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Abstract

CRM Data

Confocal Reflectance Microscope images the skin in 4 dimensions. The third and fourth
dimensions being the wavelength and the depth, respectively. We compare traditional
methods with new techniques for component separation. The components from the skin
images are cell/nuclei, mitochondria, melanin, organelles and other minor components.
The spectral unmixing method N-finder is used to extract end members. The results of this
method will be compared with ICA methods that will be developed for the 4-dimensional
data. The components and their concentrations (abundances) will be output from these
methods.

The CRM images has four dimensions (4-D). The first two dimensions formed the
480x640 images. The third and fourth dimensions are the depth and the wavelength,
respectively. For a specific wavelength the 4-D data are arranged in the following way:
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Independent Component Analysis
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Independent Component Analysis (ICA) is a statistical and computational technique for
finding the underlying factors or components from multidimensional data. The observed
r
r
data y are expressed as a linear transformation of latent variables x that are non gaussian
and mutually independent:
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For all the wavelengths, the 4-D data are arranged as follows:
m× n× p

w1
i = number of wavelengths = 11
m = number of rows of the image = 480
n = number of columns of the image = 640
p = number of depths = 21
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where [ y1 , y2 , ... , yn ] is the vector of the observed random variables, [x1 , x2 , ... , xn ]
is the vector of the independent latent variables or the independent components, and A an
unknown constant matrix, also known as the mixing matrix. The goal of the ICA consists of
r
estimating both the A matrix and x when we only observe a given sequence of independent
observations y1 , y2 , ... , yn .
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(a) Original phantom 4-D data for depth 35 microns, (b) The endmembers extracted from (a) using the N-FINDR tool in color mode,
(c)-(h) The end-members in grayscale mode.
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N-FINDR
The N-FINDR algorithm is an automated technique for finding the end-members in an
image. The resulting images shows the abundances of the corresponding end-member for
that pixel. N-FINDR uses the fact that in general, the spectra of a particular pixel in an
image is assumed to be a linear combination of the end-member spectra.

Ri×(m×n× p )
Phantom Data
Like CRM images, phantom images has four dimensions. They are arranged in the
same manner as the CRM data, but the size of phantom images is different. In this
case the number of wavelengths is 13, the number of row and columns of the image
is 100.

Results
Original Images
First four ICA Results for CRM data for w = 800 nm and w = 810 nm
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where pij is the i-th band of the j-th pixel, eik is the i-th band of the k-th end-member, ckj is
the mixing proportions for the j-th pixel from the k-th end-member, assumed to sum one,
and ε is the Gaussian random error, assumed to be small. The vertices of a simplex, that
is the simplest geometric shape that can enclose a space of a given dimension, are the
end-member spectra. Hence, finding the pure pixels in an image (end-members), is nothing
but, finding the points in the data that represent the vertices of the simplex containing the
data.
End-member b

a
b
cdefgh

w = 800 nm and
p = 20 microns
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Conclusions and Future Work
w = 810 nm
p = 20 microns
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ICA Results for Phantom data for w = 775 nm and w = 800 nm
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Technology Transfer Opportunities

1. Statistical techniques have been applied to hyperspectral microscope images for
extracting components(endmembers).
2. Both linear and non-linear unmixing methods have been presented.
3. The number of endmembers extracted by these methods have to be verified with ground
truth.
4. Future work will include implementing spatial processing in extents of 3x3, 5x5 windows
to extract features that will be used to train a classifier.
5. Semi-supervised methods such as semi-SVM that are more suitable for this type of data
that do not have ground truth, will be used for classification. These methods can work in
high dimensional space and require very few training samples which can be extracted
from pure pixel extraction methods such as N-FINDR or PPI (Pixel Purity Index)
routines.
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(a) Original phantom 4-D data for depth 40 microns, (b) The endmembers extracted from (a) using the N-FINDR tool in color mode,
(c)-(h) The end-members in grayscale mode.
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