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Abstract. In this paper, an arm trajectory generation method based
on the Rapidly-Exploring Random Tree Star (RRT*) is proposed for humanoid robot. The RRT* is one of anytime motion planning algorithms.
The RRT* adopts the three fundamental components from the RRT,
the preceding version of RRT*: the state variables, local planner, and
cost function. The end effector of humanoid robot is positioned on the
desired point by manipulating the joint angles of the arm, which are the
state variables. The Minimum-jerk method is applied as a local planner
for more realistic trajectory and the local planner fulfills collision detection test. The cost taken to transit between two points is defined as
the sum of angle differences of motor corresponding to the two points.
Also, there has been the need for real time control and it is taken care of
by introducing a multi-thread system. The arm under control initiates
motioning, once the first trajectory that meets the target zone is constructed. While the arm is on the move, the RRT* continuously updates
the trajectory. The effectiveness of the proposed method is demonstrated
by simulating the 7 DOF robot arm, which has been performed under
two environments: the obstacle-free and obstacle-constrained cases. Simulation is carried out for the humanoid robot, Mybot-KSR, developed in
the RIT Lab., KAIST.
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Introduction

As the science and technology become highly advanced, people’s perspective to the robot has changed. They now consider robots as companions for the
human beings, rather than the things merely fulfilling tasks [1]. The robots, as
the companion, need to communicate and interact with human beings and this
request has led to the development of human-like robots. This, in turn, calls for
the development of algorithms to operate robots.
Among the indefinitely many researches, especially the researches regarding the development of arm and hand of the robot have drawn great attention
and diverse types of platform have been developed [2]- [4]. The research on the
arm and hand can be mainly classified into two categories: the grippers focusing
on grasping objects and human-hand shaped hands. Humanoid robots generally
adopt the latter type, the human-hand shaped hand. For this type of robot hand
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to perform various tasks, it is essential to be capable of generating trajectory
for the arm to reach the target object. Conventional method to solve this problem is to introduce the inverse kinematic for the joint motor angles and the
B-spline to generate the trajectory; the Moore Penrose Pseudo Inverse, Damped
Least Square (DLS) Pseudo Inverse are the variants of such method. This sort
of method has the advantage of being straightforward, but, in return, it requires
all the parameters and conditions be given, or it fails working. Most of all, it is
difficult to solve the problem with the Inverse Kinematics by itself, when it has
obstacles on its trajectory.
Other algorithms were proposed to cover this disadvantage; the Evolutionary Computation can solve problems without given all the conditions, the Neural
Network and the Genetic Algorithm is utilized to address the problem. But still,
these kinds of approaches cause instability and the arm moves off the optimized
course.
Popularly used algorithm in recent research is the sampling based algorithm
for optimized dynamic planning [5]. One of this approach is the RRT (Rapidly
Random Tree), which led into the variants of the RRT: RRT-connect [6], IKRRT [7], Grasp-RRT [8], Multi-Goal RRT-Connect [9], etc. However, despite
of these efforts, disadvantage of the RRT has not been covered; the trajectory
does not converge to the optimized path even with indefinitely many points. The
approach to address this problem is the RRT* [10]. The RRT* was developed
to converge to the optimized path using the “selecting parent” and “rewiring”.
Additionally, it could be combined with the “Committed Trajectories” to provide a great feature, the online.
In this research, we aim to develop a robot arm with a human-hand-shaped
robot hand and the algorithm that enables the anytime motion planning so that
it provides a better performance than the conventional arm trajectory generation algorithms using the IK or RRT. In consideration of designing robot hand,
it is focused to possess the capability to grasp objects of various shapes and sizes
with less DOFs and to correspond to the requirements for the task intelligence
project of the RIT Laboratory at KAIST. The RRT* is adopted to generate arm
trajectory, and the motions of grasping and avoiding obstacles are verified by
multiple sets of simulation. The effectiveness of the proposed method is demonstrated by simulating the 7 DOF robot arm, which has been performed under
two environments: the obstacle-free and obstacle-constrained cases. Simulation
is carried out for the humanoid robot, Mybot-KSR, developed in the RIT Lab.,
KAIST. It turns out that the controlled arm has successfully followed the realtime-designed trajectory to reach the target object. Even though the success
rate depends on the shape of the objects in terms of grasping objects, the result
demonstrates the trajectories are successfully updated, while the arm is on the
move and completes its task.
This paper is organized as follows. Section II describes the preliminaries to
comprehend the following sections. Section III presents theoretical background.
In Section IV, experimental result is presented. In the final section, the meaning
of this research is discussed and this paper is concluded.
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2
2.1

Preliminaries
Rapidly-exploring Random Tree

The RRT (Rapidly-exploring Random Tree) is an algorithm that is designed
for efficiently searching non-convex high-dimensional spaces, having state variables, local planner, cost function as essential components [11]. The state variables represent the point created at every moment, and the local planner is utilized to define the path connecting randomly selected two points and to detect
collision. The cost function returns the cost to transit to the randomly selected
point. As indicated in the Algorithm 1, at every cycle, a random state variable
is created and local planner selects the closest point to current one. Once local
planner performs collision test and no any collision is detected, a path between
the two points is created. Has been put a limitation on the maximum length
of this path, it is named the “extended range”. In general, the state variables
are defined as the location of points, the local planner as the path between two
points, and the cost function as the Euclidian distance between those points.

Algorithm 1 GENERATE RRT(xinit , K, ∆t)
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:

2.2

T .init(xinit );
for k = 1 to K do
xrand ← RANDOM STATE();
xnear ← NEAREST NEIGHBOR(xrand , T );
u ← SELECT INPUT(xrand , xnear );
xnew ← NEW STATE(xnear , u, ∆t);
T .addvertex(xnew );
T .addedge(xnear , xnew , u);
end for
Return T

Anytime motion planning using the RRT*

The RRT* is one of the sampling-based algorithms that fortifies the RRT’s
disadvantages. It is represented by the optimization capability with fast searching
algorithm as in the RRT. While, once the path has been created, the RRT has
a disadvantage of not being able to upgrade to optimized path even with the
increased number of points, the RRT* searches to track down the optimized
path with indefinite number of points. The RRT* can be represented by the two
processes: finding the parent points and rewiring the paths among the points. As
indicated in Algorithms 2 and 3, once a new point is created, the nearest point
and the cost to reach the nearest point are set as zmin and cmin , respectively.
Then a set of comparison is made for the points around the new point for the
cost taken to create a path to the new point. With completion of the comparison,
the point with the lowest cost is selected as a parent point and connected to the
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(a)

(b)

Fig. 1. RRT* methods (a) finding the parent point (b) rewiring.

new point (Fig. 1 (a)). Once this process is completed, it is followed by another
process, the rewiring. In the rewiring process, the cost for the pre-existing path
and the cost for the path through the new point are compared and the one with
lower cost becomes selected, while the previous path is removed (Fig. 1 (b)).
Unlikely the RRT, the RRT* sets target as a range, instead of a point, leaving
uncertainty on reaching target. Accordingly, it creates a path in short time but
floppy targeting with wider range, while it takes longer time but tighter aiming
with smaller range.
In addition to the conventional RRT*, one unique feature is implemented in
this paper. The Committed Trajectory method improves the path by updating
it at every point to point transition. It generates the path before triggering
the robot’s motion and updates the path using the RRT* on the way to the
next point on the path. By this method, it becomes possible to reduce the total
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Algorithm 2 zmin ← ChooseParent(Znear , znearest , znew , xnew )
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:

zmin ← znearest ;
cmin ← Cost(znearest ) + c(xnew );
for znear ∈ Znear do
(x0 , u0 , T 0 )← Steer(znear , znew );
if ObstacleFree(x0 ) and x0 (T 0 ) = znew then
c0 = Cost(znear ) + c(x0 );
if c0 < Cost(znew ) and c0 < cmin then
zmin ← znear ;
cmin ← c0 ;
end if
end if
end for
Return T

Algorithm 3 T ← ReWire(T, Znear , zmin , znew )
1: for znear ∈ Znear \ {zmin } do
2:
if ObstacleFree(x0 ) and x0 (T 0 ) = znear and Cost(znew ) + c(x0 ) < Cost(znear )
then
3:
T ← ReConnect(znew , znear , T );
4:
end if
5: end for
6: Return T

cost taken to reach the final destination. After all, the robot performs online
updating.
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3.1

Trajectory generation algorithm
Necessary components

The state vector qi is a vector comprised of the state variables, which are the
angles of motors at each joint, to represent the location of elbow and hand. The
cost for the entire path is represented by the sum of change in the joint angles.
By notating the start point and end point by qstart and qend , the total cost is
calculate by
costtotal =

end
X
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X

(qji − q(j−1)i ).

(1)

j=start+1 i=0

The local planner completes the path between the current and next points by
interpolating the corresponding angles. In the Mybot-KSR system, the MinimumJerk method is used to interpolate the two points as a local planner. This method
helps generating the trajectory by mimicking motion of human arm and minimizing the error at the target point by minimizing the acceleration rate [12].
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(a)

(b)

Fig. 2. (a) Mybot-KSR model for the simulation (b) D-H parameter.

Fig. 3. Committed Trajectories for the experiment. Each motor’s rotation is limited
by the Committed Trajectory, not able to reach the optimized value; for example,
even though a motor is supposed to rotate 12 degree at current cycle, if the executed
portion is set to only 4 degree by the Committed Trajectory, the motor can rotates
only 4 degree.

Additionally, the committed trajectory is an essential feature to realize the
online update for the path. Unlike the conventional research, it utilizes the RRT*
with the infinite extended range to generate path offline, while the motor sets
limit on its maximum rotation angle. In this way, a new point is created on the
limited path and new update is performed to get to the next point (Fig. 3) .
3.2

Arm trajectory Algorithm

Fig. 4 shows the arm trajectory generating algorithm flow. It mainly consists
of two threads: Motion planning thread and Control thread. The motion planning
thread runs in the main computer, while the control thread runs in the control
board attached on the back of the Mybot-KSR. At every control cycle, the
motor angle values and control time for the next position are transmitted into
the control board from the main computer and the minimum jerk method is
used to calculate the next joint motor angles based on the values.
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Fig. 4. The flow of arm trajectory generating algorithm. It mainly consists of two
threads: Motion planning thread and Control thread. The motion planning thread runs
in the main computer, while the control thread is run in the control board attached on
the back of the Mybot-KSR.

The overall procedure of the algorithm is follows:
1. Recognize the object.
2. Obtain the 3D coordination of the location from which the gripper approaches to the target object.
3. Sort out the cases into two categories: with limited approaching angle, without limited approaching angle.
4. Reset the target point to which the end-effector approaches.
5. Update path by the RRT*.
6. Once the feasible path is found, initiate motion of the arm.
7. Keep updating the path by running the RRT*; the control thread receives
the required motor angles to reach the next point and runs the motors, while
the motion planning thread keeps updating the path.
After repeating this procedure, if the last point settles in the target zone,
the robot performs the process to check whether it is the case with the limited
approaching angles or case with no limit on the approaching angles. In the former
case, the robot directly transits to the next process of grasping the object, while,
in the latter case, it re-directs the end-effector towards the point at which it can
attain the feasible grasping posture and proceeds to grasp the object.

4

Experiments and Results

The simulation using the Webots v.6.4.1 has been performed on the Windows
system, before implementing the algorithm into the Mybot-KSR for the experiment under the real environment. The robot arm is designed to have 7 DoFs in
the simulation and the D-H parameters are represented as follows:
– L(x,y,z): target point of the left arm
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(a)

(b)

(c)

(d)
Fig. 5. Simulation for feasible direction (a), (b) Arm trajectory in the 3D space (c)
Captured final position (d) The joint angle and cost change with time.

– R(x,y,z): target point of the right arm
– Control cycle: 32ms
– Reachable (x,y,z): direction vector pointing to the target from the feasible
direction.
Multiple sets of simulation were performed under the circumstances with obstacles on the 2 cases: approaching from the feasible directions and approaching
from the infeasible directions.
4.1

Arm Trajectory generation with obstacle

A table and a ball were setup as obstacles. Table’s center coordination and
dimension were set as (-0.5, 0.5, 0) and (0.4, 0.6, 0.6), respectively. The ball’s
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(a)

(b)

(c)

(d)
Fig. 6. Simulation for infeasible direction (a), (b) Arm trajectory in the 3D space (c)
Captured final position (d) The joint angle and cost change with time.

center coordination and radius were set as (-0.25, 0.3, 0.4) and R=0.08, respectively.
Basically, this simulation consists of two cases. The first is the case all approaching from feasible direction (L=(-0.2, 0.3, 0.2)). Arm trajectory in the 3D
space is shown in Figs. 5 (a) and (b). The joint angle and cost change in time is
shown in Fig. 5 (d). Also, the final position is captured in Fig. 5 (c). In this case,
about 10000 times of repetition was run and the result showed good avoidance
maneuver to reach the target zone. One of the advantage of the RRT* augmented
with the Committed Trajectory method is clearly shown in the graph representing the cost change (Fig. 5 (d)). The cost gets reduced during its maneuver,
which means the trajectory is optimized online.
The second simulation is for the case of approaching from the infeasible
direction (L=(-0.1, 0.5, 0.218), Reachable=(0, -0.05, 0.1)). Arm trajectory in
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the 3D space is shown in Figs. 6 (a) and (b). The joint angle and cost change in
time are shown in Fig. 6 (d). Also, the final position is captured in Fig. 6 (c).
In this case, about 8000 times of repetition was run and the robot well avoided
the obstacles to reach the first target point and successfully approached to the
final target object. In this case as well, it is shown in the graph that the cost was
optimized online (Fig.6 (d)). A sudden soaring at the end of the cost graph is
caused by the change in the targets, from the approach-feasible position to the
target object.
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Conclusion

In this paper, an arm trajectory generation method using the humanoid robot
Mybot-KSR’s upper body was proposed. Each arm has 12 DOFs, including 7
DOFs for the arm and 5 DOFs for the hand. The RRT* was utilized for arm
trajectory generation. Joint angles was used as state variables, and the local
planner and cost function were defined. The cost function is the sum of the
angle difference between two successive angles of each joint; the smaller the
cost function is, the smaller the energy input to motors is. The local planner,
generated by the minimum jerk method, ran the collision detecting algorithm,
and the RRT* was applied to update the trajectory of every motor. Once the
trajectory that finally settles in the target zone with acceptable tolerance level
is generated, the robot initiates its first motion and keeps updating to improve
the cost online.
Multiple sets of simulation were performed to test the performance of the
arm trajectory generation algorithm for the case with obstacles on its way to
the target object. It was demonstrated that the robot implemented with the
RRT* arm trajectory generation method could well complete its assignments:
avoiding obstacles and updating the trajectory while moving its arm.
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