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Change and anomaly detection 

• Important tools for 
intelligence, surveillance, and 
reconnaissance tasks

• Multi- and hyperspectral data 
can provide pixel-based 
detection

• Learning based approaches 
for change and anomaly 
detection
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Presenter
Presentation Notes
In this talk I will cover some learning approaches for change and anomaly detection in multi- and hyperspectral imagery.Change and anomaly detection are important tools for intelligence, surveillance, and reconnaissance tasks. Multi- and hyperspectral data can provide a pixel-based detection which can also be supported by spatial information from neighbouring pixels.I will give some examples of learning based approaches can provide updated methods for change and anomaly detection that give new opportunities to improve detection compared to non-learning approaches. 
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Learning spectral change detection

Changes in satellite data
• Synthetic changes
• Forest damage

Copernicus Sentinel-2
• GSD 10 m, 13 bands

U-net architecture

Presenter
Presentation Notes
First I will talk about how you can learn spectral change detection. I will give two examples, detecting a synthetic change and then detecting forest damageBoth examples use satellite data from the copernicus sentinel 2 satellites.Both examples also use the Unet architechture for learning.----------------------Copernicus Sentinel-2 data12 band multispectralApprox 3 days intervalGeolocated10 x 10 m pixels



U-Net – a family of networks for semantic segmentation

• Popular model with good
performance

• Model complexity can be varied
– Nr of downsamplings (scales)
– Nr of channels for each layer

• Regularizations
– Dropout
– Batch normalization
– Group normalization
– …  



Learning seasonal changes

• Syntetic mixes of real data from 
different seasons (spring, summer 
and autumn)

• Two mixed images are input
• Task: Same or different season?
• Training on 15 00 examples, three

examples per 5 km-training example

GT Prediction

Mix1 Mix2



Learning seasonal changes
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Mix1 Mix2

GT Prediction

Mix1 Mix2

Presenter
Presentation Notes
Some more results.It is clear that we can learn the different seasons based on spectral information. Some things are more difficult to learn, like lakes and other areas with almost no seasonal spectral variation.This shows the strength of the Unet as a model to predict spectral changes.



Learning to detect forest damage

• Detection of forest damage due to 
the Spruce bark beetle

• Task: Is the tree/pixel infested by 
the beetle? Is there a spectral
change due to infestation?

Satellite data 1 year before

Annotation 
from harvester

Data right 
before harvest

Presenter
Presentation Notes
The second example for change detection is learning to detect forest damage.The task is to detect if a tree or pixel is infested by the beetle. If there has been a spectral change which means it has been infested.



Learning to detect forest damage

• Detect changes from year to year
• Satellite data is collected one

year before harvest and right 
before harvest

• Basic forest data is added 
… tree age, species, height, 
slope, …

• Annotations by forest harvester
with 6 million spruces, 300 000 
infested

Satellite data 1 year before

Annotation 
from harvester

Data right 
before harvest



Learning to detect forest damage

Training examples
• Pairs of images of size 128x128 

pixels for one weeks harvest in that
region

• Ground truth is set to change or no 
change per pixel

– Healthy – helthy (no change) 
– Healthy – infested (change)

• Nr of training examples is 17 000



Results, forest damage

Presenter
Presentation Notes
More training data -> improved performanceQuality of annotations are importantRegistration not critical for performanceChange detection better than detection in one image



Results, forest damage
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Learning anomaly detection

Anomaly detection
• Model the background
• Compare new spectra to model
• Pixel-wise detections
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Presenter
Presentation Notes
Now I will talk about how you can learn spectral anomaly detection. In anomaly detection a background model is compared to the spectra of interest. If the spectra differ from the model it is considered an anomaly.I will give some different examples, all learning examples use an autoencoder architechture for learning anomalies.



Deep autoencoder

• Artificial neural network
• Many hidden layers
• Trained to reconstruct input in output
• Unsupervised learning approach
• Encoder and decoder
• Low dimensional space in center

Input Output
Compressed
representation

Encoder Decoder

Presenter
Presentation Notes
Many hidden layers (enable non linear mappings)



Deep autoencoder

• Applications
– Dimensionality reduction
– Feature learning
– Anomaly detection

Input Output
Compressed
representation

Encoder Decoder

Presenter
Presentation Notes
 Some applications of deep autoencoders are* Dimensionality reduction* Feature learning ANDHere we use autoencoder for * Anomaly detection



Deep autoencoder

• Anomaly detection
– Train on individual spectra
– Learn the spectral mixture of the 

background
– Reconstruct new data and use the 

reconstruction error as an anomaly
score

Input Output
Compressed
representation

Encoder Decoder



Anomaly detections using a 
deep autoencoder

Learning anomaly detection

Region for training
background model



Anomaly detection in LWIR

• LWIR data from the US SEBASS sensor, 
• 128 bands

Maria Axelsson, Niclas Wadströmer, David Gustafsson, Henrik Petersson, David Bergström
Anomaly Detection in Hyperspectral LWIR Imagery using Autoencoders
NATO SET-277 Workshop on Phenomenology and Exploitation of Hyperspectral Sensing within NATO, 2019

Presenter
Presentation Notes
I projektet har vi också deltagit i ett internationellt samarbete inom NATO där vi arbetat med hyperspektrala data i det termiskt infraröda området, LWIR.Genom samarbetet har vi fått tillgång till ett stort dataset med många olika hyperspektrala sensorer. Vi har speciellt analyserat data från en av världens bästa sensorer i LWIR, SEBASS från USA. FOI tittade särskilt på anomalidetektion för att hitta ytlagda objekt. Vi har utvecklat en maskininlärningsmetod där en bakgrundsmodell av data skapas genom att spektrum måste komprimeras till ett fåtal dimensioner. Anomalier detekteras sedan genom att jämföra varje spektrum i en ny bild med bakgrundsmodellen. Vi kunde visa att metoden ger bättre resultat än en annan typ av vanlig anomalidetektion som bygger på att modellera data på traditionellt sätt i en omgivning eller i hela bilden.---Now I will give some examples of our previous work on HSI-data.We have been working on Anomaly detection for IED and UXO (in the previous group SET-240).Autoencoder for anomaly detection in LWIR on the US SEBASS data.Comparison of an autoencoder and RX for anomaly detection. We see that on this example the Autoencoder improves over the baseline.
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Thank you!

Niclas Wadströmer
niclas.wadstromer@foi.se

Swedish Defence Research Agency (FOI)

Presenter
Presentation Notes
This concludes my talk today. Thank you for your time. 
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