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Introduction: An automated Geologist’s Field As-

sistant (GFA) is being developed with high-resolution 
image analysis algorithms in order to aid in the collec-
tion and analysis of remote geological data.  There are 
inherent limitations to our endeavors of human plane-
tary exploration, the most prominent of which is the 
lack of mobility and sensory input available to suited 
astronauts.  This underscores the need for autonomous 
alternatives and introduces the task of designing future 
robotic explorers capable of unassisted and robust 
identification of geological features. 

Overview: 
GFA is designed to help geologists remotely iden-

tify rock samples by analyzing imaging data obtained 
from a high-resolution camera as well as spectral data 
from visible/near-IR and Raman spectrometers.  In 
terms of image analysis, a camera acquires close-up 
color images of rocks, a method comparable to that 
which will be used by the Mars Science Laboratory 
(MSL) Mars Hand Lens Imager (MAHLI). 

Texture-based image retrieval [1] is used to distin-
guish between rocks that are plutonic (crystalline, e.g., 
granite) and volcanic (noncrystalline, e.g., basalt). To 
identify the general composition of rock samples, color 
image segmentation is performed by a mean-shift clus-
tering [2] algorithm.  For both methods a training set 
was constructed for each individual sample using a 
“leave-one-out” procedure as a way to quantify the 
classification results. This way, a specimen is com-
pared to samples that have already been classified ac-
cording to a ground truth table. 

The current focus has been on processing images at 
a higher resolution and improving the reliability of 
rock classification results by expanding the rock li-
brary to over 1000 samples, of which 395 igneous 
rocks are currently being used for GFA.  This is 
roughly eight times larger than the set used in our ear-
lier efforts [3,4]. 

Additionally, efforts have been made to comple-
ment the current texture analysis method of using Ga-
bor filters, which are more sensitive to finer features 
such as corners, gradients and orientations on a micro-
textural level.  This is done by including methods of 
interest point detection to detect so-called “blobs” on a 
more macroscopic scale. 

Defined loosely, the term “blob” is a discrete re-
gion of connected pixels with similar color and texture. 
If it is possible to detect certain blobs that correspond 

to meaningful geological features, they will yield use-
ful experimental data upon which relationships can be 
derived.  These relationships can then provide a statis-
tical basis for devising rock texture classifiers.  Be-
cause the composition of rocks is so varied, we are 
relying on stochastic relationships based on unary and 
k-ary descriptors.  Unary descriptors refer to those that 
describe the blob itself (circularity, color distribution, 
texture distribution), while k-ary descriptors refer to 
relational properties of the blobs (local/global anisot-
ropy, separation, grain/crystal density). The goal is to 
conduct experiments to bring out any relational proper-
ties of the blobs and use them to compute features 
based on similarities between the descriptors.  It is 
important to stress that the features be stochastic in 
nature (things that result from random sampling and 
the construction of histograms) in order to account for 
the variation that might go unnoticed otherwise.  The 
key is to have a statistical model that is tolerant to the 
variation within each geological texture class and will 
yield reproducible results. 

 
Results:  Image analysis for both general texture 

and composition was performed on a collection of 395 
igneous rock samples. Distinguishing between vol-
canic and plutonic rocks yielded similar results in 
comparison to 2003 and 2004 results.  These varied by 
less than 10% with 85% correctness using texture 
analysis and a reduction in resolution by a factor of 4. 
The best results for identifying the general composition 
were obtained using full-resolution images; these are 
displayed in Table 1.  Approximately 72% of felsic 
rocks were identified correctly with nearly the same 
results obtained in 2004, despite a two-fold increase in 
the rock library.  Intermediate and mafic rocks, on the 
other hand, were identified correctly only 59% and 
56% of the time, respectively.  This is roughly 20% 
lower than previous results in which much fewer sam-
ples were used. 

Table 1: Classifying general composition using mean-
shift clustering. 

 Felsic Inter- 
mediate 

Mafic % correct 

Felsic 114 11 34 71.7 
Intermediate 11 69 36 59.5 
Mafic 24 29 67 55.8 
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Although some earlier trials from a smaller set 
(ranging from 50-200 lower resolution rock images) 
produced better results, the differences may not be as 
significant as they appear considering the extent to 
which the rock library has grown.  In the end, the cur-
rent system is more robust and statistically “stronger.”  
What remains to be done is implement a complemen-
tary system to analyze macroscopic features on a sto-
chastic basis. 
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