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Abstract—In this paper, we propose a novel motion plan-
ning method for off-road unmanned ground vehicles, based
on three-dimensional (3-D) terrain map information. Previ-
ous studies on the motion planning of a vehicle traveling
on rough terrain dealt only with a relatively small environ-
ment. Furthermore, unique vehicle characteristics were not
considered, and it was also impossible to incorporate regu-
lations, such as maintaining driving speed and suppressing
posture change. The proposed method enables vehicles to
adaptively generate a path by considering vehicle charac-
teristics and the regulations, in a large-scale environment,
with rough terrain. A random sampling based scheme was
applied to carrying out global path planning, based on a 3-D
environmental model. Experimental results showed that the
proposed off-road motion planner could generate an ap-
propriate path, which satisfies vehicle characteristics and
predefined regulations.

Index Terms—Autonomous navigation, field robots, mo-
tion planning, unmanned ground vehicle (UGV).

I. INTRODUCTION

IN RECENT years, autonomous mobile robots and unmanned
ground vehicles (UGVs) have attracted the attention of many

researchers, and are becoming capable of dealing with various
environments. Safe and reliable motion planning for mobility
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is one of the most important requirements for such unmanned
robots. In case of indoor service robots who interact with hu-
mans, considerable studies to solve motion planning problem
have been intensively conducted and the reliable theories have
already been established [1]–[4]. However, there have been very
few studies on establishing an outdoor motion planning method-
ology in off-load environments, despite the undeniable fact that
it is an indispensable requirement to operate unmanned robots
traveling on rough terrain such as disaster sites where hazards
prohibit human access.

When the UGV navigates autonomously on an off-road envi-
ronment where rough terrain exists, the importance of avoiding
accidents, such as collision and turnover, cannot be overempha-
sized in the sense of safe navigation. Therefore, the UGV is
required to avoid such risks and to select a route within the
traversable area. For the UGV to navigate safely on rough
terrain, it is necessary to estimate the traversability for rough
terrain using sensor data and to perform appropriate motion
planning. As a method for estimating traversability on rough
terrain, Hata and Wolf [5] employed an approach, which defines
a two-class classification problem based on the support vector
machine (SVM). They extracted terrain features as input values
of the SVM classifier, from the target area, by using distance
and intensity data acquired from the laser range finder (LRF).
In this approach, training data should be labeled manually by
human instruction, which is necessary to learn the classifier.
Therefore, sufficient performance may not be produced in the
case where it is very difficult to carry out proper labeling. In this
respect, Tanaka et al. [6] proposed a method that can perform
terrain traversability analysis (TTA) on rough terrain, without a
training dataset. They extracted three kinds of features consist-
ing of unevenness and inclination information, with respect to
the area surrounding the mobile robot. Then, traversability was
calculated based on fuzzy inference, which constitutes the mem-
bership function, through the value of these features. Proposals
by Lalonde et al. [7] and Bellone et al. [8] applied principal
component analysis (PCA) to point cloud data that correspond
to a surrounding environment to perform the terrain classifi-
cation tasks. From the PCA results containing point cloud’s
geometric shape, inclination, and unevenness, the traversability
of the surrounding environment can be analyzed. However, the
purpose of these approaches is to only estimate the traversability
of rough terrain. Thus, no methodology of the UGV’s motion
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planning based on the TTA result has yet been proposed. To
solve the motion planning problem of an UGV, with respect to
rough terrain, an appropriate motion panning scheme based on
TTA results, should be taken into consideration. The follow-
ing section introduces previous studies dealing with the motion
planning problem with regard to rough terrain navigation for
UGVs. Regarding the UGV’s motion planning schemes, nowa-
days random sampling based methodologies, such as rapidly ex-
ploring random trees (RRT) [9], probabilistic roadmap method
(PRM) [10], and path-directed subdivision trees (PDST) [11],
are most widely used, due to computational power having im-
proved rapidly over the past decades.

At the defense advanced research projects agency (DARPA)
grand challenge held a decade ago, one of the main problems was
autonomous navigation of an UGV on a highly controlled desert
area with rough terrain [12], [13]. Many teams applied the ran-
dom sampling based motion planning approach, so that some
breakthroughs have been made for the off-road UGV. In this
challenge, a global path was given in advance and each vehicle
performs local motion planning while identifying road condi-
tions and obstacles. In real situations, such as a disaster site,
however, there is almost no case in which the entire global path
is pregiven. Furthermore, most other studies related to rough ter-
rain navigation have the limitations described ahead. First, there
has been no study that considered the unique characteristics of
each vehicle. Second, previous studies did not incorporate reg-
ulations necessary for UGV operation, depending on different
situations, such as maintaining driving speed and suppressing
posture change. In Section III, vehicle characteristics, and the
regulations defined in this paper, are described in detail. Finally,
previous studies dealt only with a relatively small environment,
owing to computational load limitations.

To overcome the limitations mentioned before, we propose
an adaptive methodology for global motion planning by consid-
ering all degrees of freedom (DoFs) of vehicle pose in a pre-
given relatively large-scale environment map including rough
terrain. Here, “adaptive” means that the proposed methodology
enables to perform appropriate planning that satisfies differ-
ent conditions defined from the vehicle characteristics and the
regulations. To achieve the adaptive motion planning accord-
ing to the unique characteristics of each vehicle, we propose a
novel method, which defines configuration obstacles to take the
motion model of a vehicle, and terrain information into consid-
eration, when expending the tree structure for motion planning.
In addition, a novel method for generating control velocity us-
ing biased sampling is proposed, to perform the adaptive motion
planning by considering regulations, which is one of the cru-
cial objectives in this study. Finally, using our proposed motion
planner, we can identify a solution within feasible processing
times, even in a relatively large-scale environment compared to
environments covered by previous studies.

The remainder of this paper is organized as follows. After the
discussion of relevant studies in Section II, we explicitly state the
problem and the purpose in Section III. Section IV introduces
the definitions of the vehicular characteristics and regulations,
which are the main focal points of this study. Section V presents
the overall structure of the proposed motion planner. Section VI
briefly summarizes the random sampling based motion planner.
Section VII presents the proposed tree expansion scheme in

the random sampling process and a detailed description for
configuration obstacle design is presented in Section VIII. Then,
in Section IX, the effectiveness of the proposed motion planner
for an off-road UGV is evaluated by the experimental results
discussed in Section IV. Finally, Section X concludes this paper
and discusses future work.

II. RELATED RESEARCH

There are several studies that solve the problem of motion
planning or path planning when vehicles navigate safely from
the initial position to the destination. Among them, regarding
the vehicles traveling on rough terrain, very few methods were
developed to solve the motion planning problem for a planetary
rover or UGV.

Ono et al. [14] applied a random sampling based path
planning method to the planetary rover. In this method, the
traversability of rough terrain surrounding the vehicle was ana-
lyzed based on captured images from a stereo camera mounted
on a vehicle and the estimation result of the traversability was
mapped to digital elevation model. With respect to the plan-
ning algorithm, they combined the A* search algorithm with a
rapidly exploring random graph (RRG) [15], which is one of
the random sampling based methods. As a result, a safe path
could be generated among the areas estimated to be traversable.
Lee et al. [16] employed an RRT-based approach for the mobile
robot traveling on rough terrain. This approach adopted a two-
dimensional (2-D) grid map as an environment model, and a cost
value estimated from TTA was assigned to each grid. To gener-
ate a tree structure consisting of random nodes, a heuristic-based
node selection method, which uses cost values, was proposed in
this study. In this method, even though the experiment was con-
ducted in a relatively large-scale environment map of 400 m2,
a path solution to the destination was generated with very short
processing time of approximately 5 s. Kuwata et al. [17] also ap-
plied an RRT-based approach to the path planning of the UGV. In
this approach, a bias was given to the sampling region, depend-
ing on the vehicle’s situation when generating random nodes;
therefore, it was possible to prevent the generation of random
nodes in the area which could not, obviously, become the path
solution in advance. For example, in a situation where the mobile
robot turned right, random nodes were generated intensively to
the right-hand side of the vehicle, whereas sampling to an un-
necessary region, including the left-hand side of the vehicle,
was suppressed, so that the vehicle could efficiently determine
the path for the right turn. Richter et al. [18] proposed a method
of an online motion planning algorithm, which simultaneously
performs self-localization and map building using sensor mea-
surement data for the target environment of the UGVs. By this
method, a high risk value was assigned to the unknown area,
where the environment map was not built because of various
factors, such as occlusion. Regarding the assignment of a risk
value to an unknown area, they obtained heuristics for various
situations, through preliminary learning in the simulation envi-
ronment. Therefore, it was possible to suppress the generation
of the vehicle’s motion in an uncertain region, such as the occlu-
sion area. Fassbender et al. [19] developed a system for UGVs,
which simultaneously carries out appropriate traversability es-
timation and motion planning, even in convoluted environ-
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ments such as a forest. The system also independently per-
forms self-localization and mapping, similar to the proposal by
Richter et al., to reflect the results of traversability estimation as
the conditions when searching for a solution. Feasible motion,
with consideration to vehicle speed, could be generated as a
result. However, the above-mentioned proposals by Ono et al.,
Lee et al., Kuwata et al., Richter et al., and Fassbender et al.
have similar limitations. For instance, path search is performed
under the assumption that the motion of the vehicle is defined
in a 2-D plane; thus, it cannot manage the 3-D information (i.e.,
difference in elevation or posture information) of the vehicle,
which must be considered in rough terrain. In addition, it cannot
produce adaptive path reflecting vehicle characteristics, such as
driving speed and hill-climbing performance (i.e., maximum al-
lowable angle of inclination for a vehicle, since these factors
were not taken into consideration. Moreover, it is also impos-
sible to perform planning incorporating regulations depending
on different situations, such as maintaining driving speed and
suppressing posture change.

Ishigami et al. [20] proposed a method to generate multiple
candidate path solutions, in order to perform the safe motion
generation of the planetary rover. An appropriate path was se-
lected from the solution candidates, based on evaluation criteria.
They used the Dijkstra algorithm for path search to generate
multiple candidates. In this method, when executing the path
search, three types of evaluation criteria, such as degree of un-
evenness, degree of inclination, and path length information,
were calculated from the environment map, and multiple paths
were generated by changing the weight parameters of the eval-
uation criteria. Finally, a navigation simulation, based on the
physical model of the vehicle, was conducted for each of the
candidate path solutions to select an optimal path solution, with
minimum energy consumption. This method achieved path plan-
ning, which considers changes in height direction and posture
of the vehicle. However, the target environment in the proposal
by Ishigami et al. was a relatively small area of 8 m2, and the
calculation time required to output the path solution within this
area was approximately 47 min. Note that the computational
complexity of the Dijkstra algorithm is defined as O(n2), with
respect to the number of nodes, and closely depends on the
size of the environment; therefore, reliable path planning can-
not be executed with feasible processing time when targeting a
relatively larger scale environment map, and provided that the
calculation time required for path solution search increases with
the order of squares, as the number of nodes increases.

III. PROBLEM DESCRIPTION

As mentioned in the introduction, realizing the safe and
reliable ability of autonomously traveling to a destination is
one of the most important requirements for an off-road UGV in
rough terrain environments. Hence, estimating the traversability
and appropriate motion planning on rough terrain are very
important tasks to meet these requirements. In this respect, we
aim to propose a novel motion planning methodology for UGVs
to navigate safely to a destination within convoluted environ-
ments, including rough terrain. By summarizing the previously
conducted studies for vehicular motion planning, which were
described in the previous section, we determined that the

following issues should be solved in this study. Therefore,
when designing a novel motion planner, we need to consider the
following.

1) All DoFs, namely the 6-DoFs of vehicular pose (position
and orientation), which include height direction and roll
and pitch angles [see Fig. 3(a)].

2) The unique characteristics of each vehicle, such as the
size of the vehicle, minimum turning radius, or travelable
maximum inclination angle, depending on the driving
speed (details are given in Section IV-A).

3) Regulations necessary for vehicular operation depending
on different situations, such as maintaining the driving
speed and suppressing the change of posture (details are
given in Section IV-B).

4) Feasible processing time to identify a solution, even in
relatively large-scale environments.

As described previously, no previous study has reported so-
lutions for all four issues. Hence, the purpose of this study is
to establish a novel motion planner for off-road UGVs, which
addresses all the aforementioned issues. Specifically, when the
user specifies the initial pose and the target pose of the UGV with
respect to the environmental map composed of a 3-D point cloud
provided a priori, the motion planner should solve the problem
of generating a path that connects these two states offline. In
regard to the scale of the environment map, we have treated
the scale spanning several hundred meters as large-scale in this
study, and the proposed motion planner was applied to environ-
mental maps with this size. Of course, the motion planner must
work on a common environment that includes well-organized
roads as well as an off-road environment, thus taking into ac-
count the vehicle characteristics and the predefined regulations.

IV. VEHICLE CHARACTERISTICS AND REGULATIONS

A. Vehicle Characteristics

Values for vehicle characteristics to be set depending on var-
ious elements, such as driving scheme, or mechanism design,
must be considered as essential. The vehicle characteristics, for
the off-road UGV, can be divided into two categories: charac-
teristics related to the geometric shape of the vehicle and char-
acteristics related to the operational restrictions of the vehicle.
The former are values defining the overall size of the vehicle,
such as the overall length, width, and height. On the other hand,
the latter includes minimum turning radius or maximum incli-
nation angle, which are set by the vehicle designer or the user.
First, because we need to determine the path that the vehicle can
actually follow, the minimum turning radius should be consid-
ered to generate a feasible vehicle motion. Next, regarding the
maximum inclination angle, as the driving speed of the vehicle
increases, the maximum inclination angle, with respect to the
roll and pitch direction, decreases in general. On the other hand,
when the vehicle is driving at low speed, the maximum incli-
nation angle becomes large. This means that it is insufficient
for simply generating a geometric path including only position
data; thus, when the vehicle navigates the generated path, the
driving speed and posture information must be considered con-
currently, in order to prevent a rollover accident. In other words,
when executing the motion planner, it is necessary to check
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Fig. 1. Conceptual image of motion planning based on different regu-
lations on rough terrain.

whether the vehicle’s posture at each point on the path exceeds
the maximum inclination angle or not. To summarize the dis-
cussion on vehicle characteristics, the off-road UGV traveling
on rough terrain must carry out motion planning by considering
vehicle characteristics, to prevent accidents and navigate safely.

B. Regulations for Vehicle Operation

Additionally, when solving motion planning problems for off-
road UGVs traveling on rough terrain, we should consider the
various requirements, depending on the target environment and
purpose of UGV operation. This implies that the autonomous
driving system should be operated based on several regulations
in addition to producing a solution path that satisfies the vehicle
characteristics described in the previous section. For example,
in some cases, it is necessary to generate the vehicle’s mo-
tion to the destination via the shortest route while allowing for
vigorous posture change. On the other hand, some cases must
generate motion without allowing a vigorous posture change
instead of giving up the shortest route, from the viewpoint of
ensuring safety during navigation. Fig. 1 is a conceptual image
that shows the motion planner based on the different set regu-
lations mentioned before, in an environment with rough terrain.
The operational regulations for the off-road UGV include not
merely a requirement regarding posture change and shortest
route, but also the requirement of maintaining driving speed as
much as possible while reducing speed fluctuations. In this lat-
ter case, by considering the vehicle characteristics described in
the previous section, the output path should be generated under
conditions that do not exceed the maximum inclination angle
corresponding to the set desired driving speed. As described pre-
viously, to operate an off-road UGV under various situations, it
is necessary to execute, in advance, a motion planner based on
the set of regulations specified by the user.

V. OVERVIEW

The overall process of the proposed motion planner is il-
lustrated in Fig. 2. The initial and target poses of the vehicle
are the input data to the proposed motion planner, under the
condition that an environment map consisting of a 3-D point
cloud is pregiven. If solutions exist, the planner outputs one of
the solutions satisfying the prespecified conditions (i.e., vehicle
characteristics, regulations, etc.). The output data are a list of

Fig. 2. Overview of proposed motion planner.

Fig. 3. Definition of local coordinate frame and states related to vehicle.
(a) Orientation state (ψ, θ, φ). (b) Linear and angular control velocities
(v, ω).

vehicular poses that connect the initial and target poses. How-
ever, of course, if neither the initial nor the target poses are valid
(e.g., in the case of a collision with an obstacle), the planner
will not work because the solution cannot be searched. Fig. 3(a)
shows the local coordinate system of the vehicle adopted in this
study. In addition, our motion planner can produce an output list
including vehicle control input data as well as pose data. Here,
(v, ω) denotes the control input data [i.e., control velocity, as
shown in Fig. 3(b)] to the vehicle at state (x, y, z, ψ, θ, φ). In
this study, since the allowable inclination angle and turning ra-
dius can vary with the vehicular velocity (v, ω), as mentioned
in the previous section, the control velocity affects the validity
check of the specific pose on the terrain, based on the maximum
inclination angle and maximum turning radius.

The octree-based map conversion process involves reducing
the amount of 3-D point cloud data. If we use raw data in
the 3-D point cloud, the computational burden would be very
high, which makes the problem of global motion planning, in
a relatively large-scale environment, very difficult. Hence, it is
necessary to reduce the amount of data by using an efficient
data structure for the 3-D environment model. Several ways
to represent a 3-D environment model have been developed
[21]–[24]. Among them is the OctoMap library, which has been
used widely to manage a dense 3-D environment model, and
has been utilized to convert a 3-D point cloud to address this
problem [24]. The OctoMap data structure consists of irregu-
lar voxels, which is based on an octree structure that is very
efficient for memory management, in comparison to a point
cloud-based structure. One of the great advantages of using the
OctoMap is that the interference checking problem between the
vehicle and the 3-D environment model becomes a tree search
problem, which has the advantage of efficient search time with
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low time complexity. Therefore, when converting to OctoMap
format from 3-D point cloud data, the processing time required
for the solution search can be drastically reduced; thus, we can
solve the motion planning problem since the processing time
becomes feasible, even in a relatively large-scale environment
including large amounts of data.

During the random sampling based planning process, a 6-D
configuration space, composed of 3-D position (x, y, z) and 3-D
orientation (ψ, θ, φ) states, is generated. Then, motion planning
is executed to find a solution, which connects from the initial
configuration to the target configuration. Here, the random sam-
pling based planner is a widely used method that can efficiently
search a high-dimensional configuration space. We can select
the appropriate algorithm among the various random sampling
based planners (e.g., RRT, PRM, PDST, etc.). When expanding
the tree structure in the random sampling based algorithm, we
should consider the motion model of a vehicle and 3-D terrain
information, which can be calculated from OctoMap, in order
to check for interference with configuration obstacles. The in-
terference check module determines whether the configuration
of a generated random node is included in the configuration
obstacles or not. When checking the state of the random node,
we consider not only physical interference between a vehicle
and OctoMap, but also vehicle characteristics, so that it is pos-
sible to plan a motion that satisfies vehicle characteristics and
user-defined regulations. Furthermore, since the random sam-
pling based algorithm already take the kinematic model and
the characteristics for the actual vehicle into consideration, our
proposed motion planning scheme does not need any postpro-
cessing, such as smoothing algorithms to manipulate the path
solution so that the actual vehicle can follow.

VI. RANDOM SAMPLING BASED MOTION PLANNING

To realize realistic motion planning that considers the 6-DoF
state of off-road UGV, we introduce the concept of configu-
ration space in the proposed method. The configuration space
consists of six dimensions including three position variables
and three orientation variables. Motion planning is executed to
find a path from the initial configuration state to the target con-
figuration state, within the entire configuration space. A plan-
ning method in the configuration space can be classified into
two categories: the planning scheme in discretized target space
and the planning scheme in continuous target space. Among
them, the Dijkstra algorithm or the A* search algorithm be-
long to the former, whereas the latter includes a potential field
based method [25] or random sampling based method, such as
RRT [9], PRM [10], PDST [11], etc. In the case of the former
method, which discretizes the target space, the entire space for
every possible state of the vehicle must be mapped to the con-
figuration space completely; therefore, it requires a relatively
long calculation time, in general. Especially, the problem re-
lated to calculation time becomes a fatal flaw in the case of
this study, which targets relatively large-scale environments;
thus, in this study, the former method cannot be applied to
the motion planning problem that should deal with such envi-
ronments. In this sense, we solved the motion planning problem
based on a random sampling based scheme, which was classified
as the latter method that treats the target space as continuous,

Fig. 4. Random sampling process from start to target configuration in
configuration space.

since it does not require any preprocessing, and can perform
high-speed search even in multidimensional space. Here, “ran-
dom sampling” means randomly generating a state correspond-
ing to a certain configuration within the entire configuration
space.

This section briefly summarizes the common processing of
various random sampling based methods. Each method has its
own characteristics and advantages. Further details are pro-
vided in the references [9]–[11]. A conceptual image of ran-
dom sampling in the configuration space is shown in Fig. 4.
In this study, the configuration corresponds to a 6-DoF vehi-
cle pose (x, y, z, ψ, θ, φ), and the configuration obstacles Cobs
represent areas where unrealizable vehicle poses are mapped
to the configuration space. The path search in the motion
planning problem can be rephrased as a problem of finding
a path solution, within Cfree , from the initial configuration
xs = [xs ys zs ψs θs φs ]�(∈ Cfree) to the target configuration
xg = [xgyg zg ψg θg φg ]�(∈ Cfree). Cfree refers to the area set
of possible configurations that the vehicle can take, and is deter-
mined by the shape of the vehicle and terrain in the workspace.
In general, this is difficult to describe explicitly because their
interaction in high-dimensional space is complicated. On the
other hand, if a specific configuration is given, it is relatively
easy to check whether it belongs to Cfree or Cobs ; thus, by
efficiently implementing the process of verification, high-speed
motion planning can be realized even in high-dimensional space.
In Section VIII, the verification process is described in detail. As
shown in Fig. 4(b), the random sampling based motion planner
expends random nodes that correspond to a configuration from
the initial configuration to the target configuration, only within a
Cfree space (i.e., an area that does not belong to a configuration
obstacle), by using a method such as random number gener-
ation. Additionally, it concatenates them while checking for
interference with the configuration obstacles Cobs . As a result,
a path solution that does not interfere with the configuration ob-
stacle Cobs can be found within the expanded tree structure, as
shown in Fig. 4(c). In the next section, the tree expansion scheme
in the proposed random sampling based motion planner is
described.

VII. TREE EXPANSION

The proposed method takes the motion model of a ve-
hicle and terrain information from OctoMap into considera-
tion while extending a new tree structure, from the tree of
previous steps, by generating random nodes in configuration
space. Fig. 5 is an overview of the tree expansion method-
ology of the proposed method. The process to generate a
new node x(node)

i = [xi yi zi ψi θi φi ]� from a previous node
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Fig. 5. Overview of tree expansion methodology that transits each
random node.

x(node)
i−1 = [xi−1 yi−1 zi−1 ψi−1 θi−1 φi−1]� divided into two tran-

sitions, which are performed based on the motion model of
the vehicle and terrain information (i.e., height and inclination
information from OctoMap), respectively. In other words, the
random sampling process is performed in a 3-DoF (x, y, φ) con-
figuration space to apply the vehicles motion model given that
the control of the vehicle navigation on the ground is generally
carried out in 3-DoF (x, y, φ) space. The remaining state vari-
ables (z, ψ, θ) are then directly calculated and assigned using
the terrain information because the OctoMap contains enough
information about the terrains height and inclination. The de-
tails of each process expending the tree structure composed of
random nodes are described ahead.

A. State Transition Based on Vehicle Motion Model

If random nodes are generated based on the moving ability of
the vehicle, when expanding the tree structure for searching in
the configuration space, a more realistic motion can be generated
as the solution. Fig. 4(b) shows the expanding tree structure in
the configuration space. Nodes are generated only at the location
where the vehicle is able to reach, and these nodes are connected.
In other words, considering the moving ability of the vehicle
leads to the prevention of the generation of a random node to a
location that is, realistically, impossible to reach.

To this end, random sampling is first performed to generate
the control input velocity of the vehicle. The reason for sampling
the control input velocity instead of directly sampling the node
states is to incorporate the user-defined regulations described in
Section IV-B into the planned results. If the velocities between
the states are calculated after the states are sampled, we can-
not guarantee whether or not the velocities will comply with
the regulations. Herein, the appropriate probability distribution
p(v) and the upper and lower limits for each control velocity
(vmin, vmax, ωmin, ωmax) are defined for random number gener-
ation to carry out the motion planning with consideration to
the regulations. We can take a uniform distribution within the
set range (vmin, vmax, ωmin, ωmax) as the simplest way to con-
sider random number generation to generate control velocity
(vi, ωi). However, if the control velocity (vi, ωi) is generated
according to a distribution with no bias, such as uniform dis-
tribution, the dispersion of generated velocities would be very
large, which leads to infeasible or unstable vehicle motion. In
particular, we cannot satisfy one of the requirements for this
study, specifically, the one that generates the motion satisfy-
ing the regulations, such as suppressing large speed changes
(i.e., maintaining driving speed), if the linear control velocity

Fig. 6. Biased sampling scheme for control velocity generation.
(a) Sampling range. (b) Final probability distribution for generating con-
trol velocity.

vi of each node becomes a completely random value in this
case.

To remedy this problem, we propose a biased sampling
scheme, to incorporate such regulations when generating the
linear control velocities vi . We apply the probability distribu-
tion function p(v) to the implementation of biased sampling
for the linear control velocity vi given to each node x(node)

i as
follows:

p(v) =

{
f1(v), f1(v) > f2(v)

f2(v), otherwise
(1)

f1(v) =
1√

2πvσ 2
exp

{
− (v − vμ)2

2vσ 2

}
(2)

f2(v) = puni(v ) . (3)

Here, f1(v) and f2(v), respectively, follow vμ mean distri-
bution with v2

σ variance N (vμ , v2
σ ) and uniform distribution

puni(v ) . Therefore, in this study, biased sampling is performed
based on the mixed probability distribution of Gaussian and
uniform distribution, as indicated in (1)–(3). Additionally, the
lower limit velocity vmin and upper limit velocity vmax are set
based on the performance of the vehicle to be operated. The
probability becomes 0, when the range is v < vmin or v > vmax,
so that it is possible to generate a control velocity that does
not go beyond the performance of the vehicle. With respect to
angular velocity sampling ωi , we apply a uniform probability
distribution puni(ω ) . The upper limit velocity vmax, and lower
limit velocity vmin are also set based on the performance of the
vehicle in the same manner as in the case of linear velocity.
Fig. 6(a) shows how the sampling range (vmin, vmax, ωmin, ωmax)
is set for linear and angular velocity, respectively. Random sam-
pling is performed within this range in order to assign the control
velocity (vi, ωi) to the node x(node)

i . Fig. 6(b) shows the visu-
alization of the final probability distribution, whose range [see
Fig. 6(a)] is set in (1).

The advantages for applying biased sampling using the prob-
ability distribution represented in Fig. 6(b), are as follows. In
this approach, the control velocities close to the mean value vμ
are most frequently generated and assigned to random nodes;
therefore, by adjusting vμ and vσ , which are parameters of
the Gaussian distribution (2), it is possible to generate ap-
propriate motion, which reflects the regulations described in
Section III-B, such as the maintenance of specific speed and
variation of its fluctuation, respectively. On the other hand, if
all control velocities are sampled around vμ , a solution may
not be determined owing to the terrain conditions. Even in such
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situations, the proposed approach can find a solution that is
able to attain the goal because the control values, which deviate
from vμ for a short duration, can also be generated with low
probability by combining uniform distribution puni(v ) ; there-
fore, it is possible to cope more flexibly with respect to the
solution search according to various terrain conditions. The
user can define the allowable deviation of the sampling from
vμ by manipulating puni(v ) of the uniform distribution (3). Con-

sequently, the state of the new node x(node)
i is generated from

node x(node)
i−1 by the motion model based on the control veloci-

ties (i.e., linear velocity vi and angular velocity ωi), which are
generated by the random sampling process described before.
Therefore, in this transition step, the configuration of each node
is transited based on the motion model of the vehicle, which is
defined for a state of position (x, y), and the yaw angle φ as
follows:

xi = xi−1 − vi
ωi

sinφi−1 +
vi
ωi

sin (φi−1 + ωiΔt) (4)

yi = yi−1 +
vi
ωi

cosφi−1 − vi
ωi

cos (φi−1 + ωiΔt) (5)

φ−i = ψi−1 + ωiΔt (6)

where i is the index of the node and Δt is the time period of the
control input. vi and ωi denote the control input for the linear
and angular velocities, which are, respectively, generated from
the biased sampling described previously. A new node x(node)

i

is additionally generated from the node x(node)
i−1 based on (4)–(6)

and these are newly added to the tree structure. Here, superscript
“−” in (6) indicates the yaw angle state before it is updated by
terrain information. Note that the motion model that uses the
linear and angular velocities (v, ω) as the control input data is
the most generalized model. It is easily applicable to various
types of vehicles (e.g., Ackerman steering, differential steering,
etc.), given that we only need to convert the control input data
from (v,ω) to other inputs that correspond to the vehicle types in
the instances where vehicular control is applied to allow vehicles
to follow the generated paths.

B. State Update Based on Terrain Information of
OctoMap

After transition based on the motion model, the configuration
of the transited node x(node)

i is updated for height z and roll
and pitch angles (ψ, θ) based on terrain information. First, this
transition step utilizes the height information from OctoMap to
update the height state of the new node x(node)

i . The detailed
procedure for this is as follows. Some voxels constituting the
OctoMap in the vicinity of the newly generated node position
(xi, yi), at the previous transition step are selected. Here, as
shown in Fig. 7(a), the definition of the vehicles vicinity area
is determined as a rectangular area around the vehicle, based
on its size. Therefore, the voxels that cover a rectangular area
around the nodal position (xi, yi) are selected. Then, the height
information zi of the new node x(node)

i is updated according to
the following equation, which retrieves the maximum height
information among the selected voxels

zi = z(vox)
max = max{z(vox)

k | k = 1, 2, . . . , N (vox)} (7)

Fig. 7. Process used to update height state based on terrain informa-
tion from OctoMap. (a) Voxel selection belonging to rectangular region.
(b) Updated height state.

Fig. 8. Process to update orientation state based on terrain information
from OctoMap. (a) Rotation phases based on fitted plane. (b) Updated
orientation state depicted with vehicle model.

where k and N (vox) denote an index for distinguishing each
voxel belonging to the rectangular region and their total number.
z

(vox)
k represents the height information of each voxel. Fig. 7(b)

shows how height state zi of node x(node)
i is assigned according

to (7) that retrieves the maximum height information among the
selected voxels.

Next, the orientation state of the new node x(node)
i is also

updated based on the inclination information from OctoMap.
Fig. 8 shows the overall process to update the orientation state.
As shown in Fig. 8(a), this update process selects voxels be-
longing to a rectangular area in the same manner as update step
of the height information, to perform PCA, on the center point
of each voxel, as follows:

x̄(vox) =
1

N (vox)

N ( v ox )∑
k=1

x
(vox)
k (8)

C(vox) =
1

N (vox)

N ( v ox )∑
k=1

(x̄(vox)
k − x

(vox)
k )(x̄(vox)

k − x
(vox)
k )�

(9)

where x
(vox)
k = [x(vox)

k y
(vox)
k z

(vox)
k ]� denotes the coordinates

of a center point for each voxel. By performing eigenvalue
analysis on the covariance matrix C(vox) , eigenvalues λ

(vox)
1 ≥

λ
(vox)
2 ≥ λ

(vox)
3 and eigenvectors e

(vox)
1 , e

(vox)
2 , and e

(vox)
3 can

be calculated, respectively. Here, e
(vox)
1 indicates the direction

that has maximum variance with respect to the position of each
voxel and e

(vox)
j is orthogonal to e

(vox)
m (m = 1, . . . , j − 1).

Therefore, we can fit the plane for the terrain, which has a
normal vector e

(vox)
3 , as shown in Fig. 8(a). According to this

approach, the orientation state (ψi, θi , φi) of node x(node)
i is cal-

culated using the rotation matrix based on this fitted plane. In the
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first phase, the cross product nz × np and the angle η between
the vertical unit vector nz = [0 0 1]� and the normal vector
of the approximate plane np = e

(vox)
3 = [e(vox)

3x e
(vox)
3y e

(vox)
3z ]�,

are, respectively, calculated as follows:

nz × np =
[
−e(vox)

3y e
(vox)
3x 0

]�
(10)

η = arccos
nz · np

‖nz‖‖np‖ . (11)

In the second phase, two rotations are performed continuously
as indicated in Fig. 8(a): rotation by angle η based on the rotation
axis nz × np , and rotation by angle φ−i based on rotation axis
np . Here, φ−i is the yaw angle, which was calculated by the
motion model expressed by (6). This rotation process can be
expressed as the product of two quaternion expressions q2q1, as
follows:

q2q1 =
[
qx qy qz qw

]�
(12)

q1 =
[
−e(vox)

3y sin η
2 e

(vox)
3x sin η

2 0 cos η
2

]�
(13)

q2 =
[
e

(vox)
3x sin φ−

i

2 e
(vox)
3y sin φ−

i

2 e
(vox)
3z sin φ−

i

2 cosφ
−
i

2

]�
.

(14)

Finally, to update the orientation state (ψi, θi , φi) for the random
node x(node)

i , we transform the quaternion notation to roll-pitch-
yaw notation as follows:

ψi = arctan
2(qw qx + qy qz )
1 − 2(q2

x + q2
y )

(15)

θi = arcsin {2(qw qy − qz qx)} (16)

φi = arctan
2(qw qz + qxqy )
1 − 2(q2

y + q2
z )
. (17)

Through the steps presented before, the orientation state
(ψi, θi , φi) of the new node x(node)

i is completely updated based
on the terrain information from the OctoMap, as shown in
Fig. 8(b).

As a result, the vehicular model that corresponds to each
node closely interfaces the terrain. Note that the processing
steps introduced in this section to achieve state updates rep-
resent an approximate processing methodology given that the
modeling of the vehicle as a rigid body—represented as a rectan-
gular parallelepiped—is not guaranteed to tangentially interface
a nonflat terrain completely. In general, because the vehicle is in
contact with the ground via its rubber tires, the updated states are
thus the most stable poses in contact with the terrain. Therefore,
this approximation process is valid.

VIII. DESIGN OF CONFIGURATION OBSTACLES

This section describes the details of a design method for
configuration obstacles defined in configuration space. While
generating random nodes to expend tree structure in the con-
figuration space, the validity of the nodes, concerning whether
their corresponding configurations are included in the area of the
configuration obstacles Cobs , must be verified. The only nodes
whose validity is guaranteed with respect to the configuration of
the vehicle are connected to each other to expand the tree struc-
ture. Thus, in this study, the design of the evaluation criteria,
for verifying the validity of the node, is equivalent to the design

Fig. 9. Example of relationship between linear velocity v and corre-
sponding maximum inclination angles (ψmax, θmax).

of the configuration obstacle. From the point of view of avoid-
ing physical obstacles and considering vehicle characteristics,
we designed two evaluation criteria for the design of configu-
ration obstacles: interference check with OctoMap, and vehicle
characteristics check. Both criteria are presented in detail in the
following sections.

A. Interference Check With OctoMap

First, the evaluation criteria check whether the vehicle itself,
assumed to exist on the node, interferes with OctoMap based
on the pose of each random node x(node)

i = [xi yi zi ψi θi φi ]�
generated in the configuration space. As shown in Fig. 8(b), we
define a 3-D model representing the geometry of the vehicle by
using the overall size parameters (i.e., length, width, and height),
mentioned in Section III-A. The interference check between the
3-D model of the vehicle, corresponding to the random node,
and OctoMap, can be written as follows:

∀(x(vm) , y(vm) , z(vm)) /∈ Moct → x(node)
i ∈ Cfree (18)

∃(x(vm) , y(vm) , z(vm)) ∈ Moct → x(node)
i ∈ Cobs (19)

where (x(vm) , y(vm) , z(vm)) denotes an arbitrary 3-D position
belonging to the 3-D model of the vehicle corresponding to node
x(node)
i . Moct represents a set of voxels with regular hexahedron

structure constituting the OctoMap. In this study, we utilized the
flexible collision library [26] in order to implement the inference
check between the 3-D model of the vehicle and the set of voxels
constituting the OctoMap.

B. Vehicle Characteristic Check

The second evaluation criteria check whether the gener-
ated random node satisfies the condition defined as the vehi-
cle characteristics by considering the 6-DoF state of the node
(x, y, z, ψ, θ, φ) and control velocity (v, ω). This check process
is performed based on two criteria: maximum inclination angle
and minimum turning radius.

1) Maximum Inclination Angle: A typical example of the re-
lationship between the linear velocity of the vehicle v and cor-
responding maximum inclination angles (ψmax, θmax) is repre-
sented in Fig. 9. The relationship between these two is modeled
as a linear monotone decreasing function, in this case, provided
that the maximum allowable inclination angles, corresponding
to both the roll and pitch angles, become smaller as the vehi-
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Fig. 10. Suzuki Jimny customized for fully autonomous driving on
rough terrain, which is assumed as off-road UGV in experiments.

cle drives at higher speed. Note that this relationship should be
set differently depending on various situations, such as vehicle
performance or user intention. These evaluation criteria can be
written as follows:

|ψi | ≤ ψmax(vi) and |θi | ≤ θmax(vi) → x(node)
i ∈ Cfree (20)

|ψi | > ψmax(vi) or |θi | > θmax(vi) → x(node)
i ∈ Cobs (21)

where ψi and θi denote the roll and pitch angles of node x(node)
i ,

which are calculated, respectively, by the methodology de-
scribed in Section VI-B. vi is the linear velocity corresponding
to node x(node)

i . ψmax(vi) and θmax(vi) represent the maximum
allowable inclination angles obtained by the graph shown in
Fig 9.

2) Maximum Turning Radius: Finally, minimum turning ra-
dius should also be considered in the design, to evaluate whether
node x(node)

i belongs to a configuration obstacle. The turning
radius of the vehicle is defined as |v/ω|. Therefore, the evalu-
ation criteria for the minimum turning radius can be defined as
follows:

|vi/ωi | ≤ rmin → x(node)
i ∈ Cfree (22)

|vi/ωi | > rmin → x(node)
i ∈ Cobs (23)

where |vi/ωi | denotes the turning radius that corresponds to the
node x(node)

i . rmin denotes the minimum turning radius, which
should be defined by the user in advance. It should be set in
consideration to various conditions, such as the performance of
the vehicle.

Consequently, only random nodes satisfying all conditions of
(18), (20), and (22) are added to the new tree structure. On the
other hand, nodes satisfying only one of the (19), (21), and (23)
are removed.

IX. EXPERIMENTAL RESULTS

In the experiments, Suzuki Jimny, which is widely known
for very high off-road performance, was assumed as the off-
road UGV. Fig. 10 shows a Suzuki Jimny customized for fully
autonomous driving on rough terrain. We specify four fixed pa-
rameters in advance, for all experiments, with reference to ve-
hicle characteristics: vehicle length 3.4 m, weight 1.5 m, height
1.7 m, and minimum turning radius 4.8 m. In addition, the
function model for the relationship between linear velocity and

maximum inclination angles is as follows:

ψmax(v) = −0.68v + 37 (24)

θmax(v) = −0.83v + 35. (25)

Here, the units of angles (ψmax, θmax) and linear velocity v are
deg and km/h, respectively. The graphs for (24) and (25) are
represented in Fig. 9. We used (24) and (25) to determine the
validity of the generated random nodes based on the maximum
inclination angles by considering the vehicular speed. In other
words, these equations are used to calculate ψmax and θmax in the
evaluation criteria of (20) and (21). Note that the coefficients
of these monotonically decreasing functions were set in con-
sideration of the performance and safety of the UGV shown in
Fig. 10. In contrast, the following parameters are set differently
for each experiment by considering the regulations or user in-
tention, namely time period of control input Δt, upper and lower
limits for linear velocity (vmin, vmax), and Gaussian distribution
parameters (vμ , vσ ) for random number generation. A laptop
with an Intel Core i7-3612QM CPU and 12.0-GB memory was
used to execute the proposed motion planner.

In our implementation of random sampling, we set the sam-
pling period Δt (i.e., the control period of the vehicle) in (4)–
(6) to 0.5 s. Hence, the extension length of each node depends
on the control velocity v sampled by the probability density
function (1). In addition, apart from the processes used to gen-
erate the random nodes, as described in Section VII-A, a goal
bias node and corresponding control velocity are generated with
a probability of 5 % on the direction toward the target point. As
a result, it is possible to implement a planner with a bias that is
directed to the destination. Of course, the validity check on all
generated nodes, including the goal biased node, is performed in
accordance to the evaluation criteria described in Section VIII.
Thus, only valid nodes remain.

A. Simulation Environment

In the simulation experiments, we generated the 3-D point
cloud for an artificial off-road environment, as shown in Fig. 11,
to verify the effectiveness of the proposed off-road motion plan-
ner. The size of the entire information map was approximately
200 × 200 m2 and its point cloud contained millions of points.
Thus, it could be considered a relatively large-scale environ-
ment compared to environments covered by previous studies.
Moreover, the environment contained a high mountain at the
middle of the environment, as well as a large amount of rough
terrain; therefore, the planner was required to decide whether
to avoid or to directly pass through the mountain, depending on
the performance of the vehicle or predefined regulations. Here,
we conducted experiments of two speed regulation patterns on
the same environment: velocity sampling based on 10 km/h
(pattern 1) and velocity sampling based on 30 km/h (pattern
2). The intended regulation in the experiment of pattern 1 was
that the planner should allow a vigorous posture (i.e., roll and
pitch angles) change when passing through rough terrain, since
low linear velocities of approximately 10 km/h were sampled.
In stark contrast with pattern 1, the motion planner of pattern
2 should suppress violent posture fluctuations; thus, it should
generate a motion that avoids steep terrain because high linear
velocities of approximately 30 km/h were randomly generated.
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Fig. 11. Experimental results in simulation environment. (a) All generated nodes, output path as solution, and changes of several variables for
each node on generated motion in case of pattern 1. (b) All generated nodes, output path as solution, and changes of several variables for each
node on generated motion in case of pattern 2.

TABLE I
PARAMETERS FOR EACH EXPERIMENTAL CONDITION

Table I summarizes a set of variable parameters in view of these
regulations, for each experimental condition. In the simulation
environment experiments, the initial and target poses were set
at the bottom-left side and upper-right side of the environment,
respectively, to generate motion for as wide a region as possible.
The PDST [11] planner was chosen as the motion planner. The
experimental results for patterns 1 and 2 are shown in Fig. 11.
Here, the time required to find solutions in both cases was within
5 s, which is a feasible processing time, and the total number
of generated nodes constituting the tree were 7873 and 6259,
respectively. Among them, the number of nodes on the output
paths were 251 and 87, respectively. Their lengths were 366.0
and 346.3 m respectively.

Based on the intended regulations mentioned before, in the
case of the pattern 1, many random nodes were generated in
a region with an undulating mountain in the central part of
the map; thus, a solution path was generated through the un-
dulating environment, as shown in Fig. 11(a), given that the
allowable inclination angles in the roll and pitch directions, at
linear velocities of approximately 10 km/h are relatively large,
as represented in Fig. 9, (24), and (25). On the other hand, in
contrast to pattern 1, the motion planner with the parameters
of pattern 2 could not generate random nodes on the central
part of the map, therefore, it made a detour to avoid the undu-
lating mountain, as shown in Fig. 11(b), because the allowable
inclination angles in the roll and pitch directions, at linear veloc-
ities of approximately 30 km/h, were relatively small. Graphs
in Fig. 11 illustrate the changes to each node on the generated

Fig. 12. Repeated experimental results using each parameter set for
pattern 1 (red paths) and pattern 2 (blue paths).

motion, namely changes in the height direction, linear velocity,
roll angle, and pitch angle. Note that all nodes did not exceed the
permissible inclination angles ψmax(v) and θmax(v) calculated
from (24) and (25).

Fig. 12 shows repeated experimental results based on each
parameter for patterns 1 and 2. We replicated each experiment
10 times. Most of the results of pattern 1 passed through the
undulating mountain in the center part. On the other hand, all the
results of pattern 2 circumvented that area. The times required
to produce solutions ranged between 3–6 s approximately. Fur-
thermore, the standard deviations associated with the required
times as well as path lengths for the repeated experimental re-
sults were not very large. Additionally, we have successfully
conducted additional experiments in a much larger off-road en-
vironment (1000× 1000 m2) under conditions that require fairly
long paths as solutions. The time taken to identify the solutions
was all within 200 s, which is a relatively feasible processing
time. Of course, the computation time depends on the size of
the environment. However, in contrast to the Dijkstra algorithm
described in Section II, our approach does not lead to computa-
tional time increases as a function of the square of the number
of nodes. Consequently, the aforementioned results indicate that
we could design a novel motion planner, which could generate
motion within feasible processing times by considering all the
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Fig. 13. Actual experimental environment including both paved and
unpaved area.

TABLE II
SPECIFICATIONS OF VELODYNE LIDAR SENSOR HDL-32E

DoFs, vehicle characteristics, and predefined regulations, in a
relatively large, off-road environment.

B. Real Environment

To verify its applicability in a typical organized outdoor envi-
ronment, we conducted additional experiments in a real environ-
ment, which had both unpaved area and paved road, as shown
in Fig. 13. We built the information map (i.e., 3-D point cloud
data) of the environment by using a mobile mapping system,
as shown in Fig. 10, equipped with a global positioning system
and a Velodyne laser imaging detection and ranging (LiDAR)
HDL-32E sensor in advance. The LiDAR sensor was installed at
a height of 2.4 m on the z-axis of the vehicle’s coordinate frame.
The specifications of the HDL-32E are shown in Table II. The
entire size of the built map information was 208 × 184 m2 and
its point cloud contained 4,615,845 points. We performed a sub-
stantial number of experiments under various conditions, such
as changing initial and target poses, vehicle parameters, regula-
tions, and planner selection. Among them, Figs. 14 and 15 show
experimental results at different initial and target poses, which,
respectively, apply the RRT [9] and PDST [11] planners to the
pattern 1 parameters listed in Table I. The details of the results
were as follows. In regard to the RRT planner [see Fig. 14], the
times required to identify the solutions were approximately 1
and 3 s, respectively. The total number of nodes that represented
the entire set of trees were, respectively, 707 and 1980. The total

Fig. 14. Experimental results which apply the RRT [9] in a real envi-
ronment. (a) Generated nodes. (b) Output path presented as solutions.

Fig. 15. Experimental results which apply the PDST [11] in real envi-
ronment. (a) Generated nodes. (b) Output path presented as solutions.

number of output path solutions were, respectively, 60 and 50.
The lengths of the paths were 82.5 and 70.2 m, respectively. In
the case of PDST [see Fig. 15], the required time in both cases
was approximately 1 s. The total number of nodes that repre-
sented the entire set of trees were, respectively, 1355 and 1287.
The total number of output path solutions were, respectively, 58
and 49. Finally, the lengths of the paths were 79.2 and 67.1 m,
respectively. In these experiments, real data were used, and most
of the solution paths were generated along the pavement, since
there were low-dirt piles between the pavement and the unpaved
road. However, some nodes were generated on the pavement and
on the unpaved area that is flat enough to allow the vehicle to
travel. The results indicate that some of the dirt piles were low
enough to allow the vehicle to apply the condition of pattern 1
to break through.
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In the case of the environment that includes well-organized
roads, a very short processing time is required to find a solution
path with fewer nodes in comparison to the simulation case de-
scribed in the previous subsection. Consequently, the proposed
motion planner also performed well in the organized outdoor
environment.

X. CONCLUSION

This paper proposed a novel motion planner for off-road
UGVs, which considers regulations depending on different sit-
uations, as well as the unique characteristics of each vehicle.
The proposed motion planner can identify the solution within
a feasible processing time, even in a relatively large-scale envi-
ronment, because the state generation process of (x, y, φ) and
(z, ψ, θ) which are the elements of each node is decoupled in a
random sampling based manner. Note that an excessive compu-
tational time is required to search the 6-DoF elements within a
large configuration space. The validity of the proposed motion
planning scheme was investigated through a substantial number
of experiments, both in a simulation environment with a rough
terrain, and a real environment including organized pavements.
The following conclusions were drawn.

1) The proposed motion planner considers the motion model
of a vehicle and terrain information from OctoMap during
random node sampling; thus, it is possible to generate a
path reflecting the vehicle’s moving ability.

2) Since a novel biased sampling scheme that generates con-
trol velocity data is applied that is based on an adaptive
probability distribution in accordance to user-defined reg-
ulations, the motion planner used to generate an adaptive
path that takes them into account works well.

3) A solution path that satisfied the vehicular characteris-
tics while it avoided physical obstacles was produced
because we designed the evaluation criteria based on ve-
hicular characteristics and on the collision check in the
configuration space.

Finally, the future work related to this study is as follows.
In this study, the motion planner was implemented under the
assumption that the map information of a target environment
is pregiven. However, there is no guarantee that the pregiven
map is an exact match to the actual environment. Moreover,
vehicle localization error should also be considered when the
vehicle follows the generated path. Therefore, we will develop
a more robust motion planning scheme that could manage such
uncertainties from map information and vehicle localization. In
addition, we can take a new strategy to choose the best one of
many path solutions into consideration. Given that our proposed
planning scheme is able to identify a solution within feasible
processing time, the planning process between the same initial
configuration and target configuration can be repeated several
times. Thereafter, a user can select one of the most appropriate
paths based on a user-defined cost function that evaluates various
physical quantities, such as length, smoothness, amount of work,
and fuel consumption.
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