizes the
features with higher sediment contents by showing them with lighter shades of gray and
white. This information obtained is confirmed by the RGB 432 composition (Figure 2.
D), in which lakes with light blue and white are known a current mining lakes. As the
clean-water and eutrophicated-water fraction (Figures 2.B and 2.C) did not provide
relevant information for study purpose, they were not used.

A 0 S0 100 mn
-_

Figure 2. Fraction images generated from LSUM (A) water-sediment fraction, B) clean-
water fraction, C) eutrophicated-water fraction and D) RGB 432 composition.

The application of the water mask in the water-sediment fraction was crucial to
eliminate the non-water features. The segmentation and classification techniques resulted
in the discrimination of the lakes in active (lakes with a sediment fraction higher than 0.2)

185



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 182-187

and non-active (lakes with sediment fraction lower than 0.2), all of them with a superficial
area bigger than 10.000 m? (Figure 3).
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Figure 3. Segmentation and classification results of the lakes in active and non-
active classes.

A closer look at the segmentation lakes in two sand mining regions, and the
quantity of lakes from each class are presented in Figure 4. The results show consistency,
as the lighter blue and white lakes were classified as active mining lakes and the darker
lakes as non-active mining lakes, according to the true color RGB Sentinel 2B.
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Figure 4. Classification of mining lakes (left) and quantity of non-active and active
mining lakes (right).

Tremembe, Pindamonhangaba and Taubaté were the areas with more active
mining lakes, while in Roseira region, the non-active mining lakes were predominant.
Cachoeira Paulista, Lorena, Aparecida and Potim were regions with a lower number of
mining and non-mining lakes. In total, 200 lakes in the region were identified, of which
62,5% classified as active mining lakes. In terms of area, the active sand mining lakes
accounted for approximately 74% (active lakes tend to be bigger), stating that they are
predominant in the Vale do Paraiba Region.
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4. Conclusions

LSUM succeeded in the estimation of sediment proportion in the studied lakes, when
applied in a high spatial resolution image, based on visual interpretation. The use of a
specific fraction image allows a greater interpretation of the scenario and with relatively
simple techniques applied posteriori, it was possible to quantify the number of active
lakes in a more efficient way.

This approach has the potencial for the mining lakes monitoring in the Vale do
Paraiba region. Thus, it would be capable of supporting surveillance agencies and
adequate public policies.

Future studies could compare the changes in the situation of lakes through a time
series analysis. In this way, it would be possible to identify when the sand mining started
in a region, and also to confirm the regularity of licensed areas. Moreover, among the
detected active lakes, validation procedures based on in situ data and environmental
licensing verification could endorse the obtained results.
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Abstract. The use of remote sensing for sugarcane varietal discrimination is
based on fact that varieties have its own spectral pattern due to physical and
morphological characteristics. The identification of sugarcane varieties using
remote sensing helps to reduce the time taken to identify varieties in the field
and non-certified varieties, moreover also to monitor the adoption of new
varieties. Due to this scenario, the main objective of this paper is assessing the
capability of Sentinel-2B satellite to identify sugarcane varieties in different
dates of the year.

Resumo. O uso de sensoriamento remoto para diferenciar variedades de
cana-de-aclicar é baseado no fato de que as variedades tém seu préprio
padrdo espectral devido as suas caracteristicas fisicas e morfolégicas. A
identificacdo de variedades de cana-de-agUcar através do sensoriamento
remoto auxilia na reducdo do tempo de identificacio em campo, na
identificacdo de variedades ndo contratadas, além de monitorar a adocdo de
novas variedades. Devido a esse cenério, o principal objetivo deste artigo é
avaliar a capacidade do satélite Sentinel-2B para identificar variedades de
cana-de-acUcar em diferentes datas do ano.

1. Introduction

Brazil is the world’s largest sugarcane producer, with a cultivated area of 8.73 million of
hectares in 2017/2018 [CONAB 2019] but it is estimated that less than 30% of this total
area is declared and licensed. In this context, the knowledge of sugarcane varieties is
important to improve the monitoring of sugarcane areas in Brazil.

The use of remote sensing for sugarcane varietal discrimination is based on that the
variety need to have its own spectral pattern due to physical and morphological
characteristics [Sandoval et al. 2011]. The varieties identification has expanded due to
the availability of new satellite systems capable to record many bands of the spectrum,
potentially identifying subtle changes in chlorophyll, water content, lignin/cellulose,
nitrogen, and others [Galvao et al. 2005]. The identification of sugarcane varieties using
remote sensing is needed to reduce the time taken to identify in the field and identify
non-certified varieties also to monitor the adoption of new varieties [Fortes and Demate,
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2005].

While remote sensing have primarily been used for identification of sugarcane
vegetation status [Atzberger, 2013], for mapping sugarcane areas [Luciano et al., 2019;
Rudorff et al., 2010], it could be also used in discrimination of sugarcane varieties
[Abdel-Rahman and Ahmed, 2008]. Recently, the large range of satellite sensors, which
many different spatial and temporal resolutions, such as Sentinel-2, help for monitoring
of cropping practices, vegetation status, biomass and showed potential to classify crop
varieties and to improve yield forecasting [Bégué et al., 2018].

Due to this scenario, the main objective of this paper is assessing the capability of
Sentinel-2B satellite identify sugarcane varieties in different dates of the year.

2. Methodology

2.1. Study Area

The study area is a square inside the Sentinel-2B tile 22KHA. This square contains
9,070ha of sugarcane and 25 sugarcane varieties. All the areas are commercial plots and
the varieties were determined by local inspection done by varieties specialists. Figure 1
shows the study area. The varieties inside this area are represented in 92% of Centre-
South sugarcane total area. For this paper the varieties will be shown as capital letters
because the target is the Sentinel-2B capability, not the variety factor.

2.2. Satellite Images

All images came from Sentinel-2B Level-2A, with radiometric and geometric
corrections. It was used the reflectance from10 bands (Table 1) and 3 vegetation indices
(NDBI, RENDWI and RENDVI — Table 2). It was used 3 images set from: 09/02/2019,
09/06/2019 and 13/08/2019. All reflectance data from sugarcane pixels were extracted
and tabulated for statistical analysis. Inside the area there are all phenological phases of
sugarcane represented.
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Figure 1. Study area

Table 1. Sentinel-2B bands specification

Sentinel-2B Bands

Central Wavelength (nm)  Resolution (m)

B2 490 10
B3 560 10
B4 665 10
B5 705 20
B6 740 20
B7 783 20
B8 842 10
B8A 865 20
B11 1610 20
B12 2190 20
Table 2. Vegetation Indices
Index Algorithm Source
NDBI |(B11-B8)/(B11+B8)| Zhaeta (2001)
RENDVI | (B8-B6)/(B8+B6) |Gitelson et al (1994)
RENDWI | (B3-B5)/(B3+B5) |Gitelson et a (1994)

2.3. Statistical Learning

Were created three different regression models, for each year of available data
(09/02/2019, 09/06/2019 and 13/08/2019). All models were calibrated and tested for
sugarcane varieties prediction, using a Random Forest classification algorithm (RF)
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[Breiman, 2001], under R software. RF is an ensemble learning algorithm method based
on decision trees for classification. The RF parameter mtry (the number of variables
randomly sampled as candidates at each split) was defined as default and the number
of trees (ntrees) was defined after an evaluation of the statistical performances to
classify sugarcane varieties equal to 500.

The training and testing process were made on independent datasets. Sampling was done
using 70% of the dataset for training and 30% for testing, which represented
approximately 569,488 samples for training and 244,082 samples for testing, at each
model. The samples were selected randomly by varieties. The models were evaluated
based on overall accuracy and kappa index.. The relative importance of the predictor
variables was obtained based on Gini Index of the RF algorithm [Breiman, 2001].

3. Results and Discussion

Evaluating the results was possible to see that all three models showed good
performance to classify sugarcane variety using Sentinel-2B images. Figure 2 shows the
accuracy and kappa index of each model. It was possible to see that the best fit was the
13/08/2019 model with accuracy equal 0.86 and kappa index of 0.81. The Sentinel-2B
and RF algorithm showed better results than previous studies with multispectral images
to classify sugarcane varieties [Sandoval et al., 2005; Galvao et al., 2005; Fortes and
Demate, 2005].

Looking the importance of each band and indices for the model’s performance, it was
possible to see that although Sentinel-2B has more bands between red and NIR (near
infrared), the ones that best fit to the models was the SWIR (short-wave infrared) B11
and B12. Figure 3 shows the importance of variables to classify the sugarcane varieties
and it’s possible to conclude that for all models B11 and B12 were the most important
bands.

For the best model, 13/08/2019, all varieties performed an accuracy over 70% but four
of them more than 90% (Figure 4). Looking for relations between these varieties it was
possible to conclude that varieties, classes A, R, O and D in Figure 4, are good to close
canopy earlier than the others, but none of them belong to same family, unless three
belongs to the same company owner. Figure 4 shows the accuracy for all 25 varieties
(classes).

Acouracy Al Kappa Index

il 8%
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Figure 2. Models assessment
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Figure 3. Importance of each factor for the models
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Figure 4. Accuracy by classes

4. Conclusion

The use of Sentinel-2B adn RF algorithm showed potential to classify sugarcane
varieties. With a global accuracy of 86% and kappa index 81%, the 13/08/2109 model
performed better than the others but an multitemporal approach maybe can bring even
better results. Observing varieties, classes R, A, O and D had the accuracy over than
90% and it signalize that expanding study area looking for varieties that have big
planted areas the global model accuracy can get higher. The last point is that Sentinel-2B
bands 11 and 12 were the most important variables to the models, probably because in
this wavelength most varieties have different reflectances.
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Abstract. This paper proposes a Genetic Algorithm that can be used as an al-
ternative designation method for autonomous vehicles. The proposed method
is compared with some popular algorithms used in vehicle designation, like the
Hungarian Algorithm and a Greedy Algorithm. The main goal of this paper is
to obtain a method with faster execution time of that obtained by the Hungarian
Algorithm and a better performance than the considered Greedy Algorithm. The
proposed method was tested in a simulation scenario used in other works. The
results indicates that the proposed algorithm is capable of generating promising
results, since the execution time was reduced by 70% compared to the Hungar-
ian Algorithm, also presenting a better response than the Greedy Algorithm.

1. Introduction

This paper presents a study about vehicle designation, as used in taxi and Uber services,
that can be used by autonomous vehicles in the future. The users can demand a vehicle
in any point of the city, at any time. On the other hand, the vehicles are moving across
the streets, attending or waiting for a new call. It the past, in the context of taxis, the user
called the vehicle center and requested the service; then, the attendant made a radio call
for all vehicles and the driver who considered himself closest to the customer answered
the call. Later, with the popularization of smartphones, several applications were released
to identify the position of customers and vehicles, in order to allocate the nearest vehicle
to perform the service. In this last context, there are many possible strategies. A Greedy
Algorithm (GA) is a common method to perform this designation. It consists of designate
the the closest vehicle to the demand point, considering the Euclidean distance between
them. A improvement can be done, replacing the Euclidean distance with the actual
distance (i.e., the distance that GPS equipment indicates between the user and the car)
that the vehicle needs to travel to find the customer [Reis et al. 2013].

Other works [Oliveira et al. 2015, Souza et al. 2016] point out that an optimiza-
tion model can be applied, based on the designation problem [Cormen et al. 2009]. The
contribution then consists not only in finding the best vehicle to answer a particular call,
but in allocating the available vehicles to the existing demand, minimizing the total dis-
tance that the cars must travel. The Hungarian Algorithm (HA) gives the optimal value
[Kuhn 1955, Jonker and Volgenant 1986], but, in most cases, takes a long execution time.

The main contribution of this paper is the proposal of a vehicle designation algo-
rithm, which takes into consideration real traffic conditions, that presents better answers
than a greedy approach and that generates results in an acceptable time. It is proposed
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a Genetic Algorithm (GE) [Goldberg and Holland 1988] based tool, with genetics’ op-
erators specifics to vehicle designation problem. The proposed method were tested in a
traffic simulator tool that were configured to reproduce the environment that vehicles can
face to meet the users. The results indicates that the proposed algorithm can obtain better
results than the GA, generating the results in a feasible computing time, specially in a
complex scenario, as are maps of medium and large cities.

2. The Simulation Environment

SUMO! is an open source traffic simulation package [Behrisch et al. 2011], that offers a
huge variety of tools to simulate traffic elements like pedestrians, conventional cars, buses,
autonomous car, electric car and even traffic lights. In this paper, SUMO was used to
simulate a city map, which consists in a modification of a previous version (Figure 1(a)),
presented in [Oliveira et al. 2015]. In Figure 1(b) it is presented the used map.

The simulation environment were configured using the following parameters: 850
autonomous vehicles (AV) to answer the simulated calls, and 18,000 other vehicles to
simulate the traffic flow, set in 50,000 different routes. All AVs were added to the sim-
ulation right on the beginning, to ensure that calls made early could be answered. The
remaining vehicles (private cars and buses) were added gradually as the simulation runs,
preventing an excessive traffic jam on the entrance points of the simulation.

= [ ol = L
| . '
k | | r -
=
| b
(a) Map used by (b) Map used in this paper

[Oliveira et al. 2015]

Figure 1. Maps considered in this study

3. Greedy and Hungarian Algorithms

The Greed Algorithms (GA) presents, in this context, an instant response because, dif-
ferent of the other methods, it does not need to wait multiple calls to be executed. When
the first call is made in the simulation, it is chosen a free vehicle (who was not answering
any previous calls) with the shortest distance (based on Global Position System - GPS)
from the call to answer it. On the other hand, the Hungarian Algorithm (HA) uses a call

"http://sumo.sourceforge.net/
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buffer, which stores the outgoing calls for a short time and then processes the optimization
model to identify the best vehicles to answer all calls. Thus, HA is able to search for the
combination of vehicles / users which minimizes the total required distance to be traveled
for each vehicle to find its respective customer.

4. Genetic Algorithm

To implement the Genetic Algorithm (GE), first it was defined how each possible solution
should be coded as an individual. Then, how to select, cross and mutate these individ-
uals in order to obtain the best result. All these processes and parameters used will be
described in the next subsections. The GE used was based on the version proposed in
[Stoltz 2018].

4.1. Individuals

The best way found to represent individuals was to numerate every autonomous vehicle
(AV,y, AV, AVs, ..., AV,,) and, for every call, to create an array of n-elements (where
n is the number of free AVs). Each value contained in the array indicates which call the
correspondent AV is designated to attend (value 5 on position 3 means that the third AV
(AV%) is answering call number 5). Following the array representation showed in Figure 2,
the position 0 of the array indicates that the first AV (AV,) was not answering any calls,
but the second AV (AV;) was selected to answer the second call. Those individuals were
randomly generated. To improve the performance of the GE, a individual that represents
the solution obtained by the GA is generated an included in the population at the beginning
of the GE execution. An important thing to notice is that there are three types of AVs: (1)
the AVs which were not answering any calls and will not receive a call to answer after
the execution; (2) the AVs which will receive a call to attend after the execution, and (3)
the AVs which were already attending calls, these last ones are not represented in the
individuals array.

[0]2]s]sol41]3 0 0]
0. %23 4567 848

Figure 2. Visual representation of an individual, where there are 4 free AVs and 6
AVs answering calls

4.2. Population and Niche

At first, all the individual were put in a population, then to prevent the GE to con-
verge to a local minimum, they were divided in 10 niches [Goldberg and Holland 1988,
Pereira et al. 2014] which consist of sub-populations where the crossover happen between
individuals in the same niche and at every few generations, one individual of every niche
was selected to migrate to another niche. In the last offspring, all niches are concatenated
to obtain the best solutions as a whole.

4.3. Fitness

To evaluate the individuals and sort them, a good fitness method was necessary. The
simulation data provided by SUMO was used to create a table (fitness table) containing
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all the AVs distances to all calls. The lines of the fitness table represents the AVs and the
columns represents the distance to the respective calls (first column indicates the distance
of all the AVs to the first call). Since every individual is composed of genes, each gene
represents an AV and the call it is answering (Figure 2). To obtain the fitness value, it
was only necessary to use the genes’ values as the table indexes and find the distance of
the selected AVs: taking Figure 2 as an example, AV; is answering the second call, the
distance of that AV to the location of the call it is attending can be found on the second
line and second column of the fitness table. After every distance is obtained, they are
added, giving the fitness value of that individual. The niche fitness value is the mean
of all individual’s fitness values. This process was repeated for every niche. Then, it
was generated a second array for every niche (fitness array), containing every individual’s
fitness value of those niches. In other words, the fitness array is an auxiliary array to store
the fitness value of the individuals, avoiding the need to recalculate the fitness every time
an individual needs to be added to a niche.

4.4. Sorting Method

One of the most time consuming methods was the Sorting. The solution found to improve
the execution time of the GE was to avoid using the sorting method so many times (The
first version of the GE used the sorting method every time after every offspring genera-
tion). Thus, all the individuals were sorted into its niches one time at the first generation
and one more time at the last generation when the niches were merged into the whole pop-
ulation. To add the children and the mutated individuals to the niches without having to
sort them again, the fitness of those new individuals were evaluated, then using the fitness
array of the niches (see Section 4.3), those new individuals were put in the correct posi-
tion, keeping the population in the niche ordered, without having to sort all individuals
again. Individuals with the worst fitness value were removed, to simulate the evolutionary
process and to maintain the niches size constant.

4.5. Selection and Crossover Methods

The Tournament selection method [Goldberg and Holland 1988, Stoltz 2018] was used,
where a group of individuals are chosen randomly and that one with best fitness is selected
as the first parent; then the process is repeated for the second parent. After the parents
selection, the crossover process starts: each gene of the first parent is compared with the
correspondent gene of the second parent and the one with better fitness (shortest distance)
is chosen as the child’s gene (as a survival of the fittest). In this method its possible that
some calls do not be answered. To solve this issue, it was add a function that, for every
unanswered call, a free AV with the shortest distance would be selected to attend them.

4.6. Mutation

There was implemented a bit-by-bit mutation [Vasconcelos et al. 2001], due to the size of
individuals. Thus, there was two kinds of mutation rate: the first one was the probability
of the individual participates of the mutating process and the second one was the chance of
mutate each gene. Before selecting the gene to mutate, it was first decided if the mutation
would affect free or occupied AVs (50% chance); if a free AV mutation was chosen, it was
always changed with a occupied AV (since selecting another free AV would not change
the final result). If a occupied AV was chosen, it could be changed with another occupied
AV or with a free AV (both chosen at random).

197



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 194-199

4.7. Migration

As presented in Subsection 4.2, the population was divided in 10 niches and, after a few
generations, the migration was performed. The migration consisted of selecting one indi-
vidual of every niche, then choosing randomly another niche as a destination for migra-
tion. The process of adding it to the new niche followed the same procedures described in
Subsection 4.4, which means that it is possible that a individual who were migrated could
be reject by that niche, if its fitness value was worst than every other individuals’ fitness
values.

4.8. Parameters

The parameters used in this experiment were the following: population size of 1,000
individuals, 200 generations, crossover rate of 80%, mutation rate of 5%, gene-mutation
rate of 0.5%, and the migration was performed at every 8 generations. It was made 250
vehicle’s calls and there were 496 free AVs.

5. Results and Comparisons

The algorithms were executed on a Acer Aspire Nitro 5 AN515-51, with Intel ® Core ™
17-7700HQ, 16 GB of RAM. To compare the results, the GE was executed 30 times for
every test, due to its random nature. The GA and HA were executed only once for each
test, since they give always the same expected answer. To compare the results the GE
was executed 30 times for every test, due to its random nature. The GA and HA were
executed only once for each test, since they give always the same expected answer. Than,
30 different tests were executed, changing the location and time of the calls. Those results
were organized in Table 1.

Table 1. Comparison between the 3 methods presented on this paper

Exgcution | Average Tolal Plami i Total Bl b iy
Time Ciost [Km) Cast (Km] Total Cost
[Em}
Greedy Leas than | 296916 41487 273197
Algarithin i secand
Hingarian Abical 40 | I7IZBE JHE38 2422032
Agodithm minibes
GRNEtE Ahcaat 52 2913351 339702 J6481E
.l'l.h_:ﬁ-ll'.llr“:'l 1 ST e

The Genetic Algorithm showed a better answer of that obtained by the Greedy
Algorithm (best case was about 3% better), but is still worse than the result obtained by
the Hungarian algorithm, which is about 11% better than the GA. On the other hand, the
GE ran faster than HA, as can be seen on the second column of Table 1.

6. Conclusion

The designation of vehicles in a complex map, as occurs in medium and large cities can be
a challenge, especially with a high demand for vehicles, coupled with a busy traffic, where
the choice of the best route is no longer trivial. This paper proposed a Genetic Algorithm
that tries to obtain a good result, as can be reached by the Hungarian Algorithm, but in a
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short time, as can be reached by a Greedy Algorithm. This combination is not trivial and
needs to be improved with new configurations of the proposed algorithm, allied to new
experiments, exercising different scenarios of demand and traffic. However, the results
showed that the study is promising because the Hungarian Algorithm is not viable in
a complex map and the results of the Genetic Algorithm are already superior to those
obtained by the Greedy Algorithm, even though not quite as fast. A fine tune of the
parameters used could lead to a faster execution without worsening the results obtained.
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Resumo. Este estudo tem como objetivo investigar a autocalibra¢do automdtica
de um Laser Scanner Terrestre (LST), equipamento que tem vasta aplicabilidade
em medicoes de alta acurdcia. Nuvens de pontos simuladas com a presenca de
erros sistemdticos conhecidos sdo submetidas a ajustamento de observagoes,
via método dos minimos quadrados por um algoritmo desenvolvido que permite
conhecer e minimizar tais erros sistemdticos. O objetivo deste trabalho é proce-
der uma autocalibracdo de LST baseado na literatura jd existente e comparar
os resultados deste processo com os erros inseridos na simulacdo.

Abstract. This study proposes the investigation of an automatic selfcalibration
of a Terrestrial Laser Scanner (LST), equipment with broad applicability in high
accuracy measurements. Simulated point cloud with known embedded systema-
tic errors are submitted to a least square adjustment observation by a developed
algorithm aiming to identify and minimize such systematic errors. This study
goal is to proceed a LST selfcalibration based on existing literature and com-
pare the outcomes with those known inserted errors.

1. Introducao e Objetivos

Um Laser Scanner Terrestre (LST) € um LiDAR (Light Detecting and Ranging) estéatico
que tem a capacidade de gerar modelos digitais tridimensionais da superficie terrestre
com ampla aplicacdo em mapeamentos, onde hd necessidade de se obter uma alta confia-
bilidade [Leonartovicz 2013].

Conhecer e minimizar os erros sistemdticos de um LST, por meio de uma calibracao
permite conferir alto rigor de acurdcia nas aplicacdes de engenharia. A autocalibracio,
segundo [Lichti 2007], é uma metodologia que propde realizar uma inspecdo do equi-
pamento utilizando os proprios dados coletados. Na literatura, até o presente momento,
sdo apresentadas trés abordagens de autocalibracio: ponto a ponto, baseada em plano e
baseada em cilindros [Corréa et al. 2017].

Dando destaque a metodologia ponto a ponto, sua vantagem € a modelagem de da-
dos mais simples. Logo, ndo é necessario trabalhar formulacdes para a identificagcao e cor-
respondéncias entre figuras geométricas como no método por planos [Chow et al. 2011].
Em contrapartida, € preciso de pontos de referéncia livres de erros, ou préoximo disso.
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Desta forma, a proposta deste trabalho € realizar a autocalibragdo ponto a ponto
de uma nuvem simulada, que se assemelha a uma nuvem gerada por levantamento real,
com a insercdo de erros sistematicos conhecidos para replicar um LST ndo calibrado.
Ao final, os resultados dos erros sistemadticos obtidos no processo de autocalibracdo serdo
comparados aos os valores conhecidos. Vale ressaltar que este € um estudo em andamento
e os resultados apresentados sao iniciais.

2. Geracao de Dados Simulados

Para gerar os dados simulados, deve-se conhecer a configuracao de uma autocalibracio
real, onde os alvos (centroides) devem estar bem distribuidos pelas paredes, teto e chdo.
Esta distribuicdo visa gerar uma boa rigidez geométrica de forma que se obtenha um
ajustamento de observagdes estavel [Lichti 2007]; [Reshetyuk 2009].

Deve-se notar que o ambiente para autocalibragdo de um LST € controlado, geral-
mente realizado em sala fechada, onde suas dimensdes influenciam diretamente na rigidez
geométrica do ajustamento [Borges 2017], [Vosselman and Maas 2010]. Com o uso do
ambiente MATLAB, é criada uma a nuvem simulada com 144 pontos (x,y,z) distribuidos
em todas as faces de um cubo de lado de 10 metros, 24 pontos por face, como mostrado
na (Figura 1).

Além disso, os erros sistemdticos (parametros adicionais, APs) inseridos sdo na
ordem dos milimetros, o que corresponde a valores nominais de LST disponiveis no mer-
cado e os encontrados na literatura (ver [Reshetyuk 2009], [Chan and Lichti 2012]).

o 3

W

Figura 1. Vista em perspectiva do modelo simulado: em tridngulos as estacoes
do LST simuladas; os circulos verdes como os alvos ajustados e circulo verme-
lho como os alvos de referéncias.

Na simulag@o criou-se trés estagdes de localizacdo do LST (Figura 1). Assim,
tem-se um conjunto de quatro nuvens de pontos: a nuvem de pontos do espaco-objeto
(denominada referéncia), trés nuvens de pontos de cada outro scan em seu proprio sis-
tema de coordenadas (denominado de espaco-scan, nomenclatura dada de acordo com
[Lichti 2007];[Borges 2017]) com erros sistematicos igualmente aplicados.

201



Proceedings XX GEOINFO, November 11-13, 2019, Sao José dos Campos, SP, Brazil. p 200-205

As nuvens de pontos dos scans foram geradas a partir de uma transformacgado de
corpo rigido aplicando rotagdes e translagdes. Ja os erros sistematicos (APs) foram inse-
ridos considerando os parametros de alcance, rotacdo no plano horizontal e vertical.

3. Processamento dos Dados

Primeiramente, as nuvens de pontos passam pelo processo de registro, onde € realizado
um ajustamento pelo método dos minimos quadrados (MMQ), utilizando o modelo pa-
ramétrico. Logo apos, € realizado o ajustamento com os erros sistemdticos (parametros
adicionais, APs) inseridos no modelo, para que estes erros sejam identificados e o sis-
tema LST, calibrado. Segundo [Garcia-San-Miguel and Lerma 2013], esta sequéncia é
fundamental para a determinagdo dos APs.

3.1. Registro

Conforme os conceito de fotogrametria, o registro transporta todas as nuvens de pontos
para um Unico sistema de coordenadas - sendo este arbitrdrio ou ndo - denominado espago-
objeto[Coelho and Brito 2007]. Esse processo € similar para dados de LST, a nuvens de
pontos no espago-objeto deve ser ajustada em relagdo a um sistema de referéncia passivel
de materializar [Lichti 2007].

A Orientacdo Exterior, utiliza a transformacdo de Corpo Rigido, que se baseia
em rotagdes e translagdes. A determinacdo dos parametros de orientacdo exterior (EOP),
expressos na Equagdo 1, consiste em trés rotacdes (x;,w;,¢;), trés translagdes (A X, AY,
AZj;), e escala definida implicitamente através de observagdes de alcance.

Tjj X; AX;
Yij | = Ra(kj)Ra(j)Ri(wy) § | Y| — | AY; (1
Zij ZZ AZJ

onde,

(45, Yij> 7ij ) @0 as coordenadas do ponto i no espago-scan j;

Ry, Ry, R3 sdo as matrizes de rotacdo nos eixos X, Y e Z, respectivamente;
(X, Y;, Z;) sdo as coordenadas do ponto i no espaco-objeto;

(K4, @5, w;j) sdo os angulos de rotacdo do espaco objeto para o espago-scan;
(AX, AY, AZ) sao as coordenadas da posi¢do do scan j no espago-objeto.

Ressalta-se que o registro foi feio por um ajustamento em bloco (bundle block ad-
justment), ou seja, todas as nuvens de pontos foram registradas simultaneamente, como
mostrado por [Coelho and Brito 2007]. Este fato confere a caracteristica de um ajusta-
mento de observa¢des com maior grau de liberdade e maior rigidez geométrica, sendo ele
mais estdvel [Garcia-San-Miguel and Lerma 2013].

A equagdo acima pode ser representada na forma L = F(X), que é definida
no modelo paramétrico, utilizando o MMQ [Gemael 1994], aplicada resulta no encaixe
das nuvens de pontos. Neste processo de ajustamento, o vetor das observagdes (Lb) sdo
os tie points, coordenadas cartesianas de cada ponto presente simultaneamente em todas
as nuvem no espago-sacan, (Z;j, ¥ij, 2i;), €enquanto o vetor dos parametros (X') sdo os
angulos de rotagdo e as coordenadas no espago-objeto de cada scan, os EOPs (AX, AY,
AZ, w, ¢, K).
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A matriz peso levou em consideragdo a precisdo nominal de um equipamento
real. Nao obstante, a redundancia do modelo € dada pela subtragdo entra o nimero de
observagdes (3 - NUMET Ogcans - NUMET Opontos) € 0 NUMero de parametros (6 - nuMeroscans)-

Considera-se, para este caso que o equipamento esteja nivelado e centrado em
um ponto predefinido. Para parametros iniciais aproximados (X,), as traslacdes sdo as
coordenadas dos scans no espago-objeto; ji as rotagdes, em torno dos eixos X e Y (w e ¢,
respectivamente), sao inicialmente zero [Lichti 2007].

Em contrapartida, a rotagdo em torno do eixo Z (k) sera definida como a variagao
angular entre dois scans na proje¢do perpendicular ao eixo Z (plano XY') no espaco-
objeto. Como este modelo é conceitual e preliminar, ndo houve inserc¢do de erros grossei-
ros e aleatorios, o processo de detecg¢do de outliers nao foi realizado. Todavia, enfatiza-se
sua necessidade em uma autocalibragdo.

3.2. Ajustamento com Parametros Adicionais

O objetivo deste processo € refazer o ajustamento exposto no item anterior adicionando
os erros sistematicos do sistema LST. As corre¢cdes sao feitas em distincias e angulos,
portanto € importante parametrizar em fungdo de coordenadas polares [Lichti 2007]. Esta
parametrizacdo € mostrada nas Equagdes 2, 3 e 4.

pij = \/dx?j +dyf; + dzl 4+ Ap ()
dy;
0, = tan™! <yf> + A0 3)
dl‘ij
dz;
o = tan™" Zij + Aa “4)

dm?j + dyfj

As varidveis Ap , Af e A« representam os erros sistemdticos, denominados aqui
parametros adicionais (APs). Os APs podem ser subdivididos em trés classes: ag a ag sdo
os parametros do alcance, by a b; sdo relacionados ao angulo horizontal e, por fim, ¢y a ¢4
sdo relacionados ao angulo vertical [Chow et al. 2012], [Lichti 2007].

A escolha e utilizagdo dos APs deve ser criteriosa, pois € possivel que haja alta
correlagdo entre si e entre EOPs, criando uma combinag@o linear e, portanto, um ajusta-
mento sem solugdo [Lichti 2010]. Com isso, caso haja singularidade, torna-se necessaria
a remocdo de pardmetros adicionais fortemente correlacionados [Corréa et al. 2017].

Os principais parametros sdo: o offset de distincia (ag); erro do circulo da vertical
(co); erro do eixo do limbo horizontal (b9) e erro do eixo de colimacao (b;)[Corréa et al. 2017],
[Reshetyuk 2009], [Lerma and Garcia-San-Miguel 2014]. Estes parametros definem as
varidveis dos erros sistemdticos da seguinte forma; (-Ap = ag; Af = bysec(a;;) +
botan(ayj); Aa = cp).

Desta forma, o modelo funcional serd em funcdo de, além dos EOPs, também
dos APs, gerando a Equacédo 5, que € a transformacdo de corpo rigido com coordenadas
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parametrizadas e os erros sistemdticos do sistema laser scanner inseridos.

Tij (pij — Ap)cos(cij — Aa))cos(6;; — AG)
Yij | =M | (pyj — Ap)eos(ay; — Aa))cos(6i; — AB) (5)
Zij (pij — Ap)sin(ai; — Aa)

4. Resultados

Como resultados preliminares, ha os pardmetros (EOPs e APs) utilizados nas nuvens si-
muladas na parte superior da Tabela 1; na parte do meio encontram-se os resultados do
registro, enquanto na parte inferior encontram-se os resultados do ajustamento com APs.

Por ndo considerar os erros sistematicos no seu modelo funcional, entende-se
que o Registro nao representa satisfatoriamente as rotacdes e translacdes inseridas no
espaco-objeto. Por este motivo, apesar de os EOPs gerados deste ajustamento serem mais
proximos do esperado, ndo € interessante considera-los via de regra.

Quanto ao Ajustamento com APs, como os pardmetros de entrada inseridos sdo
provenientes do Registro, hd mais erros embutidos neste ajustamento. Isso se deve ao
fato de que os EOPs influenciam diretamente na determinacdo dos APs; portanto, uma
determinacdo ndo rigida o suficiente pode resultar numa estimacao inferior dos APs.

Tabela 1. Erros sistematicos inseridos nas nuvens de pontos simuladas, EOP
resultantes do Registro e EOPs e APs resultantes do ajustamento com APs

: Ttk Civids bapinis ] Rt s LP,
E=5 iy i ; 3 R, . ol I - e 1| a {manp i
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5. Conclusao

Como os resultados ainda sdo preliminares, € preciso investigar processo de ajustamento,
afim de melhor explicar os APs e analisar as suas correlagcdes. Outro aspecto € que nao
foram inseridos erros aleatérios neste estudo e isto pode provocar um resultado de ajusta-
mento enviesado, j& que numa situacdo real, estes erros acontecem comumente.

Nota-se, portanto, a necessidade de prosseguir este estudo meticulosa e sistema-
ticamente, inserindo erros aleatérios e criando uma distribuicdo de pontos mais fiel a
uma situagdo real. A introdug@o de novas anélises estatisticas, como por exemplo, para a
deteccdo de outliers e para uma validagao mais eficiente dos APs.

Assim, percebe-se que, apesar de ainda estar em estudos preliminares, o algo-
ritmo para autocalibracdo de um LST se mostra capaz de indicar a presenca de erros
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sistematicos presentes num LST e perceber variacdes sutis na entrada de dados, o que
refor¢a a necessidade de uma boa rigidez geométrica do sistema.
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