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RESUMO

Extracédo de edificagdes por meio de imagens oriundas de sensores aerotranspor-
tados é uma atividade essencial para aplicagbes como planejamento urbano e pro-
ducgéao cartografica. No caso da produgéao cartografica, ao utilizar somente imagens,
tal processo é essencialmente manual, seja por meio de restituigdo fotogramétrica,
seja por digitalizacdo em uma ortoimagem. Dados os recentes avangos no campo de
inteligéncia artificial, particularmente no ramo de Deep Learning (DL), a presente dis-
sertagdo propde um novo método baseado em redes convolucionais profundas (con-
volutional neural networks) para extrair automaticamente a geometria de edificagcbes
em regidoes densamente edificadas, denominado HRNet OCR w48 Frame Field. Tal
técnica consiste na combinagéo entre a rede neural convolucional profunda HRNet
OCR w48 e a estrutura Frame Field. Dessa combinagao, além das mascaras bina-
rias de segmentacao, € extraido um campo vetorial complexo (Frame Field) utilizado
em um método de pds-processamento denominado Active Skeletons Method (ASM)
para a obtencdo de poligonos com formatos de edificagbes. Além do método supra-
mencionado, identificou-se na literatura um método que no escopo desta pesquisa foi
denominado ModPolyMapper, que também é capaz de extrair poligonos de edificagdes
e que apresentou, em regides esparsas, resultados adequados aos parametros defini-
dos na pesquisa. Em adigao, a presente pesquisa também propde um novo conjunto
de dados (dataset), para o treinamento de métodos semelhantes aos apresentados,
denominado Brazilian Army Geographic Service Buildings dataset. Além disso, foram
desenvolvidos frameworks baseados em software livre e de cédigo aberto, na lingua-
gem de programacao Python, um utilizando o Tensorflow, e outro o PyTorch, para o
treinamento de redes de segmentagcao semantica, denominados respectivamente seg-
mentation_models_trainer e pytorch_segmentation_models_trainer. Outrossim, tam-
bém foi desenvolvido um complemento para o QGIS, denominado DeeplLearningTools,
para a construcao e visualizagdo de mascaras para o treinamento. Ademais, foi rea-
lizada uma andlise de qualidade a luz das normas do Sistema Cartografico Nacional
(SCN) para atestar que ambos os métodos abordados nesta pesquisa sao adequados
para a elaboragao de cartas na escala 1:25.000, em conformidade com as normas do
Sistema Cartografico Nacional (SCN).

Palavras-chave: Sensoriamento Remoto, Deep Learning, Segmentagcdo Seman-
tica, Produgao Cartografica, Extracao da geometria de prédios.
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ABSTRACT

Building footprint extraction using airborne imagery is essential for urban planning
and cartographic production. Notably, for cartographic production, when using only
images, that process is essentially handcrafted, either by photogrammetry restitution
or by extracting features manually using an orthoimage. With the recent advances in
Artificial Intelligence, particularly in Deep Learning, the present masters’ dissertation
proposes a new method based on deep convolutional neural network techniques to au-
tomatically extract building footprints in densely built-up areas, named HRNet OCR w48
Frame Field. Such a technique combines the deep convolutional neural network HR-
Net OCR w48 with Frame Field’s structure. Besides the binary segmentation masks,
these combinations extract a complex vector field (Frame Field), which is used in a
post-processing technique named Active Skeletons Method (ASM) to extract building
footprints. Moreover, we identified in the literature a method that in this research is na-
med ModPolyMapper, which is also capable of extracting building footprints, and which
presented relevant results according to the research parameters in sparse regions.
Furthermore, the current research also proposes a new dataset for training methods
similar to the previously presented ones, named Brazilian Army Geographic Service
Buildings Dataset. In addition, we developed two free and open source frameworks
in Python, one using Tensorflow, while the other uses PyTorch to train semantic seg-
mentation neural networks, respectively named segmentation_models_trainer and py-
torch_segmentation_models_trainer. Thus, we also developed a QGIS plugin named
DeepLearningTools, used to build and visualize training masks. Additionally, we car-
ried out a quality assurance analysis in light of the specifications of the National Carto-
graphic System to assess that both mentioned methods in this research are suitable to
build topographic charts on the scale of 1:25,000.

Keywords: Remote Sensing, Deep Learning, Semantic Segmentation, Cartographic
Production, Building Footprint Extraction.
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1 Introducao

Com o avango da tecnologia, ha cada vez mais satélites de imageamento modernos
com alta resolucéo espacial, o que pode permitir um estudo mais acurado da superficie
terrestre (BITTNER et al., 2018). As imagens dos referidos satélites permitem estudos
de de uso e cobertura do solo (LIU et al., 2020), de detecgdo de mudancgas da paisagem
(ZHANG et al., 2019), de expansao de mancha urbana (KHANAL et al., 2019), além de
ser empregaveis na producgao cartografica (HOBEL et al., 2015), dada a capacidade
de se extrair informagdes de imagens, sendo dessa forma um dos principais insumos
nas atividades de mapeamento.

Particularmente para a producgao cartografica, tal capacidade de se extrair infor-
macdes € interessante pois, em tese, permite a automatizagcao de processos e, por
conseguinte, uma maior produgao de Cartas Topograficas. O decreto-lei n® 243 de 28
de fevereiro de 1967 (BRASIL, 1967) define no artigo 2° o Sistema Cartografico Naci-
onal, que é constituido de entidades publicas e privadas, com a finalidade de realizar
o0 mapeamento sistematico do territério brasileiro, nas escalas 1:1.000.000 a 1:25.000.
Dentre as entidades publicas responsaveis pelo mapeamento, pode-se citar a Diretoria
de Servigo Geografico (DSG) e o Instituto Brasileiro de Geografia e Estatistica (IBGE).

O decreto-lei n° 6.666 de 27 de novembro de 2008 (BRASIL, 2008) criou a Infra-
estrutura Nacional de Dados Espaciais (INDE) com a finalidade de reunir dados ge-
oespaciais de diversos 6rgdos governamentais e privados. Tais integragdées s6 séo
possiveis por meio de normatizagdo para a producédo e disseminacdo de dados, as
quais foram definidas no ambito da INDE, em concordéancia com a legislagdo do SCN
supramencionada.

A Comissao Nacional de Cartografia (CONCAR) era o 6rgao responsavel por coor-
denar a elaboragao de normas de produgao e disseminagao de dados geoespaciais no
ambito da INDE. Atualmente, a CONCAR foi extinta pelo governo atual e encontra-se
em processo de reestruturagao.

A DSG e o IBGE, dentre outros 6rgaos, faziam parte da CONCAR e integram a
INDE. Apesar da descontinuidade da CONCAR, as normas para producéao e dissemi-
nacédo de dados geoespaciais ainda encontram-se em vigor. Logo, para que dados
produzidos se tornem dados de referéncia no SCN, é obrigatdrio que as informacgdes
obtidas sejam compativeis com as normas e padrdes nacionais definidos pela CON-
CAR abaixo relacionadas:

» Especificagao Técnica para Produtos de Conjuntos de Dados Geoespaciais (ET-
PCDG) (DSG, 2016b): especifica as caracteristicas técnicas dos produtos do
SCN, bem como os metadados;

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 9
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» Especificagdo Técnica para Estruturacdo de Dados Geoespaciais Vetoriais (ET-
EDGV) (CONCAR, 2010): define o modelo de dados oficial brasileiro;

» Especificagdo Técnica para Aquisicdo de Dados Geoespaciais Vetoriais (ET-
ADGV) (DSG, 2018): define as regras de aquisicdo da geometria dos dados,
bem como os tamanhos minimos dos objetos; e

» Especificagao Técnica para Controle de Qualidade dos Produtos de Conjuntos de
Dados Geoespaciais (ET-CQDG) (DSG, 2016a): define os procedimentos para
aferir a qualidade dos dados produzidos.

Em funcgao de varios fatores como por exemplo a extenséo territorial continental do
Brasil, no SCN ha uma situacao de desatualizagdo ou até mesmo falta de Cartas To-
pograficas em diversas escalas como 1:50.000 e 1:25.000, constituindo-se um grande
desafio para o mapeamento nacional.

Especificamente na escala 1:25.000, dos 46.391 produtos dessa escala previstos
para o recobrimento do territorio brasileiro, ha apenas 1.447 produtos disponiveis no
Banco de Dados Geograficos do Exército (BDGEXx) (DSG, 2010), representando 3,12%
do total. Tal percentagem pode ser explicada pela dificuldade de mapeamento da
escala 1:25.000, uma vez que de todas as escalas previstas para mapeamento no
SCN (1:1.000.000 a 1:25.000), conforme descritos no decreto-lei n°243 (BRASIL, 1967)
e especificado pela ET-PCDG (DSG, 2016b), a escala em questdo é a que contém
maior detalhamento, demandando para sua confec¢gao imagens de maior resolucao
espacial. Com isso, os produtos que requerem maior investimento tanto financeiro
para a aquisi¢ao de insumos, quanto de recursos humanos para a elaboracgao.

Atualmente, no ambito dos projetos de mapeamento da DSG, parte das informa-
¢des necessarias para a elaboragdo de produtos cartograficos € extraida manual-
mente, como as geometrias de edificagbes e de areas edificadas. Nesse contexto,
a pesquisa e desenvolvimento de métodos automaticos de extragao de informacgao de
imagens de satélite na produgao cartografica pode vir a acelerar algumas etapas do
processo produtivo da DSG.

Para a extracédo de informagdes de imagens oriundas de sensoriamento remoto, tra-
dicionalmente, utiliza-se de técnicas de segmentagcao baseadas em intervalos de his-
tograma, em agrupamento de pixels, em regides e em identificacdo de bordas (BLAS-
CHKE, 2010; CHEN et al., 2018). Além disso, podem-se elencar sem exaurir todas
as técnicas existentes, segmentacao e classificagdo baseada em objeto, traducéo do
termo object based image analysis (OBIA), analise de textura, de reflectancia e de for-
mato (SU et al., 2008; WISEMAN et al., 2009; MA et al., 2017; KUCHARCZYK et al.,
2020).

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 10
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Como evolugao dos conhecimentos supramencionados, pode-se encontrar na lite-
ratura, como em Li et al. (2014), em Damodaran et al. (2017), Thanh Noi e Kappas
(2017), em Jozdani et al. (2019) e em Li et al. (2020), aquelas conhecidas como técni-
cas de aprendizado de maquina utilizadas no Sensoriamento Remoto, como Support
Vector Machines (SVM), Random Forests (RF) e Decision Trees (DT).

Em adi¢do, nos ultimos anos também ocorreram avangos tecnolégicos no campo
da Computagao, particularmente no campo da Inteligéncia Artificial (IA). Tais evolu-

o

¢des podem ser explicadas, em parte, pela melhoria do poder computacional e pelo
advento de novos algoritmos de processamento de dados utilizando placas de video
(GPU) (CHEN, 2016; BALL et al., 2017). Nesse contexto, uma técnica que vem sendo
largamente empregada em diversos estudos cientificos € denominada Deep Learning
(DL).

Com o advento dos algoritmos de DL, a comunidade cientifica passou a se interes-
sar por esse tipo de conhecimento dada a maior acuracia resultante, como pode ser
verificado nos estudos Adarme et al. (2020), Mboga et al. (2019), Guirado et al. (2017),
nos quais técnicas classicas das geociéncias utilizadas para extrair feicdes por meio
de imagens de sensoriamento remoto foram comparadas com aplicagdes utilizando o
Estado da Arte de DL.

Segundo Lecun et al. (2015), Hoeser e Kuenzer (2020), ao contrario dos métodos
que sao baseados apenas nos valores de pixels para identificar padroes, o aspecto
chave de DL é que este método se vale de multiplas camadas de abstragao obtidas
por processos matematicos nao lineares que permitem a inferéncia de informacgdes es-
condidas, conjunto de técnicas de IA conhecidas como redes convolucionais profundas
(deep convolutional neural networks). Pode-se citar como caracteristicas desse tipo
de algoritmo, a necessidade de muitos dados para o treinamento e a exigéncia de alto
poder computacional (NAJAFABADI et al., 2015).

No contexto das geociéncias, ha diversos problemas que possuem solugdes pro-
postas utilizando Deep Learning, como deteccado de objetos (MUSYAROFAH et al.,
2020; Ll et al., 2020; CHENG et al., 2016; HU et al., 2015; CHEN et al., 2019a), classi-
ficagdo de imagens hiperespectrais (ZHU et al., 2017; DATA et al., 2015; AUDEBERT
et al., 2019; PAN et al., 2020), estudo de uso e cobertura do solo (ALHASSAN et al.,
2020; JOZDANI et al., 2019; CARRANZA-GARCIA et al., 2019), superresolugdo (LA-
NARAS et al., 2018; QIN et al., 2020; SALVETTI et al., 2020), detecgado de mudangas
(SONG; CHOI, 2020; KULKARNI; VENUGOPAL, 2020; LIU et al., 2019; WANG et al.,
2018) e, finalmente, segmentacdo semantica (DIAKOGIANNIS et al., 2019; ZHANG
et al., 2016; KEMKER et al., 2018; YANG et al., 2018), que € uma técnica de visédo
computacional que permite ao computador reconhecer e extrair objetos de imagens
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(SHAPIRO, 2001), e se adequa ao caso de uso de extragdo automatica de feigdes
para a elaboragéo de produtos cartograficos.

Diante dos avancos elencados e dadas as necessidades de mapeamento supra-
mencionadas, uma pesquisa cujo resultado fosse aplicar o Estado da Arte de DL em
atividades de mapeamento seria justificavel. Porém, para que informagdes resultan-
tes do uso de técnicas de DL possam ser utilizadas na produgao cartografica, algumas
operagdes de generalizagao cartografica sdo necessarias para pos-processar os da-
dos inferidos devido a geracgao de feicbes com imperfeicdes como serrilhamento, ex-
cesso de vértices e e com formato geométrico que nem sempre sdo compativeis com
as regras de aquisig¢ao definidas pelo SCN. Trabalhos como Partovi et al. (2017), Li et
al. (2017), Lokhat e Touya (2016) tratam de algumas formas de generalizar os dados
obtidos e demonstram a necessidade de pesquisas sobre esses procedimentos.

Sendo assim, identifica-se um problema cientifico de encontrar uma metodologia
em que se possa utilizar arquitetura de rede neural convolucional profunda, treinada
com um conjunto de dados adequado ao problema, para extrair informag¢des geogra-
ficas no formato vetorial que possam representar as formas poligonais de feigbes no
terreno como por exemplo, corpos ddgua, vegetacao, terreno exposto, areas densa-
mente edificadas e edificagoes.

Além disso, para que tais informagdes possam ser utilizadas em atividades de ma-
peamento, as geometrias resultantes devem ter acuracia compativel com normas do
SCN para a escala 1:25.000. Logo, uma pesquisa cujo objetivo seja investigar formas
de utilizar inteligéncia artificial para realizar tais extra¢des para a cartografia se justifica.

Portanto, considerando-se apenas o problema de extracdo automatica de edifica-
¢coes, a presente dissertacdo de mestrado tem como proposta de hipotese cientifica
que é possivel treinar uma rede convolucional profunda que seja capaz de seg-
mentar e extrair feicoes vetoriais no formato poligonal de edificacées, geome-
tricamente consistentes, com acuracia compativel com a escala 1:25.000, em
conformidade com as normas definidas pelo SCN.
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2 Objetivo

Essa pesquisa tem por objetivo verificar se é possivel treinar uma rede neural con-
volucional profunda, que seja capaz de segmentar imagens de satélite de altissima
resolugdo, com a finalidade de extrair geometrias de edificagdo com caracteristicas e
niveis de qualidade aderentes aos padrdes definidos pelo SCN, na escala 1:25.000.

2.1 Objetivos Especificos
Como objetivos especificos da pesquisa, pretende-se:

(a) Identificar arquiteturas de redes neurais capazes de extrair informacdes para a
obtencao de geometrias de edificacao;

(b) Verificar qual € a melhor arquitetura para ser utilizada em atividade de mapea-
mento, levando-se em consideragao o tempo de processamento em relagao a
acuracia obtida;

(c) Identificar o melhor método, ou combinagédo de métodos, para gerar os poligonos
a partir das redes neurais treinadas;

(d) Desenvolver uma metodologia de treinamento de rede neural convolucional pro-
funda, preferencialmente materializada por meio de automagdes desenvolvidas
no ambito da pesquisa;

(e) Desenvolver solugdes baseadas em software livre para automatizar a metodolo-
gia de treinamento proposta na pesquisa; e

(f) Avaliar se os poligonos obtidos ao final do processo de extragdo possuem acura-
cia compativel para a elaboragdo de produtos cartograficos na escala 1:25.000.

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 13
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3 Organizacao da Pesquisa

-

»

Para atingir os objetivos definidos na segéo 2, foi conduzida uma pesquisa dividida
em cinco partes, as quais podem ser visualizadas com detalhe na figura 1:

Artigo 1

Artigo 2

Artigo 3

1-Pesquisa bibliografica
geral sobre Segmentacao

e Semantica
Inicio

2-Elaboragéo de artigo com os
resultados da pesquisa
bibliogréafica

3-Preparagao dos datasets
de treinamento e de teste

Todas as
arquiteturas
escolhidas foram
treinadas e
avaliadas?

4-lmplementagédo das
arquiteturas escolhidas na
pesquisa bibliografica

5-Treinamento, inferéncia
e avaliag@o dos dados
obtidos

Artigo 1

6-Analise dos
resultados

........................ l ..................................................................................................................................................................................................

7-Elaboragéo do artigo
com os resultados
obtidos

‘_M

8-Pesquisa bibliografica
complementar sobre
métodos especificos de
extracao vetorial

10-Implementacéo dos
métodos escolhidos

Todas as

arquiteturas
escolhidas foram
treinadas e

12-Anélise dos
resultados

avaliadas?

9-Preparagao dos datasets
de acordo com os métodos
escolhidos

11-Treinamento, inferéncia
e avaliacao dos dados
obtidos

13-Elaboracéo do artigo
com os resultados
obtidos

Concluséo

resultados

14-Relacionar os
conhecimentos obtidos nos
3 processos

15-Fornecer conclusdes
complementares que ainda
nao foram abordadas

16-Verificar se a hiptese
de pesquisa foi
comprovada ou refutada

|

18-Identificar
oportunidades de
pesquisa futuras

17-Verificar se os objetivos
foram atingidos

l

19-Elaborar a
dissertacéo

Figura 1: Fluxograma da pesquisa.

. A primeira parte refere-se ao levantamento do Estado da Arte de Segmentagao

Semantica, de forma que se possa reconhecer quais métodos podem resolver o
problema;

. A 'segunda parte consiste em realizar uma aplicagdo de algumas das técnicas es-

tudadas na parte 1, para que se possa identificar se tais métodos sao adequados
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g

para a extracao de edificagdes. O critério para a selegcao das técnicas estudadas
sera descrito na se¢ao que abordara esse topico;

A terceira parte consiste em estudar métodos complementares para extragcao dos
poligonos de edificagdes, implementar cada um deles, realizar os treinamentos
necessarios e avaliar os resultados;

A quarta parte consiste em relacionar as ideias apresentadas nos trés primei-
ros artigos. Além disso, pretende-se complementar pontos que ndo puderam
ser aprofundados nos artigos. Cada informagao complementar sera disposta em
uma subsecgao posterior a apresentagao de cada artigo, com a finalidade de en-
cadear as ideias apresentadas para o leitor;

Por fim, a quinta parte tem por finalidade identificar se a hipétese de pesquisa e
se 0s objetivos foram atingidos. Além disso, nesta se¢ao pretende-se fornecer
conclusdes complementares a pesquisa e sugerir pesquisas futuras.

Diante do exposto, a presente dissertacéo tem a seguinte estrutura:

(a)

(b)

Capitulo 4: levantamento e analise do estado da arte de Segmentagcao Seman-
tica em aplicagdes de sensoriamento remoto, realizado por meio do artigo de ti-
tulo A Review of Remote Sensing Applications on Very High-Resolution Imagery
Using Deep Learning-Based Semantic Segmentation Techniques”, publicado no
International Journal of Advanced Engineering Research and Science (BORBA
et al., 2021a) e apresentado na segédo 4.1. Além dsso, discussodes e informagdes
complementares sobre tal publicacado serao realizadas na secéo 4.2;

Capitulo 5: Aplicagcbes das técnicas levantadas no capitulo 4 apresentadas no
artigo de titulo "Building Footprint Extraction using Deep Learning Semantic Seg-
mentation Techniques: Experiments and Results”, publicado nos anais do In-
ternational Geoscience and Remote Sensing Symposium 2021 (IGARSS 2021)
(BORBA et al., 2021b). Ademais, as discussdes complementares e 0os proximos
passos da pesquisa serao realizados, na subsec¢io 5.1;

Capitulo 6: Resultados da pesquisa, apresentados na subsec¢ao 6.1 por meio do
artigo de titulo "Building Polygon Extraction from Very High-Resolution Remote
Sensing Images using Deep Learning Methods: A meta-analysis with an expe-
rimental approach”, a ser submetido ao ISPRS Journal of Photogrammetry and
Remote Sensing. Na subsecao 6.2, serao realizadas discussdes complementa-
res e consideracgoes relativas aos padroes de qualidade relativos ao SCN;
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(d) Capitulo 7: Conclusao da pesquisa. Nesse ultimo capitulo, sera verificado se a
hipétese de pesquisa foi comprovada ou refutada e se os objetivos foram alcan-
cados. Além disso, sdo apontadas oportunidades de pesquisas futuras.
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4 Estado da Arte de Segmentacao Semantica

Conforme foi ilustrado na introducao desta dissertacéo, ha diversos avangos nas
pesquisas que utilizam Deep Learning em aplicagdes de Sensoriamento Remoto (SR).
Particularmente para extragdo de geometrias por meio de imagens de SR, segundo
Hoeser e Kuenzer (2020) pode-se utilizar técnicas de Segmentagédo Semantica (SS) e
Segmentacao de Instancia (Sl).

Métodos que utilizam Sl sdo subconjuntos de SS, dado que para realizar Sl deve-
se fazer a localizagéo e posterior SS da regido identificada. Um resumo de técnicas
apontadas por Hoeser e Kuenzer (2020) pode ser visualizado na figura 2.

(b) Segmentacdo Semantica

(c) Deteccao de Objetos (d) Segmentacéao de Instancia

Figura 2: Problemas de extragao de informag¢des em imagens de satélite. Adaptado
de Hoeser e Kuenzer (2020).

Diante dos problemas ilustrados na figura 2 e diante da escala de trabalho (1:25.000)
definida na hipotese cientifica, decidiu-se estudar técnicas apenas de SS, visto que de
acordo com as regras definidas na ET-ADGV (DSG, 2018), edificagdes vizinhas séo
aglutinadas em apenas um elemento. Além disso, dependendo da técnica escolhida,
as de SS tendem a ser menos computacionalmente custosas, em comparacao as de
Sl.

Os métodos de Segmentagdo Semantica considerados na presente pesquisa sao
redes neurais convolucionais e, para que se possa utilizar tais métodos, deve-se re-
alizar um processo chamado treinamento, o qual segundo Goodfellow et al. (2016),
consiste em um processo iterativo, em que é dado uma entrada para a rede e é cal-
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culada a saida por meio de operagdes de convolugdes combinadas a operagoes de

reducao de dimensionalidade denominadas pooling e de inser¢gao de nao-linearidades
no processo por meio do uso de funcdes de ativacido. A diferenca entre o resultado e a
saida esperada é medida por meio de uma fungcédo, denominada fungao de perda (loss
function). Em seguida, os pesos da rede (valores numéricos de todos os kernels das
convolugdes) sao atualizados de acordo com a /loss por meio de um processo chamado
back propagation. O processo brevemente explicado pode ser visualizado na figura 3.

Forward propagation

Entrada Saida da rede

> “’ | aff e [ >

Comparacio entre a saida da rede e a saida esperada: loss function
Objetivo do treinamento: minimizar a loss function

Saida esperada

Back propagation

Figura 3: Esquema de treinamento ilustrando os processos de forward propagation
e back propagation. Ao longo do forward propagation, normalmente as arquiteturas
de redes neurais convolucionais profundas empilham diversos resultados de opera-
¢des de convolugdo e aplicam redugao de dimensionalidade por meio de operacdes
de pooling, além de inserir ndo linearidades utilizando as fung¢des de ativagao. A repre-
sentacdo esquematica da rede foi gerada utilizando os codigos disponiveis em https://-
github.com/Harislgbal88/PlotNeuralNet.

Tendo em vista que nesse momento da pesquisa, fazia-se necessario entender
os pormenores dos processos de treinamento, as estruturas envolvidas e os dados
necessarios para a realizagcédo do treinamento, foi necessario realizar um processo de
levantamento de técnicas existentes.

Além disso, era essencial identificar as diferentes formas de realizar as operagdes
de convolugdo para obter as mascaras segmentadas. As maneiras de se combinar
as operagdes supramencionadas se da o nome de arquitetura. Uma parte especial
das arquiteturas de redes neurais convolucionais s&o 0os backbones, os quais sao res-
ponsaveis pela extracdo de padrdes. Existe uma grande quantidade de backbones
propostos na literatura, sendo assim, também era interessante estudar quais existiam,
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bem como identificar quais s&o os mais populares.

Sendo assim, foi realizada uma pesquisa do estado da arte de aplicagbes de Seg-
mentacdo Semantica utilizando técnicas de Deep Learning em Sensoriamento Re-
moto, a qual visava atingir os seguintes objetivos:

(a) Identificar as principais arquiteturas e backbones utilizados, apontando, se pos-
sivel, quais sdo os mais famosos;

(b) Identificar as melhores combinagdes de arquiteturas e backbones em diferentes
conjuntos de dados (datasets);

(c) Descrever o processo de treinamento, apontando cada uma das componentes
basicas das arquiteturas (como convolugdes, pooling e fungdes de ativagao),
bem como algumas fung¢des de perda (loss functions) normalmente utilizadas;

(d) Identificar métricas de avaliagao dos resultados dos treinamentos;
(e) Identificar técnicas de melhorar os resultados dos treinamentos;
(f) Identificar alguns conjuntos de dados para treinamento;

(g) Identificar as bibliotecas disponiveis para a implementagado das arquiteturas e
realizagao dos treinamentos; e

(h) Identificar em aplicagbes de Ciéncia da Computagao oportunidades de pesquisa
em Sensoriamento Remoto.

O presente capitulo é organizado da seguinte forma:

* A subsecao 4.1 apresenta o artigo de titulo A Review of Remote Sensing Appli-
cations on Very High-Resolution Imagery Using Deep Learning-Based Semantic
Segmentation Techniques”, publicado no International Journal of Advanced En-
gineering Research and Science (IJAERS) (BORBA et al., 2021a), no qual foi
realizado o levantamento do estado da arte de aplicagdes de técnicas de seg-
mentagado semantica em publicagdes de sensoriamento remoto; e

» Asubsecao 4.2, na qual é fornecida uma discussdo complementar dos resultados
obtidos.
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Abstract—Semantic Segmentation is a technique in Computer Sciences
(CS) to extract information from images. Recent advances in Artificial
Intelligence, particularly in Deep Learning, Semantic Segmentation
combined with techniques such as convolutional neural networks, have
presented better results and exciting results. Due to its power and better
results than classical approaches, there has been an increase in research
articles in Remote Sensing that propose using deep learning-based
semantic Segmentation to extract information from satellite or airborne
imagery. In this paper, we surveyed the state-of-the-art of Semantic
Segmentation in Remote Sensing from 2010 until 2020 by identifying the
research topics and the number of publications and citations.
Furthermore, we also pointed out the fundamental algorithms, the main
convolutional neural network architectures, backbones, and the most used
evaluation metrics. In addition, some datasets were highlighted, as well as
some frameworks that can be used to train semantic segmentation deep
neural networks. Finally, we have shown some applications of the
showcased techniques and concluded the paper by pointing out some
research opportunities of Remote Sensing Semantic Segmentation,
concerning some bleeding-edge scientific papers published in 2020 in CS.

I. INTRODUCTION

The extraction of information from remote sensing images
has been an active research field, with essential
applications for urban planning, urban dynamics modeling,
and disaster damage assessment. Semantic Segmentation is
the process of assigning a label to each pixel of an image
and decompose a scene into semantically meaningful
regions [1]. Traditionally, semantic Segmentation is
performed either pixel-wise or with object-based
approaches. The latter is known as Geographic Object-
Based Image Analysis (GEOBIA) [2] and usually
outperforms the former. These approaches typically
consist of two separate steps: Segmentation followed by
classification. Because the second step’s accuracy usually

www.ijaers.com

relies on the first step’s quality, image segmentation is
critical for GEOBIA.

However, image segmentation is not a trivial task,
given that most algorithms rely on subjective and arbitrary
parameters setting. The incorrect choice of parameters may
lead to undesired results, such as under-segmentation and
over-segmentation, which may impact the classification
accuracy. Moreover, segmentation techniques’
generalization capability is limited because they cannot
deal with the objects’ complexity present in an image. For
example, a given set of parameters can provide good
segmentation results at homogeneous regions (e.g.,
agricultural ~ fields) and unsatisfactory results in
heterogeneous areas like urban environments.
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Thus, image analysts usually try several parameter
combinations to achieve a suitable outcome for an entire
scene, a time-consuming task. Adaptive segmentation
algorithms were proposed to deal with the diversity of
image objects [3, 4] or automatic tuning of segmentation
parameters [5, 6]. However, these methods are complex,
rely on human-made reference images, and are designed
for specific applications.

Recently, improvements in computation power and
parallel processing algorithms using graphics processing
units (GPUs) favored the development of deep learning
(DL) [7, 8], particularly convolutional neural networks
(CNNs), a type of DL method introduced by [9], have
become exceedingly popular for classification, object
localization, and semantic segmentation of remote sensing
images [10]. CNNs are designed to automatically extract
spatial patterns (e.g., shapes, edges, texture) of images
using a set of convolutions and pooling operations, hence
learning object-specific characteristics in an end-to-end
fashion.

Particularly in the context of semantic Segmentation,
neural networks have achieved outstanding results [11, 12,
13, 14, 15, 16, 17, 18]. Unlike traditional pixel-wise
classification, semantic Segmentation using CNNs can
preserve the object boundaries producing sharp, fine-scale
Segmentation. Fully convolutional networks (FCNs) were
the first approach that employed deep networks for
semantic Segmentation. The rationale behind FCNs relies
on transforming the fully connected layers into upsampling
or transposed convolutional layers [19] to perform dense
pixel predictions. The pioneering work of [19] adapted
well-known CNNs models such as AlexNet for semantic
segmentation tasks.

In semantic Segmentation, the smallest segment can be
a single pixel, which is not adequate for most applications
of information extraction using high-resolution remote
sensing images because, in these images, it is improbable
to find a target with the dimensions of a single pixel. To
overcome this problem, instance segmentation combined
object detection and semantic segmentation can be used to
classify an object at the pixel level and outline its exact
shape [20]. Both semantic Segmentation and instance
segmentation networks provide the opportunity to
simultaneously detect and classify building footprints
without the need for a previous segmentation step, thus
vanquishing the limitations of GEOBIA.

This paper will cover the latest state-of-the-art (SOTA)
of semantic Segmentation in very high-resolution remote
sensing, focusing only on methods that use convolutional
neural networks (CNNs). We also want to identify
research opportunities in RS by briefly analyzing the latest
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trends on CS. To fulfill this goal, this review is organized
as follows: in section 2, we show the SOTA of semantic
Segmentation in RS and CS papers; in section 3, we cover
the basic concepts of DL and semantic segmentation
techniques, the primary neural network architectures, the
available datasets and frameworks and finally some raster
to vector methods; and in section 4 we sum up the
concepts presented in this paper, as well as cover the
opportunities of research in geosciences based on the
comparison of the SOTA semantic segmentation methods.

Il.  LITERATURE REVIEW

We conducted a literature review on remote sensing to
identify the most relevant deep learning techniques and
methods employed to extract information from remote
sensing imagery, presented in section 2.1.

Moreover, to identify possible new techniques from
computer sciences, we carried out a brief literature survey
on review articles and also pointed out the best results on
popular benchmarks showcased on Papers With Code [21],
shown in section 2.2.

2.1. Literature Review on Remote Sensing

To perform our literature review, we searched the
knowledge database SciELO Citation Index (Web of
Science) to investigate further what are the main research
topics, the number of publications per year, and the most
cited papers. This information was used to try to delineate
the most relevant papers so that we could further analyze
them so that we could extract more helpful information,
such as the most popular methods employed.

The term” Semantic Segmentation” was searched using
the time range 2010-2020 as the filter, and there were
10,145 results, then were filtered once more, considering
only the” Remote Sensing” field, yielding 718 results. To
identify the main research topics, we built a word cloud,
shown in figure 1, with the keywords of these results.
Analyzing the picture, we can infer that the research
conducted from 2010 until 2020 has used neural networks,
particularly convolutional neural networks (CNNs), to
extract or identify features using high-resolution satellite
or aerial imagery. Common ground features extracted by
the considered papers are roads and buildings.
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aerial
building
classification loud . cnn
convoluhonal
detection
extraction feature
fully .. fusior high

network _neural

Fig. 1: Word cloud built with the keywords of the
results of the search Semantic Segmentation on the Web of
Science database, from 2010 to 2020, considering only
papers in Remote Sensing. Larger words mean more
recurring terms in the research papers’ keywords.

During the considered time range, there has been a
nearly exponential growth in the number of papers in
remote sensing that covers semantic Segmentation that can
be visualized in figure 2. The years 2015 and 2016 have
presented a slight increase in the number of publications
that might be a consequence of the papers published in CS,
such as [22, 23, 24]. From 2017 until 2019, there has been
a significant increase in the number of research papers,
peaking at 140 in 2019. Since 2020 is not over yet, we can
expect an even more substantial number than 2019, since
the number of research papers published in 2020 is much
higher than 2018’s and only 40% smaller than2019’s.

PUBLICATIONS
250 207 219
200 y,
150 13 :
.,//
100 63
36_§
* 10 s 7 1 17_,37 I
0 - e I | I I
N N N N N N N nN N N N
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Fig. 2: Number of publications in Remote Sensing with the
subject Semantic Segmentation from 2010 to 2020
registered on Web of Science.

We further narrowed our chosen papers by cross-
referencing our search results with data from a GitHub
repository (https://github.com/thho/DLINEQ_review),
which is under the license CC-BY-4.0 and contains data
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used in [1, 25]. Using this info, we have only considered
semantic Segmentation, resulting in 261 papers to analyze.
Then, we built the graph in figure 3 to find out the most
popular architecture. We concluded that the most famous
architecture in RS papers is the U-Net, followed by custom
architectures and then Fully Convolutional Networks
(FCNs).

Number of papers per
architecture family

B U-Net Ecustom COFCN
SegNet O ResNet @ Vintage

W Deeplab E PSPNet W FuseNet

Hensamble OEDSR mRefineNet

MobileNet-V2 Inception

Fig. 3: Papers grouped by architecture family.

Then, to evaluate the backbone usage, we built a word
cloud shown in figure 4 to find out the most popular
backbones, and we found out that ResNets, VGG-16, and
the Inception series are very popular.

ResNet-18
VGG-19
DenseNet >

ResNetKN§§

_VGG-16°
scustom.
% m VGG
~Z AlexNet

Kf\
Zg U Xception

FL i ResNet-34
& ResNet-50
Inception-V3

DenseNet-20
DenseNet-121
ResNeXt-50
Fig. 4: Family architectures used in Semantic
Segmentation papers in Remote Sensing in the considered
papers. Larger names represent more popular family
architecture.
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Fig 5: Tree Map representing the backbone distribution for each type of convolutional neural network architecture
used in the considered papers.

To understand the relationship between the backbones
and the architectures chosen in each paper and presented in
the data here analyzed, we built a tree map shown in figure
5, which leads us to conclude that U-Nets with custom and
ResNet backbones are very popular, followed by custom
backbone and custom architecture, then by VGG-16
backbone with FCN architecture, and finally, VGG-16
backbone with SegNet architecture.

2.2. Brief Literature Review on Computer Science

There are several review articles in Computer Sciences
[26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40,
41, 42] that portray the evolution of deep learning-based
semantic segmentation methods. Common research fields
on CS that use the mentioned techniques are research on
self-driving vehicles [43, 44], pedestrian detection [45, 46]
and computer aided diagnosis using medical images [47,
48].

The surveyed papers cover similar architectures and
backbones already listed on 2.1. The novel backbones that
were not identified in section 2.1 are the ones from the
EfficientNet family, ResNeSt [49], and SE-ResNet family
[50]. The training datasets used in CS applications are one
of the main differences from RS studies. As examples of
common datasets used in CS, we can cite the Cityscapes
dataset [51], the PASCAL VOC (PASCAL Visual Object
Classes Challenge) [52], and its extension, the PASCAL
Context [39].

There is a platform called Papers With Code [21] that
gathers results of several papers, as well as codes that are
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available online to reproduce such study considered
papers. On this website, the results of each benchmark are
ranked, and the best models are presented. Some of the
models with the best results on the previously mentioned
datasets are shown in table 1:

Table 1: Best models on some available datasets,
according to Papers With Code [21].

Dataset Best Model Paper Title mloU
Cityscapes | HRNet-OCR Hierarchical 85.1%
test MultiScale
Attention for
Semantic
Segmentation [53]
PASCAL EfficientNet- Rethinking 90.5%
VOC L2+NAS-FPN Pretraining and
Self-
2012 test -
training [54]
PASCAL Channelized Channelized Axial | 60.5%
Context Axial Attentlf)n Attentlc?n for
(CAA) with | Semantic
Simple decoder Segmentation
(Efficientnet-B7) | [55]
Cityscapes | HRNetV2- Polarized 86.95%
val OCR+PSA SelfAttention: )
Towards High-
quality  Pixelwise
Regression
[56]

Other worth mentioning techniques found on the cited
review papers and the research shown in table 1 are self-
training [57], Channelized Axial Attention [55], and
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Polarized Self-Attention [56].

I11.  MAIN CONCEPTS AND METHODOLOGIES IN
SEMANTIC SEGMENTATION

From the SOTA review carried out in section 2, we
identified some of the main concepts and techniques that
we need to understand when studying semantic
segmentation techniques applied to remote sensing.

Furthermore, considering the selected papers and
regarding the ideas highlighted in the SOTA review, we
will present some basic concepts in section 3.1, some
training improving techniques in section 3.2, the main
convolutional neural network backbones in section 3.3, the
main architectures on section 3.4, some applications on RS
and examples of some available datasets on section 3.5,
and finally, some frameworks and tools on section 3.6.

3.1. Main Concepts of Convolutional Neural Networks

The convolution layer is one of the building blocks of
Deep Learning. It can be defined as a combination of
linear and nonlinear operations such as convolution and
activation functions [58].

Convolution is a mathematical operation that applies an
array of numbers (kernel) to the input, enabling feature
extraction operations [58]. On the other hand, the
activation function is a mathematical resource to introduce
nonlinearities in the convolutional neural networks. Some
examples of them are the sigmoid function, the hyperbolic
tangent function, the rectified linear unit (ReLU) [58], the
leaky rectified linear unit (Leaky ReLU) [59], the
exponential linear unit (ELU) [60], the scaled exponential
linear unit (SELU) [61], the gaussian error linear unit
(GELU) [62], the Mish [63] and the Softmax [64]. Their
mathematical definitions can be seen, respectively, on
equations 1, 2, 3, 4, 5, 6, 7, 8, and 9. It is worth mentioning
that Softmax is often used as an output function on
convolutional neural networks.

1

sigmoid(z) =

Cl+em (1)
et — e "
tanh(r) = ———
anh(z) pr— @)
ReLU(z) =4 0 He<0
x ifr>0 ©)
Leaky_ReLU(x) = { l:“” : : = H
' R C))
ELU(z) = ale” —1) ifxr<0
= 2 ifx >0
(5)
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U]

®)

exp(z;)

Softmax(x;) = m 9)

The difference between filters that use convolutions
(common in image processing tasks) and the convolutional
layers of CNNs is that, instead of applying a pre-
determined kernel to the input, it learns the best parameters
of the kernel to extract features due to the training process
[33, 39, 34].

Another critical concept in CNN theory is the pooling
layer, which replaces a small neighborhood of a feature
map with some statistical information, such as mean or
max [39]. This process is vital because it sub-samples
images, reducing the dimensionality of the feature maps by
introducing a translation invariance to small shifts and
distortions and decreasing the number of learnable
parameters [58].

The combination of convolutional layers, activation
functions, and pooling operations is usually called
Convolutional Backbone, and its role is to extract high-
level features [1].

Usually, a CNN used to classify an image is composed
of input, the convolutional backbone, and a classifier head.
This last one is typically composed of fully connected
artificial neural networks (ANN), which have several
perceptrons connected among each other.

The process of finding the best weights of the neural
network has two steps: a forward stage and a backward
stage [27]. According to [27], the first step uses the current
weights and biases of the network to process the input and
calculate a prediction. Then this prediction is compared to
the expected output (ground truth) with a function called
loss. After determining the loss, the gradients of each
parameter are updated in the backward stage using the
chain rule, a method called backpropagation [9].

The objective of the training process is to minimize the
loss function, which means that the outputs of the trained
neural networks are similar to the ground truth. To carry
out the training, the weights of the neural network need to
be initialized, and the way they are set can impact the
training time.
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According to [65], two popular initialization methods are
Glorot (a.k.a. Xavier initialization) [66] and He (a.k.a.
Kaiming initialization) [67]: the first has as its primary
goal achieve faster convergence and better accuracy by
scaling the neural network weights so that the variance of
the input is equal to the conflict of the output [65]; the
second aims to achieve depth independent performance by
modifying the scaling factor to account rectifier
nonlinearities [65]. The weights of a neural network can
also be initialized from a previously trained network, a
technique that is known as transfer learning. [68] defines
four types of transfer learning: instance-based, mapping-
based, network-based, and adversarial-based.

To achieve convergence faster during the training process,
some algorithms with adaptative learning rates can be
used. In neural networks studies, these algorithms are
usually gradient-based and are called optimizers [69].
Some examples of them are Stochastic Gradient Descend
(SGD) [70], AdaGrad [71], Nesterov Accelerated Gradient
(NAG) [72], Adaptative Moment Estimation (Adam) [73],
Rectified Adam (RAdam) [74], Adaptative and Momental
Bound (AdaMod) [75] and Adaptative Second Order
(AdaHessian) [76].

Regarding loss functions, [77] summarizes some of the
available ones that are usually chosen for semantic
segmentation tasks. Among those, it is worth mentioning
the ones that are commonly used in semantic segmentation
papers: the Cross-Entropy (CE) [78], the Weighted Cross-
Entropy (WCE) [79], the Dice [80], the loU/Jaccard [81],
the Tversky [82] and the Focal Tversky [83]. The
mathematical formulation of each cited loss function is

N @
1 . u
Log = N 2_ .E_J gy log 5§

N
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described respectively in the equations 10, 11, 12, 13, 14,
and 15, where N is the number of pixels, gi¢ is the binary
indicator of whether the class label ¢ is correctly classified
for pixel i, s is the corresponding predicted probability, o
and p are hyperparameters used to control the balance
between false positives and false negatives, and y is a
coefficient in the interval [1,3].

Some metrics can be used to evaluate the quality of the
trained neural networks. According to [84], overall
accuracy (OA), precision, recall, and the F; index are
helpful for evaluating the quality of the training, and they
are defined by the following equations:

TP +TN

OA= TP N (16)
. TP

precision = TP+7FP (7

recall = L
TP+ FN (18)

F=2x pr(f(:vfsvz(m X recall

precision + recall (19)

where TP, TN, FP, and FN are, respectively, the true
positives, the true negatives, the false positives, and the
false negatives.

According to [31], the Jaccard Index, also known as
intersection over union (loU), can be defined by:
AN B|
|AU B|

IoU = J(A,B) = 20)

where A e B are, respectively, the ground truth and the
predicted data.
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www.ijaers.com Page | 243

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900

25



Borba et al.

Also, according to [31], the mean intersection over
union index (mloU) can be defined by:

1 Apred N Atrue
mlolU = _Z pred true
m flprml U Aprue (21)
where m is the number of expected classes, Apred iS the
prediction set, and A is the ground truth set.

3.2.  Convolutional Neural Networks

Improving Techniques

Training

Convolutional Neural Networks usually take a long time to
train, even when using a GPU. This occurs due to the fact
of the large number of weights that have to be adjusted in
the process of backpropagation: the larger the number of
parameters of the model, the longer it will take to train.
This can be overcome using distributed training on several
GPUs and increasing the batch size.

In addition, the time spent on the training process also
depends on the number of samples that the training dataset
has. On the one hand, if there are not enough images on
the training dataset, the neural network will not” see” a
significant number of patterns to learn and perform poorly
on the training dataset. This below-average learning is
known as underfitting. On the other hand, if the number of
images is not high enough, the neural network can
memorize the data and perform well on the training
dataset, but poorly on the test dataset, known as overfit
[64, 85].

Moreover, the performance on test datasets can be
improved by using regularization techniques, which are
defined by [64] as any modification made to a learning
algorithm that is intended to reduce its generalization error
but not its training error. Some examples of regularization
techniques are weight decay, label smoothing, early
stopping, dropout, batch normalization, and data
augmentation. Each of these is described below:

e Weight decay (ak.a. L2 Regularization) is a
method that modifies the weights of a neural
network in such a way that the loss to be minimized
is added a penalty of the L norm of the weights [64].

¢ Label smoothing [86, 64] is a technique that adds
noise to the label, mitigating the effect of some
incorrect label that the dataset may have. It also has
the advantage of preventing the pursuit of hard
probabilities ~ without  discouraging  correct
classification [64].

» Early stopping consists of stopping the training
when the neural network stops learning, in other
words, when the validation metrics stop improving
[64].
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e Dropout [87] is a technique used to reduce the
dependency of some neurons on neural networks. At
each training step, it is calculated a probability of the
neuron to be shut down, and if it is larger than the
set threshold, this element is turned off (outputs
zero). This has a regularizing effect since it forces
the network to learn patterns with other connected
neurons.

e Batch Normalization [88] is a model
reparameterization technique that introduces both
additive and multiplicative noise on the hidden units
at training time by normalizing the inputs to outputs
with zero mean and unit variance [64].

« Data augmentation is a technique that uses image
manipulation to create new training samples [64,
89]. Common data augmentation operations are
random crop, random flip, and random color jitters.
Furthermore, a novel data augmentation technique
that has been recently employed in CS papers is
Mixup [90], which consists of building synthetic
images composed of a weighted sum of random
pairs of the training data. According to [64, 89], data
augmentation also has a regularizing effect, and it
may contribute to avoid overfitting. One step further
on data augmentation is using self-supervised
techniques to learn from data the augmentation
procedures that can achieve better metrics. As
examples of such methods, we can cite
AutoAugment [91], Faster AutoAugment [92], and
RandAugment [93].

Furthermore, there is another approach to training
optimization, which is the usage of Learning Rate
Scheduling [94]. This technique changes the value of the
learning rate according to some heuristic to try to improve
the neural network accuracy and reduce training time [95,
96]. Some examples are Time Based Exponential Decay
[97], Exponential Decay [98], Linear Warmup, Cosine
Annealing [96], Cosine Power Annealing [99], and One-
Cycle Learning Rate Scheduling Policy [100].

Finally, the last training improving technique that we
will cover is Stochastic Weight Averaging (SWA) [101,
102], which is a procedure used to optimize the neural
network that averages multiple points along the trajectory
of Stochastic Gradient Descent (SGD), with specific
learning rate procedures, that can be either cyclical or
constant. The usage of this technique can help the
optimizer to find a better optimization landscape, which
might lead to better optimization results.

3.3. Main Convolutional Neural Network Backbones
used on Semantic Segmentation Tasks
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In this subsection, we will briefly present the key ideas
regarding the main convolutional neural networks used to
perform semantic segmentation tasks in RS. From our
bibliographic research carried out in 2.1, we analyzed the
results shown in figures 3 and 5, and then we identified
key backbones to be explained in this section. The chosen
backbones were AlexNet [22], ZFNet [23], GoogLeNet
[24], VGG-19 [24], the ResNet family [103], Inception
[86, 104], XCeption [105] and MobileNet [106, 107, 108].
From the bibliographic research done in Computer
Sciences, we came across the following worth mentioning
backbones: ResNeXt, ResNeSt, and EfficientNet.

According to [1, 109], convolutional neural networks
(CNNs) were introduced by [9] and in 2012, [110] used
them in a model called AlexNet to win the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) [22].
According to [8], in 2013 and 2014, ILSVRC were also
won by CNNs, with models respectively called ZFNet
[23], GoogLeNet [24]. [1] define the architectures AlexNet
[110], ZFNet [23] and VGG-19 [24] as Vintage
Architectures.

In 2015, the family of architectures called ResNets
[103] introduced skip connections to address the
vanishing/exploding gradient [66, 111], which prevented
deep neural networks from having a large number of
layers. Due to this idea, deeper models were possible, and
then the 2015°s ILSVRC was won by a ResNet-152. The
ResNet family has the ResNet blocks as its basic building
blocks, a series of convolutions and activations stacked.
There is a concatenation operation by the end of the block
(also called skip connections) to preserve some of the
input information.

To further push the boundary regarding the
performance of the ResNet family-based algorithms, [86,
104] developed a family of architectures called Inception,
which has as its basic block the inception block. Different
from ResNet blocks that only concatenate the input of the
block with the output, the inception block has several
outputs: each output is the result of a different stacking of
convolutions and pooling operations. Further advances on
such idea were also proposed by the XCeption family
[105] and the MobileNet family [106].

Thus, [112] evolved the idea of the Inception Block by
proposing a backbone called ResNeXt: in this method, a
cardinality value to the blocks is proposed, which widens
the block with more branches of stacked convolutions,
enabling further representation learning. Other backbone
architectures that are worth mentioning are the SE-ResNet
[50] and the ResNeSt [49]. The first method proposes the
usage of an attention mechanism at the beginning and the
end of the ResNet block, composing the Squeeze and
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Excite block, which performs dynamic channel-wise
feature recalibration, to improve the representational
power of the network. The latter method proposes the
usage of Split-Attention Block, which adds the same idea
of cardinality to the SE-Net-Block proposed by [50].

Recently there have been some breakthrough
architectures using Neural Architecture Search (NAS)
[113, 114, 115], which is a reinforcement learning
technique to find out the best architecture to perform tasks
on object detection and semantic segmentation [1]. Using
NAS techniques, in late 2019, researchers at Google have
created a series of backbones called EfficientNet [116]. In
2020, another group from Google had published a paper
called EfficientDet: Scalable and Efficient Object
Detection [117], in which they improved EfficientNets and
proposed a weighted bi-directional feature pyramid
network (BiFPN). According to [117], with these
improvements, the research team achieved 4x smaller
networks that used 13x fewer FLOPSs, with a gain of 0.2%
of mean average precision (mAP) of state-of-the-art mAP
on the COCO dataset.

3.4. Main Convolutional Neural Network Architectures
Used on Semantic Segmentation Tasks

In neural network applications, the convolutional
backbone is often combined with other structures
depending on the task that we want to perform. It can be
used with a design such as fully convolutional layers to
perform classification. In the case of semantic
Segmentation, there are some approaches, as using naive
encoders and encoder-decoder structures [1]. There are
also Generative Adversarial Networks (GAN) [39, 118,
119] and Recurrent Neural Networks (RNNs) with Long
Short-Term Memory (LSTM) [30] approaches to perform
semantic segmentation tasks, but we will not cover those
techniques in this paper. More information on those
techniques can be found on [1, 30, 42].

Naive decoders normally use a convolutional backbone
and trained deconvolutional layers to perform the
upsampling task to generate the segmentation mask,
combined with some interpolation method such as bilinear.
Some examples of this type of architecture are Fully
Convolutional Networks (FCN) [120], DeepLabV1 [121],
DeepLabV2 [122], ParseNet [123], PSPNet [124] and
DeeplLabV3 [125].

Encoder-decoder models, in contrast to naive decoder,
instead of using an interpolation method to upsample the
feature maps, use a more complex decoder, with shortcuts
or skip connections to maintain information from the
encoder to the decoder and gradually perform the
upsampling [1]. Some examples of this type of model are
the DeconvNet [126], the SegNet [127], the U-Net [79],
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the U-Net++ [128], the DoubleU-Net [129], the
MultiResUNet [130], the RefineNet [131] and the
DeepLabV3+ [132]. The architecture of an encoder-
decoder architecture called U-Net is shown in figure 6.

A novel type of encoder-decoder architecture is the
HRNet (or High-Resolution Net) [133] and the HR-Net
OCRI[53], both of which are featured on top positions of
the Cityscapes benchmark, as shown in table 1. This
method aims to maintain high-resolution images at every
stage of the process by combining different parallel chains
of convolutions and strided convolutions. Object-
Contextual Representations (OCR) is an attention
mechanism [134] that considers the context of the
considered pixel instead of it alone. OCR can be combined
with different backbones such as ResNet-101 and
Xception and different architectures such as DeepLabV3+
to improve segmentation results, as shown by [135]. When
OCR is combined with HR-Net, we have the HR-Net OCR
architecture.

Another type of attention mechanism that can be
combined with HR-Net is the Polarized Self-Attention
(PSA) [56], which has two main operations in its design:
the polarized filtering and enhancement component. This
type of attention mechanism not only looks at spatial
features but also channel representations.

Finally, another worth mentioning set of techniques is
the usage of EfficientNet backbones with Feature Pyramid
Networks (FPN), combined with self-training techniques
such as noisy student, which is a semi-supervised learning
technique that improves the training results [57]. Table 1
shows that the best method on PASCAL VOC 2012 test
dataset is the usage of EfficientNet trained with noisy
student technique (a.k.a. EfficientNet-L2) with FPN
architecture and Neural Architecture Search (NAS) [54].
On the other hand, the best model on PASCAL Context is
the combination of a plain EfficientNet-B7 with an
attention mechanism called Channelized Axial Attention
(CAA) [55].

3.5. Applications on Remote Sensing and Examples of
Available Datasets

Deep Learning (DL) plays an important role in nowadays
science is particularly geosciences. There are several RS
research papers such as [136], [137], and [138] that
compare classical computer vision techniques to DL
techniques, and they show that DL can achieve better
accuracies.
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DL-based techniques can solve several problems in
Geosciences. Among those problems we can cite object
detection [139, 140], hyperspectral image classification
[10, 141], super-resolution [142, 143, 144], change
detection [145, 146] and semantic segmentation.

Regarding Semantic Segmentation [84, 147, 148, 149],
there are some use cases, such as building footprint
extraction [11, 12, 150, 13, 14, 15, 16, 17, 18], road
extraction [151, 152, 153] and land use and land cover
(LULC) analysis [154, 155].

To train neural networks that can solve LULC
problems, data from the ISPRS Potsdam and Vaihingen
[156, 157] can be used. This is a dataset with airborne
photogrammetric imagery of Potsdam, covering six classes
(impervious surfaces, building, low vegetation, tree, car,
and clutter/background).

Moreover, to perform training of deep convolutional
neural networks that can extract building footprints, some
of the open datasets available online are listed below, and
the details are shown in table 2:

e SpaceNet [158, 159]: dataset with satellite
imagery of the following cities: Rio de Janeiro, Las
Vegas, Paris, Khartoum, and Shanghai.

e Massachusetts [160]: dataset with satellite
imagery of the city of Boston.

e WHU building [161]: dataset with airborne
photogrammetric imagery of New Zealand.

¢ INRIA aerial [162]: dataset with satellite imagery
from the following cities: Austin, Chicago, Kitsap
County, Western Tyrol, and Vienna.

e LandCover.ai [163]: dataset with satellite imagery
of Poland.

e AIRS [164]: dataset with satellite imagery of
Christchurch City in New Zealand.

e CrowdAl [165]: a simplified version of the
SpaceNet Dataset, with only RGB images.
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Fig. 6: Basic structure of a U-Net. Figure built using https://github.com/Harislgbal88/PlotNeuralNet.

Table 2: Comparison between building footprint datasets 3.6. Available Frameworks and Tools
Dataset # of | #oftiles | TileSize | Spatial The two most famous deep learning frameworks are
Ll Gl Tensorflow [166] and PyTorch [167]. Both are open
LandCover.ai 12,788 41 33 tiles | 25cmand source, have large communities, are very well
with ~ the | 5o 0 documented, and have outstanding performance.
size 9000 x . .
9500  px Tensorflow has an underlying library called Keras [168],
and eight enabling a higher level and more readable code. On the
;ii'zej with PyTorch side, PyTorch Lightning [169], FastAl [170], and
000 x C_atz?lysF [171], among qthers, are frameworks that provide
4700 similar improvements given by Keras.
px Considering segmentation models tools openly
INRIA 216418 | 360 5000 x| 30cm available, there are two frameworks developed in Python
5000 that use Tensorflow and PyTorch, respectively
px segmentation models [172] and segmentation models
Massachusetts 310,425 151 1500 x| 1im PyTorch [173]. To train segmentation models without
Buildings 1500 coding skills, users can build a JSON file with the
px parameters of the training and use a Python package called
Spacenet 462,091 17,533 512 x 512 | 35cm segmentation models trainer [174], which was built using
px Tensorflow, Keras, and segmentation models. [175] has
WHU build- | 220,000 | 25,577 512 x 512 |75 cm also created a training framework using PyTorch and
ing dataset px and 27 PyTorch Lightning called PyTorch segmentation models
om trainer, which instead of using a JSON to fill the
AIRS 220000 | 1047 10,000 | 7.5¢m hyperparameters, uses a YAML file using configuration
X composition, which enables users to reuse settings. To
10,000 px build training masks from vector data, a QGIS [176]
CrowdAl koo | 280721 | 300 x 300 | Unkeown plugin called DeepLearningTools [177] can be used.
training | px There are also tools to help to build and to inspect
'Grgasgle; datasets, such as FiftyOne [178]. With this tool, data
validation scientists can visualize the labels overlapped to the images
images and calculate image similarity indexes to assess the quality
22?697 of the dataset and identify missing labels.
test Concerning data augmentation, each library has built-in
images operations. As external options, we can cite
Albumentations [179], a Python package that is framework
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agnostic and works only on CPU. Another option on the
PyTorch ecosystem is Kornia [180], a package that works
on either CPU or GPU.

IV.  CONCLUSION

In this paper, we presented the SOTA of Semantic
Segmentation in Remote Sensing, an ever-growing field of
research, with an almost exponential increase in the
number of publications, as shown in section 2.1. We
identified that the most used backbones on RS tasks are the
ResNet family, VGG-16, Inception-V3, and AlexNet.
Furthermore, we identified that the most famous
architectures used in RS are the U-Net, DeepLabV3+,
FCN, and SegNet. We also briefly showed the main
theories, algorithms, and neural networks architectures and
backbones.

This paper has also briefly presented how
convolutional neural networks work and the techniques
used for training such structures, like weight initialization,
popular optimizers, some of the loss functions available,
and the often-used metrics in RS papers. We also showed
some of the existing regularizing techniques such as
weight decay, label smoothing, early stopping, dropout,
batch normalization, and data augmentation.

Then, we also presented some learning rate scheduling
methods and stochastic weight averaging. We also listed
the most famous backbones and architectures found on the
RS papers surveyed and presented some applications of
such techniques on RS. We also showed some available
datasets and popular frameworks and packages to train
deep learning convolutional neural networks.

There are many research papers in CS that propose
several neural architectures, and some have been used in
RS applications. Deep Learning is an ever-growing field,
and in 2020 there have been many promising and exciting
new backbones, such as the EfficientNet family, the
ResNeSt-269 [49], and the SE-ResNet family [50].

Moreover, we have identified a research opportunity in
RS to combine the mentioned backbones with popular
architectures such as U-Net, FPNs, and PSPNet. Another
research opportunity is the usage of HRNet-OCR [53],
HRNetV2-OCR+PSA [56], EfficientNet-B7+CAA [55],
and EfficientNet-L2+NAS-FPN [54], which are in the
leader board of Papers With Code [21], but was not
observed in the surveyed papers regarding remote sensing
applications.

In addition, another research opportunity that we
identified is to perform an extensive comparison of the
accuracy of trained models with several combinations of
neural networks architectures and backbones to define the
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best method to extract information from very-high remote
sensing images. We can also highlight other research
opportunities, such as determining the best loss function to
be used in training and the best inference method to
improve validation data accuracy. The suggested loss
function for such a study is the Focal Tversky [83] since it
handles class imbalance problems, a common problem in
remote sensing datasets, especially building footprint
extraction datasets.

Additionally, even though new optimizers such as
RAdam, AdaMod, and AdaHessian have been proposed,
few papers in remote sensing have tested them. The same
principle can be applied to activation functions such as
Leaky-ReLU, ELU, SELU, GELU, and Mish. So, we also
identify research opportunities of the influence of
optimizers and activation functions in the training time and
the test metric scores.

Finally, other aspects that we did not find in the
surveyed papers and that can be researched is the usage of

stochastic  weight averaging [101, 102], novel
augmentation  techniques such as Mixup [90],
AutoAugment [91], Faster AutoAugment [92] and
RandAugment [93].
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4.2 Discussao do Artigo de Revisao

Na subsecéo 4.1, foi apresentado o artigo de titulo "A Review of Remote Sensing
Applications on Very High-Resolution Imagery Using Deep Learning-Based Semantic
Segmentation Techniques”, publicado no International Journal of Advanced Engine-
ering Research and Science (IJAERS) (BORBA et al., 2021a). Neste artigo, foram
apontados os conceitos basicos necessarios para o entendimento de técnicas de seg-
mentagao semantica, a saber: principais arquiteturas e backbones, alguns optimizers,
funcgdes de ativagao e fungbes de perda (losses), alguns conjuntos de dados (data-
sets), técnicas utilizadas no treinamento de redes neurais, algumas aplicacbes em
sensoriamento remoto e frameworks disponiveis.

Da elaboragao do referido artigo, pode-se depreender que ha diversos trabalhos
com resultados relevantes que utilizam arquiteturas como a U-Net (RONNEBERGER
et al., 2015), Feature Pyramid Network (FPN) (LIN et al., 2017) e a PSPNet (ZHAO et
al., 2017). Em adigao, foi notada a popularidade dos backbones da familia ResNet,
confirmado também por (MA et al., 2019; HOESER; KUENZER, 2020; HOESER et al.,
2020; NEUPANE et al., 2021). Além disso, identificou-se tecnologias como o Tensor-
flow (ABADI et al., 2015), PyTorch (PASZKE et al., 2019), PyTorch Lightning (FALCON,
2019), bem como bibliotecas com modelos pré-treinados como segmentation_models
(YAKUBOVSKIY, 2019) e segmentation_models.pytorch (YAKUBOVSKIY, 2020).

Além disso, também foram observados aspectos como técnicas de regularizagao,
como weight decay (GOODFELLOW et al., 2016), label smoothing (SZEGEDY et al.,
2016; GOODFELLOW et al., 2016), early stopping (GOODFELLOW et al., 2016), dro-
pout (SRIVASTAVA et al., 2014), batch normalization (IOFFE; SZEGEDY, 2015), Mi-
xup (ZHANG et al., 2018) e data augmentation (GOODFELLOW et al., 2016; SHOR-
TEN; KHOSHGOFTAAR, 2019). Com relagéo a esta ultima, foram identificadas bi-
blitecas que foram também utilizadas no escopo da presente pesquisa: albumentati-
ons (BUSLAEV A. PARINOV; KALININ, 2018) e kornia (RIBA D. MISHKIN; BRADSKI,
2020).

Contudo, foram apontadas também as seguintes técnicas para acelerar o treina-
mento: Time Based Exponential Decay (NESTEROV, 2004), Exponential Decay (LI,
ARORA, 2019), Cosine Annealing (LOSHCHILOV; HUTTER, 2017), Cosine Power An-
nealing (HUNDT et al., 2019), One-Cycle Learning Rate Scheduling Policy (SMITH,
2018) e Stochastic Weight Averaging (SWA) (IZMAILOV et al., 2018; ATHIWARAT-
KUN et al., 2018).

Outrossim, foram constatados os seguintes conjuntos de dados (datasets) relevan-
tes para a pesquisa, listando as caracteristicas técnicas relevantes de cada um deles,
a saber: ISPRS Potsdam e Vaihingen (ISPRS, 2012; SONG; CHOI, 2020), SpaceNet
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(SPACENET, 2018; Van Etten et al., 2018), Massachusetts Buildings (MNIH, 2013),
WHU building (LONG et al., 2020), INRIA aerial (MAGGIORI et al., 2017), LandCover.ai
(BOGUSZEWSKI et al., 2020), AIRS (CHEN et al., 2019b) e CrowdAl (MOHANTY et
al., 2020).

Além de tudo, o primeiro artigo forneceu algumas conclusdes, como oportunidades
de pesquisa utilizando as familias EfficientNet (TAN; LE, 2019), ResNeSt (ZHANG
et al., 2020) e SE-ResNet (HU et al., 2020), combinadas a backbones consagrados
como U-Net, PSPNet e FPN. Além disso, identificou-se a oportunidade de testar novas
arquiteturas como a HRNet-OCR (TAO et al., 2020) e a HRNetV2-OCR+PSA (LIU
et al., 2021), bem como o uso de diferentes fungdes de perda como a exponential
linear unit (ELU) (CLEVERT et al., 2016), uso de diferentes optimizers e o emprego no
treinamento de técnicas como Stochastic Weight Averaging (SWA) e Mixup.
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5 Aplicacoes de Segmentacao Semantica

Tendo em vista todos os conhecimentos identificados na subsecéo 4.1, foi realizada
uma selecido de métodos para testes preliminares. Nesta etapa da pesquisa, desejava-
se obter a mascara segmentada no formato raster e, em seguida, utilizar processos
de transformacéao de raster para vetor e outros métodos de pds-processamento para
obter os poligonos, conforme ilustrado na figura 4.

. 3-Inferéncia
1-Pré-processamento - Trei d d utilizando a rede
dos dados -Treinamento da rede _
treinada

Inicio
( 6-Avaliacéo da
4-\/etorizagdo dos 5-Pés-processamento Qualidade dos
rasters inferidos vetorial dados vetoriais @
obtidos ]
Fim

Figura 4: Fluxograma de obtencéo de dados planejado inicialmente para a pesquisa.

Porém, como sé havia o conhecimento tedrico das estruturas estudadas, desejou-
se identificar o poder computacional necessario para realizar o treinamento de métodos
baseados em Deep Learning, bem como verificar a acuracia que se conseguia obter,
de forma que se pudesse avaliar o custo-beneficio de arquiteturas mais complexas
versus as mais simples, sob o ponto de vista de tempo de treinamento e das métricas
de avaliagao resultantes.

Ademais, deu-se prioridade para os backbones da familia EfficientNet, tendo em
vista que a GPU disponivel para a pesquisa era apenas uma RTX-2080 Ti, com 11 Gb
de memodria dedicada. O uso do referido hardware implicava em escolhas que visavam
minimizar o uso de memoaria de video, para que se conseguisse treinar com batches
maiores, como os backbones EfficientNet-B0 e EfficientNet-B1. O tamanho maior dos
batches é de suma importancia para a convergéncia, dada a natureza estocastica do
processo de treinamento, conforme apontado por Goodfellow et al. (2016).

Entretanto, durante o desenvolvimento dos testes mencionados, o 1° Centro de
Geoinformacéo realizou a aquisicao de um servidor dedicado para Machine Learning,
com trés GPUS NVIDIA Tesla V-100, cada com 32 Gb de memoéria dedicada. Sendo
assim, tal equipamento foi disponibilizado para a referida pesquisa, proporcionando
um ganho incomum de poder computacional aos pesquisadores.

Dessa forma, tornou-se viavel o treinamento de arquiteturas mais complexas e com
maior numero de parametros pudesse ser utilizada, como as combinacdes U-Net +
SE-ResNeXt-101, FPN + ResNet-152 e FPN + SE-ResNeXt-101. Vale ressaltar que a
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U-Net (RONNEBERGER et al., 2015) e a Feature Pyramid Network (FPN) (LIN et al.,
2017) foram escolhidas devido a popularidade apontada no levantamento do estado
da arte realizado no capitulo 4.

Ja os backbones SE-ResNeXt-101 e ResNet-152 foram escolhidos para avaliar o
custo-beneficio entre a precisdo dos resultados e o tempo maior de treinamento, uma
vez que ambos possuem uma quantidade de parametros bem maior que os backbo-
nes da familia EfficientNet. Além disso, como durante a presente etapa da pesquisa
diversas publicagdes utilizando mecanismos de atencao foram realizadas, a estrutura
SE-ResNeXt-101 foi escolhida também por conta de utilizar um mecanismo de atencao
denominado squeeze and excitation (HU et al., 2020).

O presente capitulo é organizado da seguinte forma:

* A subsecédo 5.1 apresenta o artigo de titulo "Building Footprint Extraction Using
Deep Learning Semantic Segmentation Techniques: Experiments And Results”
(BORBA et al., 2021b), apresentado no International Geoscience and Remote
Sensing Symposium 2021 (IGARSS 2021) e publicado nos anais do referido
evento; e

* A subsecao 5.2 apresenta uma discussao complementar dos resultados apre-
sentados em Borba et al. (2021b).
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! Brazilian Army Geographic Service (DSG)
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ABSTRACT

Deep Learning Semantic Segmentation are techniques based
on convolutional neural networks that have been employed
in several research applications in Computer Sciences. In
recent years, Remote Sensing researchers have used such
techniques and achieved remarkable results. In this research
paper we employ semantic segmentation techniques to ex-
tract building footprints from remote sensing imagery. We
use a custom dataset called Brazilian Army Geographic
Service Building Dataset to train several neural network
architectures such as U-Net and FPN, combined with the
following backbones: EfficientNet-B0, EfficientNet-B1, SE-
ResNeXt-101 and ResNet-152. To train the mentioned struc-
tures, a framework based on Keras and Tensorflow called
segmentation_models_trainer (https://github.com/
phborba/segmentation_models_trainer) was
used. Transfer Learning from ImageNet weights were used,
as well as data augmentation on training images.

Index Terms— Deep Learning, Semantic Segmentation,
Building Footprint Extraction, Remote Sensing, Cartography

1. INTRODUCTION

Information extraction is an essential task in Remote Sensing
and has been an active research area for years [1]. Notably,
for applied remote sensing such as cartography, one crucial
task is to extract building geometries automatically.

With the recent advances in Computer Sciences, partic-
ularly in Artificial Intelligence (Al), several new techniques
have emerged to extract information from satellite imagery.
One particular set of techniques is Semantic Segmentation
(SS) [2, 3, 4] and it can be used to extract building footprints
from imagery [5, 6, 7, 8, 9, 10, 11].

This paper will focus only on building footprint extrac-
tion techniques by studying the existing SS methods. We will
delineate our experiments parameters in section 2, showcase

the results in section 3 and we will draw the conclusions and
suggest further research in section 4.

2. PROPOSED SOLUTION

In this research, we will test several backbones on some of the
architectures available, chosen after reviewing [12, 13]. We
chose the ResNet-152 [14], EfficientNet-B0, EfficientNet-B1
[15, 16] and SE-ResNeXt-101 [17] because of their size and,
to the best of our knowledge, the lack of studies in Remote
Sensing journals testing them. The chosen architectures in
this research that will be combined with the above mentioned
backbones are: Unet [18] and FPN [19].

From the chosen backbones and architectures, we carried
out some experiments with the following combinations:

1. U-Net + EfficientNet-BO
2. U-Net + EfficientNet-B1
3. U-Net + SE-ResNeXt-101
4. FPN + ResNet-152

5. FPN + SE-ResNeXt-101

The current research will use Tensorflow and Keras to im-
plement and train models written in Python. Furthermore,
the segmentation models used in this research were imple-
mented in the python package segmentation_models [20]. To
carry out the training experiments we implemented a frame-
work called segmentation_models_trainer [21], available in
Python’s pip package manager ! and on GitHub 2.

We carried out the experiments for 100 epochs, we used
transfer learning [22] from ImageNet weights to achieve

https://pypi.org/project/segmentation-models-trainer/

2https://github.com/phborba/segmentation_models_
trainer
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faster convergence, the used batch size was 64, and the cho-
sen optimizer was Adam [23], with a learning rate of 0.0001
and the selected activation was the sigmoid.

The dataset used in the experiments was the Brazilian
Army Geographic Service Building Dataset, built by the 1st
Geoinformation Center, military organization subordinated
to the Brazilian Army Geographic Service. It has more than
one million and six hundred thousand building footprints
extracted from airborne photogrammetric imagery of the
Brazilian states of Rio Grande do Sul (spatial resolution of
35cm) and Santa Catarina (spatial resolution of 39cm). Fig-
ure 1 shows the spatial distribution of the imagery and figure
2 shows an example of the imagery and the extracted data.
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Fig. 1: Spatial distribution of the image dataset.
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This dataset has not only urban scenes, but it has a large
number of rural areas, one aspect that lacks in the already
available datasets. We divided the dataset in the following
proportion: 60% for training steps, 20% for test steps, and the
remaining 20% for validation steps, all of which do not have
spatial overlap.

Fig. 2: Example of image (a) and extracted building footprint
overlayed on the image (b)

To improve training accuracy [24], we augmented the
dataset using random crop, random flips, random brightness,
random contrast, random saturation and per image standard-
ization. We built the training masks using a QGIS plugin
called DeepLearningTools [25].

Furthermore, the chosen metrics for this research are
mean intersection over union (mloU), recall (R), precision
(P) and F1 Score which are described by, respectively, 1, 2, 3

| 4

and 4.
mioV = LY AT O
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R= TPIji—PFN ®)
FL=2x i ig 4)

where m is the number of expected classes, A4 is the set of
predictions and Ay, is the set of Ground Truth, TP, TN, FP
and FN are, respectively, the true positives, the true negatives,
the false positives and the false negatives.

This research’s chosen loss function is the binary cross-
entropy dice loss (BCE Dice), which is the sum of the binary
cross-entropy and the dice loss, which can be seen in 5.

1
LpcE pice = N ng log s7 +1
I (5)
22 im1 D1 9555

YN S e+ 2N T (s6)2

where N is the number of pixels, g{ is the binary indicator
whether the class label c is correctly classified for pixel ¢ and
s¢ is the corresponding predicted probability.

We carried out each training in a server with 2 Xeon Pro-
cessors, each with 16 threads, 128Gb of RAM, a 2 TB SSD
HD for data storage and 3 NVIDIA Tesla V-100 GPUs, each
with 32 Gb of RAM.

3. RESULTS

We carried out the experiments with the parameter described
in the previous section. The evaluation metrics of the exper-
iments calculated using the validation dataset can be seen on
table 1.

Architecture Backbone ToU | Precision | Recall I3
U-Net SE-ResNeXt-101 | 0.451 0.518 0.774 | 0.621
FPN ResNet-152 0.436 0.509 0.752 | 0.606
FPN SE-ResNext-101 | 0.426 0.506 0.729 | 0.595
U-Net EfficientNet-B1 | 0.413 0.489 0.728 | 0.588
U-Net EfficientNet-BO | 0.272 0.366 0.513 | 0.427

Table 1: Evaluation metrics calculated on the validation
dataset of each experiment.

From the results shown on table 1, we can conclude that
the combination of backbone and architecture that achieved
best evaluation metrics on our experiments was the U-Net
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with SE-ResNeXt-101 with an IoU of 0.451, precision of
0.518, recall of 0.774 and F} score of 0.621. Some visual
inference results can be seen on figures 3, 4 and 5.

Ground Truth

Predicted

Ground Truth Predicted

Ground Truth Predicted

Fig. 3: Experiment results of the U-Net with SE-ResNeXt-
101 backbone on urban and rural samples.

By analyzing 3, we can perceive that there is still room
for improvement in the building footprints’ edges. Likewise,
the neural network still misses some small objects, such as the
example shown in figure 4, as well as some boundary issues
and small artifact that are not buildings like shown in figure
5.

Image Ground Truth Predicted

Fig. 4: Experiment results of missed predictions of the U-Net
with SE-ResNeXt-101 backbone.

Ground Truth Predicted

Fig. 5: Predictions with improper artifacts using the U-Net
with SE-ResNeXt-101 backbone.
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4. CONCLUSION

This paper has presented deep learning neural network tech-
niques applied to Semantic Segmentation tasks to extract
building footprints, trained using the Brazilian Army Geo-
graphic Service Building Dataset. It presented in section 2
the chosen architectures, backbones, technologies, dataset,
evaluation metrics, loss function, optimizer, data augmenta-
tion, and hardware used to conduct experiments.

From the presented results on section 3, the best combi-
nation of architecture and backbone was the U-Net with SE-
ResNeXt-101, achieving IoU of 0.451, precision of 0.518, re-
call of 0.774 and F; score of 0.621. We also concluded that
there was still room for improvement in each metric by train-
ing for more epochs, since there are still building footprint
edges issues and misidentified and missing small objects.

We suggest future research on other combination of archi-
tectures such as Fully Convolutional Networks (FCN) [26],
PSPNet [27] and DeepLabV3+ [28]. We also suggest tests
using other backbones, such as other EfficientNets [15, 16]
and ResNeSt [29] backbones, as well as tests using Test Time
Augmentation (TTA) and Attention Mechanisms to further
improve the results and other train/test/validation splits.
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5.2 Discussao do Artigo de Aplicagcoes

A subsecédo 5.1 apresentou o artigo com alguns experimentos realizados a luz da
pesquisa realizada no artigo apresentado na subsecdo 4.1. Borba et al. (2021b) re-
alizaram experimentos com as seguintes combinagdes de arquiteturas e backbones:
U-Net + EfficientNet-B0O, U-Net + EfficientNet-B1, U-Net + SE-ResNeXt-101, FPN +
ResNet-152, FPN + SE-ResNeXt-101.

Nao obstante, para realizar os experimentos supramencionados, foi desenvolvido
um framework baseado em Tensorflow e Keras e na biblioteca segmentation_models
denominado segmentation_models_trainer (BORBA, 2020b), disponivel no gerencia-
dor de pacotes pip! do Python e no repositério do GitHub?. Durante a pesquisa reali-
zada para o artigo em questao, também foi desenvolvido um complemento (plugin) para
o QGIS (QGIS Development Team, 2009) denominado DeeplLearningTools (BORBA,
2020a), disponivel no repositério® de complementos do QGIS e no GitHub?.

Além disso, também foi construido o conjunto de dados denominado Brazilian Army
Geographic Service Buildings dataset, construido com imagens cedidas pela Secreta-
ria de Planejamento, Orcamento e Gestao do Rio Grande do Sul (SEPLAG/RS) e pela
Secretaria Executiva do Meio Ambiente de Santa Catarina (SEMA/SC), e com dados
vetoriais produzidos pelo 1° Centro de Geoinformacéo. A autorizagao de uso dos re-
feridos dados nessa pesquisa foi dada pela Diretoria de Servigo Geografico (DSG),
cujos documentos comprobatorios da solicitagéo de autorizagao para uso dos dados e
o termo de compromisso do uso dos dados encontram-se respectivamente nos anexos
B e C. Ao final da pesquisa, o conjunto de dados estara disponivel online®.

Outrossim, os primeiros experimentos utilizando backbones da familia EfficientNet
e os testes posteriores supramencionados permitiram que se chegasse a conclusdes
como: tais componentes sdo excelentes para situacdes em que o uso de memoria
€ relevante, contudo, caso ndo se congele os pesos das operagdes de Batch Nor-
malization quando o treinamento esta sendo feito a partir de uma rede pré-treinada,
dependendo do conjunto de dados utilizado, pode-se obter resultados ndo adequados
ou até mesmo divergir o algoritmo.

Alias, tal fendbmeno pode explicar em partes o desempenho pior de tais estruturas
no estudo em questao, visto que os experimentos que contemplavam a EfficientNet-
BO e a EfficientNet-B1 apresentaram os piores resultados em todas as métricas e nao
houve o cuidado de congelar os pesos das estruturas supracitadas, dado que na época

"https://pypi.org/project/segmentation-models-trainer/
2https://github.com/phborba/segmentation_models_trainer
3https://plugins.qgis.org/plugins/DeeplLearningTools/
“https://github.com/phborba/DeepLearningTools
Shttps://dsgoficial.github.io/brazilian_army_geographic_service_buildings_dataset/
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dos experimentos nao se sabia desse fato. Outro motivo que pode explicar tais resul-
tados € que os backbones ResNet-152 e SE-ResNeXt-101 possuem um numero bem
maior de parametros, o que propicia que a rede aprenda mais padroes nas camadas
mais profundas.

Além disso, a SE-ResNeXt-101 utiliza o mecanismo de atengao squeeze and ex-
citation (HU et al., 2020), que permite que o backbone aprenda mais detalhes, per-
mitindo, dessa forma, que a rede tenha um desempenho melhor, a um custo de um
uso elevado de memoria. Todavia, ao se comparar os resultados das combinacdes
SE-ResNeXt-101+U-Net e ResNet-152+FPN, percebe-se valores préximos em todas
as métricas escolhidas: SE-ResNeXt-101+U-Net atingiu 0,451 de loU, 0,518 de Pre-
cision, 0,774 de Recall e 0,621 de indice F1, enquanto a ResNet-152+FPN marcou
0,436 de loU, 0,509 de Precision, 0,752 de Recall e 0,601 de indice F1.

Adicionalmente, o estudo em questdo apontou muitas omissdes, implicando em
baixas métricas loU e Precision. Para mais, observou-se visualmente a ocorréncia
de vaérios artefatos nas mascaras segmentadas. Além disto, nas conclusdes do se-
gundo artigo foi sugerido o uso de outras arquiteturas, como PSPNet e DeepLabV3+
(CHEN et al., 2018), de outros backbones como ResNeSt e outras EfficientNets. Por
fim, também foi sugerido o emprego de outras técnicas de treinamento, como Test
Time Augmentation (TTA), de outros mecanismos de ateng&o e treinamento por mais
épocas.
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6 Resultados

Diante dos resultados parciais até o momento da pesquisa descrito na subsecgao
5.2, dos objetivos inicialmente propostos para a pesquisa, das ideias apresentadas no
capitulo 5 e conforme ilustrado na figura 4, a ideia era obter as mascaras de segmen-
tacao por meio de métodos semelhantes aos estudados até aquele momento, aplicar
algoritmos de poligonizagao nos rasters, como marching squares (LORENSEN; CLINE,
1987), obter os poligonos e, por fim, aplicar algoritmos de pds-processamento.

Um exemplo de pos-processamento € o método para retirada de excesso do al-
goritmo de Douglas-Rammer-Peucker (DOUGLAS; PEUCKER, 1973; RAMER, 1972).
Porém, um fato conhecido desse algoritmo é que, dependendo da escolha da toleran-
cia, ele pode ser bem agressivo na retirada dos vértices, como apontado por Girard et
al. (2021). Deseja-se encontrar um método, ou combinagao de métodos que nao retire
vértices em excesso e que respeite o formato das edificacdes, conforme ilustrado na
figura 5.

(a) (b)

Figura 5: Exemplo de generalizagao dos poligonos extraidos. Aimagem (a) representa
a saida raster da rede, enquanto a imagem (b) representa, em azul, os poligonos que
se deseja extrair.

Sendo assim, em sequéncia, durante o IGARSS 2020, os autores dessa pesquisa
puderam verificar alguns métodos que abordavam o mesmo tema de extragao de edifi-
cacgoes utilizando técnicas de Deep Learning. Em particular, um trabalho que chamou
a atencao foi a apresentacao de titulo "Regularized Building Segmentation by Frame
Field Learning”(GIRARD et al., 2020).

Com a leitura de Girard et al. (2020), pode-se encontrar os codigos da pesquisa no
repositério® do GitHub do autor. Descobriu-se também que existia um artigo de titulo

8https://github.com/Lydorn/Polygonization-by-Frame-Field-Learning
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"Polygonization by Frame Field” (GIRARD et al., 2021), aceito na Conferéncia sobre
Visdo Computacional e Reconhecimento de Padrbes 2021 (CVPR 2021), descreve
com detalhes a pesquisa sobre o Frame Field. Vale salientar ainda que foram feitos
varios contatos por e-mail com o Dr Girard, primeiro autor dos artigos em questao, nos
quais ele de maneira muito solicita retirou varias duvidas sobre as implementacdes
disponiveis.

Girard et al. (2021) propdem um método denominado Frame Field Learning, no qual
é treinada uma rede que aprende a realizar a segmentagao dos poligonos, das bor-
das das edificacdes e de um campo vetorial complexo, denominado Frame Field, que
€ utilizado num método de pds-processamento, proposto pelos autores, denominado
Active Skeletonize Method (ASM).

Tal técnica visa obter poligonos com angulos préximos de 90 graus, segmentos sem
serrilhados e visa garantir adjacéncias, o que é um diferencial com relagdo aos outros
métodos estudados até entdo. O treinamento é feito por meio de funcédo de perda
composta, a qual € a combinacéo linear de 8 fungdes distintas que controlam diferentes
aspectos do formato dos poligonos resultantes. O melhor resultado apresentado por
Girard et al. (2021) foi um método em que uma ResNet-101 é combinada a uma U-Net,
enquanto o Frame Field é acoplado ao decoder da U-Net.

O trabalho de Girard et al. (2021) motivou uma pesquisa detalhada sobre métodos
"end-to-end” para obtencao dos poligonos, ou seja, métodos que recebem imagens e
extraem as estruturas desejadas no formato vetorial utilizando Deep Learning. Dessa
busca, foi dado o inicio a pesquisa para o terceiro artigo.

Portanto, o capitulo atual aborda a nova pesquisa bibliografica motivada pelos fa-
tos supracitados, os métodos escolhidos para os experimentos e os resultados dos
mesmos. O presente capitulo é organizado da seguinte maneira:

* A subsecgdo 6.1 apresenta o artigo com os resultados da pesquisa, de titulo
”Building Polygon Extraction from Very High-Resolution Remote Sensing Images
using Deep Learning Methods: A meta-analysis with an experimental approach”,
a ser submetido ao ISPRS Journal of Photogrammetry and Remote Sensing;

* A subsecédo 6.2 fornece uma discusséao e informagdes complementares dos re-
sultados do artigo; e

* A subsecado 6.3 prové uma analise complementar dos resultados do artigo da
subsecao 6.1, a luz das normas do SCN.
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6.1 Artigo com os Resultados da Pesquisa

Building Polygon Extraction from Very High-Resolution Remote
Sensing Images using Deep Learning Methods: A meta-analysis with
an experimental approach

Philipe Borba??*, Edilson de Souza Bias®, Nilton Correia da Silva®

%Brazilian Army Geographic Service (DSG), Quartel General do Ezército, Bloco F, 1° Andar, Setor Militar
Urbano, Brasilia-DF. ZIP Code 70630-901
bGeosciences Institute of the University of Brasilia (UnB), Campus Universitdrio Darcy Ribeiro, Brasilia-DF,
Brazil. ZIP Code 70919-970
¢ University of Brastlia, Campus Gama, Setor Leste (Gama), Brasilia-DF, Brazil. ZIP Code 72444-240

Abstract

Building footprint extraction is an important and active research field in Geosciences. This field of
study covers many problems such as polygon extraction, height estimation, digital terrain model
(DTM) extraction, point cloud classification, 3D building reconstruction, building detection, dam-
age recognition, and change detection. With the recent advances in deep learning methods, many
research papers that cover building footprint extraction using deep learning methods have been
published in the last five years. In this paper, we perform a meta-analysis to study building foot-
print extraction in vector format using deep learning techniques. We identify the main research
problems, most popular backbones, most used architectures, and the main methods of extracting
the polygons of buildings. After the literature review, we test some techniques and propose a new
method: HRNet OCR W48 Frame Field. We also propose a new building footprint extraction
dataset called Brazilian Army Geographic Service (BAGS) Building Footprint Dataset.

Keywords: Meta-Analysis, Remote Sensing, Deep Learning, Semantic Segmentation, HRNet,

Building Footprint Extraction, Vector Polygon Output
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1. Introduction

DEM Extraction, 3D Modelling, Stereo Matching, and Building footprint extraction are classical
problems from geosciences. Several studies from the early days of digital photogrammetry tackle
these research topics, such as [1, 2, 3, 4, 5, 6, 7]. With the recent advances in the computational
power of current computers and the latest development of Deep Learning (DL) techniques, many
Remote Sensing (RS) research fields have greatly benefited from these computer vision break-
throughs. One particular research topic that has greatly benefited from the advances on DL is
building footprint extraction.

Moreover, cutting-edge groundwork on extracting buildings from RS imagery often applies DL
methods like seen on [8, 9, 10, 11, 12, 13, 14, 15]. Other examples of such techniques are studies like
area monitoring using change detection methods [16, 17, 18] and post-disaster damage recognition
[19, 20, 21, 22, 23].

Several recent review papers in remote sensing include assorted in-depth aspects of many ap-
plications of Deep Learning methods. [24] briefly explain what DL is, its basic building blocks,
identify the most relevant journals that cover the topic, and conclude that the most popular theme
from 2015-2018 is urban-related topics. [25, 26] provide a two-part, well-explained, and thorough
review that provides, among other information, basic concepts of DL, the main architectures of
semantic segmentation and object detection, the most popular methods, the used sensors, and the
available datasets.

In addition, [27] provide a meta-analysis of semantic segmentation papers on urban environ-
ments. They cover architectures, study targets, data sources (datasets), data preparation like data
augmentation and pre-processing steps, frameworks, optimizers, loss functions, evaluation metrics.
Also, they identify some intriguing facts about the surveyed papers, as the appearance of salt-and-
pepper noise and the insufficient training of some experiments. Besides, they point out problems
like boundary pixel classification, class imbalance, and domain-shift. They also provide an annex
with a table covering each paper analyzed, listing aspects like the area of each study, the dataset,
the model used, framework, evaluation metric, and the highest value obtained.

Even though the previously mentioned review papers cover several trending relevant topics, they
do not focus exclusively on building footprint extraction. Those that glance at this topic do not
mention aspects like code availability, the usage of attention mechanisms, post-processing methods,

and data output types.
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In the topic of data output types, remote sensing applications, in general, often extract informa-
tion as raster and perform all evaluation and data extraction in this format. However, several ap-
plications need geoinformation in vector format. For instance, vector data can be used to elaborate
topographic charts [28, 29, 30], perform cartographic generalization [31], solve routing problems,
perform spatial analysis and serve data in OGC web services such as WFS and WFS-T.

Likewise, GIS data can also be produced as volunteered geographic information (VGI) [32]. One
example of such data production is the Open Street Maps (OSM)!, which according to [33], has
more than 5 million users from different parts of the world that collectively gather data to map
the world. [33] surveys several deep learning-based techniques employed in OSM related tasks like
label extraction [34], overpass extraction [35], quality control [36, 37] and vandalism detection [38].

On top of that, several private companies contribute to OSM by producing data, like Meta
(formerly known as Facebook) that used weakly and semi-supervised learning to extract roads for
OSM [39], and Google that extracted building footprints in the African continent [40]. However,
the interest in data extraction in vector format is not restricted to private parties, since government
agencies often produce geospatial data in vector format, like the USGS [41] and the Brazilian Army
Geographic Service [29, 30].

Furthermore, considering the relevance of the topic of building footprint extraction and the need

of studying information in vector format, the main contributions of this research are:

e We analyze the papers from the following perspectives: number of citations, input and out-
put types, frameworks, code availability, datasets, chosen architectures and backbones, and

evaluation metrics;

e We provide a focused analysis on methods that provides vector features as final outputs and

compare them based on what has been published so far;

o We present a novel dataset of airborne RGB orthoimages to train building footprint extraction
neural networks named Brazilian Army Geographic Service Building Dataset (BAGS Building
Dataset);

e We present a new Frame Field polygonization [42] based method named HRNet OCR W48
Frame Field;

Lhttps://www.openstreetmap.org/
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60 e We conduct experiments to compare some of the surveyed vector extracting methods on the

meta-analysis to the proposed method and present the results;

e We present an open-source framework called pytorch_segmentation_models_trainer [43] that
implements all the proposed experiments. Their results are fully reproducible since the trained

neural network weights are available on the mentioned tool’s GitHub repository?;

6 o We provide further conclusions based on the meta-analysis and our experiments;

We organized our work in the following manner: Section 2 presents our meta-analysis. Section
3 displays the papers explicitly related to polygon building extraction. Moreover, in section 4, we
introduce the Brazilian Army Geographic Service Building Dataset and show all our experimental
settings. In addition, we display the results of the experiments in section 5, and finally, in section

w6, we provide the conclusions of the current study.

2. Meta-Analysis in Remote Sensing

We adopted the methodology described in figure 1 to perform our meta-analysis. We searched
the Web of Science index from 2018 until 2021, with the search keywords ”building extraction”, fil-
tering only by Remote Sensing publications, excluding review and conference papers, and including

s papers only from relevant publishers.

1-Define the 2-Perform search in Web of 3-Filter search 4- For each selected
search Science using the defined > results by paper, extract general  |<—
Start parameters parameters problem type information

5-For each
selected paper,
extract further

information

Does the paper
present a method to
extract polygons in
vector format?

Is the paper
about extracting the
format of the
buildings?

@47 6-Select one or lves.
more methods
End

No No

' '

Remove the paper from
the analysis and -
continue

Remove paper from the
analysis and continue.

Figure 1: General method of the meta-analysis.

2https://github.com/phborba/pytorch_segmentation_models_trainer
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This meta-analysis section is organized as follows:

e We list the main ideas like the identified research problems and their distribution, the main
techniques, the often-used datasets, the most cited papers and the code availability in sub-

section 2.1;

e We analyze only building footprint extraction related papers, pointing out the most used

architectures and backbones, the used frameworks, and the output types in subsection 2.2;

e Finally, we analyze only building footprint extraction with vector output in subsection 2.3.

2.1. Main ideas

After applying the filters previously described, we selected 99 papers to analyze. We identi-
fied the following research problems: Building Footprint Extraction, Change Detection, Damage
Recognition, Building Detection, 3D Building Reconstruction, Point Cloud Classification, DTM
extraction and Height Estimation. Figure 2 shows the distribution of the papers in the mentioned

research problems, where table 1 shows the list of each paper grouped by research problem.

‘Height Estimation (1)‘

‘ DTM Extraction (1) ‘

‘Point Cloud Classification (2)‘

Building Footprint Extraction (70)|

‘BD Building Reconstruction (5)|

Building Detection* (6)

x‘ Damage Recognition (7)‘

| Change Detection (7)]

Figure 2: Problem distribution. The majority of the reviewed papers relate to Building Footprint Extraction.

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900

54



90

95

| 4

Table 1: Surveyed papers grouped by problem area. The Building Detection highlighted in the table bellow considers

the building object detection problems, as well as rooftop type classification.

Problem Citation Number of Papers

Building Footprint Extraction [44, 45, 46, 47, 48, 49, 50, 51, 8, 70
52, 12, 53, 54, 55, 56, 57, 58, 59,
60, 61, 62, 63, 64, 65, 66, 67, 68,
69, 10, 70, 71, 72, 9, 73, 74, 75,
13, 76, 77, 78, 79, 80, 81, 82, 83,
84, 85, 86, 87, 88, 89, 15, 90, 91,
92, 11, 93, 94, 95, 96, 97, 98, 99,
100, 101, 102, 103, 14, 104, 105]

Change Detection [106, 107, 17, 108, 109, 18, 16] 7
Damage Recognition [20, 110, 22, 111, 19, 112, 21] 7
Building Detection™* [113, 114, 115, 116, 117, 118] 6
3D Building Reconstruction [119, 120, 121, 122, 123] 5
Point Cloud Classification [124, 125] 2
DTM extraction [126] 1
Height Estimation [127] 1

Then, we analyzed the selected papers regarding the type of technique employed. We grouped

them into 6 categories described bellow:

e Semantic Segmentation using CNNs: techniques that use only convolutional neural networks
to extract feature masks. This method does not identify adjacent buildings as individual

objects, and it amalgamates adjoining objects into one;

e GAN: techniques that employ Generative Adversarial Networks [128] to generate the segmen-

tation maps;

e Super Resolution Semantic Segmentation: techniques that employ super-resolution to either

improve the results of the segmentation or as a pre-processing step prior to segmentation;

e Instance Segmentation using CNNs: similar to Semantic Segmentation, this technique is
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based on convolutional neural networks. This method is often combined with object detection
100 methods to individualize the pixels of each building before segmenting. This method has a
disadvantage: it is possible to generate gaps and overlaps in adjacent features when the raster

data is transformed to vector since the method extracts each object individually;

e LSTM: techniques that use Long Short Term Memory (LSTM), a structure often used in
Recursive Neural Networks (RNNs);

105 e Semantic Segmentation using CNNs and LSTM: techniques that combine semantic segmen-

tation and LSTM to extract the geometry of buildings.

Table 2 groups the surveyed papers into the categories in question and reveals that the most

popular technique in this meta-analysis is Semantic Segmentation using CNNs.

Table 2: Building footprint extraction papers grouped by type of technique.

Technique Papers Number of Papers

Semantic Segmentation using CNNs [11, 44, 46, 86, 90, 69, 103, 58
64, 50, 8, 57, 53, 58, 60, 56,
54, 66, 91, 15, 68, 85, 84,
70, 96, 89, 48, 45, 14, 61,
95, 76, 79, 10, 83, 92, 75,
98, 87, 59, 105, 78, 12, 63,
62, 49, 104, 88, 72, 9, 13,
71, 100, 47, 80, 77, 51, 99,

81]
GAN [102, 65, 94, 74, 52] 5
Super Resolution Semantic Segmentation [82, 67, 55] 3
Instance Segmentation using CNNs [73, 93] 2
LSTM [101] 1
Semantic Segmentation using CNNs and LSTM  [97] 1

Next, we surveyed the ten most cited papers. From the top 10, 9 are Building Footprint
uo  Extraction problems. Only [76] belongs to the category Damage Recognition. This fact, combined
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with the problem with most papers shown in figure 2, shows that Building Footprint Extraction is

the trending topic in the surveyed papers.

Table 3: 10 most cited papers of the search Building Extraction, from 2018-2021. In the top 10, only [76] proposes

a different problem, Damage Recognition. All other 9 cover Building Footprint Extraction.

Reference

Number of Citations

[88]
(8]
[64]
[9]
10
[11
(6
[7
2
il

=)

B N N =R =)

2

145
123
54
48
45
44
43
41
35

33
0 50 100 150

Furthermore, we analyzed the chosen frameworks of each paper. The most popular framework

is PyTorch [129], followed by Tensorflow and Keras with Tensorflow [130]. We considered categories

with Tensorflow, other with Keras with Tensorflow, and another with only Keras because the first

versions of Tensorflow did not integrate with Keras. In the early days, Tensorflow and Keras were

different frameworks. From this analysis, we can perceive that 22 papers do not provide information

regarding which framework was used. Figure 3 shows the framework distribution. Table 16 in annex

A describes which papers use each listed framework.

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA

Instituto de Geociéncias - Campus Universitario Darcy Ribeiro

Brasilia, DF - CEP 70910-900

57



Number of papers per framework

PyTorch 28

no info

Tensorflow

Keras with Tensorflow
Keras

Caffe

Matlab

MXNet

LISA + SURFSara
ENVI with Tensorflow

22

Framework

0 5 10 15 20 25

Number of papers

Figure 3: Frameworks.

120 The final analysis considering the 99 papers concerns the code availability. We considered the
paper’s code available if it provided a link to an external source with the code to replicate the
experiment. This analysis excluded papers that only provided helper codes like pre-processing
routines but not the neural network models. We also excluded papers that provided repository
links with no code. Of all surveyed papers, only 13 have code available online, which points to

125 the possibility that not all the authors of the considered researches may be adept at open science,
and some of them may not be on board with producing reproducible research. Figure 4 shows this

result and the links for each available code can be seen in table 17 in the annex.
B Code IS NOT available I Code IS available

Code Availability 86 13

Figure 4: Number of papers with code available. We considered the paper’s code available if it provided a link to an
external source with the code to replicate the experiment. We excluded from this count papers that only provided
helper codes like pre-processing routines, but not the neural network models. We also excluded papers that provided

repository links with no code.
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2.2. Building Footprint Extraction Papers Analysis

Next, we considered only the 70 building footprint papers listed in table 1. We analyzed each
130 research and identified which datasets they chose for their study and presented the results in figure
5. It is worth mentioning that the surveyed papers can choose more than one dataset in their

methodology, so the sum of occurrences in figure 5 does not add to the total of considered papers.

Number of appearances of a single dataset on the surveyed papers

WHU Aerial Building Dataset
Custom

Massachusetts Buildings Dataset
INRIA Aerial Image Labeling Dataset
ISPRS Potsdam

ISPRS Vaihingen

DREAM-B

SpaceNet Building Dataset

AIRS Dataset

DB UAV Rural Building Dataset
CrowdAl

DataPlus Dataset

Urban 3-D Challenge Dataset
AISD Dataset

Open Cities Dataset

Dataset

0 5 10 15 20
Number of appearances

Figure 5: Datasets.

Figure 5 shows that the most popular dataset is WHU Aerial Building Dataset [131], followed

by several custom datasets that we grouped into one single category, named Custom, then by

s Massachusetts Buildings dataset [132], INRIA Aerial Labeling dataset [133], ISPRS Potsdam and
Vaihingen [134, 135]. Except for WHU Aerial Building Dataset, all mentioned only provide raster
masks, making research with vector output more difficult. Examples of datasets that provide the
vector as well are SpaceNet Building Dataset [136, 137], CrowdAI [138], and Open Cities Dataset
[139]. Table 15 in annex A details each dataset and the papers that use them. For more information

1o about the specs of each dataset, we recommend [27], which built a thorough list of datasets and
their specs.

In sequence, we analyzed the types of inputs used in these papers. Figure 6 shows that the
majority of papers consider only RGB inputs. It is worth to point out that LiDAR data is used
in [64, 70, 100, 96], while near-infrared data in [64, 86, 101], Digital Surface Model (DSM) and/or

1s  normalized Digital Surface Model (nDSM) in [88, 76, 126, 123, 122, 86, 72, 87, 62], and finally

10
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Normalized Difference Vegetation Index (NDVI) in [88, 62]. This result shows that not many

building footprint extraction researches use imagery different from RGB.

Input Types used on the surveyed papers

RGB 59

RGB, LiDAR Hl 2
RGB,NIR
RGB, nDSM, tDSM, TrueDOP, DFK
RGB, nDSM, PAN
RGB, nDSM, NDVI
RGB, NIR, DSM
RGB, NDVI, nDSM
RGB, LiDAR, NIR
RGB + DSM
LiDAR, RGB, DTM

S W G G W W
Inputs

(I) lb 2‘0 3’0 4‘0 5‘0 6‘0
Number of papers

Figure 6: Building footprint extraction papers grouped by input types.

With respect to the models, we analyzed which backbones and architectures the surveyed papers
chose. Table 4 groups the architectures that were combined more than once to some backbone. The
result of the analysis shows that the most popular architecture is the U-Net [140], followed by CNN
based and custom architectures. Other architectures worth commenting are the Feature Pyramid
Network (FPN) [141], SegNet [142] and DeepLabV3+ [143]. Moreover, table 4 also show the popu-
larity of ResNet based backbones, as well as some variations like Xception [144], InceptionV3 [145]
and ResNeXt-50 [146]. The complete analysis, where we listed which papers use each architecture

group and backbone is available in table 18 in the annex.

11
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Table 4: Architecture groups associated more than once to some particular backbone. The detailed version of this

table can be found in table 18 in the annex.

Architecture Group Backbone

Number of Papers

U-Net based

CNN based

Custom

FPN based
FCN based
SegNet
MAP-Net
DeepLabV3+
DenseNet

VGG, Custom, Siamese, Custom, no info,
Xception, ResNet-34, NASNet-Mobile, Cus-
tom (ESPC module), NASNet, classical from
original papers, VGG-16, ResNet

Custom, RetinaNet, InceptionV3, MobileNet,
ResNet-101, classical from original papers
Custom, VGG-19 and SegNet, Modified
DarkNet-53, VGG-16, ResNet-50
ResNet-101, Custom, ResNet-50, ResNeXt-50
Custom, VGG-19, Custom VGG-16

Custom, VGG-16

Custom, MAP-Net based, Custom
ResNet-101, Xception

Custom

24

NN N W ot

Finally, we analyzed the output types of the selected papers. From the 70 papers, 63 deal only

with raster segmentation, two deal with both raster and vector, and 5 study vector output. Figure

7 shows the mentioned results. From this analysis, we selected these seven papers and analyzed

them in depth in section 2.3.

Output Type

12

[ Raster Bl Raster, Vector [ Vector

Figure 7: Building footprint extraction papers grouped by output types.
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2.8. Building Footprint Extraction Papers With Vector Output Analysis

After analyzing the distribution of output types in the building footprint extraction papers in

section 2.2, we selected them for further investigation. Table 5 shows the selected papers details.

Table 5: Building footprint extraction papers with vector output.

Paper Input Dataset Architecture  Backbone Loss Data Augmentation Evaluation Metrics
Type
[69] RGB SpaceNet  U-Net classical Binary Cross random rotation, ran- IoU, Precision, Re-
from Entropy Loss dom scale call, F1 Score
original
papers
[84]  RGB INRIA, MFCNN Custom Joint loss (cross random crop, random Overall Accuracy,
Mas- (U-Net entropy loss, rotation, random noise Precision, Recall,
sachusetts based, with dice loss) F1 Score, IoU
Buildings  Pyramid
Aggregation
Unit)
[78]  RGB AIRS PSPNet ResNet- Cross En-  no info ToU, VertexF, Vert-
50 tropy Loss, exP, VertexR
Bi-projection
loss,  Relative
shape loss
[96] RGB, Custom U-Net no info Weighted ~ Bi- no info Overall  Accuracy,
LiDAR nary Cross Precision, Recall,
Entropy Loss F1 Score, IoU
[86] RGB, ISPRS SegNet VGG-16  no info random scale, random Overall ~Accuracy,
NIR, Potsdam rotation, random flip Precision, Recall,
DSM F1 Score, IoU,
mloU
971 RGB CrowdAI, FPN ResNet- Cross Entropy no info PoLiS, IoU, Aver-
Open 101 Loss,  Smooth age Precision
Cities L1 Loss
[103] RGB Custom DeepLabV3+ ResNet- Joint loss (cross random flip, random Precision, Recall,
101 entropy loss, color F1 Score, IoU

dice loss)

Then, from the analysis of 5, we draw an immediate conclusion: most papers used evaluation
metrics like IoU, Precision, Recall, and F1-score. We analyzed each individually, and all evaluated
the raster output, except [78], which evaluated the IoU in the vector output and also used metrics

like Vertex Fl-score (VertexF), Vertex Precision (VertexP), and Vertex Recall (VertexR). Another

13
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exception is [97], which computes IoU and Average Precision by rasterizing their vector output.
They also compute a different metric, called Polygon and Line Segments (PoLiS), defined by [147].

Thus, another immediately perceived aspect is that most use a similar set of data augmentation
techniques, like random rotation, random scale, and random flip. In particular, [103] also use
random color data augmentation, [84] use random noise in their training, and [78, 96, 97] provide
no info on the usage of the technique in question.

Moreover, from the selected papers, only [96, 86] use inputs other than RGB, like LiDAR, NIR,
and DSM. For instance, [86] used RGB, NIR, and DSM data from an unmanned aerial vehicle
(UAV) to train a SegNet with a VGG-16 backbone. They also compared their proposed method
to ISPRS Potsdam data. They did not inform which loss function they chose, but they described
using data augmentation. They obtained their best results when using RGB and DSM data as
training inputs.

Furthermore, [96] use RGB and LiDAR data to train a U-Net with their custom dataset, built
with imagery from a neighborhood of Warsaw, the Polish capital and data downloaded from the
geoportal® of the Head Office of Geodesy and Cartography, the Polish National Mapping Agency.
Their images have a spatial resolution of 0.1 m, and their LIDAR data have a density of 12 points
per m2. They trained their neural network using the weighted binary cross-entropy loss, and
they did not tell whether they used data augmentation or mention which backbone they used.
They processed the output raster masks to extract polygon contours, which were post-processed
using a Douglas-Peucker simplification algorithm [148] to remove extra vertexes, but they do not
say which parameter they used in this post-processing step. They discussed their results on the
raster segmentation data, showing their overall accuracy, precision, recall, F1-score, and Per-object
IoU mean. [96] also compared the average shift of the output post-processed polygons to the
ground truth, but they did not tell how they measured this shift: average vertex shift or geometry
displacement.

Like [96], only [84, 103] also proposed post-processing methods to extract their polygons. [84]
proposed the usage of Morphological filtering algorithms for building outline optimization. [103]
suggested the use of Morphological opening prior to polygonization using contours. Then, they

used Douglas-Peucker simplification, pixel to geographic coordinate transform, polygon merging,

Shttps://mapy.geoportal.gov.pl/imap/Imgp_2.html
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and, finally, area increase to compensate for the effects of the morphological opening.

Besides, all other papers [69, 84, 78, 97, 103] used only RGB as their input data. Among
these papers, it is worth mentioning some of their choices on architecture and backbones. [69, 84]
trained U-Net based networks, where [84] proposed a custom U-Net, with a Pyramid Aggregation
Unit called MFCNN. [78] proposed using a PSPNet with a ResNet-50 backbone, combined with
a PointCNN branch to extract polygons. Additionally, [97] proposed a method that uses an FPN
object detection network with a ResNet-101 as the backbone and a PolygonRNN coupled with the
feature map output of the object detection localization branch. [103] trained a DeepLabV3+ with
a ResNet-101 backbone.

In addition, all papers that used only RGB used some cross-entropy loss, either as their only
loss, like [69], or as a part of a joint loss, like cross-entropy loss combined with the dice loss [84, 103].
In particular, [78] enforced in the modified PointNet branch of their method the cross-entropy loss
combined with a bi-projection loss and a relative shape loss.

From this analysis, methods that attracted our attention were [78, 97, since they propose end-to-
end methods that output polygons. Also, [84, 103] caught our eyes because of their post-processing
methods. However, we want to select methods that do not solemnly rely on Douglas-Peucker
simplification because this algorithm can be very vertex greedy and, depending on the chosen

tolerance, can cause deformities in the post-processed data.

3. Related Work with Polygon Output

In section 2, we surveyed papers from Remote Sensing journals, analyzed 99 papers, then nar-
rowed it down to 70 building footprint extraction studies. Then, from the 70 papers, we restricted
the search to 7 papers that extracted buildings in vector format. Moreover, in section 2.3, we
selected two methods: [78, 97], which presented end-to-end deep learning-based methods. In this
section, we will dive deeper into the details of these techniques, and we will conduct a brief review
in Computer Sciences papers that output polygons in vector format to find out more methods that
should be tested in the experimental section of this paper.

As we briefly explained in section 2.3, [78] proposes a method called PolygonCNN, a neural
network with the PSPNet architecture combined with a ResNet-101 backbone. It also combines

a modified PointNet, originally used in point cloud deep learning-based studies. This component

15
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receives the vertexes of the contours extracted from the PSPNet feature map binarized output and
tries to output the coordinate list of the built polygon.

In addition, to train their neural network, [78] propose two losses that measure the similarity
of polygons: the bi-projection loss and the relative shape loss. They compare their proposed losses
with a loss based on the Chamfer Distance (CD) [149], like used by [150, 151], as pointed out by
[78] in their paper. They compare their methods to the PolygonRNN [152], DARNet [153] and
show that their proposal outperforms the others in IoU, VertexF, and VertexR. Also, they test the
usage of the three losses previously mentioned and show that they achieved their best results when
using their novel shape loss.

However, this method expects a single polygon in the image input of the neural network, which
implies that the analyst using this method should crop the images so that each has one considered
polygon. Thus, this is a disadvantage in practical applications since the GIS analysts want to input
several images and extract the polygons without localizing them prior to the method.

Thus, the localization need described above is also found in some computer sciences methods,
like PolygonRNN [152], PolygonRNN++ [154], DARNet [153], Curve-GCN [155], and Conv-MPN
[156]. PolygonRNN, PolygonRNN++, Curve-GCN, and Conv-MPN have the localization problem
previously cited because they were conceived as part of semi-automatic annotation frameworks,
which has as prior the user selecting the bounding box of the object to be annotated in the image.

Additionally, PolygonRNN and PolygonRNN++ are Recursive Neural Network (RNN) based
methods, which receive a cropped image with a single object that is being segmented and outputs
a sequence that is converted to a list of pixel coordinates, which represent the segmented polygon.
This method can produce good results but is very memory-consuming, according to [78, 42, 97].

Similarly, Deep Active Ray Network (DARNet) is a model based on active contours and CNNs.
According to [153], their CNN predicts the feature maps, and then they compute the energy land-
scape to apply the active contours method iteratively. [153] point out that their method has
deficiencies when dealing with adjacent structures such as adjacent buildings.

Besides, Curve-GCN is a graph convolutional network (GCN) [157] based method that uses a
multi-layer GCN called Graph-ResNet, like [158, 159]. Since it processes one object at a time,
it does not consider neighbor objects or any topological structure. So, as the method does not
consider adjacencies, adjacent objects can have overlapping annotations.

Therefore, Conv-MPN is a Message Passing Neural [160] (MPN) based network named Convo-
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lutional Message Passing Network (Conv-MPN). It relies on a graph convolutional network [157]
to compute the vertexes of the polygon from the output of a Dilated Residual Network. According
to the authors, this method is memory-consuming and has some detection issues since some of the
polygons cannot be closed by Conv-MPN. Thus, this method is unsuitable for this research since
building footprint extraction methods must produce closed polygons.

Since all methods previously described rely on prior localization, we carried out further research
to find techniques that already performed the object localization. As a result of this search, we
found a method influenced by PolygonRNN called PolyMapper proposed by [161]. PolyMapper
[161] solves the deficiencies of PolygonRNN by coupling the PolygonRNN input to the output of
the RoiAlign operation of an object detection network, solving the localization problem described at
the beginning of this section. They use a VGG-16 as the backbone of the object detection module,
combined with an FPN. In their paper, [161] test their proposed technique in building footprint
extraction and road extraction problems. In particular, they outperform Mask R-CNN [162] and
PANet [163] methods on CrowdAlI dataset.

[97] proposed a method that is a variation of PolyMapper. In the context of this research, we
will call the method proposed by [97] ModPolyMapper. Instead of a VGG-16 as the backbone, Mod-
PolyMapper the ResNet-101. [97] trained their neural network proposal on Open Cities Dataset and
CrowdAT and claimed that their method outperforms the original PolyMapper, Deep snake [164],
and Mask R-CNN [162]. In their ablation studies, they also propose using attention mechanisms
like Global Context Blocks (GCB) [165], an attention block that is the combination of the Channel
Attention Block (CAB) [166] and the Spatial Attention Block (SAB) [167], and one of their pro-
posals: the Boundary Refinement Block (BRB). They show that these attention mechanisms can
improve the results of ModPolyMapper at marginal gains, which in our opinion may not justify the
memory increase trade-off. Since this method is based on an object detection model, each polygon
is processed independently, leading to occasional gaps and overlaps in the extracted polygons.

Our search for alternative methods also led us to polygonization by Frame Field, proposed by
[42]. In this method, the authors propose the usage of a U-Net with a Resnet-101 backbone and a
branch coupled to the feature map output of the U-Net, a structure that outputs a four-dimensional
feature map that represents a complex field named Frame Field. In addition, they propose a
polygon extracting technique: the Active Skeletons Method (ASM). ASM uses the Frame Field to
find the building corners and keep them in the Douglas-Peucker (DP) simplification, mitigating the
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vertex greedy nature of DP. This method extracts the whole input tile’s polygons and respects the

adjacencies between neighbor polygons.

4. Methodology

We carried out several experiments using some of the techniques shown in sections 2 and 3.
After defining the methods, we also chose the training and test datasets, the hyperparameters, and
the evaluation metrics. We describe the methodology adopted for each experiment in the flowchart

shown in figure 8.

1- Define the chosen methods, training 2- For each 3- For each trained neural
and testing datasets, hyperparameters experiment, perform network, perform the inference
Start and evaluation metrics the training. step and extract the polygons

6- Analyze the e>.<per|mer'1t 5- Build figures with 4- For each |_nference result,
@4— results by comparing metrics the results evaluate with the chosen
End and the visual outputs metrics

Figure 8: Experiment flowchart.

This section is organized as follows: subsection 4.1 details the methods, subsection 4.2 describe
the chosen datasets, subsection 4.3 list all training techniques, hardware and software employed in

each test and, subsection 4.4 informs the chosen evaluation metrics.

4.1. Methods

As shown in section 3, there are several options that we could choose for our research. Poly-
gonRNN [152], PolygonRNN++ [154], DARNet [153], Curve-GCN [155], Conv-MPN [156], and
PolygonCNN [78] are semi-supervised methods that need previously cropped images. We want to
test trully end-to-end methods, i.e. methods that have RGB images as inputs and outputs polygons.

Moreover, we chose ModPolyMapper [97] and Polygonization by Frame Field [42] as our methods
because they are end-to-end. They claim that their approach outperforms the current SOTA
methods like PolyMapper. These two methods were proposed in a similar time range. From our
bibliographic survey, we did not find papers comparing these techniques, so we identified that

comparing these procedures is an excellent research opportunity.

18

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900

67



| 4

ModPolyMapper uses a ResNet-101 combined with an FPN as the backbone of a Mask R-CNN

[162] object detection network. The output of the RoiAlign operations is combined with the RNN
component, similar to PolygonRNN. The losses used in the training of this method are binary

s cross-entropy for the RNN part, the object detection losses, the classification loss, the RolAlign
loss, and the RPN loss. Figure 9 shows a schematic representation of the ModPolyMapper. We
did not use the proposed attention mechanisms described in the figure, whose results were shown

in their ablation studies. We decided that the marginal gains presented by [97] when using such

mechanisms did not justify the memory trade-off caused by them.

Input Image
P 280280132 :
| Image features {First vertex) E
a. Building instance segmentation b. Buidling outline polygon prediction
Figure 9: Description of the ModPolyMapper. Extracted from [97].
s In addition, [42] claims that their best result on the AICrowd dataset is the U-Net with a

ResNet-101 as the backbone. Their method proposes a composition of losses, as shown in figure

10. We used the same loss coefficients as suggested in the annex of [42].
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Figure 10: Frame Field method description. Extracted from [42].

In our experiments, we tested the best method proposed by [42]. We also wanted to study

different architectures coupled to the idea of the Frame Field. So, we proposed two variations: one

20 using the HRNet OCR W48, which was proposed by [168, 169], and the other using DeepLabV3+,

proposed by [143]. We chose the HRNet since it is currently the best method reported on the

platform Papers With Code [170] on the Cityscapes test and Cityscapes val dataset competitions,

reported as HRNetV24+OCR+, while the DeepLabV3+ was used in some of the reviewed papers,

as well as it held the top results in 2017 in the Cityscapes competition. Figure 11 shows the

w5 architecture of HRNet, figure 12 shows the HRNet combined with the Object Context Module
(OCR) and figure 13 shows the structure of the DeepLabV3+.

7
) maps block

N7
A
ﬂ channel conv.
.
strided  # ypsample

* conv. 49 & —ﬂ

Figure 11: HRNet schema. Extracted from [171]

Pixel Representations Pixel-Region Relation

? —l Augmented Representafions
I -

H m | T Object Contextual Representations

i

i

Soft Object Regions Object Region Representations

Backbone

Loss |

Figure 12: OCR schema. Extracted from [171]
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Figure 13: DeepLabV3+ description. Extracted from [143].

Since each backbone has a specific size, we trained the chosen methods respecting these input

sizes. Figure 6 shows the list of the input sizes according to the backbones.

Table 6: Input sizes of the backbones used in the experiments.

Backbone Size (pixels)
ResNet-101 224 x 224
DeepLabV3+ 256 x 256

HRNet OCR W48 300 x 300

We proceeded in the inference procedures of ModPolyMapper with a threshold of 85% on the

s detected bounding boxes, used the sequence length of 60 and grid size of 28 in the PolygonRNN head.
Regarding the inference procedures of Fame Field-related methods, we padded the input image with
mirroring padding so that the output format would be a multiple of the input shape. Then, we
tiled the padded image, proceeded with the network inference, integrated the tiled inferences, and
performed a center crop to restore the original image size. The coefficients of the polygonization

35 loss parameters of the ASM can be shown in table 7, the angle parameters in table 8, and the other

parameters used in the polygonization in table 9.
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Table 7: Active Skeletons Method polygonization parameters.

step_thresholds data crossfield length curvature corner junction

0 1.0 0.0 0.1 0.0 0.0 0.0
100 0.1 0.05 0.01 0.0 0.0 0.0
Values
200 0.0 0.0 0.0 1.0 0.5 0.5
300 0.0 0.0 0.0 0.0 0.0 0.0
Table 8: Active Skeletons Method angle parameters.
corner_angles junction_angles junction_angle weights
45° 0° 1.00
90° 45° 0.01
Values
135° 90° 0.10
135° 0.01

Table 9: Active Skeletons Method other parameters.

Parameter Value
init_method skeleton
data_level 0.500

curvature_dissimilarity_threshold 2.000

junction_angle_threshold 22.500
learning_rate 0.001
gamma 0.995
tolerance 1.000
seg_theshold 0.500
min_area 10.000
22
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4.2. Datasets

In section 2, we showed some building footprint extraction datasets such as: INRIA [133], AIRS
[172] and ISPRS Potsdam [134, 135]. These datasets provide the pre-built raster masks and do not
provide the polygons in vector format that originated the masks. So, in the context of this study,
they are not suitable.

We carried out our experiments using two datasets: the Brazilian Army Geographic Service
(BAGS) Building Dataset, built in the context of this research and detailed in section 4.2.1, and
the AICrowd, detailed in section 4.2.2. We chose this last dataset to compare our experiments with

the original papers’ results [97, 42], described in subsection 4.1.

4.2.1. Brazilian Army Geographic Service Building Dataset

The Brazilian Army Geographic Service (BAGS) Building Dataset* is an open dataset that has
been briefly described by [173]. The 1st Geoinformation Center (a branch of the Brazilian Army Ge-
ographic Service) built this dataset with airborne RGB photogrammetric images from SEPLAG /RS
(spatial resolution of 35 cm) and SEMA/SC (spatial resolution of 39cm) that respectively cover
portions of the Brazilian States of Rio Grande do Sul and Santa Catarina. Figure 14 shows the

imagery coverage of the images from SEPLAG/RS and SEMA /SC.
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Figure 14: Spatial distribution of the tiles of the BAGS Buildings dataset. Extracted from [173].

4https://dsgoficial.github.io/brazilian_army_geographic_service_buildings_dataset/

23

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900

72



355

360

365

| 4

In addition, the 1st Geoinformation Center extracted more than 1 million and six hundred thou-

sand building footprints from the imagery mentioned above. With pytorch_segmentation_models_trainer,

we built the following mask images used in the paper’s experiments: boundary, interior, and distance
masks for the Frame Field Method; bounding boxes and polygon embeddings for ModPolyMap-
per. The total amount of image tiles of the dataset is 247,713, ranging from 512pz x 512px to
573px x 573px. The chosen dataset split was 80% for training steps and 20% for test steps. We
used the QGIS plugin DeepLearningTools® [174] to visualize the built tiles and manually fix some

errors that might have occurred. Figure 15 shows some examples of the dataset tiles.

Figure 15: BAGS Building dataset train tiles examples.

We built this dataset as an alternative to the existing ones because the already available data
often only portrait urban environments from the USA and Europe. This dataset offers more different
cases of rural landscapes of South America, with high-resolution imagery and a significant amount

of extracted building footprints in vector format.

4.2.2. AICrowd
The AICrowd [138] is a dataset built using only SpaceNet [136, 137] RGB images. It has 280,741
training images, 60,317 validation images and 60,697 test images, and each tile has 300 x 3000 px.

Shttps://plugins.qgis.org/plugins/DeepLearningTools/
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Figure 16 shows some examples of training tiles with the polygons overlayed.

Figure 16: AICrowd train tiles examples.

4.3. Experimental Setup

In our experiments, we used AdamW [175] as our optimizer. To avoid overfitting, we used
random crop, random flips, and histogram jitter as data augmentation techniques, and we also
enforced a 10~3 weight decay (also known as Ly regularization) factor in our experiments.

Furthermore, we also used one cycle learning rate scheduler [176] to converge faster, as shown by
[177]). We employed gradient clipping to avoid exploding and vanishing gradients [178, 179], which
often occur on RNN based methods. We also used gradient clipping for quick convergence [180].

Moreover, we employed stochastic weight averaging [181] in the last 80% of the epochs to obtain
a smoother loss landscape to achieve faster convergence. The used losses were the same as the
original papers, as described in section 4.1. We also used mixed precision training [182] to fit larger
batches in the GPUs.

In addition, for the weight initialization, we used transfer learning in all experiments. However,
in some branches we employed He Initialization (a.k.a Xavier Initialization) [183] on convolution-
based modules of the decoder and Xavier Initialization (a.k.a Kaiming Initialization) [184] for the

linear components. Table 10 lists all experiments carried out in this paper.
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Table 10: Experiment summary. The displayed batch size is the batch size in each GPU. Since we used 3 GPUs, the

global batch size is 3 X batch_size. We chose different batch sizes in order to use all available GPU memory.

#  Method Dataset Batch Size Epochs Weight Initialization
1 ResNet-101 UNet AICrowd 80 100 Transfer learning from ImageNet pretrained weights on
FrameField [42] ResNet-101 backbone, Random He Initialization on UNet
decoder, Segmentation Head and Frame Field Branch.
2 ResNet-101 UNet BAGS 80 100 Transfer learning from experiment #1 weights.
FrameField [42] Buildings
3  HRNet-w48-OCR AICrowd 90 100 Transfer learning from CityScapes pretrained weights on
FrameField HRNet-w48-OCR module, Random He Initialization on the
segmentation head and Frame Field branch.
4  HRNet-w48-OCR BAGS 90 100 Transfer learning from experiment #3 weights.
FrameField Buildings
5 ResNet-101 AICrowd 100 100 Transfer learning from ImageNet pretrained weights on
DeepLabV3+ ResNet-101 backbone, Random He Initialization on the
FrameField other parts of DeepLabV3+, segmentation head and Frame
Field branch.
6  ResNet-101 BAGS 100 100 Transfer learning from #5.
DeepLabV3+ Buildings
FrameField
7 ModPolyMapper AICrowd 20 20 Transfer learning from ImageNet pretrained weights for the
[97] object detection branch and Random He Initialization on
PolygonRNN weights.
8  ModPolyMapper BAGS 20 20 From experiment #7 weights.
197] Buildings

We trained our models using 3 NVIDIA Tesla V-100 GPUs, each with 32 Gb of RAM. The chosen

framework for the experiments was PyTorch [129] version 1.10. We chose this framework due to

the popularity shown in section 4, for the number of tutorials and documentation available online,

and finally due to lots of papers on computer sciences that release their codes are also implemented

in PyTorch and are a great teaching opportunity. One example of a paper that released their code

and had a substantial influence on our research is [42], whose code is available at their GitHub

repository®.

Shttps://github.com/Lydorn/Polygonization-by-Frame-Field-Learning

Besides, we implemented a framework called pytorch_segmentation_models_trainer [43] and all
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the experiment configurations and training weights are available in the GitHub repository” so that

the research is fully reproducible.

4.4. FEvaluation Metrics

To evaluate the vector outputs, we need first to match the corresponding features. [185] show
several ways of performing feature matching, some based on distances, like Euclidean [186], Haus-
dorff [187] and Fréchet [188]. Another type of geometric matching described by [185] is the area
overlap, also known as Intersection Over Union matching.

We matched the extracted polygons with the intersection over union metric, like in [97, 42],
and computed the Polygons and Line Segments (PoLis) Metric [147] and the Mean Max Tangent
Angle Errors (MMTAE) [42] in the matched polygons. Moreover, we evaluated the number of
omissions (ratio of unmatched ground truth polygons and the total number of polygons) and excess
(ratio of unmatched predicted polygons and the total number of polygons) of features that the
neural networks extracted from the images. Finally, we computed the Intersection Over Union on
the polygons of the whole dataset, shown in equation 1, considering the matched and unmatched

features.

JANB|  X,.eanp area(pr)
[AUB| 3, caup area(p;)

where A and B are respectively, the ground truth and the predicted sets, px € AN B are the

IoU = J(A,B)

(1)

polygons in the intersection of A and B and p; € AU B are the polygons in the union of A and B.

PoLiS (p(4, B)) is a vertex-by-vertex metric of similarity and it is defined by equation 2, where
A and B are polygons such that a; € A,j =1,...,q and by € B,k = 1,...,r are vertexes from
respectively A and B, 0A, OB are the boundaries of each polygon.

1 1
PAB =5 > g =bl+g > -l (2)

a;€A,bedB brEB,acdA
Mean Max Tangent Angle Errors (MMTAE) is a metric to measure the regularity of the matched
polygons. To compute this metric, first consider the predicted polygon P and the ground truth
polygon . Sample n points in the boundary of P and for each point, find the closest point of the

Thttps://github.com/phborba/pytorch_segmentation_models_trainer
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boundary @). For each pair P; and @);, compute the normalized tangent as shown in equations 3

and 4.

Piy1 — P

T(h) = | Pi1 — Bl )
N Qi — Qs
=10 —ai W

After computing the normalized tangents, we can compute the metric (MMTAE) which defined
by equation 5:

MMTAFE = max Af; = max [cos™' ((T'(F;),T(Q:)))] (5)

JjeV JeVv
where V is the set defined by V ={j € [1,...,n] | £ < llllci’%:gj\‘l‘ < 2}, Af; is the angle computed
2 ,
by the scalar product between the normalized tangents T'(P;) (equation 3) and T'(Q;) (equation

3).

5. Results

After conducting all experiments listed in table 10, we computed the test datasets’ evaluation
metrics described in subsection 4.4. On the one hand, the HRNet OCR W48 Frame Field method
(experiment #3) presented better results on AICrowd dataset on all metrics but MTAE. On the
other hand, the BAGS Buildings dataset’s best method was ModPolyMapper (experiment #8),

which had better results on all metrics. Table 11 shows the results of all carried out experiments.

Table 11: Results of each experiment.

Dataset Method PoLiS | MMTAE | IoU?t Omissions | Excess |
HRNet OCR W48 Frame Field 1.7 43.89 0.86 0.12 0.12
ResNet-101 UNet Frame Field 2.0 43.79 0.68 0.19 0.19

AlICrowd
ResNet-101 DeepLabV3+ Frame Field 2.13 45.5 0.78 0.16 0.16
ModPolyMapper 2.48 21.0 0.69 0.16 0.16
ModPolyMapper 1.75 7.55 0.78 0.01 0.01

BAGS ResNet-101 UNet Frame Field 1.94 39.85 0.73 0.06 0.06
ResNet-101 DeepLabV3+ Frame Field 2.22 39.91 0.7 0.1 0.1
HRNet OCR W48 Frame Field 2.25 38.72 0.62 0.11 0.11
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The visual results of each method on AICrowd test dataset can be seen in figures 17 and 18.
On these figures, we can see some cases where the predicted polygons of HRNet OCR W48 Frame
Field and ModPolyMapper are very similar to the Ground Truth. ModPolyMapper struggles with
large buildings and complex building formats, but HRNet OCR W48 does not produce sharp right
angles like ModPolyMapper.

Ground Truth HRNet OCR W48 Frame Field ModPolyMapper ResNet-101 UNet Frame Field ResNet-101 DeepLabV3+ Frame Field

my 1

Ba

Figure 17: Visual results of the experiments on the AICrowd dataset.
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Figure 18: Visual results of the experiments on the AICrowd dataset.
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In addition, the visual results of each method on BAGS Building dataset can be seen in figures
19 and 20. The number of omissions on ModPolyMapper outputs is visually larger on tiles with a

a5 high density of buildings, like seen in figure 20.

Ground Truth HRNet OCR W48 Frame Field ModPolyMapper ResNet-101 UNet Frame Field ResNet-101 DeepLabV3+ Frame Field

Figure 19: Visual results of the experiments in the BAGS Buildings dataset.
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Ground Truth HRNet OCR W48 Frame Field ModPolyMapper ResNet-101 UNet Frame Field ResNet-101 DeepLabV3+ Frame Field

Figure 20: Visual results of the experiments in the BAGS Buildings dataset.

Furthermore, we investigated the behavior of HRNet OCR W48 Frame Field and ModPolyMap-
per on the BAGS Building dataset. We want to find out why the first method worked better on the
AlICrowd dataset, and its behavior was not the same as the BAGS Building dataset. After visually
inspecting several output tiles of the BAGS Buildings dataset, we hypothesize that the first method

a0 works better on tiles with a high density of buildings and the second works better on sparse tiles.

Note that the AICrowd test dataset has a high building density, differently from the BAGS

Building dataset, which has a majority of sparse tiles, like shown in the histogram in figure 21.
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BAGS Buildings Tile Area Distribution
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Figure 21: Histogram of the distribution of the total area of the buildings in a particular tile

Moreover, we related the average PoLiS of each tile on the test dataset with the ratio between
the total area of the buildings and the total tile area. We also related the area ratio with the excess
and the omission rate per tile. We want to identify whether PoLiS, excess ratio and omission ratio
correlate with the area ratio. If there is a positive correlation, the higher the tile building density
is, the worse the PoLiS value we would get. Similarly, a positive correlation between the omission
rate or the excess rate with the area ratio might indicate a relation of the density of the tiles with
these types of errors.

Before we test the correlation, we first need to assess if the area ratio and the average PoLiS
have a normal distribution. We could not perform a Shapiro-Wilk test because the considered data
has more than 5000 samples. So, to assess whether they follow a normal distribution, we perform
a One-sample Kolmogorov-Smirnov test [189] on each variable, with a confidence interval of 95%,

with the following hypothesis:

e Hjy: The variable follow a normal distribution;

e Hi: The variable does not follow a normal distribution.

The test output and p-value for each variable are represented in table 12.

Table 12: One-sample Kolmogorov-Smirnov test result.

ModPolyMapper HRNet OCR W48 Frame Field
Variable
Statistic (D) p-value Statistic (D) p-value
Area ratio 1.0 2.2 x10716 1.0 2.2 x10716
PoLiS 0.71172 2.2 x10716 0.81501 2.2 x10716
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Since the p-value on each test is small, we reject Hy for each test and conclude that both area

ratio and PoLiS variables do not follow a normal distribution. We need to test the normality of

w0 the excess and omission ratios. These two variables have ties (repeated values), so the one-sample
Kolmogorov-Smirnov test is not well suited for this problem. Consequently, we proceeded with
the Anderson-Darling test [190] for normality, with a confidence interval of 95% and the same

hypothesis as before. Table 13 shows the results of the normality test.

Table 13: Anderson-Darling test result.

ModPolyMapper HRNet OCR W48 Frame Field
Variable
Statistic (D) p-value Statistic (D) p-value
Omission ratio 7652.3 2.2 x10716 4451.3 2.2 x10716
Excess ratio 7652.3 2.2 x10716 4451.3 2.2 x10716

Therefore, since the p-value on each test is small, we reject Hy for each test and conclude that

ws both omission ratio and excess ratio variables do not follow a normal distribution. Thus, to test
the correlation between all the chosen variables, we need to use a non-parametric method such as
Kendall’s rank correlation tau [191], with a confidence interval of 95%, with the following hypothesis

for each pair of comparisons:
e Hj: There is no association between the variables;
470 e H;y: There is an association between the variables.

Table 14 shows the results of the all tests on both methods. The p-value on all tests is small,

so we reject Hy and have an association for each pair of variables.

Table 14: Kendall’s rank correlation tau result.

ModPolyMapper HRNet OCR W48 Frame Field
Data
tau (1) p-value tau (1) p-value
Area ratio and Polis 0.2702111 2.2 x1071¢  0.2645045 2.2 x1071¢

Area ratio and omissions ratio  0.02951534  3.244 x10~7  0.09434868 2.2 x1071¢
Area ratio and excess ratio 0.02951534  3.244 x10~7  0.09434868 2.2 x1071¢

Since the p-value is small, according to [190, 192, 193], there is a moderate correlation between

the area ratio and the PoLiS on both methods, but the correlation is stronger on ModPolyMapper
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than HRNet OCR w48 Frame Field. Similarly, there is a weak correlation between the area and the
variables excess and omission ratios. Thus, we conclude that there is evidence that on the BAGS
Building dataset, ModPolyMapper works better on sparse tiles, and the HRNet OCR W48 Frame

Field method works better on dense tiles.

6. Conclusion

This paper carried out a meta-analysis on remote sensing papers about Building Footprint
Extraction using deep learning techniques, focusing on techniques that can extract the polygons
in vector format. We identified related research problems, the techniques employed, and the top
10 papers in citations. We also identified the PyTorch as the most popular framework among the
selected research, followed closely by Tensorflow. We also concluded that very few papers (13 out
of 99) provide their codes, which may show that some researchers of the Remote Sensing field could
adopt open science habits like sharing the code, sharing the data used and sharing the trained
neural network weights, so that their research is fully reproducible.

Furthermore, we narrowed our research and analyzed only Building Footprint Extraction papers,
identifying that the most popular datasets are the WHU Aerial Building dataset, followed by the
Massachusetts Building dataset and the INRIA Aerial Labeling dataset. In addition, SpaceNet
Building, CrowdAl, and Open Cities are examples of datasets that release the imagery and the raster
building masks and release the vector data that originated the masks. Moreover, we concluded that
the most popular deep learning architecture employed in the studied papers is the U-Net, and the
most popular backbones are from the ResNet family. Thus, we identified that most papers use only
RGB imagery as input and outputs only raster masks.

Then, we selected the papers whose output is in vector format and analyzed them in terms of
inputs types, datasets used, architecture and backbone chosen, loss function, data augmentation,
and evaluation metrics used. Among these papers, we selected two: [78, 97], which represent
end-to-end methods built on top of deep convolutional neural networks.

On top of that, we performed a survey on computer sciences methods to identify other suitable
candidates. In this search, we came across methods like PolygonRNN [152], PolygonRNN-++
[154], DARNet [153], Curve-GCN [155], Conv-MPN [156], PolyMapper [161], and Polygonization
by Frame Field [42].
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After the review, we chose Polygonization by Frame Field [42] and the ModPolyMapper [97]
to carry out our experiments. We proposed the Brazilian Army Geographic Service (BAGS)
Buildings dataset, with rural and urban scenes from the Brazilian states of Rio Grande do Sul
and Santa Catarina. We also proposed variations of Polygonization by Frame Field, one based
on HRNet OCR W48 and the other based on DeepLabV3+. We presented our framework, py-
torch_segmentation_model_trainer, and released our research code online, the configuration files
used in the training procedures, and the neural network weights obtained in the experiments of this
research.

We carried out the experiments with the parameters defined in section 4 and concluded that
our method HRNet OCR W48 Frame Field outperforms all others in the AICrowd dataset, but
it does not work well in the BAGS Buildings dataset. For this last dataset, the best result was
ModPolyMapper, different from the results on the AICrowd dataset. We hypothesized that this
difference in the results might be connected with the different nature of both datasets: AICrowd
represents an urban environment, while the BAGS Buildings dataset is in its majority sparse. We
investigated this assumption with statistical hypothesis tests and correlation tests and concluded
that the difference in the datasets could explain this discrepancy in the results. We concluded
in our experiments that ModPolyMapper works better on sparse areas, while HRNet OCR W48
Frame Field can produce better results in dense areas. We suggest further research on this matter
by mixing up different datasets and performing new training.

Besides, we also noted that parameter tunning might lead to better results since there are many
parameters in the ASM proposed by [42]. So we suggest further research in a new combination
of parameters so that polygons with more regular formats and more similar to the ground truth
polygons can be extracted. An exciting research opportunity is investigating the overlap rate of the
extracted polygons of ModPolyMapper and ways to fix them so that this method can be used for
cartographic purposes.

Additionally, new research on the usage of attention mechanisms like Convolutional Block At-
tention Module (CBAM) [167] or Polarized Self Attention [194] coupled to HRNet OCR W48 Frame
Field may be interesting to assess whether these structures could improve the results of this method.

In addition, research on the inference methods may also be interesting. The results could be
improved if we used a sliding window in either mask-based methods such as Frame Field or object

detection methods like ModPolyMapper. Particularly in the experiments involving object detection,
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s we propose research using the Slicing Aided Hyper Inference technique implemented in the python
package Sahi [195]. This technique improves the detection of small objects in large images and
could improve the results of ModPolyMapper.

Withal, [164] proposed a novel method named Deep Snake, which takes a contour produced
from a CNN backbone as input and produces a vertex by vertex inference around the selected
ss0  object. It consists of three blocks, a CNN backbone, a fusion block, and a prediction block. It
presented thrilling results and released its code online, enabling quicker research. Thou, we also
suggest researching a neighborhood mechanism to deal with adjacent features so that this new
method could mitigate gaps and overlaps that may occur.
Finally, with the recent advances on vision transformers, we suggest the research of backbones
ss like SWIN Transformer V2 [196] as new backbones of both ModPolyMapper and Frame Field
methods.
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6.2 Discussao do Artigo de Resultados

Tendo em vista as deficiéncias de métodos tradicionais para a extragao de poligo-
nos e subsequente generalizagdo apontadas na introdugéo do capitulo 6, bem como
as novas técnicas propostas por Girard et al. (2020) e por Girard et al. (2021), decidiu-
se realizar uma pesquisa bibliografica complementar ao que foi realizado no capitulo
4.

Logo, foi realizada uma meta-analise utilizando a base de dados Web of Science,
com as palavras chaves "building extraction” e o intervalo de tempo dos ultimos cinco
anos. Essa pesquisa teve por objetivo identificar aspectos primordiais relacionados
ao tema de extracdo dos poligonos dos prédios (building footprint extraction), a sa-
ber: principais trabalhos, problemas de pesquisa preponderantes, os mais relevantes
conjuntos de dados, os frameworks utilizados para o treinamento das redes neurais,
os formatos dos dados de entrada e saida, os tipos de insumos, as fung¢des de perda
utilizadas, as técnicas de data augmentation, os trabalhos com codigo disponivel, as
arquiteturas e backbones utilizados e as métricas de avaliagéo utilizadas.

Em adi¢ao, apds aplicar diversos filtros que visavam retirar trabalhos que ndo eram
relevantes para a pesquisa, tal analise partiu de 99 artigos e identificou que o principal
problema de pesquisa encontrado na busca é a extracdo do formato de prédios. Ade-
mais, o framework mais popular dentre essas aplica¢des foi o PyTorch, os datasets
mais utilizados foram o WHU Aerial Building dataset, o Massachusetts Building data-
set, e 0 INRIA Aerial Labeling dataset. Além disso, constatou-se que poucos autores
disponibilizaram o codigo na internet, apenas 13 dos 99 artigos analisados. Também
constatou-se que a grande maioria dos artigos apenas extrai os dados no formato ras-
ter. Apenas 7 dos 99 artigos estudados abordam extragao de vetores.

Em particular, focou-se nos 7 artigos que versam sobre métodos de obtengao de
dados no formato vetorial. Dos trabalhos analisados, escolheu-se apenas um, de titulo
"Building outline delineation: From aerial images to polygons with an improved end-
to-end learning network” (ZHAO et al., 2021). Tal escolha foi feita em virtude dos
resultados apresentados e da arquitetura proposta, denominada ModPolyMapper no
contexto dessa pesquisa.

Outrossim, o ModPolyMapper (ZHAO et al., 2021) é basicamente uma rede de de-
teccdo de objetos (object detection), acoplada a uma Recursive Neural Network (RNN).
O ramo que detecta objetos € uma Mask R-CNN (HE et al., 2017) de backbone for-
mado pela combinacdo de uma Feature Pyramid Network (FPN) com a ResNet-101. A
RNN se acopla a saida da operacao de RoiAlign, que ocorre no ramo de localizag&o da
rede. A técnica proposta € uma evolugao da PolyMapper (LI et al., 2019), que difere da
ModPolyMapper basicamente no backbone, uma VGG-16 (SIMONYAN; ZISSERMAN,
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Ademais, foram pesquisados métodos semelhantes em publicagdes de Ciéncia da

2015).

Computagdo. Como resultado dessa busca, pode-se citar os métodos PolygonRNN
(CASTREJON et al., 2017), PolygonRNN++ (ACUNA et al., 2018), DARNet (CHENG
et al., 2019), Curve-GCN (LING et al., 2019), e Conv-MPN (ZHANG et al., 2021). Tais
métodos partilham da mesma deficiéncia: como foram concebidos para serem utiliza-
dos em ferramentas de rotulagdo semi-supervisionada de dados, eles dependem que
a imagem de entrada contenha apenas um objeto a ser delimitado.

Logo, conforme discutido no artigo, os métodos supramencionados nao sao ide-
ais para a produgao cartografica, podendo porém ser utilizados em ferramentas de
extracdo semi-supervisionadas. Vale salientar que todas as técnicas provenientes de
publicagdes de Ciéncia da Computagao fornecem os codigos online, mostrando uma
cultura de compartilhamento de dados diferente do que foi observado nas publicacbes
de Sensoriamento Remoto consideradas: apenas 13% dos artigos estudados disponi-
bilizaram os cddigos na internet.

Em seguida, procedeu-se as implementagdes. Devido aos diversos codigos dis-
poniveis estarem escritos utilizando o PyTorch, dada a popularidade identificada na
pesquisa bibliografica do terceiro artigo, e devido a dificuldade encontrada em realizar
algumas atividades de debug durante o desenvolvimento do framework baseado no
TensorFlow, decidiu-se migrar a pesquisa para o PyTorch.

Logo, foi desenvolvido um framework baseado em software livre e de codigo aberto,
com licenga GPL-2.0. A solugdo, denominada pytorch_segmentation_models_trainer
(BORBA, 2021), é desenvolvida utilizando a linguagem de programagao Python e se
baseia nas bibliotecas PyTorch, PyTorch Lightning, Hydra (YADAN, 2019) e segmen-
tation_models.pytorch.

Particularmente, grande parte dos modelos utilizados sdo da segmentation_mo-
dels.pytorch, com excec¢ao de alguns que foram implementados no escopo da pes-
quisa. Além disso, utiliza-se o PyTorch Lightning para simplificar e acelerar os pro-
cessos de treinamento, especialmente por meio das funcionalidades de treinamento
distribuido, gradient clipping, stochastic weight averaging, mixed precision (MP) e gra-
dient scaling, que € necessaria quando se utiliza MP.

O framework também utiliza o pacote Hydra (YADAN, 2019) para armazenar as
configuragdes dos treinamentos, inferéncias, construcoes de dataset e avaliagbes por
meio de arquivos no formato yaml. Para as rotinas de data augmentation, foram utiliza-
das as bibliotecas albumentations e kornia. Esta ultima & interessante pois propicia que
operacdes de data augmentation sejam realizadas na GPU, melhorando consideravel-
mente o desempenho dos algoritmos, dessa forma reduzindo o tempo de treinamento.
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Vale salientar que todas as tecnologias utilizadas foram encontradas na ocasiao

da elaboragao do primeiro artigo. Todos os experimentos foram realizados utilizando
a biblioteca desenvolvida, a qual esta disponivel no gerenciador de pacotes pip’ do
Python e no repositério do GitHub?.

N&o obstante, como o cédigo da ModPolyMapper nao esta disponivel online, entrou-
se em contato com os autores por e-mail solicitando acesso aos codigos e autorizagéo
para adapta-lo para o framework open-source da pesquisa. Os autores do artigo for-
neceram as implementacdes e nao se opuseram a adaptagdo. Destaca-se que os
cédigos fornecidos pelos autores foram implementados em Python utilizando a bibli-
oteca Tensorflow. Logo, o modo como o problema foi resolvido foi entendido e, em
seguida, uma versao foi desenvolvida utilizando o PyTorch, que esta disponivel no
pytorch_segmentation_models_trainer.

Para os experimentos, decidiu-se comparar a ResNet-101 U-Net Frame Field com a
ModPolyMapper. Entretanto, resolveu-se também experimentar variagées no método
Frame Field, utilizando algumas das arquiteturas encontradas nas pesquisas biblio-
graficas para os artigos 1 e 2. Logo, realizou-se experimentos utilizando a HRNet e
a DeeplLabV3+ como arquiteturas alternativas combinadas ao Frame Field. Como na
época a HRNet ndo estava integrada a biblioteca segmentation_models.pytorch, ela foi
implementada no framework, baseando-se em codigos disponivel online, com licengas
compativeis com a GPL-2.0

Similarmente, foram realizados alguns testes preliminares com a SE-ResNeXt-101
+ U-Net, encontrada no segundo artigo, combinados ao Frame Field. Contudo, tal
solugéo foi abandonada devido ao uso elevado de memoria. Além disso, os resultados
do estado da arte de segmentagao semantica no site Papers With Code (FACEBOOK,
2018) apontava para a HRNet como melhor arquitetura nas competigcdes do dataset
Cityscapes. Esse fato foi comprovado pelos treinamentos preliminares que realizamos
antes de conduzir os experimentos sob as condi¢des escolhidas no estudo.

Em sequéncia, foram conduzidos os experimentos supramencionados, utilizando o
Brazilian Army Geographic Service Building dataset. Além desse conjunto de dados,
também foram realizados experimentos utilizando o AlCrowd, uma vez que este foi
utilizado em ambos os artigos selecionados. Todos os parametros dos experimentos
foram descritos no artigo da subsegao 6.1, porém, um aspecto que vale ser ressaltado
€ o uso de técnicas para melhorar o treinamento, como gradient clipping e stochas-
tic weight averaging, estudadas no primeiro artigo (subsecéo 4.1). Tais procedimentos
proporcionaram melhores resultados, sendo necessario menos épocas para obter pro-

"https://pypi.org/project/pytorch-segmentation-models-trainer/
8https://github.com/phborba/pytorch_segmentation_models_trainer
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dutos aceitaveis.

Em adigéo, foram escolhidas as mesmas métricas de avaliagado dos artigos sele-
cionados: Polygons and Line Segments (PoLis) (AVBELJ et al., 2015), utilizada por
Zhao et al. (2021), e a Mean Max Tangent Angle Errors (MMTAE), proposta por Girard
et al. (2021). Também foi utilizada a Intersection over Union (loU) com os vetores ob-
tidos e foi medido as omissdes e comissdes, medidas que sao importantes quando se
analisam os produtos sob a 6ptica da ET-CQDG.

Como resultado dos treinamentos, o melhor método aplicado ao dataset AlCrowd
foi o proposto pelos autores dessa pesquisa, 0 HRNet OCR W48 Frame Field, o qual
atingiu 1,7 na PoLiS, 43,89 na MMTAE, 0,86 no loU, 12% de omissbes e 12% de
excessos. Exceto pela métrica MMTAE, o ModPolyMapper foi o pior dentre as técnicas
consideradas. No entanto, o mesmo nao ocorreu no BAGS building dataset, uma vez
que o ModPolyMapper obteve melhores respostas em todas as métricas consideradas
(1,75 de PolLiS, 7,55 de MMTAE, 0,78 de loU, 1% de omissdes e 1% de excessos) e
o HRNet OCR W48 Frame Field as piores (2,25 de PolLiS, 38,72 de MMTAE, 0,62 de
loU, 11% de omissdes e 11% de excessos).

Logo, foram realizadas inspec¢des visuais nos resultados obtidos com a finalidade
de tentar entender o porqué da discrepancia entre os experimentos. Em funcio dessa
diferenca, suspeitou-se que podia haver um comportamento diferente, baseado na
densidade de edificagdes das amostras dos conjuntos de dados. Logo, formulou-se
uma hipétese de que o método HRNet OCR W48 Frame Field pudesse funcionar me-
Ihor em regides mais densas e, em contraste, o ModPolyMapper pudesse ter melhor
desempenho em regides esparsas.

Sendo assim, partiu-se para uma investigacao estatistica para tentar comprovar ou
refutar a conjectura proposta. Calculou-se as seguintes quantidades por amostra: den-
sidade de edificagdes, os valores médios de PoLiS e as taxas de omissao e comissao.
Em seguida, realizou-se testes de normalidade utilizando o teste de uma amostra de
Kolmogorov-Smirnov (KOLMOGOROQV, 1933), com um intervalo de confian¢a de 95%
para as variaveis densidade de edificagdes e PoLiS média. Desse teste constatou-se
que ambas as variaveis ndo seguem uma distribuicdo normal.

Para as taxas de omissdo e comissdo, testou-se a normalidade dos dados por
meio do teste de Anderson-Darling (ANDERSON; DARLING, 1952), uma vez que ha
repeticao de valores nos dados. O intervalo de confianga adotado também foi de 95%
e também concluiu-se que as variaveis nao seguiam uma distribuicdo normal.

Como todas as variaveis ndo seguem uma distribuigdo normal, foi realizado um
teste de correlacdo de Kendall (KENDALL, 1938) e deduziu-se que ha uma correlagéo
moderada entre a densidade dos tiles e a métrica PoLiS. Porém, constatou-se apenas

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 113
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900



o

uma correlacao fraca entre as taxas de omissao e comissao com a densidade dos tiles.

o

Logo, concluiu-se que a discrepancia nos resultados pode ser explicada em partes
pelas diferentes densidades nas amostras dos treinamentos.

6.3 Discussao dos Resultados a Luz das Normas do Sistema Car-
tografico Nacional (SCN)

No contexto do Sistema Cartografico Nacional (SCN), a ET-CQDG define os valores
de excesso e omissao para pequenas escalas na tabela 30 da norma, cujo extrato pode
ser visualizado na tabela 1.

Tabela 1: Valores de excessos e omissdes para Conjunto de Dados Geoespaciais
Vetoriais (CDGV) em pequenas escalas, segundo a tabela 30 da ET-CQDG (DSG,
2016a).

Linha Escopo Elemento Medida Parametro Procedimento Resultado
2 Produto Excesso 102 - Direto interno. Ins- Conformidade
pecao completa M<1%
3 Produto Omisséao 103 - Direto interno. Conformidade
Amostragem M < 4%

Vale salientar que as avaliagcdes dos resultados foram procedimentos diretos inter-
nos de inspecao completa. A medida 103, mostrada na tabela 1, sugere procedimento
por amostragem, porém, como todos os poligonos da verdade de campo do conjunto
de dados de teste podem ser utilizados, foi escolhido aplicar um mecanismo de controle
de qualidade mais rigoroso que o previsto na norma, por inspegcdo completa, como o
previsto na medida 102. Dos resultados apresentados na subsecéo 6.1 para o BAGS
building dataset, pode-se perceber que as taxas de excesso e omissao ja atendem ao
previsto na norma.

Entretanto, o melhor método no dataset AlCrowd nao seria aprovado em nenhuma
das medidas supralistadas, dado que a técnica HRNet OCR W48 Frame Field resultou
em 12% de omissdes e 12% de excessos.

Porém, até o presente momento, ainda nio foi realizada a verificagao da qualidade
posicional dos dados extraidos. Para que se possa realizar essa afericdo, deve-se
considerar os aspectos da escala: segundo a tabela 1 da ET-ADGV, a area minima de
uma edificacdo 1mm? na escala da carta. Como a hipotese de pesquisa define a escala
de trabalho como 1:25.000, o valor que deve ser adotado para filtrar as informagdes
é de 625m?, ou seja, poligonos com area inferior ao limiar devem ser representados
como ponto e aqueles com area superior sdo mantidos intactos.
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Logo, como analise complementar que nao foi abordada no artigo, foi calculado o
Erro Médio (EM) e o Erro Padrao (EP) para que se possa determinar o Padréao de Exa-
tiddo Cartografico (PEC) planimétrico, definidos na tabela 31 da ET-CQDG, ilustrado
na tabela 2.

Tabela 2: Valores de erro médio (EM) e erro padrao (EP), em metros na planimetria,

para Conjunto de Dados Geoespaciais Vetoriais (CDGV) em pequenas escalas, na
escala 1:25.000, segundo a tabela 31 da ET-CQDG (DSG, 2016a).

PEC 1:25.000
EM EP
A 7,00 4,25
B 12,50 7,50
C 20,00 12,50
D 25,00 15,00

Sendo assim, foi adotado o seguinte procedimento para a afericdo da qualidade
planimétrica: para um dado poligono da verdade de campo, se ele tem area menor
que 625m?, deve-se transformé-lo e o poligono predito correspondente para ponto e
calcular o deslocamento horizontal entre eles. Tal deslocamento entrara no calculo do
EM e do EP.

Para os casos de poligonos representaveis em escala, considerou-se os poligonos
pareados por meio do maior valor da razao intersegao por unido (loU) e, em seguida,
para cada par de geometrias, foi realizado um pareamento de vértices por vizinho mais
proximo.

A sequir, calculou-se a distancia entre os pontos pareados. Essa medida € o erro
do vértice considerado, dado que um dos poligonos corresponde a verdade de campo
e 0 outro ao valor predito. O processo para o calculo do PEC pode ser visualizado na
figura 6. Os resultados dessa nova analise podem ser visualizados na tabela 3.
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Figura 6: Fluxograma do calculo do PEC.

Tabela 3: Valores dos Erros Médios (EM), Erros Padrao (EP) e do Padrao de Exati-
dao Cartografico (PEC) para a escala 1:25.000, calculados para todos os CDGV dos
experimentos realizados.

Dataset Método EM|] EP| PEC
HRNet OCR W48 Frame Field 144 2.41 A

AlCrowd ResNet-101 UNet Frame Field 1.35 2.70 A
ResNet-101 DeeplLabV3+ Frame Field 152 255 A
ModPolyMapper 141 302 A
ModPolyMapper 115 185 A

BAGS ResNet-101 UNet Frame Field 0.70 084 A
ResNet-101 DeepLabV3+ Frame Field 0.72 0.98 A
HRNet OCR W48 Frame Field 0.98 1.01 A

Dos dados apresentados na tabela 3, pode-se observar que todos os resultados
dos experimentos foram classificados como PEC A, ou seja, sdo dados com a melhor
classificacdo de acuracia posicional dentro dos padrées do SCN.

Portanto, conclui-se que todos os métodos analisados atingiram acuracia posicio-
nal adequada para a produgéo de cartas topograficas na escala 1:25.000 em ambos
os conjuntos de dados. Além disso, considerando o BAGS Buildings, conforme menci-
onado anteriormente, somente o método ModPolyMapper atingiu a taxa de omissdes e
excessos aceitaveis pela ET-CQDG, enquanto todos as outras técnicas nesse dataset
foram reprovados em pelo menos um desses quesitos. Em contrapartida, no AlCrowd,
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todas as técnicas consideradas foram reprovadas em ambas medidas de qualidade.

Entretanto, vale ressaltar que no processo de producgao cartografica, ha diversas
revisdes, as quais visam, entre outros aspectos, zerar os erros de omissao e excesso,
na medida do possivel e dentro dos parametros da ET-CQDG. Como é possivel extrair
um grande volume de dados ao utilizar as técnicas estudadas, considera-se que o uso
de tais metodologias em processos de produgéo cartografica pode acarretar um ganho
produtivo consideravel.
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7 Conclusoes e Recomendacgoes

A presente pesquisa estudou técnicas de Inteligéncia Artificial, especificamente téc-
nicas de Deep Learning baseadas em redes neurais convolucionais visando extrair
as geometrias de edificacbes em imagens de altissima resolugdo. O estudo abordou
desde conhecimentos basicos, aos métodos do estado da arte.

Adicionalmente, a dissertacao foi dividida em trés artigos, nos quais procurou-se
estudar sistematicamente as ideias e métodos necessarios para que os objetivos do
trabalho pudessem ser alcancados pudesse, e que pudesse validar ou refutar a hip6-
tese de pesquisa: é possivel treinar uma rede convolucional profunda que seja ca-
paz de segmentar e extrair feigoes vetoriais no formato poligonal de edificagoes,
geometricamente consistentes, com acuracia compativel com a escala 1:25.000,
em conformidade com as normas definidas pelo SCN.

Primeiramente, foi elaborado um artigo cientifico (capitulo 4) para realizar a revisao
bibliografica de todo o arcabougo tedrico necessario para o profundo entendimento da
area. Além disso, dentre outros conhecimentos, foram identificados métodos do estado
da arte, técnicas, arquiteturas, backbones, tecnologias e oportunidades de pesquisa
relativos ao campo de Segmentagao Semantica utilizando Deep Learning.

Em seguida, foram conduzidos uma série de experimentos para testar alguns dos
conhecimentos identificados no primeiro artigo. Também foi construido um conjunto de
dados denominado Brazilian Army Geographic Service Building Dataset (BAGS Buil-
dings dataset), com cujas imagens os testes foram realizados.

Além disso, foram escritas na linguagem de programagéo Python duas solug¢des
baseadas em software livre e de codigo aberto: um complemento para o QGIS para
constru¢cdo e manipulagao de datasets e um framework baseado no Tensorflow para
o treinamento de redes neurais convolucionais de segmentagdo semantica.

Os resultados dos experimentos supramencionados foram consolidados no se-
gundo artigo da pesquisa (capitulo 5) e se pode identificar que dentre os testes, a
melhor combinagdo de métodos foi a SE-ResNeXt-101+U-Net, com os seguintes va-
lores para as métricas escolhidas no trabalho: 0,451 de loU, 0,518 de Precision, 0,774
de Recall e 0,621 de indice F1. Visualmente, foram identificados varios problemas
com omissoes e artefatos nas mascaras segmentadas.

Entretanto, como a presente dissertacdo tem por finalidade estudar formas de ex-
tracao de poligonos no formato vetorial, fazia-se necessario que uma pesquisa biblio-
grafica focada em formas de se extrair poligonos fosse realizada. Ademais, tal busca
foi realizada de forma especifica em publicagdes de Sensoriamento Remoto, consi-
derando o topico de extragao de edificagdes utilizando técnicas baseadas em Deep
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No levantamento supramencionado, foram identificados aspectos como as 10 pu-

Learning, apresentado no capitulo 6.

blicagbes mais citadas, os temas de pesquisa, a disponibilidade do cédigo da pesquisa,
os conjuntos de dados utilizados, os tipos de imagens utilizadas nos experimentos, os
tipos de saida. Particularmente, foi dado um enfoque aos trabalhos que tratavam o
vetor como saida. Foi feita também uma pesquisa complementar, em periddicos de
ciéncia da computagao, nos quais foram encontrados outros métodos. Apds analise,
foram escolhidas duas técnicas para os testes: a Polygonization by Frame Field (Gl-
RARD et al., 2021) e a ModPolyMapper (ZHAO et al., 2021).

Além disso, foram propostas variagdes ao método de Girard et al. (2021), utilizando
arquiteturas como a HRNet e a DeeplLabV3+. Os experimentos foram realizados uti-
lizando os dados do BAGS Buildings dataset e do AlCrowd, este também utilizado
por (ZHAO et al., 2021; GIRARD et al., 2021). Em adi¢do, todos os métodos foram
implementados em uma solugdo baseada em software livre e de codigo aberto, com
licenga GPL 2.0. Tal biblioteca desenvolvida é baseada, dentre outras tecnologias, em
PyTorch.

Outrossim, foram realizados 8 experimentos e concluiu-se que no AlCrowd, o me-
Ihor resultado foi da HRNet OCR W48 Frame Field, método proposto pelos autores,
atingindo valores de 1,7 para a PoLiS, MMTAE de 43,89, loU de 0,86, 12% de omis-
sbdes e 12% de excessos.

Contudo, no BAGS Buildings dataset, os melhores valores das métricas conside-
radas foram obtidos pelo ModPolyMapper: 1,75 na PolLiS, 7,55 de MMTAE, 0,78 de
loU, 1% de omissdes e 1% de excessos. Logo, apds as analises descritas no artigo,
concluiu-se que o método HRNet OCR W48 Frame Field funcionou melhor em areas
densamente edificadas, enquanto a ModPolyMapper em regides esparsas.

Adicionalmente, foram apresentadas analises de qualidade dos dados obtidos nos
experimentos da ultima publicagao a luz das normas do Sistema Cartografico Nacional
(SCN). Foram realizadas consideragdes sobre a porcentagem de excessos e omissdes
(medidas 102 e 103 da ET-CQDG), além do calculo do PEC na escala 1:25.000.

Quanto aos excessos e omissodes, no conjunto de dados BAGS Buildings dataset,
a ModPolymapper apresentou taxas em conformidade com norma. Ja no AlCrowd,
nenhum dos métodos foi aprovado nas duas medidas de qualidade em questdo. Por
outro lado, todos os experimentos foram considerados com PEC A, melhor classifica-
¢ao de acuracia posicional prevista na norma.

Sendo assim, considera-se que € possivel utilizar tanto o ModPolyMapper, quanto
o HRNet OCR W48 Frame Field em processos de produgéo cartografica, visto que
ambos obtiveram acuracia posicional aderentes a melhor classificagao prevista na ET-

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 119
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900



g

Além do mais, quanto as omissdes e aos excessos, ambos podem ser sanados

CQDG.

em processos de revisdo. Como a aquisigdo manual de poligonos de edificagdo € um
processo demorado, espera-se que 0 uso dos métodos levantados pode vir a trazer
um ganho consideravel produtivo.

Para fins de comparagao, a construgdo do BAGS Buildings dataset demandou 5400
horas de trabalho dos operadores do 1° Centro de Geoinformacéao (1° CGEO) para a
extracdo manual das 1,6 milhdes de edificacbes, em uma area equivalente a 840 cartas
topograficas na escala 1:25.000.

Ja o processo automatizado proposto nessa dissertagdo, o treinamento de cada
método com o servidor de Machine Learning do 1° CGEO demorou em média 5 dias.
Ademais, para extrair os poligonos de uma area de 1.981.728 km?, o equivalente a
aproximadamente 16,3 cartas na escala 1:25.000 no sul do Brasil, foi necessario cerca
de uma hora. Ou seja, para extrair as informagdes de uma area equivalente as 840
cartas, seria necessario aproximadamente 51,29 horas para a inferéncia, além das 120
horas do treinamento (5 dias).

Portanto, estima-se que o tempo total para extrair os poligonos utilizando os mé-
todos automatizados seria de 171,23 horas, 31,5 vezes mais rapido que 0 processo
manual.

Porém, é preciso frisar que, devido aos erros de omissao e excessos observados,
etapas de revisao e correcao ja previstas nalinha de produ¢ao da DSG s&o necessarias
para que os produtos estejam em conformidade com os padrées do SCN.

Logo, como etapas de revisdo e corre¢gao sao essencialmente manuais, o tempo
de produgao estimado aumentara, no entanto, pode-se observar um ganho produtivo
consideravel ao se aplicar as técnicas propostas nessa dissertacao.

Diante do exposto, considerando que os dados obtidos tem acuracia posicional
PEC A para 1:25.000, que foi possivel, sem revisbes, em um dos métodos atingir ni-
veis de omissao e excesso compativeis com a ET-CQDG, que as taxas em questao
nos outros métodos podem ser sanados em processos de revisao e corregao, e que as
técnicas propostas nessa dissertacdo sdo bem mais rapidas que o processo manual,
conclui-se que a hipétese de pesquisa foi validada, ou seja, é possivel treinar uma
rede convolucional profunda que seja capaz de segmentar e extrair feigées ve-
toriais no formato poligonal de edificagoes, geometricamente consistentes, com
acuracia compativel com a escala 1:25.000, em conformidade com as normas
definidas pelo SCN.

Por conseguinte, uma vez que a hipotese cientifica foi validada, o objetivo da pes-
quisa também foi atingido, dado que verificou-se que é possivel treinar uma rede neural
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convolucional profunda, que seja capaz de segmentar imagens de satélite de altissima

resolugdo, com a finalidade de extrair geometrias de edificagdo com caracteristicas e
niveis de qualidades adentes aos padroes definidos pelo SCN, na escala 1:25.000.
Com relacédo aos objetivos especificos, considera-se que todos foram atingidos,

uma vez que o presente estudo apresentou diversas arquiteturas que podem obter as

geometrias de edificagbes, que foi determinado o melhor método tanto para areas den-
samente edificadas, quanto para regides esparsas. Além disso, conseguiu-se extrair

os poligonos com qualidade aderente aos padroes definidos pelo SCN. De maneira

detalhada, cada objetivo especifico foi atingido da seguinte forma:

(a)

(b)

(d)

(e)

Foram identificadas arquiteturas de redes neurais capazes de extrairinformacgdes
para a obtencado de geometrias de edificagdo, como a HRNet w48 OCR Frame
Field e a ModPolyMapper;

Verificou-se que a melhor arquitetura para ser utilizada em atividade de mapea-
mento depende da cena: A HRNet OCR W48 Frame Field funciona melhor em
cenas densamente edificadas, enquanto a ModPolyMapper apresenta melhores
resultados em cenas esparsas;

Identificou-se que o melhor método, ou combinacado de métodos, foi por meio de
processos “end-to-end”, como os mencionados no item anterior. Além disso, o
melhor método depende da natureza da cena;

Foi desenvolvida uma metodologia de treinamento de rede neural convolucional
profunda capaz de segmentar imagens de satélite de altissima resolugdo com
a finalidade de extrair geometrias de edificagcdo com caracteristicas e niveis de
qualidades aderentes aos padrdes definidos pelo SCN, na escala 1:25.000. Tal
metodologia € materializada por meio dos arquivos de configuragéo utilizados
para treinar os métodos descrito nesta pesquisa e pelos pesos das redes treina-
das. Vale ressaltar que tais arquivos serao disponibilizados nos repositérios do
GitHub dos frameworks desenvolvidos no contexto deste trabalho;

Foram desenvolvidos dois frameworks em Python, um baseado no Tensorflow,
denominado segmentation_models_trainer, e outro baseado no PyTorch, deno-
minado pytorch_segmentation_models_trainer. Ambos os desenvolvimentos sao
baseadas em solugdes livres e de cddigo aberto. Além do codigo estar disponivel
para a comunidade cientifica, para os 6érgaos de mapeamento e para a sociedade
civil em geral, reforca-se que as configuragbes supramencionadas e 0s pesos
das redes treinadas serao disponibilizados no repositério do pytorch_segmenta-
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tion_models_trainer ao final da pesquisa, para que novas pesquisas possam ser

o

realizadas e que os resultados aqui propostos possam ser verificados; e

(f) Apods avaliagao, atestou-se que os poligonos obtidos ao final do processo de ex-
tracdo possuem acuracia compativel com os parametros definidos pelas normas
do SCN, conforme apresentado na subsecao 6.3.

Como contribuicbes da pesquisa, pode-se citar:

(a) Artigo de levantamento e andlise do estado da arte de Segmentagdo Semantica
em aplicagdes de sensoriamento remoto;

(b) Artigo de aplicagdes de técnicas de deep learning aplicadas ao problema de ex-
tracao de prédios por meio de imagens de satélites;

(c) Artigo com os resultados da pesquisa;

(d) Novo método, denominado HRNet OCR W48 Frame Field para a extragdo de
prédios por meio de imagens de sensoriamento remoto de altissima resolugao;

(e) Novo conjunto de dados rotulado para o treinamento de redes neurais convoluci-
onais para a extragéo de prédios denominado Brazilian Army Geographic Service
Buildings Dataset;

(f) Complemento para o QGIS para a construgao e visualizagdo de mascaras para
o treinamento, denominado DeeplLearningTools;

(g) Framework em Python, baseado no Tensorflow, denominado segmentation_mo-
dels_trainer;

(h) Framework em Python, baseado no PyTorch, denominado pytorch_segmenta-
tion_models_trainer;

(i) Pesos dos treinamentos disponiveis nos repositorios de cada um dos frameworks;
e

(j) Arquivos de configuragao dos treinamentos supracitados, além das configura-
¢bes das inferéncias;

Portanto, diante da pesquisa aqui apresentada, sugerem-se trabalhos futuros que
testem os métodos propostos em outras areas do Brasil. Além disso, pesquisas sobre
misturas de conjuntos de dados e treinamentos com inicializagdes diferentes das que
foram propostas sao relevantes.
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Ademais, sao relevantes pesquisas utilizando arquiteturas diferentes combinadas
tanto ao método Frame Field, quanto ao PolyMapper. Em particular, sugere-se o uso
de Vision Transformers, como o SWIN Transformer V2 (LIU et al., 2021), em alternativa
aos backbones dos referidos métodos.

Por fim, outra pesquisa interessante € o uso da nova técnica Deep Snakes (PENG
et al., 2020) para extracdo de anotagbes em imagens, método este que os autores
recentemente alegaram produzir resultados melhores que os atuais.

Em concluséo, espera-se que essa pesquisa possa ser aplicada na pratica nas li-
nhas de produg¢ao dos Centros de Geoinformacao, bragos produtivos da Diretoria de
Servigo Geografico, permitindo dessa forma que mais cartas 1:25.000 sejam produzi-
das anualmente para a sociedade brasileira.
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A Anexos do artigo do capitulo 6

Appendices

Appendix A.1 Tables with references of each detailed analysis

Table 15: Surveyed papers grouped by dataset.

Dataset Papers Number of Papers

WHU Aerial Building Dataset 8, 9, 11, 48, 56, 89, 58, 93, 50, 23
95, 46, 81, 90, 73, 85, 60, 74, 51,
99, 75, 62, 91, 92]

Custom [10, 76, 100, 77, 53, 68, 61, 96, 20
71, 65, 63, 87, 49, 102, 73, 103,
66, 101, 55, 82]

INRIA Aerial Image Labeling Dataset [8, 11, 13, 94, 52, 56, 53, 84, 58, 16
46, 79, 54, 90, 47, 85, 83]

Massachusetts Buildings Dataset [13, 14, 94, 52, 15, 80, 57, 44, 84, 16
59, 81, 90, 67, 75, 62, 91]

ISPRS Potsdam 88, 64, 12, 105, 57, 89, 45, 59, 12
86, 72, 60, 98]

ISPRS Vaihingen [88, 64, 70, 80, 45, 68, 72, 73, 85, 10
60]

DREAM-B [104, 47, 67] 3

SpaceNet Building Dataset [69, 50] 2

Open Cities Dataset [97] 1

AISD Dataset [98] 1

Urban 3-D Challenge Dataset [50] 1

DataPlus Dataset [64] 1

CrowdAI [97] 1

DB UAV Rural Building Dataset [95] 1

AIRS Dataset [78] 1
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Table 16: Surveyed papers grouped by chosen frameworks.

Framework Papers Number of papers
PyTorch [18,111, 98,99, 53, 59, 80, 95, 78,89, 28
17, 51, 103, 106, 57, 48, 58, 87, 83,
56, 72, 109, 49, 127, 45, 66, 122, 82]
no info (67, 94, 55, 61, 119, 68, 19, 70, 124, 22
74, 20, 11, 118, 22, 105, 113, 104, 71,
16, 93, 121, 101]
Tensorflow [81, 65, 92, 100, 79, 90, 125, 46, 12, 14
52, 86, 13, 110, 97]
Keras with Tensorflow  [108, 44, 62, 75, 91, 112, 50, 84, 8, 12
10, 88, 9]
Caffe [114, 60, 115, 77, 120, 14, 76, 64] 8
Keras [107, 47, 63, 85, 15, 54, 69, 102] 8
Matlab (117, 123, 126, 116] 4
ENVI with Tensorflow  [96] 1
LISA + SURFSara [21] 1
MXNet [73] 1

Table 18: Architecture groups that were grouped more than once to some particular backbone.

Architecture Group Backbone Papers

U-Net based ResNet-34 [99, 58, 82]

U-Net based VGG-16 [77]

U-Net based Custom [74, 94, 84, 85, 83, 13, 55, 65, 71]
U-Net based Custom (ESPC module) [67]

U-Net based Custom, Siamese 8]

U-Net based NASNet [47]

Continued on next page

62

PROGRAMA DE POS-GRADUACAO EM GEOCIENCIAS APLICADAS E GEODINAMICA 136
Instituto de Geociéncias - Campus Universitario Darcy Ribeiro
Brasilia, DF - CEP 70910-900



g

Table 18: Architecture groups that were grouped more than once to some particular backbone.

Architecture Group Backbone Papers
U-Net based NASNet-Mobile [104]
U-Net based ResNet [88, 59, 10]
U-Net based VGG [44]
U-Net based no info [96]
U-Net based classical from original papers [69]
U-Net based Xception [80]
CNN based InceptionV3, MobileNet [68]
CNN based Custom [73, 105]
Custom VGG-19 and SegNet [72]
Custom VGG-16 [60]
CNN based ResNet-101 [57]
CNN based RetinaNet [100]
CNN based classical from original papers [61]
Custom Custom [70, 91]
Custom Modified DarkNet-53 [46]
Custom ResNet-50 [95]
FPN based ResNet-50 [62]
FPN based ResNet-101 [89, 97]
FPN based ResNeXt-50 [54]
FPN based Custom [93]
FCN based VGG-19 [79]
FCN based Custom VGG-16 [9]
FCN based Custom [52, 76]
SegNet Custom [63, 49]
SegNet VGG-16 [86]
MAP-Net Custom [50]

Continued on next page
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Table 18: Architecture groups that were grouped more than once to some particular backbone.

o

Architecture Group Backbone Papers
DeepLabV3+ ResNet-101 [103]
MAP-Net Custom, MAP-Net based [90]
DeepLabV3+ Xception [45]
DenseNet Custom [15, 12]
PSPNet ResNet-50 [78]
FC-DenseNet Custom [87]
Web-Net ResNeXt-50 [56]
U2-Net Residual U-Blocks [51]
D-LinkNet Custom [66]
DE-Net Custom ResNet [48]
GRRNet ResNet-50 [64]
RCF Network Custom [14]
HRNetV2 Custom [92]
LSTM Custom [101]
MHA-Net Custom [75]
MTPA-Net Custom [53]
NFSNet ResNet-18 [98]
O-GAN Custom [102]
SRI ResNet-101 with dilated convolutions [11]
BMFR-Net (U-Net + FPN) Custom 81]
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Table 17: Papers with code. All these papers relate to Building footprint extraction, except [107], wich is a change
detection research. [52, 65] employ GAN methods, while all the other use semantic segmentation using CNNs. All
papers have raster output, except [103], that outputs vector polygons.

Reference Code Link

64] https://github.com/CHUANQIFENG/GRRNet
7

(=)

] https://gitlab.com/ksenia_bittner/fused-fcnéds

[

[

[12] https://github.com/shenhuqiji/DAN

[52] https://github.com/lixiang-ucas/Building-A-Nets
[50] https://github.com/lehaifeng/MAPNet

[65] https://github.com/affinelayer/pix2pix-tensorflow
[107] https://github.com/Raveerat-titech/CORN

[81] https://github.com/RanKoala/BMFR-Net

[90] https://github.com/liaochengcsu/jlcs-building-extracion
[47] https://github.com/yangnaisen/GeohashNet

[103] https://github.com/LBNL-ETA/AutoBFE

[60] https://github. com/CHUANQIFENG/ALRNet

[99] https://github.com/HaonanGuo/SG-EPUNet
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B Solicitagcao de uso dos dados

MINISTERIO DA DEFESA
EXERCITO BRASILEIRO _
2¢ CENTRO DE GEOINFORMACAO

DIEx n? 948-DGEOQ/2? CGEO
EB: 64201.005664/2020-33

Brasilia, DF, 7 de agosto de 2020.

Do Chefe do 2° Centro de Geoinformacao
Ao Sr Chefe do 1? Centro de Geoinformacao
Assunto: solicitacao de autorizagao para uso de dados

1. Informo que o Cap QEM Philipe Borba, adido a este Centro, estd cursando o
mestrado na Universidade de Brasilia (UnB) no programa de Geociéncias Aplicadas do Instituto
de Geociéncias, designado pelo Adt da DCEM 4E ao Bol do DGP n? 114, de 4 OUT 19.

2. O titulo do projeto de pesquisa que esta sendo desenvolvido nessa Pos-Graduacao é
“Extracdo Automatica de Edificacdes para a Producgdao Cartografica Utilizando Inteligéncia
Artificial”, no qual o referido oficial esta estudando formas de extrair de maneira automatizada
geometrias de edificagoes por meio de imagens de satélite de altissima resolucao.

3. No ambito do convénio do Rio Grande do Sul, o 1? Centro de Geoinformacao
confeccionou um conjunto de dados, no formato vetorial, com mais de 1 milhdo e seiscentas mil
edificacoes, utilizando as imagens obtidas por voo aerofotogramétrico.

4. Tendo em vista o valor académico que tal conjunto de imagens e dados vetoriais
possui, a necessidade de dados dessa natureza para a pesquisa citada no item 2 e as possiveis
contribuigdes a producdo cartografica da Diretoria de Servico Geografico, solicito:

a. Verificar a possibilidade da chefia do 1° CGEO (com consulta a DSG) autorizar o
uso dos referidos dados na pesquisa do Cap QEM Borba;

b. Verificar a possibilidade da divulgacao dos dados na internet, como um dataset de
edificagOes para segmentacao semantica. Tal divulgacdo poderd trazer projecao internacional da
DSG, dado que ndo ha disponivel para a comunidade cientifica um conjunto de dados tao
completo quanto o produzido pela DSG.

VICTOR JOSE QUEIROZ CABRAL - Cel
Chefe do 2° Centro de Geoinformacgao

(DIEx n® 948-DGEO/2? CGEO, de 7 de agosto de 2020 - EB 64201.005664/2020-33 ...... 1/2)
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"INTENDENCIA: SOLDADO DO ACANTO,

UM SECULO DE EXCELENCIA NA LOGISTICA MILITAR TERRESTRE"

(DIEx n? 948-DGEOQ/2° CGEOQ, de 7 de agosto de 2020 - EB 64201.005664/2020-33 ...... 2/2)
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Termo de compromisso

MINISTERIO DA DEFESA
EXERCITO BRASILEIRO
DIRETORIA DE SERVICO GEOGRAFICO
1° CENTRO DE GEOINFORMACAO
(Comissao da Carta Geral do Brasil / 1903)

TERMO DE COMPROMISSO DE USO DE DADOS

O presente termo trata da cess@o de dados cartograficos para utilizacdo exclusiva no escopo
da pesquisa da atividade 90M2020 — Mestrado em Geociéncias Aplicadas / Programa de
Pos-Graduagdo em Geociéncias Aplicadas e Geodindmica.

. Pelo presente termo estdo sendo cedidos:

2.a. 810 ortoimagens no formato ECW, do Estado do Rio Grande do Sul e de Santa
Catarina;

2.b. Base vetorial continua de edificagdes 1:25.000 do Rio Grande do Sul e de Santa
Catarina, vetorizada e disponibilizada em EDGV 2.1.3 (EPSG 4674) como backup do
banco PostgreSQL 10, totalizando 1 milhdo e seiscentas mil edificagdes.

O material elencado no item 2 perfaz um montante de 210,36 GB de dados matriciais e 2,12
GB de dados vetoriais.

O Ex¢ército Brasileiro ndo pode ser responsabilizado por qualquer prejuizo decorrente de
problemas nos dados disponibilizados.

O usudrio podera rescindir o Termo de Compromisso de Uso de Dados a qualquer momento,
destruindo todos os produtos e demais materiais derivados que tenha gerado.

Este termo ¢é a prova de que o usuario detém o direito de uso por ele concedido, devendo ser
mantido em seu poder. O Exército Brasileiro reserva-se o direito de modificar clausulas e
condi¢des contidas neste Termo de Compromisso de Uso de Dados, a qualquer tempo, sem
prévio aviso, por meio da atualizagdo do mesmo. Tais modificagdes entrardo em vigor a
partir de sua publicagio no sitio do Geoportal do Exército Brasileiro
(http://www.geoportal.eb.mil.br/).

Todos os produtos e resultados derivados da utilizagdo dos dados cedidos nesse termo
devem conceder os créditos a Diretoria de Servigo Geografico e a Secretaria do
Planejamento, Governanga e Gestdo do Estado do Rio Grande do Sul (SEPLAG/RS).

1/2
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8. Este Termo de Compromisso de Uso de Dados ¢ feito em concordancia com as leis do
Brasil.

Porto Alegre-RS, 28 de setembro de 2020.

o

Philipe Borba — Cap QEM
idt: 010300117-8

2/2
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