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The European Earth Observation Programme
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The Golden Era of Big Earth Observation Data Gpemicus

Europe’s eyes on Earth

— Sentinels and future national satellites provide
— continuous, reliable and quality controlled acquisition of big EO data
— free and open data

— long-term perspective

PB Sentirel 5p
— Complementary NewSpace approaches, e.g. Planet 50 | ::z
— Internet giants and Start-Ups (Descartes Lab, Orbital Insight,...) enter EO ,:
40
Classical evaluation methods no longer sufficient = AI4EO -
30 wERS-1T
BUt: = MODIS
High EO quality requirements and wide application diversity call for EO-specific e
Al research and innovative Al4EO methods g
10 | ® Others.
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Data Cubes — Decadal Ti

Courtesy: C. Kinzer, DFD

Why do we need data science and Al4EO?

data
research
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user domain information retrieval observation systems
costs € €€€
development and life cycle days ~ year 10 ~ 20 years

level of innovation

high, e.g. Moore's law

“old” technologies
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Al research — Publication Statistics (Scopus Journals) 2013 — 2017

Searches in ca 50 Mio. Papers

Machine Learning

Natural Language Processing
Expert system

Computer Vision

Speelz:h Recognition Publication Highest citation
Voice Recognition
Deep Learning
Supervised Learning
Unsupervised Learning
Machine Vision
Pattern Recognition

count number

Artificial Neural Network DLR (tOtaI) 255 18 143
Neurocomputing

Convolutional Neural Network - thereof IMF 98 15 143
Self-Organizing Map .

Bayesian Belief Network Karlsruhe Institute of Technology 321 21 102
Swarm Intelligence = = = =

MuItI:-AgentSystem Deutsches Forschungszentrum fiir Kiinstliche Intelligenz 190 15 92
Intelligent Agent

Knowledge-Based System Fraunhofer Inst. f. Intelligent Analysis and Information Systems 44 8 118

Reinforcement Learning
Bayesian Network
Recurrent Neural Network
Feedforward Neural Network
Support Vector Machine
Autoencoder

Genetic Programming
Naive Bayes

Cluster Analysis

Artificial Intelligence
Feature Selection

Feature Extraction
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Max Planck Institute for Intelligent Systems 116 20 308

von: M. Azzam, Koordinator Digitalisierung, DLR
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Data Science in Earth Observation

Model-Based Analytics
explorative signal processing methods

Data-driven Analytics
machine/deep learning methods

Geoscientific Application — Global Urban Mapping
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Data Science in Earth Observation

Model-Based Analytics
explorative signal processing methods
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Radar Geometry in Range-Elevation Plane




Radar Tomography - "“X-Ray” of the Earth
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474 ca. 1 milli
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Courtesy: S. Gernhardt, TUM

Applications

— Underground construction monitoring

— Railway monitoring

— High voltage poles monitoring

— Dam monitoring

— Urban infrastructure monitoring, city planning
— Natural disasters (e.g. Volcano, earthquake)

— And many more...
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Relative Height Error — Evolution over Time

First

Coverqge
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.Relotive Height Error

Iijﬂ: (Acquisition started: Dec 12, 2010)
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Launch in 2020
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Hyperspectral Imaging — Spectral Resolution

measured spectrum of
one pixel

high spectral resolution

J

material identification via
spectroscopic analysis

hundreds of
narrow spectral
bands
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Hyperspectral Imaging — Spatial Resolution

Atmosphere

typical spatial resolution ~ 30m
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Wavelength (nm)

eflectan
oo
o

400 800 1200 1600 2000 2400
Wavelength (nm)

400 800 1200 1600 2000 2400
Wavelength (nm)

medium spatial resolution

U

Spetral unmixing, i.e. material -
400 80O 1200 1600 2000 2400

é unmixing within the pixel, is crucial Wavelength (nm)
m From: Bioucas-Dias et al. 2012
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Red Tile Roof

© Google Earth
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Joint Sparsity Model
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Data Science in Earth Observation

Data-driven Analytics
machine/deep learning methods

DLR
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XI1AO XIANG ZHU, DEVIS TUIA, LICHAO MOU, GUI-SONG XIA,
LIANGPEI ZHANG, FENG XU, AND FRIEDRICH FRAUNDORFER

Deep Learning
in Remote Sensing

A comprehensive
review and
list of resources

cmzm 0 the looming paradigm shift roward data-in
tensive science, machire learning technigues are be
coming incressingly important. [n particular, deep learn.
ing has proven to be both 4 major breskthrough and an
xtremely powerful 1oal in many fekds. Shall we embrace
diep leaming as the key to everything? O should we resist
ablackbox salution] These ane controversial issues within
the remote-sensing community. In this article, we analyze.
the challenges of using decp learming for remote-sensing
dataanalysis, review recent advances, and

s we hope will make deep kearning in

vemate-sensing scieniists o bring their expertise Inin decp
Tearning and use it as an implicit general model 1o tackle
unprecedented, large.scale, influential challenges, sach as
climate charge and whanization

MoTIVATION
Deep leaming is the fastest growing trend in big data analyss
and was deemed one of the ten breakthrough technologies
92013 [3]. It s characterczed by newral netwarks (NNs) in
walving sssally mose than twa hidden Layers (for this rea
06, they are called deep). Like shalkow NN, deep NN ex
phoit festure repeesentations learmed exchisively from dati,
stead of handcrafting features that are designed based
ainly on domain-specific knowledge. Deep learning
research has been exiensively pushied by Internet compa
mies, such 3 Google, Rabdu, Microsaft, and Faceboak, for
several isage analysis tasks. including image indexing. seg-
mientasion, and abject detectioe.

Based on recent advances, deep learning is proving o
e a very successful set of wools, sometimes able fo surpass.

R i i
e 43

IEHE GEOSCITNCE AND REMOTE SIS

even humans in salving highly computational tasks (con.
sider, .., the widely reporied Co masch between Coogle's
antificial imelligence program and the wordd Co
1 Lee Sedol]. Based on such exciting successes,
g 8 I v the model of choice in many
application fields
For Instance, comvolutional NNs (CANs) have proven to
oo at extracting mid- and high-level abstract features
by ingerleaving convolutional and pacli
w spatially shrinking the feature maps layer by
layer). Recent studies indicate that the feature representa-
tions learned by CNNs are highly effective in large-scale.

image recognition |2]-a]. object de
mantic segmentation [7), [5]. Furthe
(RN, an importane branch of the)
have demenstrssed signific
tasks ity quential daty
weeognkiion [9], [10] and image captid
I the wake of this siccess and i
awvallability of data and computation,
deep learning is finally Laki
Remote-sensing data present some ng
leamning, because satellive image and
sues that pose difficult new sclemifid

xcetes e EVE GEOSEINEE AND RIMOTE SINSHG MAGATIG
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Papers related to
Deep Learning in RS

Web of Science

2014 2015 2016 2017
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Deep Learning in EO — Hot Topic or Hype?

— Phase 1: Quick wins and quick papers
— Use known architectures and pre-trained networks to solve problems in EO that have been solved before

(“we can also do it with DL")
— Show that/whether DL gives better results than existing ML methods, e.g. 86.7 % = 89.3 %

— Phase 2: Understand that EO is different from internet image labelling

— Design new architectures for specific problems
— Extend DL to non-conventional data and problems, e.g. interferometric SAR, social network data,
quantitative estimation of geophysical variables, ...

— Phase 3: Remember your EO expert knowledge and find how to integrate it into DL <We are here

— Re-implant physics, Bayes and domain expertise into the learning process
— Understand what DL really does with the data (“opening the black box”), use information and estimation
theory, break the end-to-end-learning dogma, ...
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One of Our Phase 1 Successes
Spatiotemporal Scene Interpretation of Space Videos via Deep Neural Network and Tracklet Analysis

Data Workflow

Retiad -.... e
' Saene uulnm-
Trattic Demity Evtinuation

Winner of

Data Fusion
Contest 2016

# I E Spatial Analysis Result : Scene Labeling Map | . " Temporal Analysis Result : Activity Analysis Map Temporal Analysis Result : Tratfic Density Estimation
DLR TI.ITI “Spatiotemporal Scene Interpretation of Space Videos via Deep Neural Network and Tracklet Analysis”, L. Mou, X. Zhu




Hot Topic or Hype?

WEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL 55, N0, T, JULY 3017 ]

Deep Recurrent Neural Networks for
Hyperspectral Image Classification

Lichao Mou, Stdent Member, JEEE, Pedram Ghamisi, Member, 1EEE,
and Xiao X Zhu, Senior Member, IEEE
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What makes Deep Learning in Earth Observation Special?

— Classification and detection are only small fractions of EO problems

— Focus on retrieval of physical or bio-chemical variables
— High accuracy requirements (data generation is expensive)
— Traceability and reproducibility of results
— Quality measures (error bars, outlier flags,...) indispensable

— Decadal expert domain knowledge available
— Well-controlled data acquisition (radiometric, geometry, spectrometric, statistical, SNR,...)

— Data can be 5-dimensional (x-y-z-t-A), complex-valued and multi-modal :
- SAR
— Lidar
— multi-/super-/hyperspectral
— GIS, OSM, citizen science, social media, ...

— Often: lack of sufficient training data

% m

Institut fur Methodik der Fernerkundung
Remote Sensing Technology Institute

Deep Learning@IMF

— Detection, segmentation and classification of buildings, ships, vehicles,
persons,...

— Classification of Land Use/Land Cover, Settlement Types and LCZs

— Change Detection and Time Series Analysis

— SAR/Optical Matching

— 2D and 3D SAR/Optics/Lidar fusion

— Synthesizing optical images from SAR data and vice versa
— DSM to DTM conversion oy R
— IM2Height and IM2Building Footprint

— Fusion of EO and social media data (image and text)

— Solution of nonlinear inverse problems of atmospheric remote sensing

— Generation of long atmosphere time series for climate research
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Unsupervised Spectral-Spatial Feature Learning via Deep Residual Conv-Deconv Net

Convolutioanl Sub-network (Encoder) Deconvolutioanl Sub-network (Decoder)

Residual Block 1 Residual Block 2 Residual Block 3 Residual Block 4 Residual Block 5 Residual Block 6
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Convolutional Layer
Convolutional Layer
Batch Normalization
Convolutional Layer
Elementwise Sum

Max-pooling Indices

L. Mou, P. Ghamisi, and X. X. Zhu, “Unsupervised spectral-spatial feature learning via deep residual conv—deconv network for hyperspectral image classification,”
IEEE Transactions on Geoscience and Remote Sensing, vol. 56, no. 1, pp. 391-406, 2018.
DLR
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Unsupervised Spectral-Spatial Feature Learning via Deep Residual Conv-Deconv Net

Results
Application I: Classification Application Il: “Free” Object Localization
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University of Pavia, Italy

L. Mou, P. Ghamisi, and X. X. Zhu, “Unsupervised spectral-spatial feature learning via deep residual conv—deconv network for hyperspectral image classification,”
m IEEE Transactions on Geoscience and Remote Sensing, vol. 56, no. 1, pp. 391-406, 2018.
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Recurrent Convolutional Neural Network for Change Detection in Bi-temporal Images

T1 image binary change detection

conv. layers of T1 branch

unrolled recurrent layer

Hjsnn e
|
-5

convolutional sub-network recurrent sub-network fc layers

T2 image multi-class change detection
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conv. layers of T2 branch
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Recurrent Convolutional Neural Network for Change Detection in Bi-temporal Images

* Location: Taizhou City, China

¢ Time: Mar. 2000 and Feb. 2003

* Data Source: Landsat ETM+

* Legend:
Changed areas (in binary change detection);
city expansion; soil change;

* Location: Lake Eppalock, Australia

 Time: Feb. 1991 and Mar. 2009

* Data Source: Landsat ETM+

* Legend:

* Changed areas (in binary change
detection);

* city expansion; soil change;
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Example — Urban Growth of Beijing (1984 - 2016)
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Multi-task CNNs for Car Instance Segmentation
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R3-Net: A Rotatable Region-Based Residual Network for Multi-Oriented Vehicle
Detection in Aerial Image and Video

Feat tracti twork feature ma
2 —
Algorithm
- conv_cls
ResNet-101 } Feret Dia.

. N
Input image convd_x > ['\' ,') conv_rpn — %

conv3_x rch JAVE COv_IEE {ABC.Dl R-Rol(xly,w,h,8)
= R-Anchors(L1,L2,L3,L4)
9x2 feature mau_l_E

conv2_3 S r-pspoolin vote

K2(C+1) score map

2

r 3

\ L

A 4

Shamos’s Al.

Feret Dia.

convl

3 o conv5_x | reature o |

R-Box(x,y,w,h,0)

4K*2(C) score map

The architecture of the proposed network, which is capable of generating rotatable anchors for
4 predicting rotatable object proposals and final detections.
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cGAN-based Enhancement of Optical Remote Sensing Data
Removing clouds from Sentinel-2 data using cloud-free radar data

Motivation: Optical sensors cannot penetrate clouds, but microwaves do
Sentinel-2 Sentinel-1

I =

0.4

Objective: Train generative adversarial network to produce cloud-free optical imagery

Cloudy Sentinel-2 Sentinel-1
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cGAN-based Enhancement of Optical Remote Sensing Data
Removing clouds from Sentinel-2 data using cloud-free radar data

Data:
— 25,000 pairs of (cloud-free)

Sentinel-2 (RGB) Sentinel-2 (SWIR) Sentinel-1 (VV) Spectral Profiles

e el ingat 1

3500 moutR.

. . output
Sentinel-2 [ Sentinel-1 g0l | —ovea
co-registered image pairs Input - e

= 2000}
— Simulate cirrus clouds .y
10oe 500 ID‘OO 15‘00 2000 2500

wavelength {pm)

using Perlin noise
Error Spectral Distribution

First Qualitative Results

— Clouds successfully removed
from validation data set, but
artifacts visible

Output | Sl

wavelength (um)

Next step

— Train network with real,
thick clouds and tune hyper-
parameters

% m
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How Does CNN Recognize Different Objects?

VGG16 Net
A A

dew uonuane

abew yndul

-Conv. + RelU - Max-pooling - Up-sampling

Deep Convolutional Neural Networks with Attention Mechanism for Aerial Scene
Classification

airport buildings harbor parking lot tennis court
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Recurrently Exploring Class-wise Attention in A Hybrid Convolutional and
Bidirectional LSTM Network for Multi-label Aerial Image Classification

Scene label: Free way Scene label: Parking lot

# Multi-object labels:
bare soil, car, grass,
pavement, and tree

' Multi-object labels: car
and pavement

Multi-object labels:
bare soil, car, grass,
pavement, and tree

M Buildings

Feature Extraction Module O

2-dilated conv
Class Attention Maps

|

W Grass
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Recurrently Exploring Class-wise Attention in A Hybrid Convolutional and
Bidirectional LSTM Network for Multi-label Aerial Image Classification

Example Predictions on UCM and DFCas Multi-label Dataset Mean F,on UCM and DFCa5 Multi-label Dataset
Model Name mean Fy (U) | mean 5 (A)
Images in UCM
Multi-label GoogLeNet 0.8082 0.7371
Dt s
e CA-GoogLeNet-LSTM 0.8423 0.7505
bare soil CA-GoogLeNet-BiLSTM 0.8528 0.7656
DRSO, building, court prass, sand
Ground Truths  90¢K: ship, and  building, car, |,;a\\‘:;l]l'lll. ) lll;nhﬂll-.lm“ul-, car, grass, and . .. .
water p;.\-.-ntu-m. and i dad Lk sind. tose pavement Visualization of Class Attention Maps
ree
bare sail, . Image Bare soil Building Grass Pavement
tock, ship, and building. car. building, conrt, car, grass, sand, CAr, Brass,
Predictions ! it R . pavement, mobile-home,  pavement, and
aer p l":'r:,' & orass, and tree and tree tree

Tmages in

DFC15
Multi-label
Dataset
: f " z impervious,
impervions, impervious, : : 5
. £ vegetation, water, impervions,
Giround Truths water, and vegetation, and g H o
ik R building, vegetation, tree building, car
building building
clutter, and car
B N impervions, impervious, impervious,
impervious, 2 :
R T ¢ vegetation, water, troe, vegetation,
Predictions vegetation, and e . 2
+ s building, vegetation, building,
building building 2
clutter, and car building clutter, and car

Ited predictions indicate false positives, while blue predictions are false negatives.
r L - —--




o
S
i

B Grass

i

wog

i

e
.
L
o
e ]

o

G
o
e

me

Open Issues

novel applications, other than classification and detection related tasks
transferability of deep nets

very limited annotated data in remote sensing

how to benchmark the fast growing deep-learning algorithms in remote sensing?
how to combine physics-based modeling and deep neural network?

and many more...

<3

NVIDIA

Institut
pLR  flr Datenwissenschaften

Center for
Advanced Intelligence Project
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Data Science in Earth Observation

Geoscientific Application — Global Urban Mapping
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Special Issue — Science Magazine, May 2016, on Our Urban Planet

——— Urban population
- = Rural population

Population in billions
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Uncontrolled Growth in Mumbai Slums
Leads to Massive Fires and Floods

hindustan

t india world cities opinion sports  enlerlainment  lifestyle

O
s st Putanjsl Vit Kkl has
< products comtaining prteial 1o match
e wrine Tendufiar England
pacar Diominic Cork

1 016 | ipl2016 | 1 I

theéﬁ;fdlaﬁ

ire destroys around 1,000 slum homes in Mumbaif] [ 10p new |
killed

Farhan Ehaikh, Hindhustan Tienes, Wbl | Usdased Dec 08, 2015 0116 157

B First Chibokgul
B £oka Haram fou
o Pregnant: Relatn

Db sizzhes ot 4
waathar depit £4
people

Congress calls A
power hungry' &
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Urban Growth Happens Mostly in Developing Areas

2014. Minimum city popul hold: 300k,
Cartography: D. A. Smith, CASA UCL.

Data: United Nations World Urbanization Prospects |

3D Models Missing for Most of the Cities
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10 Peta Bytes from Social Media to EO Satellites

TerraSAR-X

Sentinel-1 —
TanDEM-X Sentinel-2

Institut fur Methodik der Fernerkundung
Remote Sensing Technology Institute

Social Media Images — Abundance of Hotspots
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So2Sat in a Nutshell

erc
Hyperspectral Sensor

a,

Radar Sensor

Social Media Images

*°rn
flickr

E "\ Xiaoxiang Zhu Ao o o
\ @xiaoxiang_dlIr

I’'m in the rooftop bar on 10th
floor. Last day in Rio de
'i Janeiro! @Helmholtz

Text Messages

@DLR_de

T

10 Petabytes = half of the German remote sénsing data archive
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Global 3D/4D Urban Mapping
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TerraSAR-X/TanDEM-X
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Challenges

High quality tomographic reconstruction requires 20 — 100 high resolution
acquisitions = not globally available

TanDEM-X has global coverage, but ...

Coverages
— only moderate resolution {l Re-Acq

— number of coverages limited

ﬁ Tu.“ /']/TANDEM
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A Data Science Approach

Model-based Algorithms

/’TANDE

Stack Non-Local Filtering
N(g) = f(8)

Spectral Estimation
¥ = angmin|Ry — N (g)l13 + Allyll;

Model Selection
R = argmin{—2Inp(g|8(K)) + 2C(K) )

Data-driven Algorithms

BU|Id|ng shapes
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First Impression of the Global 3D Urban Models
accuracy better than 2m
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We Go Global in 2021!

-

Global Local Climate Zones Classification
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Global Local Climate Zones Classification Remote Sensing Technology INECE
will be global soon
LczC

ObDmmG

-

IRERRCOCONNNACE
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Institut fur Methodik der Fernerkundung
Remote Sensing Technology Institute

So2Sat LCZ42 Benchmark Dataset

— Hand labelled 42 cities covering 10 culture zones

— Data:
— Sentinel-1
— Sentinel-2, seasonal

Multi-temporal Sequence

Labeling effort: 15 person x 1 Month/person
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DLR/StepStone/AliCloud Tianchi Contest 2018 Germany

Task
Contestants f—

TIANCHI
—— Data Scientists

200k data talents in 91 Solution '

countries and regions

r
o
L
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f
.
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Challenge

« Consolidate the
data obtained
from different
satellite sensors

73 e U 3~ O 0 =2 2 .C) 3 )

Ly

Classify the image
patches into 17
classes (local
climate zones)

StepStone

Customers

&

iDm

LCZ applications

Quantifying Urban
Heat Island
magnitude

Classifying weather
stations

Mapping urban
terrain

Assessing social
inequalities




Building Settlement Type Classification
— by the Fusion of Remote Sensing and Social Media Data

Social Media Images

2§
flickr

Ly P\ Xiaoxiang Zhu - 1 wree
& @xiaoxiang_dIr

I’'m in the rooftop bar on 10th
floor. Last day in Rio de
Janeiro! @Helmholtz

, n @DLR_de

Text Messages

A |
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Building Instance Classification from Street View Data by CNN
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Tweets for Building Functions Identification

i DLR
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Tweets for Building Functions Identification _a
[1 P LY e |

— M 0~50
2 D S et M 50~100
5 ¥stay-at-homedad & 100~200
.= - 0 200~300
g n 0 300~400
. g Day is Coming. #mu |~
oo @ 400

.'_E [] o =3

End

: #hacktowork shello2016 (@ BMW Group Forschungs- und

w Innovationszentrum (FIZ) in Mdnchen)
T

w

‘? r] rmecine

c Ten ot BAW Group Farschungs- und innavationszentrum

o in Mainchen

c

[ e o el

““Restaraunts near me™ @itOavidFan

@ E o 2=

Ready for a good long sleep at a hostel_charging batteries for
tomosrow! #okioberfast

[w)
- H mixed used




Institut fur Methodik der Fernerkundung
Remote Sensing Technology Institute

Tweets for Building Functions Identification

1= a1

Text feature

Spatial-tem .oralfeature
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4 i

[ 2N _“ £ 1 ATl 3
Preliminary Results — OSM Ground Truth =

£




N e

3 -

L

r‘i _ ReSt’;[ts'—Tweets .P_re;h cfe d___

T, .1 \
*  Prelimina

My Vision in 2022
A first and unique global and consistent 3D/4D spatial data set on the urban morphology

Google earth




3D model vs. time

Dharavi

Mumbai
=s=um  City boundary

I Urban Footprint

[]1-5

s -0
31 -100 - Slums
101 - 505 0 15 3 6 ] 1

Courtesy: H. Taubenbodck, DFD
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The So2Sat Data will be Open

— better understanding and boosting research on the global change process of urbanization
— unique data set for stakeholders such as the United Nations

— transparent global population assessment

— a helping hand to address poverty




