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Abstract—In the bin picking problem, the task is to automatically unload objects from a container using a robotic
manipulator. The task is often approached by organizing the
objects into a predictable pattern, e.g., a workpiece carrier, in
order to simplify all integral subtasks like object recognition,
motion planning and grasping. In such a case, motion planning
can even be solved offline as it is ensured that the objects are
always at the same positions at known times. However, there
is a growing demand for non-structured bin picking, where
the objects can be placed randomly in the bins. This arises
from recent trends of transforming classical factories into smart
production facilities allowing small lot sizes at the efficiency
of mass production. The demand for fast and highly flexible
handling and manipulation abilities of industrial robots requires
to solve all the bin picking methods, including motion planning,
online. In this paper, we propose a novel technique for fast
sampling-based motion planning of robotic manipulators using
motion primitives. Motion primitives are short trajectories that
boost search of the configuration space and consequently speed
up the planning phase. The proposed work has been verified in
a simulation and on a prototype of a bin picking system.

I. I NTRODUCTION
The bin picking is one of the most challenging problems
in robotics as it requires a complex integration of methods for
object detection, pose estimation, grasping, and also motion
planning [1], [2]. The industrial bin picking scenario consists
of 2D/3D cameras, a conveyor with the bins, and industrial
robots. An example of the bin picking scenario is depicted in
Fig. 1. Object detection and pose estimation are usually solved
using a vision system. After an object is detected and its pose
is estimated, a trajectory for the manipulator is computed in
order to grasp the object. Then, another trajectory is computed
to move the manipulator to a target location, where the object
is released. The trajectory computation is realized by motion
planning, which plays a crucial role in the whole process. In
comparison to object detection, that can be computed in order
of ms (in the 2D case) or order of seconds (3D case), motion
planning requires more computational time.
Trajectories for the manipulator can be precomputed offline, as the manipulator always moves between known locations of the objects. This structured bin picking is often
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Fig. 1.

Example of the bin picking scenario with a 6-DOF manipulator.

used in industrial applications, as it can be solved with a high
reliability. Organizing the objects into the patterns is however
not practical, as it requires the upstream process to arrange the
objects. This arrangement is difficult for production systems
with high customization products.
The structured bin picking is often used in industrial
applications, as it can be solved with a high reliability.
However, organizing the objects into patterns is not practical.
It requires the upstream process to arrange the objects and
this arrangement is difficult for production systems with high
customization products. Therefore, bin picking with randomly
placed objects has gained interest both of researches and
companies in recent years. In the random bin picking, the
objects can be placed arbitrarily in the bins and their exact
positions need to be detected on demand (online).
As the manipulator carries the object, the shape of the
object has to be considered during the planning in order
to prevent collisions with the obstacles. The movements of
the manipulator can further be constrained by the motion
constraints of the grasping device. For example, carrying open
cans requires to maintain them in the horizontal position.
Sampling-based motion planning like Rapidly Exploring Random Tree (RRT) [3] can be used to solve the planning part
of bin picking. Besides the ability to cope with many-DOF
(Degrees Of Freedom) robots, sampling-based planners can
consider robots of arbitrary geometry, which is necessary for
motion planning of trajectories while carrying the object. The
naı̈ve RRT-based planning can however be too slow for online
planning.
In this paper, we propose an extension of the RRT method
by introducing motion primitives in the task space. The task
space is a lower dimensional space, e.g., the 3D space of
positions of the end-effector. The motion primitives are short
trajectories that are used in the expansion step of RRT. The
primitives lead to a fast exploration of the corresonding highdimensional configuration space.
II. R ELATED WORK & PRELIMINARIES
Motion planning for robots with many degrees of freedom
can be formulated as a search in the configuration space C
of the robot. A configuration of the robotic manipulator is

described by the joint angles, i.e., q = (j1 , . . . , jn ) ∈ C, where
n is the number of the links. Cf ree ⊆ C is the space of feasible
configurations, where the robot does not collide with obstacles
and the joint angles are in the allowed range. The dimension
of the configuration space is equal to the number of DOFs of
the robot. The configuration space of 6-DOF manipulators is
already considered to be high-dimensional.
The high-dimensional configuration space can be searched
using sampling-based methods [4], [5] like Rapidly Exploring
Random Tree (RRT) [3]. RRT incrementally constructs a tree
rooted at the initial configuration qinit ∈ Cf ree . In each
iteration, a random sample qrand ∈ C is generated and its
nearest node qnear in the tree is found. The node qnear is then
expanded to find new configurations reachable from qnear .
From these configurations, the nearest one to qrand , that is
collision-free, is selected and added to the tree. The algorithm
terminates if the tree approaches the goal configuration qgoal
close enough or after a predefined number of iterations.
The advantage of RRT is that the motion constraints can be
easily considered: a configuration is added to the tree only if
it satisfies all the constraints [6]. The constraints are important
in the bin picking scenario, where pose of the end-effector is
typically limited during grasping [7], [8]. RRT has been used
in many works for motion planning of robotic manipulators,
e.g., [8], [9], [10], [11].
The progress of the tree growth strongly depends on the
expansion step that aims to find new configurations reachable
from qrand . In the case of robotic manipulators, it is necessary
to derive new joint angles q that are in the vicinity of qnear .
Some authors suggest to apply several random actions [8]
in order to speed up the expansion step. A fast approach is
to derive the changes of joint angles directly using Jacobian
transpose [12] or Jacobian pseudoinverse [9]. The disadvantage
of the above mentioned expansion strategies is that the manipulator moves only small distances in each expansion step.
Consequently, many expansions are needed to create a plan,
especially if the goal configuration is distant.
In many robotic scenarios including bin picking, the most
important information is the position of the end-effector in the
task space. The task space is a space with a lower dimension
than the configuration space [9], [13], [14]. An example of
the task space for robotic manipulators is the space R3 of 3D
positions of the end-effector. A single position in the task space
has many corresponding configurations in the configuration
space. Consequently, the RRT-based search has a higher chance
to reach one of these goal configurations. The task space can
be considered e.g. during the nearest-neighbor search [15], [8].
To implement the Voronoi bias in the task space, TS-RRT [9]
generates the random samples in the task space rather than in
the configuration space. By generating the random samples in
the task space, the tree is attracted towards unexplored areas
of the task space, not of the configuration space.
The original RRT [3] does not guarantee to find an optimal
solution. By introducing an objective function, RRT∗ [16]
can find an optimal solution. CHOMP [17] and ITOMP [18]
planners can optimize an existing trajectory. These planners
are also suitable for many-DOF systems, but the handling of
motion constraints may lead to longer computational times.
The main contribution of this paper is the introduction of
motion primitives in the task space. The proposed planner is

called RRT-TS-MP (RRT with Task-Space Motion Primitives)
and it is based on the original RRT. The motion primitives
are short trajectories in the task space that the manipulator
attempts to perform during each expansion step. This boosts
the growth of the tree in the task space, which speeds up the
planning process.
Motion primitives for path planning have been widely
investigated, e.g. in the field of walking and climbing robots.
However, deployments in the field of industrial/articulated
robots are rare. In [19] authors are presenting a cell-based
approach together with Voronoi roadmaps and simple motion
primitives for a path planning algorithm for industrial robots.
In contrast to our approach, the authors are using only two
motion primitives (linear and circular movements) at the last
stage of their planner for generating a smooth and robotreadable trajectory, rather than sampling with motion primitives themself.
III.

RRT-TS-MP: MOTION PLANNING WITH TASK - SPACE
MOTION PRIMITIVES

In this paper, we consider the simple task space R3 of
3D position of the end-effector. Generally, the task space can
have more dimensions, e.g. when also rotations are considered.
The configuration space is mapped to the task space using the
forward kinematics function x = f (q), x ∈ R3 , q ∈ C. With
the Jacobian J ∈ R3×n = ∂f∂q(q) this leads to ∂x = J∂q. The
proposed RRT-TS-MP method utilizes the basic RRT principle
to build the tree, and it extends it using a set of predefined
motion primitives for the expansion of the tree. Each node
in the tree contains a configuration q ∈ Cf ree and also its
image x = f (q), x ∈ R3 in the task space. Besides, each node
contains a flag indicating whether the node has been expanded
by the primitives. The nearest-neighbor search is realized using
the task space vectors x with the 3D Euclidean metric.
The main loop of the proposed RRT-TS-MP algorithm
is listed in Alg. 1. After a random sample xrand ∈ R3 is
generated, the nearest node xnear in the tree is found using the
task-space vectors and the corresponding configuration qnear
is retrieved from the node. If the node qnear has not been
expanded yet, the motion primitives are used for the expansion,
otherwise, the classic expansion is used. The classic expansion
step can be realized by moving the manipulator towards the
random configuration qrand by a small step e.g. using straightline expansion [5].
The main contribution of this paper is the novel extension
of the tree using the motion primitives. A motion primitive
P = (x1 , . . . , xm ), xi ∈ R3 is a set of m 3D waypoints in
the task space. The waypoints xi are defined relatively to the
actual position of the end-effector. For example, the waypoint
x = (0, 1.5, 0) represents a primitive moving the end-effector
along the y-axis of its coordinate system by the distance 1.5.
The example of three motion primitives is depicted in Fig. 2a.
The expansion procedure is listed in Alg. 2. The algorithm
attempts to reach each waypoint using a simple feedback
controller in at most Smax iterations. The movement towards
an actual waypoint xi is realized by computing changes of the
joint angles using Jacobian pseudoinverse method (Alg. 3).
We refer to [20] for details about the pseudoinverse methods,
where also the parameters α and ϕ (Alg. 3, line 5) are
explained.

Algorithm 2: extendPrimitive(T , qnear , P )

Algorithm 1: RRT-TS-MP algorithm
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Input: start and goal configurations qinit and qgoal , number
of planning iterations Imax , motion primitives P1 , . . . , Pk
Output: tree of collision-free configurations
xinit = f (qinit );
T .addNode(qinit , xinit ); // T is the configuration tree
qinit .mpUsed = false; // flag indicating usage of motion
primitives
for iteration = 1 to Imax do
xrand = generate random configuration in R3 ;
qnear , xnear = T .findNearest(xrand );
if qnear .mpUsed == false then
qrand = xrand+ generate missing variables randomly;
u = straight-line-expansion(qnear , qrand );
qnew = newState(qnear , u);
if isCollisionFree(qnew ) then
T .addNode(qnew , f (qnew ));
end
else
for P ∈ P1 , . . . , Pk do
extendPrimitive(T , qnear , P );
end
qnear .mpUsed = true;
end
end
return T ;

During approaching the waypoints, the collisions as well
as motion constraints are tested (Alg. 2, line 8). If a collision
is detected or the constraints are not satisfied, the motion
primitive being executed cannot be fully realized and the
expansion procedure terminates.
Although the primitives are defined in the task space,
they lead to rich exploration of the configuration space as
well. The reason is, that they are defined relatively to the
coordinate frame of the end effector. Therefore, if the endeffector rotates, the primitives rotates as well, which supports
exploration to various directions. Moreover, as the tree is
expanded by multiple primitives in each iteration, RRT-TS-MP
builds more dense trees than the classic RRT planners. This
increases the chance that at least one of the configurations
related to xgoal will be reached. The example of a tree built
by RRT-TS-MP and TS-RRT in the same number of iterations
is depicted in Fig. 2b.

a)

b)

Fig. 2. a) Examples of three motion primitives P1 , P2 , and P3 defined in
the coordinate space of the end-effector, where P1 = (x1 , x2 ), P2 = (x3 ),
and P3 = (x4 , x5 ). b) Examples of configuration trees built with motion
primitives (blue) and with the ordinary TS-RRT (red) after the same number
of planning iterations Imax . The tree is visualized by 3D positions of the
end-effector.
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Input: tree T to be expanded, configuration qnear for
expansion motion primitives P = (x1 , . . . , xk )
for xi ∈ P do //xi is the desired relative 3D goal
xp = xnear +xi ; //absolute coordinate of the waypoint xi ;
q = qnear ;
for iteration = 1 to Smax do
x = f (q); // q is actual configuration
u =ts-control(q, x, xp );
qnew = newState(qnear , u);
if isCollisionFree(qnew ) and constraintsOK(qnew )
then
T .addNode(qnew , f (qnew ));
qnew .mpUsed = false;
else
return; //primitive was realized only partially
end
q = qnew ;
end
end

Algorithm 3: ts-control(q, x, xp )
1
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6

u = (xp − x)/∆t; //∆t is the time resolution of the planner
u =cropWithLimits(u);
J =computeJacobian(q);
ϕ = supportingVector(); // details in [20]
q̇ = J+ u + α(I − J+ J)ϕ;
return ∆q = q̇∆t;

IV. E XPERIMENTS
The proposed method has been verified with AMTEC AM6
manipulator. The task was to compute trajectories between
five start/goal positions, that are depicted in Fig. 3, while
carrying a bottle in the gripper. The method was compared
with the TS-RRT [9] planner, which employs the Voronoi bias
in the task space. RRT-based planners are stochastic, so their
performance was evaluated statistically. For each combination
of start and goal position, each planner was run 100 times.
The runtimes of the planners were measured (at Intel Core
i7@2.9GHz). Besides the runtimes, the important aspect of the
sampling-based planners is the success ratio. The success ratio
is the percentage of cases (out of 100 trials), where the tree
approached the goal position to less than 5 cm. The proposed
RRT-TS-MP was tested with two sets of motion primitives:
simple (RRT-TS-MP-1) and full (RRT-TS-MP-2). RRT-TSMP-1 is equipped with six primitives, each is defined by one
waypoint: P1 = (1, 0, 0), P2 = (−1, 0, 0), P3 = (0, 1, 0),
P4 = (0, −1, 0), P5 = (0, 0, 1), P6 = (0, 0, −1). RRT-TS-MP2 is equipped with these primitives as well, but with additional:
P7 = (1, 1, 0), P8 = (1, 0, 1), P9 = (0, 1, 1). The number of
planning iterations was same for all planners, Imax = 5000.
RRT-TS-MP was run with Smax = 50.
The results (average over 100 trials) are shown in Tab. I.
The proposed RRT-TS-MP outperforms TS-RRT in both the
success ratio and runtime. The comparison of RRT-TS-MP1 and RRT-TS-MP-2 shows that RRT-TS-MP-2, which is
equipped with more rich primitives, achieved higher success
ratio. This indicates that the primitives should support various
motions of the end-effector, as it increases chance of reaching
the goal configuration. On the other hand, expanding the
tree with more primitives is also time consuming, which is
indicated by the higher runtime of RRT-TS-MP-2.

and robot type. Automatic design of the primitives based on
an optimization approach is the task of the future work.
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Fig. 3. The AMTEC AM6 robot (left) and its simulation model (right). The
experimental scenario consists of start/goal positions A, . . . , E. The goal is
to move the end effector from all positions to the target goal C.
TABLE I.
C OMPARISON OF TS-RRT AND RRT-TS-MP-* IN THE
SCENARIO , WHERE THE GOAL POSITION IS DEFINED BY THE BOTTLENECK
OF THE BOTTLE C AND THE TASK IS TO FIND TRAJECTORIES FROM
A, B, D, E TO C. T HE VALUES ARE IN FORMAT: MEAN / STD . DEV. T HE
DISTANCE BETWEEN THE START POSITION AND C IS DENOTED d.
TS-RRT

[3]
[4]
[5]
[6]

RRT-TS-MP-1

RRT-TS-MP-2

[7]

start=A, goal=C, d = 32.73 cm
Run time [s]
8.96 / 0.77
Tree distance [cm]
16.57 / 5.74
Success ratio
17.65 %

5.47 / 1.16
10.28 / 5.55
54.90 %

14.09 / 3.03
9.87 / 5.05
58.82 %

[8]

start=B, goal=C, d = 42.90 cm
Run time [s]
7.54 / 1.93
Tree distance [cm]
7.61 / 3.15
Success ratio
76.47 %

0.13 / 0.18
4.29 / 0.74
100.00 %

2.10 / 3.27
4.75 / 0.28
100.00 %

start=D, goal=C, d = 78.94 cm
Run time [s]
8.34 / 0.69
Tree distance [cm]
19.93 / 14.74
Success ratio
11.76 %

4.68 / 0.93
16.17 / 9.34
31.37 %

6.62 / 4.83
5.03 / 2.87
94.12 %

start=E, goal=C, d = 71.05 cm
Run time [s]
8.26 / 0.69
Tree distance [cm]
23.67 / 7.99
Success ratio
7.84 %

4.32 / 1.33
10.11 / 8.87
64.71 %

1.63 / 1.66
4.47 / 0.62
100.00 %

[9]

[10]

[11]

[12]

The success ratio, which is not always 100 %, is influenced
by the number of planning iterations Imax . By allowing more
iterations, the success ratio will increase, but the runtime too.
Planning can be speeded up by generating random samples
around qgoal with non-zero probability (goal-bias). The goalbias can be turned on e.g., if the end-effector approaches qgoal
to a predefined distance. The success ratio is also influenced by
the maximum distance of the tree from the goal configuration.
After the robot approaches to goal to this distance (which is
actually 5 cm), the planning closer to the goal can be solved
using a faster local planner. Such a planner is defined on
a significantly smaller configuration space (in the sense of
range of dimensions) and it can also use faster straigh-line
expansions with the combination of goal bias. The results in
other scenarios together with other supplementary materials
can be found at: http://mrs.felk.cvut.cz/etfa2017.
V. C ONCLUSION & FUTURE WORK
This paper introduced task-space motion primitives for
motion planning of robotic manipulators using RRT. The
primitives, which are short trajectories of the end-effector, are
described by a set of waypoints and they are reached by a
local direct control based on Jacobian pseudoinverse control.
In the comparison to classical planning in the task space,
utilization of motion primitives lead to faster planning. The
main limitation of the current methods is the necessity to
design the primitives manually based on the given scenario
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