
 
 

 

  

Abstract—This paper proposes a method for near-optimal 
navigation of high speed mobile robots on uneven terrain.  The 
method relies on a layered control strategy.  A high-level 
planning layer generates an optimal desired trajectory through 
uneven terrain.  A low-level navigation layer guides a robot 
along the desired trajectory via a potential field-based control 
algorithm.  The high-level planner is guaranteed to yield 
optimal trajectories but is computationally intensive.  The 
low-level navigation layer is sub-optimal but computationally 
efficient.  To guard against failures at the navigation layer, a 
model-based lookahead approach is employed that utilizes a 
reduced form of the optimal trajectory generation algorithm.  
Simulation results show that the proposed method can 
successfully navigate a mobile robot over uneven terrain while 
avoiding hazards.  A comparison of the method’s performance 
to a similar algorithm is also presented. 

I. INTRODUCTION AND PREVIOUS WORK 
NMANNED ground vehicles (UGVs) are expected to 
play significant roles in future military, planetary 
exploration, and materials handling applications [1].  

Many applications require UGVs to move at high speeds on 
rough, poorly characterized terrain. Ideally, UGVs would 
follow optimal (i.e. minimum time or maximum speed) 
trajectories during these operations to maximize efficiency, 
productivity, or other metrics.   

Optimal performance is difficult to achieve in practice for 
several reasons.  First, UGVs generally have access only to 
coarse-grained (i.e. several vehicle lengths spacing per data 
point) map data during the trajectory planning stage.  Thus, 
while planned trajectories may be theoretically optimal at the 
data resolution available, they are likely to be sub-optimal, or 
even infeasible, at the data resolution relevant to the 
navigation task (i.e. several data points per vehicle length).  
Second, during high speed navigation, UGVs will likely 
encounter unexpected hazards that must be quickly (i.e. 
O(ms)) avoided. To avoid these hazards, navigation 
algorithms must be computationally efficient while 
considering important vehicle dynamic effects such as 
rollover and side slip.  

Despite the wide interest in motion planning, few off-road 
trajectory planners have been developed [2]-[6].  Off-road 
trajectory planners cannot rely on a binary representation of 
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obstacles and free space, which is common to most work on 
motion planning.  Instead, traversability over uneven terrain 
is determined not only by the size of obstacle, but also by 
terrain slope and curvature, and vehicle dynamics and speed.  
A kinematic planner was presented in [3] that computes the 
shortest feasible path for off-road vehicles.  While the 
selected path is ensured to be statically safe, it does not 
account for vehicle dynamics and speed.  A genetic algorithm 
is used in [4] to synthesize paths from segments, each 
evaluated for static stability and for satisfying mission 
constraints.  Another genetic-based planner [6] uses fuzzy 
logic to account for obstacle height in each terrain region, 
which in turn determines vehicle speed.  A similar approach 
to represent traversability is used in [7].   

Off-road planners that explicitly consider vehicle 
dynamics typically search for an optimal path using dynamic 
simulations to determine the traversability or cost of specific 
terrain segments [5, 8].  An exception is the global trajectory 
planner first presented in [2].  It determines traversability 
directly by computing the maximum speed above which a 
vehicle will rollover or skid along a given terrain segment.  
The global search first selects a series of “best” traversable 
paths, which are then further optimized to minimize travel 
time.  Early work derived speed limits for a simple point mass 
robot model [2].  Recent work considered more detailed 
vehicle models [9]. 

Artificial potential fields have long been successfully 
employed for robot navigation. First works were performed 
by Khatib as a real-time obstacle avoidance method for 
manipulators [10].  Ge et al. applied a potential field method 
for dynamic control of a mobile robot, with moving obstacles 
and goal [11].  Latombe applied potential field methods to 
general robot path planning [12].  Path planning using 
artificial potential fields has also been applied to 
nonholonomic systems [13].  Potential field navigation for 
wheeled robots on natural terrain has also been explored [14].  
In general, potential field methods have been used for 
planning and control of low-speed systems, usually with a 
binary obstacle representation.   

This paper presents a method for near-optimal navigation 
of high speed mobile robots on uneven terrain. The method 
relies on a layered control strategy.  A high-level planning 
layer generates an optimal desired trajectory that is 
represented as a series of waypoints.  The trajectory 
generation method is based on the global physics-based 
planner first presented in [2].  In the scenario considered here, 
this trajectory is formulated off-line based on coarse 

Near-Optimal Navigation of High Speed Mobile Robots  
on Uneven Terrain 

Karl Iagnemma, Shingo Shimoda, and Zvi Shiller 

U 



 
 

 

topographical map data, and thus computational constraints 
are minimal.  A low-level navigation layer then guides the 
robot along the desired trajectory via a potential field-based 
control algorithm based on previous work by the authors [15].  
In this method, a potential field is defined in the 
two-dimensional “trajectory space” of the robot path 
curvature and longitudinal velocity based on fine-grained 
elevation data gathered from on-board sensors [16].  Previous 
work required ad hoc tuning of potential field gains to yield 
safe robot navigation in practice.  Here, to guard against 
failure a model-based lookahead approach is employed that 
utilizes a reduced form of the optimal trajectory generation 
algorithm.  Simulation results show that the proposed method 
can successfully navigate a mobile robot over uneven terrain 
while avoiding hazards.  A comparison of the method’s 
performance to a similar algorithm is also presented.  

II. OPTIMAL TRAJECTORY PLANNING  
Motion planning over rough terrain requires the selection 

of a feasible path, and the computation of some velocity 
profile along that path.  If optimal performance is not 
required, the path can be generated first to ensure that the 
UGV is statically stable using a kinematic planner, such as in 
[3].  Then, the velocity profile along that path can be 
computed to ensure that the vehicle is also dynamically 
stable.  While computationally efficient, such a path-velocity 
decomposition cannot yield the time optimal trajectory since 
the kinematic search is not guided by the vehicle’s dynamic 
performance.  For this reason, the search for the optimal 
trajectory is normally done in the vehicle’s 2n dimensional 
state-space, for an n dimensional configuration space.   

To avoid an expensive search in the state-space, the global 
trajectory optimization used here is formulated as a two stage 
optimization that combines a global “kinematic” graph search 
over the terrain with a local trajectory optimization [2].  The 
global search selects promising candidate paths for local 
optimization, thus trading an expensive search in the 
state-space for many simpler searches in the configuration 
space.  A byproduct of this approach is the generation of local 
minima in addition to the global optimal trajectory [2, 17]. 

A. Terrain Representation 
Terrain is here represented by a smooth bi-cubic B patch, 

which is a parametric surface made of a mesh of cubic 
splines.  The need for a smooth surface representation stems 
from the local optimization, which requires a smooth path 
over the terrain surface.   

Topologically, the patch is a warped rectangle in a three 
dimensional space.  This terrain representation does not 
distinguish between obstacles and uneven terrain.  Obstacles 
are simply integrated into the B-patch.  The control points of 
the patch are generated by placing a uniform grid on the 
map-range data.   The resolution of this grid depends on the 
map range.  For short-range planning (up to 100 m), the 
resolution is chosen empirically at half the UGV width.  This 

ensures that obstacles the size of the vehicle and larger are 
depicted by the B-patch.  For long range planning (up to 
several kilometers), the resolution is selected at 100 m 
between control points to account for primary terrain features 
(i.e. hills, ravines, etc.). 

B. Velocity Limits 
The global search produces path candidates for local 

trajectory optimization.  Since we seek the time optimal 
trajectory, the global search selects paths along which the 
UGV can sustain high speeds without violating dynamic 
constraints such as rollover, excessive side slip, and 
maintaining ground contact.  Velocity limits (above which 
some of the dynamic constraints may be violated) are 
computed by mapping the dynamic constraints to constraints 
on the vehicle's speed and tangential acceleration.  For long 
range planning, the UGV is modeled as a suspended point 
mass [2, 18].  For short range planning, the vehicle is 
modeled as a rigid body [9]. 

 
Fig. 1: External forces acting on a point mass UGV model. 
 

Velocity limits for a point mass model are derived by first 
expressing the three external forces shown in Fig. 1 in terms 
of the UGV’s speed and tangential acceleration (see [2,18] 
for a detailed derivation):   
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where ft and fq are components of the friction force tangent 
and normal to the path, κ  is the path curvature, k is a unit 
vector pointing opposite of the gravity force, n is a unit vector 
pointing in the direction of the path center of curvature, and 
the subscripts denote projections along the path coordinate 
frame, t, q, r.   

We can now express the dynamic constraints in terms of 
the external forces (1).  The sliding constraint becomes: 
 2222 Rff qt µ≤+  (2) 

The tip-over constraint becomes: 

 22 )(
h
bRfq ≤  (3) 

where h is the height of the center of mass and b is the lateral 
distance between the wheels.  The contact constraint is 
simply: 
 0>R  (4) 

Substituting (1) into the dynamic constraints (2-4) yields 
three constraints on vehicle speed.  For example, the sliding 
constraint yields the following velocity constraint [18]:  
 02 24 ≥++ csbsa &&  (5) 



 
 

 

where the coefficients a, b, c are determined from terrain 
geometry, path direction and curvature, and the terrain 
tractive coefficient.  Staying below the speed limits obtained 
from the three dynamic constraints ensures that the vehicle 
does not roll, skid, or lose contact with the terrain.    

C. The Global Search 
 The maximum velocity ms& , above which the vehicle 
cannot follow the given path is an excellent candidate for 
measuring traversability since it accounts for the effects of 
vehicle dynamics, terrain topography, and surface friction.  A 
zero value implies that the vehicle is statically unstable, and 
the given path segment is hence not traversable, whereas a 
nonzero value implies that the given path segment is 
traversable at some nonzero speed.  The velocity limit thus 
offers a scalar function that can distinguish between 
traversable and non-traversable path segments in the 
configuration space.   
 Dividing the path arc length by the velocity limit produces 
a simple cost function that has units of time and can be 
computed for each path segment along the graph used to 
represent the terrain:  

 ∫=
2

1

s

s ms
dsJ
&

 (6) 

 Note that (6) resembles the cost function used to minimize 
time except that here the actual vehicle speed s&  is replaced 
with the speed limit ms& .  Thus, using cost function (6) 
produces the fastest traversable paths, assuming that the 
vehicle travels at its maximum safe speed.  The ability to 
select a traversable path at high speeds without the need for 
an expensive search in the state-space greatly contributes to 
the efficiency of this approach.  
       

 
 
Fig. 2: A global optimal path over rough terrain.   
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Fig. 3: An optimal velocity profile along the path in Fig. 2.  The velocity 
profile stays below the velocity limits.  
 

 The global search first generates a series of “best” 
traversable paths.  These paths are good initial guesses for a 
local trajectory optimization that will minimize motion time 
and take into account the feasible vehicle acceleration along 
the path (ignored during the global grid search).  The local 
optimization consists of a parameter optimization over the 
control points of a B spline that define the path over the 
B-patch.  The end result of this two stage process is a globally 
optimal trajectory that minimizes motion time from start to 
goal, while considering vehicle dynamics, terrain 
topography, and the vehicle’s dynamic constraints.  Figs. 2 
and 3 show an optimal path and optimal velocity profile 
computed by the global search between given end points on 
uneven terrain.  The optimal velocity profile, shown in Fig. 3, 
is computed by switching between the maximum and 
minimum tangential acceleration to avoid crossing the 
velocity limit curve.  Obviously, the optimal velocity profile 
represents the ultimate vehicle speeds along the path since 
any attempt to move faster would cross the velocity limits, 
which in turn would cause the vehicle to either roll, skid, or 
lose contact with the terrain.                

III. TRAJECTORY SPACE NAVIGATION WITH POTENTIAL 
FIELDS  

 Here, a potential field-based navigation method is 
employed as the low-level navigation layer.  It takes as an 
input an optimal trajectory (computed as described in Section 
II) represented as a list of closely-spaced waypoints.  A more 
thorough presentation can be found in [15].   
 The trajectory space, 2ℜ∈TS , is defined as a 
two-dimensional space of a UGV’s instantaneous path 
curvature and longitudinal velocity [16].  This space clearly 
cannot describe the complete vehicle state, but can rather 
capture important UGV state and configuration information 
and serve as a physically intuitive description of the current 
vehicle status.  A UGV’s “position” in TS is a 
curvature-velocity pair denoted ),( kv=τ .  Note that in this 
work only positive longitudinal velocities are considered.  
 The trajectory space is a convenient space for navigation 
for two reasons.  First, the trajectory space maps easily to the 
UGV actuation space (generally consisting of the throttle and 
steering angle). Navigation algorithms performed in the 
trajectory space will select command inputs that obey vehicle 
nonholonomic constraints. Second, dynamic constraints 
related to UGV rollover and side slip are easily expressible in 
the trajectory space, since these constraints are functions of 
the UGV velocity and path curvature. These constraints can 
also capture effects such as terrain inclination and roughness.  
  The coordinate systems used in this work are shown in Fig. 
4. A body frame B is fixed to the vehicle, with its origin at the 
vehicle center of mass. The position of the vehicle in the 
inertial frame I is expressed as the position of the origin of B. 
The vehicle attitude is expressed by x-y-z Euler angles using 
the vehicle yaw θ, roll φ, and pitch ψ defined in B. 
 To perform navigation a potential field is constructed in the 
trajectory space based on dynamic constraints, waypoint 



 
 

 

locations, and hazard locations.  These issues are discussed 
below. 
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Fig. 4. Definition of coordinate system. 

A. Potential Field Constraint Definitions 
 Potential fields are defined based on UGV rollover and side 
slip constraints.  As in the high-level planning layer, these 
constraints are computed from rigid body models.  A rollover 
constraint for a UGV on uneven terrain can be expressed as: 

 2)(
hv

hgdg
v xz
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where κr is the maximum admissible path curvature and g* is 
the gravitational acceleration of the *-axis  direction in B.  
The two solutions to (7) correspond to travel on 
positive/negative inclination slopes with nonzero gx 
components reflecting the effect of terrain roll.  A potential 
field is then defined as: 
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where κMAX is the maximum attainable path curvature based 
on kinematic steering constraints, and Kr is a positive gain 
parameter to modulate the potential field amplitude. 
 A side slip constraint for a UGV on uneven terrain can be 
expressed as: 

 2)(
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where κs is the maximum admissible path curvature and µ is 
the terrain tractive coefficient.  A potential field is then 
defined as:  
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 Again, Ks is a positive gain parameter to modulate the 
potential field amplitude.  

B. Potential Field-Based Waypoint Navigation 
 For navigation between waypoints, a desired path 
curvature and velocity must be computed at each instant 
based (at minimum) on the relative location of the robot and 
the waypoint.  A method for computing a path curvature 
based on knowledge of UGV steering kinematics and 
waypoint position is presented in [15].  A potential field 
corresponding to the current desired waypoint location can 
then be defined as follows: 

 2)()( dgg KPF κκκ −=  (11) 

where κd is the desired steering angle and Kg is a positive gain 
parameter to modulate the potential field amplitude.  

C. Potential Field for Desired Velocity  
 A potential field for the desired UGV velocity can be 
simply expressed as follows:  
 2

1 )()( Kv
dvv vvKvPF −=  (12) 

where vd is the desired velocity and Kv1 and Kv2 are positive 
gain parameters to modulate the potential field amplitude. vd 
can be a function of position to reflect mission objectives.  

D. Potential Field for Hazard Locations  
 Consider a UGV approaching a hazard as shown in Fig. 5. 
Here κ1 and κ2 are the maximum and minimum path 
curvatures that intersect the hazard. A potential field for 
hazard locations is constructed based on the following 
observations: 

- Path curvatures between κ1 and κ2 can be safely followed 
until the UGV is near the hazard; 

- The potential field magnitude should be greater at high 
speed than at low speed since control accuracy generally 
decreases with increasing speed; 

- Relative locations of waypoints and hazards should 
influence the hazard potential field value (i.e. to allow 
close passage to hazards to achieve a waypoint).  

 From these observations, a potential field for hazard 
locations is defined as follows:  
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where Od is the Euclidean distance between vehicle and 
hazard, Ad is the angle between the UGV heading and the 
waypoint location, X= ( ) 221 κκ + , σ= ( ) 221 κκ − , and Ko, Kod, 
Koa, and Kov are positive gain parameters to modulate the 
potential field amplitude.  

 
Fig. 5. Minimum and maximum path curvatures intersecting with a hazard. 

E. Definition of Net Potential Field  
 A net potential field is generated as the sum of all proposed 
potential fields, as follows: 
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where n is the number of hazards present and PFo
i is the 

potential function corresponding to the ith hazard.  An 
illustration of a net potential field is shown in Fig. 6.   
 At every timestep, a desired path curvature and velocity are 
determined by calculating the gradient of the net potential 
field at the robot position in TS, then moving in the direction 
of maximum descent.  Details related to these computations 
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and issues related to potential field local minima and maxima 
are described in [15].   
 The potential field navigation method described here has 
been shown to perform well in simulation and experiments.  
However, studies have shown that terrain with 
high-frequency undulation can potentially lead to rollover 
and side slip failures.  This is due to the fact that the potential 
field constraints related to rollover and side slip are computed 
as a function of the average local terrain inclination.  Thus, 
large localized values of inclination can lead to failure. 

 
Fig. 6. Illustration of net potential field. 

 To guard against failures at the navigation layer, a 
model-based lookahead approach has been developed that 
utilizes a reduced form of an optimal trajectory generation 
algorithm.  This approach is described next. 

IV. NEAR-OPTIMAL POTENTIAL FIELD NAVIGATION 
 A common weakness of potential field methods is that it is 
difficult to guarantee convergence and bound system 
performance.  While the potential field-based navigation 
method described here has been shown to perform effectively 
in simulation and experimental studies, the authors have 
observed failures in cases where significant high-frequency 
terrain undulation exists.  This is due to the fact that potential 
functions related to rollover and side slip constraints are 
computed as a function of the average local terrain 
inclination.  Thus, large localized values of inclination can 
lead to failure.  
 To guard against failure at the navigation layer a 
model-based lookahead approach is employed that utilizes a 
reduced form of the optimal trajectory generation algorithm.  
At every timestep, this approach essentially forward 
simulates a robot model over a short time horizon, then 
determines whether the robot will violate any dynamic 
constraints along the resulting trajectory.  Violation of 
dynamic constraints is determined by comparing the robot’s 
predicted velocity profile to the maximum safe allowable 
velocity profile computed via the method described in 
Section II.  If  a constraint is violated, the robot’s desired 
velocity is reduced to the maximum safe velocity along the 
trajectory.  This has the effect of imposing a “safe speed 
limit” on the robot at the navigation layer.  
 The algorithm for calculating a safe robot maneuver at 
every timestep is described here, with T representing the time 
horizon duration and t the “virtual time” in a forward 

simulation loop.  The value of T is here chosen empirically.  
The algorithm is composed of the following steps: 

1. The value of the net potential field at the robot’s current 
position in TS is calculated from Eqn. (14); 

2. The gradient of the net potential field is computed, and a 
desired maneuver (i.e. a (ν,κ) pair) is chosen in the 
direction of maximum descent;  

3. The predicted trajectory of the robot is computed via 
forward simulation of a rigid body model subject to the 
desired maneuver over time dt; 

4. Steps 1-3 are repeated while t < T; 
5. A maximum safe velocity profile is computed over the 

predicted path via the approach described in Section II; 
6. The predicted robot velocity profile  is compared to the 

maximum safe velocity profile.  If the predicted velocity 
profile exceeds the maximum safe velocity profile at any 
point, the robot’s desired velocity is reduced to the 
maximum safe velocity along the trajectory.   

 This approach attempts to exploit the computational 
efficiency of the potential field-based navigation with the 
safety guarantees implicit in optimal trajectory planning.  
Since low-order rigid body models are used in forward 
simulation, computational demands are negligible.  

V. SIMULATION RESULTS 
 Dynamic simulations were conducted of a small UGV 
traveling at high speeds over uneven terrain.  The UGV 
parameters were as follows (see Fig. 4): length L = 0.27 m, 
half-width d = 0.124 m, c.g. height h = 0.06 m, wheel 
diameter = 0.12 m.  The potential field parameters were set as 
follows: Kr = 800, Ks = 800, Kg = 0.3, Kv1 = 0.5 x 10-5, Kv2 = 4, 
Ko = 1500, Kod = 0.05, Koa = 10, Kov = 0.07, T = 1.0 s. 
 Randomized rough terrain was generated using a fractal 
method modified to incorporate gross terrain undulation and 
discrete “peaks.”  Rough terrain with fractal number of 2.05, 
grid spacing of 2 wheel diameters, and height scaling of 35 
wheel diameters was employed.  The near-optimal navigation 
method described above was used to determine the desired 
UGV steering angle and velocity.  PD control was employed 
for steering angle and velocity control.   
 A representative simulation result is shown in Figs. 7-9. Fig. 
7 shows a representative terrain, the optimal waypoints 
generated by the high-level planner, and the actual path 
followed by the low-level navigation layer.  It can be seen that 
the UGV successfully navigates through the desired 
waypoints, thus approximating an optimal path while 
avoiding hazards.  Fig. 8 shows a plot of the UGV velocity 
along the path compared to the maximum achievable velocity 
as computed by the model-based lookahead algorithm.  The 
actual velocity remains near to the optimal velocity, and 
deviates from the desired velocity during hazard avoidance 
maneuvers and turns with large curvature.  Fig. 9 shows plots 
of the UGV roll angle and slip angle during the simulation, 
illustrating the challenging nature of the terrain and 
effectiveness of the algorithm in limiting these quantities. 
 Table 1 shows the results of 25 simulation trials.  The 
proposed near-optimal navigation method safely controlled 



 
 

 

the UGV in all terrains.  The average percent difference in 
total navigation time between the optimal method and the 
proposed method was 9.6%.  It was observed that the 
“standard” potential-field based navigation scheme (i.e. 
without lookahead analysis) failed on 24% of the simulation 
trials, with a 23.6% average slower navigation time than the 
optimal traveling time.  It should be noted that safer 
navigation with the “standard” approach is achievable, 
however at the expense of greater increase in navigation time. 

 
Fig. 7. Representative terrain map and waypoints generated by high-level 

planning layer and path generated by low-level navigation layer. 
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Fig. 8. UGV velocity (thick) and computed velocity limit curve (thin). 
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Fig. 9. UGV Roll angle (left) and slip angle (right). 

TABLE 1  
SIMULATION RESULTS OF 25 TERRAIN TRAVERSALS 

VI. CONCLUSIONS 
 This paper proposes a method for near-optimal navigation 
of high speed mobile robots on uneven terrain.  A high-level 
planning layer generates an optimal desired trajectory, and a 
low-level navigation layer guides a robot along the desired 
trajectory via a potential field-based algorithm.  To guard 
against failures at the navigation layer, a model-based 

lookahead approach was presented that utilizes a reduced 
form of the optimal trajectory generation algorithm.  
Simulation trials show that the proposed method can safely 
navigate a mobile robot along a near-optimal trajectory over 
uneven terrain while avoiding hazards.  
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 Incidence of 
Failure [%] 

Increase over 
Optimal Time [%] 

Near-optimal 0.0 9.6 
“Standard” Potential-field 24.0 23.6 


