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Abstract
Knowledge of the physical properties of terrain reunding a planetary
exploration rover can be used to allow a roveresysto fully exploit its mobility
capabilities. Terrain classification methods previgkmantic descriptions of the
physical nature of a given terrain region. Thesscdptions can be associated
with nominal numerical physical parameters, andfmminal traversability
estimates, to improve mobility prediction accuracyHere we study the
performance of multi-sensor classification methimdshe context of Mars surface
exploration. The performance of two classificatagorithms for color, texture,
and range features are presented based on maxiikelihdod estimation and
support vector machines. In addition, a classificaimethod based on vibration
features derived from rover wheel-terrain inte@ctis briefly described. Two
techniques for merging the results of these “lowelé classifiers are presented
that rely on Bayesian fusion and meta-classifisiom. The performance of these
algorithms is studied using images from NASA’s MdEgploration Rover
mission and through experiments on a four-wheedsttthed rover operating in

Mars-analog terrain. Also a novel approach to tersensing based on fused



tactile and visual features is presented. It iswshahat accurate terrain

classification can be achieved via classifier fadt@m visual and tactile features.

1 Introduction

Near-term scientific goals for Mars surface expiora are expected to focus on
understanding the planet’s climate history, surfgeelogy, and potential for past or
present life. To accomplish these goals, rovels lvei required to safely access very
rough terrain with a significant degree of autonomyerrain areas of interest might
include impact craters, rifted basins, and watevezh features such as gullies and
outflow channels (Urquhart and Gulick, 2003). Suelgions are in general highly
uneven and sloped, and may be covered with loakenthterial that causes rover wheel

slippage and sinkage.

Terrain physical properties can strongly influemoeer mobility, particularly on
sloped, natural terrain (lagnemma and Dubowsky4P00~or example, a rover might
navigate up a rocky slope with ease, but slide davgandy slope of the same grade.
Similarly, a rover might easily traverse a regidpacked soil, but become entrenched in
loose drift material. The effect of terrain prajes on rover mobility was exemplified in
April-June, 2005 and again in May—-June, 2006 whé&$As Mars Exploration Rover
Opportunity became entrenched in loose drift matenmd was immobilized for several
weeks. The ability to detect or estimate terrdipsical properties would allow a rover to
predict its mobility performance and thereby autooasly avoid terrain regions that are

potentially non-traversable. Knowledge of terqainperties could also allow a system to



adapt its control and planning strategies to enhgesformance, by maximizing wheel

traction or minimizing power consumption.

Terrain classification methods provide semanticcdpgsons of the physical
nature of a given terrain region (e.g. “sandy terfdrocky terrain,” “drift material”).
Class labels can be associated with nominal nualepbysical parameters, and/or

nominal traversability estimates, to improve ma¥pifirediction accuracy.

This paper presents a study of multi-sensor tercéassification for planetary
rovers in Mars and Mars-like environments. Perfaroes of two existing “low level”
classification algorithms (based on maximum liketid estimation and support vector
machines) for color, texture, and range featuresesaluated in the context of Mars
exploration. In addition, classification of terrdiased on features derived from rover
wheel-terrain interaction is briefly described. Tvezhniques for merging the results of
these low level classifiers are presented that walyBayesian fusion and meta-classifier
fusion. The performance of these algorithms isistudsing images from NASA's Mars
Exploration Rover mission and through experimentsaofour-wheeled test-bed rover
operating in Mars-analog terrain. It is shown thaturate terrain classification can be

achieved via classifier fusion from visual and itadeatures.

1.1 Related Work

Numerous researchers have proposed terrain ctag®f methods based on features
derived from remote sensor data such as color, @magture, and range (i.e. surface
geometry). Most of these algorithms have been deeel in the context of terrestrial

unmanned ground vehicles where visual featuresdb@xide diversity. Moreover, these



algorithms typically address the problem of detertroad surfaces or handling tall
vegetation. We would note that a planetary surfa@sents a difficult challenge for
classification since scenes are often near-monaoadiio, terrain surface cover consists
mainly of sands of varying composition and rockslivkerse shapes, and sandy “crusts”

can form on (and therefore obscure) rocks.

Color-based methods for classification and segnientaf natural terrain have
been developed that are accurate and computagiomekpensive. Manduchi (2004;
2005) has presented a method based on mixture ugdizans modeling for classifying
outdoor scenes using color. Kelly et al. has demnatesl the effectiveness of multi-
spectral imaging, specifically at the near-infraradge, for terrain classification (Kelkgt
al., 2004). Dima et al. has employed the LUV colorcgpand computed distribution
statistics of each channel over ground patcheso&s éeatures (Dimaet al, 2004).
Color-based classification is attractive for tetmas applications because many major
terrain types such as soil, vegetation, and rods@ss distinct color signatures. Color-
based classification is also attractive for plane&xploration rover applications since
most past, current, and planned rovers have indludelti-spectral imagers as part of

their sensor suites (Squyreisal, 2003).

Texture-based classifiers have also been studieghgixely. Ramussen (2001)
used Gabor filters to detect “denseness” of textimarfaces to distinguish roads from
surrounding vegetation. Dima employed a Fast FouFiansform representation of
terrain surfaces for texture feature extractionnf®et al, 2004). Angelova utilized a
histogram-based method where terrain classes aresented by textons and terrain
patches are identified through occurrence stasisbicthese textons (Angelowat al.,
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2006). Castano also used texture features for aotons detection of science targets
(Castancet al, 2005). Texture-based techniques are generatihpatationally expensive
methods; however, they have been shown to be miHeat segmenting natural scenes

(Reed & Hans du Buf 1993; Bouman and Liu 1991; Rajand Rajpoot 2004).

Geometric features acquired through stereo canmraange finders have also
been used for terrain classification and/or obstatdtection extensively. A standard
approach for detecting obstacles relies on detgcetipid changes in elevation from the
ground plane. Manduchi (2005) and Belluta (2000yehaeveloped algorithms for
exploiting elevation points while Vandapel (2004efprred to represent 3D points
clouds using their statistical distributions in spaAvedisyan (2004) was interested in far
field navigation and employed toposemantic techesquand Mandelbaum (1998)
detected obstacles directly from disparity mapse fésult of such obstacle detection is
often a traversability map that defines regions tbé terrain as traversable or
untraversable (Goldbergt al, 2002). Note that such methods allow for detectdn
“geometric” hazards or terrain features such aksolbowever they cannot easily detect
“non-geometric” hazards or terrain classes that e characterized by geometric

variation such as sand dunes on Mars.

Although nearly all terrain classification methoddy on features derived from
remote sensor data, recently methods have beemgmdpo classify terrain based on
“tactile” features, i.e. features derived from smEnslata measuring some aspect of
physical robot-terrain interaction. A method ferrain classification based on analysis
of vibrations arising from robot wheel-terrain iraetion was first proposed in
(lagnemma and Dubowsky, 2002) and developed by l&rand lagnemma (2005).
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Similar work was presented in (Sadhukledral.,2004). Another recent work has used a
neural network-based classifier to analyze a vardttactile sensor signals to classify
terrain (Ojedaet al.,2006). It was shown that data from various senswdalities can be
fused to produce reliable class estimates. Of epuectile data can only be used to
classify terrain that a robot is currently travegsiand cannot predict the class of distant

terrain without also employing visual features.

Classifier fusion methods attempt to combine thsults from “low level”
classifiers into class assignments that are (igealf higher accuracy than those
attainable from any individual classifier. Recenbrkv in classifier fusion has been
applied to Mars terrain. Specifically, researchiease developed algorithms that fuse
intensity and elevation data to identify sciengflg interesting targets (Gaat al., 2001;
Castancet al., 2005). Related work applied a vision-based clasdibn approach using
features such as color, texture, spatial dependeamckelevation for detection of rocks
(Thompsoret al.,2005). McGuire (2005) developed a method for teaé detection of
geologically-interesting points based on color #éexture histograms of terrain images.
Note that several methods exist that employ a fasgeof visual features such as texture
and infrared imaging in addition to range data; éeev, their focus is detecting relatively
structured roads and obstacle detection rathertdraain classification (Ramussen, 2001;

Dimaet al.,2003).

This paper is organized as follows. Section 2 dessrthe low-level classifiers
and the choice of features for color, texture, eargnd vibration-based classification.
Section 3 describes the proposed classifier fusiethods. Section 4 presents
experimental results. Mars Exploration Rover (MERgery is used to assess the
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algorithm’s performance, along with experiments duwied with TORTOISE (all-
Terrain _Qutdoor Rover Test-bed fo Integrated_8nsing _Eperiments), the Field and
Space Robotics Laboratory’'s four wheeled test-lbe@gn. Section 5 concludes the paper

and describes directions of current work.

2 Description of Low-Level Classifiers and Features
2.1 Classifier Architectures

Low-level classifiers are defined as classificatinethods that operate solely on a single
feature type. As noted in Section 1, such clagsiffeave been studied extensively for
terrain classification based on color, texturegeafeatures, and vibration. Here we study
the performance of two distinct classification neets: a maximum likelihood classifier

with mixture of Gaussians modeling (MoG) and a suppector machine (SVM).

2.1.1 MoG Method

The MoG method models the distribution of data {®in the feature space as a mixture
of Gaussians (Bishop, 1995). The likelihood of obsd featurey given the terrain class

x iIs computed as a weighted sunk@aussian distributions:

k
fylx)= a,Gly.m.s)) (1)
j=1
Parameters of the model arg the weighting coefficient, j, the mean, and;, the
covariance. These parameters are learned thrdiijheotraining using the Expectation
Maximization algorithm (Bishop, 1995; Bilmes, 199Fere, the selection &fwas tuned
based on empirical analysis. Similar to (Mandu@@ip5) good results were obtained

using three to five Gaussian modes, with a great@nber of modes often leading to

over-fitting. The classifier based on this approadhbe termed the MoG classifier. This
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classifier was applied to the remote sensing maeéssribed in Sections 2.2, 2.3, and 2.4.
The classifier output is a semantic class labajasd according to maximum likelihood,

along with the conditional likelihood of the assiginclass.

2.1.2 SVM Method

A second classification method studied here wagdas a Support Vector Machine
(SVM) framework (Vapnik, 1995). This approach cousts a binary classifier for each
pair of classes by building a function that will pesitive for one class and negative for
the other. This function is constructed as a line@ambination of similarity measures

between the point to be classifigdnd the training points:

f(y)= .nlajK(y, X; ). )
j=

The similarity measur&, is the kernel function. For this work linear, ywmial, and
Gaussian kernels were evaluated. Values for thare calculated during training by
minimizing a loss function over the training da&. Complexity of the functiof(y) is
limited by restricting the values of to lie in the range [0,C], and for the Gaussiam&é
by controlling the width of the Gaussian using aapaeter . Cross-validation over a
training data set was used to determine an apptepchoice of kernel and reasonable

values for the regularization paramet&and . Binary classifiers are combined into

multiclass classifiers using a voting scheme.

The SVM algorithms used in this work were impleneehivith the LIBSVM
library with additional optimizations for linearadsification (Chih-Chung & Chih-Jen,

2001). The classifier based on this approach vélltérmed the SVM classifier. This



classifier was applied to all remote and tactilessgg modes described below. The

classifier output is a discrete class label folheaput feature vector.

2.2 Feature Selection

In this work features based on color, texture, eafig. surface geometry), and vibration
arising from robot wheel-terrain interaction aréized for classification. These features

are described here.

2.2.1 Color Feature Selection

Color is an obvious distinguishing characteristic roany terrain types. Although
perceived color is affected by various physicatdes such as illumination, color-based
classification has yielded accurate results in matterrain (Manduchi et al.,, 2005;
Belluta, 2000). It should be noted, however, tt@bicvariation is somewhat limited for
the surface of Mars. Mars’ lack of moisture (ameréefore, vegetation) leads to a narrow

distribution of colors for the distinct terrain B8

In this work red, green and blue channel intengitijyes were selected as the 3D
color feature vector for every image pixel. Constian of this feature vector for MER
imagery was slightly different due to the naturetlo# rover imaging system, and is

detailed in Section 4.1.

2.2.2 Texture Feature Selection

Texture is a measure of the local spatial variatiointensity in an image. For our present
work, the texture length scale of interest is aamdinder of tens of centimeters. This scale
allows us to observe textural appearances of sesfacthe range of four to thirty meters,

which corresponds to the range of interest forllpanetary rover navigation (Goldberg



et al.,, 2002). In this work we employ a wavelet-based tahdimension signature
method, which yields robust results in natural uextsegmentation, as demonstrated by

(Espinalet al.,1998).

Texture feature extraction consists of two partsnputing the wavelet transform
of the image at various resolutions, and calculatime fractal dimension signature of
every pixel in a given neighborhood. The discreteselet transform of an image is the
decomposition of the two-dimensional signal at iplét resolutions. Every sublevel of
transformation yields fractal information for theorfzontal, diagonal, and vertical
directions. After the transformation, the textuignature of every pixel is extracted by
averaging the amplitudes of texture components pneaefined neighborhood window.
Every transformation level utilizes a different gighorhood window that scales with the
level of transformation. Here, three levels of sfanmation were applied using the Haar
wavelet kernel and neighborhood windows of 7, @ &h pixels. This feature extraction
method yields a HDV (Horizontal, Diagonal, and \at) feature space, and a 3D

feature vector is generated for every pixel.

2.2.3 Range Feature Selection

Surface geometry information can be used to distgig between terrain classes that
possess inherent geometric dissimilarity. An exangf two such classes is rock and
cohesionless sand. Since cohesionless sand canattaia a slope greater than its angle
of repose (whereas rock, of course, can), featelased to terrain slope could potentially
be used to distinguish “rock” and “sand” classesil@r logic was applied for range

feature selection in this work. This is based @dhservation that rocky terrain on Mars-
like surfaces project from the ground plane whidndy terrain predominantly lies
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parallel to the ground plane. Figure 1 shows achiglars scene in the field of view of a

MER rover stereo pair.

Figure 1: Visible stereo range of a Martian scene

In this work, range data was acquired from stem@gging techniques. To compute range
features in a scene, a 20 cm x 20 cm grid-basexh papresentation of the terrain surface
was constructed in the field of view of the stepaar. This grid size was selected to be
similar to one rover wheel diameter, as an ad hitergpt to capture the minimum-sized
terrain patch that could significantly influencer@ver’'s mobility. Best-fit planes were

found within every patch using least-squares esiimaand a two dimensional surface
normal vector was extracted. The 3D range featewtov for a given patch was then
composed of the coefficients of the surface normedtor, along with the height

difference between the maximum and minimum elewgpioints within the patch.

The primary assumption of this feature selectiorthoe is that the terrain is
dominated by planar features. Another method foalyamg range data has been

described in (Vandapet al.,2004) where covariance of the data points in atpdoud

11



is used to estimate three-dimensional structur¢higrepresentation, features represent
the “point-ness,” “curve-ness,” and “surface-nes$”’a 3D point cloud in a support
region. When applied to Mars scenes with a fixecc20x 20 cm support region, it was
observed that “surface-ness” feature is dominamd, lzence the above planar features

assumption appears justified.

2.3 Vibration Feature Selection

Analysis of vibrations propagating through a rosewheel/suspension structure can be
used to distinguish between various types of tertia@ rover is traversing (Brooks and
lagnemma, 2005). This classification mode is uniquaong the low-level classifiers
described here in that it relies on a “tactile” sensignal that is modulated by physical
rover-terrain interaction. Such a classifier is ioma to illumination variation, making it
a potentially attractive complement to vision-basé&ssification techniques. Of course,
tactile data can only be used to classify terrhat & robot is currently traversing, and

cannot predict the class of distant terrain untessbined with remote sensing elements.

The general classification framework employed heidentical to that in (Brooks
and lagnemma, 2005). Vibration signals were prazkss the log power spectral density
for every one-second time step at 557 frequencigke frequency range 20.5 Hz to 12
kHz. A linear classifier was trained in this 55Tnéinsional space using hand-labeled
training data. For this work, a support vector niaehvith a linear kernel was used as the
classifier, instead of the Fisher linear discrinmhamployed in (Brooks and lagnemma,

2005).

3 Description of High-Level Classifier Methods
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Low level classifiers can yield poor results whepleed individually in certain problem
domains. For example, color is sensitive to illuation changes and shadowing, and thus
poor color classification performance is possiblsdenarios with wide expected lighting
variation, although there are certain computervigechniques designed to reduce this
sensitivity (Manduchi, 2004). Similarly, textureafere characteristics vary with distance,
SO poor texture classification performance is gmssin scenarios with imager geometry
such that a single image spans a large distanoethid section, two classifier fusion
methods are presented as means for merging résutisnultiple low level classifiers, in

an attempt to mitigate the weaknesses of eachithdil/classifier.

It should be noted that the class spaces of loetleilassifiers and high-level
classifier can be different. Since certain clastinictions may be unobservable by low
level classifiers, classifier fusion methods carpriove classifier descriptiveness by
combining results from multiple sensing modes. @iigh this difference makes it more
difficult to directly compare classifier performanat should be noted that increase in the

number of detectable classes is a performance bodaself.

3.1 Bayesian Classifier Fusion

Bayesian fusion has been presented for classoitaif natural scenes with promising
results (Shi and Manduchi, 2003; Manduchi, 199®e;iBayesian fusion was applied to
merge the results of the low-level classifiers pnésd in Section 2.1. In the work
described here, the low level MoG classifiers’ amtpyield conditional class likelihoods.
Posterior distributions of conditional class assignts are computed by Bayes’ Rule,

using the assumption that prior likelihoods areakégAssuming that the visual features
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are conditionally independent, simple classifiesidn is applied as in Equation 3. Here

P(xly;) is the posterior probability of terrain clasg @iven the sensing modg)(

PO 1Yy v.) =0 Px 1y,) 3)

j=
However, this formulation implicitly requires thatl classifier functions reside in the
same class space (i.e the sets same for all sensing modes). In the absendhisf
assumption, the class space of the final fusidorimed as the Cartesian product of the
low-level class spaces, which yields a high numbemon-physical terrain classes.
Although previous researchers have addressed tlablgon with an unsupervised
dimensionality reduction algorithm (Manduchi, 199%his method did not exploit
physical class knowledge that could be inheritednfsupervised classifiers. In this work
the fusion class space was manually grouped intlwaer-dimensional space of
physically meaningful terrain classes based on ipaAyslass knowledge as shown in
Equation 4. HereR, S, Mrepresents the terrain classes “rock”, “sand”, &amdked”,
respectively, andc, t, r represents the visual features color, texture, eambe,
respectivelyRoandSmrefer to the texture-based classes of “rough”“antboth.”
P(R|c,t,r) =P(R|0* P(R]|r) * P(Sm|t)

P(S|c,t,r) =P(S|9 * P(S|r) * P(Sm|t) (4)
P(M |c,t,r) =[P(R]|9*P(R|r)+P(S|9* P(S|r)]* P(Ro|t)

These relations explicitly encode physical knowtedy the final class decisions. Rocky
terrain was generally observed to be darker thadysar mixed terrain, with pronounced
vertical features, and often had a smooth textuve: level classifier outputs related to
these attributes were thus mapped to the clas$ifsgon “rock” class. Sandy terrain was

generally observed to be smooth and low-lying nedato the ground plane. Mixed
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terrain exhibited uneven geometric properties agiy vough textural properties at the

scale of interest.

3.2 Meta-classifier Fusion

A second approach to high-level classifier fusismmieta-classifier fusion. As illustrated
in Figure 2, meta-classifier fusion is a classifith features extracted from the outputs
of low level classifiers. Specifically, it employas features the continuous class
likelihood outputs of the low-level classifiers@sn-dimensional feature vector for every
terrain patch. Hand-labeled training data is useditta MoG classifier in this meta-

feature space by the method described in Section 2.

Meta-classifier fusion is very similar to stackezhgralization (SG) presented by
Wolpert (1992) and applied for road detection inniRet al.,2004). In our method, low
level classifiers described in Section 2 correspandhe “level-0 generalizer” where
meta-classifier corresponds to “level-1 generalizdrSG architecture. Similar to SG,
meta-classifier uses the outputs of low level dl&ss as inputs and computes the terrain
class assignment for the data points. Howeverumwork, the data points may not have
the same resolution for all low-level classifiefs described in Section 2, color- and
texture-based classifiers are pixel-wise while eabgsed classifier is a patch-wise
classifier. A trivial solution to this data assdma problem is addressed by a pixel to
patch conversion. This conversion computes theirmaos class likelihood of a cell by
averaging the class likelihood values of every pirethat particular cell. In short, the
“patch-wise feature extraction” step generatesatufe vector from the converted patch-

wise class likelihood outputs of low-level classi and feeds it to the high-level
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classifier. This high-level classifier is also apswised classifier which needs to be

trained with a different set of training data thhe low-level classifiers.

Color Data Texture Data Geometric Data

Y \ 4 Y

Pixel-wise Pixel-wise Patch-wise
Color-based Classifier Texture-based Classifier Range-based Classifier

Pixel to Patch
Conversion

Patch-wise
Combined Feature [
Construction

v

Meta-Classifier Fusion

Y

Figure 2: Classifier flow for meta-classifier fusim

3.3 Data Fusion

A straightforward and well known method to combdhiterent sensing modes is simply
concatenating all the sensor outputs into a sifg&ure vector. This method was
employed as a baseline to compare the performainitee Bayesian and meta-classifier
fusion techniques and as a method for combiningelieration and vision data. In the
context of color, texture, and geometric data,féadure vectors from the various sensing
modes are combined to form a single 9D featureovg@omposed of RGB, HDV, and
3D range featurespimilar to the classifier flow shown in Figure 2ata Fusion scheme
utilizes a Pixel to Patch Conversion, but the lewel classifier layer is bypassddote
that the mixed-resolution problem discussed iniBe@.2 is also relevant for data fusion

and it is overcome by averaging the feature veawes all pixels in a given cell. This 9D
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feature space is mapped to a probability distrsutiunction using a MoG model. An
SVM classifier was also applied to the data fusiamework. Note that the class space
for Data Fusion includes three classes and SVihemented as a multi-class classifier

using a voting scheme.

Figure 3: Image of wheel and terrain from belly-mouted camera

Data fusion was also applied as an approach to ioembbration and vision data for
improved local terrain classification accuracy. &leimages captured using a camera
pointed at the wheel provided visual data corregpanto the terrain being sensed by the
vibration sensor, as seen in Figure 3. The visa#d tvas represented as the mean RGB
value of the pixels in a small region below the elhélhis 3-element vector was
appended to the 557-element vibration vector ugieglata fusion framework, producing
a 560-element combined vision/vibration vector. 3WiM classifier was used to identify

the local terrain class.
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Figure 4: Classifier flow of data fusion for localterrain classification

4 Experimental Results

The performance of the low level classifiers anel ¢lassifier fusion algorithms presented
in Section 2 and 3 was studied using images fronENA Mars Exploration Rover
mission and through experiments on a four-wheedsti-thed rover operating in Mars-

analog terrain. These results are described below.

4.1 MER Imagery

Publicly available images from the MER mission’sirb@and Opportunity rovers were
used to assess the performance of the low-levelhggidlevel classifiers. Fifty images
from the rovers’ panoramic camera stereo pairs wehected from the Mars Analysts’
Notebook database (2006). These images were stlecte representative of the entire
image set collected to date during the MER missi@an images were used for classifier
training and identifying meta-parameters. The ramgi forty images were used to
evaluate algorithm accuracy and computation timeteNhat five more images are used
for meta-classifier fusion and data fusion in ai@ditto the training set to overcome data
scaling problem. For MER imagery, the vibrationdshglassification approach was not

employed since only image data was available.
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The MER panoramic camera pair has eight filters qgaanera, with left camera
filters distributed mostly in the visible spectriand right camera filters located in the
infrared region (with the exception of filter R1480 nm). For color feature extraction, a
combination of images from the left camera filteras employed. The"4filter at 601
nm, 5" filter at 535 nm, and filter at 482 nm intensities were chosen sincey the
near to the red, green and blue wavelengths, regplyc Note that radiometric
calibration would be necessary to acquire true rcd?@B images from the filter
intensities (Coltry, 2006). Texture feature exti@ctwas performed on the intensity
image from the % filter of the left camera at 753 nm. Range data watracted by

processing stereo pair images using stereo lilwraeeeloped at JPL (Ansar et. al, 2004).

Figure 5: Observable class distinctions for classétrs: color- and geometry based classes (left),
texture-based classes (middle), fusion (final) class (right)

For Mars surface scenes, three primary terrainstypat are believed to possess distinct
traversability characteristics were defined: ro¢&grain, composed of outcrop or large
rocks; sandy terrain, composed of loose drift maltemnd possibly crusty material; and
mixed regions, composed of small loose rocks ghrtiuried or lying atop a layer of
sand. Examples of these terrains are shown in &igufright). High-level classifiers

such as data fusion, Bayesian fusion, and metaifitas fusion are expected to
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distinguish these three terrain classes; howeverldvel classifiers can distinguish only

a subset of these terrain classes (Figure 5 leftdle) due to the fact that observable
features of the terrain do not present unique sigaa for each of the sensing modes. For
instance, the color space of mixed terrain claggesit is composed of small rocks

scattered on sand, overlaps with the color spatesc& and sand terrain classes, so a
color-based classifier cannot identify it. Similartexture on the rock surfaces is not
observable given the range of observation is Dtm@ters. In short, for color- and range-
based classifiers, the classes of interest ar&k™raied “sand” classes; for texture-based,

the classes of interest are “sand” and “mixed”sg#as

4.1.1 Low-Level Classifier Results

Quantitative results of low level classifier areeggnted in Table 1 as average
performances over the test set. The color-baseskifitxs produced results close to
expectation of random choice between two classes/erage. This may be expected due
to the monochromatic nature of Martian surface. @dtmall images exhibit a uniform
brownish-red tone, where rocks generally appeay skightly darker than sandy plains.
Texture-based classifier performed better thanrceince the discrimination between
mixed and sandy terrain is more apparent. Howebher performance for texture-based
classification is still not sufficiently robust s® the texture classification accuracy is
sensitive to the scaling of the image. This mayekgected because the texture features
are a visual measure of roughness, tuned to sees@ughness of surfaces in the range
of 4 to 20 meters. Poor performance was observedassifying terrain outside that

range. The range-based classifier demonstratetesieperformance, with 75% average
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classification accuracy. Failures in range-basedsification were observed when sand

was steeply sloped to form ridges and dunes.

Table 1: Low-level classifier performance

Average 95% Confidence Interval  Standard
Accuracy (% for Average Deviation (%
Color-based | MOG 57.2 [52.4 62.1] 15.6
SVM 68.1 [63.4 72.7] 15.0
Texture-based MoG 60.9 [56.1 65.7] 15.6
SVM 66.7 [61.4 71.9] 16.8
. .082.1 21.2
Geometry-based MoG 755 [69.0 82.1]
SVM 70.2 [63.0 77.3] 23.0

Figure 6 shows ROC curves for each low-level cfassiillustrating the accuracy of the
MoG and SVM classifiers across a range of confidethcesholdsT he threshold levels
start at 0.6 and goes up to 0.99 for low-levelsifass while high-level classifiers utilize
threshold levels of 0.5 up to 0.9These results demonstrate the weaknesses ajvhe |
level classifiers. Besides being unable to distisiguetween the three terrain classes of
interest, low classification accuracy is inhereoe do the challenging nature of the
classes. It should be observed that SVM and MoGsiflars demonstrated similar

behavior for each of the low-level sensing modegi@sed in the ROC curves.
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Figure 6: ROC curves of the low level classifier, MG (first row), SVM (second row).

Sample images showing ground truth images andifitat®n results are included at the
end of the paper in Figure 14 and Figure 15. N although color- and texture-based
classifiers are pixel-wise in nature, their resalts also presented as patch-wise (i.e. each
patch was assigned to a class, based on the toabhlmlity computed from the

likelihoods of the pixels in that patch).

4.1.2 High Level Classifier Results

As described in Section 3, classifier fusion meth@dmbine the data from multiple
sensing modes to compute a class label. By metgagesults of color- and range-based
classifiers, classifier fusion algorithms aim tomgensate the weaknesses of the low-
level classifiers (e.g., to decrease the false tpesi of rock vs. sand detection).

Moreover, inclusion of the texture data enablesabservation of roughness and allows
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the definition of a “mixed” class that representgions of small stones distributed in

sand.

Figure 7 shows ROC curves for the data fusion ntegaplied with SVM and

MoG as a multi-class classifier. As expected, fiasaon performed poorly. This may be

due to the difficulty of modeling in the high-dinsonal feature space. In each case, it

was observed that the classifier tend to have s tbi@ards a certain terrain class which

yields poor average performance. These resultsddsmnstrate the need for high-level

classifier fusion for robust classification perf@nce. Table 2 shows the comparison

between the data fusion and classifier fusion nugha terms of global performance

results.
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Regarding the comparison between low- and hightlelassifiers, note that high-

level classifiers distinguish between three clasaéereas the low-level classifiers each

distinguish between only two. Therefore the perfanoe in terms of average accuracy is

not directly comparable. However, the color- anduee- based classifiers perform close

23



to the expectation of random choice whereas th@éopeances of the classifier fusion

methods are much more robust.

Table 2: High-level classifier performances

Average 95% Confidence Interval Standard
Accuracy (% for Average Deviation (%
Data MoG 38.0 [32.5 43.5] 17.8
Fusion —sym 47.0 [41.6 52.3] 17.3
Bayesian Fusion 64.7 [59.9 69.5] 15.5
Meta-classifier Fusiorj 59.6 [55.3 63.7] 13.6

Comparing high-level classifiers based on the RQ@es presented in Figure 8, it was
observed that Bayesian and meta-classifier fusierewnuch more accurate than data
fusion. Although scaling of data (from pixel to @a potentially affects both data fusion
and meta-classifier fusion, classifier fusion destoates better results than data fusion
given the same amount of training data. For thia dat, Bayesian fusion demonstrated
similar accuracy to meta-classifier fusion. Howeveeta-classifier fusion requires more
training data for the second level of classifieesides the training set of low level
classifiers. Bayesian fusion, on the contrary, dagsequire extra training for the second
level, but the relationship between low-level césssind high-level classes has to be
manually defined based on the environment settmmghort, there is a trade-off between
predefined class space and amount of trainingidatdifies the selection of either fusion

method.
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Figure 8: ROC curves for Bayesian fusion (left) anagneta-classifier fusion (right)

4.2 Wingaersheek Beach Rover Experiments
4.2.1 Experimental Setup

Additional experiments were performed using a faheeled mobile robot developed at
MIT, named TORTOISE, shown in Figure 9. TORTOISEais 80-cm-long x 50-cm-
wide x 90-cm-tall robot with 20 cm diameter wheel3he TORTOISE sensor suite
includes the following: a forward looking mast-maéesh Videre Design “dual DCAM”
stereo pair with 640 x 480 resolution; a belly-mi@ahcolor monocular camera with 320
x 240 resolution to observe local terrain; and @n8l Flex SF-20 contact microphone
mounted on the rover suspension near the front wijleel assembly to sense vibrations.
The stereo pair is capable of capturing color amysrale images, which were used for
color and texture feature extraction, respectiv®gnge data was extracted from stereo
images using Videre Design’s commercial stereo gssiag software (Videre Design,
2006). During experiments, TORTOISE traveled ataamrage speed of 6 cm/sec. It
captured monocular images at 2Hz, and vibratioa dat44.1 kHz. Stereo images were

captured every 1.5 seconds.
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Figure 9: TORTOISE experimental rover (left), local sensing suite (right)
Experiments were performed at Wingaersheek BeacGlaucester, MA. This is an

oceanfront environment dominated by large (i.e. emstale) rock outcrops and
distributions of rover-sized and smaller rocks ogand. Neighboring areas exhibit
sloped sand dunes and sandy flats mixed with bgea$s. Figure 10 shows a typical
scene from the experiment site. This scene shovesga rock in the foreground and
scattered, partially buried rocks in the middleganSand appears grayish in color while
rock features vary from gray to light brown andkdhrown. This test site was chosen
because of its visual and topographical similesitie Mars surface scenes. For the
following experiments, the terrain classes of ieserwere “rock,” “sand,” and “beach
grass.” The “mixed” class was not defined due tk laf scattered small sized rocks; dry
beach grass was used to reflect distinct textugeasure in an effort to maintain a

consistent number of classes with MER results.
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Figure 10: Sample scene from Wingaersheek Beach

4.2.2 Low-Level Classifier Results

Six days of experiments were conducted, with d tdtapproximately 50 traverses and a
total distance traveled of 500 meters. Every trevancludes around 250 images and
every other tenth image is selected for test senitumize overlap. Data of the first
traverse of the day is used for training data. pégormance of the low-level classifiers
is shown in Figure 11 as series of ROC curves.a wbserved that the performance of
the color-based classifier was improved over thageoved in experiments on MER
imagery. This was likely due to the greater colariation present in an average beach
scene. Relatively poor results were observed frioenrange-based classifier. The reason
for this decrease in performance may be relatethéogpoor accuracy and resolution of
stereo-based range data for these experiment&/eeiatMER imagery data, which used
state-of-the-art JPL stereo processing softwareabipg on high-quality images. This
performance decline illustrates the sensitivity rahge-based classification to data

quality, and strengthens the motivation for classifusion.
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Figure 11: Low level classifier results for Wingaesheek Beach experiments
4.2.3 High Level Classifier Results

High-level classifier performance is shown in Fgut2. In keeping with the MER
results, the classifier fusion methods perform ifigamtly better than the data fusion
approach. Data fusion exhibits a bias towards ttexk® class yielding high false
positives and degrading the detection rate forrothesses. In this experiment setting,
high-level classifiers do not increase the obsdevédrrain classes since the color-based
classifier is able to distinguish all terrain clesgresent in the setting. However, the ROC
curves show a performance increase as a resulteoging texture- and range- based
classifiers with color-based results. In the mdsssifier fusion results, it is clear that
although individual performances of other low-lewddssifiers are below color-based

results, they contribute to the training of metassifier yielding improved results.
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Figure 12: ROC curves: Data fusion (left), Bayesiafusion (middle), meta-classifier fusion (right)

4.2.4 Data Fusion for Tactile and Visual Sensing of Localerrain

Local classification of terrain based on fusionvidration and color features was tested
using data captured by the vibration sensor anlg-b@unted camera. These data were
collected while the rover traversed sand, beachsgr@nd rock. A total of 21 minutes of
vibration data were collected (1260 one-second segsh with over 2500 associated
local images. Half of the data was used for esthivlg the meta-parameters and training

each SVM classifier. The other half was used tbttesclassifiers.
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Figure 13: Classifier results for local vibration-based classification (left), color-based classificati
(middle), and data fusion of color and vibration (iight)

The results for local terrain classification ar@wh in Figure 13. The left plot shows

results for pure vibration-based classification.cldn be seen that all terrains are
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moderately well distinguished, with an average eacy of 65% at full classification.
The center plot shows results for pure color-badassification. Here “beach grass” is
nearly always detected, with very few false pos#iv‘Rock” and “sand” are also well
distinguished. The average accuracy is 77% atcfalsification. Finally, the right plot
shows the results for data fusion of color andatibn. An improvement over vibration-
only and color-only classifiers was exhibited, wiéh average accuracy of 84%. This
result suggests improved classification performasarebe derived from fusion of visual
and tactile information. This is likely due to thesensitivity of tactile features to

variations in illumination.

4.3 Computation Times

All algorithms in this work except SVM classificati were implemented in Matlab. On a
Pentium 1.8 GHz desktop computer, pixel-wise Mo&ssification of a 512 x 512 image
took an average of 5.2 seconds. Patch-wise MoGifitagion (for range-based, data
fusion and meta-classifier fusion) required an agerof 2.4 seconds. Bayesian fusion
took 1.2 seconds to form classifier decisions. Thest computationally expensive
element of the algorithms is texture feature exiwac requires approximately 14.8
seconds of computation time for three levels ofiHaavelet transforms and computing
the pixel-wise texture signature of 512 x 512 gecayes image. In total, classifying a 512
x 512 frame takes approximately 29.0 sec/frame.s@h#mes could be significantly

reduced in a C-code implementation.

SVM classification was implemented with C++, usitig LIBSVM library, with
additional optimization for linear kernels (Chih4@tg & Chih-Jen, 2001 ). Classification

of a 512x512 color image took an average of 0.6dors#s using a linear kernel.
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Classification using a Gaussian kernel took anageerof 77.5 seconds for a 512x512
color image. After feature extraction, texture slisation times were identical to those

for color classification. Patch-wise classificatidar range and data fusion) averaged less
than 0.01 seconds per patch for the linear SVM, lessl than 0.04 seconds per patch for

the Gaussian SVM. The number of patches in eacgenaaried from 10 to 400.

5 Conclusion

This paper has compared the performance of vameethods for terrain classification
based on the fusion of visual and tactile featuf@so classification algorithms for color,
texture, and range features were presented basathximum likelihood estimation and
support vector machines. In addition, a classificatnethod based on features derived
from rover wheel-terrain interaction was brieflysdebed. Two techniques for merging
the results of these “low level” classifiers weregented that rely on Bayesian fusion and
meta-classifier fusion. It was shown that the dfessfusion methods improved overall
classification performance in two ways. First, slfisr fusion yielded a more descriptive
class set than any of the low-level classifiers atain individually. Second, the rate of
false positives decreased significantly while théerof true positives increased. This
shows that in challenging planetary surfaces, stalwhe visual features are not
sufficiently robust enough for mobile robot sensihgwever, classifier fusion techniques
manage to elevate the sensing performance sigmiljcaFuture research will focus on
integrating additional tactile sensing modes sueviaeel sinkage and torque with visual
classifier fusion algorithms. This will enable imped prediction of the physical
properties of distant terrain, and lead to genenadif safe, feasible traverse routes.
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Figure 14: Sample classification results; First rowOriginal scene (left), Pixel-wise hand labeled
ground truth (middle), Patch-wise ground truth; Seond Row: Color-based (left), texture-based
(middle), range-based (right); Third row: Data fusion (left), Bayesian fusion (middle), Meta-classifie
fusion (right). Black: rock, white: sand, light grey: mixed, dark grey: unknown.
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Figure 15: Sample classification results; First rowOriginal scene (left), Pixel-wise hand labeled
ground truth (middle), Patch-wise ground truth; Seond Row: Color-based (left), texture-based
(middle), range-based (right); Third row: Data fusion (left), Bayesian fusion (middle), Meta-classifie
fusion (right). Black: rock, white: sand, light grey: mixed, dark grey: unknown.
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