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Abstract— This paper is an overview of the currently going
PhD project. The main goal of the project is to optimize a
sequence of industrial robotic tasks. We want to make use of
the fact that robotic tasks often allow some freedom during
the execution. In contrast, this extra freedom is ignored by
state-of-the-art approaches. This work refers to extra freedom
as under-specification. This paper presents a comprehensive
overview of the state-of-the-art approaches in task sequencing.
We state the thesis goals and make a short introduction to the
methods developed within the PhD project. Work packages are
formed based on the list of unaccomplished goals.

I. INTRODUCTION

Nowadays industrialized countries with their high labor
costs have to rely on production automation to keep their
competitive advantage. One of the most flexible and powerful
automation technologies that are available today is industrial
robotics. Since acquisition and programming of an industrial
robot are very expensive, the feasibility of using robots in
production facilities depends on the efficiency with which
the robot can perform its task: the more production steps a
robot can perform in a given time interval, the higher the
production rates are; as a consequence, the faster the robot
can compensate for its initial acquisition and programming
costs, the higher is the competitive advantage it provides to
the company.

Virtually all robotics scenarios consist of two different
types of robotic movements. The first category includes
movements that are specifically required for the job, e.g.,
welding a seam, deburring a sharp edge or cutting a shape.
During these movements the tools (e.g., a welding torch)
are switched on. We call this category effective movements
or effective tasks. Another category is supporting movements
or supporting tasks. Supporting movement are between two
effective movements. Supporting movements are not directly
needed for a given job. However, they are necessary to se-
quence one effective movement after the other. This concept
is illustrated in Fig. 1 on a simple welding example. The
two welding seams – (2) and (4) – are effective movements,
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Fig. 1. Example of the alternating stages

whereas (1), (3) and (5) are supporting movements, which
are only necessary to execute the effective movements.

There are two major characteristics that affect the effi-
ciency of a given robot. The first is how fast the robot
can perform its tasks (effective movements). Another char-
acteristic is how long it takes the robot to move into a
new position to perform the task after the previous task
was completed (supporting movements). While effective
movements are usually understood as rigid paths (defined
by the task/application), supporting movements are open to
computational optimization.

The current industrial practice is to let an engineer pro-
gram both effective and supporting movements. In contrast,
state-of-the-art research already provides solutions for com-
puting collision-free supporting movements automatically
and/or optimizing the schedule of effective tasks.

In the currently going PhD project, we intent to go one
fundamental step further: we observe that not only supporting
movements but also many effective movements are under-
specified. For example, many robot tasks (e.g., cutting,
welding, deburring) have to be performed along a given
open-end curve or a given closed contour. But the actual
starting point for the task is usually irrelevant. This last fact
is typically neglected in existing approaches for computing
optimal paths. This significantly limits the potential for
optimization of the robot movements. Therefore, we propose



to under-specify effective movements, by omitting precise
definition of the starting/ending points and corresponding
end-effector orientation. For example, each point of a closed
contour could be a starting point.

Although under-specification in effective tasks greatly
increase the effectiveness of optimization, another important
flexibility comes from robot kinematics (i.e., multiplicity
of inverse kinematics solutions). For example, the costs of
supporting movements usually depend heavily on the axis
configuration1 that a robot uses for reaching any given
starting/ending point of two subsequent effective tasks. In
addition, real-life applications impose collision constraints
that have to be considered.

The planned result of this PhD project is a set of algo-
rithms to compute (near-) optimal robot paths by making
use of under-specification (closed and open-end contours and
end-effector orientation freedom), involving robot flexibility
(multiple inverse kinematic solutions) and collision con-
straints. Optimality can be defined with respect to different
metrics such as distance, time or energy consumption.

The remainder of the paper is organized as follows.
Background is presented in Section II. We state the goals
of the thesis in Section III. Section IV presents results of
the accomplished work. Future work packages are listed in
Section VI. We conclude in Section VII.

II. BACKGROUND

This section presents a comprehensive overview of the task
sequencing methods in industrial robotics.

A. State of the Art of Industrial Robot programming

Today, there are two different ways to program robots in an
industrial setting: either it is done online or offline. In online
programming, the robot is directly taught a movement which
it has to replay later in production mode [1]. The offline
approach is typically based on simulation. The trajectory that
has to be executed by the real robot later in production is
calculated or taught in a simulated environment. Regardless
of programming method, robot programming is still based
on the knowledge and skills of the programmer. It requires
intuition if good/optimal movements are desired. The quality
of a path depends only on the experience of the programmer,
and almost no optimization approaches are involved [2], [3].

B. Task sequencing in the offline environments

1) Industrial offline environments: Task sequence opti-
mization is partially included in large simulation and pro-
gramming environments, but has very limited functionality.
For example, a customization for DELMIA2 adopted for
drilling applications3 allows automatic sequencing of drilling

1In general, every 6D point (position and orientation) can be reached by
a robot with eight different robotic configurations (e.g., elbow up vs. elbow
down).

2See http://www.3ds.com, accessed on June 25, 2013.
3DELMIA V5 Robotic Drilling Application, see http:

//www.delfoi.com/web/products/delfoi_products/en_
GB/drilling-app/, accessed on June 25, 2013.

tasks, but uses only a simple greedy algorithm4. Sequence
optimization is not presented in RobotWorks5. The tasks
are specified precisely with one entrance configuration, i.e.,
none of the additional flexibility of effective movements is
included.

2) Scientific offline environments: There exist several
frameworks in robotics, mostly applied in research or service
robotics. Mainly logic of execution is strictly defined by
a programming language (e.g., VLP\C# for MRDS [4], or
Python\C++ for OpenRAVE [5]) or by a state machine (e.g.,
SMACH in ROS [6]). Additional information could be found
in the good survey [7].

C. Existing algorithmic approaches
In general, calculating an optimal movement for multi-

ple effective tasks depends on solving two sub-problems:
(1) calculating collision-free movements between each pair
of effective tasks (local planning) and (2) determining a
sequence in which the tasks should be performed (global
sequencing). Though both problems are well-known sepa-
rately, in robotics they have to be solved in conjunction. A
global sequencer cannot calculate the distance between two
particular tasks without a local planner, and – vice versa –
a local planner cannot lead to a global optimal path without
a global sequencer.

1) Local planning: In recent years a significant amount
of research has been focused on intelligent planning for sup-
porting movements. The goal is to calculate an optimal path
between two robot configurations. Normally the planning
is done in C-space6. The two most well-known approaches
are Probabilistic RoadMaps (PRM) [9] and Rapidly-growing
Random Trees (RRT) [10]. These approaches typically do
neither consider the optimization of a sequence of tasks nor
can they deal with under-specification. However, they are
very effective for planning optimal paths/trajectories between
two effective tasks.

2) Global sequencing: Normally the problem of searching
for an optimal sequence can be reduced to the Traveling
Salesman Problem (TSP). This problem deals with the search
for an optimal sequence of points with given distances
between them and a constraint that every point should be
visited once [11]. One of the first who discovered the
application of the TSP in industrial robotics for point-to-
point movements was Dubowsky et al. [12]. Later the TSP
application was extended with other features like involving
multiple inverse kinematics solutions (solved with Genetic
Algorithm (GA) [13]), robot base layout optimization (solved
with GA [14]) or involving extra constraints (e.g., maximum
velocity and acceleration, solved with Ant colony optimiza-
tion algorithm [15]). Mentioned approaches do not involve
collision constraint into the planning. No under-specification
in task descriptions is considered.

4See http://en.wikipedia.org/wiki/Greedy_algorithm,
accessed on June 25, 2013.

5Compucraft Ltd, RobotWorks, see http://www.compucraftltd.
com, accessed on June 25, 2013.

6C-space is the space of all possible angle values for every robot joint,
also called joint- or axis space [8].



3) Combined approaches: The combination of a global
sequencer and local planning got a lot of attention within the
last 10 years and different researchers refer to it with differ-
ent names. Wurll et al. [16] was one of the first who observed
this problem and referred to it as Multi-Goal Path Planning
(MTP). Here, a goal is usually understood as a point in
T-space7 or in C-space. Later other researchers proposed
approaches to solve MTP (e.g., [17], [18], [19]), however,
all of them assumed that tasks are uniquely specified.

4) Under-specification: All of the above mentioned algo-
rithms require an exact specification of the target points in
T-space or in C-space. No optimization process was involved
in allocation of target points.

Under-specification of tasks was investigated in the
collision-free path planning domain [20]. This approach
addresses under-specification by using rectangular boxes
instead of single target points. The planning can only be
performed from the current position to one of many goals.
The algorithm chooses the optimal goal only from the point
of view of a local planner.

Gentilini et al. [21] used some under-specification for
the robot with mounted camera on its end-effector. They
model this problem as a Traveling Salesman Problem with
Neighborhoods (TSPN). TSPN is an extension to standard
TSP, which allows each point to be moved within a given
area [22]. They represented TSPN as Mixed-Integer Non-
Linear Program and implemented a heuristic to speed up the
exact solver.

D. Summary

Industrial robot programming is still intuition-based ap-
proach. Existing industrial and research programming en-
vironments require a very precise specification of robot
movements. Optimization of task sequence is ignored or
presented with very primitive methods.

Existing scientific approaches model sequencing problem
mostly as TSP. Very few approaches consider extra-freedom
of task execution, but they are either too application-specific
or do not involve robot kinematics or collision constraints or
sequencing in general.

We want to fill in this gap and to develop a general and
flexible format of task description as well as sequencing
algorithms that will consider robot flexibility and allow
constructing near-optimal collision-free paths.

III. GOALS OF THE THESIS

The main goal of this doctoral project is to develop
methods for computing near-optimal robotic movements by
making use of task under-specification. In particular, this
leads to the following intermediate subgoals:

1. Develop algorithms to solve sequencing of tasks that
are represented as:
1.1. 1D closed contours.
1.2. 1D open-end curves.

7T-space is a 6D space where 3 dimensions specify the robot’s end-
effector position and 3 dimensions specify its orientation.

1.3. 3D volumes
2. Allow selecting “one from many” entrance/ending spec-

ifications.
3. Extend the task description with under-specification of

the robot end-effector orientation.
4. Involve robot kinematics into the planning.
5. Involve collision constraints into the planning.
We point out three types of possible tasks geometries:

closed contours (e.g., cutting a hole or gluing), open-end
curves (e.g., welding a seam or deburring an edge) and 3D
volumes (e.g., remote laser welding or object inspection).
These types of under-specification cover a large variety of
domains where the tasks have to be optimized. Efficient and
effective method has to be developed that is capable to solve
sequencing of such types of tasks.

IV. ACCOMPLISHED WORK

A. Analysis

1) Existing sequence optimization problems: Previously
we have already stated some modeling problems that were
applied by other researchers. Further, a short outlook on TSP-
like problems is presented. These modeling problems are
applied or planned to be applied in the current PhD project.

The most known modeling problem is Traveling Salesman
Problem (TSP) [11]. The goal is to find the minimal-cost
circle tour that visits all the points. Although, this problem
can efficiently model the sequencing problem it gives no
freedom for complex tasks.

There are other TSP-like problems, that allow some free-
dom. One of them is Generalized TSP (GTSP), which is an
extension of TSP, where the minimal-cost circle tour should
visit sets of points. However it leads to discretization of the
tasks and causes unwanted errors.

Close-Enough TSP (CETSP) [23] is another modeling
problem. CETSP goal is to find the minimal-cost circle tour
such that every point is visited within a certain radius. The
main drawback is that only a minor part of robotics tasks
could be efficiently modeled with CETSP.

Another related problem that takes flexibility into account
is the Touring-a-sequence-of-Polygons Problem (TPP) [24].
The goal of the TPP is to find the minimal-cost circle tour
that visits a sequence of regions. Although the problem
require a predefined sequence, it is capable to find the
minimal-cost tour point positions in the regions.

The most general among all discussed problems is TSP
with Neighborhoods (TSPN) [22]. The goal of the TSPN is to
find the minimal-cost circle tour through a set of regions such
that every region is visited once. It has no discretization error
(in contrast to GTSP), it supports areas of different shapes
(in contrast to CETSP) and it is capable of calculating both
a sequence and point positions (in contrast to TPP).

2) Existing methods for solving sequencing problems: We
suggest to make use of TSPN for modeling under-specified
robot tasks are that represented as closed contours. This type
of under-specification is very common in many industrial
applications, e.g., cutting, deburring, welding.



Previously, TSPN received significant attention in the
domain of approximation algorithms [25]. One can find
comprehensive surveys in [26] and [27].

As the TSP got larger attention from the researchers than
TSPN, a natural idea could be to adapt existing successful
methods. TSP adaptations were already successfully done for
GTSP (e.g., Lin-Kernighan [28]) or for CETSP (e.g., splitting
the problem to the combination of TPP and TSP [23]).
Another approach is to optimize points allocation inside the
areas with a greedy algorithm (i.e., the nearest point from
the next largest area is added to the set) and then calculate
the TSP tour [29]. One more way to apply algorithms from
the TSP domain is to represent TSPN as GTSP, since the
transformation from GTSP to TSP is known (e.g., [30]).
However in practice it greatly increases the search space
[31]. TSPN was also solved with Mixed-Integer Non-Linear
Programming solver [21]. Proposed method is capable of
solving TSPN close to optimum, however it was tested on
the benchmarks with up to 16 regions though some industrial
applications consist of much larger number of tasks8.

Heuristics for TSP could be split into two categories:
tour-construction and tour-improvement heuristics [33]. After
a tour is obtained, it can be improved by applying tour-
improvement heuristics, e.g., 2-Opt or 3-Opt [34].

3) Suitable simulation environment choice: OpenRAVE
[5] was chosen for prototypical implementation. It is an open
source and easy to use tool. It has predefined library IKFast
for calculating inverse kinematics (in contrast to MRDS [4]).
OpenRAVE supports COLLADA, and programming is done
in C++/Python that simplifies the comparison with state-of-
the-art approaches.

B. Developed algorithms

Similar to other approaches, we apply known algorithms
from the TSP domain to solve TSPN. We propose two
heuristics: Constricting Insertion Heuristic (CIH) [35] and
Constricting 3-Opt (C3-Opt).

1) Constricting Insertion Heuristic: We split the TSPN
into two problems TSP and TPP. We solve these problems
not one after another (in contrast to [23]), but rather simulta-
neously. Insertion Heuristic (IH) [36] was chosen for solving
TSP. As a TPP solver, so called Rubber-band algorithm
(RBA), proposed by Pan et al. [37], is applied.

Basic principle of IH is to incrementally construct a
tour by adding new points into specific positions. There
are multiple modifications of the IH, but commonly they
are different in three ways: strategy 1 of initializing a tour
(e.g., tour with points from the convex hull), strategy 2 of
choosing a point to insert (e.g., nearest or farthest), strategy
3 of choosing where in the tour to insert these point (e.g.,
minimizes the tour distance).

We involve RBA into strategy 3. It means that whenever a
new point should be added to the tour, the tour is constricted
with RBA (constricted means that point locations on the
borders of the contours are optimized). Multiple calls of RBA

8There are welding applications with 250 goals [32].

leads to tours of quality better than [23], and the heuristic is
much faster than [21].

To search for the point location on the contour any
one-dimensional optimization technique could be applied,
e.g., Golden Section Search optimization method [38] or
Bisection method.

2) Constricting 3-Opt: 3-Opt heuristic [39] is a certain
case of the K-exchange algorithm developed by Lin [40].
Evaluation [33] shows that if K is greater than three, the
effectiveness of the approach decreases. Therefore, normally
the case K=3 is used.

The basic idea is to sequentially select K edges from the
tour and reconnect them in all possible ways. If the reconnec-
tion causes a decrease of the tour cost, the algorithm starts
from the beginning; otherwise, the next K edges are selected.
The algorithm stops when there are no more exchanges that
could improve the tour. There are seven possible ways of
reconnecting three edges in 3-Opt. It was shown in [41]
that only two ways of reconnecting are required to cover
all possible combinations.

We proposed the adaptation of the 3-Opt for TSPN. We
refer to this approach as Constricting 3-Opt. The core idea
is to constrict the tour (i.e., to perform a local search)
after every reconnection. If this local search gives near-
optimal tour improvement, it could lead to the local optimum
fast. Therefore, we applied a simplified RBA algorithm for
constricting. Position of every point, newly added to the tour,
is optimized. We also check that at some point of time, cost
of the newly created tour could exceed the cost of the original
tour. In that case it make no sense to continue the swapping.

After the new tour is constructed (i.e., after the swapping
is done) and the points are optimized (i.e., simplified RBA
is executed) then its cost is compared with the original tour.
In case if swapping and constricting bring an improvement,
the new tour replaces original tour.

C. Evaluation

Proposed algorithms were evaluated on two different sets
of benchmarks. The first benchmark set with known optimal
values was proposed by Gentilini et al. [21] with up to 16
contours. It is available online9. The second benchmark set
was proposed by Alatartsev et al. [35] with up to 70 contours.
It is also available online [42]. It is hard to calculate the
optimal values for large test instances, therefore we make the
comparison with best obtained values by different heuristics.

Summary of the evaluation is presented in Table I. CIH
appeared to be a fast heuristic with a small average error. The
drawback is a high maximum error that appears on some
of the instances. One possible improvement is to simply
apply 3-Opt heuristic to optimize the tour and then apply
RBA to optimize the point positions on the contours. This
leads to a slight decrease of the errors, although it requires
more computational time. We refer to this approach as
CIH (3-Impr.). As C3-Opt is an improvement heuristic, we
evaluate it on three different input tours: generated randomly

9TSPN Instances: http://wpweb2.tepper.cmu.edu/fmargot/ampl.html



TABLE I
EVALUATION OF THE PROPOSED METHODS (EXCEPT HIS) ON TWO SETS OF TEST INSTANCES

Heuristics
HIS CIH CIH (3-Impr.) NN→ C3-Opt Rand→C3-Opt CIH→C3-Opt

Test instances average error 0.148 0.319 0.285 0.190 0.003 0.001
of max error 1.090 6.260 5.440 2.390 0.070 0.020

Gentilini et al. [21] average t(ms) 650.417 11.972 14.351 38.206 62.645 28.728
Test instances average error - 5.067 3.366 1.552 0.262 0.320

of max error - 13.980 13.950 5.170 1.500 2.080
Alatartsev et al. [42] average t(s) - 1.652 3.992 146.896 244.805 68.924

(Rand), by Nearest Neighborhood heuristic (NN) and by
CIH. Random tour allows obtaining better improvements, but
it is the most time consuming approach. The best choice is to
use a combination of CIH and C3-Opt, as it produces small
errors in a feasible computational time.

V. WORK IN PROGRESS
Above presented algorithms (CIH and C3-Opt) are effec-

tive methods that are able to produce near-optimal tours.
However, these methods use Cartesian space metrics and do
not involve robot kinematics into the solving process. Current
work is concentrated on an adaptation of the developed
techniques to the robot model.

Fig. 2. Difference between the shortest paths in Cartesian space (left) and
configuration space (right)

We use Puma 560 robot that has to cut out several
contours. The current approach is to first construct the tour
and then obtain the robot motion in the configuration space.
Often there could be a huge gap between distance estimation
in Cartesian and configuration spaces, see Fig. 2. The current
goal is to resolve this problem and involve it into the
optimization process.

VI. FUTURE WORK
Above we described the results of the accomplished work.

In order to fulfill the stated thesis goals, the following work
packages have to be done:

A. Work Packages

1) WP1: In this work package, an algorithm for the
sequencing of open-end curve and 3D volume tasks has
to be developed. These problem were already solved by
researchers (e.g., [43], [21], [44])). Although solutions for
particular cases exist, a combination of these types of extra-
freedom with previously stated under-specification of task is

the core research part of this work package. One possible
idea is to extend previously developed algorithms with some
other local search methods. For 3D volumes local search
methods should work in multi-dimensional spaces, e.g.,
Gauss-Seidel or Gradient descent methods [45].

2) WP2: In this work package, we are going to extend
the created algorithmic approaches to allow optimization of
the choice of one entrance/ending among possible regions.
In particular, it could lead to solving of GTSP for regions,
but not for configurations.

3) WP3: Many tasks require specific orientation of the
end-effector while being performed, e.g., keeping torch in
the normal direction to the welding seam. Nevertheless, often
there is a certain freedom, e.g., in remote laser welding max-
imum deviation from the normal vector could be 15 degrees
[44]. Often such freedom also appears in grasping tasks, spot-
welding, etc. In this work package we are going to make use
of that type of under-specification. One possible way is to
make planning not in Cartesian space but in T-space. Another
way could be to make planning first in Cartesian space and
when the tour is obtain, make constricting already in T-space.

4) WP4: The process of choosing a right sequence is
closely related to the distance metrics. Algorithms consider
this information as reliable. However, it is computationally
expensive to call collision-free planner every time, when a
distance information is required. There are some solutions
for sequencing problems modeled as TSP (see Section II-
C.3). But collision-free path planning in combination with
under-specified sequencing is still an open problem.

5) WP5: In this work package we will evaluate the
developed methods on the real world cases and compare
the obtained results with currently applied methods such
as greedy planning. Heuristics often depend on different
parameters (e.g., desired precision or convergence speed).
Tuning of these coefficients on the real scenarios should be
conducted.

VII. CONCLUSION

In this paper we presented the state of the currently going
PhD project. The overall aim of the doctoral project is to de-
velop new methods for automatic generation of near-optimal
robotic movements among multiple under-specified tasks.
We restrict ourselves to scenarios where the specification of
effective tasks is available in computer-readable format and
where no online planning (e.g., sensor integration) is used.

The core idea is to make use of under-specification of
effective tasks to open up potentials for optimization. Two



efficient heuristics were developed that are capable of solving
the under-specification of the closed contour tasks. Current
work is concentrated on involving robot kinematics into the
planning. The next steps are to extend variety of supported
under-specified tasks and develop missing algorithmic ap-
proaches.
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