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Abstract— Hybrid legged-wheeled robots such as the CEN-
TAURO, are capable of varying their footprint polygon to carry
out various agile motions. This property can be advantageous
for wheeled-only planning in cluttered spaces, which is our
focus. In this paper, we present an improved algorithm that
builds upon our previously introduced preliminary footprint
varying A* planner, which was based on the rectangular
symmetry of the foot support polygon. In particular, we
introduce a Theta* based planner with trapezium-like search,
which aims to further reduce the limitations imposed upon
the wheeled-only navigation of the CENTAURO robot by
the low-dimensional search space, maintaining the real-time
computational efficiency. The method is tested on the simulated
and real full-size CENTAURO robot in cluttered environments.

I. INTRODUCTION

In cluttered and unstructured environments, autonomous
navigation is impeded by obstacles of various shapes and
sizes. The spacing of the obstacles can be such that con-
tinuous navigation of a wheeled robot with a fixed robot
footprint might be impossible. While stepping over obstacles
is a potential solution, switching of the control from wheeled
to stepping and the planning required to make safe footsteps
is time consuming, whereas wheeled only navigation could
reduce transit time in some cases. In such scenarios, a robot
capable of modifying its height and footprint polygon like
the CENTAURO robot [1], may be capable of performing
wheeled-only navigation in certain scenarios by expand-
ing over wide objects and narrowing into corridors. While
there exist many studies that present planning solutions for
wheeled robots, there are few that provide real-time planning
for robots with re-configurable footprints.

The CENTAURO robot is 42 DoF hybrid legged-wheeled
robot, with four 7DoF legs and wheel actuators as end-
effectors. In our previous work [2], we presented an initial
solution for re-configurable legged-wheeled navigation for
the CENTAURO robot based on a simple symmetric re-
configurable rectangle footprint and A* planner. The pre-
sented Obstacle Negotiating A* planner provided plans that
allowed the robot to negotiate wide, low-lying obstacles by
expanding over them or traverse narrow spaces by narrowing
into them, as seen from the experimental images in Fig. 1.
A rectangular constraint was imposed on the robot footprint
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Fig. 1: CENTAURO robot navigation based on plans from
the initial Obstacle Negotiating A* planner [2]. The first two
images show CENTAURO expanding over a wide obstacle,
while the last two show it narrowing into a small space.

to search for traversable plans. Being an initial version of
the algorithm, this rectangular symmetry, as well as the A*
algorithm, severely limited the flexibility of the navigation
in the following ways:

• Only certain spaces could be traversed due to incom-
plete exploitation of the agility of the robot. As shown in
Fig. 2, if there is not sufficient space between the narrow
passage and the wide obstacle, as a simple rectangle is
being used for the search, a collision would occur and
hence no path will be found. This problem also occurs
in the reverse problem of going into a narrow passage
after expanding over a wide example.

• The A* search used as the base of the planner does the
search on a 8 neighbor grid. Thereby the orientations
assumed by the robot are limited to nπ

4 ,n = 0,1, ...,8.
So if the robot has to enter a narrow passage angled at
for instance 20 deg, no path will be found. The CEN-
TAURO wheels are also capable of omni-directional
motion, but this is ignored in the A* search as well.

In this paper, we present an improved version of the
Obstacle Negotiating A* planner, such that the aforemen-
tioned limitations on CENTAURO’s wheeled-only motion
which are imposed by the low-dimensional search planner,
are eliminated while still maintaining the computationally
efficient low-dimensional search. This is done by allowing
independent operation of the front and back wheel pairs,
as well as incorporating the omni-directional motion. This
allows the robot to navigate through even tighter spaces
as well as perform more agile motions in the presence of
multiple obstacles.

The rest of the paper is organized as follows. First, we
review the related work on re-configurable planning (Sec. II).
Then, we briefly describe the initial algorithm [2], followed
by the detailed description of the introduced modifications



Fig. 2: A scenario demonstrating a drawback of the initial
Obstacle Negotiating A* planner [2], where the robot (green
rectangle) needs to stand over the low lying obstacle (grey
rectangle). l1 and l2 represent the length of the space from
the end of the narrow passage (two white rectangles) to the
start of the wide low lying obstacle. LR represents the length
of the robot in its narrowest configuration (green rectangle).

and improvements (Sec. III). We then present simulated and
real CENTAURO robot experimental demonstrations of the
improved capabilities of the planner (Sec. IV). Finally, we
conclude with some future directions (Sec. V).

II. RELATED WORK

Algorithms such as the A* [3], RRT, [4], and PRM [5],
have formed the base of many autonomous navigation plan-
ning methods. Improvements to the original algorithms such
as the ARA* [6] and D* [7], RRT-Connect[8], and Theta*[9]
have been further developed and extensively used in many
planning scenarios. Building on these algorithms, many
studies have presented re-configurable planning on robots.
For instance, in [10], [11], [12], re-configuration is used by
the robots to deal with uneven terrain, stairs, and obstacles.
Although, these robots were not modifying their support
polygon, they were always avoiding obstacles rather than
negotiating them. Studies such as [13] (using A*) and [14]
presented methods to take advantage of the snake-like nature
of some robots, to plan for re-configuring the robot polygon
for obstacles avoidance.

A recent study in [15] used a deformable box robot model
to plan paths to both avoid overhead and floor obstacles
and fit in narrow spaces by modifying the width and height
of the robot. This was presented for legged-only motion
for obstacle avoidance/negotiation and didnt consider the
cost of modifying the robot polygon. While the research
on humanoid footstep planning algorithms like [16], [17]
has been widespread, recently there have been extensive
studies on real-time hybrid legged-wheeled robot motion
planning. In [18], [19], a combined driving and stepping
motion planning for the Momaro robot was presented. It
is based on the ARA* algorithm, where longitudinal robot
polygon changes were considered to facilitate driving and
stepping onto higher surfaces. Obstacle negotiation or lateral
polygon changes were not considered.

In our previous work [2], we reduced the search space
by using a rectangle-based search in the A* algorithm.
Although the plans restricted the flexibility of the wheeled-
only motions, we considered the cost of modifying the robot
footprint polygon for wheeled-only motion in the standard
A* cost functions. In this way, we controlled whether ob-
stacle avoidance or negotiation is preferred. It was possible
to force the robot to both change its polygon only in un-
avoidable situations as well as to prefer polygon changes
if it lead to a shorter traversal path. This work was further
combined with a roughness estimation algorithm in [20] to
allow for motion planning over low-lying rough surfaces.

In this work, instead of using a rectangle symmetry and
A* as the base planner, we use trapezium-like symmetry to
facilitate independent motions for the front and back pair of
wheels, and the Theta* [9] algorithm as a base planner to
allow for any-angle robot orientation. Similar to our previous
work, we use data from the VLP16 Velodyne lidar sensor
which is fixed on the head of the robot, to create costmaps
based on point clouds and ground plane filtering extracted
from the Octomap [21] environment representation. Two-
dimensional (2D) images will be used in planning searches.

III. TRAPEZIUM OBSTACLE NEGOTIATING THETA*

In this section, we present the improved Obstacle Negoti-
ating algorithm. In particular, we briefly describe our previ-
ously introduced algorithm [2] and the detailed modifications
made to facilitate improvements. An overview of the both
methods can be seen in Fig. 3.

A. Obstacle Negotiating A*

Using point clouds from the robot’s VLP16 Velodyne lidar
sensor, Octomap [21], and costmap functionalities of the
software package move base1, a 2D segmented map image
is created, e.g. Fig. 2. In the map image, the black pixels
represent free space, grey pixels represent low lying obstacle
points (negotiable) easily cleared by the robot base and
white pixels represent tall obstacles (non-negotiable). More
detailed explanation of the segmented map creation can be
found in [2].

We use the 2D segmented map image for all the planning
searches and hence the operations are done on pixels. Fur-
thermore, we use intensities of the pixels in the neighborhood
of the queried pixel coordinate to determine a collision free
valid configuration that the robot can assume to pass through
the queried pixel. This operation is executed as follows. With
the segmented map, an 8-neighborhood-based grid search
is executed on the image points from the start to the goal
point. The robot is forced to orient itself in the direction of
motion. Furthermore, we impose a constraint on the chosen
robot rectangular footprint as follows. The sum of the robot
footprint rectangle width (wr) and length (lr) is set to Sp,
i.e. Sp = wr + lr. Sp is set to a constant value based on the
limits of the leg joints of the robot. Thus, if the width of the
robot rectangle is known, the length of the robot footprint

1http://wiki.ros.org/move˙base



Fig. 3: Graphical overview of the previously presented Obsta-
cle A* planner and the improved version, namely Trapezium
Line Theta* planner.

polygon can be simply obtained as: lr = Sp−wr. Let the
maximum and minimum possible robot heights and widths
be (hmax,hmin) and (wmax, wmin), respectively. The height hr
of the robot for any given footprint rectangle is determined
by using simple proportions based on the robot footprint
rectangle width wr by the following formula:

hr = hmax−
(wr−wmin)

(wmax−wmin)
× (hmax−hmin) (1)

The search for a valid robot configuration is done by using
a rectangular region of interest of image pixels (ROI). First,
depending on the orientation of the motion from the node
NS being searched, to the neighborhood child NCi, i = 1...8,
the image coordinates in the rectangle ROI are rotated such
that they are in the frame as seen by the robot. Then,
based on the presence of negotiable and non-negotiable
obstacle points, decisions to maintain, expand, or narrow the
robot footprint rectangle are made. In the presence of only
negotiable obstacles, both expanding and narrowing is tested
based on the maximum and minimum horizontal coordinate
of obstacles respectively, in the rotated and resolved ROI. In
the presence of non-negotiable obstacles, only narrowing is
done. Based on the horizontal coordinates chosen, the robot
footprint rectangle width is set and checked if it fits within
reasonable bounds of robot capabilities. An overview of this
rectangular search can be seen in Fig. 4.

For the Obstacle Negotiating A*, the standard cost func-
tions of A* namely, g() and h() are modified as follows:

g(xc,yc) = g(xp,yp)+Wt ×
|θent −θext |

2π
+Wc× (|δw|)

θent = acos

(
xp− xc√

(xp− xc)2 +(yp− yc)2

) (2)

h(xc,yc) =
√
(xg− xc)2 +(yg− yc)2 +Wg×

∣∣θgoal−θent
∣∣

2π

Fig. 4: Graphical overview of the
RectangleSymmetrySearch() used in the Obstacle
Negotiating A*.

θgoal = acos

(
xg− xc√

(xg− xc)2 +(yg− yc)2

)
(3)

where [xc,yc] is the child neighbour node being queried,
[xp,yp] the corresponding parent node or searched node Ns,
and [xg,yg] the goal node. The |.| is the absolute value, Wt
is the weight on the turning cost, Wc is the weight on the
cost of configuration change, θext is the angle at which the
robot exits the node prior to the parent node [xp,yp] or the
angle at which it enters the parent node, θent is the angle at
which the robot enters the child node [xc,yc], and (|δw|) is
the change in robot footprint polygon width that is required
for obstacle collision-free negotiation at node [xc,yc] and it
is divided by the maximum permissible horizontal robot axis
(width) change. Wg is the weight on the cost of turning away
from the direction of the goal. A more detailed analysis on
the decision making process and the usage of weights can
be found in our previous work [2].

B. Trapezium Line Theta* Planner

For operations of the proposed improved planner, the
segmented map, the imposed constraint on the rectangle,
as well as the cost functions are reused. As mentioned
earlier, the planner searches are done on 2D image pixels,
and the pixel coordinates and intensities of the pixels in
neighborhood of the queried point are used to determine valid
robot configurations. In the improved planner we proceed
similarly with the following differences. The first of the key
difference is that, instead of a simple singular rectangular
symmetry for the whole robot, similar symmetry rules are
applied separately to the front and back pair of wheels,
allowing independent operation of the two pairs of wheels
as follows.

First, we extend the rectangular symmetry introduced
in our previous work to two separate pair of wheels, by
creating a trapezium like calculation (Fig. 5). Consider a
target point (x,y) during planning. Let the orientation of
entry or search be θ and the constant Sp introduced before
be expressed in pixels as Spp. Consider a square grid of size
2× Spp. Let the grid be expressed in a coordinate frame



Fig. 5: Graphical Overview of the TrapeziumLineSeach()
used in the new planner presented in this paper.

oriented at θ and centered at the target point. Hence the
grid coordinates run from (−Spp,−Spp) to (Spp,Spp). We
extract image coordinates of the pixels corresponding to this
rectangular grid using a simple homogeneous transformation.
Thus, we have image coordinates of the pixels in the square
grid centered at (x,y) as well as the corresponding local
square grid coordinates in the frame centered at (x,y) and
oriented at θ . Let the current width between the front pair of
wheels in pixels be w f p and the back pair of wheels be wbp.
So the x (forward with respect to the robot) coordinate of
the front wheel and back wheel in the local grid coordinates
can be simply calculated as (Spp−w f p) and −(Spp−wbp).
So if we extract all the points in the grid in the (Spp−w f p)

th

and −(Spp−wbp)
th row, we know of all the grid points in

the horizontal neighborhood of the wheel. So along with the
aforementioned rows, we also extract the grid points and the
corresponding image pixels of their rows above and below
them. A graphical view can be seen in Fig. 5.

In terms of code, we merely condense the local grid
coordinates and the corresponding image pixel coordinates
into a 2D vector array of length (2× Spp)

2 and run vector
search in the indices corresponding to the grid rows of the
wheel pairs, making the search less cumbersome. Hence, we
have all the image coordinates, corresponding image pixels,
and corresponding local grid coordinates of all the pixels
near the two pairs of wheels.

Similar to the RectangleSymmetrySearch (Fig. 4), we
test for obstacle points and depending on the three afore-
mentioned scenarios (i.e., no obstacle, negotiable obstacle,

non-negotiable obstacle) that can be seen in Fig. 5, we
decide whether to expand, narrow, or maintain the same
configuration. The difference this time is that the front and
back pair of wheels operate independently. Once horizontal
coordinates of obstacles are obtained from the local grid
coordinates, the width of the front and back pair of wheels
is set and checked for collisions.

The second key difference from the previously presented
work is that we use the Theta* search. Hence, in addition to
the standard A* search, there is an extra step where it is also
checked if we can travel from the parent of the searched node
NS, namely NP, to the child target node NCi with the above
calculated front and back wheel pair configuration, without
any collisions. Depending on the costs, NP is chosen as the
parent node for NCi if the cost is lesser, else NS is chosen
as the parent, thus giving an any angle traversal capability
as the global angle of the motion direction from NP to NCi
need not be nπ

4 ,n = 0,1...8.
The third key difference is that we also check for omni-

directional traversal, meaning that the robot heading can be
not oriented in the direction of motion. If a valid path without
collisions is found, then, maintaining the same orientation
and rolling in an omni-directional manner is preferred over
changing the heading of the robot.

The fourth and final difference/addition to this algorithm to
aid the Theta* aspect of the presented planner, is the simple
collision detection implemented based on image pixels. Once
we obtain the robot configuration for the target point, we
extract a line of pixels between the previous and current
wheel image coordinates, and check if any of the pixels are
part of an obstacle. If they are, then the configuration and
path is discarded.

As in the case of the original study the height of the pelvis
of the robot above the ground is determined by the width.
Only in this case we obtain two heights h f and hb based
on w f , wb (front and back wheel pair widths in m) and the
height calculations in Eq. 1. The pelvis height Hp and pitch
θpitch are calculated as follows, in such a way that the pelvis
may pitch towards the pair of wheels that has expanded. This
is done to maintain the stability of the robot.

If hb >= h f

Hp = h f +
(Sp−wb)× (hb−h f )

2×Sp−w f −wb

θpitch = tan−1
( (hb−h f )

(2×Sp−w f −wb)

)
else

Hp = hb +
(Sp−w f )× (h f −hb)

2×Sp−w f −wb

θpitch =− tan−1
( (h f −hb)

(2×Sp−w f −wb)

)
(4)

In the next section, we present simulated and real robot
experiments, depicting the advantages of the presented im-
proved planner.



Fig. 6: Plans by the Obstacle Negotiating A* planner (left)
and the Trapezium Line Theta* Planner (right) for similar
start and goal points. Red polygon represents the starting
point, the green polygon represents the goal, the yellow
polygon represents instances of configuration change.

IV. SIMULATIONS AND REAL ROBOT EXPERIMENT

For both simulated robot and real robot experiments, an
obstacle safety distance equal to the wheel width (in our case
10cm) was considered during the creation of costmaps and
planning searches. The CartesianInter f ace [22] was used to
command the joint trajectories of both the simulated and real
CENTAURO robot [1].

A. Simulations

We first present an image-based simulation comparison
of the Obstacle Negotiating A* and Trapezium Line Theta*
algorithm. For both simulated plans, we experimentally set
Wc = 1,Wt =Wgt = 3. The results of the plans generated can
be seen in Fig. 6. The path length of the plan from Obstacle
Negotiating A* was 9.042m and the time it took to compute
the plan was 1.88sec. Whereas, the Trapezium Line Theta*
planned a path of length 7.33m and the plan was computed in
0.650 sec. In spite of having more computations due to extra
collision checks and front and back wheel pixel searches,
the Trapezium Line Theta* had shorter computation time.
Furthermore, as can be seen, the path length of the first
planner was longer as the improved planner used omni-
directional searches to ignore turns and changes to robot
heading thereby having a more smooth motion, unlike the
first case where 3 changes to the robot heading were needed.

We now present two simulations to explicitly demonstrate
the improved capabilities of the planner to allow agile
wheeled-only motions on the simulated CENTAURO robot.
For the following simulations and the real experiment, the
two turning weights Wt and Wg where set to 1.0 and Wc was
set to 0.5, so as to give more preference to changing robot
configuration over turning and taking longer paths with no
re-configuration. The first simulation sequence can be seen
in Fig. 7, where the robot has to traverse a passage angled
at 60 deg. The sequence shows the robot travelling omni-
directionally, expanding only the front wheel pair in the
beginning, then, turning approximately 18 deg and expanding
the back wheels to safely go over the low lying obstacle. Our
previous planner would not have been capable of planning a
path of this orientation and allow such an agile motion in a
tight space.

Fig. 7: Simulation Sequence of the CENTAURO robot mov-
ing to a goal behind a low lying object in a corridor angled
at 60 deg. The robot travels omni-directionally till it turns
approx. 18 deg to expand the back wheels to go over the low
lying object safely.

Fig. 8: Simulation sequence of the CENTAURO robot
traversing through right angled corridors in the presence of
a low lying object.

The second simulation sequence as seen in Fig. 8, depicts
the robot traversing a corridor with right angle turns with
ease by completely utilising omni-directional motion. Fur-
thermore, throughout the whole passage it only expands the
front wheels and not the back wheels as expanding both pair
of wheels increases the cost. Hence, it finds a solution which
only needs configuration change for the front pair of wheels,
demonstrating the effectiveness of the independent front and
back pair operation. Our previous work would have failed
to find a plan over the low lying obstacle at the end of the
first passage as it would not have enough space to expand
the full footprint of the robot before reaching the object.

B. Real Experiment On the CENTAURO Robot

We demonstrate our improved Trapezium Line Theta*
planner on the real CENTAURO robot. A slightly cluttered
environment with bricks was created. The environment con-
sisted of a small narrow passage with minimum width of
75cm followed by a low-lying wide obstacle of width 50cm.
The distance between the end of the narrow passage and
the low-lying brick is 80cm. As can be seen from Fig. 9,
the robot is not aligned with the narrow passage and not
enough space is available on the sides. The robot first aligns



Fig. 9: Sequence of the CENTAURO robot moving through a narrow passage to a goal point on the low-lying object.

itself with the passage omni-directionally, while preparing
to narrow the front pair of wheels to a width of 50cm from
an initial width of 70cm, to safely move into the passage.
Halfway into the passage, the back wheels narrow so that
they can pass safely into it. When the front wheels are out
of the passage and close to the wide low-lying obstacle, the
front pair of wheels alone expand to a width of 80cm. It is to
be noted that before expanding, the full length of the robot
is 110cm, while the space between the end of the narrow
passage and the beginning of low-lying obstacle is 80cm.
Hence, our previous planner failed to provide valid plans
as it was unable to find enough space for the rectangle to
expand without the back wheels crashing into the bricks of
the passage. Whereas, the improved algorithm, only expands
the front wheels and facilitates the reaching of the goal.
The planned path length is approximately 3.49m and it is
computed in 0.0634 seconds.

V. CONCLUSIONS AND FUTURE WORK

In this work, we presented a improved version of the
wheeled-only Obstacle Negotiating A* algorithm. The pre-
sented Trapezium Line Theta* algorithm was able to over-
come the issues of fixed robot orientations and absence of
valid plans due to insufficient space while going from a
narrow passage to over a wide obstacle and vice-versa. This
was achieved by using a trapezium-like search to find valid
widths for the front and back pair of wheels independent
of each other, thereby giving rise to a more agile motion
planner. Simulations and real experiments were presented to
highlight the improvement.

The authors are well aware that while the improvement
does reduce the limitations of wheeled only planning in
cluttered spaces, not all environments can be solved with
such a low-dimensional and symmetry imposing wheeled-
only planner. The future work will include combination

of the presented planner with a stepping motion planner
such that, in the case where no valid wheeled motion is
found, a stepping motion planning is carried out. By using
the wheeled motion planner in conjunction with a stepping
motion planner, the robot will be able to traverse increasingly
more difficult/tighter cluttered spaces. Such a planner will
allow the robot to reach a task space in spite of the presence
of clutter between its starting point and the target task space.
Furthermore, since the wheeled-only planner computes plans
for path lengths of 9−11m within a maximum of 1−2 sec-
onds, wheeled motion planning in the presence of dynamic
obstacles as well as repeated re-planning can be carried out
without much loss of time and this improvement will be
worked upon in the future.
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