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From Data to Information




Land Cover Mapping




Al-Driven Remote Sensing Data Interpretation

A Data in and insights out

RS image Segmentation map

Deep neural network
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Al-Driven Remote Sensing Data Interpretation

A Data in and insights out

RS image Segmentation map

Deep neural network

A Challenge
Deep neural networks are data-hungry

The collection of high-quality annotations is time -consuming !
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Unsupervised Learning

A Spectrum data synthesis with GAN

minmax V(D,G) = E

G D

Random noise z

0)(0)(0) (1) (..
L abel vector y

LINKOPING <:}' EI—L"T

UNIVERSITY Pyt ok

0

v v Sy
WNC
ﬁﬁﬁ‘ll'ﬁﬂ\‘ll’ﬁﬂﬁ
O
AN
: 103+9 256 128

I Generator G :

Real sample x

0sf
00f

_os|

e 20 a0 60 80 100

0)(0)(0)(1)(.)(0

L abel vector y 7

05
0.0
—osl)
1.0 5

100

Generated sample G(zy)

/\

\V ‘ V[‘\V

o/
On®

: 103+9 256 128

Y/

\IV“WA IReal or Not
R 0 ——

zpo(z) 108 D(z|y) + B, p () log (1 — D(G(2]y)))

Y. Xu, B. Du, and L. Zhang, "Can we generate good samples for hyperspectral classification?0 A generative adversarial network
based method," in Proc. IEEE Int. Geosci. Remote Sens. Symp., 2018.
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Unsupervised Learning

A Spectrum data synthesis with GAN
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Image for visualization

Y. Xu, B. Du, and L. Zhang, "Can we generate good samples for hyperspectral classification?d0 A generative adversarial network

based method," in Proc. IEEE Int. Geosci. Remote Sens. Symp., 2018.
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Semtsupervised Learning

A Learning with unlabeled data
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Semtsupervised Learning

A Performance of teacher and student nets over time
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Semtsupervised Learning

A Performance of teacher and student nets over time
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A Performance with different numbers of unlabeled samples
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Weakly Supervised Learning

VHR image Point-level annotations Dense annotations

I LINKOPING > ELL"T Y. Xu and P. Ghamisi, i C o n sregsilarieed egion-growing network for semantic segmentation of urban scenes with point-
I. UNIVERSITY < St et | evel a n nEEE @rans. bmage Process., vol. 31, pp. 50381 5051, 2022.

in Information Technology



Weakly Supervised Learning

A The spatial continuity of ground objects:
Adjacent pixels are likely to belong to the same category

8-connectivity
neighborhood

Neighborhood pixels
are likely to belong to
the grass

VHR image Point-level annotations

I LINKOPING > ELL"T Y. Xu and P. Ghamisi, i C o n sregsilarieed egion-growing network for semantic segmentation of urban scenes with point-
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Weakly Supervised Learning

A Consistency-regularized region-growing network
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Weakly Supervised Learning
A Dynamically expanded annotations at different iterations
. ' - | - | P

VHR image ONEIeVel 4100 Iter#200  Iter#300  Iter#400  lter#soo | Xelwise
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Al-Driven Remote Sensing Data Interpretation
A Challenge: Deep neural networks are data-hungry

V Developing specially designed machine learning algorithms

A Unsupervised learning

A Semi-supervised learning
A Weakly supervised learning
A

é é



Al-Driven Remote Sensing Data Interpretation
A Challenge: Deep neural networks are data-hungry

V Developing specially designed machine learning algorithms

A Unsupervised learning

A Semi-supervised learning
A Weakly supervised learning
A

é é

V Collecting high-quality annotated benchmark datasets
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Data Fusion

A Advantages of different types of RS data
A Hyperspectral image: Rich spectral information
A Very high-resolution image: Precise spatial details
A LiDAR data: Elevation information



Data Fusion

A Advantages of different types of RS data
A Hyperspectral image: Rich spectral information
A Very high-resolution image: Precise spatial details

A LiDAR data: Elevation information
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Multctral LIDAR DSM

II LINKOPING <> ELLHT Y- Xu, B. Du, L. Zhang, Dsens@ eptical @motesensirgifor urbaniahdiusesanddaadicover classification: Outcome
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Data Fusion
A End-to-end network

LiDAR Intensity
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(1st place in IEEE Data Fusion Contest 2018)
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Data Fusion

A End-to-end network A Base classifier + detectors
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Al Security

A Are deep neural networks robust to perturbation?

96.56%
confidence

Perturbation

99.99%
confidence

Storage tanks Perturbation Intersectlon

I LINKOPING >E|_|_||T Y. Xu, B. Du, and L. Zhang, "Assessing the threat of adversarial examples on deep neural networks for remote sensing
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