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Abstract: The combination of highly dynamic systems with a limited work envelope with a
less dynamic system with a larger working envelope promises to combine the advantages of
both systems while eliminating the disadvantages. For these systems, separation algorithms
determine the trajectories based on the target geometries. However, arbitrary processing
orders of these result in inefficient trajectories because successive geometries may be
geometrically far apart. This causes the dynamic system to operate below its potential.
Current planning tools do not optimise the processing order for such redundant systems.
The aim is to design and implement a planning tool for the application of laser marking.
The tool considers the processing order of the 2D geometries from a geometric point of view.
The resulting sequenced path data can then be used by trajectory generation algorithms to
make full use of the potential of redundant systems. The approach analyses literature on
Travelling Salesman Problems (TSP), which is then transferred to the given application. A
heuristic and a genetic algorithm are developed and integrated into a planning tool. The
results show the heuristic algorithm being faster while still producing solutions whose total
path length is similar to that of the genetic algorithm. Even though the solutions don’t meet
any optimality standards, the presented automated approaches are superior to manual
approaches and are to be seen as a starting point for further research.

Keywords: CAM; galvanometer scanner; laser applications; path planing; redundant axes

1. Introduction
Businesses are required to be economically competitive. In a manufacturing context,

this can be achieved by making production processes more productive and/or capable.
One approach to this is the combination of a highly dynamic system with a limited work
envelope with a less dynamic system with a larger working envelope. This promises
to combine the high productivity associated with highly dynamic systems with a large
working envelope of the larger system. This can then, for example, reduce job set-up times
by sequentially processing many small jobs in one big job. Furthermore, the enhanced
work envelope also extends the range of applications the production process can be used
for. In laser applications such as additive manufacturing, polishing, cutting, welding,
and marking, the dynamic system component is often represented by a galvanometer
scanner [1–3]. It can be used to position a laser spot in an xy plane. However, the maximum
work envelope, i.e., the maximum scan field, is restricted by the following aspects: One:
the maximum mechanical angular deflection of the mirrors in a given scanner, and the
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distance between the mirrors and the target [4]. Two: the focal length of the commonly used
F-Theta lenses, which are employed to focus the laser onto the scan field. The focal length
is proportional to the laser spot diameter [1]. Increasing the focal length extends the work
envelope, but it also increases the laser spot diameter. As the laser spot diameter has a
manufacturing process-dependent upper limit, increasing the work envelope by adjusting
the focal length is also limited. One approach to increasing the work envelope while
circumventing these restrictions is the combination of a scanner with a larger kinematic
system. The scanner can, for example, be paired with an xy system. In this case, the scanner
is then carried by the larger system to extend the overall work envelope. Consequently,
the secondary kinematic system is here referred to as the base system. A depiction of such
a combination is given in Figure 1. By pairing the two systems, it is possible to combine
the dynamic capabilities of a galvanometer scanner with the larger work envelope of the
base system. However, there are different methods of combining the operation of the
two systems.

xb xb

yb

xs

ys

Figure 1. Schematic depiction of a redundant system. The axes of the base system are denoted by ‘b’
while the axes of the scanner are denoted by a ‘s’. The work envelope of the scanner is denoted by
the rectangle containing the red laser dots. The combined work envelope of both systems is denoted
by the large dotted rectangle.

The two primary methods of combining the scanner and base system operation are
sequential and simultaneous. In the sequential method, known as step-and-scan, the
scanner processes parts within its scan field before the base system moves the scanner
to the next field [5,6]. In the simultaneous method, known as on-the-fly scanning, both
systems move together. Using the on-the-fly scanning method allows for higher overall
productivity at the expense of complexity in trajectory planning [5–9]. The complexity
stems from the fact that there are infinite ways to separate the tool centre point (TCP) path
between the two systems. In this work, the TCP path describes the position of the scanner’s
laser spot in the combined work envelope of both systems. The TCP position is denoted by
xTCP and yTCP and results from the position of the base system xb and yb and the position
of the laser in the scanner system xs and ys via Equations (1) and (2) . Besides separating the
original path into two, the trajectory generation methods must also consider the different
dynamic capabilities of the systems.

xTCP = xs + xb (1)

yTCP = ys + yb (2)
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Effective on-the-fly scanning and the linked trajectory generation methods require a
strategic processing sequence to make full use of the dynamic potential of a redundant
system. An example of a strategic and non-strategic sequence is given in Figure 2. In
Figure 2a the processing order is arbitrary. Because of this, the scanner must traverse a
longer-than-necessary path when being moved by the base system to cover all geometries.
In Figure 2b the rectangles are processed in a strategic manner, allowing the scanner to be
swept from left to right while processing all target geometries.

(a)

(b)

Idle pathsStart point

End point

Scan field

Target geometries Scanner path

Figure 2. Exemplary CAM path planning for a 2D brick wall-like pattern. The orange rectangles
indicate the to-be laser-marked pattern. The green indicates the processing order of the rectangles.
The large blue square indicates the work envelope of the scanner, and the blue dotted line indicates
the path of the base system, i.e., the centre position of the scanner while processing. In (a) the
processing order is arbitrary. Because of this, the base system has to move the scanner along a longer
than necessary path to cover all geometries. In (b) the rectangles are processed in a strategic manner,
allowing the scanner to be swept from left to right while processing all target geometries.

When using redundant kinematic scanner systems with different work envelopes and
dynamics, it is crucial to plan the TCP path to strategically utilise both systems. Meaning
the order and way individual geometries are processed needs to be considered. Otherwise,
long traversal paths of the base system require the scanner system to act far below its
dynamic limits or stay idle until the next processing area is reached. This planning is
executed in computer-aided manufacturing (CAM) tools. This paper specifically focuses on
CAM solutions for redundant systems with different work envelopes and dynamics while
examining open and closed 2D contours as input geometries for a laser engraving applica-
tion. In this context, CAM tools can be divided into three types: One: vector graphics tools
such as Inkscape, Adobe Illustrator, or Affinity Designer with plug-ins for gcode export.
Two: CAM tools, such as Lightburn, LaserGRBL, or Snapmaker Luban, for laser cutting
and engraving. Three: specialist tools, such as Aerotech’s CADFusion or Direct Machining
Control, which specifically address redundant kinematics. The first two categories do not
address the unique requirements of redundant systems and require manual intervention
to define a strategic processing order, which is impractical for production environments.
The third type, specialist tools, are tailored to specific manufacturers’ hardware. To the au-
thors’ knowledge, no research specifically addresses the problem of strategic path planning
for redundant systems with different work areas and system dynamics. While examples
such as [10,11] examine similar issues, these findings are not directly transferrable to the
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application described above. Furthermore, the existing literature on path planning is also
not directly applicable to CAM tools, as the underlying travelling salesman problem (TSP)
needs to be abstracted and supplemented with additional constraints. Why this is the case
will be explained in Section 2.1. Given the limitations in the state of research regarding
laser CAM tools for redundant systems with different work envelopes and dynamics, the
objectives of this paper are as follows:

1. To adapt the problem of strategic path planning for redundant systems with differ-
ent work envelopes and dynamics to the path planning problems discussed in the
existing literature.

2. To conceptualise and implement a tool designed for this specific purpose.
3. To discuss the performance of the developed tool based on test cases.

This paper assumes that the CAM and path separation and trajectory planning al-
gorithm are separate from each other and that the latter is responsible for the dynamics
planning. Consequently, the CAM tool developed in this paper will focus on finding
geometric solutions and will not consider the dynamics of a given system. This is further
discussed in Section 5.3.

This paper is structured as follows: Section 2 will present the concept of the CAM tool
and introduce the fundamentals of a clustered global travelling salesman problem (CGTSP)
and a genetic algorithm (GA), which will be extended and applied to the CAM tool in
Section 3. Section 5 will highlight the results generated by the developed CAM tool. Finally,
Section 6 will summarise the findings and give an outlook on where further research
is needed.

2. Materials and Methods
This section will present the concept for the CAM tool and introduce fundamentals on

the topics of CGTSP and GA.

2.1. CAM Concept Overview

In a first step, input data are processed. As stated above, the CAM tool presented in
this paper focuses on open and closed 2D geometries; see Figure 3. Thus, input data are
chosen to be in the form of scalable vector graphics (SVG) files. The individual geometries
contained in SVG files, such as paths, ellipses, rectangles, and circles, are discretised into
groups of individual vertices. In the second step, the scan field optimisation takes place.
This step determines the number and location of required scan fields to cover all geometries,
which have to be processed (see Figure 4). The third step is to run one of the two strategic
path planning algorithms presented. These decide one, the order in which the individual
scan fields are processed. Second, the order in which the geometries within each scan field
are processed. And third, the start and end vertices of each geometry. The final and fourth
step is to export the generated data as gcode. The gcode contains all the TCP path data
in a strategic order. These data can then be used as input for algorithms responsible for
separating the TCP path and trajectory planning. However, these are not considered in
this paper. The overlaying problem of steps two and three is finding an optimal path that
connects all the geometries, more specifically the vertices into which the geometries are
discretised. This path should be as short as possible. For the concrete application, this
means that the sum of idle paths, those that are inserted in-between geometries, where
the laser is turned off, is as short as possible. Furthermore, it is desired that the path that
describes the motion of the scan fields across the entire work envelope is also as short as
possible, i.e., that the base system moves the scanner as little as possible. In consequence,
the dynamically, much more capable scanner is made responsible for executing a large part
of the motion during the trajectory planning phase.
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Figure 3. Flowchart of the CAM concept.

Figure 4. Two feasible solutions for a CGTSP indicated by the yellow and green paths. The blue
squares represent clusters, i.e., scan fields, which are labelled by black numbers. Shapes with a red
outline represent sub-cluster (SC), i.e., geometries. These are labelled by blue numbers.

2.2. TSP Classification and Solution

The problem of finding the shortest path that connects individual vertices can be
classified as a TSP. The classic TSP involves finding the shortest possible path that visits
each city, i.e., vertex, once and returns to the origin vertex, given a list of vertices and the
cost to travel between each vertex. This problem is NP-hard [12], meaning there is no
known algorithm that can find the optimal solution in polynomial time. For a problem
with n vertices, the computational complexity is O(n− 1)! and grows exponentially with
the number of vertices. Depending on the application and associated constraints, a TSP
can be further classified as a clustered travelling salesman problem (CTSP) [13–16], global
travelling salesman problem (GTSP) [17–22], CGTSP [10,11,23,24], and family travelling
salesman problem (FTSP) [25]. For the described use case of a CAM tool, the classification
as a CGTSP is appropriate. Why this is the case will be explained in Section 2.3. Different
approaches exist to solve these problems; some of them are exact algorithms, such as
the branch and bound [26] and cutting plane method [27]. These find optimal solutions
by exploring all possible paths. However, they are only practical for small to medium-
sized problems due to exponential computation time [12]. Heuristic algorithms, including
Nearest Neighbour [28], Greedy, 2-opt [29], Lin-Kernighan-Helsgaun [21], Simulated An-
nealing [30], GA [20,31], and Ant Colony Optimisation [22], provide faster solutions. These
heuristics use strategies such as local search improvement and probability-based selection,
making them suitable for a variety of problem sizes. While exact algorithms guarantee
optimal solutions, heuristics balance solution quality and computation time, making them
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ideal for larger problems. Consequently, this paper will look at two heuristic approaches.
Why this is done will be further discussed in Section 5.3.

2.3. Clustered Global Travelling Salesman Problem

Before introducing solutions for solving a CGTSP, it itself will be introduced and put
in the context of a CAM tool. In a CGTSP the goal is to find the shortest path that visits
each cluster, i.e., scan field, where each scan field must be visited exactly once. In each scan
field, there are several SCs, i.e., geometries. From these geometries, exactly one vertex of
the geometry has to be visited. The CGTSP can be understood through a graph G = (V, E),
where V represents a set of vertices, and E represents a set of edges. The vertex set V is
divided into k non-empty subsets, denoted as C0, C1, ..., Ck, which are referred to as clusters.
Therefore, it meets the following conditions [11]:

V = C0 ∪ C1 ∪ · · · ∪ Ck (3)

Cl ∩ Cp = ∅ for all l, p ∈ {0, . . . , k} and l ̸= p (4)

Additionally, each cluster’s vertices are further divided into several SCs. In the graph,
there are two types of edges: those connecting vertices of SC within the same cluster and
those connecting vertices of SC across different clusters. The cost function c is associated
with each edge e = (u, v) ∈ E, expressed as Ce = c(u, v), referred to as the edge cost. The
CGTSP seeks the least costly path H that satisfies the following properties [11]:

• H visits precisely one vertex from each SC.
• All SCs belonging to the current cluster are visited consecutively before moving to the

next cluster.

Figure 4 illustrates the CGTSP applied in the context of a CAM tool, along with two
feasible solutions, which are separately shown with yellow and green lines. The order of
geometries for the yellow solution is [1, 0, 6, 4, 5, 3, 2], and the order of geometries for the
green solution is [0, 1, 2, 3, 5, 4, 6]. The instance shown in this figure includes 135 vertices,
divided into three clusters, i.e., scan fields, C0, C1, and C2. These are indicated as blue
fields. Furthermore, each cluster’s vertices are divided into multiple SCs, i.e., geometries:
C0 = SC0 ∪ SC1, C1 = SC2 ∪ SC3, and C2 = SC4 ∪ SC5 ∪ SC6.

The CGTSP in this application differs from the general CGTSP in several ways:

• SC, i.e., geometries, need to be treated as two variants: one, closed geometries, such as
SC0, SC1, SC2, where all vertices within an SC are visited sequentially, and only one
vertex needs to be selected as the start and end point. The other variant is an open
geometry, such as SC6, where one of two end vertices must be chosen as the start point
of the open geometry’s scanning trajectory, with the other serving as the end point.
This is the case, as stitching together a continuous segment out of several segments is
usually a visible and undesirable process result.

• There is no need to complete a circuit, i.e., there is no need to return to the starting
geometry once arrived at the final geometry. Thus, the distance from the last to the
first geometry vertex is not considered within the route.

• Within each cluster, the visiting order of the SC should be as directional as possible,
starting from the SC closest to the previous cluster and moving towards the next
cluster. Consequently, the number of direction changes should be kept low. The
idea being that if there is an overlying processing direction, e.g., from left to right,
then the motion of the scanner and the base system will also follow this overlying
direction. This then serves as the basis for the path separation algorithms to find a
feasible solution that makes use of the combined system dynamics while adhering to
the stroke limitations of both systems (see Figure 2).
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2.4. Genetic Algorithm

Genetic algorithms are a class of search algorithms that are fundamentally rooted in
the principles of natural selection and genetics [31]. To address the CGTSP, a chromosome
needs to be structured to encapsulate information pertinent to the solution it represents.

2.4.1. Encoding of a Chromosome

The chromosome data structure consists of two primary components: the sub-cluster
order (SCO) and the vertex order (VO). The SCO defines the order in which SC, i.e.,
geometries, are processed. The VO determines the start–end vertex of a SC. Each element
in the SCO and the VO correspond to each other. Following the SCO and VO provides a
feasible solution to the CGTSP [11].

An example for two chromosomes is given in Equations (5) and (6). These represent
possible solutions to the CGTSP depicted in Figure 4. Equation (5) is represented by the
yellow path and Equation (6) by the green path.

Chr1 :

{
sco = [1, 0, 6, 4, 5, 3, 2]

vo = [14, 8, 0, 8, 0, 7, 6]
(5)

Chr2 :

{
sco = [0, 1, 2, 3, 5, 4, 6]

vo = [9, 14, 6, 7, 0, 8, 1]
(6)

Generally, GAs start by constructing various chromosomes to form an initial popula-
tion, ensuring diversity within the population. Through a survival-of-the-fittest selection
method, individuals with higher fitness undergo crossover and mutation to produce su-
perior offspring, and this process is repeated across multiple generations. In the case of
the CAM tool, the fitness may, for example, represent the total path length required to
process all geometries. Crossover involves inheriting genes from parent chromosomes to
form new offspring, which are then subject to random mutations at a certain probability
to prevent the population from converging on local optima. This mechanism ensures that,
over generations, increasingly optimal solutions are generated until a termination criterion
is met [31]. Details about the initial population, selection methods, crossover, mutation,
and termination criteria will be discussed in Section 3.3.

3. Implementation
The implementation section will first highlight the scan field optimisation, which finds

the required number and location of scan fields to cover all geometries. After this, the two
path optimisation algorithms are presented, which determine the path connecting the SC,
i.e., geometries in and across the scan fields. All algorithms described in the following are
implemented in Python.

3.1. Scan Field Optimisation

After importing the geometric data, it is crucial to cover all geometries with as few
scan fields as possible. This process is depicted in Figure 5, where scan fields, blue squares,
are distributed over the “ISW” shaped geometries. By minimising the number of scan
fields, each geometry can ideally be allocated to only one scan field. If this isn’t the case,
further steps need to be taken to assign each geometry to a scan field. Furthermore, by
minimising the number of scan fields, the TSP linked to finding a path that connects these
is simplified (see Section 3.2.1). As galvanometer scanners suffer from distortion, which
increases at the edges of the scan field, it is desirable to set the cluster position as centred as
possible among the geometries. Consequently, the scan field optimisation also considers
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this. The steps to optimise the position of clusters are depicted in Figure 5 and described in
the following:

1. Initial generation: randomly generate a certain number of scan fields (e.g., 256) within
the combined work envelope of the scanner and base system.

2. Coverage check: Check whether all geometries are covered. If not, repeat step 1.
3. Scan field reduction test: Try to remove each scan field individually and check if all

geometries can still be fully covered. If so, remove that scan field; if not, retain it. This
step preliminarily reduces the number of scan fields.

4. First optimisation of scan field positions: Move each scan field, individually, to reduce
the total area covered by all scan fields while still ensuring all geometries are covered.
Next, repeat step three to further reduce the number of scan fields. During the moving
of scan fields, each is displaced by a defined unit of length in the positive and negative
spatial directions and diagonals. After each displacement, a check is made to see
whether an improvement has occurred.

5. Second optimisation of scan field positions: Move each scan field as in step four to
try to reduce the overlapping areas of the scan field while ensuring all geometries are
still covered, and then repeat step three. This again tries to minimise the number of
scan fields.

6. Third optimisation of scan field positions: move each scan field to position all geome-
tries as centrally as possible within the scan field, enhancing scanning quality.
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Figure 5. Illustrates the steps of the scan field optimisation process. (a) depicts the imported
geometries (red). (b) depicts step one, the random creation of scan fields (blue) to cover all geometries.
(c) depicts the optimisation step, in which the area covered by the scan fields is minimised. (d) depicts
the optimisation step in which the scan fields are moved as far apart as possible. (e) depicts the third
optimisation step, in which the scan fields are centred over the respective geometries.

Once the optimised scan field positions are determined, all geometries are allocated
to their respective scan fields in an unordered manner. It is important to note that some
geometries may be covered by multiple scan fields. This is, for example, the case for the
geometries located in the union of the bottom left two scan fields, highlighted by the grey
dashed box, in Figure 5e. In such cases, it is necessary to compare the shortest distances
between these geometries and the other geometries that are already assigned to those
multiple scan fields. These geometries should then be separately allocated to the scan
field that contains the geometry closest to them. This approach enables the allocation of
geometries that are proximate in distance to each other in the same scan field.
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3.2. Hierarchical Heuristic Algorithm

For the given problem, a so-called hierarchical heuristic algorithm (HHA) is developed
that transforms the CGTSP into multiple layers of a TSP. The first, outer layer is determining
the sequence in which scan fields are processed. Then, a heuristic algorithm is employed to
select appropriate geometries within each scan field to serve as the starting or terminating
element. This selection guides the direction of path planning within the scan field. The inner
layer of the TSP is to determine the scanning sequence within each scan field. Subsequently,
within each SC, the start and end vertices of the geometries have to be chosen. The vertex
enhancement algorithm (VEA) is then utilised to enhance the selection of vertices in each
SC. Ultimately, this process effectively yields an optimised TCP path.

3.2.1. Path Planning Method for Scan Fields

The vehicle routeing solver in OR-Tools [32] is used to determine the shortest path
connecting the centres of all scan fields. The first scan field is selected to be the one closest
to the top left corner of the work envelope. To address the non-standard requirement
of having distinct start and end points, a virtual endpoint is introduced. The distance
from the virtual point to all scan field centres is set to zero, ensuring that any scan field
could potentially be the terminating one. Since the number of scan fields is generally low,
compared with the number of geometries contained within it, the path cheapest arc (PCA)
in the OR-Tools suite quickly yields a satisfactory solution (see Table 1).

Table 1. Computational time required using OR tools PCA to determine a path connecting different
numbers of randomly placed scan fields. See Section 5 for details of the system used to perform the
calculations.

Number of Scan Fields Calculation Time (s)

5 0.018
15 0.021
50 0.052

100 0.213

3.2.2. Path Planning Method Within Each Scan Field

Using the OR-Tools TSP solver for computation, it is initially necessary to select ap-
propriate geometries, i.e., SC within each scan field to serve as the starting and terminating
SCs. Using the function nearest_vertices() imported from the Python Shapely library, the
starting SC for each scan field is determined by finding the SC in the current scan field that
is closest to all SCs in the previous scan field, and similarly, the ending SC by finding the
SC that is closest to all SCs in the next scan field. Specifically, for the first scan field, the
starting SC is chosen as the one farthest from the intersection of the line connecting the
centroids of the first scan field and the second scan field with the boundary of the first scan
field. These connecting lines are represented by the green dotted lines in Figure 6. For the
last scan field, the ending SC is the one farthest from the intersection of the line connecting
the centroids of the last scan field and the second-to-last scan field with the boundary of
the second-to-last scan field. For cases with only one scan field, the starting SC is the one
nearest to the top-left corner of the scan field, and the ending SC is nearest to the bottom
right corner.

Then, the geometries, i.e., SCs, are ordered in each scan field, using OR-Tools, based
on their centroid vertex and the previously chosen start and end vertices of each scan field.
Additionally, it is ensured that the sequence of geometries has a certain directionality. This
is achieved by first choosing geometries that are further away from the end geometry of
the respective scan field. Practically, this is implemented by adjusting the distance cost
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matrix used in OR-Tools. An extra penalty is added to the distance between the centre of
the current geometry and other geometries within the scan field. This penalty is inversely
correlated to the distance of other geometries to the next scan field. This is depicted in
Figure 6; the penalty imposed on the distance from Geometry 0 to Geometry 1 is inversely
correlated with the length of the segment AB (see Equation (7)).

SF0

SF1

SF2

SC1

SC4

SC3

SC0

SC2

SC5

SC6
A

B

Figure 6. An example of the additional penalty calculated for determining the processing order in a scan
field. The green ‘+’ are the centroids of the scan fields. The red ‘+’ exemplifies one centroid of the other
centroids relative to the current centroid of geometry zero. The blue ‘x’ indicates the intersection of the
path connecting two sequential scan fields with the boundary of the current scan field. It determines point
‘B’. Point ‘A’ is the normal projection of the centroid of another geometry onto the path that connects two
scan fields. The inverse of distance AB is added as a penalty for sequentially connecting geometry zero
and one. The green dotted line indicates the distance from B to the centre of each geometry.

Point B represents the intersection of the line connecting the centroids of scan f ield0

and scan f ield1 with the boundary of scan f ield0, whereas point A denotes the projection
of the centroid of Geometry 1 onto this line. Particularly, for the last scan field, the added
penalty is positively related to the distance to the previous scan field; for the cases with only
one scan field, the added cost is inversely related to the distance to the last SC in the scan
field. The adjusted cost D is mathematically expressed in Equation (7), where the subscripts
c and n represent the current vertex and the possible next vertex. slope represents the slope
of the line connecting the centroids of the current scan field j and the next scan field, the
subscript i represents the intersection of the aforementioned line with the boundary of the
current scan field, and |AB|max is the diagonal length of the scan field.

D = deuclidean + 0.5︸︷︷︸
weight

·(|AB|max − |AB|) (7)

deuclidean =
√
(xn − xc)2 + (yn − yc)2 (8)

|AB|max =
√

x2
scanner,max + y2

scanner,max (9)

|AB| =

∣∣∣∣∣∣ (xn − xi) + slope · (yn − yi)√
1 + slope2

∣∣∣∣∣∣ (10)

slope =
yj − yj+1

xj − xj+1
(11)

Through testing, it has been determined that using the PCA from OR-Tools as an initial
solution, along with the penalised distance cost matrix, provides favourable direction-
oriented solutions. When using the guided local search (GLS) strategy from OR-Tools to
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attempt escaping local optima, the solutions often show poor directionality (see Figure 7).
Therefore, this strategy is not used in cases with multiple scan fields. However, for cases
with only one scan field, where the directional demands for path scanning are comparatively
low, the penalty weight of 0.5 in Equation (7) is substituted with a smaller weight of 0.1,
and the GLS is chosen. Under a time limit of 30 s, this approach attempts escaping local
optima, aiming to improve the initial solution.

Since the starting and ending SCs within each scan field have already been determined,
the ordering of SCs within each scan field is independent of each other. To enhance
computational efficiency and reduce computation time, parallel processing is used to
determine the processing order in each scan field.

Figure 7. Exemplary CAM results. The blue squares indicate the scan fields, i.e., clusters; the small
orange squares are the geometries, i.e., SCs, to be processed, and the green line is the resulting path
that connects each geometry. The blue and red crosses indicate the respective start and end points.
The top result indicates good directionality of the TCP path, while the bottom result depicts bad
directionality.

3.2.3. Vertex Selection Method Within Each Scan Field

Once the geometry, i.e., SC, sequence is established, the nearest_vertices() function from
the Python Shapely package is used to find the vertex in each SC closest to the next SC.
This determines an initial set of start–end vertices for each geometry. As this function has
no context for the fact that an overall shortest path is trying to be found, its results can
be further improved. For example, two geometries with parallel lines can have several
vertices that represent a shortest path linking the two. But when considering a subsequent,
third geometry, picking a start–end vertices set for the first two that is close to the third is
desirable. Thus, the initial start–end vertices chosen need to be improved via the VEA.

After the initial vertex set is determined, the VEA is used to further enhance the
selection of vertices on each SC. The VEA looks at the current start–end vertex of a
geometry and the previous and next start–end vertex of geometries in the processing order
(see Figure 8). The process of the VEA is detailed in the following:

1. Using Point() from the Python Shapely library, each discretised vertex of the current
SC is transformed into a point object.

2. The Shapely LineString() function is used to transform the chosen start–end vertices of
the previous and next SCs into a line segment.

3. All vertices in the current SC are traversed, and the function distance() is used to
calculate the distance between each vertex and the line segment created in step 2. The
vertex that is closest to the line segment is updated as the chosen vertex for the current
SC, i.e., geometry. For open geometries, merely attempting to swap the starting and
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ending vertices, comparing whether the empty travel distance is reduced; if so, update
the starting vertex accordingly.

4. Repeat the previous steps for all SCs, continuing looping until no more vertices need
to be updated.

Figure 8. Illustrates the process of the VEA (a): The start–end vertex in SC0 (the first SC) is enhanced
by choosing the red V′0, which is closest to the vertex V1 in the next SC. (b): The red V′1, which is
closest to the line V0V2, is chosen as the new start–end vertex in SC1. (c): The red V′2, which is closest
to the line V1V3, is chosen as the new start–end vertex in SC2. (d): The start–end vertex in SC3 (the
last SC) is enhanced by choosing the red V′3, which is closest to the vertex V2 in the previous SC.
(e): After verifying that no selected vertex can be further updated or improved, the VEA terminates,
producing the enhanced start–end vertices for all SCs.

3.3. Hybrid Genetic Algorithm

The hybrid genetic algorithm integrates a GA with other optimisation techniques such
as a TSP solver and a customised VEA to enhance genetic convergence and increase the
efficiency of the algorithm. The specific implementation steps are depicted in Figure 9.

Initialization of Population

Selection 

Crossover

CEA

Mutation 

CEA

CEA

Termination ?

Best Solution

Mutation ?

Initial Parameters

Y

Y

New Population 

N

N

i

i
1 .

.int
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Figure 9. Flowchart of hybrid genetic algorithm (HGA).
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3.3.1. Initial Population

The starting point of the GA is the creation of an initial population, i.e., N initial
chromosomes. Each of these N chromosomes has i SCs, where i represents the total number
of SCs in a given problem. The SCO determines the order in which these SCs are visited.
Corresponding to each SC, there are also i vertices that indicate the start–end point of the
SCs. These values are initialised randomly while adhering to the minimum and maximum
SC and respective vertex index. In addition to the random values, two chromosomes are
created that all either carry the minimum, i.e., zero, or maximum index for the VO. This is
performed to prevent the loss of potentially good genes. Furthermore, all chromosomes
are constructed via multiprocessing. This is the case, as the chromosome enhancement
algorithm (CEA), which is explained in the following, is applied to each chromosome in the
creation process, and thus a non-negligible computation time is required. An example for
two initial chromosomes, for the example in Figure 4, are given in Equations (12) and (13).

random chromosome :

{
sco = [5, 3, 2, 6, 1, 4, 0]

vo = [8, 5, 3, 0, 24, 7, 5]
(12)

special chromosome :

{
sco = [3, 1, 4, 6, 0, 2, 5]

vo = [0, 0, 0, 0, 0, 0, 0]
(13)

3.3.2. Chromosome Enhancement Algorithm

When chromosomes are created, the CEA is applied to them. The purpose of this is to
increase the convergence speed. The CEA enhancement process is divided into two main
steps: The first step uses OR-Tools as a TSP solver to enhance the SCO. The alteration in the
SCO is also reflected in the VO; the second step utilises the VEA to enhance the selection of
vertices in the VO without altering the SCO. The VEA used here is the same as the VEA
used in the HHA, which is not detailed again here. Below, the strategy to enhance SCO
using the OR-Tools’ solver for Vehicle Routeing is specifically discussed.

Firstly, the coordinate of the top left corner of the combined base scanner work enve-
lope is set as the starting node coordinate. A virtual point is designated as the termination
node, with the distance cost to this virtual point from other nodes set to zero, meaning
any vertex could potentially be the termination vertex. Secondly, OR-Tools PCA is used to
improve the SCO. For this, a customised distance callback function is needed. It is used in
OR-Tools to determine the distance between vertices, i.e., the edge cost, of different SCs.
By implementing a custom callback function, it is possible to increase the cost of edges
crossing scan fields. The additional penalty is at least equal to the maximum length in the
scan field, i.e., the diagonal length of the scan field. Thus, making it possible to ensure that
all geometries within the current scan field are visited before moving to the next scan field.
Details of the distance callback function are represented in Algorithm 1. It is important to
note that because the same penalty is applied to all edges crossing scan fields, the order of
the scan fields may be adjusted based on the internal arrangement of vertices, rather than
strictly adhering to the original order of scan fields.

The chromosomes in Equations (14) and (15) result from applying the CEA to the
chromosomes from Equations (12) and (13).

enhanced random chromosome :

{
sco = [0, 1, 2, 3, 5, 4, 6]

vo = [9, 19, 6, 7, 0, 8, 1]
(14)

enhanced special chromosome :

{
sco = [1, 0, 6, 4, 5, 3, 2]

vo = [14, 8, 0, 8, 0, 7, 6]
(15)
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Algorithm 1 Calculate Distance Callback for Routing

Ensure: Result distance
1: if open geometries then
2: x1, y1← the opposite endpoint for open geometries
3: else
4: x1, y1← current start point for closed geometries
5: end if
6: x2, y2← next start point for any geometries
7: if x1, y1 or x2, y2 is the virtual end node then
8: return distance← 0
9: else if x1, y1 = x2, y2 then

10: return distance← 0
11: else if x2, y2 is the vertex in first geometry then
12: x1, y1← 0, 0
13: return distance← Euclidean distance
14: else
15: penalty_cost← the diagonal length of the scan field
16: if vertice are in different clusters then
17: return distance← Euclidean distance + penalty_cost
18: else
19: return distance← Euclidean distance
20: end if
21: end if

3.3.3. Selection

The selection is obtained through the elitist selection method. The purpose of elitist
selection is to choose superior genes for reproduction. All chromosomes are ranked
according to a fitness function. The fitness function is the reciprocal of the target function,
which in this case is the sum of the idle travel distances, i.e., the distance connecting
geometries; see, for example, the green line in Figure 7. The shorter the idle travel distance
of the total scanning path represented by an individual is, the higher the fitness value,
indicating more superior genes.

3.3.4. Crossover

The crossover operator generates two offspring chromosomes, denoted by os1 and os2,
by combining two parent chromosomes. From the index range N(SCO), two numbers are
randomly drawn; these represent the start and end index of the parts of the SCO and the
VO that are interchanged between the parent chromosomes to create the offspring.

For instance, use the chromosome in Equation (14) as the paternal chromosome and
the chromosome in Equation (15) as the maternal chromosome. Here, N(SCO) is 7. Assume
2 and 4 are drawn as start index and end index (i.e., the 3rd and 5th elements in SCO). Then,
the offspring number one will inherit the SC at the indexes 0 and 1 from parent number two.
Next, offspring one will get SCs from index 2 to 4 from parent one. Finally, offspring one
will fill the remaining indexes with the SCs from parent number two. The same is conducted
for the VO, as this order is directly linked to the SCO. The other offspring chromosome is
generated similarly. The resulting chromosomes can be taken from Equations (16) and (17).
This aims to avoid duplication of SCs in the offspring and to inherit the excellent genes of
the parents as much as possible.
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os1 :

{
sco = [1, 0, 2, 3, 5, 6, 4]

vo = [14, 8, 6, 7, 0, 0, 8]
(16)

os2 :

{
sco = [0, 1, 6, 4, 5, 2, 3]

vo = [9, 19, 0, 8, 0, 6, 7]
(17)

3.3.5. Mutation

After crossover, the offspring chromosomes mutate according to a given probability.
The mutation operator generates a modified version of the chromosome through the
following process: A cluster Ci is randomly selected, and for each SC within Ci, the
corresponding vertex in the VO is replaced with another randomly selected vertex from
the same SC.

Taking os1 in Equation (16) as an example of the offspring to be modified, where
SC0 ∪ SC1 = C0, SC2 ∪ SC3 = C1, and SC4 ∪ SC5 ∪ SC6 = C2. Assume C1 is randomly
selected as the cluster to be mutated, then a mutated offspring chromosome may be
as follows:

mutated os1 :

{
sco = [1, 0, 2, 3, 5, 6, 4]

vo = [14, 8, 2, 5, 0, 0, 8]
(18)

where the vertex numbers of SC2 and SC3 in vo have been randomly selected as 2 and 5,
respectively. Finally, offspring chromosomes need to undergo further processing by CEA,
regardless of whether mutations have occurred.

3.3.6. Parameter Adjustment

Through testing, the parameters for the GA have been adjusted to the following
configuration: The initial population size is set to be three times the population size ps,
which is set to 32. For the given system and test cases, increasing the population size did
not improve the quality of the results. However, the calculation times increased. Based
on the selection strategy, the top 20% of the chromosomes from the current population
are directly inherited by the next generation. The remaining 80% of the new generation is
produced by performing crossover operations 0.5 · 0.8 · ps times, using random pairs drawn
from the top 20% of the current population’s chromosomes as parents. The probability that
a crossover-produced offspring undergoes mutation is 30%. ‘ If the previous generation
fails to improve the solution, the current population size ps will increase by 50% but not
exceed 48. This number is chosen to limit the computation time. However, if the solution
was improved in the previous generation, the population size ps will decrease by 20%
but not fall below 16. This number is chosen to prevent generating solutions, for the
given test cases, which converge in local minima. Moreover, the GA will terminate if there
has been no improvement for five consecutive generations or if calculations continue for
three generations at the maximum population size if the time, excluding the time taken to
generate the initial population, exceeds two hours after completing the operations for the
current generation.

4. Results
The capabilities of the three introduced optimisation methods—the scan field optimisa-

tion, the HHA, and the HGA—are tested via twelve test cases. These differ in the following
ways: One, the number of geometries, here a low (≤100), medium (≤500), and high (≥500)
number is chosen. Two, the resulting number of scan fields. Three, the type of pattern,
random or ordered, that the geometries represent. The random patterns consist mainly of
rectangles of different sizes. Only SC82C24 contains more complex geometries. This is the
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case to demonstrate that these can also be handled by the tool. The ordered patterns are ’O’
and ’ISW’ shapes created by smaller rectangles. The test case ordered is representative of
a marking job where, for example, a company logo is applied to a production part. The
random patterns relate to remote laser cutting for the manufacture of PCB stencils.

The different numbers of geometries are chosen to analyse how the computation times
of the algorithms scale. The test cases are also created in such a way, i.e., the geometries
are distributed over the entire workspace, that different numbers of scan fields have to be
generated. Again, this is conducted to see how the computation times of the algorithms
scale. In the case of HHA and HGA, this is also conducted to see how the computation
times vary when a similar number of geometries are distributed over a few or many scan
fields. The purpose of the different pattern types is to analyse how the directionality of the
solutions differs.

All test cases are calculated for a base system with an xy stroke of 300× 300 mm and a
scanner with an xy stroke of 70× 70 mm. This is representative of a real-world machine
available at the Institute for Control Engineering of Machine Tools and Manufacturing Units
(ISW). The calculations are performed on a mobile system, Lenovo E480e manufactured in
and sourced in China, with an Intel Core i7-8550U CPU @ 1.8 GHz, a configured thermal
design power of 15 W, and 8 GB RAM. It is representative of a low to average mobile
computing device and highlights if the developed algorithms are applicable to a wide
range of devices.

No results are generated using existing software, as it either requires manual creation of
strategic paths or the software is limited to specific hardware. However, the comparison of the
developed approaches is still relevant as it shows whether the chosen approaches provide viable
results. The comparison also indicates which approaches should be considered in the future.

One exemplary result is given in Figure 10. All other results are not depicted here due
to space reasons but can be taken from [33]. However, Tables 2–4 summarise the results in
a tabular format, and Figure 11 depicts the comparison of the HHA and the HGA, allowing
for their discussion in the following Section 5.
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Figure 10. Depiction of an exemplary result for the test case SC82C24 generated with the HHA
algorithm. The start and end points are indicated by the blue and red ‘x’, further results are to be
taken from [33].
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Table 2. Results from ten calculations for each random pattern case.

Type HHA HGA Difference

Time
ave. (s)

Idle
Stroke

ave.
(mm)

Idle
Stroke

sd.
(mm)

Time
ave. (s)

Idle
Stroke

ave.
(mm)

Idle
Stroke

sd.
(mm)

Time
(mm)

Idle
Stroke
(mm)

SC32C2 rnd. 7 264 0 144.4 226.8 3.2 95.2% −16.4%
SC82C24 rnd. 24.9 1692.8 45.6 901.9 1525.8 23.2 97.2% −10.9%
SC122C4 rnd. 13.7 775 0 627.1 713 9.2 97.8% −8.7%
SC278C18 rnd. 28.2 3025.6 52.5 1862.5 2877 37.8 98.5% −5.2%
SC514C5 rnd. 29.3 1927.2 15.7 2855.5 1935.1 20.1 99.0% 0.4%
SC946C32 rnd. 84 6701.2 84.4 14,335.2 6642.9 76.3 99.4% −0.9%

Table 3. Results from ten calculations for each ordered pattern case.

Type HHA HGA Difference

Time
ave. (s)

Idle
Stroke

ave.
(mm)

Idle
Stroke

sd.
(mm)

Time
ave. (s)

Idle
Stroke

ave.
(mm)

Idle
Stroke

sd.
(mm)

Time
(mm)

Idle
Stroke
(mm)

SC110C2 ‘O’ 8.6 338.6 7.3 284.4 271.3 6.8 97.0% −24.8%
SC200C3 ‘ISW’ 13.2 702 0 573.4 618.1 11.9 97.7% −13.6%
SC378C9 ‘O’ 21.1 1101.3 32.9 3232.9 1054 4.9 99.3% −4.5%
SC489C6 ‘ISW’ 27.7 1489.7 31.5 3296.9 1530.7 32.5 99.2% 2.7%
SC564C11 ‘O’ 29.2 1613.3 23.3 7231 1592 17.7 99.6% −1.3%
SC1017C16 ‘ISW’ 53.7 3421.8 66.7 13,813.8 3462.8 51.1 99.6% 1.2%
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Figure 11. Comparison of the HHA and HGA results for the computation time and idle stroke from
Tables 2 and 3. The error bars represent the standard deviations.

Table 4. Results for the scan field optimisation for twelve test cases [33]; each test case was calculated
10 times.

Type

Nr. of
Scan

Fields
ave.

(mm)

Nr. of
Scan

Fields
sd. (s)

Time
ave. (s)

Time
sd.(s)

Covered
Area
ave.

(mm2)

Covered
Area sd.
(mm2)

Overlap
ave.
(%)

Overlap
sd. (%)

SC32C2 rnd. 2 0 9.3 1.6 7012 0 28.4% 0%
SC82C24 rnd. 24.4 1.3 813.3 219.3 74,630.1 1851.3 37.4% 3.8%
SC122C4 rnd. 4 0 21.5 1.6 11,671 0 40.5% 0%
SC278C18 rnd. 19.2 1.2 1049.7 163.7 54,868.8 1371.4 41.4% 4.8%
SC514C5 rnd. 4.7 0.5 60.1 14.9 17,725.2 55 22.2% 8.5%
SC946C32 rnd. 33.1 1.5 4539.2 942.5 78,331.7 1477.2 51.6% 2.2%
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Table 4. Cont.

Type

Nr. of
Scan

Fields
ave.

(mm)

Nr. of
Scan

Fields
sd. (s)

Time
ave. (s)

Time
sd.(s)

Covered
Area
ave.

(mm2)

Covered
Area sd.
(mm2)

Overlap
ave.
(%)

Overlap
sd. (%)

SC110C2 ‘O’ 2 0 6.1 0.4 7309.1 127.6 25.4% 1.3%
SC200C3 ‘ISW’ 3 0 11.4 1.0 11,545.8 206.4 21.5% 1.4%
SC378C9 ‘O’ 8.3 0.5 123.7 26.8 33,087.1 446.3 18.5% 3.6%
SC489C6 ‘ISW’ 6 0 92.0 36.1 16,664.1 831.8 43.3% 2.8%
SC564C11 ‘O’ 11.4 0.5 276.0 57.1 44,161.8 2453.0 20.7% 6.6%
SC1017C16 ‘ISW’ 16.1 0.6 894.1 236.1 55,401 815.7 29.7% 1.9%

5. Discussion
The following will first discuss the results of the scan field optimisation (see Section 5.1)

and then go into a comparison of the HHA and the HGA in Section 5.2. This is then followed
by a general discussion in Section 5.3.

5.1. Scan Field Optimisation

The results for the scan field optimisation are summarised in Table 4. Further exem-
plary results can be taken from [33]. Each of the twelve test cases was processed a total of
ten times.The results show that as the average number of scan fields increases, so does the
standard deviation of the number of scan fields. However, the results are considered stable
enough for the application. The results also show that the computation time depends on
both the total number of geometries and the number of scan fields, i.e., clusters. Although
no direct correlation could be established, the number of scan fields seems to play a more
important role when looking at the given results.

The covered area in Table 4 is calculated by adding up all areas of the scan fields that
are only covered once. The overlap is determined by subtracting the covered area from the
maximum area that can be covered by a given scan field number and size. The overlap
percentage is then derived by normalising the overlapped area by the maximum area that
can be covered by a given scan field number and size. Looking at the area covered, the
overlap, and its standard deviation, it can be seen that the algorithm can be improved. The
high overlap percentages and high standard deviations are due to the movement strategy
used to optimise the covered area and centre the scan field within the contained geometries.
As the movement is gradual, and the improvement is checked after each movement, only
local minima can be found. As a result, the initial placement of the scan field has a major
influence on the result. The scan fields are then optimised sequentially. Again, local minima
can be found because the overall positions of the scan fields are not taken into account.

5.2. Comparison HHA vs. HGA

The path planning results for the twelve test patterns are summarised in Tables 2 and 3.
Depictions for every test can be taken from [33], and a singular example is given in Figure 10.

For both algorithms, the average computation times increase with the number of SCs,
i.e., geometries. However, as the number of SCs increases, the HHA scales better than the
HGA. The HHA requires only between 4.8% and 0.6% (see Equations (19) and (20)) of the
computation time of the HGA for the same given test case. In the case of SC946C32, the
HGA was aborted prematurely because it exceeded the specified maximum time limit of
two hours, excluding the initial population generation.

For both algorithms, the number of clusters, i.e., scan fields, is also a determining
factor. Comparing the average computation times of SC32C2 and SC122C4 with those of
SC82C24, where the number of SCs per cluster is much lower, it is clear that distributing the
SCs over fewer clusters is beneficial for the computation times. However, it is not possible
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to establish a direct relationship between the number of SCs and the number of clusters in
relation to the computation time.

Comparing the differences in time and idle stroke distances, as defined by Equations (19)
and (20) for both algorithms, it is evident that HGA performs better at a lower SC count
compared with HHA. However, as the SC count increases, the difference between the two
becomes smaller.

Difference =
TimeHGA − TimeHHA

TimeHGA
(19)

Difference =
StrokeHGA − StrokeHHA

StrokeHGA
(20)

Analysis of the changes in standard deviation shown in Tables 2 and 3 reveals a trend that
the number of clusters influences the stability of the results. In particular, a higher number
of clusters, indicating a larger coverage area of geometric patterns, results in larger standard
deviations in the idle stroke distances obtained by both algorithms. This variability is due
to the fact that in scenarios covering large areas, the locations of the clusters generated by
the scan field optimisation process are not consistent. In addition, variations in the cluster
distributions have the potential to alter the order of the clusters, thus affecting the final
solution provided by the HHA. Similarly, the cluster distributions also affect the allocation
of SCs, which in turn can alter the final solution, regardless of whether the HHA or HGA
is used. In terms of stability, in the ‘O’ cases, the standard deviation of the idle stroke
distances obtained by the HGA remains consistently lower than those obtained by the
HHA. Conversely, in the ‘ISW’ cases, a different dynamic emerges. For small ‘ISW’, the
HHA achieves a standard deviation of zero for idle stroke, indicating better stability in
solutions compared with the HGA. However, as the scale of the cases within the ‘ISW’
category increases, the standard deviation of idle stroke distances derived from HHA
progressively converges towards and ultimately exceeds that obtained by the HGA in large
‘ISW’. This increase in variability is attributed to the growing number of clusters as case
size increases, coupled with the variability in cluster distribution in each computation.
Ultimately, this instability in cluster distribution, caused by the scan field optimisation,
significantly affects the stability of the solutions produced by HHA.

For cases involving the simpler ‘O’ type patterns, both algorithms perform well in
terms of the directional quality of the solutions. However, for the more complex ‘ISW’ type
patterns, the solutions obtained by HHA show superior directional performance, benefiting
from the additional penalty values built into the algorithm.

Overall, it can be concluded that for the small-scale case, the HGA outperforms the
HHA in terms of the resulting idle stroke. However, this advantage diminishes as the
number of SCs and clusters increases, regardless of the type of pattern, random or oriented.
However, in all test cases the HHA outperforms the HGA in terms of directionality.

5.3. General Discussion

The primary objective of this contribution was to develop a tool that strategically
selects the processing order of geometries that are processed with a kinematically redun-
dant system by employing path planning techniques, in the form of a TSP, from existing
literature. Furthermore, the tools’ performance was to be discussed.

The developed tool can already do several things well: One: it can import different
shapes, e.g., lines, rectangles, paths, etc., from SVG files to order them and export them
into gcode. Two: the tool can accomplish the ordering process, in the case of the HHA, for
many, approximately 1000, geometries in under a minute using a low to average mobile
computing device. This is especially impressive when considering the number and scale
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of the TSP being solved and the fact that optimal solutions to TSPs are NP-hard [12].
Thus, the tool represents a significant improvement over manually selecting the processing
order of geometries, as has to be done with the tools named in Section 1. Three: the tool
can strategically define the start and end vertex for every geometry. This is not possible
when manually selecting the processing order of geometries using the tools named in
Section 1. Four, the tool is hardware independent. This is advantageous as the specialist
tools for path planning that consider redundant systems, named in Section 1, are targeted at
specific hardware platforms. Thus, the tool enables future research in trajectory separation
algorithms, which can be applied to different hardware platforms.

However, there are also aspects that can be improved: One, the chosen optimisation
methods may not be optimal for the given problem. They are primarily selected because it
was expected that computation times would scale well with the given problem size; see
HHA. Even though determining exact optimal solutions is not feasible given the problem
size, different heuristic algorithms than those used may be faster. Two, the modifications
made to the algorithms are a result of intuitive reasoning. Consequently, better solutions
may exist. Three, the entire premise of the developed tool is that the optimisation is geomet-
ric in nature. Thus, path lengths are minimised by solving TSPs. However, the underlying
problem, of traversing a kinematically redundant system over a set of geometries, is a
dynamic problem. Consequently, a solution with an overall longer TCP path may be more
optimal in terms of the overall processing time than a solution with a shorter overall TCP
path. Ideally, the problem of strategic path planning discussed in this paper is combined
with the trajectory planning for the redundant systems. However, as stated in the introduc-
tion in Section 1, the two problems are in a first step treated separately to simplify them.
Given experience with both subproblems, solutions can then be developed that consider all
aspects in one singular optimisation problem.

It should be mentioned that although the CAM tool created is aimed at a specific
application, 2D laser marking, the results can be used and extended to other applications
and systems. Related laser-based applications that can make use of these results include,
but are not limited to additive processes, cutting, polishing, and welding. An example
of a less related process would be path planning for photographic drones. Here, the
combination of a gimbal-mounted and orientable camera with a drone would also provide
a kinematically redundant system. Here, distributed targets need to be flown to by the
fastest possible path.

6. Conclusions
The CAM tool developed in this paper is targeted at the application of laser marking of

2D geometries with a redundant galvanometer scanner-based system, where both systems
move in parallel during processing. The CAM tool first imports 2D geometries from an
SVG file. Then, a scan field optimisation procedure determines the number and positions
of scan fields to cover all geometries. Next, either a heuristic (HHA) or genetic algorithm
(HGA) is used to optimise the order of the geometries based on geometric constraints,
i.e., shortest paths. The output is stored as gcode, which can then be used to determine
trajectories for both systems.

The tool developed, and its concept, provide a framework for generating strategic
paths for redundant galvanometer scanner-based systems. The framework demonstrates
how existing TSP path planning algorithms can be adapted to the given problem. Unlike
existing solutions, the tool does not require the user to manually determine the processing
order of different geometries. In addition, the tool is not hardware-specific and is therefore
universal. As a result, the tool provides a universal basis for trajectory generation methods
required for using the aforementioned redundant systems. By employing such systems,
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manufacturers can combine the high productivity of a scanner system with the larger
work envelope of a base system. This in turn allows manufacturers to, for example,
reduce job set-up times by executing several jobs at once or processing larger areas. Thus,
productivity and product diversity can be increased, allowing manufacturers to remain
economically competitive.

The results of the test case comparison show that the proposed solution provides a vi-
able solution. However, the variability of the scan field optimisation with each computation
still inevitably affects the quality and stability of the solutions derived from both algorithms.
Furthermore, both the scan field optimisation and the genetic algorithm suffer from long
computation times of up to 942 and 14,335 s. The heuristic approach, on the other hand,
provides solutions in a reasonable time frame, with a maximum recorded computation
time of 84 s. This is highlighted by the largest test cases, SC946C32 and SC1017C16, with
close to 1000 geometries. Here the performance of the HHA and HGA measured in idle
stroke, i.e., the stroke length required to connect the individual geometries, where the
laser is off, is within ±2%. However, the computation time of the HHA at these scales
is about 200-fold shorter than that of the HGA.Therefore, for further development, it is
recommended to improve the scan field optimisation algorithm and the heuristic algorithm
while not pursuing the genetic algorithm.

This work assumes that the process order optimisation of, for example, 2D geometries
and the algorithms that then perform the trajectory planning, and thus the trajectory
planning, for kinematically redundant systems are separated. This simplifies the problem
on the one hand. On the other hand, it also introduces limitations, as a geometrically based
process order optimisation does not take the system dynamics into account. Therefore,
future research will investigate a holistic approach that can both optimise the process order
and perform trajectory planning and path separation.
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GTSP Global Travelling Salesman Problem
HGA Hybrid Genetic Algorithm
HHA Hierarchical Heuristic Algorithm
ISW Institute for Control Engineering of Machine Tools and Manufacturing Units
LKH Lin–Kernighan–Helsgaun
PCA Path Cheapest Arc
SC Sub-cluster
SCO Sub-cluster Order
SVG Scalable Vector Graphics
TCP Tool Centre Point
TSP Travelling Salesman Problem
VEA Vertex Enhancement Algorithm
VO Vertex Order
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