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Abstract

This paper describes the design, implementation, and expemmtal results
of a navigation system for planetary rovers called Terrain Adaye Naviga-
tion (TANav). This system was designed to enable greater access tada
more robust operations within terrains of widely varying slipage. The sys-
tem achieves this goal by using onboard stereo cameras to reglgtclassify

surrounding terrain, predict the slippage of that terrain, anl use this informa-



tion in the planning of a path to the goal. This navigation systen consists of
several integrated techniques: goodness map generation, &mrtriage, terrain
classi cation, remote slip prediction, path planning, high- delity traversability
analysis (HFTA), and slip-compensated path following. Results &m experi-
ments with an end-to-end onboard implementation of the TANav sstem in a
Mars analog environment are shown and compared to results fr@xrperiments
with a more traditional navigation system that does not accounfor terrain

properties.

1 Introduction

In this paper a navigation system designed for planetary rovemperating within terrains of
potentially widely varying slippage (see Figure 1) is descrilde The current navigation system
running on the Mars Exploration Rovers (MER) (Goldberg et al, 2002), (Maimone and
Biesiadecki, 2006), was designed for relatively benign teima and does not explicitly account
for terrain types or potential slippage when evaluating or escuting paths. The Terrain
Adaptive Navigation (TANav) system is able to estimate the terra-mehanical properties
the surrounding terrain, plan a path that accounts for the veltle response to this terrain,

and robustly reach the desired goal.

It is well recognized that many scienti cally interesting sitess on Mars are in very rough
terrains with the potential for signi cant slippage and the danger of the rover being im-
mobilized by terrain hazards, possibly a mission ending scenari@rant et al., 2006). The

\follow the water" strategy taken by NASA's Mars Exploration Program inherently requires



Figure 1: The Erebus panorama (MER Opportunity rover) showsdrrains of potentially

widely varying slippage.

access to demanding terrains such as dry river channel systemstatiwe shorelines, and
gullies emanating from canyon walls. The TANav system is designed greatly increase
access to and enable more robust operations in this type of taim. It is important that
the next generation of Mars rovers have the capability to aanomously navigate through
these terrains, not only to increase the science return e cieng¢yut also to enable access to

previously inaccessible science sites.

The TANav system is designed to deal with these scenarios using more lgspcated (and
thus more computationally expensive) terrain analysis; howey, this system is also designed
to converge to computational complexity similar to that of curently deployed navigation
systems when the terrain is benign. This navigation system conssof several technologies
that have been developed, integrated, and tested onboard asearch rover in Mars ana-
log terrains (see Figure 2). These technologies include: gmeds maps generation, terrain
triage, terrain classi cation, remote slip prediction, path ganning, high- delity traversability

analysis (HFTA), and slip-compensated path following.



For the purposes of this paper a geometric hazard is de ned amyaobject or terrain feature
that can be deemed to be non-traversable based entirely on krnedge of that object's
geometry (e.g. as measured by a range sensor) and a non-geomdtdzard is de ned as
any terrain that, by virtue of its physical properties (e.g. @&nsity, cohesion, internal friction

angle, etc.) can hinder or stop entirely the motion of the rowe(e.g. unconsolidated sand).

As a poignant example of how a non-geometric hazard can potelly cause a mission
ending scenario, the MER Opportunity rover on sol 446 became imobilized by a sand dune
in Meridiani Planum and nearly got permanently stuck (see Fige 3) (it was successfully
extracted 38 sols later). The TANav system is designed to autonomsly prevent this type

of situation by determining that the terrain is hazardous andplanning around it.

Figure 2: Pluto rover in the JPL Mars Yard

Section 2 describes research that is related to this paper andvh the TANav system is



Figure 3: MER Opportunity rover stuck in a sand dune

distinguished from these bodies of work.

Section 3 discusses the system architecture as a whole, includitegign goals and operational
assumptions. It explains how the subsystems are combined to createnavigation system.

It also discusses the interfaces between the component techigods.

Section 3.2 describes the generation of goodness maps fromestemagery (Goldberg et al.,
2002), (Maimone and Biesiadecki, 2006). Also described in thiscten is the terrain triage
algorithm. This is a technique to sub-divide the terrain intothree categories based on
the goodness calculation. The three categories arete nitely traversable de nitely not
traversable and uncertain. This categorization is then used to determine which parts dhe
future planned path need to be analyzed in more detail. The noept of terrain triage is
the core idea that enables the computational complexity ohe TANav system to scale with

terrain di culty and to converge to the computational complexity of traditional navigation



systems in benign terrain.

Section 3.3 discusses the remote slip prediction algorithm, whi uses intensity and range
data from stereo cameras to predict the slip of the rover on teain at a distance (Angelova
et al., 2007). It implements learned, non-linear regressionadels that output rover slip,
using terrain geometry from stereo imagery as input. This précted rover slip is then
combined with the goodness map to create a \slip-augmented" gdness map. This section

also discusses the role of a terrain classi er in slip prediction.

Section 3.5 brie y describes the path planner. The planner useghe D* algorithm (Stentz,
2005) to determine an optimal path to a goal through a cost magt is beyond the scope of
this paper to discuss this algorithm in detail, and the focus dahis section is how the path

planner ts into the overall system.

Section 3.6 explains the high- delity traversability analysis (HFTA) algorithm, which uses
a sophisticated kinematic and dynamic forward simulation (Jai et al., 2004) of the rover
following a path. It is designed to calculate a more accuratend realistic cost to traverse
that path. The simulation includes a detailed geometric and ass model of the rover, ter-
rain geometry generated from onboard stereo imagery, terraechanical properties generated
from the terrain classi er (which are used in the dynamic whedkerrain interaction model),
and the same slip-compensated path following algorithm that ns onboard the rover (see
Section 3.7). Because the same closed-loop path following aiigpon is run in the forward
simulation and onboard the actual rover the results of the simation are much less depen-
dent upon model inaccuracies and uncertainties than an opéwop forward simulation would

be. The results of the HFTA are used to re ne the parts of the planed path that go through



the uncertain regions of the triage map.

Once the nal planned path is created, the slip-compensated pgafollowing algorithm (see
Section 3.7) is invoked to enable the rover to actually fole this path regardless of the
slip (Helmick et al., 2006). This algorithm compares visual odoetry (VO) (a technique
that measures rover motion including slippage) (Matthies and&chafer, 1987), (Maimone
et al., 2007) and vehicle kinematics (a technique that meases rover motion not including
slippage) (Helmick et al., 2006) to estimate the location and # slippage of the rover; it

then compensates for this slippage and accurately follows tkhesired path to the goal.

Section 4 describes in detail the three major components ofelexperiments performed: the

rover hardware, onboard software, and the Mars analog terrai

Section 5 shows results from experiments with an end-to-end bward implementation of
the TANav system in a Mars analog environment and compares thesesudts to those from
experiments with a more traditional navigation system that des not account for terrain

properties.

2 Related Work

A large amount of work has been done in the area of robot navigan in natural terrains.
However, this paper is the rst work to use learned, non-geomaedr terrain properties to
enable planning through terrains of widely varying slippageThe navigation system of the
MER Rovers (GESTALT) was designed for fairly benign terrain ad does not account for
non-geometric hazards (Goldberg et al., 2002), (Maimone @Biesiadecki, 2006). The use

of stereo imagery to generate geometric goodness maps has lmre by (Goldberg et al.,



2002), (Singh et al., 2000). Using a grid-based planner to geatr optimal paths through
cost maps has also been shown by (Stentz, 2005), (Carsten et a00?2). The combination
of geometric goodness maps and a grid-based planner, as is destrated in (Carsten et al.,
2007), is very similar to the technique used in our control expienent so that our experimental

results clearly distinguish the advantages of the TANav system ovéhis approach.

Other work that uses the estimation of terra-mechanical propBes to assess traversability
of the terrain includes (Ishigami et al., 2006), (lagnemma «il., 2002), (Ojeda et al., 2006).
(Ishigami et al., 2006) uses analytical models of a single whegkracting with the terrain to
infer a vehicle-level response to the terrain. (lagnemma et.aR002) uses analytical models
of a single wheel interacting with the terrain in order to estimate parameters of the terrain,
but they do not suggest how these parameters could be used for teasability analysis or
path planning. Similarly, (Ojeda et al., 2006) uses onboard ssors to classify terrain and
characterize \tra cability”, but they also do not address how this can be used to improve

navigation.

The use of terrain classi cation and characterization for nagation purposes has been done
by (Manduchi et al., 2005), (Halatci et al., 2008), (Talukderet al., 2002), (Dima et al.,
2004). (Halatci et al., 2008) speci cally addresses the challges of terrain classi cation
for planetary rovers. None of these papers, however, speci callyldress the integration of
the terrain classi cation with a path planner. (Bajracharya @ al., 2008) does speci cally
address this issue for terrestrial vehicles, however, it is dong blassifying terrain into only
two classes, \traversable" and \not traversable” which is not vey applicable to planning

optimal paths on planetary surfaces.



The use of forward simulation/modeling of the vehicle in planing has been done by (LaValle
and Ku, 1999), (Melchior and Simmons, 2007), (Howard and Ke]lY2007), (Howard et al.,
2008), however, the explicit use of stereo-generated terrageometries, remotely learned
terra-mechanical properties, and a closed-loop path followg algorithm integrated with this

forward simulation (as is done by the HFTA algorithm) has nevebeen done before.

3 System Architecture

3.1 Summary

Figure 4 is a block diagram showing the system architecture dedxd in this paper. The
di erent colors represent functional groups of this architeture: red represents sensing, green
represents mapping and terrain analysis, yellow represents pagilanning, and blue represents

path following.

The top block is navigation camera (Navcam) imagery. The Navoas on the research
rovers (Kim et al., 2005), the MER rovers (Maki et al., 2003)and the MSL (Malin et al.,
2005) rover are all stereo cameras mounted on pan/tilt masts. Ese cameras allow the
rover to take panoramic images from a high perspective, whidecreases obscurations, thus
enabling terrain sensing at further distances. Typical cameraon gurations are shown in
Table 1. As can be seen in this table, some of these con gurationkkoa for accurate stereo
ranging at distances up to 50 meters. With the pan/tilt capabiity, range information span-
ning 360 can be accurately registered into a single map. The accuracytbfs registration
can be derived from the pointing accuracy of the pan/tilt melsanism, which on MER was

1 mrad (Warden et al., 2004), which corresponds to 5 cm registian error at 50 meters.
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Figure 4: System architecture block diagram

Using the MSL Pancams, stereo errors of less than 20 cm at 50 meteange are possible.
Other techniques such as wide-baseline stereo could increaserdinge and the accuracy even

further (Olson et al., 2003), (Olson and Abi-Rached, 2005).

The assumed operational scenario of this navigation architece is that a goal is designated
within stereo range of the rover. The maximum distance for goalesignation is a function
of stereo range error at that distance, vehicle pose estimatiomr@ at that distance, and
acceptable path error. Given the MSL Pancam range error (seafle 1) and the fact that
pose error is 1-2% of distance traveled (Helmick et al., 2006),is feasible that goals of up
to 50 meters away would be acceptable, but more conservativeads of 20 to 30 meters away

are more likely.
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Table 1: MER/MSL Navcam and Pancam con gurations (range erroassumes 0.25 pixel

stereo correlation accuracy)

MER/MSL Navcams MER Pancams | MSL Pancams
baseline (meters) 0.20 0.30 0.20
camera resolution (pixels) 1024 1024 1024 1024 1200 1200
pixel size (microns) 12 12 7.4
camera eld of view (FOV) 45.0 45.0 16.0 16.0 5.1 5.1
range error at 50 meters (meters) 25 0.60 0.19

Once a goal is designated, a stereo panorama is taken in the gahelirection of the goal
(if a panorama has not already been taken for goal designatjonStereo is then done on
each pair of the images and registered into a map using the paiittangles. Once the stereo
point cloud data are registered, a goodness map and a triage mexe generated using planar
statistics on the terrain geometry (as described in Section 3.2The goodness map is then
augmented with slip prediction costs (Section 3.3), re-triggg, and then passed to the path
planner. The path planner plans an optimal path from the cumnt rover location to the
designated goal (Section 3.5). Because the path planner is fsemed on the slip-augmented
goodness map, the resulting path avoids both geometric and nrgeometric hazards. If all
of the planned path goes througtde nitely traversable terrain, then the path is passed to
the slip-compensated path follower. If any part of the path gaethrough uncertain regions
of the triage map then the HFTA is performed on those regions tobtain a more realistic
cost of traversal and to re ne the path in that region (see Sectin3.6). The re ned path is
then passed to the path follower and and the rover follows the grauntil it reaches the goal

(see Section 3.7).

As mentioned in the introduction, one of the goals in the desigof this architecture was
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to create a rover navigation system that would be capable of n@ating through rough,
high-slip terrains, but which would converge to the computatinal complexity of simpler
algorithms in benign terrain. This is enabled using the teria triage algorithm described in

Section 3.2.

3.2 Goodness Map/Terrain Triage

A goodness map is a regularly spaced grid representing the locagion around the rover.
The map is populated using stereo data generated from panoramimagery taken from the
mast. In each cell of the map, a goodness value is calculated gsthe stereo data that falls
in and around that cell. A plane is then t to a rover sized patchof cells. The goodness
calculation involves metrics such as pitch and roll of the pfe, roughness of the terrain
(standard deviation of the plane t), and step heights within the patch (Goldberg et al.,

2002).

Terrain triage is a simple concept that is fundamental to redeing the computational com-
plexity of this navigation architecture in benign terrains. The idea is to categorize the terrain
into three categories: de nitely traversable de nitely not traversable and uncertain. This
categorization is done with an inexpensive algorithm that tresholds each cell of the good-
ness map by its geometric goodness value, thus binning eachiu# tells into one of the three
categories. This step is performed twice: once before the slipegiction and once after.
The rst time is to determine whether or not slip prediction neels to be performed for a
particular cell in the map. If a cell is categorized asle nitely not traversable then there is
no need to do slip prediction for that cell, because the slip predion algorithm can only

increase the cost of the cell. The second time terrain triage igormed is to incorporate
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the new costs from the slip prediction into the goodness map. Nexthen a path is planned
through the goodness map (as described in Section 3.5), if theupned path travels entirely
through de nitely traversable terrain, then this path is deemed acceptable and it is passed
to the slip-compensated path follower without any further ankysis. This will only happen
in relatively benign terrain. If, however, the path passes tlmugh uncertain terrain, then
the HFTA (see Section 3.6) is invoked on those sections of the patfihis decision point is

represented by the diamond \path found?" box of Figure 4.

3.3 Terrain Classi cation/Slip Prediction

An independent assessment of the terrain traversability is done terms of rover slippage.
Slip is a measure of the lack of progress or the lack of mobility the rover on a certain
terrain. It is de ned as the dierence between the commandedelocity and the actual
achieved velocity in each degree-of-freedom (DOF) of thever (Helmick et al., 2006) and is

normalized by the commanded velocity (Wong, 1993).

Rover slippage has been recognized to be a signi cant limitinigctor for the MER rovers
while driving on steep slopes (Biesiadecki et al., 2005), (Leget al., 2005). Knowing the
amount of slip beforehand and being able to detect areas of dar slip will prevent the rover
from getting stuck in dangerous terrain and will enable morentelligent path planning. Slip
prediction is needed in addition to an obstacle detection meanism because an area of large
slip is a non-geometric type of obstacle and cannot be detectedth a standard obstacle

avoidance algorithm such as GESTALT (Goldberg et al., 2002).
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3.3.1 Main Method and Architecture

While detecting rover slippage is relatively straightforwad (Helmick et al., 2006), (Reina
et al., 2006), the main challenge here is that the rover slip ads to be known remotely,
before the rover actually traverses a particular location,ni order to enable safe avoidance
of areas of large slip. We have proposed an algorithm which irdethe amount of slip on
the upcoming terrain using visual information and onboard sens® (e.g. an IMU) and
have shown successful slip prediction results from only these remaensors. The problem is
approached by learning from previous examples. To tackle tipgoblem of slip prediction from
a distance, we subdivide it into rst recognizing the soil type tle rover is going to traverse
and then predicting the amount of slip as a function of terraigeometry, i.e. slopes (Angelova

et al., 2007).

The main architecture of the slip prediction algorithm is gien in Figure 5. For clarity, we
rst describe the prediction part of the algorithm, assuming theterrain classi er and the slip
models have already been learned. The slip prediction moduleceives stereo pair imagery
and rover attitude with respect to gravity as inputs. A map of the environment is built
using the stereo range data registered with the color and texterinformation from the input
images. In particular, each cell of the map contains informain about terrain elevation and
points to an image patch which has observed this cell. To predislip in a map cell, the
terrain classi er is applied to all the map cells in its neighbdood. A majority voting among
their responses is used as the nal terrain classi cation responsethe desired rover location.
Then, a locally linear t in the cell's neighborhood is perfomed to retrieve the local slope

under the potential rover footprint. The slopes are decompodédnto a longitudinal and a
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Figure 5: Slip prediction algorithm framework

lateral slope with respect to the orientation of the rover. Theawo slope angles are used as
inputs to a pre-learned nonlinear slip model for the particar terrain type determined by
the terrain classi cation algorithm. The output of this module is the predicted slip for a
given orientation of the rover and a slip related cost at a givelocation. The slip related cost
is an estimate of rover mobility without regards to particula robot orientation. It is used
by the path planning algorithm by producing a slip goodness maprhis map is generated
by linearly combining the predicted longitudinal and lateal slip for each cell of the map and

selecting the maximum slip over a range of rover yaws.

During training, the rover collects appearance and geomegtinformation about a particular

location while it is observed by the rover from a distance. Theocresponding slip of the
rover is also measured when this location is being traversed. Wse visual odometry (VO)
between two consecutive steps to estimate the actual rover veity. The commanded velocity
of the rover is computed by using the full vehicle kinematics. Ae collected data pairs of
visual information and slip measurements are given to the leang module which learns a

terrain type classi er and independent slip models for each tain type (Angelova et al.,
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2007). More details of the two training components are given the next two subsections. A
rover position estimation is computed within the slip predicton module by accumulating the
VO estimates. This is necessary to be able to map the current roviercation to a location

previously observed by the rover from a distance.

Figure 6: Terrain classi cation diagram

3.3.2 Terrain Classi cation

Our approach to terrain classi cation is based on processing visuagppearance information,
namely texture and color. We apply the texton based algorithnproposed in (Varma and
Zisserman, 2003) which uses both color and texture simultaneousb learn to discriminate

di erent terrain appearance patches. The algorithm proceexlas follows: initially the color
R,G,B values in small pixel neighborhoods are collected ande most frequent features in the

whole data are selected. Then a histogram of the occurrence ofyaf the selected features
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within a patch corresponding to a map cell is built and comparkby using a nearest neighbor
classi er to a database of training patches (Varma and Zissermar2003). Intuitively, a
patch from a bedrock class will have a high frequency of pixdigical of previously observed
bedrock patches, but it might also contain a small number of pixe which are typical of an
unfamiliar to the system \pebble" class which happens to be also ated with the soil class
too (either of the terrain types patches might have small rockdispersed in them). That is,
this representation allows for building more complex appeance models and making correct
decisions given the observed statistics from the data. In ordeo tdeal with variations in
lighting conditions this algorithm uses normalized color dung the training and classi cation
steps. This approach has worked successfully in the past (Mandugial., 2005) and was
e ective in this research, although there is still work that calld be done to make it more
robust, as mentioned in Section 7. The training data and the da from the test runs (see
Section 5.3) were taken under a wide range of lighting condihs and the classi cation was

still quite e ective.

Evaluation of the terrain classi er for this particular data domain has been provided in (An-
gelova et al., 2006). The terrain classi cation results are safiactory and give successful slip
prediction results (Angelova et al., 2007). The appearancebed terrain classi er can be
improved by adding more sensors, both visual (e.g. multi-spectramagery) or mechanical

(e.g. vehicle vibrations).

Apart from being an instrumental part to the slip prediction module, the terrain classi cation
provides important information to the HFTA algorithm (see Seton 3.6). After the terrain
type has been recognized, a canonical set of soil parameters esged with it are passed to

the kinematic and dynamic simulation of the rover on the part bthe terrain which has been
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deemeduncertain.

3.3.3 Learning the Slip Models

As each terrain type has a potentially di erent slip behavior Bekker, 1969), (Wong, 1993),
we learn a slip model for each terrain independently. The slip edels are built by learning a
nonlinear approximation function which maps terrain slopeto the measured slip. The goal
is to learn slip as a function of the terrain slopesS = S(Xongit: ; Xiateral ). This is function is

known to be highly nonlinear (Lindemann and Voorhees, 2005)d so we learn the slip by
applying a receptive eld regression technique (Vijayakumarteal., 2005). This technique
separates the input domains into subregions, called recepti\adds, and applies locally linear

ts to the data to approximate a globally nonlinear function.

3.3.4 Implementation Details

The software architecture of the algorithm is designed to prase e cient slip prediction.
Because terrain classi cation from visual information is genafly time consuming, the focus
has been on decreasing the amount of computation devoted todage processing related to
terrain classi cation. In particular, our main idea is to evalate the terrain type per map
cell, rather than evaluating the terrain type in the whole inage. This design concept can give
signi cant advantages. Some speed-up can be achieved, as paftshe image do not belong
to the map (e.g. the pixels above the horizon). Additionallythe terrain classi er will not
be invoked if slip prediction is not needed in a certain area,g@ an area which the terrain
triage has already marked asle nitely not traversable Finally, a map cell at a close range

covers a large part of the image compared to the ones at far ges and can be processed

18



selectively to speed up the processing without hurting the ovdtgperformance. To achieve
that, the map cell structure we use saves only its 3D location angbinters to images which
have observed it. When the terrain type needs to be predicted ia particular map cell, a
projection of the map cell to the image is done and an image pdt corresponding to this

cell is retrieved.

Additionally, this paradigm allows for stereo imagery data tde received asynchronously or
intermittently. It also enables more e cient computation when multiple overlapping images
are acquired (as is typical with a panorama) by evaluating th terrain classi cation once
per cell rather than once per image. The result of the terrainlassi cation is saved with
its corresponding con dence and might be combined with a patgally new evaluation if
the con dence is insu cient. This is in contrast to processing fuly all of the incoming
images, extracting visual features and saving them to the map It See Figure 7 for a
graphical representation of this concept. This paradigm tswith the rest of the system
because the terrain triage algorithm provides its output as ap cells, and thus there is no
need to classify the image patch that corresponds to terrain thdas already been deemed

de nitely not traversable

3.4 Map Merging

The geometric goodness map described in Section 3.2 can thennberged with the slip
goodness map described in Section 3.3.1. This merge is perfednon a cell-by-cell basis
using a weighted linear combination of each cell goodness. Tksfip-augmented" goodness
map is then used by the path planner described in Section 3.5. it important to note that

the slip goodness map cannot increase the goodness of any cellhef geometric goodness
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Figure 7: Schematic of the software design paradigm: each maelldeeps a pointer to
an image which has observed it and the terrain classi cation isathe only if needed. For
example, the elevation map shown has been built from nine pamamic stereo image pairs,
but e ectively the visual information from only three imageswill need to be processed to

fully classify the terrain.
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map (and vice-versa) so that geometric and slip hazards are botireserved in the nal

slip-augmented goodness map.

3.5 Path Planning

Once the goodness map is populated with information derivedom terrain geometry and
the slip prediction algorithm as described above, a path can h@anned through this map
from any start to any goal. We use a standard implementation of # D* algorithm (Stentz,
2005) to plan this path. It is beyond the scope of this paper toainto the algorithmic details
of this planner. In summary, it is a derivative of the well knom A* search algorithm, with

the capability to do e cient, incremental replanning.

3.6 High-Fidelity Traversability Analysis

If any section of the path goes throughuncertain regions of the triage map, then the HFTA
algorithm is invoked onboard the rover. HFTA is a full kinemaic and dynamic forward
simulation of the rover following a path. It is designed to nd he lowest cost path through

theseuncertain regions.

The simulation infrastructure is provided by ROAMS (Jain et al, 2004). ROAMS is a
kinematic/dynamic simulation for rovers interacting with terrain. A detailed geometric and
mass model is used to represent the rover in the simulation. Thisadel includes all 15
DOFs of the mobility system of the actual rover used in the exparients, Pluto (which is
described in greater detail in Section 5). This includes the2lactive DOFs (six steering and

six drive) and the 3 passive DOFs (rocker and two bogies). Each did links connecting
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these DOFs has a mass and center of gravity (CG). Each of the asiDOFs has a dynamic
model representing a motor, which can be commanded in the samayas the actual motors

on the rover.

The terrain is modeled geometrically using a mesh. For HFTA, thimesh is generated from
stereo data, so it represents a realistic geometric model of thertain around the rover each
time this algorithm is used. As with any stereo data from a singlegnt of view, obscurations
will occur that cause \range shadowing." This is a well-known ect and the terrain model

will simply linearly interpolate over these shadows, essentiallyreating a ramp between the
top of object creating the shadow and the terrain visible on théar side of the object. This
ramp is actually the worst case scenario of the obscured terraing. no terrain can possibly

be higher than the ramp) so it is a conservative assumption.

Mechanical soil properties can also be associated with the temébased on results from the
terrain classi cation algorithm described in Section 3.3. Theerrain is again gridded, with
the capability of assigning to each cell independent valueg filne cohesion, friction angle, and
density of the soil in that cell. This enables the representatroof non-homogeneous terrain
at arbitrary resolution. For the HFTA algorithm, the terrain c lassi er predicts the terrain
type of each of the cells. Then, a canonical set of soil properiés associated with each of
the terrain classes. The canonical soil properties used in thesgpexments were speci c to
the terrain in the Mars Yard (see Figures 2 and 9 and Section 4%igni cant e ort has been
invested to determine these parameters for Martian soil (J. BeR007), which would be used

for a rover operating on Mars.

These mechanical soil properties are used in a dynamic wheellsoteraction model used
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to determine the rover sinkage and slippage (Sohl and Jain, Z)0 This model calculates
and resolves the 18 forces (3 at each of the 6 wheels) of the vishiateraction with the
environment. This results in an accurate calculation of theet motion of the rover, including
sinkage and slippage, as well as other properties of the roverithg the traverse such as wheel

torques and wheel velocities.

A signi cant body of work on validation (comparison of simulaton response to actual rover
response) of the ROAMS simulation environment and its soil mechis models are described

in (Huntsberger et al., 2008).

For the forward simulation, the same slip-compensated path follving algorithm that is used
onboard to control the actual rover (Helmick et al., 2006), izised to control the simulated
rover. So a path is passed to the simulation, the path-followinglgorithm follows the path
over the sensor generated terrain that models the slippage ofetlsimulated rover over this
terrain. While this is being simulated, several metrics are Iy recorded that will enable
the assessment of the traversability of that particular path. Bemuse the same closed-loop
path following algorithm is run in the forward simulation andonboard the actual rover the
results of the simulation are much less dependent upon model arairacies and uncertainties
than an open-loop forward simulation would be. Therefore theath that is evaluated in
the HFTA algorithm is nearly identical to the path actually performed by the real vehicle.
This increases the accuracy and reduces the uncertainty ofetltost metrics described in the

following paragraph.

The most important of these metrics is the energy required forhe rover to traverse the

given path. The rst half of Equation 1 shows the energy calcutéon as the integral of the
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product of wheel torque and wheel velocity. Because the wheeitrain interaction (and thus

vehicle slip) is being modeled, and because the slip is being @amsated for, this metric
penalizes for both high slip terrain (because the wheels mustrtufor a longer period of time
to reach the goal) and for rough terrain (because the wheel tues are higher on locally

steeper terrain, i.e. rocks, gullies, etc.). The path cost is @allated using:
¥6 Z Z

C = Wg( Tn !ndt)+ Wp( (K Pdes  Pact K)dt) 1)
-1 | iz )

{z }
energy path error

where T, and ! , are the torque and speed of wheel, respectively; pses and pa; are the

desired and actual rover positions, respectively; and/. and W, are weighting terms.

Another metric that is used is path error (the second half of Equeon 1). Because the
slip-compensated path follower is being run in the simulatiorpath error is an indication of

terrain that is more di cult to traverse, even when compensatng for slip.

Other metrics that can be used are: minimum ground clearancesk of wheel trap, minimum
distance to extreme hazards, and maximum ground interactioroffces. Ground clearance is
the distance from the ground to the underbelly of the rover. Tis is a potential hazard
because it can \high-center" the rover which can be a very setis threat to mobility. This
type of forward simulation is the only way to accurately estimge the minimum ground
clearance of a path. A wheel trap is a speci c type of obstacle d@hcan get trapped between
the wheels of the rover. It is a signi cant threat to mobility and can only be predicted with
a high- delity forward simulation. Distance to extreme hazads (such as large drop-0 s,
high-slip areas, etc.) is another metric to determine the riskfdraversing a path and can
be used to evaluate the relative cost of a path. Large ground graction forces that can

be caused by traversing over rough, sti terrain (such as very rég terrain) could also be
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used as a metric to increase the lifetime of the vehicle by select paths that place lower

demands on the actuators and structure of the vehicle.

When the HFTA algorithm is invoked, the input is a single path through an uncertain
region. Using the beginning and end points of the length of thipart of the path, many
paths are randomly generated using several simple heuristic sl (monotonic growth in x
and vy, limited distance per step, etc.) that provide su cient coverage of the space between
the beginning and end points. The simulation is then run on eaabf these paths, calculating
a single scalar value of cost for each of the paths. It then outputie path with the lowest

cost.

3.7 Slip-Compensated Path Following

When the nal path is created, the slip-compensated path folleing algorithm is invoked to
enable the rover to actually follow this path regardless of #aslip. This algorithm compares
visual odometry (a technique that measures rover motion inalling slippage) and vehicle
kinematics (a technique that measures rover motion not inctling slippage) to estimate the
location and the slippage of the rover; it then compensates ftiis slippage and accurately
follows the desired path to the goal. This system is described ire@il in (Helmick et al.,

2006).

4 Experimental Design

The experimental design consists of three major components: thaver hardware (see Fig-

ure 8), onboard software, and the Mars analog terrain (see Figegs 2 and 9). The rover
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hardware was designed to allow for rapid software developmeahd convenient, practical
usage while still remaining representative of ight hardwarehat has been used on previous
missions and will be used on future planetary missions. Mechanigalit is a six-wheeled
rover with a rocker/bogie suspension that is kinematically ver similar to Sojourner, MER,
and MSL (Lindemann and Voorhees, 2005) (Muirhead, 2004). Thetal mass of the rover is
approximately 60 kg, the wheel diameter is 20 cm, the wheeldth is 10 cm, the wheelbase
is 75 cm, and the track width is 62 cm. The maximum linear veladty of the rover is 9 cm/sec
and the maximum rotational velocity of the vehicle is 0.24 rd/sec. The onboard avionics
consist of a standard PC-104 stack with a 1.8GHz Pentium-M processa@ommercial-o -
the-shelf (COTS) distributed motor controllers, fourteen brighless motors to actuate six
steerable/drivable wheels and a pan/tilt mast, and eight canmas (six monochrome and two
color). The cameras are con gured to make four stereo pairsregisting of front and rear haz-
ard avoidance camera pairs (Hazcams), and navigation (Navcanas)d panorama (Pancams)

camera pairs on the mast.

The onboard software runs as several separate processes on a stah&®bian Linux dis-
tribution. One process is dedicated to coordinated motor camanding, kinematics, and
slip-compensated path following and runs at 20 Hz. Another pross is dedicated to image
capture, stereo processing, and visual odometry and runs at 1 Hzev8ral other processes
are used during each planning cycle which occurs every 10-56ters of traversal and consists

of goodness map generation, terrain classi cation, slip predion, path planning, and HFTA.

The Mars analog terrain is a widely used facility at JPL calledhe Mars Yard (see Figures 2
and 9). Itis a large (55m x 45m) area consisting of multiple teain types (various rock sizes

and distributions, multiple sand/soil types, and several areas dfedrock simulant) and vari-
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Figure 8: Pluto research rover

ous terrain geometries (including at ground and slopes up td0 ). It was designed to have
areas of widely varying slippage, analogous to Martian terma speci cally to demonstrate

and test mobility and navigation systems capable of dealing witsuch terrain.

5 Experimental Results

Results from experiments onboard a research rover in the JPL Mayard are shown here.
The main goal of the experiments was to show the di erence in dermance between the
TANav system and a more traditional navigation system that only useserrain geometry

and does not account for terrain properties in its path planing. The comparison of these
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two systems demonstrates the advantages that can be gained byngsthe TANav system.
Both systems were started with the same stereo panorama (see Fig@efrom the mast
from the same location in the Mars yard. In both cases a geometrgoodness map was
generated from this panorama. For the TANav experiment the Iad terrain was classi ed,
and slip was estimated for the surrounding area. Then a slip-augmted goodness map was
generated and a path was planned through this map. Next, terratriage and the HFTA
algorithm were performed to re ne this path. For the controlexperiment a path was planned
through the geometric goodness map. Finally, for both expemnents, the rover performed
slip-compensated path following on the corresponding path. Bats from each of these steps

are described below.

5.1 Stereo Panorama

The experiments began with the rover taking a panorama of theurrounding area with its
panoramic cameras. This panorama consisted of ve stereo pairl@oimages each with
approximately 20% overlap between images (see Figure 9). Rrahis panorama, a user
designated the desired goal of the traverse in the rover frame ix forward and y is to the

right) (see Figure 10). In this case the goal was chosen to be at 82 and y=2.6 meters.

5.2 Goodness Map

Five point clouds were generated (one from each stereo pairtbe panorama) using the
stereo algorithm described in (Goldberg et al., 2002). Theseipbclouds were merged and
transformed to the rover frame using the pan/tilt angles of edc of the image pairs. This

merged point cloud was then used to generate a goodness map (gsire algorithm described
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Figure 9: Color panorama of Mars Yard taken by Pluto panoransi cameras ( at terrain on

the left and slopes reaching 25on the right)

Goal

Start

Figure 10: Overhead projection of panorama with start and gog@oints
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higher goodness

Figure 11. Geometric goodness map

in Section 3.2 and (Maimone and Biesiadecki, 2006)) with 10 cgrid cells covering an area
15 x 30 meters in front of the rover (see Figure 11). As can be seenthe goodness map,
geometric hazards (the rock eld to the left and the steep slopeto the right as can be seen
in Figure 9) are accounted for in this map with lower goodnessed) cells and the atter,

more benign areas without rocks are shown with higher goodndgseen).

5.3 Terrain Classi cation

Terrain classi cation was then performed onboard the rover othe panoramic imagery using
the algorithm described in Section 3 and (Angelova et al., 20D7The results of this terrain
classi cation are shown in Figures 12 and 13. As can be seen, thessier was trained
using three terrain classes: bedrock (blue), soil (red), and ro¢green). This training was
done using di erent images from di erent perspectives of the lrs Yard. There are two
large patches of bedrock on the right hand side that have acaiely been classi ed (see the
right hand side of Figure 12 for an image space overlay) and thatghes of rock on the left

are also accurately classi ed.
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Figure 12: Overlay of terrain classi cation results

The classi cation accuracy was calculated using two di erent ratrics: N=Ni. and Np=N,,

where N. and N, are the number of terrain cells and pixels, respectively, wherthe clas-
si cation result matched the hand-labeled class, antN,. and N, are the total number of
hand-labeled terrain cells and pixels, respectively. Eachrtain cell is 20 x 20 cm. The
classi cation accuracy for the entire panorama for the cell ahpixel metrics are 84.4% and

88.1% respectively.

5.4 Slip Prediction

Slip prediction was then performed onboard the rover. Slip adels for the three terrain
classes were learned o board using training data from many travses over the Mars Yard
terrain. Using these learned models and the results of the termaclassi cation and the
stereo range data (to remotely determine terrain slopes) as s, a slip goodness map was
generated (see Figure 14). This slip goodness map predicts amalized value of rover slip
(where lower goodness means higher slip and vice-versa) forhegad in the map for which

there is range and terrain class data available.
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Figure 13: Overhead map of terrain classi cation results

As can be seen in the slip goodness map, the lower sloped terrain ba teft (corresponding
to both the rocks and the soil) shows higher goodness values (@wglip) and the higher slope
terrain on the right (corresponding to the areas of soil) show\er goodness values (higher
slip). The two areas of bedrock on the right (in the near and faeld) show distinctly higher
goodness even though the slopes are high (2025This corresponds to the learned models

of bedrock which exhibit extremely small slip responses even tfaigh slopes.

5.5 Slip-Augmented Goodness Map

A slip-augmented goodness map (see Figure 15) was generated lgygimg the slip goodness

map and the geometric goodness map as described in Section 3.4.
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Figure 14: Slip goodness map

Figure 15: Slip-augmented goodness map
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Figure 16: Planned path with TANav

5.6 Path Planning

Given the slip-augmented goodness map, the user designated gaald the current location
of the rover, an optimal path was planned for the TANav experim& (see Figure 16). For
the control experiment, a path was planned using just the georme goodness map (see
Figure 17). As can be seen, the path using the geometric goodnesspngoes through the
lower slope terrain on the left before curving up to the goal ahe end of the path. The path
using the slip-augmented goodness map takes a higher slope, loglg path to the right,

over the bedrock, and then curves down to the goal at the end tife path.

5.7 Terrain Triage

The terrain triage algorithm was then applied to the slip-aughented goodness map to create

a triage map (see Figure 18). The part of the path circled in bripasses through anncertain
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Figure 17: Planned path without TANav

region of the triage map, therefore this length of the path waused as an input to the HFTA

algorithm.

5.8 High Fidelity Traversability Analysis

The HFTA algorithm, described in Section 3.6, was then invokedn the part of the path

circled in blue in Figure 18. Fourteen randomly generated pias that were evaluated by the
HFTA algorithm are shown in Figure 19. The cost of each of these gt as determined by
the forward simulation is shown in Table 2. The stereo generatddrrain that these paths
were evaluated over is shown in Figure 20. In both the gure anthe table, the lowest cost
path (path \3") is shown in bold red. The weights used in Table 2 wre 1 and 10 foW, and

W, respectively. These weights were determined with expert kntedge of the system, but it

is important to note that the results of the HFTA algorithm are relatively insensitive to these

35



Figure 18: Terrain triage map

parameters. For example, path \3" remains the lowest cost patiof all values ofW, > 5.
Path \3" was the nal path sent to the slip-compensated path folbwing algorithm. It is
also worthwhile to note that the paths shown in Figure 19 are nahe actual paths that the
rover would traverse, they are the input paths to the slip-comgnsated path follower, which
smooths the paths signi cantly. Because the slip-compensatedgakithm is embedded in the
HFTA algorithm, the path used to calculate the cost will be neasl identical to the path

actually performed by the real vehicle.

5.9 Slip-Compensated Path Following

Each of the two paths generated above (with and without TANav) wre followed by the slip-
compensation path follower in the Mars Yard. The results fromaeh of these traverses are
shown in Figures 21 and 22. In each of these gures the red lingresents the planned path,
the green line represents the output from wheel odometry andhé blue line represents the
actual path traversed. The di erence between wheel odometrgnd visual odometry is the

slippage of the vehicle over the traverse. The traverse of thethausing TANav experienced

36



51

4.9r

4.8+

4.7r

X (meters)

4.6+

451

4.4+

4.3r

4.2 | I 1 | | |
1.6 1.8 2 2.2 2.4 2.6 2.8

Y (meters)

Figure 19: Randomly generated paths throughincertain region (area circled in Figure 18)

Table 2: HFTA Evaluated Path Costs

random path | energy (J) | path error (m-s) cost
1 181.229 3.06218 211.8508
2 233.865 2.10263 254.8913
3 181.902 1.70714 198.9734
4 154.766 7.40014 228.7674
5 185.901 3.562733 221.1743
6 226.213 3.30995 259.3125
7 183.962 4.77294 231.6914
8 178.86 5.18531 230.7131
9 162.279 6.58719 228.1509
10 181.338 8.03311 261.6691
11 233.865 2.63038 260.1688
12 222.272 2.62189 248.4909
13 182.854 7.78614 260.7154
14 162.238 6.31429 225.3809
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Figure 20: Stereo-generated HFTA terrain

a total of 1.78 meters of slippage (lateral and longitudinalknd successfully reached the goal.
The traverse of the path that did not use TANav experienced 4.78 rtegs of slippage before

the rover stalled due to excess slippage without ever having n&ad to the goal.

6 Conclusions

We have shown here the results from an onboard demonstration ¢fet TANav system com-
pared to those of a navigation system that does not use informati@bout terrain properties.
As can be seen from these results, the TANav system and the general cgha# using slip
estimation and terrain properties in a navigation system has # potential to signi cantly

increase the e ciency, robustness, and safety of rover navigatioin high-slip environments.
The TANav system not only improved the performance of the system (bglecreasing the to-
tal slip of the rover over the traverse) but it also enabled acces$s the goal by nding a path

that was actually traversable. This is opposed to the system thatid not use TANav, which

resulted in a non-viable path that was not detected until traersal, which could potentially
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result in a mission ending scenario.

7 Future Work

There are several areas of potential improvements that woulde good next steps for this
research. One of these would be to wrap the HFTA algorithm with alack box optimiza-
tion algorithm such as Nelder-Mead (Nelder and Mead, 1964) ingide of the random path
generator. A second area of improvement would be to integratBrectional slip prediction
(which is currently done in the slip prediction step) into the @th planning algorithm, which
would enable higher-level behaviors to emerge such as plama path with switch-backs up
a slope. Another potential area for future work is dealing moreompletely with variations in
lighting conditions in the terrain classi er. Finally, a statistical comparison of experiments
involving the TANav system and traditional navigation systems wold be a valuable con-
tribution and would be important to quantitatively measure the improvements achieved by

the TANav system.
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