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Last Quarter’s Objectives
� Detect anomalies in hyperspectral images.
� Test the performance of the RX detector on hyperspectral

images.
� Determine if dimension reduction makes RX detector more 

efficient.
� If so, then some questions to consider:

� What’s a good neighborhood size for the RX detector?
� What dimension to reduce to?
� What’s the best dimension reduction method?



Last Quarter’s Conclusion
� Applying a dimension reduction method is 

almost necessary for RX detector.
� Fastest dimension reduction methods are best.
� In our test images, LTSA seemed to do the best 

job for improvement of the RX detector.
� Good neighborhood size for RX detector was 

n=9
� Best dimension to reduce to was 4

This Quarter’s Objectives

� Test RX detector on real data
� Be able to apply dimension reduction on 

larger images
� New task: Demixing



The RX-detector on Real Data

•Ran the RX-detector on 
original image

• the anomalies did not 
match to the image
• anomalies were too 
random and did not 
correspond to objects on 
the original image. 
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•Ran RX-detector on the dimension 
reduced image. 

•Dimension 4 was chosen
• More anomalies were detected 
•The anomalies still had no pattern 
in order for us to match them to 
the objects on the image

•Ran RX-detector on the clean image
•Took out 9 noisy bands 
•The results did not improve
•It was very similar to the results 
from the original image with the 
noisy bands.
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•Ran RX-detector with different 
neighborhood sizes.

• The result improved with 
neighborhood sizes of 13 and 15.
•The results were still inadequate 
because similar objects to the 
anomalies were not all detected.

•Conclusion:
•The RX-detector appears  
inadequate for this image.
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The Process for Anomaly Detection

Create a RGB Image

Create synthetic hyperspectral image
- add noise Dimension Reduction

PCA
LTSA

LLE

RX Detector

Create a ROC Curve
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� Receiver operating characteristics (ROC) graphs are useful for 

organizing classifiers and visualizing their performance 
(http://www.csee.usf.edu/~candamo/site/papers/ROCintro.pdf).

� ROC analysis allows for the selection of optimal models.
� To determine performance of classifier, we calculate true 

positive and false positive rates.

True Positive Rate:    TPR = TP / P = TP / (TP + FN)
False Positive Rate:   FPR = FP / N = FP / (FP + TN)

• True Positive (TP)    = correctly detected an anomaly
• True Negative (TN)  = did not detect an anomaly and there was no   

anomaly
• False Positive (FP)   = incorrectly detected an anomaly
• False Negative (FN) = did not detect an anomaly but there 

was an anomaly

� We plot false positive rates (FPR) vs. true positive rates (TPR)
� The best classifier method would yield a point with coordinate 

(0,1) = the “perfect classification”
� Means 100% of anomalies detected, 0% false alarms.

� Diagonal line = random guessing, FPR = TPR
� Want to maximize lift above diagonal
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Dimension Reduction and Anomaly Detection on larger  images

• Cannot run dimension reduction methods on large images 
• After several attempts, found that max image size for dimension reduction 
methods (besides PCA) is 100x100
• Split image into four quarters and ran our process through each quadrant
• Took average of ROC curves
•Want to find out if it matched to original

• We can compare the average of all four quadrants to the 
actual results since PCA can handle any image size
•Curves closely match up



Anomaly Detection on each quadrant

Average of roc curves



Anomaly Detection and Downsampling

•Anomaly now becomes a subpixel
•Unreliable results: ROC curves improved as downsampling increased
•Awkward results may be due to the fact that ground truth was also downsampled

Demixing
� Normally, one pixel in hyperspectral images 

contains more than one material. 
� Given a spectral library and a pixel, we want to 

calculate how much percentage each material 
contains in that pixel.

� The problem became to minimize U:

Spectral library The given pixel

U 2
f-AuMin.



Demixing on Urban
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•Picked a tree pixel on Urban and use the 99 materials as our library A.

•Library is from Johns Hopkins University

X: 128 Y: 285
Index: 33
RGB: 0, 0, 0.625
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The highest three points:   1. Tree, conifer    2. Tree, deciduous    

3. Green grass

Demixing on Urban
•Picked a tree pixel on Urban and used only 9 materials from the John Hopkins library 

X: 128 Y: 285
Index: 33
RGB: 0, 0, 0.625
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(1)snow      (5)tree   (9) sand

(2) road       (6)metal

(3) Grass     (7)roofing

(4) water      (8)concrete



Demixing on Urban

X: 195 Y: 114
Index: 281
RGB: 0, 1, 1
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Pick four different materials from Urban image as our library.

Demixing on Synthetic image
We pick a metal pixel on a synthetic image.

(1)snow       (5)sand   (9) concrete

(2) Asphalt  (6)tree

(3) Grass     (7)water

(4) Steel      (8)metal

Norm(U-M) = 0.6145

The signal from 
demixing

Ground truth 
signal



(1) snow       (5) sand  (9) concrete

(2) Asphalt   (6) tree

(3) Grass     (7) water

(4) Steel      (8) metal

Norm(u-m) = 0.7735

1st band

Demixing on Synthetic image
Downsampled the synthetic image and performed demixing on a grass pixel

Conclusion
• RX detector gave decent results for synthetic image but 
was inadequate for our real data

• Dimension reduction is almost necessary for anomaly 
detection, but some dimension reduction methods cannot 
be run on images larger than 100x100

• Demixing depends on image and library we are using

•Ideal results are a little unusual: expected only one 
material

•Possibility: stuck on local minimum rather than getting 
the answer


