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Abstract—This paper presents an obstacle avoidance system for the Segway Robotic Mobility Platform (RMP). The system 
consists of four main modules: terrain mapping, terrain traversability analysis, path planning, and motion control. The main 
sensor in our system is a forward/downward-looking 2-D Sick laser rangefinder. The terrain mapping module registers real-
time laser range data into a grid-type elevation map. The traversal property of the elevation map is then analyzed by the 
traversability analysis module, which transforms the elevation map into a traversability map.The paper introduces a new con-
cept called “traversability field histogram,” which is used to transform the traversability map into a one-dimensional polar 
histogram. Finally, the path planning module determines the steering and velocity commands and sends them to the motion 
control module.   

I. INTRODUCTION 
Autonomous navigation on non-flat terrain requires the 

ability to decide whether a terrain feature can be traversed or 
whether it must be circumnavigated. This ability is usually 
termed Obstacle Negotiation (ON). A special case of ON is 
navigation on flat terrain, which we will refer to as “Obsta-
cle Avoidance” in this paper. For the Segway Robotic Mo-
bility Platform (RMP), the operating environment is usually 
flat ground. However, we want to enhance the navigation 
capability of the platform by allowing debris, small steps, or 
other irregularities to be traversable. This is in contrast to 
conventional OA systems, which treat any sensor discern-
able elevation on the ground as an obstacle and attempt to 
circumnavigate it. For simplicity we will still refer to the 
system described in this paper as an OA-type system, al-
though it has the capabilities of an ON system.  

In our thus-enhanced OA system there are two closely re-
lated issues—terrain mapping and path planning. 

Most existing terrain mapping algorithms employ stereo-
vision [1, 2, 3, 4], which has to cope with several challenges: 
(1) sensitivity to environmental conditions, (2) low range 
resolution and accuracy, and (3) range measurement errors 
that increase proportionally with the true range. To avoid 
these challenges altogether, robotics researchers have used 
3-D Laser Rangefinders (LRFs) since the early nineties [5, 6, 
7]. However, 3-D LRFs are costly, bulky, and heavy, and 
they are thus not suitable for small and/or expendable robots. 
Furthermore, the slow frame rate produced by 3-D LRFs can 
affect the robot’s mobility if range data are acquired frame 
by frame.   

To overcome these disadvantages, we propose a 2-D LRF-
based terrain mapping method for the Segway RMP, similar 
to our earlier work [8, 9]. Our proposed method fully utilizes 
the accuracy of the laser range data for terrain mapping but 
avoids the slow frame rate associated with 3-D LRFs.  

The specific focus of this paper is on real-time path plan-

ning, that is, determining the robot’s motion based on real-
time sensor data. Path planning for non-flat terrain must ad-
dress two problems: Terrain Traversability Analysis (TTA) 
and path generation. In our system we use a grid-type repre-
sentation of the terrain, and the task of our TTA module is to 
assign so-called Traversability Indices (TIs) to all relevant 
cells in a local terrain map. TIs represent the overall tra-
versal property of the cell with reference to the surrounding 
terrain. Similar approaches are described in the literature [4, 
10, 11]: in [10] TIs are represented in binary form, [11] uses 
continuous numeric values, and in [4] TIs are described by 
fuzzy sets.  

The other task of path planning is the generation of steer-
ing and velocity command for the robot. This task is some-
times achieved by what the scientific literature calls “behav-
ior control.” A behavior-based OA system [4, 10, 12] usu-
ally comprises a number of behavior modules with different 
functionality, e.g., an obstacle avoiding behavior or a goal 
seeking behavior [12].  Each of them performs its own task 
without considering the functionality of the others. As the 
actions determined by different modules may be conflicting 
with each other, a behavior arbitration mechanism is used to 
resolve the conflicts and to determine the action for the ro-
bot. This approach usually produces good real-time per-
formance. However, the convergence of such algorithms is 
hard to prove. 

Some researchers employed the so-called “arcs approach” 
[3, 10, 13, 14]. In the arcs approach the algorithm generates 
a number of candidate arcs and then either votes for the arc 
with the largest clearance [10] from obstacles or calculates 
the costs along each arc and selects the one with the lowest 
cost [3, 13, 14]. The robot is then steered along the winning 
arc. In [14] the cost function is the sum of traversability val-
ues along each arc. Here the D* algorithm is used to mini-
mize the cost. Gennery’s path planner [11] computes the cost 
of driving through a grid. The cost function comprised two 
components: the distance traveled and the probability that 
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the slope or roughness may be too large to traverse. A path 
planner is then employed to find a path that minimizes the 
total cost. The probability approach takes into account the 
inaccuracy of stereovision data. 

 There are some attempts to apply potential field methods 
to terrain navigation [15]. However, the application of po-
tential field methods to OA may result in oscillatory motion 
[16] or cause the robot to get trapped in a local minimum. 
The Vector Field Histogram (VFH) method [17], developed 
by one of the co-authors of this paper, overcomes the limita-
tions of potential field methods. The VFH algorithm has 
been demonstrated to produce non-oscillatory, fast obstacle 
avoidance for a variety of mobile robots at our lab and at 
other research labs.  

In this paper, we modify and extend the capabilities of the 
VFH algorithm and apply the modified algorithm to terrain 
navigation. The paper is organized as follows: In Section II, 
we provide a brief overview of our OA system. In Sections 
III we detail our Terrain Mapping method. Then in Section 
IV we describe the Traversability Analysis algorithm and 
our Path Planning algorithm. In Section V, we present ex-
perimental results of our terrain mapping method and simu-
lation results of the overall OA algorithm. Section VI con-
cludes the paper. 

II.  OVERVIEW OF THE OBSTACLE AVOIDANCE SYSTEM  
Figure 1 shows a block diagram of our OA system. It con-

sists of four main modules: Terrain Mapping, Terrain 
Traversability Analysis (TTA), Path Planning, and Motion 
Control. 

The main sensor in our system is the SICK 2-D laser 
rangefinder (LRF), and the configuration described here is 
with the LRF mounted on the front end of the Segway RMP. 
The LRF looks forward and downward at the terrain at an 
angle of -10° from the horizon. With this configuration, the 
LRF has a look-ahead distance of 5 meters. While the robot 
is in motion, the fanning laser beams sweep the terrain ahead 
of the robot and produce continuous range data of the ter-
rain. The terrain data is then transformed into coordinate 
values in the world coordinate system using the robot pose 
information from the Proprioceptive Pose1 Estimation (PPE) 

system, and registered in a map, which is represented by a 2-
dimensional (2-D) array or “grid.” Each element or “cell” in 
the map holds a value representing the height of the ter-
rain/obstacle at that cell. Such a grid-type map is also called 
a “2½-D map,” “elevation map” or simply a “terrain map” 
[8]. 

 
1 “Proprioceptive” in the context here means based on dead-reckoning only, 
i.e., without external references. “Pose” is the set of three Cartesian coordi-
nates and the three attitude angles. 

The task of the TTA module is to analyze the terrain map 
cell by cell and to generate a new 2-D grid-type map, called 
“Traversability Map.” Each cell in that map holds a value 
that expresses the degree of difficulty for the robot to move 
across that cell. This value is called “Traversability Index” 
(TI). 

The Path Planning module is a local path planner. It ana-
lyzes the traversability map and generates steering and ve-
locity commands to avoid cells with high TIs. 

III. TERRAIN MAPPING    

1. The Segway RMP 
As depicted in Figure 2, the main components for terrain 

mapping are the PPE system and the LRF. The Segway 
RMP is a dynamically self-balancing platform. In order to 
move forward or backward, the robot leans its body forward 
or backward. This behavior, adopted for the RMP platform 
from the popular Segway Human Transport (HT) platform, 
causes the robot accelerate forward or backward in order to 
maintain balance. Since much of the drive control involves 
leaning forward or backward, the platform and thus the sen-
sor have non-zero and varying pitch angles even on flat 
ground. This unique behavior has certain advantages for our 
statically mounted 2-D LRF, namely it provides the LRF a 
vertically wider field of view. On the other hand, the pitch-
ing motion requires a very accurate pose estimation system. 
In our case this function is provided by in-house developed 
FLEXnav system [18]. Another helpful property of the Seg-
way is that its footprint is roughly circular and it can turn on 
the spot. This feature simplifies path planning and obstacle 
avoidance.  

 
Fig. 1. Diagram of the obstacle avoidance system: the module within the 
dashed lines represents the Terrain Mapping module. 

  
Fig. 2. The Segway RMP: The main components for terrain mapping are the 
PPE and the LRF, which are connected to the on-board computer. The wire-
less router is used for the access of the off-board computer to the mapping 
system.    

2. Terrain mapping method 
Terrain mapping is the process of transforming range 

measurements in the LRF’s coordinate system to 3-D points 
in the world coordinate system (the latter is also called 
“navigational frame”). In our work we use homogeneous 
coordinate transformation for this purpose. Figure 3 depicts 



 

the coordinate systems used for terrain mapping. xbybzb is the 
coordinate system fixed to the robot’s body with yb pointing 
forward, xb pointing right and zb pointing upwards. This co-
ordinate system is called “robot body frame.” The naviga-
tional frame xnynzn is aligned with the robot body frame 
when the PPE is initialized. This frame is constant and fixed 
to the world coordinate system after the initialization. All 
other frames are attached to the components installed on the 
robot and they are moving with the robot body. The three 
Euler angles are defined as follows: roll (φ), pitch (θ) and 
yaw (ψ) are the rotation angles around yb, xb, and zb axes, 
respectively.  

The transformation matrix  of the homogeneous trans-
formation can be derived through successive rotations and 
translations from xryrzr to xnynzn. For conciseness, we omit 
this derivation here.  is then used to transform a range 
datum in the laser measurement frame xryrzr to a 3-D point in 
the navigational frame xnynzn as follows: 
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where  and are the range measurement in the naviga-
tional frame and the laser measurement frame, respectively, 
and xn, yn, and zn are the coordinate values in the navigational 
frame. Once xn, yn, and zn are determined, the elevation value 
h(i, j) of the corresponding cell (i, j) in the elevation map is 
updated by 

nd rd

    .                (2) 
⎩
⎨
⎧ >

=
otherwise        ),(

),( if              
),(

jih
jihzz

jih nn

In our system, we also build a certainty map which repre-
sents the same space as the elevation map except that each  
cell in the certainty map represents the number of times the 
terrain represented by that cell was illuminated by LRF’s 
light beam. The certainty map is used to filter corrupted 

range data. Details of the filter and the use of the certainty 
map are explained in [8]. The real-time data from the PPE 
and the LRF are acquired frame-by-frame by the onboard 
computer and registered in the terrain map while the robot is 
in motion. 

IV. OBSTACLE AVOIDANCE 
As mentioned earlier, obstacle avoidance is implemented 
through the use of two functional modules: terrain traver-
sability analysis and path planning. We discuss these mod-
ules in detail in this Section. 

1. Terrain traversability analysis 
The terrain traversability analysis (TTA) module assigns a 

TI value to each cell in the terrain map, thereby transforming 
the terrain map into a traversability map. Let us assume we 
have a terrain map }{zi,j=E , where i and j are the row and 
column cell indices, respectively, and the Robot Center 
Point2 (RCP) is located at  in the terrain map, 

where  and  are the coordinates corresponding to cells 
(i, j). We then define a square terrain patch 
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}| { ,, ;,,, LjLjlLiLiklkzP +−=+−== LL . P has a side length of 2L+1 (in 
terms of number of cells) and it is centered at cell (i, j). L is 
chosen in such a way that the terrain patch completely en-
velops the robot regardless of the robot’s orientation. Each 
cell in the grid-type map has a size3 of 250 mm × 250 mm. 
In order to account for the footprint of the Segway RMP, we 
selected L=2. A plane is then fitted to the terrain patch using 
the Least Square Error method and the normal n to the fitted 
plane is computed. The slope of the terrain patch is then es-
timated by 
                                ,                                    (3) )(α bn ⋅= −1cos

where ; and the roughness of the terrain patch is 
approximated by  
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xnynzn: navigational frame   xbybzb: robot body frame 
xfyfzf: sensor base frame     xsyszs: LRF mounting set frame 
xlylzl: LRF frame      rnyrzr: laser measurement frame 
 
Fig. 3. The coordinate systems for the Segway RMP terrain mapping 
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where d  is the Euclidean norm of the residual of the fit d 
and di is the distance between the ith data and the fitted plane. 
Finally, cell (i, j) is assigned a TI value by 

                            |/||| 21, NFFji σατ += .                            (5) 

F1 and F1 are empirically chosen and their value represents 
the contribution of the terrain slope and roughness to the TI 
value. In this study, F1=300 and F2=6 were used, which 
results in the slope having a slightly larger contribution than 
the roughness. The traversability analysis is performed cell-
by-cell in the local terrain map. Once each cell is assigned a 
TI value, the terrain map E has been effectively transformed 

 
2 For simplicity we placed the RCP at the geometric center of the robot.  
3 In case a finer resolution is required for map rendering, a smaller grid size 
may be used terrain mapping. Under this condition, cell may be merged to 
form the 250 mm × 250 mm grid for obstacle avoidance  



 

into a traversability map }{ , jiτ=T . 

2. Path Planning Using the Traversability Field Histogram 
The VFH method was proposed in [17] for fast obstacle 

avoidance. In this paper, we employ the VFH concept and 
propose a new local path planning method, the Traversabil-
ity Field Histogram (TFH) algorithm for general OA. The 
TFH method extends the VFH’s capability from OA on flat 
ground to ON on non-flat terrain. It should be noted that 
conventional 2-D obstacle avoidance is a special case under 
the TFH framework.  

The MGTFH algorithm first forms a square-shaped local 
terrain map S*, which overlays the global terrain map E like 
a window. There are ws×ws cells in S*, and their size is the 
same as that of cells in E. S* centers at the momentary posi-
tion of the RCP, and we chose ws=37 in our implementation. 
As a result of this choice, S* covers a physical region of 
9.3 × 9.3 m (37×250 mm = 9.3 m).  

Next, the MGTFH algorithm performs the terrain traver-
sability analysis (described in the preceding section) over the 
cells in S* and transforms the local terrain map into a traver-
sability map.  

After the above preprocessing, the TFH algorithm com-
putes the motion command based on the traversability map 
inside S* using two stages: (1) creation of a one-dimensional 
polar histogram, and (2) generation of the motion command. 
These two stages are explained next. 

3. Creation of  the Polar Histogram 
Figure 4 is the 2-D representation of a traversability map 

where the TI value is rendered in color (or in gray level in a 
grayscale illustration). The cells with nonzero TI values in 
the traversability map generate an imaginary vector field, 
which exerts virtual repulsive forces on the robot and repels 
it away from an untraversable region. We call this field 
“traversability field” and we call the polar histogram H 
“traversability field histogram.” Since we are extending the 
VFH method [17] to handle the general OA problem, we 
adopt the same terms, “obstacle vector” and “polar obstacle 
density” as in [17]. They are defined in this section. 

The contents of each cell in the traversability map is 
treated as an obstacle vector [17] whose direction is calcu-
lated by 
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and the magnitude is given by 
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where 
ji,β   – direction from cell (i, j) in S* to the RCP, 

ji yx ,   – coordinates of  cell (i, j),  

oo yx ,   – present coordinates of the RCP, 

jim ,   – magnitude of the obstacle vector at cell (i, j). 
 ji,τ   – TI value of cell (i, j),  

a, b   – positive constants (see below) 
jid ,    – distance between cell (i, j) and the RCP, 

In equation (7),  is proportional to –d. Therefore, cells 
with non-zero TI values result in larger vector magnitudes 
when they are closer to the robot and smaller ones when they 
are farther away. It should be noted that a and b are chosen 
such that 

jim ,

0max =− bda , where 2/)1(2max −= swd  is the 
distance between the farthest cell of S* and the RCP. This 
arrangement guarantees  for the four farthest cells 
(the four vertices) of S*. 

0, =jim

As shown in Fig. 4, S* is divided into n sectors, each of 
which has an angular resolution of α (α is chosen such that 

α/360  is an integer). Each sector k, for 1,,0 −= nk L , 
corresponds to a discrete angle αρ k=  in H. The cells (i, j) 
in S* are assigned to the kth sector according to 

                               )int( , αβ jik = .                                      (8) 

For each sector k, the polar obstacle density hk is then calcu-
lated by 
                                ∑=
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jik mh

,
, .                                          (9) 

In our implementation α = 5°, therefore, there are 72 sec-
tors. Polar obstacle densities produced by this equation are 
discrete, hence H is discontinuous. This may lead to drastic 
change in motion since H is used to determine the robot's 
steering and velocity. In order to alleviate this problem, we 
use the following function to smooth the polar obstacle den-
sity: 
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where  is the Smoothed Polar Obstacle Density (POD). 
The parameter p determines how much the polar histogram 
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Fig. 4. Transformation of a traversability map into a polar histogram: X and 
Y axes represent the coordinates in the navigational frame. 



 

is smoothed, and we found that p=3 produces the best re-
sults.  

The POD of each sector represents the level of difficulty 
of moving in the corresponding direction. Figure 5 shows 
the polar histogram H for the momentary situation where the 
RCP is located at cell ‘q’. The parallelepiped object pro-
duced large PODs in sectors 1-14 and sectors 64-72 (i.e., -
40°−70°) because it is high in elevation. Cone 1 generated 
small PODs in sectors 19-30 (i.e., 95°−150°) since its low-
profile tip faced the robot, whereas cone 2 produced rela-
tively larger PODs in sector 47-60 (i.e., 235°−300°) because 
its base (with its higher elevation) faced the robot. This ex-
emplifies how H correctly reflects the overall traversability 
of each sector in region S*. 

4. Steering Control 
 When the robot travels on terrain, the polar histogram H 

changes from instance to instance. The objective of the OA 
algorithm is to steer the robot toward a direction with lower 
PODs, while still maintaining a direction that is close to the 
target direction. As can be seen from Fig. 5, a polar histo-
gram typically has “hills” (sectors with high PODs) and 
“valleys” (sectors with low PODs). A “candidate valley” is a 
cluster of consecutive sectors with PODs below a certain 
threshold (e.g., Fig. 5 has two candidate valleys). The candi-
date valley, which is eventually used to determine the ro-
bot’s next heading direction, is called the “winning valley.”  

Assuming that the robot’s target is , the sector 
number  of the target vector is calculated by Eq. (6) and 
(8) (  and  are replaced by  and  in this case). We 

denote the ith candidate valley by  where  

and  represent the sector number of the right and left bor-
der of candidate valley , respectively. The width of the 

valley, si, is  sectors. A valley is called a 
“wide valley” if  (in our system ), other-
wise, we call it a “narrow valley.” We denote the winning 
valley by . The robot’s next heading direction is then 
defined as 
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where  and  represents the sector number of the right 
and the left border of , respectively. The border determin-
ing the next heading direction is called the winning border, 
and  is the width of . If the winning valley is narrow, 
the robot is directed to steer into the direction of the center 
of the valley. If the winning valley is a wide one, then a sec-
tor smax/2 sectors from the winning border is selected as the 
new steering direction. Treating the final selection of a steer-
ing direction as a spatial problem within the polar histogram 
eliminates the oscillatory behavior inherent in potential field 
methods [16] and represents the major distinction between 
those methods and the VFH method. However, the steering 
command determined by Eq. (11) may cause the robot to 
circle the obstacle and thus miss the target. Therefore, we 
need an exit condition. Once the exit condition is met, the 
robot will be forced to move straight toward the target direc-
tion. In order to do this, we define the target direction to be 
“free” if each sector of the cluster of sectors 

R
wk L

wk

wv

ws wv

[ ]2,2 maxmax sksk tt +−  lies in a candidate valley, i.e., the 
POD of each sector is smaller than the threshold value. The 
steering control algorithm first checks whether the target 
direction is free. If so, then the robot’s next heading is 
pointed at the target direction. Otherwise, the steering 
scheme in Eq. (11) is applied. 

5. Speed Control 
The robot runs initially at its maximum speed vmax (1 m/s 

in our simulator). The robot will try to maintain this speed 
unless forced by the MGTFH algorithm to a lower value, 
which is determined at each time step as follows: 

The POD in the current direction of travel is denoted as 
.  indicates that rugged terrain lies ahead of the 

robot. A large value of  suggests that an obstacle lies 
ahead. In either case a reduction in speed is in order. In our 
system speed is reduced in inverse proportion to the POD 
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(a)  Terrain map                   (b) Polar histogram at ‘q’ 

Fig. 5. Terrain map and the corresponding polar histogram when the robot was at position ‘q’.  



Fig. 6. Bird view of the map built by the terrain mapping method  

 

value in the momentary direction of travel: 
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mh  is a constant, which is empirically determined to produce 
a sufficient reduction in speed. A reduction in speed is also 
required when the robot approaches the target. In our current 
simulator, we further reduce the speed by                                  
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where  is the distance between the target and the RCP, 
while  is a constant (we used 1.5 m in our simulator). 

Note that  is actually the projection of the robot speed V 
on the X-Y plane. It produces a movement  in the X-Y 
plane along the robot’s next heading, and moves the RCP to 

. We then calculate the robot’s speed by 
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(a) Scene (b) Map 

Fig. 7. The robot was moving towards the doorway 

                            
xy

xyz

l
lv

V
"

= ,                                            (15) 

where  is the 3-D distance between the current RCP posi-

tion at  and the next RCP position at .  
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(a) Scene (b) Map 

Fig. 8. The robot was moving in the hall way 

V.  EXPERIMENTAL AND SIMULATION RESULTS 
At the time of submission of this paper, we had imple-

mented the map-building component of the described system 
on the real Segway RMP. However, the real-time path plan-
ning component was not yet sufficiently debugged to allow 
inclusion of real-world results from that component in this 
paper. Therefore, we present in this section real-world ex-
perimental results obtained with our terrain mapping method 
and the simulation results of our OA algorithm. 

1. Experimental results from the map-building component 
Map-building experiment was carried out in the basement 

of the Advanced Technologies Lab at the University of 
Michigan. The terrain mapping was running with the robot 
moving in the building. The data from the PPE system and 
the LRF are acquired and registered into terrain maps in real-
time. We ran numerous tests and all maps built by our sys-
tem are accurate. This reveals the accuracy of the PPE data 
and the correctness of the terrain mapping method. Figure 6 
depicts the bird view of one of the map. The robot move 
along the trajectory from ‘s’ to ‘g’.  

  
(a) Scene                                   (b) Map 

Fig. 9. The robot was moving toward the stair 

Figures 7, 8 & 9 show the correspondence between the 
scenes and the maps when the robot was moving toward the 
door way, moving in the hallway, and moving towards the 
stair, respectively. The accurate correspondence relation-
ships demonstrate once again the accuracy of our mapping 
system.  



 

2. Simulation of the OA algorithm 
The Segway RMP is at greater risk of being damaged as a 

result of a collision than conventional mobile robots. This is 
because of its potential to tip over if an obstacle interferes 
with the robot’s ability to accelerate/decelerate as is needed 
for maintaining balance. For this reason we developed a par-
ticularly detailed simulator, which allows us to test a large 
variety of environments and driving conditions.  

As shown in Fig. 10, the simulator can visualize the OA 
process in two windows with one showing the robot maneu-
vering on the terrain (Fig. 10a) and the other one rendering 
the polar histogram (e.g. Fig. 10b & c) at each robot posi-
tion. At any given step in time the polar histogram may be 
used to analyze whether the OA algorithm correctly deter-
mined the steering command. Fig. 10a depicts the terrain and 
the path determined by the OA algorithm for the navigation 
task from ‘S1’ to ‘T1’. Fig. 10b displays the polar histogram 

when the robot was at position ‘1’. Hills ‘H5’ and ‘H6’ in 
the terrain map created two peaks in the polar histogram 
(Fig. 10b) which are also labeled as ‘H5’ and ‘H6’, respec-
tively. As the target sector fell into the narrow valley ‘V2’, 
the robot moved in the middle of the passage between hills 
‘H5’ and ‘H6’ with a heading angle of 160°. When the robot 
arrived at position ‘2’, hill ‘H7’ in the terrain map created 
peak ‘H7’ in the polar histogram (Fig. 10c). Valley ‘V1’ in 
this case is a wide one. Since the target direction is free, the 
robot moves directly toward the target and finally came to a 
full stop at ‘T1’.   

Since the proposed OA algorithm steers the robot away 
from untraversable regions, the roll and pitch angles of the 
terrain patch where the robot is located can be used to evalu-
ate the performance of the algorithm. Fig. 11 plots the roll 
and pitch angles of the terrain patch where the robot was 
located in navigation task from ‘S1’ to ‘T1’. As Fig. 11 
shows, the roll and pitch angles are contained within [-4°, 
5°] and [-6.5°, 6°], respectively. This suggests that our OA 

algorithm maintained a path of gently rolling terrain, while 
avoiding steep slopes. We performed numerous test runs 
with different terrains and with different starting/stopping 
locations. In all cases, the OA algorithm successfully navi-
gated the robot.  

To verify the claim that the OA algorithm is also able to 
handle conventional OA problems on 2-D flat ground, we 
created a number of obstacle courses in our simulator to test 
the OA algorithm. In all cases, our OA algorithm guided the 
robot along collision-free paths. Figure 12 is an example 
where the robot avoided a concave obstacle on flat ground. 
Besides confirming the OA algorithm’s ability to handle 
conventional obstacle avoidance, the example also reveals 
that our algorithm is able to deal with symmetrical concave 
obstacle where the potentially field method may fail due to 
the problem of local minima.    

 
(b) Histogram at position ‘1’ 

 
                          (a) Terrain map and the real-time path generation 

Fig. 10 A navigation task from ‘S1’ to ‘T1’: Kt − target sector; L/R − left / right b
− yaw (heading) angle. 
 
(c) Histogram at position ‘2’ 

order of a candidate valley; t − time step; Vel − velocity of the robot; Yaw 

(a) Roll angle 

(a) Pitch angle 
Fig. 11. Roll and pitch angles of the robot in the navigation task from 
S1 to T1 in Fig. 10a
VI. CONCLUSIONS 
In this paper we presented a novel obstacle avoidance 



 

method for mobile robot navigation on 2-D and on moder-
ately rugged 3-D terrain. The proposed method introduces a 

mapping system capable of building 3-D terrain maps with a 
2-D LRF. The method utilizes the robot’s motion to sweep 
the 2-D LRF’s fanning laser beam to produce 3D data of the 
terrain surface.  

The map building component is complemented by an ob-
stacle avoidance algorithm based on the new concept of the 
Traversability Field. The algorithm guides the robot over 
moderate terrain along a collision-free path. The obstacle 
avoidance algorithm is capable to handle navigation prob-
lems on both flat ground surface and rough terrain. Cur-
rently, the algorithm has been tested on a large number of 
simulated 3-D terrains and on flat ground with simulated 
obstacles. We are currently implementing the algorithm on 
our Segway RMP and will begin real-world experimentation 
in early 2004.    
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