
CLASSIFICATION OF MARS ANALOGUE MIXTURES AND END-MEMBER MINERALS USING 
SELF-ORGANIZING MAPS.  T.L. Roush1, J. Helbert2, R.C. Hogan3 and A. Maturilli2, 1NASA Ames Research 
Center (MS 245-3, Moffett Field, CA 94035-1000, troush@mail.arc.nasa.gov), 2Institute for Planetary Research, 
DLR, Berlin, Germany, 3Bay Area Environmental Research Institute. 

 
 
Introduction:  Existing and planned space mis-

sions to planets and their satellites produce increasing 
volumes of spectral data.  Understanding the scientific 
content in this large data volume is a daunting task.  
Various statistical approaches are available to assess 
such data sets.  We apply an automated classification 
scheme based on Kohonen Self-Organizing maps 
(SOM)  to thermal emission spectra of individual min-
erals used in mixtures, and the mixture spectra. The 
mixture investigated is an analogue to Mars surface 
spectra as it incorporates minerals and materials that 
have been suggested as being present on Mars based 
upon previous measurements. Testing the SOM ap-
proach on mixtures of planetary analogue materials is a 
first step towards its application for automatic data 
processing on future rover with a higher degree of 
autonomy. 

  Samples Studied:  Four samples and a mixture of 
these are included in this study; montmorillonite 
(MM), palagonite (P), kieserite (K), and microcline 
(MC).  Four grain sizes separates were created for each 
sample, and the mixture using standard sieves (0-25, 0-
63, 63-90, and 90-125 µm).  For each grain size the 
mixture consisted of approximately 30% MM, 30% P, 
30% K, and 10% MC. To appropriately measure a 
sample in emissivity, at least 5 grams of material are 
needed. The mixtures were composed using the more 
abundant (in weight, for the 4 standard grain size 
ranges) Martian analogue minerals in the PF-DLR min-
eral library. 

Spectral Measurements:  The spectral measure-
ments were performed with a Fourier transform infra-
red spectrometer (Bruker IFS 88), purged with dry air 
and equipped with a liquid-nitrogen-cooled HgCdTe 
(MCT) detector. A "warm" (60°C) and "hot" (90°C) 
blackbody, together with a gold plated standard sand-
paper at room temperature were measured for calibra-
tion. The sample was placed in a 3 cm diameter alumi-
num cup and heated to 90°C in an oven for several 
hours to reduce adsorbed water, then was placed on a 
heating plate and heated from below to a constant tem-
perature of 90°C. Further details on apparatus, data 
preparation, standard measurement procedures and 
emissivity calculation can be found in [1,2]. 

Clustering with the SOM:  Previous work devel-
oped an automated unsupervised classification scheme 
based on SOMs that does not suffer from the limita-

tions of the K-means and Isodata algorithms; require-
ment for predefining the number of clusters [3,4].  The 
SOM maps the clustering inherent within the input data 
to an output layer. Commonly there are two steps with 
application of the SOMs.  Initially the cells of the SOM 
are randomly populated.  Initial training is performed 
for data with known labels and disjoint regions in the 
output layer are formed as similar data are grouped 
together.  These regions can then be associated with the 
data labels.  Subsequently, additional data is presented 
to the SOM and is placed in a region that it most 
closely resembles.  The label of that region becomes 
associated with the new data.  Here we apply the SOMs 
in two manners.  Firstly, we only use the SOM training 
phase to investigate how the emissivity spectra cluster.  
In this case we ask if similar data are associated with 
each other.  In the second approach we use both the 
training and testing phase.  We train the SOM solely 
with the end-member spectra and then test by evaluat-
ing what group(s) the mixture spectra are associated 
with during a testing phase. 

Results:  The specific location of a sample in an 
output layer “cell” (boxes created by the grid in the 
figures) is due to two factors; initial random placement 
of spectra at the beginning of the SOM training and 
similarity with near-by spectra during training.  So, in 
addition to location it is important to consider the 
strength of the boundaries between individual “cells”.  
The thickness of the grid lines indicates the absolute 
difference between spectra in adjacent cells.  Thin and 
thick lines indicate a relatively small and large differ-
ence, respectively. 

Figure 1 shows the results of applying the SOM to 
the individual end-member spectra and indicates: 

1) Strong boundaries exist for all samples between 
the fine- and coarse-grained components.  This 
suggests the SOM segregates grain sizes. 
2) Strong boundaries exist between the MC and all 
other samples.  This suggests the SOM distin-
guishes between primary igneous materials and 
their potential alteration products. 
3) The fine-grained mixture is associated with the 
coarse-grained P.  The other three mixtures are as-
sociated with MM and there appears to be a posi-
tive correlation between the grain size of the mix-
ture and the MM. 
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Figure 1. SOM output layer after training on the 
pure materials.  MC is red, MM green, K yellow, and P 
purple.  The abbreviation for the material is followed 
by a number indicating the size range.  The regions 
with diagonal lines are the two fine size fractions.  The 
mixtures are shown in the cells where they fall. 

 
Figure 2 shows the results of including the mixtures 

in the SOM analyses and indicates: 
1) Once again, strong boundaries exist between the 
fine-grained and coarse-grained MM, MC, and K.  
There are relatively stronger boundaries between 
fine-grained and coarse-grained P. 
2) Consistent with the results for pure materials, 
there are very strong boundaries between the MC 
spectra and all other samples. 
3) The relative locations of the mixtures are diffi-
cult to interpret. The fine-grained MIX is near the 
coarse-grained P and the boundary between them is 
relatively weak.  The next larger size MIX is near 
the fine-grained MM and coarse-grained P.  Since 
the boundary between the mix and MM is relatively 
weaker, it would be associated with the MM.  Be-
cause of the strong boundaries around the two 
coarse-grained mixtures one can not associate them 
with other materials. 
4) Mixtures are not placed in the cells of the pure 
materials. Given the limited nature of the mixture 
data analyzed any conclusion is premature.  It may 
simply be an expression that no single material 
dominates the mixtures. 

Figure 2.  SOM output layer after training on both 
pure materials and their mixtures.  Microcline is red, 
montmorillonite green, kieserite yellow, palagonite 
purple, and the mixtures are cyan.  The abbreviation 
for the material is followed by a number indicating the 
size range.  The regions with diagonal lines are the two 
fine size fractions. 

 
The conclusions presented in this initial effort 

would benefit from additional analyses of larger data 
sets for both pure materials and their mixtures.  One 
natural extension of this work would be to include 
other primary igneous materials and calculate spectral 
linear mixing models of the end member materials and 
investigate where these would occur in the SOM output 
layer. 
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