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Abstract— Redundant manipulators offer a continuum of
joint configurations which satisfy a specific end-effector pose, an
advantage when operating within confined spaces. This, how-
ever, challenges a controller to select a single goal configuration
from a wide range when path planning. This paper outlines the
use of the MySQL database management system for systematic
goal selection during redundant manipulator path planning in
confined spaces. We outline a sampling method to envelope
all configurations of a redundant manipulator and utilise it to
generate a complete database of configurations. We demonstrate
the application of this method to generate a large data-set of (1
billion) manipulator configurations for a KUKA LBR iiwa 14
equipped with a Robotiq 2F-85 gripper. With this database, the
controller systematically selects goal configurations during 50
path planning scenarios within the confined space of a glovebox.
We compare this to an iterative method using existing kinematic
solvers to select goal configurations as a baseline. The database
method achieves a 100% success rate in 42% of the scenarios
attempted. In comparison, the baseline method achieves >50%
success rate in just 6% of the scenarios attempted. Our
proposed method also produces repeatable paths, which are
similar in length and link swept area for each attempt of
the same scenario, whereas the baseline method generates a
different path in every attempt.

I. INTRODUCTION

Across a number of applications and fields, gloveboxes
are used to isolate material for handling in a controlled
environment, minimising risk to either the human operator in
the case of hazardous materials or to the sample itself where
the material needs to be kept under strict environmental
conditions. In many cases, it is safer and more efficient for
a robot to perform the task [1], [2]. This presents a robotic
challenge of performing complex motions within a confined
space [3] due to the limited configurations achievable by the
robot compared to operation in a more open environment.

Most often, for a robotic manipulator arm to perform a
task, the required motion is determined in the task-space, by
its end-effector. For example, in order to grasp an object,
the task goal is defined by the desired gripper position and
orientation (the gripper’s pose). To achieve this pose, the
controller must identify a set of manipulator joint positions
(the manipulator’s configuration) which satisfies the gripper
pose requirements, and subsequently plan and execute a
motion from the manipulator’s start configuration to this
goal configuration. A redundant manipulator is suitable for
confined space operation due to its inherent ability to avoid
singularities and satisfy required end-effector poses with a
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Fig. 1. Left: KUKA joint axes, gripper pose and KUKA base reference
frames. Right: Experimental setup within Coppeliasim. For all frames, Z is
blue, X is red, Y is green.
continuum of configurations [4]. However, this also creates
a challenge for the controller, where a single manipulator
configuration must be chosen as the goal from this wide
range of possible solutions. There are three main methods
of selecting a single manipulator goal configuration when
handling redundancy. One method is to set a joint as ‘passive’
or ‘free’, setting its joint angle to an operator-defined value,
and excluding it from the kinematic chain, solving the
inverse kinematics (IK) problem as a non-redundant system
using a closed form method [5], [6]. Another method is to
incorporate some element of randomness or a user selected
fixed parameter and iterate through various manipulator goal
configurations to find one for which a path can be planned
[7], [8]. While in a non-confined space these methods
are appropriate, in a highly confined space, the difficulty
of selecting a goal configuration to which a valid, non-
colliding path may be found increases. Another option is
to provide an operator-selected goal configuration to the
planner as used on: learning-based planners for redundant
manipulators, [9], planners for redundant dual armed robots,
[10], redundant manipulators with mobile bases, [11] and
redundant manipulators in constrained work environments,
[12]. Similarly, while this may be sufficient in some appli-
cations, for complex tasks in confined spaces the user cannot
identify and define a valid manipulator goal configuration for
every motion. In such environments, the informed selection
of a manipulator goal configuration is critical to planning
success [13].
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Previous work has suggested intelligently selecting an
appropriate manipulator goal configuration using a pre-
defined database [14], [15]. A large number of manipula-
tor configurations are recorded, mapping the joint angles
to the corresponding end-effector poses. This information
is collected and stored in advance of performing tasks.
When a gripper pose is requested, the robot controller looks
up a suitable manipulator configuration from this database
which satisfies the requested gripper pose. Utilising this
method presents two key challenges: firstly, the time and
computational cost to sample the workspace and populate
the database with the required number of configurations for
sufficient resolution, and secondly, the time taken to search
for and retrieve the correct configuration from such a large
database in real time. In previous work, these challenges have
been addressed based on the circumstances in which the
database method was deployed. In [14], the focus was on
a non-redundant manipulator and producing ‘approximate’
solutions to a grasping problem. This successfully identified
configurations for a planner to move the gripper sufficiently
close to the object to grasp it rather than to a precisely
defined grasping pose. The database size was manageable
to generate and lookup during planning because firstly non-
redundant arms have inherently fewer configurations than
redundant arms and secondly by requiring an approximate
solution, the resolution of the database can be lower. In [15],
a database method was implemented on the redundant legs
of a mobile robot. In this case, the database generated priori-
tised only pre-determined configurations based on operator-
selected parameters defined by the task and no unnecessary
configurations were included.

In this paper, we explore and address these challenges for a
redundant manipulator operating in scenarios where no such
operational constraints on the motion can reduce the database
size. While generating the database is a large computational
undertaking, the benefit of doing so is that a certain end-
effector/manipulator system only requires it to be generated
once. The database can then be used for that robot regardless
of environment. For a specific manipulator, a new database is
only needed if the end-effector design changes considerably
(for example a change only in length would require only
a simple transformation matrix to determine the equivalent
end-effector pose stored in the database). Furthermore, by
using appropriate software and optimising indexing and
query practices, the look-up time can be reduced. Due to its
widespread use, we utilise the MySQL database management
system [16].

We demonstrate this methodology using the KUKA LBR
iiwa 14 7DoF (degree of freedom) redundant manipulator
[17] equipped with a Robotiq2F-85 gripper [18], operating
within a virtual confined space of a 0.51m3 glovebox (Figure
1). The database of configurations is used to return appro-
priate manipulator goal configurations during 50 simulated
path planning scenarios within the confined space (e.g., a
glovebox). The simulations are performed in Coppeliasim
[19]. Section II describes the sampling of the workspace and
population of the database, followed by the querying strategy

Fig. 2. Workspace sample of gripper poses by the number of KUKA
configurations at each position. Lower Right: 7776 orientations of the
gripper pose taken at each Cartesian position, shown in terms of the Z
axis of the gripper pose frame.

and a description of the experimental verification against the
existing iterative method utilising kinematic solvers: BioIK
[20], TRAC-IK [21] and KDL [8]. The results of the 50
planning scenarios are presented in Section III and discussed
in Section IV.

The contribution of this paper is firstly, a method to
discreetly sample the complete workspace of a redundant
manipulator, enveloping all possible configurations and sec-
ondly, to demonstrate the feasibility of utilising this large
pre-calculated data-set during path planning tasks.

Throughout this paper, the position and orientation of the
grasp point of the gripper, is referred to as the ‘gripper pose’
and the complete set of joint angles of the KUKA robot is
referred to as the ‘KUKA configuration’.

II. METHODOLOGY
A. Sampling the Workspace of a Redundant Manipulator

The workspace of the KUKA is sampled in 5cm incre-
ments in the X, Y and Z directions relative to the base
of the KUKA, shown in Figure 1, giving a sample size
of 3927 Cartesian points. At each coordinate point, KUKA
configurations are generated which satisfy a sample of orien-
tation requirements on the gripper. The gripper orientation is
defined in Tait-Bryan angles (α, β, γ) and it is sampled at 10◦

increments in the α and β angles and at 60◦ increments in the
γ angle. The γ angle is responsible for the gripper rotation
about its Z axis, shown in Figure 1. This rotation is easily
resolved by Joint 7 of the KUKA and, as such, sampling this
orientation does not need a higher resolution. The orientation
sample size is 7776 orientations at each Cartesian position,
shown in Figure 2.

As the KUKA is a redundant 7DoF manipulator, there is
a continuum of possible configurations which satisfy each
of these gripper poses. The method for discretely sampling
all of the possible configurations achievable at each gripper
pose is dependent on how these configurations can vary. Its
redundancy allows the ‘elbows’ of the KUKA to swing whilst
holding the gripper still. This swing may be characterised by
placing any joint of the KUKA in ‘passive’ mode, moving
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Fig. 3. KUKA elbow ‘sweep’ due to rotation of Joint 1, displayed in 10◦
increments.

Fig. 4. KUKA configuration symmetry: 4 configurations which occupy
very similar positions in the workspace. In each, the gripper is at the same
pose but the KUKA has a different set of joint angles.
it through its range of motion whilst solving the IK for the
other 6 joints. To sample discretely, enveloping all possible
elbow swings at any given gripper pose, each of the 7 joints
are set as passive in turn and iterated through their range of
motion in steps of 10◦. Figure 3 shows the elbow positions
due to Joint 1 iteration, whilst holding the gripper in the
same pose throughout.

A second parameter by which the configuration can vary
is that the KUKA is a manipulator which exhibits symmetry
[13]. This is where the manipulator can occupy a very similar
physical position (the location of its links) in the Cartesian
space for multiple joint configurations. Specifically, the joint
angles across several configurations are related by a combi-
nation of ±180◦ on any of the ‘inline’ type joints (Joints 1,
3, 5, 7) and a -1 multiplier on the ‘elbow’ type joints (Joints
2, 4, 6). This symmetry property is shown in Figure 4. This
is important, in practice, because collision validation will
return for each of these configurations, such as the group
shown in Figure 4, the same validity with respect to the
environment (except for collisions due to the non-uniform
shape of the links). However, for a path planner, the distance
between them in joint space is large. This means that for
any given start configuration, planning to one of these as a
goal configuration will be much easier than the others. It is,
therefore, important to find and record in the database the
symmetrical alternatives of all configurations found.

The complete redundant manipulator sampling method is
shown in Figure 5. All Cartesian data are recorded relative
to the KUKA base (Figure 1). The redundant manipulator
sampling method generated 1,052,865,986 unique KUKA
configurations, shown in Figure 2. These configurations were
generated utilising Amazon Web Services [22]. For the

Fig. 5. The redundant manipulator configuration workspace sampling
method
purpose of this work, configurations are generated only for
gripper poses inside of the glovebox region. The database is
openly available at the University of Bristol repository [23].
B. MySQL Database

The KUKA configurations are stored in a MySQL
database as an InnoDB table. The data are indexed by
Cartesian region relative to the KUKA base. Searching the
database by gripper pose will return all KUKA configurations
which satisfy that gripper pose, to within the resolution of
the sampled workspace.

To plan a path from the start KUKA configuration to
the gripper goal pose, the database is queried to provide a
configuration which satisfies the gripper goal pose. The query
inputs are the gripper goal pose, the location of obstacles in
the environment (e.g. the walls of the glovebox) and the
start configuration. As the Cartesian positions of the joints
are stored for each configuration in the database, we remove
from consideration any solutions which are in collision with
the environment, without performing computationally costly
collision checking. We then order the remaining configu-
rations to determine which will be most ‘optimal’ for the
planning task. In this work, we define the most ‘optimal’
configuration as the nearest to the start configuration in joint
space. This is to favour a shorter joint path and more efficient
movement of the joints in terms of the swept area of the
central axis of the KUKA links [24].
C. Path Planning Experiment

To validate the resolution of the redundant manipulator
workspace sampling method and determine the suitability of
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Fig. 6. 5 randomly selected starting KUKA configurations, configuration ID 1-5

Fig. 7. 10 randomly selected gripper goal poses, gripper goal ID 1-10.
Target pose of the gripper reference frame, Figure 1.
the data-set generated for goal selection in path planning,
we have investigated 50 planning scenarios. These scenarios
comprise planning a path, with 5 randomly selected start
KUKA configurations and 10 randomly selected gripper goal
poses within the glovebox. These are labeled in Figures 6
and 7. Each planning scenario is defined by a start KUKA
configuration and a gripper goal pose within the glovebox. A
goal KUKA configuration is then selected and passed to the
OMPL path planner KPIECE1 [25], which attempts to plan
a path from the start configuration to the goal configuration.
The maximum planning time is 4s, after which the planner
is considered to have ‘failed’. We compare the systematic
Database Lookup Method (DLM) to an iterative method
using each of the following known kinematic solvers: TRAC-
IK, BioIK and KDL. The systematic and iterative methods
of goal configuration selection are assessed by the resulting
path planner performance. BioIK and TRAC-IK were set
to preference a minimal distance to the known starting
configuration when returning a solution.

1) Database Lookup Method (DLM): The DLM searches
the database for all configurations which satisfy the requested
gripper goal pose. Since the database may not contain the
exact gripper pose requested, the configurations returned by
the database will give a gripper pose to within the position
and orientation resolution of the data-set; in this work the
resolution of the position is 5cm and the orientation is 10◦

as specified in Section II-A. We can then sort the returned
configurations by a search criteria to intelligently select
the ‘optimal’ configuration for the planning task. In this
work, we sort the returned configurations by distance to the
starting KUKA configuration in joint space and return the
nearest 10 configurations. Using the nearest configuration as
a start point, a configuration satisfying the nearby gripper
goal pose can easily be found. This is achieved with the
Coppelia Kinematics Routines (CKR) ‘Generate IK Path’
function which is used to calculate a straight line between
the returned configuration’s gripper pose (near to the goal)

and the gripper goal pose. The resulting configuration is
returned as the KUKA goal configuration. Once the goal
configuration is found, the path planner attempts to find a
path to it from the start configuration. If it is unsuccessful,
the next configuration in the 10 returned by the database
query is attempted. If a path cannot be found after 10
goal configurations are attempted, this scenario attempt is
unsuccessful. Each scenario is repeated 100 times. As the
search is systematic, the same 10 configurations are returned
from the database for every repeat of the same scenario.

2) Iterative Search Method: The iterative search method
finds a goal by iterating over solutions generated by an
existing kinematic solver (this method has been applied using
the solvers BioIK, TRAC-IK and KDL). For each scenario,
the iterative method receives a goal configuration which
satisfies the requested gripper goal pose from the kinematic
solver and then checks for collision with the environment.
If the goal configuration collides with the environment, the
kinematic solver is rerun for another goal configuration. This
iteration is performed up to 10 times. Once a collision free
goal configuration is generated, the path planner attempts to
find a path to it from the start configuration. If a path cannot
be found, or if no collision free goal configuration can be
found, this scenario attempt is unsuccessful. Each scenario
is attempted 100 times.

III. RESULTS
The results of the path planning experiments are sum-

marised in Table I. The number of successful attempts (out
of 100 repeats) of each planning scenario are presented in
Figure 8. The paths generated in these successful attempts for
each goal selection method are compared by the link swept
area, Figure 9, and the end-effector path length, Figure 10.
The link swept area is the distance traveled by the links of
the robot arm in terms of the total surface swept by the
central axis of each link combined, described in [24]. The
end-effector path length shows the distance traveled by the
gripper reference point, Figure 1, for each path. The attempt
time is the average time taken to identify the goal and find a
collision free path to that goal. The attempt time, excluding
the time taken to iterate through failures, is presented in
Figure 11. The attempt time, including the time taken to
iterate through failures, is presented in Figure 12.

The DLM demonstrated good performance compared to
the iterative method in both the success rate and the repeata-
bility of the paths found. For planning scenarios where the
DLM was successful, it was successful in all 100 attempts,
with the exception of scenarios 1-1 and 1-7. In scenario
1-1, the DLM succeeded in 99 of the 100 attempts. In
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Fig. 8. Successful attempts (of 100) for the four goal configuration selection methods. Success if a path is found to the method’s chosen goal configuration.

Fig. 9. Link central axis swept area for all successful attempts in each scenario. Lower means the manipulator links travel a shorter distance over the
path. Smaller spread means the path swept area is similar for every attempt. The number of data points in each scenario is shown in Figure 8.

Fig. 10. Gripper reference point, Fig. 1, path distance for all successful attempts in each scenario. Lower means the gripper travels a shorter distance
over the path. Smaller spread means the path length is similar for every attempt. The number of data points in each scenario is shown in Figure 8.

Fig. 11. Average time taken to select a goal and find a path for each successful scenario - excluding time taken during failed attempts

Fig. 12. Average time taken to select a goal and find a path for each successful scenario - including time taken during failed attempts
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TABLE I
PLANNER GOAL CONFIGURATION SELECTION METHOD PERFORMANCE

Number of Scenarios (of 50)Success
Rate DLM KDL BioIK TRAC-IK

90-100% 22 0 0 0
50-90% 0 0 0 3
25-50% 0 0 1 3
20-25% 0 2 0 1
15-20% 0 5 2 0
10-15% 0 4 2 1
5-10% 0 13 2 8
<5% 1 14 11 6

0% (Failed) 27 12 32 28

scenario 1-7, the path planner was successful in only 1 of
the 100 attempts when using the DLM. This is due to the
variability in the performance of the path planner. As the
DLM is systematic in searching for a goal configuration,
the same goal configurations were found by the DLM for
every attempt of the same scenario. This means that the
same planning task (start configuration to goal configura-
tion) was attempted by the planner in every attempt of the
same scenario. Differences in success between each attempt
with the DLM is due to the performance of the planner
(KPIECE1) itself. In comparison, KDL succeeded in 4 of
the 100 attempts in scenario 1-1, BioIK succeeded in 0
attempts and TRAC-IK succeeded in 1 attempt. None of the
iterative goal selection methods succeeded in any attempts
of scenario 1-7. The paths generated using the DLM in each
successful planning scenario were highly repeatable as can
be seen by the small spread shown in Figures 9 and 10.
The largest standard deviation in link swept area, Figure 9,
when using the DLM is 0.018m2 in scenario 4-6 and the
average across the scenarios is 0.003m2. With KDL, the
largest standard deviation is 0.159m2 in scenario 3-3 and
the average is 0.031m2. With BioIK, the largest standard
deviation is 0.155m2 in scenario 3-10 and the average is
0.034m2. With TRAC-IK, the largest standard deviation is
0.102m2 in scenario 3-4 and the average is 0.016m2. The
largest standard deviation in end effector path length, Figure
10, when using the DLM is 0.104m in scenario 4-6 and
the average across the scenarios is 0.008m. With KDL, the
largest standard deviation is 0.411m in scenario 1-6 and the
average is 0.093m. With BioIK, the largest standard deviation
is 0.410m in scenario 3-10 and the average is 0.088m.
With TRAC-IK, the largest standard deviation is 0.393m in
scenario 1-6 and the average is 0.053m. Figures 11 - 12 show
the time taken to complete each successful attempt excluding
and including the time taken during failures respectively. Al-
though the time taken during the iterative successful attempts
is lower than that using the DLM in Figure 11, the lower
success rate means they would need to iterate many times
before finding a path in any given planning scenario. Figure
12 shows that for successful attempts, when accounting for
failures, the DLM is faster than the iterative method when
KDL or BioIK is used to select the goal in all scenarios. In
10 scenarios, the iterative method using TRAC-IK to select
the goal is faster than the DLM.

The success of the DLM in any planning scenario, where
there exists a solution, is determined by the database res-

olution and the DLM search criteria. In this work, we use
the search criteria of ‘most similar to the start configuration’
however, depending on the planning task and environment
set up, this will not always return the most optimal goal
configuration in the database. Further work shall explore a
dynamic goal configuration selection method dependant on
the planning task parameters.

IV. CONCLUSION
In this work, we have presented a method for generating

an enveloping, discretely sampled data-set of manipulator
configurations. This redundant manipulator workspace sam-
pling method, outlined in Figure 5, has been shown to
generate a database of sufficient resolution to utilise in goal
configuration selection during path planning. As such, this
sampling method could readily be applied to other redundant
manipulators and setups for use in confined or cluttered
environments where an operator-selected goal configuration
is not feasible. Although the computational effort required
to generate a configuration database for a given redundant
manipulator is high, once generated, it is valid to use for that
manipulator operating in any environment.

This work shows the advantage in reliability and repeata-
bility of using a pre-calculated data-set to systematically se-
lect the planning task goal configuration over iterative search
methods. This is particularly important in confined space
operations, where the goal configuration selected strongly
impacts path planner success. Repeatability is also important
in many applications involving hazardous materials or remote
environments where the robot operates in locations unreach-
able to humans. In such cases, demonstrating repeatability of
generated paths could aid the operator in trusting the robot
to reliably reach requested goals.

When querying the database for a configuration to satisfy
a required end-effector pose, a discrete sample is returned
which envelopes the large continuum of solutions that exist.
This sample can then be sorted by preference to return a
configuration which has been intelligently selected for a
given planning task. In this work, the criterion of ‘nearest
in joint space to the starting configuration’ has been used,
as described in Section II-B. Although this is successful
in 46% of tested scenarios, a single criterion by which to
select the goal cannot be successful in all planning tasks
and environments. Ideally, the selection criteria should be
dynamic and dependant on the known planning and envi-
ronment parameters. An ideal approach would allow for a
dynamic selection criteria based on the starting configuration,
the environment geometry in relation to the manipulator
and the gripper goal pose. Further work shall investigate
the selection of database search criteria dependant on these
planning task elements.
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