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Abstract. Future robotic vehicles will perform challenging tasks in rough terrain, such as planetary exploration and
military missions. Rovers with actively articulated suspensions can improve rough-terrain mobility by repositioning
their center of mass. This paper presents a method to control actively articulated suspensions to enhance rover
tipover stability. A stability metric is defined using a quasi-static model, and optimized on-line. The method relies
on estimation of wheel-terrain contact angles. An algorithm for estimating wheel-terrain contact angles from simple
on-board sensors is developed. Simulation and experimental results are presented for the Jet Propulsion Laboratory
Sample Return Rover that show the control method yields substantially improved stability in rough-terrain.
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1.

Introduction

Mobile robotic vehicles are increasingly being proposed for high-risk, rough terrain missions, such as
planetary exploration, hazardous site clean-up, and military applications (Golombek, 1998; Shoemaker and
Bornstein, 1998). Future planetary exploration missions will require mobile robots to perform difficult
mobility tasks in rough terrain (Hayati et al., 1998;
Schenker et al., 1997). Such tasks can result in loss of
wheel traction, leading to entrapment, loss of stability,
and even tipover. Clearly, tipover instability can result
in rover damage and total mission failure.
Robots with actively articulated suspensions, sometimes called “reconfigurable robots,” can improve
rough-terrain mobility by modifying their suspension
configuration and thus repositioning their center of
mass. One example of an articulated suspension robot is
the Jet Propulsion Laboratory’s Sample Return Rover
(SRR), see Fig. 1. The SRR can actively modify its
two shoulder joints to change its center of mass loca-

tion and enhance rough terrain mobility (Huntsberger
et al., 1999; Iagnemma et al., 2000). For example, when
traversing an incline the SRR can adjust angles θ 1 and
θ 2 to improve stability, see Fig. 2. It can also reposition
its center of mass by moving its manipulator.
Previous researchers have considered the use
of articulated suspensions to enhance rough-terrain
vehicle mobility (Sreenivasan and Wilcox, 1994;
Sreenivasan and Waldron, 1996; Farritor et al., 1998).
In Sreenivasan and Wilcox (1994) a control algorithm
is developed for the four-wheeled JPL GOFOR and
studied in simulation. This algorithm repositions the
GOFOR center of mass to improve stability and wheel
traction. This work considers only planar vehicle motion. Also, the method is developed for a particular fourwheeled vehicle configuration, and was not demonstrated experimentally. In Sreenivasan and Waldron
(1996) articulated suspension control is discussed for
the Wheeled Actively Articulated Vehicle (WAAV) to
allow difficult mobility maneuvers. Solutions for the
WAAV’s specific kinematic structure are presented,
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Figure 1.

Jet Propulsion Laboratory Sample Return Rover (SRR).

Figure 2.

Articulated suspension robot improving stability by adjusting shoulder joints.

and studied in simulation. In Farritor et al. (1998) a
genetic algorithm-based method is proposed for repositioning a vehicle’s manipulator to modify its center of mass location and aid mobility. This method
is computationally intensive and was not validated
experimentally.
In this paper a method for stability-based articulated
suspension control is presented, and demonstrated experimentally on the JPL SRR. Kinematic equations relating suspension joint variables to a vehicle stability
measure are written in closed form. The stability measure considers gravitational forces due to rover weight.
It also considers forces due to manipulation, which are
potentially large and could have a destabilizing effect
on the vehicle. A performance index is defined based
on the stability measure and a function that maintains
adequate ground clearance, an important consideration
in rough terrain. A rapid and computationally practical conjugate-gradient optimization of the performance
index is performed subject to vehicle kinematic constraints.

The method does not rely on a detailed terrain map.
However, knowledge of the robot’s wheel-terrain contact angles is required. In an attempt to measure contact
angles, previous researchers have proposed installing
multi-axis force sensors at each wheel to measure the
contact force direction (Sreenivasan, 1994). The wheelterrain contact angles could be inferred from the direction of the contact force. However, installing multi-axis
force sensors at each wheel is costly and mechanically
complex. The complexity reduces reliability and adds
weight, two factors that carry severe penalties for space
applications. Other researchers have proposed using
vehicle models and terrain map data to estimate wheelterrain contact angles (Balaram, 2000). However, accurate terrain map data is difficult to obtain. Additionally,
terrain may deform during robot motion, causing estimation error. In this paper an algorithm is presented
that is based on rigid-body kinematic equations, and
uses simple on-board sensors such as inclinometers and
wheel tachometers to estimate wheel-terrain contact
angles (Iagnemma and Dubowsky, 2000). The method
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utilizes an extended Kalman filter to fuse noisy sensor
signals.
Computational requirements for the wheel-terrain
contact angle estimation and suspension control algorithms are light, being compatible with limited onboard computational resources of planetary rovers.
Simulation and experimental results for the SRR under field conditions show that articulated suspension
control can greatly improve rover stability in rough
terrain.

2.

The Articulated Suspension Control Problem

Consider a general n-link tree-structured wheeled mobile robot on uneven terrain, see Fig. 3. The n links
can form hybrid serial-parallel kinematic chains. It
is assumed that the robot’s l joints are active revolute or prismatic joints, and their values are denoted
θi , i = {1, . . . , l}. It is also assumed that the wheels
make point contact with the terrain. This is a reasonable assumption for rigid wheels traveling on firm terrain. The m wheel-terrain contact points are denoted
P j , j = {1, . . . , m} with their location defined as a vector p j from the vehicle center of mass. The wheelterrain contact angles at each point P j are measured
with respect to the horizontal axis and are denoted γ j ,
j = {1, . . . , m}.
The goal of articulated suspension control is to improve mobility by modifying the suspension variables
θi to optimize a user-specified performance index, .
This performance index can be selected to assess static
stability, wheel traction, vehicle pose for optimal force
application, ground clearance, or a combination of metrics, and is generally a function of the suspension and
manipulation degrees of freedom. In this paper, static

Figure 3.

A general tree-structured mobile robot.
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stability and ground clearance are optimized in the performance index.
Problem constraints take the form of joint limit and
mechanical interference constraints. Constraints also
arise from system mobility limitations. These constraints are discussed below.
2.1.

Mobility Analysis

The mobility of an articulated suspension robot can
be analyzed using the Grubler mobility criterion
(Eckhardt, 1989):
F = 6(l − j − 1) +

j


fi

(1)

i=1

where j is the number of joints, l is the number of
links including the ground, and f i is the number of
constraints for each joint i. Some highly articulated
robots may have mobility greater than or equal to one
while stationary on the terrain (i.e., the robot has available self-motions). In these situations the terrain profile does not influence the suspension control process.
Thus, knowledge of robot kinematics alone is sufficient
to pose the optimization problem.
Many articulated suspension robots, however, have
a mobility less than or equal to zero. Thus, one or more
wheel-terrain contact points P j must move relative to
the terrain during the suspension control process, see
Figs. 1 and 2. Note that in such cases, wheel-terrain
contacts must be treated as higher-order pairs during
mobility analysis (Eckhardt, 1989). In these situations,
it is impossible to find a globally optimal solution for
the suspension configuration without knowledge of the
terrain profile. This is problematic, since the terrain
profile is often not well known. However, the local
wheel-terrain contact angles can be estimated.
The wheel-terrain contact angle γ j describes the terrain profile in a local region about the point P j . An
optimization problem can therefore be posed with the
constraint that the rover suspension change results in
only small displacements of the points P j relative to the
terrain, see Fig. 4. Here we assume that the terrain profile does not change significantly within a small region
about the wheel-terrain contact points. Thus, a locally
optimal solution for the suspension configuration can
be found. Optimization constraints take the form of
kinematic joint limit and interference constraints, and
joint excursion limits that restrict the displacements of
the points P j .

8

Iagnemma et al.

Figure 6. Wheel-terrain contact angle γ for rigid wheel on deformable terrain.

Figure 4.

3.

Limited motion of wheel-terrain contact point P j .

Wheel-Terrain Contact Angle Estimation

To perform articulated suspension control, wheelterrain contact angles are used to approximate the local
terrain profile. Here, a method for estimating wheelterrain contact angles from simple on-board rover sensors is presented.
Consider a planar two-wheeled system on uneven
terrain, see Fig. 5. A planar analysis is appropriate since
the rover can neither move nor apply forces in the transverse direction. Thus, transverse contact angles are not
considered. In this analysis the terrain is assumed to be
rigid, and the wheels are assumed to make point contact
with the terrain.
For rigid wheels traveling on deformable terrain, the
single-point assumption no longer holds. However, an
“effective” wheel-terrain contact angle is defined as the
angular direction of travel imposed on the wheel by the
terrain during motion, see Fig. 6.

In Fig. 5 the rear and front wheels make contact
with the terrain at angles γ1 and γ2 from the horizontal,
respectively. The vehicle pitch, α, is also defined with
respect to the horizontal. The wheel centers have speeds
ν1 and ν2 . These speeds are in a direction parallel to
the local wheel-terrain tangent due to the rigid terrain
assumption. The distance between the wheel centers is
defined as l.
For this system, the following kinematic equations
can be written:
ν1 cos(γ1 − α) = ν2 cos(γ2 − α)

(2)

ν2 sin(γ2 − α) − ν1 sin(γ1 − α) = l α̇

(3)

Equation (2) represents the kinematic constraint that
the wheel center length l does not change. Note that
this constraint remains valid in cases where changes in
the vehicle suspension configuration cause changes in
l, as long as l varies slowly. Equation (3) is a rigid-body
kinematic relation between the velocities of the wheel
centers and the vehicle pitch rate α̇.
Combining Eqs. (2) and (3) yields:
sin(γ2 − α − (γ1 − α)) =

l α̇
cos(γ2 − α)
ν1

(4)

With the definitions:
θ ≡ γ2 − α, β ≡ α − γ1 , a ≡ l α̇/ν1 , b ≡ ν2 /ν1
Equations (2) and (4) become:
(b sin θ + sin β) cos θ = a cos θ

(5)

cos β = b cos θ

(6)

Solving Eqs. (5) and (6) for the wheel-terrain contact
angles γ 1 and γ2 yields:
γ1 = α − cos−1 (h)
Figure 5.

Planar two-wheeled system.

−1

γ2 = cos (h/b) + α

(7)
(8)
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where:
h≡

1 2
2a + 2b2 + 2a 2 b2 − a 4 − b4 − 1
2a

There are two special cases that must be considered
in this analysis. The first special case occurs when the
rover is stationary. Equations (5) and (6) do not yield
a solution, since if α̇ = ν1 = ν2 = 0, both a and b
are undefined. Physically, the lack of a solution results
from the fact that a stationary rover can have an infinite
set of possible contact angles at each wheel.
The second special case occurs when cos(θ ) equals
zero. In this case γ2 = ±π/2 + α from the definition
of θ , and Eq. (8) yields the solution γ1 = ±π/2 + α.
Physically this corresponds to two possible cases: the
rover undergoing pure translation or pure rotation, see
Fig. 7.
While these cases are unlikely to occur in practice,
they are easily detectable. For the case of pure rotation,
ν1 = −ν2 . The solutions for γ1 and γ2 can be written
by inspection as:
π
sgn(α̇)
2
π
γ2 = α − sgn(α̇)
2
γ1 = α +

(9)
(10)

For the case of pure translation, α̇ = 0, and ν1 = ν2 .
Thus, h is undefined and the system of Eqs. (5) and (6)
has no solution. However, for low-speed rovers considered in this work, the terrain profile varies slowly with
respect to the data sampling rate. It is reasonable to assume that wheel-terrain contact angles computed at a
given timestep will be similar to wheel-terrain contact
angles computed at the previous timestep. Thus, previously estimated contact angles can be used when a
solution to the estimation equations does not exist.

Figure 7.

Physical interpretations of cos (θ ) = 0.
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The pitch and pitch rate can be measured with rate
gyroscopes or simple inclinometers. The wheel center speeds can be estimated from the wheel angular
rate as measured by a tachometer, provided the wheels
do not have substantial slip. Thus, wheel-terrain contact angles can be estimated with common, low-cost
on-board sensors. The estimation process is computationally simple, and thus suitable for on-board implementation.
3.1.

Extended Kalman Filter Implementation

The above analysis suggests that wheel-terrain contact angles can be computed from simple, measurable quantities. However, sensor noise and wheel slip
will degrade these measurements. Here, an extended
Kalman filter (EKF) is developed to compensate for
these effects. This filter is an effective framework for
fusing data from multiple noisy sensor measurements
to estimate the state of a nonlinear system (Brown and
Hwang, 1997; Welch and Bishop, 1999). In this case the
sensor signals are wheel tachometers, gyroscopes, and
inclinometers, and are assumed to be corrupted by unbiased Gaussian white noise with known covariance.
Again, due to the assumption of quasi-static vehicle
motion, inertial effects do not corrupt the sensor measurements. Also, we assume that sensor bandwidth is
significantly faster than the vehicle dynamics, and thus
sensor dynamics do not corrupt the sensor measurements.
Here we attempt to estimate the state vector x,
composed of the wheel-terrain contact angles, i.e.,
x = [γ1 γ2 ]T . The discrete-time equation governing
the evolution of x is:


1 0
xk+1 =
x k + wk
(11)
0 1
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where wk is a 2 × 1 vector representing the process
noise. Equation (11) implies that ground contact angle evolution is a random process. This is physically
reasonable, since terrain variation is inherently unpredictable. The elements of w can be assigned as the
expected terrain variation:
wk = E(xk+1 − xk )

We can compute the sensor noise matrix R yk as:

R yk =



1

0

(12)

0

1


xk + n k

1. Initialization of the state estimate x̂0 and the estimated error covariance matrix P0 . Here, x̂0 = y0 ,
and P0 = Rx , where Rx = w0 w0T .
2. Propagation of the current state estimate and covariance matrix. The state estimate is generally computed from a state transition matrix, which here is
the identity matrix. Thus:
−
x̂−
k = x̂k−1

(14)

The covariance matrix is computed as:
P−
k = Pk−1 + Rx

(15)

3. Computation of the Kalman gain, and updating the
state estimate and covariance matrix. The Kalman
gain matrix K is given by:
Kk =

P−
k



P−
k

+ R yk

−1

(16)



T

Rz

∂yk
∂z

(17)

The state estimate is updated as:
−
x̂k = x̂−
k + Kk (yk − x̂k )

(13)

where yk is a synthetic “measurement” of the ground
contact angles, computed analytically from Eqs. (7)
and (8) and raw sensor data, i.e., yk = f (zk ), where
z = [α α̇ ν1 ν2 ]T . We assume that the vehicle pitch
α and pitch rate α̇ are directly sensed, and speeds
ν1 and ν2 can be approximated from knowledge of
the wheel angular velocities and radii. Noise on the
sensory inputs is projected onto the ground contact
angle measurements through the noise vector n k , as
k
]|
· [σα σα̇ σν1 σν2 ]T .
n k ≈ [ ∂y
∂z z=zk
The following is a description of the EKF implementation procedure:

=

∂yk
∂z

where Rz is a 4 × 4 diagonal matrix of
known noise covariances associated with z: Rz =
diag(σα2 , σα̇2 , σν21 , σν22 ). Note that estimates of R yk
and yk can be formed by computing the Unscented
Transform of Eqs. (7) and (8) (Julier and Uhlmann,
1997).

This information could be estimated from knowledge
of local terrain roughness, or computed from forwardlooking range data.
The EKF measurement equation can be written as:
yk =

n k n kT

(18)

and the covariance matrix is updated as:
Pk = (I − Kk )P−
k

(19)

The special cases discussed in Section 3 can lead to a
lack of observability in the filter. However, as described
above, these situations are easily detectable. Thus, new
measurement updates for the filter are not taken when
these special cases are detected.
See Fig. 8 for a pictorial diagram of the EKF estimation process (adapted from Welch and Bishop, 1999).
4.

Articulated Suspension Control for Enhanced
Tipover Stability

Articulated suspension control can be used to improve
criteria such as tipover stability or traction. In this section a method for enhancing static stability is described.
The static analysis is valid since planetary rovers travel
at maximum speeds of only several cm/sec.
In this work, vehicle stability is defined in a manner similar to that proposed in (Papadopoulos and Rey,
1996). For the general mobile robot shown in Fig. 3,
m wheel-terrain contact points P j , j = {1, . . . , m} are
numbered in ascending order in a clockwise manner
when viewed from above, see Fig. 9. The lines joining the wheel-terrain contact points are referred to as
tipover axes and denoted ai , where the ith tipover axis
is given by:
ai = pi+1 − pi , i = {1, . . . , m − 1}

(20)

am = p1 − pm

(21)
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Figure 8.
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Diagram of EKF estimation process (from Welch and Bishop, 1999).

The overall vehicle stability angle is defined as the minimum of the m stability angles:
β = min(ηi ), i = {1, . . . , m}

Figure 9.

Stability definition diagram.

A vehicle with m wheels or feet in contact with the
terrain has in general m tipover axes. Tipover axis normals li that intersect the center of mass can be described
as:


li = 1 − âi âiT pi+1

−1

ηi = σi cos (f̂g · l̂i ),

i = {1, . . . , m}

(23)

with
σi =

+1 (l̂i × f̂g ) · âi < 0
−1 otherwise

When β < 0 a tipover instability occurs. Measurements
of the wheel contact forces or articulation torques are
not required, as this is a kinematics-based stability analysis. Thus, the goal of articulated suspension control is
to maintain a large value of β.
In addition to traversing rough terrain, a rover may
be required to manipulate its environment. Some manipulation tasks, such as coring, may require the application of large forces, which can destabilize the
robot. During these tasks it would be desirable for
the rover to optimize its suspension to maximize
stability.
To account for manipulation forces in the stability
computation, the applied force fm is projected along a
tipover axis as:


fi = 1 − âi âiT

(22)

where â = a/ a . Stability angles can then be computed for each tipover axis as the angle between the
gravitational force vector fg and the axis normal li :

(24)

(25)

(fg + fm )

(26)

with fm expressed in an inertial frame. If there is a
moment nm associated with fm , the net force about a
tipover axis is computed as:


fi = 1 −

âi âiT





l̂i × âi âiT nm
(fg + fm ) +
li

(27)

The stability angle β is then computed from Eqs. (23–
25) using the net force fi in place of fg .
To optimize the rover suspension for maximum stability, a performance index  is defined based on the
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above stability measure. A function of the following
form is proposed:
n 

Ki
=
(28)
+ K n+i (θi − θi )2
η
i
i=1
where ηi are the stability angles defined in Eqs. (23–
24), θi are the nominal values of the ith joint variables
(i.e., the values of θi when the robot is at a user-specified
configuration, such as on flat terrain), and K i are constant weighting factors.
The first term of  tends to infinity as the stability at any tipover axis tends to zero. The second term
penalizes deviation from a nominal configuration of
the suspension. This term is used to maintain adequate
ground clearance, an important consideration in rough
terrain. Note that an explicit guarantee of ground clearance would require analysis of 3-d terrain range data
immediately in front of the vehicle. This method is
intended to be reactive in nature, and thus forwardlooking range information is not considered. The constants K i are selected to control the relative importance
of vehicle stability and joint excursion.
The goal of the optimization is to minimize the performance index  subject to joint-limit, interference
and possibly kinematic mobility constraints. Since 
possesses a simple form for many systems including
the SRR, a rapid optimization technique such as the
conjugate-gradient search can be employed (Arora,
1989). The conjugate gradient algorithm minimizes
a positive definite quadratic function. For a nonlinear function such as Eq. (28), the algorithm can be
applied by interpreting the quadratic function as a
second-order Taylor series approximation of the performance index . This is a reasonable assumption
for the kinematics-based performance index, which is
composed of trigonometric functions.
Since this is a nonlinear optimization problem, local minima may exist in the search space. Practically,
however, the existence of local minima is unlikely due
to the small size of the search space. More complex
and computationally expensive optimization methods
which are robust to local minima were not considered,
since computation speed is highly important for planetary exploration rovers. The algorithm is summarized
in Fig 10.
5.

Results

Simulation and experimental results of the articulated suspension control algorithm applied to the Jet

Figure 10.

Algorithm summary diagram.

Propulsion Laboratory Sample Return Rover traversing rough terrain are presented below. The SRR is a
7 kg, four-wheeled mobile robot with independently
driven wheels and independently controlled shoulder
joints, see Fig. 1 (Huntsberger et al., 1999). A 2.25 kg
three d.o.f. manipulator is mounted at the front of the
SRR. The controllable shoulder joints and manipulator allow the SRR to reposition its center of mass. The
SRR is equipped with an inertial navigation system to
measure body roll and pitch. Since the ground speed of
the SRR is typically 6 cm/sec, dynamic forces do not
have a large effect on system behavior, and thus static
analysis is appropriate.
The optimization performance index used in the simulation and experiments was similar to Eq. (28) and
considered the two shoulder angle joints θ1 and θ2 and
the three manipulator degrees of freedom ψ1 , ψ2 , and
ψ3 :
=

4
2

Kj 
+
K i+4 (θi − θi )2
η
j
j=1
i=1

(29)

Note that the stability angles η j are functions of the
shoulder and the manipulator degrees of freedom (i.e.,
η j = η j (θ1 , θ2 , ψ1 , ψ2 , ψ3 )).
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Figure 11.

5.1.
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Simulated wheel-terrain contact angles and estimates for SRR front and rear wheels.

Simulation Results

The wheel-terrain contact angle estimation algorithm
was implemented in simulation. The pitch α was corrupted with white noise of standard deviation 3◦ .
The rear and front wheel velocities, ν1 and ν2 , were
corrupted with white noise of standard deviation
0.5 cm/sec. This models error due to effects of wheel
slip and tachometer noise.
Figures 11 and 12 show the results of a representative simulation trial. In Fig. 11 the actual and estimated
wheel-terrain contact angles are compared. It can be
seen that after an initial transient, the EKF estimate of
the terrain contact angle is quite accurate, with RMS
errors of 0.80◦ and 0.81◦ for the front and rear contact
angles, respectively. Error increases at flat terrain regions (i.e., where the values of front and rear contact angles are identical) since the angle estimation equations
become poorly conditioned due to reasons discussed
previously. However, the error covariance matrix remained small during the simulation. In general, the
EKF does an excellent job in simulation of estimating
wheel-terrain contact angles in the presence of noise.
In Fig. 12, vehicle stability margin as defined by
Eq. (25) is plotted for articulated suspension and fixed
suspension systems. The mean stability of the articulated suspension system was 37.1% greater than the
fixed suspension system. The stability margin of the
fixed suspension system reaches a minimum value
of 1.1◦ , indicating that the system narrowly avoided
tipover failure. The minimum stability margin of the
articulated suspension system was 12.5◦ , a comfortable margin.

Figure 12. SRR stability margin for articulated suspension and
fixed suspension system.

5.2.

Experimental Results

Numerous experiments were performed on the SRR
in the JPL Planetary Robotics Laboratory and at an
outdoor rough-terrain test field, the Arroyo Seco in
Altadena, California. The SRR was commanded to
traverse a challenging rough-terrain path that threatened vehicle stability. For each trial the path was traversed first with the shoulder joints fixed, and then with
the articulated suspension control algorithm activated.
During these experiments, the SRR employed a statemachine control architecture, in which the vehicle traveled a small distance, stopped, then adjusted its shoulder angles based on the articulated suspension control
algorithm. See Fig. 13 for images of the SRR during
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Figure 13.

SRR during rough-terrain traverse.

Figure 14.

SRR shoulder angles during rough-terrain traverse for articulated suspension system and fixed suspension system.

a rough-terrain traverse with both fixed and articulated
suspensions.
Results of a representative trial are shown in Figs. 14
and 15. Figure 14 shows the shoulder joint angles during the traverse. Both left and right shoulder angles
remain within the joint limits of ±45◦ of the initial
values. Note that the fixed suspension shoulder angles
vary slightly due to servo compliance.
Figure 15 shows vehicle stability during the
traverses. The average stability of the articulated
suspension system was 48.1% greater than the fixed
suspension system. The stability margin of the fixed
suspension system reached dangerous minimum values
of 2.1◦ and 2.5◦ . The minimum stability margin of the
articulated suspension system was 15.0◦ . Clearly, articulated suspension control results in greatly improved
stability in rough terrain.

Figure 15. SRR stability margin for articulated suspension system
and fixed suspension system on uneven terrain.
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Optimization was performed on-line with a 300 MHz
AMD K6 processor. Average processing time for a single constrained optimization computation was 40 µsec.
Thus, articulated suspension control greatly improves
tipover stability in rough terrain and is feasible for onboard implementation.
6.

Conclusions

A method for stability-based articulated suspension
control has been presented. The method utilizes kinematic equations relating the suspension joint variables
to the vehicle stability angles. A performance index
based on these stability angles is optimized subject
to vehicle constraints. This paper has also presented
a wheel-ground contact angle estimation algorithm
based on rigid-body kinematic equations. These angles are required to compute the locally optimal system configuration. The algorithm utilizes an extended
Kalman filter to fuse on-board sensor signals. Simulation and experimental results for the JPL SRR show
that the articulated suspension control method yields
greatly improved vehicle stability in rough terrain.
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