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Future planetary exploration missions will require
rovers to perform difficult tasks in rough terrain, with
limited human supervision.

Knowledge of terrain

physical characteristics would allow a rover to adapt
its control and planning strategies to maximize its
effectiveness. This paper describes recent and current
work at MIT in the area of terrain estimation and
A method for on-line terrain parameter

estimation is presented.

A complementary method

for terrain traversability estimation is also presented.
Sensor issues related to terrain estimation are
discussed, and a vision-based method for measuring
wheel sinkage is described. It is shown that these
methods

can

lead

to

accurate

and

efficient

understanding of a rover’s physical surroundings.

Future planetary exploration missions will require
rovers to perform challenging mobility tasks in rough
Wheel-terrain interaction has been shown

to play a critical role in rough-terrain mobility [1].
For example, a rover traveling through loose drift
material has very different mobility characteristics than
one traveling over hard, crusty terrain.
For planetary rovers, it would be desirable to gather
on-line information about the surrounding terrain.
This can be done by estimating terrain physical
parameters (e.g. cohesion, internal friction angle, shear
deformation modulus, etc.) or estimating some metric
of terrain traversability.

[2,

3].

Also, terrain

parameter

estimation can improve scientific understanding of
planetary surface composition [5].
This paper describes recent and current work in the
Field and Space Robotics Laboratory at MIT in
algorithm development for terrain estimation and
sensing [4]. A terrain parameter estimation algorithm
is presented that relies on a simplified form of classical
terramechanics equations, and uses a linear-least
squares estimator to compute terrain parameters in real
time. The method is computationally efficient, and is
thus suitable for implementation on a rover with
limited

on-board

computational

resources.

Simulation and experimental results show that the
algorithm can accurately and efficiently identify key
terrain parameters for a variety of soil types.
A new method for terrain traversability estimation is
also presented that uses data from on-board sensors

1. Introduction

terrain [8].

such as maximizing traction or minimizing power
consumption

Abstract

sensing.

and planning strategy to optimize its performance,

Knowledge of terrain

characteristics would allow a rover to adapt its control

and model-based analysis to predict traversability.
Here, the rover “feels” the terrain, and correlates wheel
torque and sinkage with an on-board database of
predicted drawbar pull (i.e. net wheel thrust, minus
motion resistance) [1].

Drawbar pull is an indicator

of a rover’s ability to move through terrain.
technique

is

complementary

to

the

estimation method described above.

This

parameter
Simulation

results are presented that demonstrate the effectiveness
of this technique.
An important practical aspect of terrain estimation is
sensing. Wheel torque, load, and sinkage are inputs
to terrain estimation algorithms. Methods for sensing
these quantities are discussed. A simple vision-based

method for measuring wheel sinkage is described.

terrain is denoted θ2 .

Experimental results are presented for wheel sinkage
estimation under various conditions.
It is shown that these methods can lead to accurate
and efficient understanding of a rover’s physical
surroundings. Such techniques could enhance rover
safety and mobility, through integration with control
and motion planning methods.
2. Multi-Sensor Terrain Estimation
For planetary rovers, it would be desirable to
estimate terrain characteristics on-line. This can be

Figure 1: Rigid wheel on deformable terrain

done by estimating terrain physical parameters (e.g.

A stress region is created at the wheel-terrain

cohesion, internal friction angle, shear deformation

interface, and is indicated by σ1 and σ2 . The angle

modulus, etc.) or estimating some metric of terrain

from the vertical at which the maximum stress occurs

traversability.

is denoted θm .

Here, two methods for on-line

From Figure 1, force balance equations can be

estimation of terrain characteristics are presented.
2.1

written as:

Terrain Parameter Estimation

The case of a smooth rigid wheel traveling through
deformable terrain is considered, as this is the expected
condition for planetary exploration vehicles (see
Figure 1). A more detailed treatment of this method
is presented in [4].

Note that the following analysis

also applies to grousered wheels, since grousers can be

θ1
 θ1



W = rb  σ (θ ) cosθ ⋅ dθ + τ (θ ) sin θ ⋅ dθ 
θ

θ2
 2


(2)

θ1
 θ1



DP = rb  τ (θ ) cos θ ⋅ dθ − σ (θ ) sin θ ⋅ dθ 
θ

θ2
 2


(3)

∫

∫

θ1

∫

To estimate terrain parameters, equations relating
quantities

must

be

developed.

The

physical

parameters of interest are the terrain cohesion c and the
internal friction angle φ.

These parameters can be

used to compute the maximum terrain shear strength,
τmax, from Coulomb’s equation:
τ max = c + σ max tan φ

(1)

where σmax is the maximum normal stress acting on a
terrain region.
In Figure 1, a vertical load W and drawbar pull DP
are applied to the wheel by the vehicle suspension. A
torque T is applied at the wheel rotation axis by an
actuator. The wheel has angular velocity ω, and the
wheel center possesses a linear velocity, V. The angle
from the vertical at which the wheel first makes
contact with the terrain is denoted θ1 . The angle from
the vertical at which the wheel loses contact with the

∫

T = r 2b τ (θ ) ⋅ dθ

modeled by increasing the effective wheel radius [10].
the parameters of interest to physically measurable

∫

(4)

θ2

The shear stress can be computed as:
r

− [θ1 −θ − (1− i )(sin θ 1− sin θ )] 

τ (θ ) = (c + σ (θ ) tan φ ) 1 − e k




(5)

where k is the shear deformation modulus, r is the
wheel radius, and i is the wheel slip, defined as
i = 1 − (V rω ) [9].
The normal stress at the wheel-terrain interface is
given by:

k

σ (z ) =  c + kφ  z n
b



(6)

where b is the wheel width, k 1 and k2 are pressure
sinkage moduli, and n is the sinkage exponent [9].
Note that the shear and normal stress are functions
of c and φ, among other variables.

Analytical

solutions of Equations (2 -4) are required to obtain
closed-form expressions for c and φ. However, the

complexity of these equations motivates the use of an

of the maximum shear and normal stress are assumed

approximate form of the fundamental stress equations.

to occur at the same location θm :
r

− [θ1 −θm −(1 −i )(sinθ1 −sin θm )] 
 (13)
τ m = (c + σ m tanφ )1 − e k





Figure 2 is a plot of the shear and normal stress
distributions around the rim of a driven rigid wheel on
various deformable terrains. The shear and normal
stress distribution curves are approximately triangular

cohesion and internal shear angle and rearranged in the

for a wide range of terrain.
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Figure 2: Normal (solid) and shear stress (dotted)
distribution around driven rigid wheel for (a) dry sand,
(b) sandy loam, (c) clayey soil, and (d) snow at
moderate wheel slip [6, 9]
Based on this observation, a linear approximation of
the shear and normal stress distribution equations can
be written as:

σ 1L (θ ) =

τ 1L

(7)

θ
σm
θm

(8)

Equation (14) is a single equation in two unknowns.
At least two unique instances of Equation (14) are
required to determine c and φ. In practice numerous
unique instances of Equation (14) can be written as a
rover

moves

through

terrain.

Least-squares

Figure 3 shows representative results of parameter
seen that the estimated parameters c and φ quickly
converge to the true values of c = 2.5 and φ = 27.0.

(9)

θ
(τ m − c )
θm

35
30

(10)

Simplified forms of the force balance equations can
be written and solved for the load W and torque T:

σ m (− θm cosθ1 + θ1 cosθm − θ1 + θ m ) 

 (11)
rb
W=
− τ m (θ m sin θ1 − θ1 sinθ m )

θm (θ1 − θm ) 
2 
− c θ1 sin θ m − θ m sin θ m − θ mθ1 + θ m 

(

.

estimation simulation for dry, sandy soil. It can be

(θ ) = θ 1 − θ τ m
θ 1 −θ m

τ 2L (θ ) = c +

and A = 1 − e


r θ
 θ  
−  1 +(1 −i ) −sin θ1 + sin 1   
k  2

 2   

techniques can then be used to solve for c and φ.

θ1 − θ
σm
θ1 − θm

σ 2L (θ ) =


θ 
κ1 = Aθ12Wr + 4T sin θ1 − 8T sin 1 
2

θ


κ 2 = 4T  cosθ1 − 2 cos 1 + 1
2



θ

 cos θ 1 − 2 cos 1 + 2 A cos θ1 
2

κ 3 = θ1 r 2 b 


θ1
 − 4 A cos + 2 A + 1

2
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Figure 3: Simulated estimation of cohesion (dotted)
and internal friction angle (solid)
Figure 4 shows experimental results of parameter

Drawbar pull was chosen as the mobility index.

wheel-terrain interaction testbed (see Figure 5).

Drawbar pull can be used to assess traversability

Again, it can be seen that c and φ quickly approach the

across flat and uneven terrain.

measured values of c = 0.7 and φ = 32.1.

measurement of drawbar pull is difficult since there is

Cohesion (kPa) and Internal Friction Angle (deg)

estimation of dried bentonite clay performed on a

However, direct

no fixed reference from which to measure forces.

40

Here we propose a method for estimating drawbar

35
30

pull based on simple sensor measurements.
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Figure 4: Experimental estimation of cohesion (dotted)
and internal friction angle (solid)

local terrain mobility.
This method was inspired by empirical observations
between torque, sinkage, and drawbar pull. It was
observed that terrain with low wheel sinkage and high
torque, such as hardpack or pavement, generally
allows large drawbar pull. Terrain with high sinkage
and low torque, such as sand or dust, generally allows
low drawbar pull.

This implies that knowledge of

sinkage and torque are important indicators of drawbar
pull.

These observations is exploited in the

traversability prediction method.

Figure 5: Wheel-terrain interaction testbed

Figure 6 expresses these observations as a heuristic
These results show that the algorithm produces
accurate,

on-line

parameter

estimates

on

experimental system with noisy sensors.

an
The

algorithm takes only a few msec per estimation cycle
on a desktop PC, thus making it feasible for on-board

mapping from torque and sinkage to drawbar pull.
Here the torque T and sinkage z have been
nondimensionalized by wheel radius r and weight W.
The torque T refers to the maximu m torque applied to
a terrain region at a given level of slip.

implementation on a rover with limited computational
resources.
be used to optimize a rover’s mobility and safety, and
are themselves useful scientific information.
2.2

T/rW

Terrain parameter estimates from this algorithm can
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Non-Parametric Traversability Prediction

A complementary approach to understanding terrain
physical

properties

is

traversability prediction.

through

non-parametric

Here, the goal is not to

estimate specific terrain parameters, but rather to
predict rover traversability. This knowledge could be
in control and motion planning algorithms to improve
rover safety and mobility.

0.1

0.2
0.3
z/r
Figure 6. Empirical correlation of drawbar pull level to
sinkage and torque for various terrain classes
Simulations were conducted to examine the validity
of this approach.

Equations (2-6) were used to

determine the drawbar pull generated by a rigid wheel

Mobility prediction can be performed based on the

under a variety of different terrain conditions. Table

mean and deviation of data in given grouping. For

1 lists six different terrain classes used in the

example, in Figure 7 a z/r value near 0.3 and a T/rW

simulations.

These classes represent unique terrain

value near 0.3 implies a mean drawbar pull prediction

types, such as sandy soil, clayey soil, hard soil, etc.

of 0.02 with standard deviation of 0.03. Though the

Various combinations of parameters within each terrain

predicted drawbar pull is positive, the data variation

class were simulated. In these simulations the wheel

implies that this prediction contains significant

radius was 0.15 m, wheel width was 0.1 m, the slip

uncertainty. In contrast, a z/r value of 0.1 and a T/rW

ratio ranged from 0.2-0.9, and the vertical wheel load

value of 0.7 implies a mean drawbar pull prediction of

W ranged from 30-90 N.

0.5 with standard deviation of 0.03.

The shear deformation

The high

modulus K ranged from 0.01-0.03 m, and the sinkage

drawbar pull and low data variation implies that this

exponent n ranged from 0.5-1.2.

terrain is safely traversable.

Table 1: Terrain classes for drawbar pull simulation
Terrain
Hardness
Cohesion
Internal
Class
(kPa)
Friction
(k c/b+Kφ )
(kPa)
Angle (°)
1
500~1500
8~12
5~15
2
500~1500
0~1
20~30
3
1000~3000
0~1
30~45
4
1000~3000
2~5
20~30
5
1000~3000
8~12
20~30
6
3000~6000
2~5
30~45

It is envisioned that the traversability estimation
algorithm would be employed as follows:
1) Before rover flight or deployment, a database
similar to Figure 7 would be constructed (through
simulation) over a wide variety of terrain conditions,
for a nominal wheel load.

Note that a best-fit

analytical mapping from z/r and T/rW to expected DP
can easily be constructed, reducing on-board memory
requirements.

A representative result of these simulations is shown

2) When unknown terrain is encountered, the rover

in Figure 7. This figure shows drawbar pull versus

would perform a single-wheel trenching experiment,

nondimensionalized torque and sinkage (the vertical

simultaneously collecting wheel slip, torque, and

axis of each subplot is the nondimensionalized

sinkage data.

drawbar pull, DP/W). The axes have been divided in

would be extracted from this data.

The maximum torque and sinkage

three regions for ease of viewing. The small variation

3) Wheel torque and sinkage would be used to

in the simulation data indicates that sinkage and torque

predict terrain traversability. The rover would modify

are good indicators of drawbar pull, independent of

its control or motion plan accordingly.

explicit knowledge of terrain parameters.

traversability estimates could be correlated with distant

Note that

terrain through matching of geometric, color, textural,
or multispectral cues.

0.7

This is an area of current

research.

T/rW

Figure 8 shows experimental results of traversability
estimation

0.5

wheel-terrain

of

dried

bentonite

interaction

clay

testbed.

using
In

the
these

experiments, slip, torque, and sinkage were measured
under a known wheel weight, and DP/W was predicted
using the method described above. It can be seen that

0.3

the difference between the measured and predicted

0.1

0.2
z/r

0.3

Figure 7. Drawbar pull vs. sinkage and torque for
various terrain classes

DP/W is small, implying that the proposed method can
predict traversability with reasonable accuracy.

In

this particular result, the terrain exhibits very poor

traversability.

Wheel sinkage can be computed using a simple

Further experimental validation of this approach is
currently being conducted on a variety of soil types.

vision-based technique discussed below.
3.1

0.4

Visual Wheel Sinkage Estimation

Here, wheel sinkage is estimated visually using a
body-mounted rover camera (see Figure 9).

0.3

such as FIDO for underbelly hazard avoidance.

0.2
DP/W

Such

cameras have been integrated into JPL research rovers

0.1
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-0.1
-0.2
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0.4
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Figure 8. Predicted (solid) and experimentally
measured (hollow) drawbar pull vs. slip ratio for dried
bentonite clay

Figure 9. Example of wheel sinkage in terrain
It is assumed that the wheel rim is visually distinct

3. Sensing Issues

from the surrounding soil.

To perform multi-sensor terrain estimation, the
wheel load, torque, slip, and sinkage must be measured
or estimated.

by marking or coloring the wheel rim.
simplifies

image

computation time.

Wheel load can be computed from a quasi-static
force analysis of the rover, with knowledge of the
rover configuration and mass distribution.

A

quasi-static analysis is valid since dynamic effects are
negligible due to the low speeds of these vehicles (i.e.
on the order of 10 cm/sec).

segmentation

and

This
reduces

Computational simplicity was a

major consideration in algorithm development, as
flight rovers will have limited processor time to devote
to wheel sinkage computations.
The algorithm goal is to determine the wheel/terrain
interface location, here defined as two angles from the
vertical termed the terrain “entry” and “exit” angles

Wheel torque can be estimated with reasonable
accuracy from the current input to the motor and an
empirically-determined

This can be accomplished

mapping from current to

torque. In applications where large thermal variation
is expected (such as Martian surface exploration), the
motor temperature could be included in this mapping

(see Figure 10). This represents a general description
of wheel sinkage on uneven terrain.

Note that to

determine these angles an annular region along the
wheel rim is the only image area that needs to be
examined. This reduces computational requirements
by eliminating much of the scene.

for increased accuracy [5]. Note that the torque and
vertical load could be directly measured if the wheel
were instrumented with a multi-axis force sensor.
However, this adds cost and complexity.
Wheel angular speed can be measured with a
tachometer, and the linear speed can be computed
using

IMU

measurements

techniques [7].

or

visual

odometry

These quantities are combined to

compute wheel slip.

Figure 10. Sunken wheel with entry and exit angles
marked and annular region shaded

Figure 11 this occurs at approximately θL = 19°.

The algorithm consists of the following steps:
1) Identifying the wheel rim annulus in the camera
field of view.

Here we assume that the position of the

The vision algorithm has been applied to a wide
variety of images under different wheel slip and terrain

wheel center relative to the camera is known from

unevenness conditions.

Terrain types of various

suspension configuration sensors. Thus, computation

colors were tested, with and without rocks. Lighting

of the wheel rim region involves simple geometric

was varied from uniform, diffuse illumination to a

projection.

point-source which cast sharp shadows (see Figure 12).

2) Dividing the annular region into left- and
right-hand sections (see Figure 10). It is assumed that
the left-hand section will contain the wheel-terrain
“entry,” and the right-hand section will contain the
“exit” (i.e. a single wheel-terrain interface is present in
each region). These regions will be treated separately
Figure 12. Sample wheel sinkage estimation images

in the following steps.
3) Computing average intensity (brightness) of

Table 2 shows results from six image sets of 19

pixels along horizontal rows in each region (i.e. rows

images each.

perpendicular to

a

difference between the visually-estimated angle and

single-channel image, the average pixel intensity of

the actual angle, as a fraction of the wheel radius, for

each horizontal row is placed in a 1 x N array, where N

the left- and right-hand angles. Image set 1 shows a

is a function of the camera resolution. Thus, the left-

wheel moving through flat bentonite clay under

and right-hand arrays describe the image intensity as a

uniform lighting.

function of vertical position on the wheel.

very high slip ratio through flat JSC Mars-1 soil

the

gravity

vector).

For

Percent error is computed as the

Set 2 shows a wheel moving at

4) Filtering both arrays to reduce noise and

simulant under uniform lighting. Set 3 shows a wheel

minimize small-scale changes in intensity caused by

moving through uneven bentonite clay under uniform

reflection, pebbles, etc. A representative plot of a

lighting.

filtered intensity array is shown in Figure 11. The

uneven, rocky bentonite clay under uniform lighting.

intensity is low in the region where the black wheel

Set 5 shows a stationary, sunken wheel in uneven

rim is not obscured by terrain. The intensity is high

bentonite illuminated by a moving point source. Set

where the sand is covering the wheel.

6 shows a wheel moving through uneven bentonite

Set 4 shows a wheel moving through

Grayscale Intensity

illuminated by a stationary point source.

1
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Figure 11. Plot of average pixel intensity vs. wheel
angular position

5) Computing the wheel-terrain interface location as
the point of maximum change in image intensity. In

Table 2: Visual wheel sinkage estimation results
Image Set
Left-hand
Right-hand
Angle RMS
Angle RMS
Error (% )
Error (% )
1
1.08
1.61
2
2.40
2.46
3
2.33
2.48
4
5.21
2.06
5
5.10
12.10
6
8.85
14.01
Generally, the algorithm accurately detected the
wheel sinkage under a wide range of conditions.
Errors in set 4 were occasionally caused by rocks
occluding the wheel-terrain interface.

These errors

could be mitigated in the future by a texture- or

Terrain-based motion planning will also be addressed.

geometry-based rock detection algorithm.
A more frequent error source was uneven lighting.
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