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What is an anomaly ?

Context

What is normality ? What considerably deviates from it ?
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* Point anomaly
* Group anomaly
* Contextual anomaly
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What is an anomaly ?

Examples

A
Healthy Images TRAINING
Decoder
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Synthetic aperture radar (SAR)
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Synthetic aperture radar (SAR)

Polarimetry

Horizontal Vertical




Synthetic aperture radar (SAR)

Speckle
LErt-1 I

Intensity Reflectivity Speckle

* Increase the probability of false alarm (PFA)




Standard statistical aproach

Mahalanobis distance
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 x should follow a normal multivatiate distribution
e Not robust to outliers
e Detects edges



Proposed SAR anomaly detection

Overwiew

Deep learning framework combined with a change detection method
Self-supervised training
No label

* No a priori



Proposed SAR anomaly detection

Overwiew

Training Prediction
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Proposed SAR anomaly detection

Overwiew

Prediction
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Proposed SAR anomaly detection

Overwiew
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Proposed SAR anomaly detection

Overwiew
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Proposed SAR anomaly detection

Despeckling
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Proposed SAR anomaly detection

Despeckling
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Structure of the despeckling algorithm
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A. Initial training: synthetic speckle realizations
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Proposed SAR anomaly detection
Despeckling

B. Fine tuning on actual SAR images
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Proposed SAR anomaly detection
Despeckling

C. Second refinement using improved pre-estimated SAR reflectivities
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Proposed SAR anomaly detection

Autoencoder

X

e Compress an image patch in a vector 64x64 = 128
* Onlyreconstructs frequently seen structures
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Proposed SAR anomaly detection

Latent space

X

q(z|x)

Encoder
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Decoder X

| Discriminator

e Better reconstruction and latent space compression
* Control over the distribution q(z)
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Proposed SAR anomaly detection

Architecture

Training
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Proposed SAR anomaly detection

Latent space analysis
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Proposed SAR anomaly detection

Change detection

* Covariance estimate for each pixel with a gaussian assumption
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* Euclidian distance between covariance matrices
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Results and comparison

Noisy vs denoised

X noLsy
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Results and comparison = 8

Noisy vs denoised
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Results and comparison

Comparaison with RX detector




Conclusion and perspectives

* New anomaly detection method for SAR images
* Open new possibilities for deep learning detection methods

* Increase performances with a « pretext task» closer to the goal
* Assert quality with a labeled dataset
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