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Goal of Project:

� Evaluate the performance of each 
dimension reduction algorithm on the 
basic image processing tasks 

� Determine intrinsic dimensionality 

What are hyperspectral images?

� Hyperspectral sensors collect information as a set of 
images represented by different bands.

� Hyperspectral images are  three dimensional with 
sometimes over 100 bands.

� Each pixel has a hyperspectral signature that represents 
different materials.

Urban

� Dimension reduction is the process of reducing the 
number of bands of a hyperspectral image.

� It maps dimensional data into a lower dimension while 
preserving the main features of the original data.

� Some of the common methods are:
� PCA
� ISOMAP
� Diffusion map
� LLE
� LTSA
� LLTSA
� More…

What is Dimension Reduction?

Urban



Data we are using:
� We are using both real and synthetic data to 

evaluate the performance of the different dimension 
reduction methods:

� Urban (162 bands)
� Terrain (162 bands)
� Smith Island (126 bands)
� San Diego Airport (224 bands)

Terrain

San Diego AirportSmith Island

� We created synthetic data using Urban and San Diego 
image.

� Used hyperspectral signatures to create synthetic data.
� Images retained the same number of bands as original images
� Added Gaussian noise of mean = 0, variance = 0.00005

Data we are using:

Fake Urban Fake San Diego Urban Blocks

Run Time

LVMU is the slowest followed by Isomap.

PCA is the fastest.

Overall, linear methods are faster.

� Breaking up the image into a discrete number of 
categories. 

� K-Means Classification

Classification

4 Real 
Image

DR KPCA

PCA

ICA

Ground Truth Classification 

� K-Means

Classification

Compare Results 
of DR Methods



Classification:

� Due to lack of ground truth, we evaluated our results 
qualitatively.

� Data Used:
� Four real hyperspectral images

� Methods:
� ICA, PCA, KPCA

� Dimensionality
� 3, 4, and 5 bands

Classification Results:

PCA ICA KPCA

• San Diego Image

Classification Results:

PCA ICAKPCA

•Terrain Image

Conclusion on Classification:

� PCA is best on urban images.
� KPCA is best on rural images.



� Detecting pixels that are dissimilar to their surrounding.
� RX Anomaly Detector
� Three synthetic images

� Fake Urban, Fake San Diego, Urban Blocks

Anomaly Detection

3 Synthetic 
Images DR

DM

ICA

KPCA

LTSA

PCA

� Rx Detector Results
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� TPR and FPR
� Compare binary images of original synthetic data and result 

binary image

� Optimal results: TPR = 1, FPR = 0

Anomaly / Target Detection Evaluation

Anomaly Detection Results
� KPCA achieved TPR = 1 in all dimensionalities on Fake 

Urban and Fake SD
� Diffusion Map performed the poorest in all the images 

with lowest TPR and highest FPR
� PCA and ICA yield very similar results, best on Urban 

Blocks Image
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Urban Blocks, Dim = 4
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� TPR = 1 in dim = 5 
for all images

� TPR � as dim �

� RX detector finds 
edges as anomalies

� No correlation 
between TPR and 
FPR

Anomaly Detection Results

DM, Urban Block, Dim = 3, 4, 5 (left to right)

DM, ICA, KPCA
LTSA, PCA 

Dimensionality of 4



� Detecting and identifying target pixels given spectral 
signatures.

� SAM (Spectral Angle Mapper) Target Finder
� Two synthetic images

� Fake Urban, Fake San Diego

Target Detection
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Images DR
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� SAM Target 
Finder

Results
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Target Detection Results

� All methods except for Diffusion Map and LTSA were 
able to detect all targets with FPR = 0

� TPR = 1 and FPR = 0 achieved for both images and all 
methods in dimensionality of 5

Target Detection results of Diffusion Map with dimensionality 3, 4, and 5

� Identifying the type and amount of each material in a 
pixel.

� Linear Spectral Unmixing
� Two synthetic Images

Unmixing

2 Synthetic 
Image

Endmember
Selection

Spectral 
Signatures

Linear 
Spectral 
Unmixing

Ground Truth Mixed Pixels

Compare 
Results of 
DR Methods

ICA

Isomap

KPCA

PCA

� Results evaluated using a Euclidean metric.
� PCA tends to have lower error, and is most consistent.

Unmixing

Ground Truth for grass in Fake 
San Diego

Abundance image of Grass after 
using ICA to 3 bands



Unmixing Results
Urban Results
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San Diego Results
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Conclusion:
� Run-time

� Overall, linear methods are faster.

� Classification
� PCA works best on urban areas
� KPCA works best on rural areas

� Anomaly detection
� KPCA works best on images with edges
� PCA and ICA works equally as well on images with no edges

� Target detection
� PCA and ICA performed the best

� Unmixing
� PCA performed the best with smallest error

Further Research:

� Evaluating the necessities of using the full image for 
dimension reduction.

� Conduct sampling experiments
� Block Sampling
� Random Sampling
� Classification-based Sampling

Questions?


