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Sensing without physical contact

Source credit: ESA
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Source credit: NASA's 

Goddard Space Flight Center
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From Data to Information
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Land Cover Mapping
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AI-Driven Remote Sensing Data Interpretation
Å Data in and insights out

Deep neural network

RS image Segmentation map
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AI-Driven Remote Sensing Data Interpretation

Deep neural networks are data-hungry

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

Å Data in and insights out

Å Challenge

Deep neural network

RS image Segmentation map
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Unsupervised Learning
ÅSpectrum data synthesis with GAN
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Y. Xu, B. Du, and L. Zhang, "Can we generate good samples for hyperspectral classification?ðA generative adversarial network 

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

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

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

The first 100 wavebands are reshaped into a 10×10 

image for visualization

ÅSpectrum data synthesis with GAN
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Semi-supervised Learning
ÅLearning with unlabeled data

Y. Xu, B. Du, and L. Zhang, "Robust self-ensembling network for hyperspectral image classification," in IEEE Trans. Neural Netw. 

Learn. Syst., vol. 35, no. 3, pp. 3780-3793, 2022.
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Semi-supervised Learning
ÅPerformance of teacher and student nets over time

Y. Xu, B. Du, and L. Zhang, "Robust self-ensembling network for hyperspectral image classification," in IEEE Trans. Neural Netw. 

Learn. Syst., vol. 35, no. 3, pp. 3780-3793, 2022.
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Semi-supervised Learning
ÅPerformance of teacher and student nets over time

Y. Xu, B. Du, and L. Zhang, "Robust self-ensembling network for hyperspectral image classification," in IEEE Trans. Neural Netw. 

Learn. Syst., vol. 35, no. 3, pp. 3780-3793, 2022.

ÅPerformance with different numbers of unlabeled samples
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Weakly Supervised Learning
ÅReduce the annotation burden?

Y. Xu and P. Ghamisi, ñConsistency-regularized region-growing network for semantic segmentation of urban scenes with point-

level annotations,ò IEEE Trans. Image Process., vol. 31, pp. 5038ï5051, 2022.

VHR image Point-level annotations Dense annotations
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Weakly Supervised Learning
ÅThe spatial continuity of ground objects:

Y. Xu and P. Ghamisi, ñConsistency-regularized region-growing network for semantic segmentation of urban scenes with point-

level annotations,ò IEEE Trans. Image Process., vol. 31, pp. 5038ï5051, 2022.

Adjacent pixels are likely to belong to the same category

VHR image Point-level annotations

Neighborhood pixels

are likely to belong to

the grass

8-connectivity

neighborhood
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Weakly Supervised Learning
ÅConsistency-regularized region-growing network

Y. Xu and P. Ghamisi, ñConsistency-regularized region-growing network for semantic segmentation of urban scenes with point-

level annotations,ò IEEE Trans. Image Process., vol. 31, pp. 5038ï5051, 2022.
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Weakly Supervised Learning
ÅDynamically expanded annotations at different iterations

Y. Xu and P. Ghamisi, ñConsistency-regularized region-growing network for semantic segmentation of urban scenes with point-

level annotations,ò IEEE Trans. Image Process., vol. 31, pp. 5038ï5051, 2022.
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AI-Driven Remote Sensing Data Interpretation
ÅChallenge: Deep neural networks are data-hungry

V Developing specially designed machine learning algorithms

Á Unsupervised learning

Á Semi-supervised learning

Á Weakly supervised learning

Á éé
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AI-Driven Remote Sensing Data Interpretation
ÅChallenge: Deep neural networks are data-hungry

V Developing specially designed machine learning algorithms

Á Unsupervised learning

Á Semi-supervised learning

Á Weakly supervised learning

Á éé

V Collecting high-quality annotated benchmark datasets
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M. Schmitt, S. Ahmadi, Y. Xu, G. Taĸkin, U. Verma, F. Sica, and R. Hänsch, "There are no data like more data: Datasets for deep 

learning in earth observation," IEEE Geosci. Remote Sens. Mag., vol. 11, no. 3, pp. 63-97, 2023.
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M. Schmitt, S. Ahmadi, Y. Xu, G. Taĸkin, U. Verma, F. Sica, and R. Hänsch, "There are no data like more data: Datasets for deep 

learning in earth observation," IEEE Geosci. Remote Sens. Mag., vol. 11, no. 3, pp. 63-97, 2023.
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Data Fusion
ÅAdvantages of different types of RS data

Á Hyperspectral image: Rich spectral information

Á Very high-resolution image: Precise spatial details

Á LiDAR data: Elevation information
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Data Fusion
ÅAdvantages of different types of RS data

Á Hyperspectral image: Rich spectral information

Á Very high-resolution image: Precise spatial details

Á LiDAR data: Elevation information

Multi-sensor land cover mapping

LiDARVHRIHSI

Y. Xu, B. Du, L. Zhang, D. Cerra, et al., ñAdvanced multi-sensor optical remote sensing for urban land use and land cover classification: Outcome 

of the 2018 IEEE GRSS Data Fusion Contest,ò in IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens., vol. 12, no. 6, pp. 1709-1724, 2019.
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Data Fusion

Y. Xu, B. Du, L. Zhang, D. Cerra, et al., ñAdvanced multi-sensor optical remote sensing for urban land use and land cover classification: Outcome 

of the 2018 IEEE GRSS Data Fusion Contest,ò in IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens., vol. 12, no. 6, pp. 1709-1724, 2019.

HSI VHRDSMMultispectral LiDAR

GTTraining (red) and test (entire imagery except red) areas
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Data Fusion
ÅEnd-to-end network

Y. Xu, B. Du, L. Zhang, D. Cerra, et al., ñAdvanced multi-sensor optical remote sensing for urban land use and land cover classification: Outcome 

of the 2018 IEEE GRSS Data Fusion Contest,ò in IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens., vol. 12, no. 6, pp. 1709-1724, 2019.

Fusion-FCN

(1st place in IEEE Data Fusion Contest 2018) 
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Data Fusion
ÅEnd-to-end network

Y. Xu, B. Du, L. Zhang, D. Cerra, et al., ñAdvanced multi-sensor optical remote sensing for urban land use and land cover classification: Outcome 

of the 2018 IEEE GRSS Data Fusion Contest,ò in IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens., vol. 12, no. 6, pp. 1709-1724, 2019.

Fusion-FCN

(1st place in IEEE Data Fusion Contest 2018) 

ÅBase classifier + detectors

Ensemble with ad hoc detectors

(2nd place in IEEE Data Fusion Contest 2018) 
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AI Security

Airplane
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Perturbation
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96.56% 

confidence

99.99% 

confidence

Y. Xu, B. Du, and L. Zhang, "Assessing the threat of adversarial examples on deep neural networks for remote sensing 

scene classification: Attacks and defenses," IEEE Trans. Geosci. Remote. Sens., vol. 59, no. 2, pp. 1604ï1617, 2021.

ÅAre deep neural networks robust to perturbation?


