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Abstract

Keywords:GIS Vectorization GAN Semantic Segmentatio®@rthomosaicsDeep Learning
Image Translatiofimage Cagon.

This thesis presents a three methods pipeline for extraction of point, line, and polygon vector
objects from orthomosaics using a deep generative model as an alternative to the default semantic
segmentation approach.The first method consists of two workflows, tlwector ground truth is
acquired by manual digilizationof certain objects ofrom Open Street Map$Raster layers input

are spectral and geometrically augmented, both inputs are then tesseliatdgaired into image
masks that pasthrough an imbalance checking step. Balanced dataset is then randomirsiolia

final dataset.Conditional and unpaired generative models are compared@xpix is chosen by

its better resultson image to mask translatiofResults of the chosen model on different datasets
and configurations areeported on the mloU metricA batch size of 10 and datasets of 10d@ge
maskgairsof 512x512 pixelsvith overlapping augmentatioahowed the besguantitative results.
Height of objects from the DSM, and VARI index contribute to decrease variance of discriminator
and generator losse®roducingsynthetic data is the horsepower of generative modstsa double
image to mask translation issedto improve resultant masks in terms of continuity and uniform
width. Double image to mask translationodelis trained with a datasetof equal size masksf 1

meter called primitivemasks, thatare obtained bya buffer distance parameterThis cleaning
procedue showed to improve resultant masksattare then converted to vector antteasured by
guantity, length or area againstector ground truth using a proposed metric for map creation
OFtftt SR a¢KS I gSNIF3IAS. 3S2YSIHUNE AAYATIFINRGE 6! D{0¢



GeneraciorAutomatica de Capa¥ectonalesSGde
Ortomosai®s usando Aprendizaje Priundo

Resumen

Palabras clave SG Vectorizaion, Redes AntagdénicasSegmentaion Semantica,
Ortomosaios, Aprendizaje Profunddlraduccid delmagen.

Esta tesis preserd unametodologa basada etres métodos para la extracion de puntos, lineas y
poligonos de objetosvectorialespresents en ortomosaios usando un modelogenerativo basado
en aprendizaje profunda@omo unaalternativa al enfoquede segmentacién seamtica usido por
defedo. Elprimer método consise en dos ineas de trabajplas capas vector de entrenamiento son
adquiridas bien sea por digitadizion manual de los objetos de inésrodirectamentedesdeOpen
Street Maps(OSM) Las capas raster de entradan aumentadasspectraly geométricamente,
teseladas ymparejadas eparesimagen-mascara que se€hequen ante el imbalance H conjunto
de datos balanceado es lueggartido al azar para dener el conjunto final Los modelos
generativosgcondicionalesy no emparejados son comparados yreljor es escogido para realizar
las traducciones entramagen y masara Los resultados @l la @mparacion y los obtados por el
mejor modeb sobre diferentes conjuntos de datog,au configuracion someportados usando la
metrica mloU Un lote de tamafio diez para un conjunto d®00imagemasars de 512x512
pixeles, conaugmentaion por solapamientanostré los mejoresasultadoscuantitativos. La altura
de los objetos obtenida deDSM,y el indice VARIcontribuyen a disminuir la variarea del
discriminalor y del generalor. Laproduccdn de datos sinéticos es el caballo de batalla de los
modelos generativos, asi que udable traducadbn deimagen a mascara(DCITes empleada para
mejorar las masaras resultanes en términos de sucontinuidad y uniormidad Un modelo para
realizarDCIT s entrenado con un cojunto de datos de igual tamafio de mascara Heneto
llamadomascaragprimitivas que sonobtenidasusando unalistanciabuffer como parameto. Este
procedmiento de limpieza mosfrque mejora las mascarassultanies, que sonluegoconveridas
a vector y medidas en cantidad, distangia areavs la realidad vectoriaglsando una métrica
propuesta para la creadéin demapasllamada éSimikridad geométicgpromeda o ! D.{ 0 €
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Chapter 1

1 Introduction

From ancient times, people have tried to represent physical objects of the landscape,
they include mtural andmanmade of any scale, complexityand characterThe remote
sensing andsISmapping communitiesall them geographical objects or features, vehicles,
roads and building are examples of geographical objeEtgen today, maps are obtained
by a manual restitution foobjects fromdrone, aerial, or satellite orthomosai¢g¥an Etten
et al., 2019) The processincludes recognition, visual classification, digitalizati@nd
attribution of objects that are organized in different layerfhis manual method is
cumbersome and prone terrors; besides it takes large efforts in terms of time, and expert
people Furthermore, landscape changes rapidlie to earth natural processes and human
interaction,which demandsonstantupdatingand curaton of maps Figure 11 illustrates
afore mentioned stepspplied to createa road layerfrom a satellite orthomosaicAn
orthomosaic is & ortho-rectified and geeNE F SNBY OSR A Yl 3S 2F GKS
created by stitching partiallpverlapped images in a softwanesing a method called
Structure from Motion (SfMjKameyama & Sugiura, 202T)e rapid development, and low
cost ofsatellite imagery, but specially, thease of acquisitioand high resolution ofirone
aerial imagery(Murtiyoso et al., 202Q) have made orthomosaics a useful tool in
engineering, architecture, geology, and many other fie[@sola & Pannone, 2021,
Ballesteros et al., 2021; Bhatnagar et al., 2020; Zhang et al.,.2015)
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Figurel.1.Manualcreation of a vector layeflhe manualcreation of road network for a small town may take
daysto months
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GIS have twaspatial data typedo represent geographic data, raster and vector
(Bolstad, 2016)Araster layer is a gridf regularly sized pixelEachpixelis classified as an
object or part of an objeclike tree, road, building, etc.The spatial resolution, also called
the grid sanpling distance (GSD), depends on the pixel size, the smaller the pixel the higher
the spatial resolution. Raster is likely to represeontinuousobjects such as element
concentration or surfaces like a digital terrain mo{@TM) Other examples of raster data
would be aerial photographsndscanned mapsA vector layer, or vector mappnsists of
objects ddined by coordinates in a givespatial referenceystem(Bolstad, 2016)Theyare
of three types:

Point:a point objectn two dimensionss a pair of coordinatesbh that represent
separate noradjacent features.Examples arewvolcanoes, offices, schools, and
shopping malls

Line:a line is a set of coordinates of its verticased to represent linear features
characterized by havingtarting and ending pointsSomeexamplesof linear objects
areroads, riversand metro lines.

Polygon It isrepresented bya setof coordinatesn which the first and the last pair
of coordinates are the same according to a certain level of tolerahg@alygon iswo
dimensional and can be used to measure the area of the desired geogapbu.
Lakes, ciy boundariesor forest are examples of polygons.

Vector is appropriatd¢o represent discrete objects, for examplevahicleor a pipe.
Vectorobjects have metadata that describes tebaracteristica the name of a road, or
the populationof a region These extra, nospatial metadata of a object are called
G G3GNRO dzh StaredA yI R [aNE) (1 (Rdsiadiz2086) Viedtod faysrs are
commonly obtained by manual digitalization on the screen of a computer, after that,
objects are also manually attributed one by oRéurel.2. illustrates raster and vector GIS
computer graphic representations.

(y)  Coyi) (i, y0)

Xi, i)

Figurel.2. Raster and vectoobject representation



GlShave different file formatg$or both vector and rastedata The most common are:

Geographic JavaScript Object Notation (GeoJSON: .geigsba)most used format

for web-based mapping. It stores theoordinates as text in JSON form, which
includes the vector points, lines, polygons as well as tabular information within curly
0 NJ O S(Rutle & &.£2016)

ESRI Shaple (.shp) is widely accepted by all commercial and opensource
organizationslt has become the industry standaf@he Home of Location Technology
Innovation and Collaboration | OG®@ww.ogc.org.

GeoTIFF (.Tif, .Tiff) stores raster d#thas become an industry standdat satellite
and remote sensing image(iMahammad & Ramakrishnan, 2003)

Deep learningmodels have improved the performance ofthe already rapidly
RSOSt2LIAYy3 USEtR 2F O2YLMzi SN @A aAliReyfacial 6 KA OK |
recognition augmented realityand selfdriving cargPashaei et al., 202070 keep pace
with the high speed of production of remote sensing imagenyd at the same time
increase the accuracy of mappirdgep neural network modelsave beenatelyincluded
into the mapping workflow (Osco et al.,, 2021)Deep Learning basedsemantic
Segmentation, also called pixel classification, is the process of assigningta ekdypixel
in the image distinguishingfor instance,roads from buildingsand vegetation(Xu et al.,
2018) Semantic Segmentation has been extensively studied in ground imagery, and it is the
state-of-the-art method to perfem GIS layers extraction from orthomosaifNg &
Hofmann, 2018)To accomplislthis, semanticsegmentatiormodels inputimage tiles from
an orthomosaic paired with correspondingaskscalled the ground truth. Maskare binary
or colorimages thatepresentobjects of interestin the neural networksThese masks are
frequentlyobtained andannotatedmanually

The goal of thisthesis isto propose andstudy an alternativemethod to semantic
segmentation based on a generative model and data generat 6O f S| 3h& Ik
discontinue masks t@automaticallyobtain vector layersand attributes The rest of the
thesis is organized as follows:

Chapter 2present abrief overview ofexisting workin geographic objectextraction from
orthomosaics Starting with GIS computer graphic representation of objects, it describes
manual and semautomatic methods,mage semantic segmentatiorarchitecturesand
deepgenerative methods

Chapter 3:is an introduction toour proposedmethodologyfor GIS vector layer extraction
from orthomosaics.t illustrates the threemethods proposed paired data, generative
model, and post-processing



Chapter4: addreses thepaireddata workflowin detail It describes the different steps to
produce better data tamprove thegenerativemodelfor point, line, and polygon objects
of interest and presents examples of the created datasets

Chapter 5explores the results and findings of applying the propagederative model, the
imageto masktranslation modelto producebetter quality maskslt also describes model
hyperparameters and experimesin training.

Chapter 6: describes how proposed modedan improve maskgeneration prior to
vectorization using the concepts of primitive masks and double in@ageasktranslation.
This chapter also tackles the automatic attribution of objedtscolorencodingdecoding

Chapter 7:studies theproposed image translation model performanaed results

Chapter 8:summarizes our most important findings and offers a discussion of the most
promising directions for improving our system.

1.1 Problem Description

In GIScomputer graphics, geographical objects aepresened as poirt, line, or polygon
based on scale and characteristib4apping communitiesopen source or proprietarare
particularlyinterested inautomaticallyextractingthem from aerial and satellite imagery
and very recently from drone orthomosaic$seographical objects extractiofiom aerial
imageryrefers to the process dfansition of thedata representation between a set of pixels
(raster), anda set ofgeoreferenced coordinatesvéctor) called a vector layer or layer
(Girard & Tarabalka, 2018; Li et al., 2021)

With the advent of artificial intelligencedeep semantic segmentationand
vectorizationhas becomehe default method to automatically extract vector layers from
orthomosaicsDeep Learning Segmentation models lik&ét (Ronneberger et al., 2015)
Pyramid Scene Parsing NetwdRSPNet]H. Zhao et al., 2017PeepLal{Cheng et al.,
2020) and FCNJ. Long et al., 201,59nd their improved versions, have beadapted for
the aerial droneand satellite imagery domaitm addressautomatic mappingf objects in
images(Abdollahi et al., 2021; Pashaei et al., 2020)e resultant segmentationmasks
inferred by the modelare then cleanedby a set of different heuristic methodand
vectorized into layers(Ng & Hofmann, 2018)ave proposed a pipeline to obtain vector
layers from aerial imagassing different semantic segmentation moddisgurel.3 shows
the methods of the mentionegipeline



POST-PROCESING

PREPARATION + FULLY CONVOLUTIONAL DECODE GEOIJSONS
INGENIERING NETWORKS
Morphological Operators Polygons
Maphbox Satellite image tiles, Yolo V2 Contouring Bounding Boxes
OpenStreetMap features PSPNet Simplification
Modified U-Net Tensor to GeoJSONs

Merge + Deduplicate

Figure 13. Robosat A Computer Vision Pipeline for geographic objects extractddadified from (Ng &
Hofmann, 2018)

However, geographical objects impose specific challenges to semantic segmentation, such
as:

They exhibit lgh interclass object variance of reflectance, texture, and shape. For
example, building roofs have similar color to paved ro@tsng et al., 2015)

Different geographical object classdsmve a &rge overlappingin reflectance,
texture, and shape. For instance, an unpaved road may look as a river.

Geographic objects ampmmonlyoccluded byother objectsclouds, and shadows
For example, a vehicle can be occluded by a building roof or by (@éesg et al.,
2015)

Orthomosaics are gelocated and have a larger number pixels compared to
ground imageryThey have millions of pixelghile ground imagery havéhousands
(Avda & Pannone, 2021; Osco et al., 2021)

Furthermore, the use of smantic segmentationto geographical objectstill hasthe
followingissues:

Creation of lgh number of false positives, and ineffective representation of straight
lines andsquare corners both common in mamade objectslike roads and
buildings(Li et al., 2021)

It needs a hugenumber of training examples, andhus it is heavily affected by
imbalance pixetlassesfor example, betweerbackground and roa] which is
frequently observed inlatasets(Gao et al., 2018)



Limited generalization, a segmentation modeéeated for certain objects in the
developed countriesdoes notperform the samean other latitudes(Maggiori et al.,
2017)

High specificity oBemanticsegmentation makeslifferent objects andgeometry
requireY 2 R Sriodifi@ations(Y. Long et al., 2021; Marmanisadt n.d.)

In summary, semntic segmentationmay produceirregularand discontinuousmasks
that lead to an erroneousector representatiortransition. This happens\en using high
quality training masks, anda multi-procedure cleaning postprocessing-urthermore
creatinga loss function that treatsbject geolocation as direct objective ofoptimization
is not feasibledue tothe unknown number of key points input images, andthe difficulty
to handleirregular lengthoutputs usingConvolutional Neural Networks [{ON9 (Li et al.,
2021) Figure 14. shows an example ofteaining and resultansegnentation road mask

(@)

Figurel.4. Segmentation maskxample (a) Training maskor road extraction (b) Resultantmaskby the U-
Net semantic segmentation modéflodified from(Marmanis et al2017).

Due to thementioned issuesour approach iso test a deep generative modéhstead
of semantic segmenation, to generate cleaner and simplemasls of point, ling and
polygon objectdrom input imagesand createtraining data to simplify the vectorization
processnto layers

A formal definition of the problem ias follows:Given an orthomosaic and the
simplest raster representatiord of an object class iy, a deep generative based
methodology for GIS vector layers extraction consists of finding a funéfan:h-R) |
where —are the hyperparameters, and the weights of a CNNThat is optimized
supervisely by pairs of(, @) W ©O& A using a loss functiond «HiQ
B & Q¥ ®HhQw that allows to synthetically creates a classQ&d! 1 Qo Q. In
other words, the generation of groups of pixels (objects classes) of the input image into a
resultant mask of a buffer distanceQ conditioned by group of examplegw , w).
Furthermore, he masks P ®inferred by the modelQcan be then cleaned by another
function "Q to produce @& in a way that O & h 0 Qw ho T, and
vectorize those into layersuch asb Qo @ B



1.2 Research Questions

This thesis addresses the following research questions

What are the steps and procedure to generate @&&or layers from orthomosaics
using a deep generativaodel?

Which type oftraining masks multiscale, overlapping, full size, heigdnigmented
or indexaugmented,help a deep generativemodel to obtain the best results in
terms ofless irregulaand continuousmasils.

What are thealgorithms and their application order fopostprocesing resultant
masks in order to obtain Gi8ctorlayerscomparableo the ones created manualfy

1.3 Obijectives

Currentthesisproposes the following objectives

131

General

To developa methodology to obtain GISvector layers fromorthomosaicsusinga deep
generativemodel.

1.3.2

1.

Secific

To developa method forcreating paired datasetdor point, lineg and polygon
objects

To chmse a generative modeio produce masksfor point, ling and polygon
geographicabbjects present in orthomosaics

To define apostprocessingnethod to clean up thenasksof the model output and
the geometry of the corresponding vector objects

To \alidae the proposed methodology using datasets reported in thescientific
literature.

1.4 Contribution and Academic Products

This thesis presents contributions to the extractmfpoint, ling and polygorgeographical
objects from orthomosaicsThese goals have been achievedugingan Imageto Mask

Translation Model instead of the traditiondDdeep LearningSemantic Segmentation
approach



Wedeveloped a method to create paired data that allows to train a D&eperative
Imageto MaskTranslation Model.

We pre-trained a modelvith satellite imagery of the domaimnd augment data in
a novel way using height of objects andexes thattombined or fusionbands, this
showed toimprove and speed up the Image MaskTranslation Process.

We proposd theuse of Primitive Masks as a targgimainfor the Imageto Mask
Translation Model

Proposed Primitive Masks may afféloe dataset imbalance, so we implemented a
double Imageo MaskTranslatiormodelthat not onlyused less imbalance data, but
also enhanced the geometry of translation masks. This geometry is critical to the
vectorizationof point, lines and polygon objectsvhich was performed afterwards
using simplification
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Chapter 2

2 An Overview of GIS Vector Layer Extraction from Orthomosaics

Chaptermakesa description of thestate-of-the-art methods to automatically extract
layers from orthomosaicsAfter that, it studies previous manual and semtautomatic
methods anddetailsDeep Learnig architectureswhich are thegpresentworkforce, for the
automatic extraction of vector layers

2.1 State of the Art

Foundational mapping remains a challenge in the developing countries, especially in
changing scenarios such as natural disasters when time is critical. Creating and updating
maps is currently a highly manual process requiring a large number of human sxpert
either create features or validate automated outpy&hermeyer & Vantten, 2019) Next
is a compendium of related work.

(Ng & Hofmann, 2018)roposed Robosata 4-step pipeline to obtain vectors from
aerial and satellite imagg, they describe data preparation as acquisition plus annotation,
model refers tahe application ofletection and semantic segmentation algorithms like Yolo
V2, UNet andPSPNet. Pogirocessing is composed by a set of methods applied to resultant
masksand then to resultant vectorgke morphological operators, contouring, simplification
and deduplication. For different objects and results segmentation andpastessing was
different and results were variedqCrommelinck et al., 2016, 201linfroduces a workflow
for automatedcadastralboundary delineation from UAV data. This is ddwy reviewing
and synthesizing approaches for feature extraction from various application fiklds.
consists of preprocessing, image segmentation, line extraction, contour generation and
postprocessing(Sahu & Ohri, 2019ajsed semantic segmentation model based oiNét
to extract individual buildings in densely compacted areas using medium resolution
satellite/UAV orthoimages and measure performance andice coefficientHowever, the
chosen metric lacks a geometric aspect involved in the problEmn a posprocessing
pipeline for separating connected buildings and converting them into GIS layer for further
analysis was performed manuallyhe vectoriation (polygonization) was carried out by the
simple and effective Dougldeucker methodHowever, it involved choosing of different
threshold and hand engineerin{Bulatov et al., 2018)ent further to vectorizenetworks,
and modified DouglaPeucker algorithm for street generalization aftapplication of

10



preprocessing, thinning, polygonization, and filterif@eigele and Brandmeier, 2020)
tested different CNNs in conjunction with an integration and vectorinatio ArcGIS to
evaluateforest damage due to storms on higésolution PlanetScope satellite data. A
custom implementation of tNet proved to be more accurate than transfer learning that
completely failed (IloU=0.55). Forests and building polygon objebibited less imbalance
classes(Zhang et al., 201%Jombined UAV Ultriligh resolution Orthophotos with DSM to
create land cover classification maps, their experiments demonstrate that the DSM
informationhas greatly enhanced the classification accuracy from 63.93% with only spectral
information to 94.48%. Als@AFNajjar et al., 2019jusionDSM and UAV images for land
use/land cover mapping using CNNs. Results confirmeditisaindata perfamed better

than only RGB images, with an overall pixel accuracy of 0.98. Adding the heights of features
such as buildings and trees improved the differentiation between vegetation specifically
where plants were densé€Girard & Tarabalka, 2018)oved from a typical segmentatien
vectorization approach to directly learning and output vectorial semantic labeling of the
image, they propose a deep learning approach wipidddicts vertices of the polygons of
Solar photovoltaic array dataset. However, the method is restricteddimidd polygons, so

that the network has a fixetength output. The loss function used to train the network is
the mean L2 distance between theniees of the grouneruth polygon and the predicted
polygon. This assumes that both groutndth and predicted polygons have their vertices
numbered in the same way (same starting vertex and same orientation), so a different loss
function which isnvariant to the starting vertex should be used. This approach seems to be
stagnant until geometric deep learning is operatigince it allows to encode nodes and
their coordinates into a neural networls another option(Li et al., 2021)ises the tNet,
Cascade NN, and Cascade CNN ensemble nsoebbtain building segmentation maps,
building bounding boxes, and building corners, respectively, from veryraggiution
remote sensing images. They later used Delaunay triangulation to conditilcting
footprint polygons based on the detected hiiiig corners with the constraints of building
bounding boxes and building segmentation maps. The ensemble approach promises to have
a good performance to extract accurate building footprint polygons from remote sensing
images, but the architecture is to oglex and customized to only building objedisie et

al., 2020)roposes a method, using a multifeature convolutional neural network (MFCNN)
and morphological filtering, for treating the irregular building bdanes resultant from
high-resolutionimages They showed that the method improved loU by 3.04% respect to
other segmentatiorheuristic combined methods(Seser et al., 2018)put together
computer vision and cartography domains for studying the building footprint generalization
problem, they describe main issues of ppsbcessing masks as the interplay between
different operators. Small parts of the buildirare eliminated(dissolve) the outline is
simplified (simplification), neighboring objects can be merged (aggregation), too small

11



buildings can be enlarged (enhancement), buildings are displaced (displacement). A
network forimprovingcartographiayenerdization is trained angoodresults areobtained
whencompared using loU metric. However, the benchmark for cleaning masks is the human
operator, whocandesign an aesthetic and correct representation of the physical reality.

Extracting linear objects, like roads, from overhead imagedealt separatelyand in
contrast to polygon objects, i characterized as imbalan¢&earney et al., 202@xtracted
unpaved roads from RapidEye imagery with 87 % precision and 89 % recall using CNN, hand
engineering posprocessing improved initial predictions. Results changedptitdic road
database by 20 % through additions and remov@bdollahi et al., 2019)ses an immense
range of image features, such as detectors for edge detection, filters for texture, filters for
noise depletion and a membrane finder for road extrac from UAV imagery.
Morphological operators are applied on the images for improving extraction precision and
the road extraction precision is calculatdthsed onmanually digitized road layers.
Customized methods little improved results and increaseddh@ngineering involvement.
Also (Abdollahi et al., 2020)compared four types of deep learning models: GANSs,
deconvolutional networks, FCNs, and patdsed CNNs. GAN based oiNét model used
was the second with best F1 Score performance on UAV and Google Earth images. Author
highights GANs as capable of achieving boundary information and smooth segmentation
maps. Same authan (Abdollahi et al., 2021presents he Road Vectorization Network
(RoadVecNet), which comprises two interlinkedNek networks to simultaneously perform
road segmentation and road vectorization. The first network with powerful representation
capability can obtain more coherent and satisfagtooad segmentation maps even under
a complex urban satp. The second network is linked to the first network to vectorize road
networks by utilizingll the previously generated feature maps. They utilize a loss function
called focal loss weighted by med frequency balancing (MFB_FL) to focus on the hard
samples, fix the training data imbalance problem, and improve the road extraction and
vectorization performance over Google Earth imagéwy. Yang et al., 202jorked in a
method of extracting roads and bridges from higisolution remote sensing images, edge
detection is performed, and the resultant binary edge is vectorized. Their network
integrates binary cross entropy to deal with road class imbalafGao et al., 2018)
presented a weighted balance loss function over a PSPNetwe the road class imbalance
problem caused by the sparseness of roads. They compared with theerwepy loss
function, and found that it can reduce training time dramatically for the same precision,
especially for narrow rural roadésong et al., 202Q)ses a prdrained VGG network into a
U-Net andan attention module to solve road problems litertuous shape, connectivity,
occlusion, and different scales. Then the skeleton is extracted from the segmentation
results and processed by denoising atdhightline connection and vectorized to realize
the automatic road network(Hartmann et al., 2017)roposed a GAN approach for road
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network synthesis called StreetGAN, with a ppsicessing step, they extract a graph
based representation from the generated images. Results were evaluated qualitatively and
in terms of road network similarity measures. Howeas a standard GAN its training uses
random noise in generating resultant masks. This makes users are required to provide noise
input, or rerun the generation several times due to the lack of control of the training
process(Pan et al., 2019roposed a GAN with spat and channel attention mechanisms
(GANSCA) for the segmentation of buildings on the Inria @hd Massachusetts Building
Dataset. The generator is a-Net-SCAnetworks, and the discriminator also uses an
attention mechanism. Spatial and attention modslenable the segmentation to find
features in specific positions and enhance results. Nevertheless, this architecture demands
a larger number of examples and longer training times.

The increasing spatial resolution of overhead imagery, specially consimgdrones,
provides fine details for object extraction, but at the same time makes default segmentation
methods to incur in ambiguitig®an et al., 2019)raditional segmentation, postprocessing
and vectorization approach for GIS layer extraction is overloaded hvaitid engineering
methods that are object and geometry specific.

2.2 Manual Digitalization and Object Attribution

Manual restitution and object attribution are the most tire@nsuming tasks in the
process of creating a vector layer in a GIS software. The former consistsaong on the
pc screen, one by one, the shape of an object of interest. Prior tottatiser should have
set atolerance or adistance within every location is considered coincident or identical, and

it is commonly predefined in modern GIS Software as——— 8 11, dhis is at least
ten times smaller than the precision dfgitalizd data.

After vector objects have been drawn, characteristics should be assigned to each of
them, for instance a road may have attributes like speed, name, lanes, surfacehese. T
values should be written appropriately am attribute table.Modern Web GIS applications
have improved manual digitalization and attribution using predefined values that users can
pickfrom to speed up the process. An example of this is Open Street NIgid), an open
source and community map database of the worldgure 2.2 illustrates the manual
digitalization and object attribution tasks.
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2.3 Semi-automatic Methods for Object Extraction from Aerial Images

Semiautomatic methods refer to those that requiraser intervention, and the
application of feature engineeringp extract specific patterns on the imagéhis involves
the tunning ofa number ofhyper parametersn the modelor the combination of models
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(Yan, 2019)eature engineering consists of the use adcdpal, texture morphological, and

boundarycharacteristis, as indicators to distinguish objediinterest present in imagery

Classification algorithms use texture, coland geometry of objectgheir performance is

affected bythe high variance of inteclass gegraphic objectsand at the same time

coincidence of these characteristics within the same classinstance, an airport runway
may have similar characteristics of a highway.

Dynamic Programming Algorithms like the LSB Snakes and the Ge@ildsit, n.d.;
W. Wang et al., 201&elp inroadsdigitalization, the usemustchoose a road in the image,
by pointing on the screen the initial and ending points of the objgesepointsare called
seedsEdge detection algorithms try to detect changes in spectral response of,phisls
obtained by calculating gradients of the contrast in each image channel, three channels for
RGB images, and only one for gray color images. For the gradient calgutatarilters
show better result§ChiangYadi et al., 2014)Graphbased algorithméave been used for
the case ofsemiautomaticroad extraction(W. Wang et al., 2016)hey considean image
as a weighted graphvhereanodeis apixel or region of pixeJsand arcsare calculated by
the difference betweemodes. Resultis obtained using enatrix of nodes.The limitation of
this method isthe number of nodes that can be processed dhd different methods of
pre-processing and pogirocessing that should be applied to obtain the resufigure 2.3
results of some serautomatic methods for road extraction from aerial imagery.
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©
Figure 23. Semiautomatic methods for object extraction from aerial imagefg) Dynamic Programming
Algorithms Left is the input imageRight is the resul{b) Semiautomatic classificatior_eft is the input image,
Right is the resulic) Grapkbasedalgorithms Left is the input image; Right is the result

2.4 Deep Learning for Image Semantic Segmentation

Today, deep convolutional neural netwoiNNhave become the efaul algorithm
for imagesemantic segmentatiosurpassing classical method&xetlevel classification is
performed by converting input images into high dimensional arrays, after that, the process
is reversed creating images with the same input dimensions. This enedeaugling
process is called aoéncoding(Pashaei et al.,, 2020H. L. Yang et al., 2018Ylain
architectures for semantic segmentatiamne presented next.

2.4.1 Fully Convolutional Network (FCN)
In image classification, an input imagedsscakd and goes through the convolution layers

and fully connected (F@yers, and outpwgone predicted label for the input imag&CN
turns FC layers into 1x1 convolutional layarsl the image is not downsized; the outpst
not a single label. Instead, the output has a smaller size than the input image (due to the
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max poding). Upsamping the output above,a pixelwise output (label mapgran be
obtained. Convolution produces smaller size output. Thus, theterm deconvolution is
coming from upsampling to get the output size largéeconvolution is misinterpreted as
reverse pocess of convolutiont is also called up convolution, transposed convoluton
fractional stride convolutionAfter going throughup to seven levels of convolution layers
(conv?) as below, the output size is small, then 32x upsamgatied FCM829 is done to
make the output have the same size of input image. But it also makes the deggure
map rougler. This is because, deep features can be obtained when going déepspatial
location information is lost. That means output from shallower layers have more location
information. FCNcombines both to enhance the resultit is done for each pixel, they are added
from the results of different layers within a modéCNis perhapsthe most basiomodels for
semantic segmentatiofJ. Long et al., 2019jigure 2.4 illusatesits architecture.

forward /inference

backward/learning

Figure 24. Fully Convolutional Network (FCIN)odified from(J. Long et al., 2015)

2.4.2 DeeplLab

Aninput image goes through the networking anatrous convolutior(r>1 in equation 2.1)
or also called dilated convolutiorthe output is bilinearly interpolated anthen goes
through the fully connectedonditional random field@RI layerthat fine-tunesthe result
and get the final outputEquation 2.1 shows values in an atrous convolution.

®Q B Q12000 (2.1)

When rate of sampling(r = 2, the input signal is sampled alternatively.means
paddingtwo zeros at both left and right side filters. Samplng the inputimageevery 2
inputs for convolution. Thus, output will have 5 outputs which makes the output feature
map largerThe drous convolution allowshis networkto enlarge the field of view of filters
to incorporatealarger context. lis an efficient mechanism wwontrol the fieldof-viewand
finds the best tradeoff between accurate localization (small fiedftview) and context
assimilation (large fieldf-view). The output is much largeghan in FCN, ibnly need to
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have 8x upsampling tap samplethe output and bilinear interpolation has good
performance forthe 8x upsampling Fully Connected CRF is applied at the network output
after bilinear interpolationWith 10 times of CRF, small areas with different colors around
the objectsare smoothed at successfullySinceCRF is a pogirocessingask, it makes
DeepLab not an entb-end learning frameworkand it iswhy CRF igot used in later
versions of the architecturélhis modepresentssome failure examples where tlubjects

of interestconsist of multiple thin partéCheng etl., 2020)Figure 2.5 shows the DeepLab
architecturesteps

Input DCNN Aeroplane Coarse
. Score ma
Atrous Convolution ﬁ
—»| gEREE —

Final Output Fully Connected CRF Bi-linear Interpolation

- —= '-v"

\‘\l’/ % \
\1 )
SN
Figure 2.5DeepLalsteps Modified from(Cheng et al., 2020)

2.4.3 Pyramid Scene Parsing Network (PSPNet)
ThePSPNethallenges three issues observed in the FCN, these are:

Mismatched Relationship: FCN prediotgects relationships wrongly. For instance,

a boat can be predicted- & | & OF NE o0 & S Rgnadingspatiala | LILIS |
relationships between objects @aommonknowledge for instancea car is seldom
over a river

Confusion Categories: FCN predioigedobjects. For instanceanobject is eithera
skyscraper oa building, but not both

Inconspicuous Classes: Overlooking the global scene category may fail terpalise
objects For instance, gillow has similar appearance with sheet so it is not
segmented

PSPNet highlightdobal information of the imageasing a pyramid pooling moduilkat
worksas follows An input image is passed to a dilated CNN based on Resieicting
feature maps of 1/8 of the input imagét (c) pyramid pooling module consists of four sub
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region average pooling that is performed for each feature map (red, orange, blue and green
blocks).Red is the coarsest level which perform global average pooling over each feature
map, to generate a simg bin output.Orangedividesthe feature map into 2x2 sutegions,

then performsaverage pooling for eaabf them. Blue dividsthe feature map into 3x3 sub
regions, then perform average pooling for each sagion.Green is the finest level which
divide the feature map into 6x6 striegions, then perform pooling fahoseregiors. Then

1x1 convolution igppliedto each pooled feature map to reduce the context representation

to 1/N of the original one (black) if tHevel size of pyramid is I.the input feature map is

2048, then the output feature map will be @y x 2048 = 512Bilinear interpolation is
performed to upsample each lovdimension feature map to have the same size as the
original feature map (blackpll levels of feature maps are concatenated with the original
feature map (black). These feature maps are fused as global prior. That is the end of pyramid
pooling module at (¢)finally, it is followed by a convolution layer to generate the final
prediction map at (d)PSPNeisthe champion of ImageNet Scene Parsing Challenge 2016.

It alsogot the 1st place on PASCAL VOC 2012 & Cityscapes datasets. It is published in 2017
CVPR with more than 600 citatiofld. Zhao et al., 2017Figure 2.6 shows the PSPNet
architecture.

[ —lconv|— ([

RS —[conv|— T :

SN N

'H | —=[conv]— H ]

NN || **** [ 1 A-L.UM-I—»

N ) ihe - f

\\ TH ] —|CONYV]| iy o~ | i
T H A CONCAT

(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

Figure 2.6 PSPNearchitecture Modified from(H. Zhao et al., 2017)

2.4.4 SegNet

The SegNetcounts on an enoder-decoder network, followed by a final pixeise
classification layeAt the encoderthere are 13 convolutional layers from VG&Gand2x2
max poolinglayersthat makeindices (locations) are storeét the decoder, ugsampling
and convolutions are performeduring up sampling the max pooling indices at the
corresponding encoder layer are recalled up sampe. At the end, there isa K-class
Softmax classifiethat is used to predict the class for each pixebutperforms FCN, and
DeeplLab, obtaining a higher global average accuracgn@ghowing strength ilargesize
classeslt has low memory requirement during both training and testamgl the model size
is much smaller than FCNowever,SegNet is sloweihan FCN and DeeplLdiecauseof
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the decoder architecturéBadrinarayanan et al., 201 Higure 2.7 shows the architecture
of SegNet.

Convolutional Encoder-Decoder

Input Output

Pooling Indices

RGB Image I conv + Batch Normalisation + RelU Seg me ntation
-Punling -Upsampling Softmax

Figure 2.7 SegNegrchitecture Modified from(Badrinarayanan et al., 2017)

245 U-Net

The U-Net was initially designed for the segmentation of Electron Microscopic (EM)
biomedical images. It based on a convolutional netwattkat consists of contraction and
expansion pat A G K |y fiérh @hicki ikiakesltS Bame The encoding left sideas

a consecutive of two times of 3x@nwolution and 2x2 max pooling. This help extract
advancedfeatures and reduces the size of feature mapslhe epansionright path is a
consecutive of 2x2p-conwlution and two times of 3x8onwolutions. It is done to recover
the size of segmentation map. However, the process reducesgatal informatiorthough

it increases thdeature information That meansit gets advanced features, but lossthe
localization inbrmation. Thus, after each uponwlution, it has ©ncatenation of feature
maps that are witin the same level. Thisoncatenationretrieveslocalizationinformation
from the contraction path tothe expansion pathAt the end,a 1x1 conwlution maps the
feature map size from 64 to, ince the output feature map only have 2 classeshe
original implementation (Ronneberger et al.,, 2015)Figure 2.8 shows the -Net
architecture gray arrows represent the skip connections to perform concaienabf
feature maps at the same levelhe U-Net advantageover other architecturs for the
semantic segmentation of geographic objeassits capacity to segment using less training
examplesbut its performance is low for lineandsmall object§compared to the total size
of imagg (Pashaei et al., 2020)
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Figure 2.8U-Net. Modified from(Ronneberger et al., 2015)

Table 2.1 compares theprevious segmentation architectures over three important
geographical objects: vegetation, roads, and wdkashaei et al., 2020Resultsshow that
U-Net surpasses the rest, except the-Bé€nseNet, buit uses less training examples and
inference time.

Table 2.1 Comparison of architectures for the segmentation of geographical objelddified from
(Pashaei et al., 2020)

Algorithm OA-Train OA-Val Prec Recall F1 mloU Veg TF Water Road
FC-DenseNet  0.97 0.95 0.95 0.95 0.95 0.90 0.96 0.93 0.94 0.96
U-Net 0.96 0.95 0.95 0.94 0.94 091 0.95 0.93 0.95 0.95

DeepLabV3+  0.94 0.93 091 0.90 0.90 0.89 0.94 0.88 0.87 0.89
PSPNet 0.91 0.89 0.89 0.88 0.88 0.83 0.96 0.89 0.87 0.83
MobileU-Net  0.89 0.85 0.88 0.79 0.84 0.75 0.97 0.85 0.69 0.76
SegNet 0.88 0.82 091 0.81 0.82 0.69 0.97 0.77 0.65 0.85

2.5 Metrics for Semantic Segmentation

Pixellevel classification is evaluated in terms of number of pixels considered as true
positive, false positive, and false negativel ‘Q o "G th@4atio of the true positive pixels

to all detectedpositive classY Q & i thairatio of the true positive pixels to the reference

or ground truthpixels Thesemetrics are definedn the equations2.2. and2.3 (Deigele et

al., 2020)

01 QOQI &t (2.2)
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YQMa 0—— (2.3)

Where, TPor true positive denotes the number of pixetsrrectly classifiede.g., road
pixels as road pixelsFPor false positiveare the number ofnnon-positive clasixels
misclassified apositive class (no building pixels as buildjra)d FNor false negative
denotes the number opositive claspixelsthat are not detected.

Theintersection over union‘O¢ "¥hetric, also known as the Jaccard ingésscale
invariantand provides a measure of the overlap between two objects by dividing the area
of the intersection by the area of the uni@s statedm Equation2.4.

"'0¢ B wi B 0 Toi BN 6 (2.9

‘O¢ ¥'the ratio of the true positive pixels to the total number of true positive, false
positive, and false negative pixelstanges from Q1 (0z100%)where 0 meansno overlap
and 1the perfect overlapping segmentatiokquation 7.3. can be written as Eajion 2.5.

0EY — (2.5)

‘O¢ iSfvidely used irthe evaluation ofmodel performance for imagsegmentation as
it provides a measure that penalizes false positive piddis. ‘O¢ "Mas beenextensiely
used in the assessment afad andbuilding extraction resultBom overhead imagerfjVan
Etten et al., 20193lue to its ability to incorporate the geometrical aspect of tlesultant
masks Figure 29. illustrates the geometrical aspect @¢."Y

Area of Overlap
loU =

Area of Union

Figure2.9. Geometrical aspect of loU Metridodified from (Pashaei et al., 2020)

2.6 Deep Generative Models

Generative models address the challenging task of estimating a distributiogio¢ma
high dimensionatiatad & , generaingsamplesrom randomwhich havean approximate
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distribution 0 ¢ of the training datain sucha waythat 0 @ A0 @& . ®nsideing a
random inputd sampled from a tractable distribution(d) supported inY dandatraining
data intractable distribution supported ilY € Theobjectiveof atrained generatorQ can
be written asEquation 26.

"QdY © 'Y hi ¢@BDH EQQidowD o (26)

The random vectod is referred as a latent variable sampled from a latent space that
in general, follows a Gaussian distributiith a mean of zero and a standard deviation of
1 (Salimans et al., 2016lhe distance minimization probleaf Equation 2. can betackled
in the Equation Z. Oncethe generator'Q is trained the likelihood of the generated
samplewfrom the latent variablexis:

0 @ 0 G0 aQdaRY)

Whered g is the closeness of the generaté& & to the samplew(Goodfellow et
al., 2014) Approximating the generator functiomtilize variousdeep neural network
architecturese.g., CNN and RNBy computing the generator parameters

Thereexisttwo main classes of generative models, the explicit and implibe. explicit
modelsare likelihoodbasedand usean explicitly defined @ . Implicit models learn data
distribution directly from training datawithout any prior model structurge using for
instance Generative Adversarial Networks or GA{&odfellow et al., 2014)which are
unsupervised learning method§he main purpose of generative models te create
synthetic data,this has many applicationssuch astacking datasetsimbalance,perform
image to text, image to imageanslation image inpaintingsynthesis ofrhagespeech and
sound andsuperresolution

2.6.1 Generative Adversarial Networks (GANS)

GANSs learn a generation function from a training distribution using aglager gameof
neural networkscalledthe generator and the discriminatdor critic) The generator tries
to fool the discriminato by generating imagethat look real The discriminator tries to
distinguish reatraining data(@ 0 ) from generatedimages.The main challengés to
simultaneoudy train these two networks a way that both get better in every iteratiofor
this, the minimax loss functiorcalculatesthe difference betweenthe estimated and the
trainingdistributionasin Equation 2.

ETE¥W, O ® Mx O O o (28
Where'QGis a set of functionand the lossomputes thedistributionr]  that minimizes

the overall discrepancythe first term of Equation 8.representsthe discriminatorwhich
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uses directly the training dataset, the second part corresponds to the gendfabuses
the latent space to create synthetic dataquation 2.3 can be rewritten in terms of the two
playersvialogarithmlikelihood inEquation 2.

I ETEM, a&¢Q@ M, a&¢® O O «a (2.9)
The discriminatoneeds to maximize the objectivieinctionfor — suchthatO
p, whichleads the ouput to be close to the real dataThe termO O & © masitis

fake data therefore, the maximization of the function for— will ensure that the
discriminator can separat real and fake dataThe generatorneedsto minimize tre

objective function fo—such thatO O a p. If this happens the discriminator will

classify generated data as re@ihe optimization of the objective function performed in
two steps repeatedlyfFirst, the gradient ascent ised for the discriminator term, therthe
generator termis minimized using gradient descenn practice, the second step is not

feasible because theterm ¢ '® O "O & is dominant wherlO O a p.
Since the opposite behavior isquired the gradient ascenshouldinsteadmaximize the

modified generatorterm | AW, &£ Q 'O & hand then, the generator is

trained and can be used separatdiygure 2.0. illustrates the process wharaininga GAN,
the image is modified froniGoodfellow et al., 2014)

o Data distribution o Generator distribution % Discriminator

A

- ]
4o s

Figure2.10. GANSs trainingA random vectord is input to the generator to create a fake outpit 0 G

(green curve), that is far from original distribution (black curve). Therefore, the discriminator classifies this
output as synthetic forcing the generator to generate outcomes closer to the data distribution. Finally, the
discriminator is unable tdetect between real or generated datilodified from(Goodfellow et al., 2014)

A limitation of GANs is the unstable training process, where discriminator and
generator train in parallel. The discriminator sends gradients to the generator, if these
values are beyond a specific interval, the process diverges, the losses of the discriminator
go to zero and the loss of the generator explodes. This causes the generator to create
artifacts or images that are far from the training datageadford et al., 2016Doing data
augmnentation increases the risk of instabilijue to the change of data distribution, so a
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proper data augmentatiomor both discriminator and generatas required(S. Zhao et al.,
2020)

2.6.2 Image Generation and Image to Image Translation

Image generation is the process of obtaining an image from a random space, this is, the
obtention of synthetic images that plausibly resemble the characteristics of existing
distribution of training samples. Main application of image generation is synthetic data
creation for model training, computer graphics, and desftgola et al., 2017)Image
generation is typically performed by generative models

Image to image translation the conversion of a source image to a target imalger.
example the conversion oatellite imageso google maps images or the rever@sola et
al., 2017) 1t is a challenging problerhat requirescustommodels and loss functions for
everytranslation task or dataseCommonapproachesise pixelwiseclassification models,
but main issueas that each predictegixel is independent of the pixels predicted before it
and the broader structure of the imagright be missedThese considerthe output space
I & & dzy ai M@ sameRHat each output pixel igegarded as conditionally
independent from all other®f the input image.Image translatiorhas demonstratedts
poweron a range of interesting taskksola et al., 2017; Zhu et al., 2016y example

Semantic labelso images: (Cordts et al., 2016has successfully performed
translation of semantic images to photographs using the Cityscapes dafiastd.

et al., 2017)presented anexamplefor the conversion ofarchitectural semantic
labelsof building facades to photographis,wastrained onthe Facades dataset.

Satellite toMap andreverse Data can be scraped from google maps or other map
serviceto perform the translation between maps and satellftsola et al., 2017)

Black and white to color photographs, dayright photographs, thermal images to
color photographs (Machine Learning Mastefty www.machinelearning
mastery.con.

Product sketches to photographs or edges to photographs: this is an important
application in fashion and retgiGoodfellow et al., 2014)

Imageinpainting: it consists of replacing white or black pixels present in an image to

generated pixels in some sort that the resultant image has appropriate context.
Figure 2.1 modified from(Isola et al.2017)illustratesimage translation examples

25



Input Ground-truth Pathak et al.

(a) (b)
Figure 211. Image Translation Examples. (ajage inpainting (b) Satellite to Map TranslatiorBatellite to
map image to image translatioexample usingix2pix The model hardlgistinguishes the street details in
the first epochs of training (left image), after 100 epochs different type of roads, parks and buildings are well
differentiated (central image), when 150 epochs of training are reached (right image), fine details are
improved for all the objects.

2.6.3 Conditional and Unpaired Image to Image Translation

Conditional image to image translation is the controlled conversion of a source to a target
image. Conditionally meanthat the loss functionmakesthe generated imageo be
plausible both in the content dhe target domain, anés atranslation of the input image.
A conditional generative adversarial networlcGAN architecture(lsola et al., 20175 an
extension of the GAN architectu(&oodfellow et al., 2014; Isola et al., 201@)train a
generator model, used for generatingiagesin a conditional mannerThis is, thecGAN
controls thatthe image that is generatedelongs toa specificclass In the same was
GANSs the discriminator modelof cGANis trained to classify images as real (frone
training dataset) orgenerated(synthetic images)and the generatoof cGANSs trained to
fool the discriminator.For cGANsto learn a conditional generative modedf a data
distributionit requires a paired datasgetlescribed in a previous section

Unpaired image to imageanslation is the conversion of a source image to a target
image without the need of a pix¢b-pixel paired datasefZhu et al., 2017)Thismethod
can lean to capture special characteristics of one image collection and figuring out how
these characteristics could be translated irttihner image collection, all in the absence of
any paired training examplesor conversely using an unpaired datasét successful
approach for unpaired imag®-image translation ishe CycleGANarchitecture The
CycleGANZzhu et al., 2017y alsoan extension of the GAN@hitecture(Goodfellow et al.,
2014)in which ame generator takes images from the first domain as inguid outputs
images for the secondomain, and other generator takes images from the second domai
as input and generatesnages from the first domainfwo dscriminator models are then
used to determine how plausiblthe generated images are and update the generator
models accordingly. This extension alonght besufficientto generate plausible iages
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in each domain, but noénoughto generatetranslations of the input imagedhis means
that adversarial losses alone cannot guarantee that the learned function can map an
individual inputw to a desired outputw. To solve thatCycleGAN uses an additional
extension called cycle consistendlyis is that an image output by the first generatmuld

be used as input to the secompgenerator, and the output of the second generator should
match the original image. The reverisalso true: an output from the second generator can
be fed as input to the first generat@nd the result should matcte input to the second
generator. Cycle consistencgmesfrom neuralmachine translatiofNMT)where a phrase
translated from English t&panishshould translatefrom Spanishback toEnglishand be
identical to the original phrase. The reverse processikhalso be trueCycle consistency
is encouragedby adding an additional loss to measure tddference between the
generated output of the second generator and the original image th@deverse. This acts
as a regularization of the generatorodels, guiding the image generatignocess in the
new domain toward image translatiqZhu et al., 2017)

Unpaired image translation has many applicatisosh as: Style Transfer, thagfers
to the learning of artistic styleften paintings, and applyinigy to another domain, such as
photographs.Object Transfiguratiorefers to the transformation of objects from one class,
such asapplesinto another clas of objects, such asanges Season Transfeefers to the
translation of pictures taken in one season tanother, such assummer to winter.
Photograph generation from paintings is the synthesis of photorealistages given a
painting, typically by dgamous artist or sceneFinally, Image Enhancement refers to
improvementsof images in specific aspect&Zhu et al., 2017)

2.6.4 Pix2Pix

The Pix2Pix GAN architecture is an implementation of the cGAN, where the generation of a
targetimage is conditional on a givemput image(Isola et al., 2017)The generator model

is provided an image as inputto generate a translated version of the image. The
discriminator model is given an input image and a real or genenaiteslpaired imageo
determine whether the paired image is real or generated. Finally, the generator model is
trained to both fool the disriminator model and to minimize the loss between the
generated image and the expected target image. As such, the Pix2Pix GAN must be trained
on imagepaired datasets that are comprised @ourceimages (before translation) and
target images (after transteon). The Pix2Pixarchitecture is a general approach for
conditional image translatignit has been trained and testefdr a wide range of image
translation taskqlIsola et al., 2017)t involvesthree componentsa generator modela
discriminator model, anda model optimization procedure. Both the generator and
discriminator models use standard ConvolutiBatchNormalizatiorReLU blocks of layers

asin anydeep convolutional neural networks.
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The generator models based on the U-Net, and wlike a standard GANnodel
(Goodfellow et al., 2014)t does not take aandompoint & from the latent space as input
Instead,it takes an image from source domain as ingeuy., satellite) and produces an
image inthe target domain(e.g., map)The source of randomness comes from the use of
dropout layers that are used both during training and predic{izola et al., 2017)

The discriminator model takes amage from the source domain and an image from
the targetdomain and predicts the likelihood of whether the image from the target domain
is real or generated.Pix2Pixdiscriminatormodel uses &PatchGANwhich is anetwork
designedo classifypatches of an inpuimage as real osynthetic(Isola et al., 2017 yather
than doingit over the entire image.The discriminator tries to classify if eadxN patch
(70x70)of an image is real ogenerated by the modelThe Patchis run convolutionally
across the image, averaging all responses to proaiddtimate scalar valueThe PatchGAN
discriminator model is implemented a<CiAN but the number of layers isetsuch that the
receptive field of each output adhe network maps to a specific size in the input image
(70x70) ThePatchGAMutput is a singléeature map of realbyntheticpredictions thatare
averaged to a score. A patch size/0k70pixelswas foundio bethe mosteffective across
a range of imag¢o-image translatiorexamples (Isola et al., 2017)

A standard GANmodelis trained in a standalone mannéGoodfellow et al., 2014;
Salimans et al., 2016pix2Pixdiscriminator modedoes itthe same way, minimizing the
negative log likelihood of identifying real agdneratedimages, althougleonditioned on a
source imageHowever, sice te discriminatortraining is too fast compared to the

generator, the discriminator loss is halved ‘ in order to slow down the

discriminatortraining. The generator model is trained using both the adversarial gs

the discriminator and the mean absoluteerror (MAE)or L1, this is thepixel difference
betweeneachgenerated translation of the sourémage and thecorrespondingexpected
target imagen the training datasetThe adversarial loss and the L1 loss are combined into
a composite loss function, which is used to update the gate@ model.In the original
paper by(Isola et al., 2017).2 losgsum of squared differencgsvas also evaluatednd
resulted in blurry imagesThe adversarial lossonditionsthe generator modeto output
images that areplausible in the target domain, the L1 loss regularizes the generator to
outputimages that are a plausible translation of the source imagthis way, he objective

of the discriminatordoes not changebutthe generatomeedsto fool the discriminatoybut

at the same time, get outputaear to the ground truth. The compositelossfunction is
controlled by a hyperparametezalledf | Y6 Rl oranges betwkek Ot& 100, e.9.,
giving 1o 100 times the importance of the L1 lassmpared tathe adversarial loss during
the generatortraining. Equation 210. shows the composite loss function for the generator.
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Generator Loss = Adversarial, | 0O  Ldss (210

2.6.5 Paired and Unpaired Dataset s in Deep Learning

A paired dataset is formed gxamples of input image® (e.g.,shoessketche$ and the
expectedtargetimages w (e.g.,shoeg coupled pixel to pixelThe target imageslso called
masks or class labedghibitthe desired modificatios of input images at a pixtdvel Paired
datasetsare challenging and expensive faroduce sinceit requiresthe pixekto-pixel
correspondence, for instanctgkingpictures of differentscenes under different conditions
is difficult to comply Moreover, in many cases, thee datasets do not exisbr cannot be
produced due to copy rightsaas with the famous artists paintings and their respective
photographs (Isola et al., 2017)Paired dataset are specifically used in semantic
segmentation problems, where an input image is classified into an output binary (black and
white) or multicolor mask image.

In contrast, @ unpaired dataset consists ofo groupsof images (e.g., horses), and
® (e.g., zebras) that are not related in a piweése manner, but they havegeneral
characteristicshat can beextracted from eaclyroupand usedo convert fromdto . This
type of dataset is more used in sesupervisedor un supervisedearning.Figure 2.2.
presents examples of paired and unpaired dataggtau et al., 2017)

Z; Yi

Figure 212. Paired and Unpaired datase{s) Horses to zebras paired dataset, (b) Horses to zebras unpaired
dataset.
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Chapter 3

3 A Methodology to Extract GISVector Layers from Orthomosaics
using a Deep Generative Model

This dapteris a brief description dhe methodology, composed by a pipeline of three
consecutive methods for vector objects extraction from orthomosdicstarts withthe
production of imagemask paired datasets for points, lines, and polygongsing drone
orthomosaics. Rer that, adeepgeneratve methodis choserand usedo createmasks for
objectsof interest in input imagesrhepost-processingnethod appliesa generative model
to cleanand improvehe resultantmaslsof the second methodndconvert them tovector.
The three methods form the core of thethess, they areintroduced next, and further
descriled and testedin the comingchapters.Figure 3.2 illustrates our methodology.

GIS
; Generation
Orthomosaics msjiy- Paired Data — Image to Mask Post-Processing =P \Vector
Layers

Figure 3.1Proposed methodology.

3.1 Paired Data Method

This methodproduces balanced and featurenriched datasetsto make generative
model be more robust to geometric, spectral, and mu#cale variations ofjeographic
objects It also pretendso speed up and improve theainingof the generative modelhen
applied b point, line, andpolygonmasksobjects Datasetsconsist othree channel$mages
chipsand correspondingmasks(img, msk)paired pixel to pixeli.e., ¢irone image chip
binary mask)Separate dataets are produced and usedb extractpoint, line or polygon
objects Figure . summarizes tis method.

30



Ground Truth o

'  Mask Production | Input data | Python :
Vector Layers — “jhqattribution ] Output data

point, line, polygon
0SM, Manual

y Ve
! Image captioning ! i Tessellation,
» Pairing and
Splitting
,,,,,,, .
|

; | Data Augmentation |
Aerial : (random) !

Raster Layers
Orthomosaics, DSM :
Satellite, Drone
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Figure 3.1Summary othe methodto producepaired datasets.

As shown in Figure 3.1, the workflow starts with two separate pipelines, one is the
Ground Truth (GT), consisting of points, lines, or polygon objects of interest in vector format
(Shapefiles, or GeoJSOftkiat can be queried from OSMrhe Aerial Raster Layers are
composed by the orthomosaics and the D8Mained by satellite or droneBoth pipelines
get together at tessellation and captioning steps, where specific chip sizes for images and
masks are producedhe imbalance check is performed for every mask, and then pairing
chips into single imagex the form (img,msk) are produceHBinally, a random split into the
training, validation, and testing dataseis appliedusing a desired percentagéll these
stepsare describedhoroughly in thenextchapter.

3.2 Generative Method for Image to Mask Translation

Imageto image tanslationis a techniquéased ondeepgeneraive models in which
amodellearnstargetlabels (maskdyom imagesin the source domaire.g.,satellite,drone
orthomosaic$ (Ballesteros et al., 2021\We proposdo useimageto masktranslation as a
alternative of semantic segmentationto extract vector layers fromorthomosaics.
Gonditional and unpaired generative nodels for imageto-mask translation are
implementedand comparedAfter resultsthe bestoptionto generatemaskdor point, line,
andpolygon objects from drone orthomosaiisschosenThechosenmodel needs to tackle
the following challenges:

Quality masks:Model should generate masks with a high similarity to the ground
truth, especially in the case of objects with right angles (nmede objects). This
should producea smaller number of false positiveempared to other models
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Data requirementsSince most projects in geography does not have a huge amount
of data, model should bkessdata hungry Paired or unpaireddatasetsmight be a
requirement.

Class imbalanceaf the model is affected by imbalance, it should provide a teay
mitigate it.

Same model architecture valid for point, line, and polygarasks The same model
architecture can be trained to generate masks for point, line, and polygon objects
without the need of manual engineering.

Cleaning and simplification of masktodel can support a way to clean and simplify
masks.

Attribute extraction: Model can be used to obtain binary masks, but also multi
classcolored masks employed to automatically extract attribubebject types

3.2.1 Use of Height Information in Generative Models

Few recent studies have integrated CNNs with height geometric informatening from
a DSM and normalizing with a DT8un & Wang, 238; Zhang et al., 2015 ypical two
approaches argrhetherto input afourth channel with the height informatioto a network
or having two networks that receive RGB and height informatioseparated and
concatenate results at the en@armanis et al.2020. Resultsin building segmentation
and land cover maps shad thatthe use ofDSMhighly improved thepixelaccuracy1.2%
up to 1.8%)AkFNajjar et al., 2019)Aso, results were better when normalizing DSith a
DTMto obtain local height and when using a fourth channel in the networkhérfuture
sectiondedicated to the generative modebur approach is to fuse heigmtformation into
the three channe$ of RGB imageand compare it with replacing the blue channel with the
height information.

3.2.2 Automatic Attrib ute Extraction in Generative Models

The attribute extraction of objectsis a part of theautomatic layers extractionprocess
Attribution is the process of giving characteristics to each objectsamc them in a table

in an organized mannetn a GIS, object attribution is as important as geomeanyd
coordinates of objectsSince masks can be coloredolor can be used to @ode a specific
attribute (Van Etten, 2019)n the same way, color decoding is a way to perform attribute
extraction.For instance, a road can be gre@r high speed, yellow for mediyrand red for
low-speed valued-igure3.2. showsan example ohttribute extraction via coloencoding
decodingIn chapterb, we will test color encodindgecoding in a generative model with the
purpose of extracting attributes frorour road dataset.
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Figure3.2. Colorencodingdecoding for attribution Image showsype of vehicles encoded by color. Blue are
motorcycles (code=1), green repressmars (code=2), anded color are ghosts of cars (code=Bhage
modified from (Ballesteros, 2022).

3.3 Post-processing Method

Normally, postprocessing consistsn the application of several heuristic and
consecutive methodgrior to vectorizationfor clearing resultant masksof deep learning
modek (Pote, 2021; Ren & Xu, 2015; Saeedimoghaddam & Stepinski,. 2020)also
common to usea set of tools after vectorization to improve resultant vector layers.

3.3.1

Post-processing of Resultant Masks

There area set oftoolscommonly usedo post-processesultantmasksgenerally irregular
anddiscontinuouswith the purpose of cleang, refining, and converthem to vector(Ng
and Hoffman, 2018komeof themare:

)l

Golor equalizationlt is accomplished by effectively spreading out the most frequent
intensity values, i.e., stretching out the intensity range of the image.

Morphological operations: They are of two types applied one after the other,
erosion followed by dilation. Erosion removes speckle noise (“islands"), but it also
shrinks objects. Dilation rexpands the objects.

Fill in holes: The converse of the previostep, removing "lakes" (small false
negatives that are topologically inconvenient) in the mask.

Contouring: Continuous pixels having same color or intensity along the boundary of
the ask are joined. The output is a binary mask with contours.

Vectorization: It is the transformation of data representation in which objects are
converted from intile pixel coordinates (masks) to GeoJSONSs or Shapefiles formats
in geographic coordinategfitude andlongitude).
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3.3.2 Post-processing of Vector Objects
Fa deaningvector objectsafter vectorization,another seriesof tools can be appliedne
after another(Ng & Hofmann, 2018; Sahu & Ohri, 2019; Touya et al., 2013)are:

1 Simplification or generalization: DouglBsucker algorithm is applied which takes
line segments and gives a similar cuwith fewer vertexes.

1 Merging: This tool combines vector polygons or lines that are nearly overlapping,
such as those that represent a sin{gature broken by tile boundaries, into a single
polygon or line.

1 Centerline Roads, rivers andther objects are often represented by complex
polygons. Since one of the most important attributes of a linggectis its length,
extractingthis attribute and linear geometrirom a polygoris very useful

Postprocesing becomes ambersomein this wayand results areachievedby hand
engineering(Filinet al., 2018)Figure 33. shows some&xamples ofafore mentioned steps
(Ng and Hoffman, 2018)

(a) (b
Figure 3.3. Postprocessing steps(a) Douglad?eucker simplification of a line, (b) Merging of building
polygons.

Compared to hand engineeringur postprocessing methodchapter 6)uses adeep
generative model and look to solve discontinuity (false negative pixels) and irregularity
(false positive pixels) of resultant masks, caused by the original generative i©®bthing
better quality masks in this regard, for point, line, and polygon objects in orthomosaics, may
lead to a better vector representation.
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Chapter 4

4 A Method for Producing Paired Datasets

The first method has the objective of producinglatasets withhighly discrimindive
information fortraininga generativenodel tocreatemasksor point, ling or polygonfrom
orthorectified imagesNext, theworkflow of themethod is described as well datasets
examples obtained bgxperimentationusing thismethod.

4.1 A Workflow for Producing Paired Datasets

To create gaireddataset, vector ground truth data and orthomosal@SM are initially
processed via Python scripts in two separate process Iigare4.1 showsthe different
steps of themethodfor producingpaired datasets.

j Pl . i Y output
Vector | Vector masks i | Rastermasks ' | Colormasks | Inputdata :Z:iputz i
Layers r Buffer (m) > and % Afffrbutes=f(color) | Bomomooe !
. i i | Primitive masks | | i.e., speed class
Lt (R
,,,,,,, Y
| 1 Tessellation ! [
Manual ! Captioning b (NxN) px - Pairing [ Splitting
Edifion ! (NxN) px ‘-vj and > (img, msk) > (1-) train,
: i |mba|ancg check ! (2NxN) px | a2testandvalid i
Threshold (t) :
,,,,,,, B e
! Geometric . Spectral ! Datafusion / !
i augmentation © 1 augmentation | ! ;
Raster | 2 P | ! RGDSM =RGB+DSM | Paired
i (random) I (random) i
Layers > - Lol VARI=(GRY (GWRB) | A w\ dataset
o i overlapping (%), [ Brightness, P ' ' (img, msk)
| rotations (deg), P ilumination, | i ASPECT
magery mirroring (hor, vert) | | contrast(%) :

| o . i v
P Pt e B ! To training

Figure4.1. Method for producingpaired datasets.

4.1.1 Raster Layers: Aerial Drone Imagery, DSM, DTM

Aerial imagery, especialbatellite anddrone orthomosaics, is becoming ubiquitodi$uis is

due to ease of use anthe affordable price of consumer and professional draresd also

to therapidly increasing availabilitgualityand price of satellite imageAvola & Pannone,

2021; Waer et al., 2019)Orthomosaics are created by stitching images that partially overlap,
using a method called Structure from Motion (Sfameyama & Sugiura, 202Drone
orthomosaics have a very high spatial resolution, measured by the Ground Sample Distance
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(GSD)Heffels & Vanschoren, 2020; Shermeyer & Et®1,9; Weir et al., 2019which is
the physical pixel size; a 10 cm GSD means that each pixel in the image has a spatial extent
of 10 cm. The GSD of an orthomosaic depends on the altitude of the dlgivie ground
level (AGL)and the camera sensoDrone image dta is acquired by executing several
autonomous flights, using@mmerciadroneand a controlling App, for example: Dji Mavic
3Pro,Dji Phantom 4Pro V@r other with the Capture ApgProfessional Photogrammetry
and Drone Mapping Softwatevww.pix4d.con). Rawdrone photogrgphs are commonly
obtainedat heights betweerbO0 and250 m AGLdepending on the GSD required for the
specific application and local flightgulation by the authority (e.g., FAAlapping areas
are covered with flight lines using a frontal overlap8®85% and a lateral overlap @D
75%.An orthomosaic to cover oneectare areal extent is obtained in around one minute
of flight at 100 metes AGLIndividual images and GPS ladghe flightsare processed i
photogrammetric software to obtain default photogrammetric products which are an
orthomosaic,a DSM, and a 3D point cloud aimapping areaWe employedOpen Drone
Map (www.opendronemaporg),an opensource software, tambtain mentioned products
when processingaw drone imagegBallesteros et al., 2021)heWGS1984 is theommon
Geographical Coordinate Systgf@CS) used to gaeference the productsFigure4.2
illustrates the workflow for the acquisition and processing of individaai droneimages.

image |
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Individual
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Figured.2. Drone imagerylata acquisition and processing. Indivitldeone images and GPS Log are processed
in Open Drone Map software to obtain drone orthomosaics and DSM

Although the method is intended to be applicable to any aerial overhead imagery. We
use drone imagery that was acquired over fifteen smalhtedium size urban areas in
Colombia, South America. Figure 4.3. shows an example of the acquired drone imagery. A
concise list of the drone acquired imagery and its metadata is presented in table 4.1.
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Figure 43. Drone orthomosaic and DSM [AtrialRaster LayersThis example corresponds to the urban area
of El Retiro, Colombia, with a GSD of 7.09 cm/px

Table 4.1. Acquire®rone Imagery

Settlement Geographic Extension Flight Height GSD Area
(Xmin,Ymin,Xmax,Ymax) (m) (cm/px) (Hectares)
. -75,5057858485094 6,0545667200030:
ElRetiro, Ant. -75,4995986448169 6,0654441660544: 120 7 82.9
La Ceja, Ant. -75,4379001836735 6,0313098089486: 80 55 16.8
-75,4332962779884 6,0342695019348
Prado_largo, Ant. -75,5311888383421 6,1563654647232( 920 57 40
- -75,5226877620765 6,1601860062243
Rionegro, Ant. -75,3809074659528 6,1394740103362: 80 55 62.7

-75,3760197352806 6,1498805024772

4.1.2 Geometric Data Augmentation
Data augmentation improves performanoé deep learning model@uslaev et al., 2020)

it helpsmodel generalizatiorfBlaga & Nedevschi, 2020; Y. Long et al., 2021; Sdfig&
2020; Weir et al., 2019)ncreasing the number of available examples to train a model.
However, there are not many studies on the influence of data augmentation on geographic
data, and specifically, which of the augmentation methods is the besbntric
augmentation consists of transformations in scale, angle, and form of images. These
variations depend on the field of application and particularly, on the requirements imposed
to a model. For instance, ninety degrees mirroring may not be appéicttblcommon
objects like dogs or bikes, but they are applicable to overhead imagery. Most important
geometric augmentation methods for geographic objects@weslaev et al., 2020)

Rotation: Consists of small clockwise rotations of images, suggested value is 10
degreegBlaga & Nedevschi, 20R0

Mirroring: It is a transformation in whighupper and lower, or right and left, parts
of images interchange positionThey are commonly referred asenical and
horizontal mirroring

Resizing or Zoomindt is the magnification of certain parts of an image, zooming in
or out.
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Crop:lt is the trimming of an image at certain place.

Deformation: It is theelasticchange of the proportion of image dimensions. It is a
common phenomenon that occurs in therders of orthomosaics.

Overlappingit is the repetition of a part of an image measured by a percentage (%).
Some of these transformations are implemented in open python librdBeslaev et
al., 2020)

Geometric augmentation is applied to the Aerial Raster Layers. Overlapping of 10% and
20%,clockwise 10 degree increasing angle rotations, as well as mirroring (90 degrees) are
used. Figure 4.4. shows examples of (img,msk) pairs obtained by the application of different
types of geometric augmentatiodnnex 1 contains our scripts implementationJupyter
Notebooks for geometric overlapping, rotations, and mirroring.

©) f)
Figure 4.4Geometric Augmentation. (a) Rotation, (b) Mirroring, (c) Zoom, (d) Cut, (e) Elastic Deformation, (f)
Overlapping.

4.1.3 Spectral Data Augmentation
It isthe change in brightness, contrastnd intensity (gamma value) of imag€Buslaev et
al., 2020) They are described as follows:
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Brightnessit is the amount of light of an image,iitcreases the overall lightness of
the imaga for example, making dark colotghter, and light colors white(GIS
Mapping Software, Location Intelligence & Spatial Analytics | &gniv.esri.con).

Contrast:It isthe difference between the darkest and lightest colofsan image

An adjustment of contraghay result in a crisper imageakingimagefeatures may
become easier to distinguigelS Mapping Software, Location Intelligence & Spatial
Analytics | Esriwww.esri.con).

Intensity or Gamma Valudt refers to the degree of contrast between the ral/el
grayvalues of an image. It does not change the extreme pixel values, the black or
white, it only affects the middle values (Buslaev et al., 2020). A gamma correction
controls the brightness of an image. Gamma values lower than one decrease the
contrast in thedarker areas and increase it in the lighter areas. It changes the image
without saturating the dark or light areas, and doing this brings out details in lighter
features, such as building roofs. On the other hand, gamma values greater than one
increase thecontrast in darker areas, such as shadows from buildings or trees in
roads. They also help bring out details in lower elevation areas when working with
elevation data like DSM or DTM. Gamma can modify the brightness, but also the
ratios of red to green tblue (GIS Mapping Software, Location Intelligence & Spatial
Analytics | Esri, www.esri.com)

Figure 4.5 shows examples of the resultant imagen when different types of spectral

augmentation are applie(Buslaev et al., 2020)
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Figure 4.5Spectral Augmentation. (a) Brightness, (b) Contrast, (c) Intensity (Gamma Value).

Spectral augmentation of Aerial Raster Layers is implemented in open python libraries
like PIL(Pillow, https://pillow.readthedocs.i9. Typically,10% increment or decremeruf
current values is applied. Annex 1 contains our implementation in a Jupyter Notebook for
increasing and decreasing 10% of default values of brightness, contrast, and intensity.

4.1.4 Data Fusion
Due to computational limitations, most of Deep Learning models for computer vision
make use of imagewith three channe$ (bands), i.e., RGB image&a et al., 2018)Data
Fusion is a wga for incorporating additional discriminant information to the available
channels. Objects height can be a discriminant where exist intricate spatial relations. For
instance, the spatial relations between vehicles, roads, trees and buildings are good
exampes of such a case. Also, there are many popular vegetation indexes developed in
remote sensing and mostly used in agricultural monitoring. The-kmeNvn Normalized
Difference Vegetation Index (NDVI) quantifies the health of vegetation by measuring the
difference between bands in a near infrared image (NEHg et al., 2019Data fusia is
applied to orthomosaicfor integrating heigh{DSM, DTMbr indexes(NDVI, VARIhto a
dataset as follows:
1 Height: The DSM, which contains the height of objects in an image can be fused
with the orthomosaics, by adding it whether algebraically or logarithmically, to
each red (R), green (G), and blue (B) bands as stateqguations 3.1and 3.2
Other option isreplacing any of the bands with DSKbr instance the blue
band, this comes from the idea that blue color is less frequent in objects of
nature, RGDSN4 calculatedn Equation 3.3.

"OY'08 'Y 'O°YOh' O°YOh" OTYD (3.1)
OOY08'Y 0€0QYOhO 0¢&QYOhO 0€& QYD (3.2)
Y'OOYD YR'OR'OYD  (3.3)

In any case, the resultant image is a three bands false color composite {L6pez
Tapia et al., 2021) with values ranging between 0 and 255, so values of every
band should be rescaled to that interval. For instance, the DSM iscaled

from its original values in meters (Zhang et al., 2015). The resultant image can
be called NDSM, and it is obtained by Equation 3.4.

40



000 0O"YgO"Yd a Q¢ BEFROHOYD & & e T VWY a Q¢ AU
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of the DSM respectively. More datasets are including tlieses height as a way

to improve image understanding, for example, the NYU depth V2, the SUN RGB
D, and the HAGDAVS (Sun & Wang, 2018; Ballesteros et al., 2022).

Index:It may replaceone of the RGBhannels of amrthomosaicwith the value of

an index. The Visible Atmospherically Resistant In(éXR) was developed by
(Gitelson et al.,, 2002)on a measurement of corn and soybean crops in the
Midwestern United States, testimate the fraction of vegetation in a scene, with
low sensitivity to atmospheric effects in the visible portion of the spectriinis
exactly what occurs in lowltitude droneimagery(Eng et al., 2019Equation 8.5)
allows to calculate the VARI for an orthomosaing thered, green and blue bands
of animage.

WOYOOI'® YQT 'O QQEYQRNS6 a 6(R5)

VARI Indexshould also be rscaled to the RGBrthomosaics values interval
[0.,255.]. Equation (3) can be used t@btain the NVARI IndeRata fusion is used
to replacethe greencolor with the VAR Index This hashe purpose of betteand
faster discriminge green objects, removing the effects of the atmospheric
distortions Figure 46. shows the resultant examples of height augmentation; RG
DSM, and index augmentation, the RVARIDSM ¢tallee composite images.

NDSM: [0,255]




Figure 4.6Data Fusion. (a) Height Augmentatiéialse color composite RBSM image obtained by fusion of

red and green bands and use of DSM insteatth®@blue band The RE@SM is a bluistooking image in terms

of the height of the objects, the higher the objects in the image the bluish the ,colould height aid to
segment ehicles from roads, and roads from trees and buildings, even when they exhibit similar spectral
responses(b) Index Augmentationesultant RVARIDSM false color composite in@geained by data fusion

of Red, use of NVARI in the green baadliscriminate green objectsand the NDSM in the blue bard
discriminate different heights.

4.1.5 Vector Layers (Ground Truth) : point, line, and polygon objects

Depending on the location in the worldestor ground truth data is obtainetby
queryingfor existing objectdike roads and riversgnd less frequently for buildinge the
OSM world databasé\ Python script to query vector objects from OSM database, and their
conversion toshapefiles is provided in Annex [f.inexistent, vector layersshould be
produced by a manual digitalization on the PC screen using the input orthomosaics and DSM
as base layers anttacing point, ling and polygon objectsA description of a manual
digitalization of each geometry is as follows:

Point: Point vectorobjects are those than can be represented éio coordinates
at a geographical extent. They are created by pinpointing them over the
orthomosaic at a place that represents object extension and locat®ome
examples of point vector objects are vehicles, poles, trees, road signs, tanks.

Line: Linear objects are those in which length is a lot larger than width. They are
digitalized by adding verticesdw at any change of direction, and have at least two
vertices. Some examples of line objects are roads, rivers, and trains.

Polygon:Vectorpolygons represent region objects; they are digitalized by creating
vertices at each change of direction until last vertex coincides with the initial one.
Buildings and forests are examples of polygon objects.

4.1.6 Vector Masks, Raster Masks and Color Masks

Pont, line, and polygon ground truth vector layers, obtained from OSM or by manual
digitalization, are buffered using a distance parameter. The resultant vectors are called
vector masks. They are converted to raster (rasterized) to produce a raster masteA r
mask is an image with the same geographic extension of the input orthomosaic or DSM
from which objects are vectorizgdlypically millions of pixelsRaster masks can be binary
(black and white), they represent only one object of interest (positiess) and its
background (negative class). Thesjiive classs encoded inwhite color (class = 1)it
competes againstthe ground dominant classencoded ablack(class = 0)A color raster
mask may be used when extracting objatttibutes. for instance, road speed, vehicle type,
roof material and many othersProdudng raster masks semi automaticallfor vector
objectsneeds aroptimum buffer distance Since it isised to ircrease the size of point and

line vector geometriesitisad G N> RS2FF¢ 06S0i6SSy @nliukey 3 A Yol
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distancg with nomisclassified pixelsnd including a high number pixels witha certain
degree of misclassificatioflarge bufferdistancg. Since masks for polygon objects are
generally not imbalancetheir buffer distance is zero (O)/ector masksare rasterized
converted to binarynasils, or if attributes are needed, they are rasterized into cotasks

4.1.7 Image Caption and Image Captioning

Image Caption is thautomatic description of a given image agentence that has sense

in a specific languagdt has been a fundamental task in the Deep Learning doath
counts with manyapplicatiors in web search and the help of blind people.Image caption

can be regarded as an eitd-end sequence to sequence problem
(www.machinelearningmastery.comas it converts images, which is regarded as a
sequence of pixels to a sequence of wor8tate of the art Image Capti@ystems use a
combination of a CNN and a Recurrent Neural Network (RNN). The first network classifies
and retrieves the characteristics (words) found in the image, the second extracts a correct
sequence of words that describes the ima@ényals et al., 2015Nonetheless, image
caption is ot yet widely used in the GIS domainproposed application in this field would

be to automatically describe overhead images. Image Captioning is the process to assign a
list of valid attributes to every image in a dataset. This iddbeing of imagesvith alist of
attributes. To trainan image caption modeilnage captioning should be applieddcset of
imagesthat containsobjects of interest and store them a¥é OAGO R O "Qbst The
Ground Truth Vector Layers witlt@butes for an object of interest stored in vector files
(shapefile or GeoJSOale inherited by the images when they are both split with the same
extension (desired output image size) at the tessellation stpgeducing a captioned
dataset. Br instan@, a vehiclemay have attributes likéype (truck, bus, car, motorcycle,
etc.), service (public, private), color (red, green, black, white, eted many othes. Image
captioningresults inspecialized datasets for describing point, Jinepolygonobijects, i.e.,
vehicles, roadsandbuildings.

4.1.8 Image Tessellation, Imbalance Check, Pairing and Dataset Splitting

Due to computational restrictions, it is common to train deep learning models with square
256x256 px images. In this respect, orthomosaics and raster masks (binary or color) are
huge, thus they should be tessellated at a desired 8iz@roducing § w (pixels) image
chips, for example, 256x256 pixels or oth8mce many geographical objects are scarce
respect to the ground, they produce an-malance maskClassmbalance is a common
problem that affects performancef deep learningnodels, moving the ecision boundary
towards the dominant clag$s. Wang et al., 2016)jhe mbalanceratio of the positive class

can be calculated for a specific dataset withmages as in Equation 3.6.

04 GO & e E0R £ | Qb @i BT, (3.6
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Values of around 0.5 in thiequation 3.5. correspond to a pixel balanced mask, values
below 0.001 are an extremely imbalance masSkery imagemask chips corresponding to
a balance mask are saved as a whole imagefo§ (pixels), for instance 512x256 pixels.
Imbalanceratio is checked on every mask using a thresholdnstead of calculating it on
the whole raster maskinally, a random splitting of the dataset is dargng a proportion
value h. An initial partition into p | F2NJ GNI AYyAy3AZ destiRgish F2NI ¢
performed. This last dataset is agaiandom split intg 7¢ to produceseparate validation
and testing datasets.

Different sizescan beused fortessellations, startindgpottom up from 256x256pixels
to 512x512andending up at 1024x102dixelimages orthe other way aroundimages and
corresponding masks are then pairgdo (img,msk) with sizes of 512x256, 1024x512, and
2048x1024 pixelsSince imbalance can affettte performance othe generative model,
every (img,msk) pair should be checked to passdmalanceratio thresholdo, for example:
10%, 20%This is performed in the imbalance check stEmure4.7. shows an example of
paired (img,msk) for poinvehicles) line (roads) and polygon(buildings)objects inthe
drone orthomosaics.

:’ R

@ (b) 0
Figure4.7. Paired (imgmsk) for pointline-polygon in orthomosaicga)maskfor point objects ex.vehicles,
(b) maskfor line objects ex. Roads(c)maskfor polygonobjects ex. Buildings

4.2 Experiments and Results

To challenge the proposed methéal produce geographic paired datasets, ereated
one datasefrom acquireddrone imageryer each geometryehicles, roads, and buildings
are excellent examples of common objects of interest that epresented in those
geometries.

4.2.1 Point Objects Masks: A Vehicle Paired Dataset Example

One of agood exampls of point vector layesin GIS are vehicleSemanticSegmentation

of vehiclesis a widely studied area in computer vision and Atrtificial Intelloge driverless
cars are good evidence of that.few research studies have proposddtasetsfor vehicle
segmentationin satellite or drone imageryBisio et al., 2021; Blaga & Nedevschi, 2020)
Theyconstitute the base for training segmentation models, where pliee¢l classification

is dominantly performed by the U-Net architecture(Abdollahi et al., 2021; Pashaei et al.,
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2020; H. L. Yang et al., 201Bjgure4.8. shows training imagand segmentationmasksin
the Potsdamsatellite dataset (Song & Kim, 202(nd in the HAGDAV$Irone dataset
(Ballesteros etla 2022)

(b)
Figure 48. Segmentation datasets in Satellite and Drone imagéxyPtsdam Dataset(b)Hagdavs Dataset

Vehicle geolocdion in drone aerial orthomosaics is also becomingparticularly
important due to its application in different fields like security, traffic and parking
management, urban planning, logistiesnd transportationamong many otherddowever,
different sizesor masksshapes dr vehicledimit to accurately gedocatevehiclesposition
in a GIJFan et al., 2016)Also, vectorizZd maskswith different shapesare difficult or
impossibleto handle in é&GISvector layer(Li etal., 2021t KS a52 YAy 2 51 Gl aSGé
geolocationis a paired datasebbtained by the proposedhethod. It is semiautomatically
labeled; vehicles are pinpointedaround its central position over the roof, usng
orthomosaics as the base layemhispoint shapefile (*.shp)s created in the QGIS open
source software (www.qggis.orgsome attributes can be added to the point vector layer,
like: type of vehicle as an integer value, i.e., 1:car, 2:motorcycle, 3Aies.this, a buffer
vector layeris obtainedusingl meter (radius valug. Thebuffer is rasterized afterwards,
producingan 8bit rastetbinarymaskin .tiff image format. Circle buffeasterlayer is made
of white pixelgthat represent vehiclesaandthe black pixels form the backgrourfdegative
clasg. It hasthe same geaeference and extension of the base orthomos#&falues of 25%
above and below normal contrast and brightness were usedpectral augmentation of
orthomosaics. Images and corresponding masks were rothtedi0-degree increments.
Height augmatation is included, placing tHeSM into the blue channdigightwould make
possible to segment vehicles a lot easier than when that information is not present
(Ballesteros et al., 2022As stated before, théuffer distance is relevant because a large
value impedesto segment neighbor vehiclespeanwhilea small radiusreatesa more
imbalancepositive classDatasets using different radius valuean becreated and used in
the model to obtain the optimum vak. Figure4.9. illustrates the Domino dataset
obtention process.Table 4.2. describes the number of images of the dataset and link to
download it.
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Figure 49. Domino dataset fowehiclegeolocation.

4.2.2 Line Objects Masks: A Road Paired Dataset Example

Roads are one of the best examples of linear features studied in IGSligent
transportation systems generally require fast processing of road conditemdjt has
numerous potential applications such as: driver assistance, trandpmrtacheduling, and
route optimization(Batra et al., 2019)Road infrastructure evaluation is a demanding task,

it is performed in terms of road quality, type, and total lengBrooks, 2017; Pinto et al.,
2020) To this end, computer vision is becoming ubiquitous through the use of semantic
segmentation using satellite imagemth full size road masksatasets(Gerke et al., 2014;
Song & Kim, 2020However, road segmentation is challenging due to the different road
types, and various background, weather, and illumination condit{dhd.ong et al., 2021;
Van Etten, 2019; Van Etten et al., 2018t also follittle or no attributed data availability
Drones are being explored by many Departments of Transportation (DOTSs) for innovative
applications, as an emerging and ceffiective solution for road asset inspectio@sldana
Rodriguez et al., 2021and mappingBallesteros et al., 2021¢Compared to ground images
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obtained by vehicle mounted cameras and sensors, drones can travel at very high speeds
and cover largareas in a short amount of time. With the aid of drone imagery new insights
are being developed thanks to its high resolution, but, at the same time, computer vision
algorithms should be more robust due to the gathering of new information contained at
centimeter-level spatial resolutior{Avola & Pannone, 2021Having as many labels for
roads as possible is desirable, for instance, labels for road speed, road surface and its
quality,road class, and typare the support for the development of better supervised deep
learning algorithms applied in road assessméngure4.10. shows examples of satellite

and aeriadatasesfor road segmentation.

(@ o O
Figure 410. Road segmentation datasets. @y Satellite,full size dataset (b) RoddassachusettDataset:
Aerial, no attribution, equal sizebinary dataset.

TheType Qurface Quality andSeed Road DatasefTSQS Road Datases)created by
our proposedmethod for paired datasets. It consists fife drone orthomosaics and
corresponding raster multi class color masifsroads,making16 kmthe total length of
different road types in a developing countryThe orthomosaics are acquired \&rious
locations flight heightg80 to 200 m)and spatial resolution (GSi2tween 5 and 10 cm/px
Classesand speedare created semautomaticallyusing python scripts (Annex,1and
quality-surface manually labeled ¥ civil engineering studentdfRoadsare coded in a
sequence manner (color:class_name:class_numbeit)) the following attributes: road
type (red:paved:1, green:unpaved:2)jpad surface (red:concrete:1, green:asphalt:2,
blue:grava:3, white:earth:4), quajit of the surface (red:good:1, green:regular:2,
blue:bad:3), road speed (red:5km/h:1, green:20km/h:2, blue:40km/h:3, white:60km/h:4,
gray:80km/h:5), and road class (red:residential:1, green:highway:2, blue:secondary:3,
white:tertiary:4, gray:path:5, yellowedestrian:6).Roads are buffered usinty, 2-, or 3
metersbuffer distance and represented with different col&ackground pixels correspond
to negative class (black:background:0) for all the cases. Pahlsummarize name of
location extensionin WGS84 geographic coordinate system, GSD, flight hangtdarea of
the orthomosaic Figure4.11. shows examples of the different segmentation road mdsks
attributes.
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@ G
Figure 411. TSQS Road Datas¢h) Orthomosaiemask, (b) mask using attribute type of road: red color
represents paved roads, green represents unpaved, and black the background class.

4.2.3 Polygon Objects Masks: A Building Paired Dataset Example

In GIS, buildings are represented as polygéasurate building polygons provide essential
data for a wide range of urban applicatioagch as construction, solar energy allocation,
and environmental studies in heat island impa@#urtiyoso et al., 2020)There are many
datasets that have served as the base for the application of deep learning nto@sisact
pixetbased building areas from remote sensing imag8gmeexamples of those are: the
Massachusetts Building Dataset acquired by pldhe,satellitebasedWuhan University
building dataset(WHU) and the ISPRS Vaihingen datad&erke et al., 2014)These
datasets have annotatethe building footprint in vector format and converted to binary
ground truth masks, mostf their examples have been collected in developed countries
wherethere arebuilding separation andniformity of materialsFigure4.12illustrates the
Massachusettand WHUdataset(Mnih & Hinton, 201Q)

Figure 412. Building footprint datasets. (a) dsachusettdglataset (b)WHU Buildinglataset

Our poposed dataset focuses douildingroof structurerather thanthe footprint, this
is the differentiation of all the parts of a building roof. Retiucturealsoallows toextract
and incorporate additional information for geospatial analysie orientation (respect to
the sun) type of materialmetal, bitumenasphalt, pvc, tar and gravel, acrylic, wood, clay
tile, solar panelconcrete green backyard, buildup backyardumber of floorsand runoff
direction.Ground truth vector polygons are obtained by manually dissecting buildings from
the street blocksThis is labeleaver acquireddrone imageryusing binary and colored
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masks Figure4.13. illustrates theproposedroof information dataset also called theRIF
dataset.Table 4.2. describes the number of images of the dataset and link to download it.

@ ' b
Figure 413. RIFdataset. (a)lmagebinary mask (b) Roof material mask 4 types of roofs are found in the
depicted block

4.2.4 Image Caption Dataset for Roadsfrom Drone Imagery

Our image caption dataseises the TSQS Road Dataset vector layer GT to cut correspc
orthomosaics, obtaining in this wag,set of imags of roadghat are captionedwith type,

surface,quality, and road speedattributes. If the VectorGT hasttributes originally, or they

areannotated manually our methodcan create senmautomaticallya specializedaptionroad

dataset at adesired image sizeAnnex 1 contains a scriplevelopedfor image captioning
where asquare and unifornsizenet is createdand usedo clip GT Vector Layers as well

Raster LayersThe net has a parametric size to create different size imagegs, 256x256
512x512 pixels and so ohhemanual assoation of the images witlsorrespondingattributes

could be cumbersoman the script he correspondingjst of attributes are assigned teach
clippedimage, obtaininghe set of pairs image attribute list (img, [captiong). Figure 414.

shows theamage caption datasdor roads.Image captions can be retrieved faminput image
using a classifier architecturdzigure 4.15. shows a proposed classifier architecture

obtaining image captionf our proposed dataset3able 4.2. describes the number of imac
for the described datasets, and the link to download it.

Table 4.2. Paired Datasets Created by Proposed Method

Name of the dataset No. of images Link

Domino Dataset 1000 https://doi.org/10.5281/zenodo.

5718809

TSQS Road Dataset 2500 https://zenodo.org/deposit/6878
854

Caption Dataset 1220 https://zenodo.org/deposit/®49
339

RIF dataseRoad Drone 850 https://zenodo.org/deposit/6950
521
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(b)

Figure4.14. Image caption dataset for roadis drone imagery(a) Uniform squared net to clip, (b) Examples
of captioned image chips of 256x256 pixels.
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Figure4.15. A classifier architecturfor image caption of proposed datasets

4.3 Conclusions and Future Work

Proposed method to create paired datasets isgeiheral application to satellite, aerjal
or drone acquired imagery. ktonsists of two streamsthe first oneallows to acquire
satelliteinformation, andthe vector groundtruth from queryingl KS ¢ 2 NI RQa o0 A 33Sz
source GIS database. The other strelanmgs user information in the form of raster, for
exampledrone imageryconsistent of orthomosaics, DSM, and DTM. Vector strisagasy
to couple with rasterand theuseof the customiablebuffer distanceparameter carobtain
balanceddatases. Thelevel of imbalance&an be checked for every imageask pairlt is
also applicable to any object geometry aacthe production ofbinaryor multi-classcolor
masksfor attribute extraction The novel inclusion of heighMalues as well as the VARI
Index in the channed of RGB imagebkelp to discriminate treeocclusionsand spectral
similarities. Our method includes the possibility of creating geographic image caption
datasets. These are scargethe geographiadealm andconstitute the base for building
specialized web searcervies.

Future workis suggestedn the development oé pipelinefor automaticallylabeing of
geographicdata. Creatng a benchmarlof obtained datasetsby the proposed method
would aidin the improvement oimodels forgeographic objectsxtraction
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Chapter 5

5 A Generative Method for Objects Extraction from Orthomosaics

Imagesto maskstranslation using a deep generative model carbe performed
conditionally orunpairedon the training dataseflsola et al., 2017; Zhu et al., 201The
differences between them are the use ofa simpler and smallemodel architecture hat
requireslessexamplesof aligned imaganask pairan the former case Or in the second
case employinga more complex architecture based on the cycle consisteheyneedsa
larger number of unpaired exampl&slearnthe translation betweerthe two latent spaces
Both approaches arevaluatednext, and the resultsare comparedto choose the most
appropriateonefor quality mask generatiowith less manual engineering

5.1 Conditional and Unpaired Image to Image Translation

The description of Pix2Piand Cycle GANmplementations,and the inclusion of
transformers and tNet is pesented next.

5.1.1 Conditional Image to Image Translation using Pix2Pix

Pix2Pix model is usewerthe same datasetjuring 100 epochandwith adropout of 50%
This modelis complementedncluding attention modulesThe Pix2Pix architecture was
implemented in Keras for Tensorflow library, see code in Ann&kd Generatouses aJ-
Net architecture, it takessource imagesofthomosaics chig) and outputstarget images
(masls) of the given exampks of paired datasets The PatchGAN of70x70 pixels
discriminator isprovided withan inputimage (a droneémage chip) and a real(training
example maskdr a generated maskandit must determine whetheit is real orgenerated
by the network Figureb.1. illustrates the architecture of the PatchGAlldcriminator, and
Figure5.2. shows the architecture for the generator model.
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input: | (None, 256,256, 3) input: | (None, 256, 256, 3)
input_1: InputLayer input_2: InputLayer
output: | (None, 256,256,3) output: | (None, 256, 256, 3)
input: | [(None, 256, 256, 3), (None, 256, 256, 3)]
concatenate_1: C
output: (None, 256,256, 6)
input: (None, 256, 256, 6)
conv2d_1: Conv2D
output: | (None, 128, 128, 64)

!

input: | (None, 128, 128, 64)
leaky_re_lu_1: LeakyReLU
output: | (None, 128, 128, 64)

l

input: | (None. 128, 128, 64)
output: | (None, 64,64, 128)

L o input: | (None, 64, 64, 128)
batch_normalization_1: BatchNormalization
output: | (None, 64, 64, 128)
input: | (None, 64, 64, 128)

output: | (None, 64, 64, 128)

)

input: | (None, 64,64, 128)
output: | (None, 32, 32,256)

o o input: | (None, 32, 32. 256)
batch_normalization_2: BatchNormalization
output: | (None, 32, 32, 256)
input: | (None, 32, 32, 256)

output: | (None, 32, 32, 256)

!

input: | (None, 32, 32,256)
output: | (None, 16,16,512)

input: (None, 16, 16.512)
batch_normalization_3: BatchNormalization
output: | (None, 16, 16, 512)

input: | (None, 16, 16, 512)
leaky _re_lu_4: LeakyReLU
output: | (None, 16, 16, 512)

l

input: | (None, 16,16,512)
output: | (None, 16,16,512)

o . input: | (None, 16, 16, 512)
batch_normalization_4: BatchNormalization
output: | (None, 16, 16, 512)
input: | (None, 16, 16, 512)

output: | (None, 16, 16, 512)

l

input: | (None, 16,16,512)
output: (None, 16,16, 1)

I

input: | (None, 16,16, 1)

conv2d_2: Conv2D

leaky_re_lu_2: LeakyReLU

conv2d_3: Conv2D

leaky_re_lu_3: LeakyReLU

conv2d_4: Conv2D

conv2d_5: Conv2D

leaky_re_lu_5: LeakyReLU

conv2d_6: Conv2D

activation_1: Activation

output: | (None, 16, 16.1)

Figure5.1. Implementation of the PatchGAN architecture in Keras (The-@&idhdiscriminator).
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Figure5.2. Architectureof the generator modebased on tNet. Modified from (Ronnenberg et al, 2015).

Equation2.2 of section 2.1can be rewritten as Kuation 6.1) (Isola et al., 2017)
"0Q¢ Qi b6 ET0MDD ¢ "Who OO0 ¢ ® O chud _Oodfiso o (5.1)

Equation3.1is the sum of the discriminator loss on the rezsksexamples (d1_loss), the
discriminator loss on the generated masks (ldi3s), and the differences between pixels in
the generated mask and thground truthmask (L1_LossAn easier way to revrite the
Equation 3.1 is as EquatiéR.

"0QE Qi HOE IPaéi ati ivpdéi(62)

In general, PRPix conditional translation model achieves good learning results when
Q@ o ¢ issmallerthartp a ¢ and the value 0l0Q ¢ Qi & 6 dsismall (less than one) even
with _equal to 100 as stated in the original pagksola et al., 2017)

5.1.2 Unpaired Image to Image Translation using CycleGAN

Training a generative model for image-image translation normally requires athset of
paired examplesThese kinds of datasets are typically created by an expensive manual
procedure which is limibg. A way to perform image translatianthout the needof paired
datasets is The CycleGAN. It is traimedn unsupervised way usiagcollection of images
from the source and target domains that do not need to be coupled. So, the model extract
the characteristics of both latent spaces and use them to make the translation (Zhu et al,
2107). The Cycle GAN involves tieultaneous traimg of two generators and two
discriminator models. One generator takes images fribra first domain and outputs
images for the second domain, and the other generator takes iméges the second
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domain and generates images from the first domdhiscriminator models are used to
determine how plausible the generated images are and update the generator models
accordingly. Thimight be enough to generate plausible images in edamain butcannot
guarantee that the learned function can map an indiMdl inputow 1 a desired outputo 'Q
To ensure that, Cycle GAN uses cycle consistency, which is that an image output by the first
generator could be used as input to the secaygherator and the output of the second
generator should match the originghage. The reverse also true. This is achieved by
adding an additional loss to measure the difference betweengéeerated output of the
second generator and the original image, and the reverse. The Generatdisamuninator
use the same configurath as the Pix2Pix model (Isola et al, 2017). The discriminator
architecture is: C6€£128C256C512m, referred to as aldyer PatchGANvhere C means
a convolution block and m a max pooling lay8the model does not use batch
normalization; instead, instar® normalization is used as a very simple type of normalization
and involves standardizing.g.,scaling to a standard Gaussian) the values on each feature
map. The intent is to remove imagpecific contrast information from the image during
image generfon, resulting in better generated images. Generator magkds a sequence
of downsampling convolutional blocks to encode the input imaagéwresidualnetwork
(ResNet) convolutional blocks to transform the image, arfielwwupsampling convolutional
blocks to generate the output image. Figuse3. shows a training diagram for the Cycle
GAN.

J Start

Input A

'. GeneratorAB ¥ Generated B
CyclicA ‘
VE- ------------------- GeneratorBA o

Figure 5.3Unpaired image to image translation training diagram

Real/Generated?

Discriminator A

Discriminator B

Real/Generated?

An unpaired image to image translation model based on a Cycle GAN is trained using a
dataset of 649 images of 256x256 pixels, 100 epochs, and learning rate of 0.02
hyperparametersA python script to train the Cycle GAN can be found in Annex 1.

5.1.3 Semantic Segmentation (U-Net) and Computer Vision Transformers (CvT)

Image semantic segmentation and image generation are two related processes in deep
learning, the first one encodes image information, then it decodes information, which is a
generative proceduréRonneberger et al., 2015%eneration also performsneoding and
decoding over input imagedyut it assigns a score for every generated image until
generation is improved. This extra step ensures quality of the generated images, and it leads
to believe that generation tends to produce a better version otliehce masks when
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compared to segmentation. The defaultNét architecture for semantic segmentation
(Ronneberger et al., 2011 implemented based on a ResNet34 backbone with a Learning
Rate of 0.02, a batch size (bs) of 8. It is trained durifigep@chs andised ninety degrees

rotations for data augmentation.

We employedStateof-the-art Computer Vision Transformers (CvT) uses three blocks
of attention modules and a VGG11 back bone. This approach is trained during 150 epochs
in 1000 images of 506B00 pixels since it demands more data and longer training. CvT
implemented architecture is presented in Figurd Based onWu et al., 2021)
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Figure 54. Computer VisionTransformers architecture

5.2 Experiments and Results

The followingestsare performed tochallengehe previously chosenonditionalimage
to image translatiorgenerative model. Since the generation of good quality binary masks
pursues the samebjective as semantic segmentation, the metrics to evaluate it can be the
same. For a raster maskewevaluate image to image translation model performance based
on the average of0¢ Metric & “O¢ Wver the generated masks raster format calculated
for all the images of a test dataset.

5.2.1 Comparing Results of Conditional and Unpaired Generative Models
Image Semantic Segmentation-fét), Computer Vision Transformers (CvT), conditional

(Pix2Pix), and unpaired image translation (CycleGyedgrative approaches are tested
over the same dataset, the Massachusetts Building dataset, and qualitative and quantitative
results are compared with the aim of choosing the right model for image to mask translation
in the geographic object realm.

Qualitaive results in Figure 5. show that the UNet creates irregular segmentation
masks, and rounded buildings, but also false positive pixels, even in the green objects over
the training dataset. Transformers obtained rounded borders of buildingssenerdfalse
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positives specially in pixels that connect separate buildings. Generation based on
conditional translation seems to create better masks thaN&l and Transformers which
seem to worsen results of generation when added, perhaps due to the small eruofib
examples used here compared to the reported in the original CvT paper. Fidgure 5.
illustrates qualitative results of Met, CvT, and Pix2Pix to image to mask translation over
the Massachusetts Buildings dataset.

Figure 55. Qualitative results of UNet on the Massachusetts Building Datas@&@T andsegmentation masks
by UNetarerepresented in white pixels arlaced over theaerialimagesource

Quantitative results in Figure &. show that conditional image to mask translation
based onPix2Pix generates more regular, cleaner and rayigle masks compared to the
other models. Pix2Pix model exhibits masks closer to the ground truth for buildings
compared to the other approaches. Also, the false positive pixels are less clustered which
canbe removed after a post processing cleaning procedure. Pix2Pix model. Experiments on
this method applied to point, line, and polygon objects are presented in a coming section.
Figure 56 shows quantitative results, based on loU, when unpaired and conditionage
to mask translation modelare comparedTable 5.1 compares the results.

© (@)

Figure 56. Results for Semantic segmentatida) Image (b)Ground truth (c) CvT(d) unconditional and (e)
conditional image to mask translation. Results are obtained using the same 649 image examples of the
Massachusetts Building dataset of 256x256 pixels over 100 training epochs.

Table 5.1. Unpairedconditional translationand otherscomparative results

Model mloU
CvT 0.11
Unpaired translation CycleGAN 0.19
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U-Net 0.67
Conditional translation cGAN (Pix2Pi 0.79

5.2.2 Image to Point Mask Translation

Fortesting the imagedransktion to point objects we use the domino dataselescribed in
a previous sectionin which vehicles are represented as pamasksusingl meterbuffer
distance Figure5.7. illustrates the Imageto-Image TranslatiorModel components to
generatepoint masks

Is image
______» mask real?

Generator:
(€]
U-Net

L1 Loss = ly-y'l

Inputs:
N-dimensional
Pre-trained vector

Figure5.7. Pix2Pixraining diagranfor imageto-point-masktranslation.

Figure 58 shows howthe generator loss for the testing dataset usitgy buffer
distance behaves better thadarger distancedor vehicletranshtion. Figure ® shows the
vehicle generation using 100 epochs of trainomga datasebf 250 examples df meter of
buffer distance image size of 256x25a8nd a batch sizébs)of 1.

1m buffer for cars detection 1.5m buffer for cars detection NoDSM Data 2m buffer for cars detection
100 100

100 — gan_loss

dl_loss
— @_loss

— gan_loss
dl_loss
80 — 2_loss

epachs epochs apochs

Figure 58. Generator and discriminator losses fomiage to point mask translation. 1m buffer distance
vehicle dataseexhibitsless variance in generator loss (blue curve) than in the both discriminator losses, d1
(loss of discriminator in real images) and d2 (loss of discriminator in generated images).
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Figure 59. Qualitative resultsfor image topoint-mask Upper images are dron¢he images in the bottom
are the target latent spacend the ones in the middle are the generated or translated target images.
Successive epochs of trainispow better qualitative resultsDifferent images are shown in each training
example.

5.2.3 Image to Line Mask Translation

Forimage toline masktranslation, we use the TSQS road dataset produced by us, in which
roads are represented by line masks of Buifer distance from the centerlind-igure5.10.
illustrates thelmageto-Image TranslatioModel components to generate point masks
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Figure 510. Pix2Pixraining diagranfor imageto-line-masktranslation.

Figure 511 shows the qualitative results of translatéde masks using 100 epochs, 250
examples, image size of 256x256, and a bs of 1.
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Figure 511. Qualitative results for mageto line masktranslation. 3m buffer distanceroad dataset Up most
images are drone, middle are real images, and images in the bottom correspond to translated road images.
Successive training shows an improvement in the caiittnof translation masksThe same image is shown

in each training epoch to show learning evolution, third image case shows no learning due to a small number
of examples of that type.
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5.2.4 Image to Polygon Mask Translation

For polygonmaskiranslation,the Massachusetts building datagsttested with 100 epochs,
649 examples, 256x256 image size, and bs lof the case of polygons, the buffer distance
parameter is zero (d = 0) since class imbalaatie islarger compared to points andres
16%of pixels aregpositive classFigure 512. showsthe Imageto-Image TranslatioModel
components to generate polygon maskQualitative results for the polygon mask
translation are shown in Figure 3.1

Is image
______» mask real?

Generator:
(€]
U-Net

L1 Loss = ly-y'l

Inputs:
N-dimensional
Pre-trained vector

Figureb.12. Pix2Pixraining diagranfor imageto-polygonmasktranslation.
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Figure 513. Qualitative results for image to polygon masktranslation for the Massachusetts Building
Dataset Up most images araerial imageryith low resolution compared to drondottom are real images

of buildings and images in theniddle correspond to translateduildingimages.In this casetraining shows
goodqualitativeresults comparing generated versus ground trusimce the very first epoch3his igprobably
due to a less imbalance binary class dataSgtecial attention is deserved for round shape buildings, the
appariion of some true negativeand false positives

5.2.5 Model Hyperparameters

Translation model hyperparameters are learning rédenbda valuenumber of epochsand
batch sizeA dataset of 250 images of 256x3%i&els with suggested values tdarning rate

= 0.002(Ir) and lambda value = 108y (Isola et al., 201%yere used Experiments over the
last two parametersare shown in Figure 5.4. It illustrates that increasing the number of
epochs above 100 does not redugenerator loss or itvariance andloes not generate
better results.A graph of discriminator and generator losses and mloU metric against
number of epochs shotiat increasing the number of epochs does not necessarily improve
the mloU metricAs expected, aigher bs improved mioU in 0.0An experiment with bs=1,
bs=6, and bs=10 only produced imcrease of 0.01 (1%) in mloU between the two extreme
values.Figue 5.15. exhibits the results of bs vs mloU with a dataset of 1100 images of
256x256.However, bs10 decreased thetraining time of model in around five times
compared to bs=1

140 mioU

— gan_loss
120 dl_loss
— d2 _loss 0.44

100
043

0.42

0.41

20
0.40

0 0 0 &0 8 100 120 140 20 40 60 80 100
epochs gpoch

@ (b)

Figure 514. Effect of number of epochga) Discriminator and generator losses vs epochs, (b) mloU vs epochs.
As shown in graphsncreasing the number of epochs to 150 does not seem to improve generator or
discriminator losses values, and not their variance. On the other hand, more epocaiofdg do not imply

a model with better metrics.
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Figure 515. Effect ofbatch size (a) batch size= 1mloU = 0.713(b)batchsize= 10mloU= 0.723

5.2.6 Effects of Imbalance on Image to Mask Translation

Imbalance pixel classes affedsep learning models including imate mask translation
(Gao et al., 2018Figure 5.6 presents how imbalance changes with the increase in the
buffer distance parameter of the road dataset create the binary maskThe larger the
buffer distance the more balance dataset is obtained.
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30.000.000 -{ 30.000.000
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Figure 516. Imbalancevs buffer distancen roads These values araveraged for the entire raster masks not
yet tessellated.

Figure 517. illustrates how point, line, and polygon masks generatioom imagess
affected by imbalanceGenerator and discriminatoo$s graphs showhe impactin model
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learning behaviorDifferent examples of imbalance classes show that less imbalance
the clasgs, the sooner the model starts learninghis is the generator loss decreasesth
training, and it does notdiverge asit isin the case ofin extremely imbalancei.e.,the 10

cm buffer datase{<0.05% of positiveclass)

10em buffer - Not Learning 50cm buffer

= Gen_less = Gen_loss
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Figure 517. Effects of imbalance pixel classes on image translatia) Left image shows losses of a 10cm
buffer distance domino dataset for vehichegth an imbalanceatio of 0.04% right image shows 50 cm buffer
distancewith an imbalanceatio of 1% (b)Left image shows losses d8@cm buffer distancéor roads dataset
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with an imbalanceatio of 7% right image show& meter buffer distance roads dataset with an imbalance
ratio of 13.24 (c)Massachusetts Buildg dataset has an imbalancatio of 16%.Polygon objects datasets
tend to be less imbalan¢é& means they have a larger imbalance ratio

A less imbalance dataset means a larger imbalance ratiallows the translation
model to learnfaster (allowing the generator and discriminatorlosses to decreasein
equilibrium between discriminator and generatprA python script to calculate the
imbalanceratio of a (img-msk)dataset delete the complete black masks, and to obtain a
dataset with apre-defined imbalanceatio is presented in Annex JAn experiment with
four different values of imbalanceatio is carried outImbalanceratios lessor equalthan
1%are not able to generate masks regardless the number of training pairs (tested up to
1000). Results formbalanceratios greater than 5%10% and 20%are exhibited in Figure
5.18. It seems that having more pixels per class improves mloU results.
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Figure 518. Effects of imbalanc®n the mloU. (a) Highlylmbalancemasks (b) Imbalancemasks (c) Medium
Imbalancemasks (d) Balancal masks (e) graphs ofgenerator losses of different imbatcedatasets they
show similar behavior except for the l¥nbalanceratio dataset, which exploded (f) graph ofmloU vs
Imbalanceratio. Datasets witimbalanceratio >=20% showed the best results

Table 5.2. Imbalance vs mloU in road dataset
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Imbalance for roads mloU

<=1% 0-0.1

<5% 0.353
>=5% 0.468
>=10% 0.723
>=20% 0.939

5.2.7 Effects of Number of Examples and Sze of Imagesin Mask Translation

There has been a tendency to believe that theger the training dataset the betteihe
results However, that depends o the model configuration in terms dfs hyperparameters
and depth (Abdollahi et al., 2019)To challenge this,te same model configuration is
trained using the same datasetith different number of examplesA model taining with
250, 500,1000and 1500 image®f 256x256 pixeland roads masks ofr@eterswas carried
out, and the results were compared. Hyperparamesarsedwere: 100 epochs, LR=0.02,
Dropout=0.5 and no data augmentation was done on the datdSgure 5.9. illustrates
the mloU metric results for different numbef examples of the training road datasétll
the models exhibit problems in the bordefsgure 520. presentstwo graphs,the mioU vs
number of exampleand thetraining timevs number of examples

R =

@ " (b)

© (d)

Figure 519. Effect of number of examples itranslation model performance (a) 250 examplegb) 500
examples, (c) 1000 examples and (d) 1500 examplest is expected the higher the number of (image,mask)
examples the better the metriclime required to train different model® Google Collabktarted in 2 hours
for 250 (img,mskpairsof 256x256 pxandended in 5to 7 hours for 1500 (img,msk) pairs. A model for 2000
examples tookl3 to 15 hours of trainingand obtained a mloU of 067in the test set However,when a
batch_size of 10 was used, the training timecreasedive times so a model with 250 images was trained in
around 25 minutes

Table 5.3. Examples vs performance in road dataset

Number of pairs mloU
250 0.350.48
500 0.490.5%
1000 0.60-0.72
1500 0.75-0.90
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