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A robust classification system is proposed to support autonomous geological mapping of rocky outcrops
using grayscale digital images acquired by a planetary exploration rover. The classifier uses 13 Haralick
textural parameters to describe the surface of rock samples, automatically catalogues this information
into a 5-bin data structure, computes Bayesian probabilities, and outputs an identification.

The system has been demonstrated using a library of 30 digital images of igneous, sedimentary and
metamorphic rocks. The images are 3.5�3.5 cm2 in size and composed of 256�256 pixels with 256
grayscale levels. They are first converted to gray level co-occurrence matrices which quantify the number
of times adjacent pixels of similar intensity are present. The Haralick parameters are computed from
these matrices. When all 13 parameters are used, classification accuracy, defined using an empirical
scoring system, is 65% due to a large number of false positives. When the number of parameters and the
choice of parameter is optimized, classification accuracy increases to 80%. The best results were achieved
with 3 parameters that can be interpreted visually (angular second moment, contrast, correlation) to-
gether with two statistical parameters (sum of squares variance and difference variance) and a parameter
derived from information theory (information measure of correlation II).

The system has been kept simple not to draw excessive computational power from the rover. It could,
however, be easily extended to handle additional parameters such as images acquired at different wa-
velengths.

& 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Detailed mapping of a planet's surroundings from an exploration
rover can reveal critical cues about the geology of the surface and
past and present environmental conditions. Only nine rovers have
successfully landed on other celestial bodies. Designed by the Soviets,
Lunokhod 1 (1970) and 2 (1973) both traversed the lunar surface
analyzing the mechanical properties of soil while transmitting close-
up and panoramic images of their surroundings back to Earth. The
Americans designed a Lunar Rover Vehicle (LRV) to assist the crew on
their traverses on the surface of the moon during the Apollo 15
(1971), 16 (1972), and 17 (1972) missions. Moreover, four US-lead
exploration rovers – Sojourner (1997), Spirit (2003), Opportunity
(2003), and Curiosity (2012) – have identified a variety of geomor-
phological structures and geological materials on the surface of Mars.
The ever-growing list includes alluvial fans with dominantly gravel-
size sediment (Moore and Howard, 2005), meteorites (Schröder et al.,
).
2008), basalts with columnar jointing (Milazzo et al., 2009), carbo-
nates (Morris et al., 2010), aeolian dunes exhibiting cross-bedding
(Hayes et al., 2011), and conglomerates with centimetre-size rounded
clasts (Williams et al., 2013).

The high-cost of planetary rover missions limits risk-taking.
This constraint is further compounded by limited autonomy that
requires time-consuming intervention of Earth-based operators to
ensure safe operations in unexplored areas. There is up to a 40 min
signal delay between Earth and Mars. Furthermore, line of sight
communication windows are typically limited to only a few min-
utes for day, exclusively during daytime. For example, the opera-
tion cycle of the Mars Exploration Rovers Spirit and Opportunity
was 4 days in length: one day each for panoramic image capture,
target definition upload from the ground crew, traverse to the
selected target and, finally, science measurements (Erickson et al.,
2002). The result is a frequently idle rover that misses potential
scientifically valuable targets due to a lack of knowledge about its
current surroundings. To enhance productivity, there would be
added benefit if geological investigation could be undertaken with
minimum human assistance.
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Table 1
Image acquisition parameters.

Camera model Canon Power Shot SD780IS Digital
ELPH

Camera lens Optical Zoom 12.1 Mega Pixel
Shutter speed 1/30 s
Aperture f/5.6
International Standards Organizations
(ISO)

100

Flash Off
Camera mode Macro (4x digital zoom, 3–50 cm

(widescreen))
Auto zoom Off
Image resolution 4000�3000 pixels
Image type Colour
Camera-target distance 50 cm
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There has been interest in rover-based autonomous geology,
mainly for obstacle detection and path planning (Maimone et al.,
2006; Gor et al., 2001; Gulick et al., 2001). The Onboard Autono-
mous Science Investigation System (OASIS) developed by the Jet
Propulsion Laboratory uses greyscale images to autonomously
evaluate rocks and, on the basis of this evaluation, to acquire ad-
ditional images to optimize rover resources in the navigation
phase (Estlin et al., 2007). A few researchers have tried to go be-
yond the goal of mobility and attempted to distinguish between
different types of obstacles via their colour and shape for scientific
purposes (Gallant et al., 2013; Gallant, 2011). McGuire and co-
workers (2004, 2010) developed the “cyber astrobiologist”, a
wearable computer equipped with video which is capable of low-
level geological image analysis autonomously. This system exploits
the concept of metonymy in which the juxtaposition of different
geological units in the key to scientific interest. As such, it is
mainly trained to recognize geological contacts. Halatci and co-
workers (2008) fused visual and terramechanics data to gather
geological information along a rover's path.

Although rovers are getting more sophisticated and are in-
strumented with sensors such as mini-TES (thermal emission
spectrometer), LIBS (laser-induced breakdown spectrometer), and
infrared point spectrometers (Castano et al., 2007; Gazis and
Roush, 2001), allowing them to make point measurements of
specific mineral properties (Maki et al., 2012; Pedersen, 2001),
their ability to use this information for autonomous decision
making in real-time is limited. Enhanced autonomous capabilities
are especially required after the navigation phase. This occurs
when the rover is in its final approach to a target or has reached
the target and needs to select specific instruments to initiate
procedures for conducting scientific investigations.
2. Objectives

This paper reports on a promising approach to autonomous
geoscience centered on the development of a rock classification
system based on image processing using Bayesian networks
(Sharif, 2013). Whereas human geologists use an extensive suite of
visual cues (e.g. colour of streak on a ceramic plate, relative pro-
portion of grains of different sizes, lustre, cleavage, etc.) and
physical measurements (e.g. hardness comparisons, magnetism,
etc.) to identify minerals and rocks, the proposed classification
system solely relies on 2D grayscale digital images. From a cata-
logue of 180 images of 30 different rock samples, the system
computes 13 textural parameters which are grouped into a 5-bin
data structure. The local probabilities for each parameter to fall
within a given bin form the evidence upon which the system,
using a Bayesian approach, evaluates the overall probability of
correctly classifying a rock sample. A Bayesian classification ap-
proach was first developed for the Nomad rover to detect dark
meteorites against the white surface of snow in Antarctica
(Wagner et al., 2001; Apostolopoulos et al., 2000). It has also been
demonstrated to classify minerals from observations of features
such as perimeter, dimensions, surface roughness, and colour (hue,
saturation, and intensity) (Thompson et al., 2005).

The objectives of this study were: (1) to extract textural fea-
tures on images of rock samples, (2) to combine these parameters
in a Bayesian image analysis system to achieve a robust classifi-
cation, and (3) to validate the system on a wide variety of rock
samples and assess its performance. The proposed approach works
independently of colour; rather, it relies on textural information to
classify rock samples.
3. Methods

3.1. Image acquisition

3.1.1. Selecting rock samples
In this study, a total of 30 hand samples, representing the three

types of rock (igneous, sedimentary, and metamorphic) and a
variety of textures, were selected for analysis. Some of the samples
were chosen because they exhibit classic features, such as basalt
with vesicles (BA1) or ropy pahoehoe (BA2), others because of
similarities to rocks found on Mars, such as conglomerate (CG2).

3.1.2. Imaging rock samples
All images were acquired using the same setup, on the same day

(Oct. 25, 2012), in order to reduce variations in ambient lighting.
Imaging was done outdoors on a cloudy day to ensure a natural
diffuse lighting, minimizing shadows and specular reflections. A di-
gital camera mounted on a frame took overhead images of the
samples at normal incidence, at a distance of 50 cm (Table 1). Two
different surfaces of each rock sample were imaged, originally in
colour. For calibration purposes, an 18% gray card was used prior to
taking an image to ensure that the colour balance remained
consistent.

In this proof-of-concept, a short camera-target distance was
chosen to represent a scenario in which the rover is parked at a
scientifically interesting site with several rocks in the immediate
vicinity. The rover classifies the images to prioritize which rocks to
examine before physical sampling or long integration measure-
ments take place (e.g. alpha particle X-ray spectrometry). The
approach could theoretically be extended to any arbitrary distance.
However, selecting a camera-target distance too large would result
in a loss of textural information. The proposed approach is
therefore not meant to be used while traversing but during final
approach or at a specific site.

3.1.3. Building the image library
Colour images were converted to grayscale intensity based on a

weighted sum of the their red, green and blue components. The
intensity varied linearly between 0 (black) and 255 (white), in
incremental steps of 1. The grayscale images were stored as un-
signed 8-bit integers.

Subsequently, three 256�256 pixels, non-overlapping subsets
of each grayscale image were selected for analysis (Fig. 1). Since
two images of each sample were taken, this leads to a library of
6 images per sample (Fig. 2). Each image covers a 3.5�3.5 cm2

area on the sample's surface.



Fig. 1. Image library (one image of each rock sample is shown). Each image has a resolution of 256�256 pixels, and 256 gray levels.
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Fig. 2. Examples of 6 non-overlapping images for 2 rock samples: granite (GR2) (top row), gneiss (GN1) (bottom row).

H. Sharif et al. / Computers & Geosciences 83 (2015) 153–167156
3.2. Textural feature extraction

3.2.1. Gray level co-occurrence matrices
Simple shape-related metrics, such as the maximum average,

standard deviation, and skewness of the intensity distribution did
not provide enough discrimination between the grayscale digital
images of the different rock samples. Firstly, the number of these
shape-related metrics is limited. Secondly, and more importantly,
in operational conditions, the maximum and average intensity will
vary according to lighting conditions, which is undesirable. Finally,
the standard deviation and skewness of the intensity distribution
are unaffected by the spatial distribution of pixels with different
intensities, and can be the same for vastly different samples, which
is also problematic (González et al., 2009). This is illustrated in
Fig. 3 for granite and gneiss which both feature the same mineral
assemblage (feldspar, mica, quartz). The minerals, however, are
distributed differently in these two rocks: they are randomly dis-
tributed in granite; they are organized in light and dark compo-
sitional bands in gneiss. The standard deviation and skewness are
not capable of distinguishing this critical textural difference. To
avoid these problems – that is, to increase the number of para-
meters usable, to reduce sensitivity to variations in lighting, and to
capture texture – a more advanced feature extraction technique
based on Haralick parameters (Haralick, 1979; Haralick et al., 1973)
and widely used for classification of satellite images (Tsaneva,
2008; Haralick and Shanmugam, 1974) was utilized.
Fig. 3. Intensity distribution histograms for samples granite (left: GR2_13), and gneiss
intensity is 236.00, 141.37, 30.96, and 0.72 for the granite, and 243.00, 120.26, 32.91, an
The first step in the Haralick feature extraction technique is the
computation of the Gray Level Co-occurrence Matrix (GLCM). The
GLCM counts the number of times adjacent pixels have the same
intensity. It is configured to perform four scans of an image: along
the horizontal axis (0° angle), the diagonal axis (45° angle), the
vertical axis (90° angle) and the cross-diagonal axis (135° angle)
(Fig. 4). Counts of similar intensities cluster diagonally on the
GLCM, whereas abrupt intensity variations plot further away from
the diagonal line. Since the grayscale used in this study has 256
levels, each of the 4 GLCMs associated to an image has a dimen-
sion of 256�256 elements, with coordinates i and j ranging from
0 to 255. The top left and bottom right corners of the GLCMs
correspond to dark and light pixel pairs, respectively.

Fig. 5 shows the GLCMs of granite image GR2_13 and gneiss
image GN1_11 shown in Fig. 2. As expected from its “salt and
pepper” appearance, the GLCMs for granite image GR2_13 have a
larger number of adjacent pixels with different intensities. The
higher count values are shifted towards darker pixels. On the other
hand, the GLCMs for the banded gneiss image GN1_11 have higher
counts in a narrow band along the diagonal, corresponding to a
frequent occurrence of adjacent pixels of same intensity. The
higher count values are skewed towards lighter pixels.

In this study, we averaged the 0°, 45°, 90°, 135° GLCMs. As
exemplified by Fig. 6, averaged GLCMs provide a rich source of
discriminatory information that will be exploited in the calcula-
tion of Haralick parameters.
(right: GN1_11). The maximum, average, standard deviation, and skewness of the
d 0.57 for the gneiss.



Fig. 4. GLCM scanning pattern.
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3.2.2. Haralick parameters
Haralick et al. (1973) originally defined 14 parameters that can

be calculated from the GLCMs (Table A1 and A2). Gotlieb and
Kreysig (1990) subdivided the parameters in four categories: those
expressing visual textural characteristics (f1, f2, f3), those based on
simple statistics (f4, f5, f6, f7, f10), those based on information theory
(f8, f9, f11), and those based on information measures of correlation
(f12, f13, f14). From Table A1 and A2, five groups of closely related
parameters can be defined:
�

Fig.
and
Large-scale homogeneity descriptors: f1, f5, f10, � f2
�
 Cluster descriptors: f4, f6, f7
�
 Simple entropy parameters: f8, f9, f11
�
 Entropy ratios: |f12|, f13
�
 Linear correlation descriptor: f3
We computed Haralick parameters f1 to f13, and presented results
as bar graphs (Figs. 7–9). Parameter f14 was not used because of its
high computational demand in view of the limited computer power
typically available on an exploration rover. For example, the com-
puter of the most recent Mars exploration rover, Mars Science La-
5. GLCMs for images granite GR2_13 (top row) and gneiss GN1_11 (bottom row), an
row indices, respectively.
boratory (MSL), has a 200 MHz clock, 256 Mbytes of random-access
memory and 512 Mbytes of flash memory (Bajracharya et al., 2008).

Figs 7 to 9 show bar graphs for parameters f1, f2 and f3 which
can be interpreted based on visual characteristics, for the complete
image library. Short bars indicate that, for a given parameter, the
6 images of the same sample gave very consistent results. Larger
bars denote more variability. Parameter f1 describes homogeneity
on the scale of the whole image. For this reason, the uniformly
dark coarse-grained gabbro (GB1) has a higher f1 value that diorite
(DR1) which is composed of alternating plagioclase (light) and
amphibole or biotite (dark). Conversely, parameter f2 is sensitive to
abrupt intensity variations. Diorite (DR1) has therefore a higher f2
value than gabbro (GB1). Parameter f3 detects linear trends in an
image. Gneiss (GN1) has more abrupt variations between white
and black bands and therefore a high f3 value, whereas granite
(GR2) has a lower f3 value associated with gradual changes from
light gray (feldspar) to darker gray (quartz) to black (mica).

3.2.3. Member functions
A data structure based on member functions was defined to

group parameter values. The purpose of this binning system is to
build a catalogue for each parameter, which is later used to cal-
culate Bayesian probabilities. For each parameter, the values for
each of the 6 images (represented as single bars in Figs. 7–9) of a
given rock sample are averaged. The resulting 30 data points are
then distributed into five bins (low, low–medium, medium, med-
ium–high, high) using three Gaussian functions in the centre,
flanked by two sigmoidal functions on either side (Fig. 10). The
Gaussian and sigmoidal functions are calculated as

y
x

exp
2 1

2ψ
Φ

= (−( − ) ) ( )

and

y
a x c

1
1 exp 2

=
+ ( − ( − )) ( )

where
d scan angles 0°, 45°, 90°, and 135°, from left to right. Letters i and j are the column



Fig. 6. Averaged GLCMS for the images shown in Fig. 1.
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Fig. 7. Angular second moment (f1).

Fig. 8. Contrast (f2).
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Fig. 9. Correlation (f3).

Fig. 10. 5-bin data structure based on a central (dashed line) and two side (dotted
lines) Gaussian functions, and two sigmoidal (solid lines) functions for parameter
correlation (f3). In this example, gneiss (GN1) is assigned a value of 0.00 in the low
bin, 0.02 in the low–medium bin, 0.71 in the medium bin, 0.50 in the medium–high
bin, and 0.00 in the high bin. The corresponding values for slate (SL1) are 0.92, 0.10,
0.00, 0.00, and 0.00. In the catalogue for parameter f3, gneiss (GN1) and slate (SL1)
therefore fall in the medium bin and the low bin, respectively.
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For all functions, Φ¼s/2, where s is the standard deviation of
Haralick parameter of interest. For the central Gaussian function,
Ψ¼m, where m is the mean of the Haralick parameter of interest.
For the side Gaussian functions and sigmoidal functions, Ψ¼m7s.
The variable ν is the percentage of results that lie within the range
of uncertainty of the distribution. The output y is a probability of
occurrence between 0 and 1.
3.3. Bayesian image analysis

A framework based on Bayes' theorem was introduced to
determine the probability of a classification being correct. Ex-
pressed mathematically:

P A B P B A P A /P B 5( | ) = ( | )* ( ) ( ) ( )

where P(A) and P(B) are the probabilities of events A and B re-
spectively, and P(A|B) and P(B|A) are the associated conditional
probabilities. The probability of a classification being correct, also
known as the "posterior", is P(A|B). The "prior" P(A) describes the
probability that classification A is correct without any conditions
B; P(A)¼1/n where n is the number of identification possibilities.
In this study, there will always be a P(A)¼1/30 chance that a
sample is correctly classified. P(B), also termed "evidence", gives
the probability of a condition being true, independent of sample
classification. P(B|A), often referred to as "likelihood", describes the
probability of classifying a sample in a bin given an imposed result
for A (i.e. true or false). For example, Equation (5) tailored to
calculate the probability of an image of gneiss GN1 to fall in the
medium bin for parameter correlation (f3) becomes:

P f P f

P f P f

gneiss true medium medium gneiss true /30

medium gneiss true medium gneiss false 6

3 3

3 3( )
( ) ( )
( ) ( )

= | = = = | =

= | = + = | = ( )

The ability of the classifier to correctly identify a rock is verified
by testing the catalogued samples against themselves. Each sam-
ple is checked against every member of the catalogue. The prob-
abilities for each classification are output in a row (Table 2). A
square matrix of classification probabilities is generated. Ideally,
this matrix would converge to Kronecker's delta: every rock
should conclusively be classified as itself and never as something
else, and thus the matrix should be composed of ones on the di-
agonal and of zeroes off the diagonal.

4. Results

The classification results presented in Table 2 can be interpreted



Table 2
Bayesian posterior probabilities using 13 Haralick parameters. Diagonal entries are in bold.

AN1 BA1 BA2 BA3 DB1 DR1 GB1 GR1 GR2 KM1 PR1 PR2 PU1 RH1 RH2 CK1

Catalogued samples
to identify

AN1 1.0000 0.0000 0.0000 0.0000 0.9910 0.0000 0.0000 0.0470 0.0000 0.9142 0.0000 0.0000 0.3664 0.0146 0.0000 0.0000

BA1 0.0000 0.9999 0.0000 0.9962 0.0000 0.0000 0.0000 0.0000 0.0000 0.0008 0.0000 0.0000 0.0034 0.0000 0.0000 0.0000
BA2 0.0000 0.0001 1.0000 0.2216 0.0000 0.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.9827 0.0000 0.0000 0.0000
BA3 0.0000 1.0000 0.0099 1.0000 0.0000 0.0000 0.6844 0.0000 0.0000 0.7817 0.9975 0.9889 0.1119 0.0000 0.0000 0.0000
DB1 1.0000 0.0000 0.4713 0.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.9774 0.0000 0.0000 0.3404 0.0000 0.0000 0.0000
DR1 0.0000 0.0000 0.0000 0.0000 0.9930 1.0000 0.0000 1.0000 1.0000 0.0399 0.0000 0.0000 0.2444 0.0000 0.0000 0.9862
GB1 0.0000 0.9997 1.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.9999 0.0002 0.0061 0.9945 0.0000 0.0000 0.0000
GR1 0.0003 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 0.0004 0.0000 0.0000 0.0413 0.0000 0.0002 0.9992
GR2 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 1.0000 1.0000 0.0000 0.0000 0.0000 0.0052 0.0001 0.6798 1.0000
KM1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.6574 0.0000 0.0000 0.7161 0.0000 0.0000 0.0000
PR1 0.0000 1.0000 0.0415 1.0000 0.0000 0.0000 0.2101 0.0000 0.0000 0.4816 1.0000 1.0000 0.0095 0.0000 0.0000 0.0000
PR2 0.0000 1.0000 0.0233 1.0000 0.0000 0.0000 0.7566 0.0000 0.0000 0.1002 1.0000 1.0000 0.0009 0.0000 0.0000 0.0000
PU1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.6574 0.0000 0.0000 0.7161 0.0000 0.0000 0.0000
RH1 0.9237 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0002 1.0000 1.0000 1.0000
RH2 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 0.0000 0.0000 0.0000 0.0005 1.0000 1.0000 1.0000
CK1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.8641 1.0000 0.0000 0.0000 0.0000 0.0000 0.9940 0.9997 1.0000
CG1 0.0000 0.0002 0.0000 0.0000 0.0000 0.0000 0.0051 0.0000 0.0000 0.0059 0.0000 0.0000 0.4503 0.0000 0.0000 0.0000
CG2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0521 0.0000 0.0000 0.0000
CG3 0.0310 0.0001 1.0000 0.0833 0.0000 0.0000 0.9824 0.0000 0.0000 1.0000 0.0000 0.0000 0.9983 0.0000 0.0000 0.0000
DL1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.9998 1.0000
LM1 0.0003 0.0000 0.0005 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9437 0.0000 0.0000 0.7889 0.0000 0.0000 0.0000
SD1 0.0000 0.0035 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
SD2 1.0000 0.9997 0.0489 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9645 1.0000 0.9992 0.0252 0.0001 0.0000 0.0000
SH1 0.0000 1.0000 0.0092 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0044 1.0000 1.0000 0.0000 0.0000 0.0000 0.0000
GN1 0.9952 0.0000 0.0078 0.0000 1.0000 1.0000 0.0000 1.0000 1.0000 0.7619 0.0000 0.0000 0.3943 0.0000 0.0000 0.0001
GN2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.8655 0.0096 0.0004 0.0000 0.0000 0.3262 0.0000 0.0000 0.0098
GS1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1877 0.0073 0.0002 0.0000 0.0000 0.0600 0.0000 0.0000 0.0000
GY1 0.0000 0.0020 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9958
SL1 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0006 1.0000 1.0000 0.0000 0.0000 0.0000 0.0000
WL1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9983 0.0003 0.9999

CG1 CG2 CG3 DL1 LM1 SD1 SD2 SH1 GN1 GN2 GS1 GY1 SL1 WL1 Classification
accuracy
score

AN1 0.0000 0.0000 0.9999 0.0000 0.9991 0.0000 0.5777 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 1.0
BA1 0.0000 0.0000 0.0000 0.0000 0.0023 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0
BA2 0.0002 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0003 0.0000 0.0000 0.0000 0.6
BA3 0.0000 0.0000 0.0005 0.0000 0.9873 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9
DB1 0.0000 0.0000 1.0000 0.0000 0.9983 0.0000 0.0000 0.0000 1.0000 0.0242 0.0033 0.0000 0.0000 0.0000 0.6
DR1 0.0000 0.0587 0.3636 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 1.0000 0.0000 0.0000 0.0000 0.5
GB1 1.0000 0.0000 0.8248 0.0000 0.9981 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.7
GR1 0.0000 0.0000 0.0011 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 1.0000 0.0000 0.0000 0.0000 0.6
GR2 0.0000 0.9962 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 1.0000 0.0000 0.0000 0.0000 0.4
KM1 0.0000 0.0000 0.0706 0.0000 0.3643 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0
PR1 0.0000 0.0000 0.0030 0.0000 0.9999 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1063 0.0000 0.6
PR2 0.0000 0.0000 0.0000 0.0000 0.9822 0.0000 0.9999 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.6
PU1 0.0000 0.0000 0.0706 0.0000 0.3643 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.5
RH1 0.0000 0.0000 0.0000 0.9942 0.0000 0.0000 0.0000 0.0000 0.0000 0.8512 0.0002 0.0000 0.0000 0.0000 0.8
RH2 0.0000 0.0000 0.0000 0.7343 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.6005 0.0000 0.0000 0.0000 0.4
CK1 0.0000 0.0000 0.0000 0.0776 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.9975 0.0000 0.0000 0.0000 0.8
CG1 1.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1268 0.0000 0.0000 0.0000 0.9
CG2 1.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9845 1.0000 0.0000 0.0000 0.0000 0.8
CG3 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.7
DL1 0.0000 0.0000 0.0000 1.0000 0.0000 0.9925 0.0000 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 1.0000 0.7
LM1 0.0000 0.0000 0.8760 0.0000 0.9755 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.5
SD1 0.0009 0.8208 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.8
SD2 0.0000 0.0000 0.9946 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.6
SH1 0.9952 0.0000 0.0000 0.0000 0.0016 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.3
GN1 0.0000 0.0000 0.9999 0.0000 0.1693 0.0000 0.0000 0.0000 1.0000 0.9995 0.9985 0.0000 0.0000 0.0000 0.6
GN2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9995 0.9493 0.0000 0.0000 0.0000 1.0
GS1 0.0000 0.0032 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9967 0.9997 0.0000 0.0000 0.0000 1.0
GY1 1.0000 1.0000 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0004 0.1538 1.0000 1.0000 1.0000 0.4
SL1 0.9991 0.0000 0.0000 0.0000 0.0000 0.9996 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.4
WL1 0.0000 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0007 0.0000 0.0000 0.0000 1.0000 0.8

TOTAL 19.5
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using the original images (Fig. 1) and the averaged GLCMs (Fig. 6).
When two rocks have similar GLCMs, such as the two peridotites PR1
and PR2, the classifier confuses them and yields a false positive
(1.000). The two sandstones in question are texturally similar. Both
rocks would be given the same first-order classification by a human
geologist; the confusion is therefore not surprising. Two rocks having



Table 3
Bayesian posterior probabilities for 23 uncatalogued samples using 13 Haralick parameters. Diagonal entries are in bold.

. AN1 BA1 BA2 BA3 DB1 DR1 GB1 GR1 GR2 KM1 PR1 PR2 PU1 RH1 RH2 CK1

Uncatalogued samples to
identify

AN1 1.00000.00000.00000.00000.05910.00000.00000.05460.00000.92610.00000.00000.40520.00000.0000 0.0000

BA1 0.00000.99990.00000.99620.00000.00000.00000.00000.00000.00080.00000.00000.00340.00000.0000 0.0000
BA2 0.00000.00521.00000.9127 0.00000.00001.00000.00000.00001.00000.00000.00000.99760.00000.0000 0.0000
BA3 0.00001.00000.00001.00000.00000.00000.00010.00000.00000.24571.00001.00000.00920.00000.0000 0.0000
DB1 1.00000.00000.4713 0.00001.00000.00000.00001.00000.00000.9774 0.00000.00000.34040.00000.0000 0.0000
DR1 0.00000.00000.00000.00000.92841.00000.00001.00001.00000.00560.00000.00000.22400.00000.0000 1.0000
GB1 0.00000.48661.00000.98950.00000.00001.00000.00000.00001.00000.00000.00000.95780.00000.0000 0.0000
GR1 0.00030.00000.00000.00000.00000.00000.00001.00001.00000.00040.00000.00000.0413 0.00000.0002 0.9992
GR2 0.00000.00000.00000.00000.00001.00000.00001.00001.00000.00000.00000.00000.00520.00010.6798 1.0000
KM10.00000.00000.00020.00000.00000.00000.00000.00010.00000.94420.00000.00000.6019 0.00000.0000 0.0000
PR1 0.00001.00000.0415 1.00000.00000.00000.2101 0.00000.00000.48161.00001.00000.00950.00000.0000 0.0000
PR2 0.00001.00000.00411.00000.00000.00000.9120 0.00000.00000.04441.00001.00000.00050.00000.0000 0.0000
PU1 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.34930.00000.00000.4165 0.00000.0000 0.0000
RH1 0.3145 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00001.00001.0000 1.0000
RH2 1.00000.00000.00000.00000.00000.00000.00001.00001.00000.00000.00000.00000.00051.00001.0000 1.0000
CK1 0.1464 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00010.94090.0398 0.6619
CG1 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.0108 0.00000.00000.60780.00000.0000 0.0000
CG2 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00370.00000.0000 0.0000
CG3 0.99930.00001.00000.0115 0.00000.00000.05440.00200.00001.00000.00000.00000.98520.00000.0000 0.0000
DL1 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.99990.0000 0.9681
LM10.00010.42020.99950.99360.00000.00000.74440.00000.00000.99980.00000.00000.89340.00000.0000 0.0000
SD1 0.00000.00040.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.0000 0.0001
SD2 1.00000.99970.04891.00000.00000.00000.00000.00000.00000.96451.00000.99920.02520.00010.0000 0.0000

CG1 CG2 CG3 DL1 LM1 SD1 SD2 SH1 GN1 GN2 GS1 GY1 SL1 WL1 Classification accuracy
score

AN1 0.00000.00000.99990.00000.99860.00000.00000.00000.00000.00010.00000.00000.00000.00001.0
BA1 0.00000.00000.00000.00000.00230.00000.00000.00000.00000.00000.00000.00000.00000.00001.0
BA2 0.0148 0.00001.00000.00001.00000.00000.00000.00000.00000.00000.00020.00000.00000.00000.6
BA3 0.00000.00000.00030.00000.99910.00000.99990.00000.00000.00000.00000.00000.00040.00000.7
DB1 0.00000.00001.00000.00000.99830.00000.00000.00001.00000.02420.00330.00000.00000.00000.6
DR1 0.00000.47560.02000.00000.00000.00000.00000.00001.00001.00001.00000.00000.00000.00000.4
GB1 0.98030.00000.99860.00000.99930.00000.00000.00000.00000.00000.00000.00000.00000.00000.8
GR1 0.00000.00000.0011 0.00000.00000.00000.00000.00001.00001.00001.00000.00000.00000.00000.6
GR2 0.00000.99620.00000.00000.00000.00000.00000.00001.00001.00001.00000.00000.00000.00000.4
KM10.00000.00000.79290.00000.29240.00000.00000.00000.00000.00040.00080.00000.00000.00000.5
PR1 0.00000.00000.00300.00000.99990.00001.00000.00000.00000.00000.00000.00000.1063 0.00000.6
PR2 0.00000.00000.00000.00000.9171 0.00000.99970.0136 0.00000.00000.00000.00001.00000.00000.6
PU1 0.00000.00000.00400.00000.1756 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.5
RH1 0.00000.00000.00000.99960.00000.00000.00000.00000.00000.09480.00000.00000.00000.00000.8
RH2 0.00000.00000.00000.73430.00000.00000.00000.00000.00001.00000.60050.00000.00000.00000.4
CK1 0.00000.00000.00000.00000.00000.00000.00000.00000.00000.00950.00000.00000.00000.00000.0
CG1 0.99800.2133 0.00000.00000.00000.00000.00000.00000.00000.00000.02010.00000.00000.00001.0
CG2 0.99991.00000.00000.00000.00000.00000.00000.00000.00000.00290.70390.00000.00000.00001.0
CG3 0.00000.00001.00000.00001.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.7
DL1 0.00000.00000.00001.00000.00000.38770.00000.00000.00000.00010.00000.00000.00001.00000.9
LM10.00000.00000.99970.00001.00000.00000.00000.00000.00000.00000.00000.00000.00000.00001.0
SD1 0.00000.1850 0.00001.00000.00001.00000.00000.00000.00000.00000.00000.00000.00001.00000.8
SD2 0.00000.00000.99460.00001.00000.00001.00000.00000.00000.00000.00000.00000.00000.00000.6

TOTAL 15.5
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different visual aspect and GLCMs are generally not confused; for ex-
ample, the GLCM of pumice (PU1) has a muchmore elliptic shape than
that of sandstone (SD2), which gives an unequivocal null result. A
complication arises when two geologically dissimilar rocks are con-
fused. For example, slate (SL1) is confused with basalt (BA1), gabbro
(GB1), periodite (PR1 and PR2) and shale (SH1); a likely cause if that all
of these rocks are dark with insufficient contrast for the classifier.

A simple empirical scoring system was devised to quantify
classification accuracy. In practice, within each row of the classi-
fication matrix, the diagonal entry should be the maximum, or at
least be above a certain threshold. Furthermore, values above this
threshold should not be repeated throughout the row. For each
row in Table 2, a correct classification (probability of 1.000 along
the diagonal) was therefore assigned 1.0 point; 0.5 points were
subtracted if the probability of classification was too low
(o0.9900); and 0.1 points were subtracted for each false positive.
If the diagonal entry was not the maximum of the row, no points
were given. The possible score for a single row ranges from 0 to 1;
negative scores were capped at 0. The total score for the whole
matrix is reported in the bottom right corner of Table 2 and is
equal to 19.5/30 points (65%).

The robustness of the classifier was verified using 23 un-
catalogued samples. These samples are images of the same rocks
as shown in Fig. 1. The rocks selected were physically large enough
so that 6 additional non-overlapping digital images of their surface
could be acquired, under the same lighting conditions. The cor-
responding images were not, however, included in the computa-
tion of the bar graphs and the 5-bin data structure. Table 3 shows
the classification results for these uncatalogued samples. The
classification accuracy score for the 23 rocks was very consistent:



Fig. 11. Classification accuracy score versus number of Haralick parameters used in
the computation of Bayesian probabilities. Error bars correspond to one standard
deviation.
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15.5/23 points (67.4%) for the uncatalogued samples and 15.0/23
points (65.2%) for the corresponding samples from the catalogue.
5. Discussion

As the number of parameters used in the computation of the
probabilities increases, so does the number of false positives
which degrades the performance of the classifier. We therefore
investigated how many parameters would be optimal for in-
creasing performance. We repeated the analysis presented in Ta-
ble 2 for the 8191 (2n�1 where n¼13) possible combinations of
parameters. Fig. 11 shows how the classification accuracy is
highest for 4, 5 or 6 parameters and slightly declines for a larger
Table 4
The 25 highest classification accuracy scores (listed in decreasing order) with their assoc
dash indicates parameters which were not used.

Classification accuracy score Haralick parameters

f1 f2 f3 f4 f5 f6

24.1 x x x x – –

24.1 x x x x – –

24.0 – – – x x –

24.0 – – – – x –

24.0 – – – – – x
23.9 x – – – – x
23.9 – – – – x x
23.9 – x x x – –

23.9 – x x – – –

23.8 x – x x – –

23.8 x – x – – –

23.8 x – – – x –

23.8 x – x – x –

23.7 x – – – – x
23.7 x x x x x –

23.7 x x x – x –

23.7 x – x x x –

23.7 x – x x x –

23.7 – x x x x –

23.7 – – x x x –

23.7 – – x – x –

23.7 – – x – x –

23.7 x x x – – x
23.6 – – x x – –

23.6 – – x – – –

Number of times a parameter is used 13 8 18 10 13 5 1
number of parameters.
Since better classification results are achieved using a subset of

Haralick parameters, which parameters lead the highest classifi-
cation accuracy scores? Out of the 8191 possible combinations of
parameters, the highest score attained was 24.1 (80.3%) and was
achieved using 6 Haralick parameters: f1, f2, f3, f4, f10, and f13
(Tables 4 and 5). For 24 of the 25 highest scores, 4, 5 or 6 para-
meters were used as predicted in Fig. 11. The Haralick parameters
used the most are f3 and f13 (used 18 times) and f1 and f5 (used 13
times). It is interesting to note that these four parameters fall in
3 of the 4 categories defined in section 4.2 above. It seems that a
combination of parameters which describe images using different
perspectives are the best choice to achieve a high classification
accuracy.
6. Conclusion

This paper presented a proof-of-concept for a rock classification
system designed for onboard processing and autonomous decision-
making on a planetary exploration rover. The classifier inputs grayscale
digital images of rocks similar to those typically acquired by navigation
or science cameras and outputs a probabilistic identification. In view of
the limited processing power available on an exploration rover (Baj-
racharya et al., 2008), the image processing strategy has been kept to a
minimum. It includes 4 simple steps: computation of GLCMs, extrac-
tion of Haralick parameters, catalogue building and calculation of
Bayesian probabilities. Processing a 256�256 pixel image through
these steps required approximately 3–4 s on a standard computer with
a single Intel Core i3 processor, a 2.13 GHz clock, and 4 Gbytes of
random-acess memory. For this proof-of-concept, the code was written
in MATLAB. The code could be optimized and parallelized in the future.

The proposed methodology could be extended to the classification
of regolith. Regolith would be more challenging to classify because
they exhibit less textural variability than the surface of rock samples
iated Haralick parameters. An “X” indicates parameters which were used whereas a

Number of parameters used

f7 f8 f9 f10 f11 f12 f13

– – – x – – x 6
x – – x – – x 6
– – x – – – x 4
x – x – – – x 4
– – x x – – x 4
– – x – – – x 4
– – x – – – x 4
– – x x – – x 6
x – x x – – x 6
– – – – x – x 5
x – – – x – x 5
x – x – – – x 5
x x – – – x – 6
– – x x – – x 5
– – – – – x – 6
x – – – – x – 6
– x – – – x – 6
– x – – – – x 6
– – x – – x – 6
– x – x – x – 6
x x – x – x – 6
x x – – x – x 6
– x – x – – x 7
– – – – x – x 4
x – – – x – x 4
0 7 10 9 5 7 18



Table 5
Bayesian posterior probabilities using Haralick parameters f1, f2, f3, f4, f10, and f13. Diagonal entries are in bold.

AN1 BA1 BA2 BA3 DB1 DR1 GB1 GR1 GR2 KM1 PR1 PR2 PU1 RH1 RH2 CK1

Catalogued samples to
identify

AN11.00000.00000.0157 0.00040.00630.00000.00000.00310.00000.52280.00000.00000.04860.80560.0499 0.0000

BA10.00000.93870.00000.59730.00000.00000.0010 0.00000.00000.0119 0.00060.00080.1309 0.00000.0000 0.0000
BA20.00090.00080.99990.0124 0.00000.00000.93790.0211 0.00000.99720.00000.00000.6476 0.00000.0000 0.0000
BA30.00000.99910.0413 0.99950.00000.00000.9017 0.00000.00000.29880.98990.99620.32530.00000.0000 0.0000
DB11.00000.00000.00970.00001.00000.00000.00000.9110 0.00000.05830.00000.00000.00410.6150 0.9368 0.0043
DR10.00000.00000.00040.00000.00951.00000.00001.00001.00000.00390.00000.00000.00340.00000.0000 0.9923
GB10.00000.98910.9133 0.98650.00000.00001.00000.00000.00000.94050.00950.08410.96710.00000.0000 0.0000
GR10.00000.00000.00000.00000.00000.00000.00000.99290.93840.00060.00000.00000.0011 0.00010.0003 0.7290
GR20.00000.00000.00000.00000.00000.00020.00001.00001.00000.00000.00000.00000.00020.00000.0011 1.0000
KM10.00500.00090.0148 0.0016 0.00000.00000.00010.00010.00000.63290.00000.00000.5751 0.00000.0000 0.0000
PR10.00050.99930.00290.99990.00000.00000.02730.00000.00000.1331 0.99990.99970.1351 0.00000.0000 0.0000
PR20.00000.99990.00031.00000.00000.00000.00420.00000.00000.0180 1.00001.00000.0130 0.00000.0000 0.0000
PU10.00500.00090.0148 0.0016 0.00000.00000.00010.00010.00000.63290.00000.00000.5751 0.00000.0000 0.0000
RH10.7448 0.00000.00000.00000.00000.00000.00000.03040.0014 0.00010.00000.00000.00391.00001.0000 0.9516
RH20.98890.00000.00000.00000.00000.00000.00000.7627 0.06030.00010.00000.00000.00051.00001.0000 0.9985
CK10.00000.00000.00000.00000.00000.00000.00000.4910 0.83580.00000.00000.00000.00000.0117 0.0654 0.9996
CG1 0.00000.00380.00150.00000.00000.00000.72300.00000.00000.02770.00000.00000.6141 0.00000.0000 0.0000
CG2 0.00000.00000.00000.00000.00000.00000.00000.0017 0.00380.00010.00000.00000.08270.00000.0000 0.0001
CG3 0.03220.06360.98290.67700.00000.00000.52730.00010.00000.98390.0139 0.00010.81260.00000.0000 0.0000
DL1 0.00000.00070.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00090.94470.0332 0.5536
LM10.00500.00090.0148 0.0016 0.00000.00000.00010.00010.00000.63290.00000.00000.5751 0.00000.0000 0.0000
SD1 0.00000.00090.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00010.00000.0000 0.0000
SD2 0.99910.47890.20630.9911 0.00000.00000.00330.00000.00000.58300.99990.49560.05700.24430.0001 0.0000
SH1 0.00001.00000.00040.99990.00000.00000.80440.00000.00000.00910.99991.00000.00580.00000.0000 0.0000
GN10.0019 0.00000.02230.00000.9976 0.07790.00000.99950.5765 0.0156 0.00000.00000.00270.00000.0000 0.0260
GN20.00000.00000.00000.00000.00000.00000.00000.03270.00010.00340.00000.00000.04320.00020.0000 0.0005
GS1 0.00000.00000.00000.00000.00000.00000.00000.84980.7731 0.00070.00000.00000.02420.00000.0000 0.0094
GY10.00000.00070.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.0000 0.2285
SL1 0.00001.00000.00130.99990.00000.00000.98850.00000.00000.00500.99791.00000.00250.00000.0000 0.0000
WL10.00000.00050.00000.00000.00000.00000.00000.00000.00000.00000.00000.00000.00260.00850.0000 0.1266

CG1 CG2 CG3 DL1 LM1 SD1 SD2 SH1 GN1 GN2 GS1 GY1 SL1 WL1 Classification accuracy
score

AN10.00000.00000.94450.00000.88750.00000.99770.00000.00000.00020.00000.00000.00000.00001.0
BA10.00020.00000.00010.00000.02000.00000.00000.00000.00000.00000.00000.00000.00000.00000.5
BA20.00050.00000.99920.00000.98070.00000.00000.00000.00000.00200.00160.00000.00000.00001.0
BA30.00240.00000.0145 0.00000.6917 0.00000.00000.00000.00000.00000.00000.00000.0611 0.00001.0
DB10.00000.00000.48070.00000.09360.00000.28880.00000.99990.00560.00070.00000.00000.00000.9
DR10.00000.39450.00070.00000.00000.00000.00000.00001.00000.99630.99960.00000.00000.00000.7
GB10.98730.00040.46060.00000.92280.00000.00000.00000.00000.00010.00010.00000.00290.00001.0
GR10.00000.00000.00020.00000.00000.00000.00000.00000.0128 0.92490.84010.00000.00000.00001.0
GR20.00000.96200.00000.00000.00000.00000.00000.00000.90321.00001.00000.00000.00000.00010.6
KM10.00000.00000.67660.00000.7017 0.00000.00000.00000.00000.00100.00010.00000.00000.00000.0
PR10.00000.00000.02050.00010.87910.00000.0974 0.00000.00000.00000.00000.00000.00770.00000.9
PR20.00000.00000.00050.00080.40860.00000.38390.00000.00000.00000.00000.00000.98430.00000.8
PU10.00000.00000.67660.00000.7017 0.00000.00000.00000.00000.00100.00010.00000.00000.00000.0
RH10.00000.00000.00000.53880.00010.00000.00020.00000.00000.63780.0112 0.00000.00000.00000.9
RH20.00000.00000.00010.0313 0.00000.00000.00010.00000.00000.73500.02080.00000.00000.00000.9
CK10.00000.00000.00000.00420.00000.00000.00000.00000.00000.84660.67490.00000.00000.00001.0
CG1 1.00000.99850.00010.00000.0013 0.00000.00000.00000.00000.0181 0.2615 0.00000.00000.00001.0
CG2 0.99981.00000.00000.00000.00000.00640.00000.00000.00000.86600.99390.00000.00000.00001.0
CG3 0.00000.00000.99700.00000.99610.00000.00000.00000.00000.00020.00000.00000.00000.00001.0
DL1 0.00000.00000.00001.00000.00000.1334 0.00000.00000.00000.00190.00000.00000.00001.00000.9
LM10.00000.00000.67660.00000.7017 0.00000.00000.00000.00000.00100.00010.00000.00000.00000.5
SD1 0.0128 0.1661 0.00000.99220.00001.00000.00000.00000.00000.00030.00220.00000.00000.95661.0
SD2 0.00000.00000.86320.00000.98750.00001.00000.00000.00000.00000.00000.00000.00000.00001.0
SH1 0.03450.00000.00000.00070.00910.9818 0.00001.00000.00000.00000.00000.00001.00000.00000.7
GN10.00000.00000.02580.00000.00060.00000.00000.00001.00000.37770.5196 0.00000.00000.00001.0
GN20.00000.00000.00070.00000.00070.00000.00000.00000.00000.35320.03720.00000.00000.00000.5
GS1 0.00120.30970.00000.00000.00000.00000.00000.00000.00000.9817 0.99020.00000.00000.00001.0
GY10.94860.99990.00001.00000.00001.00000.00000.00010.00000.0011 0.1870 1.00000.99041.00000.7
SL1 0.29660.00000.00000.00010.00090.98120.00001.00000.00000.00000.00000.00001.00000.00000.7
WL10.00000.00010.00001.00000.00000.9572 0.00000.00000.00000.01280.00150.00000.00001.00000.9

TOTAL 24.1
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and outcrops. Nonetheless, parameters such as the degree of com-
paction and grain size could express themselves visually and therefore
be captured on images and be candidate for an analysis. The output of
regolith classification could be further validated by terramechanics
data acquired by the rover mobility system.

The rock classification system has been demonstrated for 30 rock
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samples. Further research is needed to investigate the impact of am-
bient lighting conditions on the original images. A way to mitigate the
effects of variations in lighting could be to implement controlled il-
lumination on the rover. Provided that strategies could be put in place
to eliminate the effects of variable lighting, a very large number of
images could be used. At present, methodologies have been devel-
oped to assess how many parameters and which parameters lead the
highest classification accuracy scores. Using a much larger population
of images would allow these preliminary results to be generalized.

The image resolution used in this study is approximately
0.1 mm/pixel which captures details that would be seen by a hu-
man geologist using a hand lens. It would be interesting to test the
methodology at higher resolution (closer to that of a petrographic
microscope) and at lower resolution (similar to the naked eye).
The use of a grayscale with finer levels than 256 should also be
tested.

This study has shown that merely adding more and more
parameters into the classification system does not necessary
improve performance. Parameters must be selected with care. A
mix of very different parameters is best. It would be interesting
to test the usefulness of adding images taken at different wa-
velength as rover cameras are always fitted with filter wheels
(Griffiths et al., 2005; Ellery et al., 2004; Ellery and Wynn-
Williams, 2003).

Finally, the rock classification system proposed here could be-
come a modular part of a more complex rover-based expert sys-
tem for autonomous science. A candidate for integration is the Zoe
rover test platform which has been demonstrated in the Atacama
desert of Chile (Cabrol et al., 2007; Smith et al., 2007; Warren-
Rhodes et al., 2007). The instruments onboard Zoe have mainly
Table A.1
Definitions of Haralick parameters. Descriptions follow Haralick et al. (1973), Haralick and
(2005).

Parameter Name Formula

f1 Angular second
moment

p i j,i
N

j
N

1 1
2∑ ∑ { ( )}= =

f2 Contrast n p i j n i j, ;n
N

i
N

j
N

0
1

1 1∑ ∑ ∑ ( ) = −=
−

= =

f3 Correlation
i
N

j
N ij p i j x y

x y

1 1 , μ μ

σ σ

∑ = ∑ = ( ) ( ) −

f4 Sum of squares
variance

i p i j,i
N

j
N

1 1 μ∑ ∑ ( − ) ( )= =

f5 Inverse difference
moment i

N
j
N p i j

i j
1 1

,

1 2
∑ ∑= =

( )

+ ( − )

f6 Sum average ip ii
N

x y2
2∑ ( )= +

f7 Sum variance i f p ii
N

x y2
2

8∑ ( − ) ( )= +

f8 Sum entropy p i p ilogi
N

x y x y2
2 ε− ∑ ( ) { ( ) + }= + +

f9 Entropy p i j p i j, log ,i
N

j
N

1 1 { ε− ∑ ∑ ( ) ( ) + }= =

f10 Difference variance Variance of px y−

f11 Difference entropy p i p ilogi
N

x y x y0
1 ε− ∑ ( ) { ( ) + }=

−
− −

f12 Information measure of
correlation I

HXY HXY
HX HY

1
max ,{ }

−

f13 Information measure of
correlation II

HXY HXY1 exp 2 2− ( − ( − ))

f14 Maximal correlation
coefficient

Square root of the second-largest eigenvalue of

j)¼ i
N

j
N

k
N p i k p j k

px i py k1 1 1
, ,∑ ∑ ∑= = =

( ) ( )
( ) ( )
been selected to search and identify biosignatures. The Zoe plat-
form then uses a Bayesian classifier to interpret the data. The rock
classification systemwould provide an additional stream of data to
Zoe. Another example is the ASTIA system which is under devel-
opment for the ExoMars mission (Woods et al., 2009). ASTIA as-
signs numerical values to geological attributes such as structure
(e.g. shape, orientation, and form), texture (e.g. fabric lustre, grain
size), and composition (e.g. colour, albedo, mineralogy) rather than
attempting to perform a direct classification. It focuses on more
global characteristics such as identification of geological bound-
aries and transitions between geological domains. Rock identifi-
cation provided by the system proposed here would complement
that knowledge and contribute to reduce uncertainty in geological
mapping.
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Appendix A. : Haralick parameters

See Table A1 and A2
Shanmugam (1974), Gotlieb and Kreysig (1990), and Van der Sanden and Hoekman

Description

Describes large-scale homogeneity: an image with similar grey-
scale values throughout will have a high f1.
Measures how much local variation exists in an image; the more
variation exists, f2 increases. It is opposite to f1, i.e. low f1
corresponds to high f2 and vice versa.
Describes the linear structure of an image; a large f3 indicates the
presence of linear trends in an image.

A f4 suggests that there is a range of pixel pairs, which could
correspond to a sample heterogeneous at a pixel scale, or one
having clear light-dark clustering. Similar to f7.
Measures large-scale homogeneity like f1. Similar but with op-
posite trend to f2.
Describes the most frequent adjacent pair. A high average suggests
that the typical pixel pair consists of darker pixels, which can
correspond to an image that has plenty of dark clusters. Similar
trend to f4 and f7.
Variance measure closely related to f4.

Describe how much information is contained within the GLCM. As
the entropy increases, so does the randomness.
Same as f8 except for p(i,j) instead of pxþy.

Closely related to f5. Measures large-scale homogeneity. It has
somewhat of an opposite trend to f4 f6, and f7 because it is com-
puted from px�y.
Same as f8 except for px�y instead of pxþy.

Entropy-based measurement with no clear visual correlation.

Similar but with an opposite trend to f12.

Q, where Q(i, Based on information theory. While given in Haralick et al. (1973),
we did not use it due to its computational demands.



Table A.2
Symbols used in Table A.1.

Symbol Formula Comments

i,j,k – Matrix indices
p(i,j) – Single entry at position (i,j) in a normalized GLCM, i.e. p¼ GLCM

i
N

j
N GLCM1 1∑ = ∑ =

p ix ( ) p i j,j
N

1∑ ( )=
Sum of rows.

p iy ( ) p i j,i
N

1∑ ( )=
Sum of columns.

, ,x y x y,μ μ σ σ – Mean and standard deviations of px and py.

N – Number of grey levels (n¼256 for an 8-bit greyscale image)
p kx y ( )+ p i j ;k i j,i

N
j
N

1 1∑ ∑ ( ) = += =
Summation across the diagonal of the GLCMs; since GLCMs are symmetric, this operation effectively re-
moves a dimension.

p kx y ( )− p i j ;k i j,i
N

j
N

1 1∑ ∑ ( ) = −= =
Summation across the diagonal of the GLCMs; since GLCMs are all symmetric, this operation effectively
removes a dimension.

ε – Arbitrary small positive quantity
HX p i p ilogi

N
x x1 ε− ∑ ( ) { ( ) + }=

Entropy of px

HY p i p ilogi
N

y y1 ε− ∑ ( ) { ( ) + }=
Entropy of py

HXY p i j p i j, log ,i
N

j
N

1 1 { ε− ∑ ∑ ( ) ( ) + }= =
Entropy of p (i.e. parameter f9)

HXY1 p i j p i p j, logi
N

j
N

x y1 1 ( ) ε− ∑ ∑ ( ) { ) ( ) + }= =
Entropy-based metric

HXY2 p i p j p i p jlogi
N

j
N

x y x y1 1 ( ) ( ) ε− ∑ ∑ ) ( { ) ( ) + }= =
Entropy-based metric
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