Automatically Find New Buildings - A Pilot Project
USIng Sentlnel_l Torgeir Ferdinand Klingenberg, Norwegian Mapping Authority

. Kartverket 11.01.2024




Table of content

A Introduction
A Data
A Results

A on going work: Machine learning

= Kartverket



Introduction

B Kartverket



Need and purpose

A Find new buildings/building changes
A More predictable cost estimates
A More updated database

A Useful for municipalities and others who want to detect
buildings and building changes - e.g., illegal construction
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Founding and partners

A In the framework of FPCUP, the following four types of action are
supported:

A National and multinational information/training events
A To build an active dialogue
A Promote national and multinational innovative initiatives

A Development and piloting of downstream applications and services

https://www.copernicus -user -uptake.eu/
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https://www.copernicus-user-uptake.eu/

Founding and partners

A Norwegian Mapping Authority (NMA) applied for EU/FPCUP funds through
Norwegian Space Agency (NOSA), and was approved

A A pilot project with the aim of investigating whether Sentinel -1 can be L))
used to detect buildings and building changes. Mol Jllm
OQErICUS

Framework Partnership Agreement
for Copernicus User Uptake

1. NOSA has its own contract with DLR for FPCUP

2. NMA contract with NRS

3. NMA contract with NORCE for the development . .
Norsk Romsenter
Norwegian Space Agency Kartverket
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Object of the exercise

The aim is to discover the potential that can be achieved with Sentinel -1.

A Important questions/problems to be answered are:
A How small buildings and building extensions can be detected?

A How often is it possible to deliver the target result?

A Delivery

A Knowledge and methodology necessary to achieve the target result must be transferred to the
Norwegian Mapping Authority.

A a description of the methodology/method and a description of the use of the method must be provided
in the form of a manual.
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Delivery

A The target result must be provided as surfaces with reliability targets in the Geography Markup Language
(GML) data format.

A The target result must be delivered in the map projection EUREF89 UTM.
A The target result is to be achieved by using data from the Sentinel -1 radar satellites.
A The target result must be achieved by using a sufficient number of Sentinel -1 acquisitions (time series)

A The methodology must be designed so that the target result can at least deliver an annual update. But
more frequent deliveries are wanted to be assessed against quality

A The target result must be achievable using open -source code. Necessary code must be published on Github
Gitlab or similar. Where the supplier has trade secrets that prevent the sharing of source code, it is
desirable that this solution be used in addition to the open solution.
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Data

A Sentinel -1 backscatter 2016 -2021 ( NORCE)

A Property information (vector) ( NMA/ Kristiansand municipality )

A Construction building date

A Additional dataset:

A perial images from country  -wide program and  Geovekst
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Sentinell overview

e Has geocoded data stack 1.1.2a1.6.2022 (6
years) within AOI=[6 462 000,6 469 000, 82
000,95 000] (UTM WG, z33) 10m pixeb
1300x700 pixel

e Geometries 2012021

e 015ASC covers western area only 223

e 037DES OK 316
¢ 044ASC OK 309
e 110DES covers western area only 318
e 117DES OK 182
e 139DES OK 314

e Totally 1672

., Y
oleage
DO A

Year
2016
2017
2018
2019
2020
2021

ScenesYear
136
319
295
274
318
318




Processing

e Splits into 2 areas (smaller stacks, faster processing)
» AOI_V=[83 880,86 330,6 463 000,6 465 00@Q}5x200 pixel
« AOI_E=[91 220, 93850, 6 465 100,6 468 00B$3x290 pixel

e Clipping:




Radar backscatter (teory) Flat plain

e Backscatter from various objects is a I
generally difficult to model, and will ’ | _
depend heavily on the angle of 0 o SN S |

Leok angle @ (degrees)

Incidence and direction, as well as the  Building

raof #7552

shape and orientation of the building

e Possibilities for single, double and  [ow] _,
triple bounce effects where epole @ Singl B Scuscig (Dol Bouos Sostriog o sl Boune Sotircg

and crosgpole can behave differently. pong, v., Forster, B., & Ticehurst, C. (1997). Radar
backscatter analysis for urban environments. International
journal of remote sensing, 18(6), 1351-1364.
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Ground truth oareas with visible change

West (354 pixels) East (566 pixels)
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Demolished building and new building

Detected change:20160629 Detected change: NiB, 2016E/2015V
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Demolished building

Detected change:20160629 Detected change: NiB, 2016E/2015V ’
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Building change

5

Detected change:20170830

Herv|||||]J,r1lv‘[||||1||||vI|||||||||1!]||[|||||[v\||v||||||[|||l||||||!|||
f | r

i |G |

b b b bea b b b b b b b b e Do Do B B Do Do D a B B s

AprJdul OctdanAprJul OcthnAprJul OctJanApr Jul OctJanApr Jul OctdanApr Jul Oct
| |

2017 202 2021

01
UTM: (85150 £ 646434

Caoherence

0.8

0.8

0.4

0.2

0.0

Detected change:

T[T T T T T[T T T T T[T [T T T T T T T
[N T N P W SR NS Ll B RS DY REA EEl REA ERR R R R B R

el \Y
)1’": ( l

Ll
1']H | W‘)J 1l

A

c bbb b bbb b b b b b b b L b b b L

AprJdul OctdanAprJul OcthnAprJul OctJanApr Jul OctJanApr Jul OctdanApr Jul Oct
| |

2017 202 2021

01
UTM: (85150 E. 8464346

N!B 201 ESE/ZOW 5\/




Detected change:20200629 Detected change:

NiB, 2016E/2015Y
BT T T T T T T T T T T T T T O T T T T T T T T T T T T T T 5 a4

Coherence

c ] [ ? ,

—15Lle b b b b b e b b b b b b e B b Dol Do B B b i oy 0.0 Lol b b b b b b b b b b b b b b benflan b b b b b
Aprdul OctdanApr Jul OctdanApr Jul OctdanApr Jul OctdanApr Jul OctdanApr Jul Oct Aprdul OctdanApr Jul OctdanApr Jul OctdanApr Jul OctdanApr Jul OctdanApr Jul Oct
1 | | 1 1 | 1 L | |

2017 201 2018 202 2021 2017 201 2019 202 2021
UTM: (92860 E, 6467020 N UTM: (92860 E, 6467020 N




Difficult

Detected change:20190630
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Detected change:20170630
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Detectionof
buildingchangesn
SAR image data

A machinelearningperspective
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Data Ni%RCE

e Satelliteimagesareresampledo acommongrid
e Givesa datacubewhereeachpixelisrepresentedby a time series

Datacube

t Tim€ series




Problemdefinitionandterminology

Changealetection=Dbinaryclassification

e Twoclasses «change and «ochange

o Classificatiorr feature selection+ classprediction

Input: time series

Feature numbersthat characterisdghe objectto be classified

.e
.
.........

Featureselection transformationof time series (input datanto an alternative

representationused as input tahe classprediction

Time serieglassificationmrequiresspecialisedeature extraction

input

\ 4

Featureextraction

feature

[
»

Class
prediction

class

v




Challenges N

Imbalancectlasses

Time seriesvith different lengths

Time seriesvith irregularsampling
Noisyclasdabels(uncertainlocationof changen time andspace
Heterogeneousnput data

Useof contextualinformation



Imbalancedlasses Ni%RCE

e Fewpixelswith change manywithout

-2.5 —2I.0 —1|.5 —ZIL.O —(I).S 010 O.I5
t Changesre underrepresentedn trainingdataset

t Ineffectivetraining of the machinelearning(ML)model

e Canbe handledby standardnethods suchasclassweighting
(balancinghe proportion of changeand unchangeduixelspresentedto the modelduring training by
unevensampling)



Time seriesvith differentlengths

e Varyingnumberof observationdor different locations
andyears

e MLmodelmust handle input time seriesith
different lengthd

esl,e s
------
. ‘s



Time seriesvith irregularsampling

e Availableobservationganaybe sampledat
Irregularintervals

regularsampling

irregularsampling

e ML modelmust handlarregularsampling

WSeeil,e e
-----



Noisyclasdabels Ni%RCE

e Uncertaintyin space

e Locationof changesn satellitedatamaynot correspondwith polygonsof
buildingsthat are reportedassubjectto change

e Uncertaintyin time

e Onsetof visiblechangesn satellitedatamaynot correspondwith reported
startingtime of constructionwork

e Machinelearningterm: noisylabels

e Thelabelnoiseis not random whichmakes isnoredifficult to handle
from amachinelearningpoint of view



Heterogeneoumput data

e Datasetcontainsobservationf different variables:

e Radarbackscattelintensity
e From differentpolarisationgproperty of electromagnetiovave)
e From differentgeometries(radarpointingangles)

e Coherencdcorrelationbetweenradarmeasurementst two times)

e How tocombinedifferent datasourcesr detectionresults?

availabletime seriesof measurementgrom different variables

.....
C e
........



Useof contextualinformation N

e Achangepixelisoften surroundedby other changepixels

f L] ]
/

783 [$3L—T— eignbournhargenes
VR E Y m————
[ [ /8] ]

e How toexploitthe informationfrom neighbouringoixelsto improvethe
changedetection?




Machinelearningmodelof choice

unidirectional
reservoir
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Machinelearningmodel Ni %R CE

e Bianchi et al. (2021):Reservoicomputingapproachedor representationand
classificatiorof multivariatetime series»
o Usegreservoircomputing(RCYor feature selection(1st stage):

e Generatesareservoirconsistingof a collectionof recurrentneuralnetworksspecialisedt extracting
information and patternsfrom sequentialdata Guchas time series)

e Thereservoirhasfixed, random parameterghat are not trained. Yet the sizeof the reservair
ensuresarich andefficientrepresentationof the time series

e Thelengthof the representationisindependentof input time seriedengthand sampling

e The R@etworkrequiresmuchless training data andomputetime than than alternativedeep
neuralnetworksfor time seriegrocessing

e Canusestandardclassifierdor classprediction(2nd stage):
e Linearclassifier supportvectormachine multilayer perceptron



Machinelearningmodel

Input:

Representation
(feature)

unidirectional
reservoir

@

> X

time serieq

\

t

Recurrentneuralnetwork with
fixed, random parameters an

bidirectional
reservoir

=

t

f

]

veryshorttraining time

74P 4

/

Reservoir module

H =

reduced states
sequence

/mm\/

Dimentionality \

reductionto discard
redundantinformation
In time series
representation

Dim reduction
module

Featureselection

h(t)

™

last state

h(T)

output model

reservoir model

h(t + 1)

Differentways
"ot selectingthe
replresentation

Representation
module

Readout

module

Standardpredictors
from scikitlearn,
must handleclass

weighting

Varyingcomplexity
MLP and SVMses
muchmemory and

requireslengtraining

Prediction /

Class



Challenges ansblutions Ni iR CE

PS |mbalanced:|asses[ Solvedwith standardmethod: classweightingto balanceclasses]

e Time seriesvith different |engthS [ The RB network provides representations of the tiie

series that are independent of length and samplin

e Time seriesvith ir '
i Key problenthat requiressolution
e Noisyclasdabels

_ Investigatingalternatives.combineseparatedetectionson
O Heterogene mput data homogeneousiata ellerdetectionwith completedatasetas input

Requireamore advancedviL models

» Useof contextualinformation [ Awaitingbetter classabels ]




Critical: Reabellingof noisytraining Ni iR CE

data

Alternativewaysof handling:

Manual relabelling(laboreous)

Semiautomaticre-labelling

1t Manual relabellingsupportedby automatedanalysis
and customisedgraphicaluserinterface

Fullyautomatedre-labelling

. Exampldrom project (figure at the right):

e Clusteringof pixelrepresentationsnto:
«change> and «o-change

e Changeixelsthat grouptogetherwith no-changepixels
canbe definedasoutliersand relabelledby analgorithm

e QOur caseaequiresadaptionof existingalgorithmsfor re-
labellingand handlingpf noisylabels

Kernel PCA embeddings

0.05 -

0.00 ‘%'_
>y

—0.05

Abstractrepresentationof pixelsin two
dimentionsto studyclustering grouping



Questions?

Contact info:

'H Torgeir Ferdinand Klingenberg
b

Contact info NORCE :
b Eirik Malnes
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