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Management Summary

The subject report is composed in the context of the EXTOPIA project that was conducted by
G.I.M:-Geographic Information Management NMe EXTOPIA project is an imation project

funded by the Ministére de la digitalisation with as main stakeholdeAtiministration du

cadastre et de |dopographie du Grand Duché de Luxembo&GT).

The aim of this project was to find the best possible Machine Learning approactieet up a

Proof of Concept (PoC) environment that allows to detect topographic objketsuildingson

the basis of input imageryin varying resolutions as well as their changethis ranges over a

variety of visual changes, like new constructipdemolitions and adaptations by comparing

yearly orthophotos. This PoC had to be operable by the ACT IT specialists in order to be able to
set up a production system based on the PoC.

The work started from an existing architectuad processing pipeline that GIM developa
the basis othe DeepResNet DeeplLearning archécturefor ssmantic segmentation

The nodel was initially pregined on Belgium data and applied on downsampled 1m
resolutionLuxembourgis? NIi K 2 Lakdydve r@asonale results.

During the projectan iterative approach was followedugmerntation techniques were
applied toimprove the robustness of the segmernitat. The architecture wathen further
improved usingomplex algrithmic enhancements aspatial attention gates, deep
supervision, multscale pooling an@onvolutional Block Attention Modwewhichall
improved the segmentation result$he fnal results were hence generated using a maowidh
all of the above algorithmic enhancements applédltrained using aLuxembourgraining
dataset.

Experiments were conductedlith 3 different loss funtions. WeightedBinaryQrossEntropy,
Tversky and Dic&heexperiments did showhat both Tversky and Dice outperform the
WeightedBinaryQrossEntropy. Which one to select depends on the specific use case. Tversky
isthe best choice if the ideaisto map the maximum of uncharted buildings and obtain
reasonablequality footprintssince its segmentation isless conservativehan Dice. Asa
consequencethere will be also more false positives. Dice on the other hand givesthe best
possible footprints and much less false positives but will also miss somebuildings.
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1 Introduction

1.1 EXTOPIA PROJECT

In the context of the continuous update and maintenance of the geographic databases
managed by the ACT, there is a challenge to automatically identify changes with respect to the
built-up environment on the basis of yearly acquired aanagery.The detection of newly
constructed buildings, demolished buildings as well as buildings that have undergone
significant changes in their geometry are all of high inter&part from changes to buildings,

there are also other topographic featwsdor which change detection needs to be performed

as for instance forest walking paths and other natural topographic elements.

The ACT Department of tli&rand Duchy of Luxembouigimaintaining a database of buildings
covering the whole country. To keépe database up to date, the ACT is required to identify all
newly constructed, demolished, or updated buildings. Orthophotos are acquired yearly,
covering the entire country at a very high resoluti@urrently, manual inspection and editing
are the prinary but very laborious approach to maintain the databd®ecent advances in

Earth Observation data processing technologies however demonstrate the feasibility of
applying alternative technique the frame of the "digitafirst" program, the ACT

Deparment is continuously looking for improving their processes by means of further
digitalisation. In this regard, the ACT department is willing to start the introduction-lodgdd
technologies for the database maintenance on the building updates.

1.1.1 Project Olectives

Within the context mentioned abovgthe objective of theeXTOPIArojectwasto develop a
Proofof Concept of an Artificial Intelligence (Al) based toolchain that can be used to identify
buildingand otherchangedased orremotely sensed Earth Gbrvation Imagery. This Proof of
Concepthadto be realised with statef-the-art opensource toolsThe project has to be seen
as a highly innovative R&D project

The ACDepartment of Grand Duchy of Luxembousgwilling to set up an Al environment

aiming to identify automatically the newly constructed, changed, or demolished buildings and
later on for other topographical objects like walking paths in the woods. The project consists of
a first step towards an automated workflow for the database update.

The main objeaves of the project are the following:

1 Provide an evaluation of the Deep Learning technologies that are most suited for the
detection of objects on orthémages, with a high potential for expansion to various
semantic domains;

1 Develop a Deep Neural Netwo(DNN) capable of being trained for detecting specific
objects. More specifically, the model should be able to detect all kinds of buildings, in
rural but especially also in urban situations and should be extensible to other objects;

91 Develop an algorithnto support change detection on the builgp landscape between
two years;
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Propose and implement an approach so that the ACT can improve the system by reporting
detection errors.

=

The Proobf Concept will be used by the IT Specialists of the customer as the basis for
deploying a production ready system.

1.2 ACCRONYMS

ACT f QI RYAYAAUNI GA2Y R
topographie du Grand Duché de
Luxembourg

AQI Area of Interest

CBAM Convolutional Block Attention Module

ONN Convolutional Neural Networks

DCNN Deep Convolutional Neural Networks

DSV Digital Qurface Model

M False Negatives

A False Positives

GD Ground sampling distance

loU intersectiorrover-union

IR Infra-Red

OBIA Object Based Image analysis

PCA Principal Component Analysis

PoC Proof of Concept

R&D Researchand Development

RGB Red, Greelue

TN True Negatives

TP True Positives

VHR Very High Resolution

WBCE WeightedBinary Qross entropy
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2 Architecture

2.1 THE BASICS: COMPUTER VISION USING DEEP CONVOLUTIONAL NEURAL
NETWORKS

2.1.1 Introduction to DCNN

Deep Convolutional Neural Networ@@NNs) are a type of neural network architecture

designed taamongstother applicaionsextract informationefficientlyfrom images. These

DCNI are applied heavily in computer visiéor both supervised and unsupervised learning

and are responsible for the elgsive progress of the field in the last decatie other neural

networks, DCNNSs are typically trained by a gradient descent algorithm on a training dataset
GKAOK YIe& 0SS t10StftSR 002ydGFAyAy3 a3INRdzy R { NI
objective Within DCNNs there are a multitude of variations and architectural choices which

can improve performance, speed and portability depending on several factors such as the

particular kind of computer vision task at hand, the available hardware and datahend

circumstances under which the network will be deployedjenerate results

2.2 SEMANTIC SEGMENTATION

Semantic segmentation refers to the task of assigning every pixel in an image to one of several
pre-defined categories. It is a generalisation of imalgessification where the algorithm

outputs an abstract interpretation of an image rather than a single latth is thecase in

image classificain. It is particularly useful in earth observation, where georeferenced rasters
containing a deconstruction of raw imagery into classes like buildingds and trees can be
generatedand used for further analysis.

Due to thecomplexity of images, wdern semantic segmentation algorithms are based on
machine learning mthods rather thanengineered by handrhemost successful of these are
deep convaltional neural networks Machine Learning anespecially Deep Leaming
techniques areapidlyreplacingthe pixel based an®bjectBased Imagénalyss techniqes
that are traditonally applied.

2.2.1 Methodology to beapplied.

The methodology to be followed when training, evaluating and using CNNs for semantic
segmentation roughly follows five main steps:

DCNN architecture design: selecting and implementing the most appropriate
architecture for the specific problem in mind, in this case building segmentation, based
on an existing semantic and instance segmentation models that are documented in
literature.

Training, validation and testing dataset construction: a supervisedit@skemantic
segmentation requires a certain amount of training and validation samples: images
containing buildings with known footprints. Since the validation set is used to evaluate
algorithm performance, these datasets must be fully separate. A whefigrate

testing dataset should be created for final quality assessment to prevent accuracy
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assessments from being biased toward models which were tuned to the idiosyncrasies
of a particular validation dataset.

Model training and hyperparameter optimizati: the network is trained using the
dataset described above. Hyperparameters of the model are then tuned by comparing
the loss values obtained on the validation dataset using different configurations.
Quality assessment: based on tinelependent testing dataset, a detailed assessment

is performed where the footprint quality is quantified according to imdegesl metrics
(such as intersecticnver-union (loU), precision and recall) and polygewel metrics
(per-building footprint loU dktributions, misse¢building rates, falseletection rates).
Based on these results the DCNN architecture and model parameters can be revisited
in an iterative approach.

Inference: the most performant deep neural network trained and evaluated in the
previous steps is used to generate building segmentation masks on the full set of
orthoimagery, where ground truth data need not be available.

2.3 THESTARTING POINDEEPRESUNET

The current architectural paradigm feemantic segmentation is tre-Ol f £t SR -a Sy 02 RS NJ
R S O 2 aditedure, consisting of atack of convolutional and downsampling layers

intended to learn the important abstract features present at each location in an image (the

encoder) and a stack of convolutional and upsampling layers intendietkipret these

features and map them onto to the target classifications at each loc#éti@decoder).

GIM has experimented since 2018 with several fatlgvolutional encodedecoder type
network architectures, all recent evolutions of the wietiownU-Net (Ronneberger, 2015)
itself a successor t8egNe(Badrinarayanan, 201 Which pioneered this desigrwhich were
highly-performant on public dataset benchmarks.

Our Deep Learning workflow haadergone several iterations and our current best results are
with the socalled Deep ResidualNet architecture, which we implemented based tiié

article Semantic Segmentatioof Urban Buildings from VHR Remote Sensing Imagery Using a
Deep Convolutional Neural Netwonublished in Remote Sensing in July 20d#hing, 2019)
This is apable of producing highuality segmentation masks (see Figur®i)a single GPU.
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FigurelY DepResUNet" Model architecture based on the arti@emantic Segmentatio of
Urban Buildings from VHR Remote Sensing Imagery Using a Deep Convolutional Neural
Network currently implemented for building segmentation.

Yi Yaning et alused this architecture for semantic segmentatiafrurban buildings from VHR
remote sensing imagenAs shown in figurg, it consists of @ascade dowssampling network
that extractsbuilding feature maps from thimput VHR image and an tgampling network

that reconstructghe extracted building featre maps back to the same sias theinput,

followed bya softmax classifielToimprove accuracy considerably with increased layer depth
and mitigate the issue of vanishing gradient, the architecture relies esidual block
(ResBlock) as the bagimcessing unitSkip connections feed the encoder feature maps to the
decoder feature maps at each intermediate spatésolution andare intended to allow the
network to progressively recover spatially finer information when constructing the output
segmentation masksThe proposed architecture was evaluated with six other deep learning
approaches on a dataset of aerial images coveaimgrban area of Christchurch City, New
Zealand With fewer false negatives and false positivdeepResUnet outperfored the other
six approaches in the semantic segmentation image of urban buildingiso had fewer
parametersthan most of the models in competition but requiredonger training and
inferencetime.

2.4 FRAMEWORK OVERVIEW

2.4.1 Overview of functionality

ThePoCtool developed in this project facilitatestraining and evaluating DeepResUMetsed
segmentation models on geospatial datasets consisting of VHR RGB orthoimagery and vector
or rasterground truth data(building footprinty andrunning inference with these models on
unseen orthoimagery.
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Libraries

The processing pipelinelisiilt on open-sourcelibraries such as:

T
T

243

244

Tensorflowg implementation of segmentation models

Daskg data engineering and facilitatingrocessing ofargerthan-RAM datasets
Scikit learng preprocessing and data engineering

Rasteriog raster manipulation and data extraction

Geopandag, polygonlevel analysis of segmentation results

GDAI¢ dataset preparation, rasterization and polygonization

Processing chain

Input datasets nay be declared which consist of georeferenced RGB rasters, with the
option to provide ground truth polygons either in vector format with ESRI shapefiles,
or directly as binary rasters with the same georeferencing and transform as the
corresponding image.

Preprocessingonsists of extraction of raw image arrays from the input data files and
their division into normalised patches suitable for consumption by the @Ndel.

Trainingfacilitates feeding the processed input datasets to a segmentation model such
that it learns to reproduce the ground truth masks. Here options are provided for
tuning and enhancing this process, such as configurable image augmentations
(operations that realistically modify, crop or rotate images at training time to enlarge
the input data) and hyperparameter selection.

Evaluation provides a suite of options for evaluating the performance of a trained
model on sample Areaf-Interest (Al) testing datasets, such as segmentation quality
metrics and polygon quality metrics.

Inference albws trained models to be run on any other declared raster datasets,

producing matchin@seoTIFF rasters containing predicted building probability values at
every pixel.

Hardware

All results wereggenerated,and experiments carried out on a machine with anDI¥ Tesla
V100 accelerator, an-8re CPU and 32GB of RAM.

2.5 NEWLYDEVHE.OPED FUNCTIONALITY

Here we describe the features that were implementadhe course of the project which
extended and improvethe base frameworlexistingat the conception of the project.
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2.5.1 Image augmentations

Image augmentation refers to the process of transforming images in realistic ways. This

procedure is used widely in machine learning applied to computaon to artificially enlarge

training datasets and make models more robust to training datasetsdiffierent statistical

properties. The most basic example might be applying a horizontal or vertical flip to an image.
Another example might be changing the brightness or contrast. When such transformations

are applied during model training, slightly diféet versions of an image will be seen during

each epoch, and the model is taughtanticipated KS&S ay l G dzNJ £ ¢ adl GA&GA
in turn improves the capability of the model to generalise.

We expanded our model training pipeline from basic aagtations (horizontal and vertical
flips applied during training) to more sophisticated haamyineered and datdriven
augmentations These were implemented bytilizingthe Albumentations library. The
following existing augmentations were integrated:

- Random rotation by 90 degrees. This teaches a model a degree of rotation invariance.
- Random horizontal flip.His teaches a model a degree of reflection invariance.

- Random homogenous RGB offset with a maximum radius of 15. This teaches a model
to be robust to small colour normalization shiitsany direction.

- Random affine transimations & small rotation and amall translation together).
These can provide both a degree of rotation invariance and small contextual shifts of
objects.

- Random gaussian noise (adding random fluctuations centered about zero to the pixel
values). This will teach a model a degree of gibass to noisy images.

- Random gaussian blufhis will provide a degree of robustness to images slightly out
of-focus.

- Random contrast shifts. Provides flexibility to sensors producing images with differing
contrasts.

- Random brightness shifts. Providesxtbility to images of varying brightness.

- Random gamma corrections. Provides flexibility to images of varying gamma values.

1 https://github.com/albumentationsteam/albumentations


https://github.com/albumentations-team/albumentations
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- Figure2 ¢ Mean RGB values for images taken from Luxembourg Belair training area
for four years. Note cgain datasets contain more images with brighter valuasd
the colour distributions are dependent on the conditions on the day of captulde
lone winter orthophoto (purple)in particularis dimmer and has a slightly broader
colour distribution. Augmentd A 2 ya &adzOK | & aClyOet/ ! é gAff
normalisation in other images towards these and vice versa, allowing a model to
more easily learn common features across different datasets.

In addition to these, a datdrivenPCAbasedcolour augmentatiofRdz6 6 SR a4 Cl y o0& t /! .
based onKrizhevsky, 2012yas implemented tgrovide colour shifts along the principal
Ot 2dzNJ FES&a 2F GKS GNIAyAy3a REGlI&aSiaod ¢kKAa ON
and allows thdraining procedure to distort the colours of images seen at training time

towards those of other samples in the training dataset.
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Figure3 ¢ Example of augmentations on matching patches of the Luxembourg Belair training
dataset @& seen by the model. The colour normalisation, brightness and sharpness along with
the spatial orientation of each image differs in multiple configurations during training.

In initial experiments with 1m spatial resolution data we observed ~15% lowevddsss on
validation data with extensive augmentations enabled compared to the baseline.

In all subsequent experiments and in generation of results, the extensive augmentations
described above were used. In Figure 4. we show an example of two modelstvétheand
without this augmentation scheme to display the qualitative difference in segmentation mask
quality.
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Figure4 - Examples of baseline DeepResUNet models trained on 1m orthoimagéhout
(top) and with (bottom) augmenations. Source image (left), Ground Truth (middle) and
predicted (right) are shown.

2.5.2  Algorithmic improvementsto DeepResUNet

Anumber of architectural enhancements were implementedngprove the predictive power
of the DeepResUNeitrchitecture in order to derive the sharpest possible segmentation masks.

These features take the form of additional modules in the neural network architecture and
were enabled independently and concurrently during an evaluation phase in which the best
model was selected.

2.5.2.1 SpatialAttention Gates

Satial attention gates provide a mechanism through which the important regions of the
encoder feature maps can be enhanced or suppressed depending on the more abstract
semantic content of the decoder at tlwrresponding spatial locations.

The Spatial Attention Gate modules implemented are described in the paper Attendiet:U
Learning Where to Look for the Pancré@ktay, 2018)

These usé&ernelsize one convolutions to pject each set of encoder feature maps into a new

aLlk 0SS 2F a1Seéeé¢ @YSOG2NmBR G SIFOK aLk adAart €201 GA
GlidzSNE¢ @GSOG2NB G SIFOK aLI GAFE f20FdA2yd ¢KS
(additive) attention magpy adding these and applying a further 1D convolution with sigmoid

activation. This is then multiplied with the encoder feature maps, adaptively rescaling them

according to the content of the decoder feature maps.
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Figure5 - The Spatial Attention Gate module. x and g are feature maps coming through the
encoder skip lines and from the deeper decoder stages respectively. These are mapped into
a key, query space with kernedize 1 convolutions, added and a Rehbhlinearity appliedto

the result. A final convolution with sigmoid activation is used to generate a spatial attention
map which then reweights.

The spatial attention gates are inserted immediately after each decoder upsampling block and
intercept the encoder feature maphrough the skip lines before these enter the next decoder
block.
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Figure6 - A UNet with spatial attention gateqred circles)positioned before each
intermediate decoder blockOur architecture provides the option to insertiese in the
corresponding position in the DeepResUNet model.

These have been demonstrated to improve encedecoder type models in various
segmentation tasks.
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2.5.2.2 Deep Supervision

Deep supervision is a mechanism to force each decoder block oktherk to take on a

more concrete role, namely learning to produce outputs which more directly correspond to

GKS GFNBSG asS3aySyidlriaazy YL Fd GKFG of201Qa a
and speed up training in segmentation tasks angsisd heavily in biomedical imaging.

The version of deep supervision implemented follows the version described in the paper
Improving CT Image Tumor Segmentation Through Deep Supervision and Attentional Gates
(Tureckova, 2020)

ﬁ& F4xS4 2¢(Fyx$q) 4x(FS)NexS1 /> Convolution
~» Downsampling (by 2)
~» Upsampling (by 2)
Gating Signal
--» Skip Connection
Concatenation

Input Image
Segmentation map

Attention Gate
Fn Number of features
Sy Image Size
() Context Module

L F4x$4 ______________________________ FaxSq | ] Localization Module

\ F5xS5 ) Segmentation Layy
—)

Figure7 - A Deep Supervision networknplemented in(Tureckova, 2020)each decoder
output feature map(blue)is projected into the same space used to generate the final
segmentation map(green)and these are added (with upsampling)

The version implemented captures the output of the intermediate decoder feature maps and
projects these into the same (channel) space as the final output feature maps used to generate
the segmentation (befa application of softmax/sigmoid). The segmentation map produced is
calculated by applying the final activation to the sum of all of these intermediate decoder
feature maps upsampled to the same resolution as the final decoder feature map, so that each
deaoder block learns to make a direct contribution to the output class probabilities.

Note that other versions of deep supervision directly generate multiple output segmentation
maps (at different spatial resolutions) and train directly on the ground trutslntasampled
to match these.

Deep supervision has been shown to speed up training and provide small performance
benefits.

2.5.2.3 Multi-scale pooling

Multi-scalepooling can have slightly different meanings depending on the context. The version
implemented here rakes the input image available to the network encoder at multiple spatial
resolutions through downsampling. This way each stage of the network encoder has access to
both the feature maps of the previous encoder layer (which access the original image
indirectly) and to the image itself directly, resampled to the spatial resolution of each encoder
block.
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Input pyramid pooling is implemented as in the paper A Novel Focal Tversky loss function with
improved Attention UNet for lesion segmentatioAbraham, 2019)

M — 3x3 conv + bn + relu

| | — 2x2 max-pooling

L — 2x2 learnable upconv
- =+ skip connection

[ 1x1 conv + sigmoid
D—D . . ‘ Il attention gate

multi-scale inputs deep supervision

Figure8 - Network architecture with input pyramid pooling (blugyray blocks on the left),
spatial attention gates and (another variant of) deep supervision as implemented in
(Abraham, 2019)The input image is downsampled and fed directly to each encoder block at
intermediate stages of the network.

Each intermediate encoder block is preceded by an additional set of convolutional filters which
generate feature mapgom the coarsened input image. These coarse feature maps are
concatenated with the output of the previous encoder block and these together form the
inputs of the encoder block.

In principle this addition should allow the model to learn to leverage agtgddargerscale
information in the input imageThis has been shown to provide small performance benefits.

2.5.2.4 Convolutional Block Attention ModulCBAM)

The CBAM module is in essence a simplified form ohselhtion which enables a set of
feature maps (fom the output of a residual block) to calculate channel and spatial attention
maps for reweighting themselvesenhancing important channels and spatial regions based on
the global feature map distributions.

CBAM is implemented according to the paper CB&bhvolutional Block Attention Module
(Woo, 2018)
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( Channel Attention Module )

MaxPool
Va—2\ =
\ AvgPool _/ -\ @ @ _C:annel Attention
Shared MLP 5

M
\Input feature F j
4 Spatial Attention Module
conv
layer
Channel-refined [MaxPool, AvgPool] Spatial Attention
\ feature F’ Mg

Figure9 - The channel and spatial attention modules making up the CBAM. The channel
module passes a vector of the max and average values of eaeamnel across the whole

spatial domain through an MLP and learns a chanméte reweighting with a sigmoid

activation function. The spatial attention module performs a global max and average pooling
operation to derive two channel feature descriptors acs the spatial extent of the feature
maps which are passed through a sigmoid convolution to derive a spatial attention map. The
kernel size of the final convolution is a hyperparameter which provides a degree of context
awareness in the derivation of thetgention values.

The channel and spatial attention maps reweight the feature maps sequentially, i.e. the input
feature maps are first used to calculate channel attention maps, the channels are reweighted,
and these reweighted feature maps are used to elale spatial attention which reweights the
whole set (spatially) one more time.

conv
— — e

Original ResBlock

Spatla\ attention
Channel attention

F
,'F\/ @
conv
— . X —b —

oS

ResBlock + CBAM

Figurel0- The CBAM block as positioned in a residual block; i.e. as a feature map
postprocessing step.

These blocks are quitightweight (due to the channel and spatial pooling operations) and the
dynamic reweighting capability has been shown to lead to performance gains in various
computer visiortasks.

2.5.3 Evaluation of different loss functions

During our experiments, we trainedodels to produce segmentation masks guided by three
RAFFSNBY(l f2aa o ThsbedHar id koo thdy thasube the dedli dfa2 y & ©
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predicted segmentatiomask andprioritise slightly different objectives.heoriginal loss

function utilizedin the segmentation framework, the adaptive weighted binary cross entropy,
was extended by two additional loss functions for this project. Each of these is described
below.

2.5.3.1 Adaptive Weighted Binary Cross Entropy
This loss functiod ¥ 2 NJ & K 2 NJi fsla yeReXalizatdn of biharycross entropy to
unbalanced data (different numbers of foreground and background pixels, here buildings and
non-buildings).The loss function is as follows:
5 xUIL'IBC p U Il IgL D
Here0O denotes the number of pixels in the imagelexed bye, w the binary building

probability in the ground truth (0 or 1) any the foreground probability output by the
network. The weighb is derived on a peimage basis according to the formula:

Wherew B p w andw B  w, and represents the relative fraction of the

image occupied by background with respect to foreground. This rebalances the loss adaptively
so that erroneously labelled foreground pixel values are punishecde heavily if they occupy

a smaller total portion of the image, and the degree of extra punishment is equal to the ratio

of background to foreground pixel®is a small numerical factorG-00001 to prevent division

by zero incase there are only backgrmd pixels in the image.

Since this loss is linear in the pixels (the summation over n), it does not explicitly address the

G O02NNB Oy Saaé ,alyindidpixesThid etz demedots Fdzl T Ay Sasé
in predicted segmentation masks which must be mitigated by thresholttitgjnonetheless a
commonly used function for training image segmentation modete upside of this situation

is that the gradients of the loss function are relativeilyple which makes training a model

with this loss function easier.

2.5.3.2 Dice Loss
The Dice loss functios based on the Dice coefficieatsegmentation quality metrieyhich
applied tothe binarycasetakes the form:
Y0
YO pIc "O0 "O0

WhereTP, FP and FN refer to True Positives, False Positives and False Negatives respectively.
Since these strictly speaking only exist for binary variables (the neural network outputs
continuous probabilitiesy ¥ Tip ), continuousvalued proxies are used to the values
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The loss function itself is simply:
0 p O

Since this loss function is nonlinear in the pixels (its value depends on the global properties of

the segmentation since it usdise total frequency of true and false positives and false

negatives to derive a summary ratio) it produces qualitatively different masks to the weighted
OAYINE ONRaa SyiGNRLERI YR GKS&AS GSyR G2 O2ydl
It al= intrinsically weights false positives and negatives the same. The downside of its more
complicated functional form is that the gradients of the loss are more complex which can

make training models with this loss slower and more difficult.

2.5.3.3 TverskylLoss

The Tversky Iasis a generalization of the Dice loss based on the Tversky Index. This allows one
to inject weighting factaswhich pushes a model toward performing better at reducing false
positives or false negatives. The Tversky index has the form:

"YO
"YO 100 [ 00

Where Iy ¥ 1ip are weighting factorsubject to the constraint p. It reduces to
the Dice loss when the weighting factors are equal to one half.

The Tversky loss is simply:
0 p Y

In our experiments we used T and|; 1@ to guide models to prioritise minimizing false
negatives (i.e. to not miss pieces of buildings). This should result in more accurate footprints
for buildings that are detected, but at the cost of increasing tite at which spurious

buildings are detected (false positives).

The Tversky losand gradients thereof, haweslightly more complex functional form owing to
the different weighting factors than the Dice loss, which renders training models with this
more difficult.
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2.5.4 Polygonisation

In addition to exploring imagkevel segmentation quality metrics, binary segmentation masks

were converted into polygofi S @St NB adzf (& datioh afgdarithB foaspdda LJ2 f & 3 2
pixelwise 4connectedness). This allows a direct comparison of ground truth vector data and

predicted vector data, and the identification bfildings segmented by a given model with

0dzAf RAy3a LINBaASyd Ay !/ ¢Qa o0dzAf RAy3I RIGEFOFASD
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Figue 11 - Polygorilevel results (right) compared to ground truth (left) fokOI3 generated
by the baseline 1m spatial resolution model with no architectural enhancements.

A number of quality metrics and classifications were devetbfor quantitative comparison of
polygorlevel results and integrated in the codebase for future use by ACT for evaluating
model performanceThese will be shown in section 3.

2.6 DATASETS USED

2.6.1 ACTorthoimagery

The main training datasets used throughout esments consisted of aut-out of four 20cm
GSD orthophotos and corresponding ground truth building polygons provided by ACT.

These were obtained from the 2017 (summer), 2018 (summer) and 2019 (summer) regular
orthophotocampaignsl f 2y 3 A GK (KSE HAMIHDKDBIK GBS ND A G & NISyY 7
~90 degrees. These each covered the same region of Belair, and each spanned in the region of

ten squarekilometres
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Figurel?2 - Belair training areadaken from the 20cm GSD ACT orthophotd®p:2017
(summer), 2018 (summer). Bottom: 2019 (summer), 2019 (true, winter)

2.6.2 Belgium orthoimagery

In initial experiments before the Belair training dataset was prepared, preliminary results were
calculated based on a DeepResUNet model trained0drband 2016 (winter) orthophotos of
Belgium(25 cm GSDdownsampled to 1nfior Handers and Wallonia). Ground Truth building

data was provided by GIM.

2.6.3 ISPRS Potsdam

ThelSPRS Potsdam Dataisea publichavailable 5cm GSD IR+RGB true orthophoto + DSM
segmentation dataset with annotated ground truth for buildings (alongside other objects such
as vegetation, impervious surfaces and cars). A 20cm binary building segmentation dataset
was extracted from thisypdownsampling and discarding the additional classifications to
match the structure of the ACT Belair training dataset.



https://www2.isprs.org/commissions/comm2/wg4/benchmark/semantic-labeling/
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Figurel3- The ISPRS Potsdam segmentation dataset (IeHRI& bands) with ground truth
building classes annotated in blue (righth DSM is also included (middle) which was not
used here.

26.4 DSM

ACT also made available a DSM of the country of Luxembeased on a LiDARflight. This was
in the end not used for the following reasons:

- DSM capture frequenadginfrequent and ouwtof-sync with respect to the yearly
orthophoto captures. This would limit thegplicability of the prospective data fosi
model and lead to a situation where the increased accuracy could only be taken
advantage of every few years.

- Based on existingtérature performance gains woulahly be at the few percent level
Given the limited applicability and performancegains expected from a complex data fusion

orthophoto + DSMegmentation model and the major effort required to implement it, it was
decided to not implement it in the course of this project.



9

'EN‘ART
GEO
INSIGHTS

3 Overview of experiments performed

2/75

3.1 AREASOFRINTEREST

Figurel4 ¢ AQIs 15 (top to bottom, left) along with the initid 1m baseline DeepResUNet
model results with weighted binary cross entropy (middle) and ground truth (right).
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All models were benchmarked on a testing dataset of fi@sahosen by ACT to represent
diverse urban and rural buildings across Luxembourg.

Grouwnd truth data for these BIs was accurate as of 2018, although orthoimages were
available for subsequent years (where new buildings may have appeared or old ones
disappeared). We show results and metrics for this year since the ground truth is mosereliabl
here.

3.2 EXPERIMENTS AT 1M SPATIAL RESOLUTION

In the beginning of the project baseline results were generated using an existing unmodified
DeepResUNet model trained on Belgian orthophotos from 2015 and 2016 downsampled to 1m
using the weighted binary crossitropy loss function.

3.2.1 Architecture

The architecture used to generate the initial results was the baseline DeepResUNet described
in (Yaning, 2019)

3.2.2 Training data

Training data consisted of Belgian publicly available orthaphfrom 2015 and 2016 with
ground truth building polygons provided by GIM. These were relatively low resolution, being
resampled from 25cm GSD to 1m GSD before training. The model was trained using the
weighted binary cross entropy loss functjarsing aandom 10% of the patches making up
these datasets as validation data. Initial learning rate was set to 0.001 with a decay of 50%
after two epochs of validation loss stagnation until a minimum of3.0"

3.2.3 Inference data

Inference was run on the five Luxembour@i&downsampled to 1m spatial resolution, and
segmentation and polygelevel quality metrics derived and collected.

3.2.4 Postprocessing

Binary segmentation masks were obtained by thresholding the segmentation modeitsutp

(in each case, the raw results are floating point building probabilities for every pixel in the

NI y3aS onimB80d C2NJ 6KA&A hiaddzQad YSiK@Radng a dzaSR
to values in the range 0.4B.5. Polygonisation was carriedtmon each ®l on these

0KNBaK2ft RSR NXB Zazheitédnedsipalygchizaildh hlgo@km. n
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3.2.5 Results

3.2.5.1 Segmentation results

28/75
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Figurel5 - Confusion map for thdive AOk during 2018 using the 1m DeepResUNeidel
trained on Belgian ortho data with the weighted binary cross entropy loss. White and black
pixels represent true positives and negatives respectively. Red and green pixels represent
false positives and negatives respectively.

In Figure 15 confusiomaps are presented for the five areas of interest. The predominant
kinds of errors are false positives (red). These can manifest as overestimated building
footprints (this can be partially traced back to the effect of binarizing footprints at low spatial
resolution; pixels which would be partially occupied by buildings when viewed at a higher
spatial resolution are considered simply to be buildings). The low spatial resolution also leads
to smaller gaps between buildings at the scale of a few pixels tarbaepusly counted as
buildings, effectively merging together separate buildings.

Segmentation metrics per Aol (post-thresholding, 2018)

1 — — — N Jaccard_index
tversky_index
recall
precision
specificity
npv

|
EEEEn

Polygone 1 Polygone 2 Polygone 3 Polygone 4 Polygone 5

Figurel6 - post-thresholding segmentation metrics per@ for the 1m model. The
predominance of FRype errors can be seen in the lowgcision values (purple) compared
to the recall values (green). The Jaccard Index (or Interseetiver-Union) in yellow
provides an overall segmentation quality metric which is stable aroyodt under0.6 across
each AI.

3.2.5.2 Polygon level results

The imagdevel binary segmentation results were polygonised using GDAL in order to
investigate the quality on the level of individual buildings, andriderstandthe qualitative
nature of the segmentation errorsvhen translated taa group of polygons tbe compared to
ground truth.

An important metric in this analysis is th#@ersectionover-Union (or loU). For two polygons,

this is defined as the ratio of the area of their intersection to the area of their union (the total
area spanned by both). TRaccard Index is a synonym for thisen applied to wholémage

level (i.e. where one is comparing two segmentation masks in their entirety). An loU of 1
implies perfect alignment of polygons, while an loU of 0 implies the two shapes do not overlap
at all.
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densely packed buildings are merged into one larger shape. Building footprints tend to be
overestimated in size.
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3.2.5.3 Categorisation of polygn-level results

In order to quantify and classify the polygtavel results, a number @dditionalmetrics were
calculated by comparing the ground truth to the predicted polygdimese are more complex
than the pixellevel categories of TP, TN, FP aNdIFis useful to define the following cases:

1. Singlematchrefersto the cases where a reference polygon (either in the set of ground
truth polygons or in the set of predicted polygons) intersects exactly one polygon in
the other set.In thesecaseswe can calculate the loU of the pair of polygons.

a. If the reference polygon is in the ground truth set, a single match with a
predicted polygon can be either:

i. Aunique match where the predicted polygon intersects no other true
polygons

ii. Undersegmentationwhere thesingle matchingredicted polygon
intersects other true polygons.

b. If the reference polygon is in the predicted set, a single match with a ground
truth polygon can be either:

i. Aunique match where the ground truth polygon intsects no other
predicted polygons

ii. Oversegmentationwhere theground truthpolygon intersects other
predicted polygons.

2. No matchrefers to the cases where a reference polygon (either in the set of ground
truth or predicted polygons) intersects no polyganghe other set.

a. If the reference polygon is in the ground truth set, this representissed
building (or equivalently a false negative).

b. If the reference polygon is in the predicted set, this represeritdse
detection (or equivalently a false posre).

3. Multiple matchrefers to the cases where a reference polygon (either in the set of
ground truth or predicted polygons) intersects multiple polygons in the other set.

a. If the reference polygon is in the ground truth set, thgainrepresents
Oversegnentation (one real building encompassing multiple predicted
buildings).

b. If the reference polygon is in the predicted set, thgain represents
Undersegmentationone predicted building encompassing multiple real
buildings).
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3.2.5.4 Global distributions perAOI

Here we can showosne global properties of the segmented polygons for eACH

Fraction missed polygons by Aol (1m, 2018)

Polygone 1 Paolygone 2 Polygone 3 Polygone 4

01

0.08

0.06

o Polygone 5

Figurel8- Fraction of missing buildings ieachAOlfor the initial 1m modeltrained on Belgian
ortho datawith WBCHoss.

In Figure 18, the missed building rate for the 1m model is shown. As will be a recurring theme,
AOlH oOat 2fe3d2yS HéUL NBadzZ G370k Nisisyiiolthef & 62 NE S
complexity of these buildings; several are mtitred with roofs at different heights, others

have open spaces which are difficult to distinguish by eye from roofs. Nonetheless even at 1m
spatial resolution, the miss rate is low for the remainik@k at the 37% range.

Fraction of true polygons with one intersecting predicted polygon (1m, 2018)
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Figurel9 ¢ Fraction of true polygons with one matching predicted polygon (unique matches and
undersegmented buildings)

In Figure 19, the fraction of true buildings with one matching predicted building is shown. The
difference ketween each bar and 1 represents the oversegmented or missing true buildings. In
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each case apart frorAOI2 we can infer that oversegmentation is a very minor issue at low
spatial resolution, which we can confirm in Figure 20.

Fraction oversegmented buildings per Aol (1m, 2018)

0.3
025
0.2
0.15
0.1

0.05

Polygone 3 Polygone 4 Polygone 5

Polygone 1 Polygone 2

Figure20 - fraction of oversegmented buildings at 1m spatial resolution feach AOusing the initial
model.

InHgure 21 we plot the ground truth and predicted polygam#&\OI1 for the case where a

single predicted polygon overlapsgiven ground truth polygon, and colour the predicted
L2fe3d2ya FOO2NRAYy3I (2 GKSANI I @SNIF3IS L2! HAGK
clear that the most significant problem at this spatial resolufmihe undersegmented

buildings. Theseccur in situations with densely packed buildings with little space between.

Ground Truth Polygonisation (DeepResUNet, Otsu thresholding * 1.25, 1m, 2018)
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0900 0925 0950 0975 1000 1025 1050 1075 1100 01 02 03 04 05 06 07 08
Building probability loU

Figure21 - Predicted polygons which intersect true polygons coloured by average loU with the
buildings they intersect. Undersegmented buildings appess purpleblue and occur where a
single predicted polygon erroneouslyontains multiple true buildings.
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Ground Truth Polygonisation (DeepResUNet, Otsu thresholding * 1.25, 1m, 2018)
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Figure22 - Predicted polygons oAOI3 where these intersect one or more true polygons, coloured by
average loU.

In Figure 22 we can observe a qualitatively different scenario. In a rural setting Sd€H3as
where buildings are more separated, undersegmentation is rare and most pregictggons
are unique matches with corresponding true polygons. In ttessgesthe footprint quality as
measured by loU is typically in the-60% percent range, with the predicted polygons in
general being too large.

Distribution of loU for single-polygon matches per Aol (1m, 2018)

035

03

Paolygone 1 Polygone 2 Polygone 3 Palygone 4 Paolygone 5

Figure23- loU distributions for true polygons which match one predicted polygbyn AOI The yaxis
represents thevalue ofthe loU in bins of 10%, while the colour represents the fraction of buildings
that loU range.
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Figure 23 smmarises the situation: for mo#Ok the loU is low due to the predominance of
undersegmented buildings. WOI3 the majority of buildings are in the 8D% loU rangaVe
should hope for distributions in eagkOlpeaked strongly at high loU.

Status distribution [min area 1m”2, 2018, 1m]
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undersegmented unique_match no_match oversegmented ambiguous

Figure24 - Status distribution for allAOk for polygons predicted by 1m DeepResUN&tound half of
these are undersegmented (i.e. intersect multiple true buildings). A little over one quarter are uniq
matches and a little nder one quarter are normatches(i.e. false detections)

One can conclude that 1m spatial resolution is not sufficient for distinguigiiingdual
building polygons except for in those cases where buildings aresegdirated. When this is
the casehe footprint quality is mediocre and tends to overexaggerate building sizes.

3.3 EXPERIMENTS AT 20CM SPATIAL RESOLUTION

3.3.1 Architecture

The procedure of generatingOlquality metrics was repeated using the baseline
DeepResNet model with WBCE loss in order to perform a-fikelike comparison with 1m
results.

Following the implementation of the architectural enhancements detailed in section 2.5, a
period of hyperpararater tuning and model selection was carried out whereupon the -best
performing model was selected based on validation da&rics using each of the three loss
functions put forward. These models were used to generate final, improved reghilts are
alsoshown here.

In each case the begierforming model included all of the additional architectural elements
(spatial attention gates, deep supervision, msitale pooling and CBAM modules on each
residual block).

The optimal initial learning rate found inéke experiments was 184 for every loss function,
with a reduction of a factor of 50% after 2 epochs of validation loss stagnation until a minimum
value of 10%6.
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3.3.2 Training data

In all 20cm experiments training data consisted of tkeembourgBRelair)training sample for
each of the year2017, 2018, 201and2019 (vinter true ortho¢ resampledirom 10cmto

20cm) along with the ISPRS Potsdam dataset. Ten percent of the patches constituting this
combined training dataset were selected at random and sefeal off to be used as validation
data during model training.

3.3.3 Inference data

Inference was run on the five Luxemboux@k at 20cm native spatial resolution (resampled
from 10cm in the case of 2019 winter), and segmentation and poNeal quality metigs
derived and collected.

In the case of the best weighted binary cross entropy model, results for the entire country
were additionally generated.
3.3.4 Postprocessing
Binary segmentation masks were again obtained by thresholding the segmentation model. For
thih hdadza YSUGUK2R gl a dzaSR (ADIPRVROsald wasy | R LJG A
carriedoutoneachOI2 Yy (G KSa$S (G KNBAK2{ RSdRnedidbriesizt 1 & dza Ay 3
polygonization algorithm.
3.3.5 Results
3.3.5.1 Segmentation resultg DeepResUNet WBCE loss

In Hgures 2428 the confusion maps for eaéDlare presented, which may be compared with
the 1m spatial resolution results generated by the same architecture.

Figure25 - Confusion map foAOI1, 20cm baseline DggresUNet model. Again TP/TN white/black
respectively and FP/FN red/green respectively.
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The predominant error type with weighted binary cross entropy is again the false positive kind,
't GK2dzZ3K GKS KAIKSNI &LI (Al (E | NIESND daiSARRE Y FaRA2TiyLAND
at im.

Figure26 - Confusion map foAOI2, 20cm baseline DeepResUNet mod@versegmentatioris a
more visibly significant problem here than at 1m and the increased spatial resolution does not

significantly improve segmentation quality. This is likely a result of such atypical rtidtied
buildings lacking in training data.

Figure28 - Confusion map foAOI3, 20cm baseline DeepResUNet modebotprint exaggeration is
still an issue for this loss function although this is significantly mitigated with respect to 1m.
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Figure30- Confusion map foAOI5, 20cm baseline DeepResUNet modtiained with the WBCE loss

With the exception oAOI2 (Figure B) 20cm spatial resolution represents a huge qualitative
improvement to 1m, while taking a factor of ~28 longer to both train this model andmu
inference. Nonetheless 20cm inference on the country of Luxembourg was possible in
approximately 12 hours on the ACT hardware provided.
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In Figure 3 the globalAOHevel quality metrics are shown. These reflect the significantly
reduced false positive rate with respect to 1m.

Segmentation metrics per Aol (post-thresholding, 20cm, 2018)
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Figure31- Per AOlsegmentation metrics for the20cm baseline DeepResUNet modeVith
the exception of AOI2, Jaccard Index (global loU) values are in the78346 region (up from
<~60%) while precision values are in the-80% region (up from 60%).

3.3.5.2 Segmentation resultg DeepResUNet all enhancements + WBCE loss

Here we present the results for the best trained model with architectural enhancements in

place. For the particular casé WBCE, we note that the distribution of predicted building

probabilities was shifted higher than the baseline model and an appropriately higher threshold

should be selected to accommodate this. In the confusion maps (Fig2#&8) Sve used the

sameadaf A S (G KNBAaAK2ft RAyd aOKSYS ohiladzQa KAad23aNg
conservative by a factor of 1.25, typically resulting in a threshold in the region ~0.57) as in

previous experiments which resulted in a slight decline in qudltig. calculation oftte

segmentation metrics was repeated by increasing this scale factor to 1.5 resulting in a

threshold ~0.7 whicleliminated false positivegroduced better results (see Figur@)3

Figure32 - Confusion map foAOI 1 for the bestperforming 20cm model trained with the WBC
loss function
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Figure33- Confusion map foAOI2 for the bestperforming 20cm model trained with the WBC
loss function

Figure34 - Confusion map foAOI3 for the bestperforming 20cm model trained with the WBC
loss function

Figure35- Confusion map foAOI4 with the bestperforming 20cm model trained with the WBCE
loss function
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Figure36 - Confusion maps foAOI5 with the bestperforming 20cm model trained with WBCE loss

Segmentation metrics per Aol (post-thresholding, 20cm, 2018, WBCE)
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Figure37 - final segmentation metrics for the begperforming 20cm WBCE model.

LiQ& ¢ 2 NIekhatyhe dispayitdin allation losses observed between the baseline
and best WBCE models (0.272 @nti86 respectively) does not translate into equivalently
significant gains in thAOltesting dataset metrics. This is likely due to the more complex
model being able to better learn to leverage the subtleties of the Belair tragataset but
failing to generalize this understanding well to the testing datasetgeiheral,more complex
models contain more parameters and interlocking mechanisms, lansl trequire more data to
train. It is likely that the disparity between the baseline and best model architectures would
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grow significantly in the presence of a larger and more diverse training set containing different
samples from Luxembourg.

3.3.5.3 Segmentationresults¢ DeepResUNet + all enhancements + Tversky loss

Here we present the results for the best trained model with architectural enhancements in
place. In the case of the Tversky loss, the Otsu thresholding scheme was kept, although in
practice the Tversky and Dice losses produce extremely bimodal distributienbuilding
regions are either identified with a particular shape with a very high probability approathing
or are entirely absent with probability approaching 0. This renders the choice of threshold
nearly meaningless.

Figure38 - Confusion map forAOI1 with the bestperforming model trained with the
Tversky loss

Figure39- Confusion map forAOI2 with the bestperforming model trained with the Tversky loss
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Figure40 - Confusion map foAOI3 with the bestperforming model trained with the Tversky
loss

Figure41 - Confusion map forAOIl4 for the bestperforming model trained with the Tversky loss

Another point worth of note is the stability of the training. As mentioned in section 2.5, this
loss and gradients thereof have a considerably more complex functional form than the
weighted bnary cross entropy. This can cause the gradient descent algorithm to struggle to
navigate a highly oscillating loss surface. We observed around three training experiments out
of ten where training destabilized and the loss diverged. Results could lgkatypooved

further by experimenting with more sophisticated learning rate schedulers, or tuning the initial
learning rate more finely.
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Figure42 - Confusion map forAOI5 for the bestperforming model trained with the Tversky
loss

In Figures 382 the confusion maps for the beperforming Tversky loss model at 20cm

spatial resolution are presented. In our experiments the architectural improvements
represented a deate in validation loss from 0.17 to 0.13 with respect to the baseline
DeepResUNet. One can see that these are a qualitative improvement on the weighted binary
cross entropy model, particularly in the reduction of false positives. Nonetheless theselare stil
the most predominant errctype which appears for this loss function.

Segmentation metrics per Aol (post-threshelding, 20cm, 2018, Tversky)

EEEEE

Figure43- Final segmentation metrics peAOlfor the bestperforming model trained with the
Tversky loss.

Nonetheless, the Tversky loss results are quantitatively a significant improvement on the
weighted binary cross entropy (see Figure 43). In particular the precision values touching the
80% mark in the four more typicAlOk improves drastically in some eason the WBCE results
shown in Figure 37.
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3.3.5.4 Segmentation resultg DeepResUNet + all enhancements + Dice loss

Here we present the results for the best trained model with architectural enhancements in
place using the Dice loss functi@imilarly to the Tversky loss and for the same reasons, the
choice of threshold is unimportant here.

Figure45 - Confusion map forAOI2 for the bestperforming model trained with the Dice loss

In Figures 4418 the caonfusion maps are presented for the fix®E with the best model
trained with the Dice loss. Due to tineenstraintswe did not train a baseline DeepResUNet
model with this loss function. The minimum validation loss readhexlir experimentsvas
0.15.

Immediately of note is the trading away of false positives (in red) for false negatives (in green).
This can be traced back to the equal weighting factors for these types of error (in contrast to
Tversky, where FNs were more severely punished) in thédassion. As aesult,for the
moretypical AOE (1, 35) most building footprints are very accurate and not exaggerated,
although a larger fractiors missed entirely. Smaller, isolated false positives are also much less
frequent.
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Figure47 - Confusion map foAOI4 for the bestperforming model trained with the Dice loss
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Figure48 - Confusion map forAOI5 with the bestperforming model trained with the Dice loss

In Figure 4@ the overall quality metrics for eachOlare presented. The equal prioritization of

FP and FN erretypes manifests in the precision and recall (purple and green respectively)
being more equally balanced than with the Tversky loss. The ogesdity indicator (the

Jaccard Index in yellow) is very similar. If one ignores the artefact caused by the presence of
the border inAOI4, the overall quality measured by the Jaccard Index is slightly better on
average.

Segmentation metrics per Aol (post-fresholding, 20cm, 2018, Dice)

Figure49 - Overall segmentation quality metrics peAOlfor the bestperforming model
trained with the Dice loss

While the quality metrics for the Dice and Tversky losses are similar, one would expect to see
the differences emerge more prominently in the polygemel analysis, as larger false positives
rates (Tversky) are more likely to merge buildings and creatlensegmentation, whiléigher

false negative rates (Dice) are more likely to cause missed buildings and oversegmentation.
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3.3.5.5 Polygon level resultsq¢ DeepResUNet + BCE loss

Here we present the polygon level results for the baseline DeepResUNet model arethe f
testingAOE.

In Figures 54, colourcoded representations of the predicted polygons are shown where the
coloursindicate whether that polygon was a unique match, undersegmented, oversegmented,
a nonmatch (false detection) or ambiguously segment®dce again undersegmentation is

the predominant errottype and is prominent in dense areas with small spaces between
buildings. These were not weakpresented in the Belair training dataset, so it is likely that this
issue could be alleviated by providing ground truth for these kinds of urban environments.

Figure50 - Predicted polygons (right) and ground truth (left) féxOl1 for the baseline
DeepResUNet moddtained with the WBCE loss function. Predicted polygons are colour
coded by status: light blue for uniqgue matches, gray for undersegmented, brown for
oversegmented, green for no match (false detection) and blue for ambiguously segmente

Figure 51 -- Predicted polygons (right) and ground truth (left) foAOI2 for the baseline
DeepResUNet moddtained with the WBCE loss function. Predicted polygons are colour
coded by status: light blue for uniqgue matches, pink fondersegmented, red for
oversegmented, and blue for no match (false detection).

















































































