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GameChangerCopernicusProgramm
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Al for Earth Observation 50
New Aspects and Challenges
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Z Massive growth of free and open satellite data
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Decadal Time Series for Global Change Research
DLR-DFD

TimeScan SnowPack Net PrimaryProductivity
25 years oBOstatistics of indices 18years of daily snow cover l4years

Global Urbartootprint WaterPack
DLR 30years 16 yearf daily inland water cover
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Deep Learning in EQx Hot Topic or Hype?

Z Phase 1:Quick wins and quick papers
Z Use known architectures and pteained networks to solve problems in EO that have been solved before

i OxA AAT A1 01T Al EO xEOE $,0Q
Z Show that/whether DL gives better results than existing ML methods, g/%A 89.3%

Z Phase 2:Understand that EO is different from internet image labelling
Z Design new architectures for specific problems
Z ExtendDL to nonrconventional data and problems, e.g. interferometric SABgial network data,
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Z Phase 3:Remember your EO expert knowledge and find how to integrate it into DL <We are here
Z Reimplant physics, Bayes and domain expertise into the learning process
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Hype or Frenzy?
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XIAO XIANG ZHU, DEVIS TUIA, LICHAO MOU, GUI-SONG XIA,
LIANGPEI ZHANG, FENG XU, AND FRIEDRICH FRAUNDORFER

Deep Learning
in Remote Sensing

cgmral to the looming paradigm shift toward data-in-
tensive science, machine-learning techniques are be-
coming increasingly important. In particular, deep learn-
ing has proven to be both a major breakthrough and an
extremely powerful tool in many fields. Shall we embrace
deep learning as the key to everything? Or should we resist
a black-box solution? These are controversial issues within
the remote-sensing community. In this article, we analyze
the challenges of using deep learning for remote-sensing
data analysis, review recent advances, and provide resourc-
es we hope will make deep learning in remote sensing
seem ridiculously simple. More importantly, we encourage
remote-sensing scientists to bring their expertise into deep
learning and use it as an implicit general model to tackle
unprecedented, large-scale, influential challenges, such as
climate change and urbanization.

MOTIVATION
Deep learning is the fastest-growing trend in big data analysis
and was deemed one of the ten breakthrough technologies
of 2013 [1]. It is characterized by neural networks (NNs) in-
volving usually more than two hidden layers (for this rea-
son, they are called deep). Like shallow NNs, deep NNs ex-
ploit feature representations learned exclusively from data,
instead of handcrafting features that are designed based
mainly on domain-specific knowledge. Deep learning
research has been extensively pushed by Internet compa-
nies, such as Google, Baidu, Microsoft, and Facebook, for
several image analysis tasks, including image indexing, seg-
mentation, and object detection.

Based on recent advances, deep learning is proving to
be a very successful set of tools, sometimes able to surpass
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even humans in solving highly computational tasks (con-
sider, e.g., the widely reported Go match between Google’s
AlphaCo artificial intelligence program and the world Go
champion Lee Sedol). Based on such exciting successes,
deep learning is increasingly the model of choice in many
application fields.

For instance, convolutional NNs (CNNs) have proven to
be good at extracting mid- and high-level abstract features
from raw images by interleaving convolutional and pooling
layers (i.e., by 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]-[4], object detection [5], [6], and se-
mantic segmentation [7], [8]. Furthermore, recurrent NNs
(RNNS), an important branch of the deep learning family,
have demonstrated significant achievement on a variety of
tasks involved in sequential data analysis, such as action
recognition [9], [10] and image captioning [11].

In the wake of this success and thanks to the increased
availability of data and computational resources, the use of
deep learning is finally taking off in remote sensing as well.
Remote-sensing data present some new challenges for deep
learning, because satellite image analysis raises unique is-
sues that pose difficult new scientific questions.

DECEMBER 2017 IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE
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Deep Learning for Detection of Ships, Vehiclestc.
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DeepLearning zur Fahrzeugdetektion
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DeeplLearning zur Fahrzeugdetektion undverfolgung
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Mapping to SupportAutonomous Driving

Aerial LaneNet: Wavelet-EnhancedCost-sensitive SymmetricCNN _ _
Streetand parkingplace segmentation
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# m Seyed Majid Azimi, Peter Fischer, Marco Korraer PeterReinartz AerialLaneNet LaneMarkingSemanticSegmentationin AeriallmageryusingWaveletEnhanced
DLR CostsensitiveSymmetricFullyConvolutionaNeuralNetworks, IEEE TGRS, neview.



Global Building Footprint Generation Using Planet Data

multi-scale resolution and update everyday for entire Earth surface
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globalhigh-resolutionbuilding footprint using multiscale neural network
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Deep Learning Hyperspectral Classification
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Recurrent Neural Networks for Hyperspectral Image Classification
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Neuronale Netze zur semantischen Anderungsdetektion iSatellitenbildern
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Non-conventional Applications
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IM2HEIGHT

Motivation

Height (e.g., DSM) is very important for many remote sensing tasks. But, often, such information is available. A
system estimating ghysically plausible heighmap from asingleimage would be valuable.

Network Architecture

We learn an endo-end trainable fully residual corsteconv network with a skip connection that allows to shuttle
low-level visual information, e.g., object boundaries and edges, directly across the network.
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