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summary

This thesis presents a methodology for designing and manufacturing highly tunable Repetitive volume
element (RVE) with tunable isotropy and mechanical properties through homogenisation reinforcement
learning-guided toolpath planning for material extrusion additive manufacturing.

Background and Motivation FDM is used to create highly adaptable objects with geometrically com-
plex shapes and features. High anisotropic behaviour is measured in conventional methods of FDM,
and by optimising the mechanical properties and a toolpath of a given RVE, the result becomes highly
variable. Scaling the material properties using a combination of homogenisation and RL-based toolpath
planning helps extend the uses of AM.

Methodology The approach consists of three main stages. First, 2D voxel-based grids with controlled
infill densities of 63% to 93% are generated to create permeable structures. Homogenisation tech-
niques are applied to determine effective mechanical properties, e.g. Young’s moduli, shear moduli and
Poisson’s ratios, across multiple configurations varying in voxel size, 0.1-0.4 mm, and void distribution.
Second, optimal grid designs are selected using sequential optimisation with a multi-objective func-
tion balancing mechanical stiffness, isotropy, shear performance, and geometric connectivity. Third, a
Double Deep Q-Network (DDQN) reinforcement learning agent is trained on 50 diverse grids to gener-
ate void-aware toolpaths for a 0.4 mm nozzle. The agent learns to maximise material coverage while
avoiding collisions with voids, minimising redundant motions, and ensuring printability.

Results The trained RL agent achieved 89.4% material coverage on test grids with infill ratios of 73%,
demonstrating effective void avoidance and path continuity. The optimised grid design exhibited an im-
provement in isotropy compared to conventional raster patterns, with 1040% reduction in mechanical
anisotropy. RVEs were fabricated via MEX and mechanically tested, validating the computational pre-
dictions within close accuracy based on the isotropic behaviour, yet tensile tests show lower Young’s
moduli than expected from the computational model.

Significance and Future Work This work demonstrates that reinforcement learning can effectively
optimise toolpath planning for complex, defect-containing structures, enabling the fabrication of FDM-
produced objects with improved mechanical isotropy. Future work should extend the methodology to
3D homogenisation to eliminate plane-stress/plane-strain approximations, incorporate multi-directional
AM for true 3D toolpaths, and explore non-planar geometries that more closely replicate native tissue
architecture. These advances would optimise the tunable properties already existing in AM.
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Introduction

Additive manufacturing (AM) encompasses a range of rapid prototyping methods capable of producing
materials with highly adaptable properties [1]. By controlling structural parameters such as defect place-
ment and infill density, the mechanical properties of printed materials can be systematically tuned to
achieve specific performance characteristics. This tunability is particularly valuable when transforming
highly anisotropic base materials into structures exhibiting more isotropic mechanical behaviour across
multiple scales.

Fused Deposition Modelling (FDM) and Material Extrusion (MEX) offer highly tunable and adaptable
manufacturing processes for rapid material production. These layer-by-layer fabrication methods en-
able precise control over structural geometry [2], yet they inherently produce anisotropic mechanical
properties [3]. Conventional FDM-produced materials exhibit optimised strength in the extrusion direc-
tion whilst demonstrating reduced performance in perpendicular directions. This mechanical anisotropy,
characteristic of layered manufacturing, limits the applicability of FDM components in applications re-
quiring uniform mechanical response regardless of loading direction [3]. The high anisotropy observed
in conventional layer-by-layer manufacturing is commonly addressed through interlayer solutions, such
as rotating the extrusion direction between successive layers [4]. Whilst effective for simple geometries,
this approach offers limited adaptability for complex multidirectional structures. Alternative strategies in-
volving intricate print path optimisation show promise for reducing anisotropy, yet systematic methods
for determining optimal toolpaths that enhance isotropy remain underdeveloped and require greater
tunability.

This work addresses this challenge by developing a two-stage methodology to optimise material prop-
erties in FDM-produced structures. First, the mechanical properties of grid-based structures are evalu-
ated to identify optimal geometries. Homogenisation techniques are used to computationally determine
the placement of defects within grid structures, producing designs that exhibit near-isotropic behaviour.
Optimal infill densities ranging between 63% and 93% are identified through this analysis. Second,
these homogenised structures must be translated into feasible toolpaths executable by FDM nozzles.
This translation process must account for practical constraints, including the minimisation of extrusion
errors (over-extrusion and under-extrusion) and the reduction of non-productive travel movements.

The homogenisation process provides a computationally efficient approach to approximating the me-
chanical properties of complex geometries[5] [6]. By discretising structures into repetitive voxel units
that interact solely with adjacent neighbours, this method significantly reduces computational cost whilst
enabling systematic evaluation of diverse geometric configurations. This framework facilitates the iden-
tification of structures achieving optimal mechanical stiffness in multiple directions whilst maintaining
near-isotropic behaviour through systematic variation of voxel resolution, void fraction, and defect dis-
tribution.

Translating optimised voxel grids into practical MEX toolpaths requires the determination of efficient
trajectories between nodes. Research demonstrates that toolpaths exhibiting minimal discontinuities
and retractions produce structures that more faithfully reproduce computational predictions. Reinforce-



ment Learning (RL), specifically Double Deep Q-Networks (DDQN), provides an adaptive framework
for generating logically connected toolpaths from optimised grids. This approach demonstrates robust-
ness when applied to structurally similar configurations, enabling automated toolpath generation across
diverse geometries.

The central research question addressed in this report is: How can the material properties of FDM-
produced components be optimised and tuned using homogenisation and RL-based path planning?

The Theory chapter establishes the material and mechanical property requirements for optimised struc-
tures and reviews current manufacturing technologies to identify design constraints for homogenised
grid geometries. The Methods chapter presents a two-stage approach: first, optimal voxel grid ge-
ometries are generated through homogenisation-based structural optimisation, with mechanical per-
formance evaluated across varying void ratios and resolutions. Second, a Double Deep Q-Network
(DDQN) reinforcement learning agent is trained to generate continuous toolpaths for material extru-
sion from the optimised grids. The Results chapter evaluates this methodology through two stages:
comparison of homogenised structures with conventional patterns in terms of mechanical isotropy and
stiffness, followed by assessment of RL-generated toolpaths for coverage efficiency, print fidelity, and
manufacturing feasibility relative to idealised simulation geometries. The Discussion chapter critically
examines variances between predicted and achieved optimisation outcomes, analyses the strengths
and limitations of the DDQN approach compared with traditional path planning algorithms, and identifies
opportunities for methodological refinement in future work.



Theory

2.1. Additive manufacturing

Additive manufacturing (AM) is defined as the process of utilising rapid prototyping, whereby material is
deposited in order to create an object. The utilisation of AM has numerous advantages, notably being
the ability to generate intricate geometries, extensive personalisation, and expedited prototyping [1].
The selection of the most appropriate AM technique is contingent upon the dimensions of the design, the
material to be utilised, and the intended application of the product. A plethora of prevalent techniques
can be employed for AM. AM is classified in seven methods: Material Extrusion (MEX)[7], Direct Energy
Deposition (DED), vat polymerization, powder bed fusion, material jetting, sheet lamination, and binder
jetting [8]. The focus of this report is on MEX and especially on Fused Deposition Modelling (FDM),
due to its accessibility, low cost, high control during the process, and high tunability [9].

FDM is a process whereby material is deposited in layers subsequent to its fluidisation, which is induced
by either an increase in temperature, the application of pressure, or the extrusion of the material as
droplets or a steady flow.

Some important influences on mechanical properties are: the infill density of a material, local defect
formation, and anisotropic behaviour created by non-homogeneous bulk material.

Depending on the material used, there are different requirements that must be met. Polymers, such as
poly-lactic acid (PLA), are known to undergo rapid hardening after extrusion. In order to ensure optimal
interlayer connection, it is essential that the material is applied with greater force to the underlying layer.

2.1.1. FDM and MEX

FDM or Fused Filament Fabrication (FFF) is used to create layered structures using MEX. Extruded
material creates a pattern, in conventional methods mainly focus on the repeatable motions, similar to
the original form. A pattern of horizontal lines stacked to one another is commonly used (Figure 2.1b) to
improve the mechanical performance unidirectionally, uses simple geometry, and is reproduced easily
[10].

The use of FDM results in high anisotropy, whereby the scaling occurs from a single strand of extruded
material to a layer and finally to the complete structure. A strand of extruded material, composed of a
single material, shows increased stiffness in the longitudinal direction, corresponding to the extrusion
direction [11]. The stiffnesses in the transverse directions are reduced compared to the longitudinal
direction. It has been demonstrated that low isotropic abilities have the capacity to reduce the mechan-
ical performances of a bulk material when stresses are applied in directions that are not equivalent to
the layered directions.

In FDM we see material defects, either by not creating a maximum infill of the volume or experiencing
poor adhesion quality of the material. The poor adhesion in the 2.5D layer FDM is most notable in
the z-direction. Layers of extruded material cool down and adhere poorly to newly extruded layers
[12]. Conventional methods of printing where horizontal lines are stacked next to each other show

3
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low stiffness if forces are applied perpendicular to the strands seen in the structure. A method to
reduce single-directional high stiffness is by rotating the extrusion direction per layer. Rotation of layers
improves the mechanical properties of a 2D bulk structure.

Solving the problem of anisotropy created per layer on a layered basis has been proven by creating
repeatable patterns that include multiple extrusion directions per shape. Examples of variable patterns
are the spiral, grid, gyroid or honeycomb pattern [10].

By selectively distributing local defects to match a presented infill density, the mechanical properties
can be tuned and optimised. Local defects seen in the model can be tuned in position to minimise the
anisotropic behaviour. The distribution of defects is optimised using numerical simulation methods to
create optimal materials, looking into a limited design space. By expanding outside of the conventional
methods that have a bounded material setup, the optimal shape and defect distribution in a simple
structure can be optimised. The bulk material is always used to compare the performance of the final
result, testing the optimal shape.

2.2. Anisotropy

Anisotropy presents a major challenge for the mechanical performance of AM materials, including
bioscaffolds [13], composite structures [14], and reinforced materials [15]. The layer-by-layer depo-
sition process in FDM inherently induces directional dependencies in mechanical behaviour. Material
extruded along one direction forms continuous strands with strong intralayer bonds, while transverse
and interlayer connections remain discontinuous and weaker [11], [16]. This directional disparity leads
to anisotropic stiffness and strength, which must be understood across multiple scales.

2.2.1. Anisotropy in filament

At the filament scale, FDM typically employs either homogeneous single-material filaments or compos-
ite blends. Pure polymers such as PLA are assumed to be isotropic at this scale, whereas multi-material
or fibre-reinforced filaments, such as PLA reinforced with carbon fibre or biowaste inclusions, exhibit
inherent inhomogeneity and direction-dependent stiffness [17]-[19]. These internal anisotropies are
directly transferred to the printed structure, influencing local stress distribution and adhesion.

2.2.2. Anisotropic behaviour in a single layer

Within a single printed layer, the highest stiffness F1; occurs along the extrusion direction, where the
continuity of the material is greatest (Figure 2.1a). In the transverse directions, E2; and E33, the stiff-
ness is lower because adjacent extruded lines are only connected through narrow contact regions [11].
If the spacing between lines is reduced, partial fusion improves load transfer and enhances stiffness in
these transverse directions (Figure 2.1c). However, defects such as under- or over-extrusion interrupt
strand continuity, creating unplanned defects that further amplify anisotropy. Minimising these process-
related irregularities and optimising toolpaths to align with stress trajectories are essential to improving
mechanical uniformity within the layer.

2.2.3. Anisotropy in the bulk material

At the bulk scale, anisotropy becomes more pronounced due to imperfect interlayer adhesion. Lower
layers cool before subsequent deposition, leading to incomplete fusion at the interface and a notice-
able reduction in stiffness along the build direction. Consequently, the stiffness components in the
transverse directions E2; and Es3 are significantly smaller fractions of the longitudinal stiffness E4q,
and the material is prone to delamination under tensile or shear loads. While alternating the extrusion
direction between successive layers can reduce anisotropy in the x—y plane, this approach does not
fully resolve weak interlayer bonding.

Thermal gradients and residual stresses accumulating during printing further exacerbate this behaviour,
particularly in large parts. Optimised, stress-oriented toolpaths and controlled layer cooling can mitigate
these effects by promoting more uniform bonding.

Anisotropy in 2D and 3D structures can be quantified using the Zener ratio [22].



2.3. Maximal stiffnesses for relative densities 5

Figure 2.1: a) Schematic of the principal stiffness tensors on an extruded line of a filament. The stiffness tensors are directed
so that 11 is in the extrusion direction and F2 and Es3 are directed in transverse directions. b) Visualisation of a toolpath
with partial infill density stacked in 90° rotated angles using planar techniques in 2.5D AM [4]. c) Extrusion direction compared
to loading directions for FDM-produced materials. Transverse loading results in delamination of the material, causing lower
mechanical performance of the material [20]. d) The average values of smaller-sized voxels X;;_1j, to X;_1;; are combined
to reconstruct the shape of the grid for smoother surfaces with similar results to the simulated homogenisation results [21].

A= Cll B 012 _ E
2044 2G(1 + l/)

(2.1)

where A = 1 corresponds to isotropy. Values approaching 0 or 2 indicate significant directional stiff-
ness differences. Understanding and controlling anisotropy across filament, layer, and bulk scales are
essential for designing FDM structures with predictable, near-isotropic mechanical behaviour.

2.2.4. Anisotropy in conventional printing

The anisotropy is seen in 2.5D layered conventional FDM used in conventional toolpath printing meth-
ods (Figure 2.1c). The stacked layers are prone to delamination if loaded in a traverse direction. By
optimising the build direction layer-by-layer, this effect is reduced. The low adherence in the build
direction reduces the mechanical properties of the bulk material, leaving the object anisotropic.

2.3. Maximal stiffnesses for relative densities

In FDM, it is common to use reduced infill densities. As a result, lower mechanical stiffness is expected
and to determine the maximal stiffness, the Rule of Mixtures or Ashby-Gibson equation is used.

To determine the stiffness maximally achievable for a material that contains defects, the Rule of Mixtures
is used. Intended to be used for composite materials to determine the stiffness of a material with
reinforced fibres [23]. The equation for the rule of mixtures is written in equation 2.2. Stiffness E;; of
the material is feasible in the direction parallel to the fibres placed in the material. This method can be
used to determine the maximum achievable mechanical stiffness for a grid with known defects.

En=fEsf+(1—-f)E, (2.2)

Where f is the fraction of fibres, Iy is the stiffness of the fibres and E,, is the stiffness of the bulk
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material. When opting for a E; of 0.

On the contrary, when removing the fibre stiffness from the equation, the stiffness in the perpendicular
direction Ess is written as seen in Equation 2.3.

1 f 1
Eizg_Eif—*—iEm (23)

Removing this factor gives an answer with no feasible outcome. For the unidirectional stiffness, this
equation can approximate a maximum value for the material.

The relative density affects the stiffness of the material. Using the Gibson-Ashley power law, the relative
density can be approximated for porous materials and lattice structures [24] as seen in Equation 2.4.

=C(—)" (2.4)

Where C is the Ashby-Gibson constant, E* equals the stiffness of the reduced density of the material,
E, equals the solid stiffness, p* is the relative density and n is the load factor, either being 1 for strain-
dependent loads and 2 for bending-dependent loads. The theoretical maximal limit is set for values
C =1n = 1. Assumptions can be removed when the material is validated using tensile tests. A fitted
curve for reduced infill densities can be created using experimental results.

Itis evident that, when the theoretical maximal values are applied, the Ashby-Gibson equation is equiv-
alent to the Rule of Mixtures in equation 2.2 when a single material is employed. Consequently, the
two equations can be utilised interchangeably.

2.4. Homogenisation

Homogenisation is a computational method used to approximate the mechanical properties of complex
structures by reducing them to equivalent homogeneous materials of simple geometry. This approach
significantly reduces computational costs for both lattice structures [25]-[27] and composite materials
[6]. The method relies on defining Representative Volume Elements (RVEs) that capture the microstruc-
tural properties of the material and can be scaled to represent the global domain [26], [28], [29]. By
applying uniform strain or stress boundary conditions to these RVEs, material properties can be deter-
mined without requiring full-scale simulations.

The homogenisation process has been implemented in accessible computational frameworks. Ozdelik
et al. [30] developed a Python-based homogenisation method that uses finite element analysis (FEA)
to calculate the effective Young’s modulus of materials with complex geometries. Their approach dis-
cretises the geometry into constant voxels, enabling efficient property calculations.

For AM materials, homogenisation is particularly relevant due to their inherent anisotropy. The extrusion
process creates higher stiffness along the nozzle travel direction compared to transverse directions. At
the macroscale, this directional dependency results in spatially varying effective material properties.
Homogenisation theory [5], [31], [32] enables the characterisation of these lattice-like structures by
examining local stiffness, strain, and elasticity tensors within each voxel element, thereby predicting
macro-scale mechanical behaviour from microstructural properties.

The principle of homogenisation is shown in Equation 2.5 as defined by Hassani et al. [32].
Ukl HY” / 0(”) *(”)) pgrs (Eggkl) - Sjgkl)) (25)

The elasticity equation that functions as the basis for Equation 2.5 is written in Equation 2.6.

. 8111 ov;
/Elqu Tgkl) /E%Jpq %kl) dy, vviEHper(YvRB) (2.6)
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The strain tensor is given in Equation 2.7, where is the displacement field within the virtual work principle
or the weak form of the equilibrium equation.

1
= (o) = S, + ) @7)

Following the stress-strain relationship, it must be concluded that the force or stress in both directions

should be equal, since the strain seen in Equation 2.7 is equal in both directions. The local stiffness
matrix is written as seen in Equation 2.8.

[B"] = ﬁ t/y(uo —u")"[B]T[E][B](u” — u*)dY (2.8)

The local strain over the spring stiffness of the material is determined using Equation 2.9, where E{j is

equal to Cg also referred to as the homogenised constitutive matrix.
1 &
B = T 3 / (e — 2T f(€) (00) _ 20y gy (@) 2.9)
e=1"u(e)

Where Y is the total area, u is the displacement, and K(¢) is the stiffness matrix.

The stress tensor is determined using Equation 2.10 [33].

oij = Eijkicr (2.10)

For anisotropic stress-strain relationships, Equation 2.11 is used to determine the elasticity moduli,
shear modulus, and Poisson ratio in 2D Where the strain equation is written on the left side of the
equation, the compliance matrix S is multiplied by the stress matrix on the right side of the equation
[33]. All matrices and tensors are written in Voigt notation [34] similar to a 2D example in Equation 2.11.

€1 E% _:E% 0 01
=% 2 0| |e 2.11)
712 0 0 G%z T12

Where ¢ is the strain and + is the shear strain, calculated by multiplying the stress ¢ and shear stress
7 by the compliance matrix S.

Derived from Equation 2.11, the factors S;5 and Sy; contain Poisson ratios specific to the loading
direction. The Poisson ratio is approximated using Equation 2.12.

V”:_% and vy :-%i (2.12)

The elasticity matrix [E] for each element is represented using the Lamé parameters for a system that
is placed under loads written in Equation 2.13.

111000 20000 0
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EX=2"10 00000 ™ Jooo010 0 (2.13)
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Where the two Lamé parameters are determined according to Equation 2.14. The Lamé parameters
are used to scale the geometric matrices that are the result of the process of homogenisation.

FEv FE

A= Axoa—z) MHET gy

(2.14)
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Where E is Young’s Modulus and v is Poisson’s ratio for the base material.

Homogenisation is used to approximate the material properties of complex but repetitive shapes. By
focusing on smaller objects that can be repeated often, the run time of stiffness calculation is reduced
drastically. Voxels are used as a simplification of the placement of material. Since the resolution of a
voxel influences the accuracy of homogenisation, the size of voxel lengths is critical to determine the
material used. Varying in the resolution of the voxel is used to determine the effectiveness of a shape
to improve the accuracy of shape performance.

2.4.1. Plane stress and Plane strain

In two-dimensional homogenisation, it is necessary to assume either plane stress or plane strain con-
ditions to represent the missing out-of-plane behaviour [35]. Since the model is restricted to a flat ge-
ometry, stresses and strains in the z-direction cannot be simultaneously evaluated. In a plane-stress
formulation, the out-of-plane stress component is neglected (o, = 0), which is appropriate for thin
structures or membranes that can deform freely through the thickness. Conversely, in a plane-strain
formulation, the out-of-plane strain component is constrained to zero (¢, = 0, representing thick or
laterally confined bodies.

These assumptions significantly influence the calculated stiffness tensor. When plane-strain conditions
are applied to a filled grid, the resulting effective stiffness often appears higher than the input material
stiffness because the z-direction deformation is artificially restricted. In contrast, plane-stress conditions
typically produce lower stiffness values due to the absence of constraint in the out-of-plane direction.

In homogenisation-based optimisation, this choice introduces numerical challenges. The 2D formula-
tion yields either an over-constrained (plane-strain) or under-constrained (plane-stress) stiffness matrix,
resulting in singularities or unrealistic eigenvalues when solving for equivalent material constants. This
is a direct consequence of eliminating one physical dimension without a full 3D coupling term.

These issues disappear in 3D FEA, where all stress and strain components are explicitly defined and
no assumptions on the z-direction are required. Nevertheless, the 2D approach remains attractive for
its lower computational cost and for providing initial insights into anisotropy trends [35].

For reference, under plane-stress conditions, the first Lamé parameter can be expressed as:2.15.

Ev

/\pszl—lﬂ

(2.15)

2.5. Toolpath optimisation and Multi-directional AM

A key strategy to minimise anisotropy in AM is to generate multi-directional toolpaths that align with the
principal stress directions of the part. By applying optimisation methods to define extrusion trajectories
that mimic stress distributions, the need for support structures can be reduced, surface roughness
minimised, and mechanical performance enhanced through more uniform load transfer.

Conventional toolpath generation methods rely on STL-based geometry, where the object is discretised
into nodes (vertices) connected by struts or edges. These are used to represent simplified geometries
in modelling software such as SolidWorks or computational tools like MATLAB. The mesh is then con-
verted into a toolpath and subsequently into G-code for AM. However, this workflow focuses solely
on geometric accuracy and neglects material and stress-related optimisation. As a result, the optimal
toolpath produced from an STL file often fails to preserve desirable mechanical properties. In contrast,
generating a physics-informed toolpath directly—then converting it to G-code—retains process-level
control over stress and strain pathways, enabling more functional prints.

2.5.1. Planar toolpaths

It is imperative to examine the toolpaths that adhere to planar printing techniques in order to observe
the impact of this method on anisotropic behaviour. The homogenisation method is employed, result-
ing in the struts being located solely on the planar level. In the z-direction, the layers are connected
by weaker links. It is hypothesised that the largest strength components originate from the longitudinal
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direction, thereby yielding the largest stiffness value in the same direction. The selection of an alter-
nating direction for the principal stress, in conjunction with the establishment of connections between
all optimal shapes, as observed in the process of grid structuring, results in the generation of a shape
consisting of multiple points or vertices. The aforementioned points are connected by applying the Eu-
lerian path planning method, as elucidated in the Theory section. The distance between the points is
less than the radius. Consequently, it is only possible to establish a connection between a single point
and two other points. However, there are exceptions to this rule. These exceptions include the starting
and ending points, as well as points that are separated by a defect in the structure. These singularities
must be avoided, since a reduction in internal stress is the result of this process [36].

A comparison of the connectivity between points with the simulation results is recommended, since
this will reduce the mechanical properties of the output. A singularity can be regarded as a suboptimal
outcome, as it signifies a point that is not optimally connected to the other points.

2.5.2. Multi-directional toolpaths
To resolve the anisotropic behaviour of planar toolpaths, multi-directional toolpaths can be used to
increase the mobility range between nodes.

The feasibility of multi-directional AM is constrained by the DOF of the printer. Standard FDM systems
operate with three translational DOFs, limiting printing to planar, layer-per-layer deposition. Multi-axis
systems introduce additional rotational or translational DOFs, allowing non-planar and multi-directional
deposition that can significantly reduce anisotropy. However, these systems require advanced motion
planning to prevent nozzle—part collisions and to manage overhangs and sagging. Rotating either the
printhead or the build platform can help maintain smooth toolpaths while avoiding interference.

2.5.3. Path planning

Path planning translates the digital model of a part into an optimised extrusion pattern for FDM. It
defines the sequence and direction of material deposition to connect points efficiently while maintaining
the desired infill density and mechanical properties. AM relies on numerically controlled (NC/CNC)
systems, which require digitised toolpaths that minimise path length, reduce collision risk, and ensure
consistent extrusion quality.

Path planning typically involves two main stages:

1. Toolpath generation: where geometric and physical constraints are used—often through graph
theory, to identify efficient connections between nodes.

2. Toolpath digitisation: which converts these paths into machine-readable code, e.g., G-code, for
execution by the printer.

2.5.4. Laplacian matrix and Eulerian paths

A method to create an optimal toolpath for AM is to build up the object into a set of nodes that are
connected by edges. The number of nodes connecting to a single node is written in the Laplacian
matrix as visualised in equation 2.16. By applying graph theory and Laplacian matrix analysis, an
optimised toolpath can be generated that minimises disconnected segments and minimises high local
stress distribution [37]. The Laplacian matrix quantifies the connectivity between nodes, where d;
represents the number of edges connected to node 7, and —1 indicates a connection between nodes ¢
and j:

d;, ifi=j
L;; =< —1, ifi# jandnodes i,j are connected (2.16)
0, otherwise

By analysing the determinant of this Laplacian matrix, an Eulerian path can be created following the
optimal shape within the given set of vertices. A true Eulerian path is constrained by multiple rules, but
allowing the application of weakened constraints to the Eulerian path results in feasible outputs.
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The Laplacian matrix is a combination of the Degree matrix and the Adjacency Matrix and can be
written as . = D — A where D is the degree matrix and A is the adjacency matrix. The degree matrix
determines the number of connections per node. Edges are placed between two connecting nodes
and the number of edges per node is determined by the adjacency matrix.

The Laplacian, as a result, gives the possible travel directions for each node compared to the others.
Distances between nodes are not specified in this matrix and should be taken into account to check the
feasibility of connecting two or several nodes. Having no directional constraints placed between nodes
results in a symmetric Laplacian matrix, while a hierarchical directional matrix, where travel motions
are solely restricted from one node to another, results in an asymmetric matrix.

Path planning is used to travel from one location to another while performing tasks. Using the Laplacian
matrix, an Eulerian path can be formed connecting nodes while travelling from a starting node to a
finishing node. Having constraints as visiting each node, avoiding objects and limiting the number of
times a node and edge can be visited, helps to improve the toolpath to form a logical shape.

Combining RL and techniques to perform toolpath planning helps to create toolpaths that follow an op-
timised path, visiting as many nodes as possible, while being aware of other parameters that influence
the mechanical properties of the extruded result. Combining real-world aspects with graph theory helps
to find an optimal solution for path planning.

2.6. Reinforcement Learning and toolpath planning

Applying a Reinforcement Learning (RL) tool to optimise the toolpath helps to generate a printing path
that follows multiple input parameters. The input parameters determine the state of the function, and
based on the action, the state is changed. This is the function of a Double Deep Q Network (DDQN).
Combining the state and the action determines the Q-value, Q* : State x Action — R, an estimate
of each outcome that results in an output. Through hidden layers, the parameters are connected to
each other, resulting in an optimised outcome, trying to expand the rewards using either exploitation or
exploration. The reward function helps to indicate optimal choices performed by the DDQN by providing
rewards or penalties.

Considering the use of RL with multiple layers that are fully connected, results in a solution that focuses
on all possibilities included between layers [19]. For toolpath planning, the highest Q-value equates to
the optimal reward of multiple parameters. A single reward can be tuned to either give a bonus or a
penalty to the total outcome. By opting for different methods to optimise the outcome reward. In the
current set-up, an optimal reward would be received when path planning is successful, by covering as
much material as possible, while being aware of defects and keeping a similar material infill.

Qin et al. [38] and Twumasi et al. [39] have applied similar RL-based optimisation methods for toolpath
planning to powder bed fusion. RL helps to determine multiple correct options with high variability while
keeping track of previous decisions. Since each output results in an optimal movement using an RL
for path planning the path can be expanded over time. As a result, the optimised shape is a guess
on the currently available information classified as parameters. The parameters of the input functions
determine the state and show all possibilities. Exploration is a term used in RL to determine the factor
that wants to increase the reward by analysing new steps. By adding new steps to the reward per
episode, the reward increases. Exploitation is a factor that uses already existing methods and tries to
improve the reward by using as many explored nodes as possible. High exploitation factors reduce the
number of exploration factors, resulting in poor performance, due to limited material being discovered.

On the other hand, high exploration factors result in low repetition and start to include high levels
of randomness, since previously explored nodes are not exploited again. For a successful RL tool
to create a toolpath that optimises both exploration in the form of nodal coverage, but exploits the
function, focusing on high accessibility, filling as many nodes as possible, while holding on to similar
results, helps to improve the current toolpath. Efficiency seen in the reduction of path length while
visiting all nodes is seen to improve over training episodes using RL-based methods [39]. Therefore, it
is important to increase the number of episodes to improve toolpaths after nodal exploration has been
completed.
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2.7. Translating toolpaths to G-Code

Toolpaths function as an algorithm that should be followed. Converting a toolpath to G-Code results in
an algorithm that an FDM printer can follow to perform MEX. Additional information is added per line
of G-Code to determine the flow rate, the printing speed, and additional machine instructions.

2.7.1. Conversion to G-code

Having determined the toolpath, it is possible to convert the planned path to G-code. G-code is often
used by CNC machines, similar often used in AM to digitise the path algorithm. Giving simple instruc-
tions to a material extruder gives it the information it needs to perform AM. Travel motions, extrusion,
and feed rates help to determine how much material can be deposited per distance between nodes.
Machine instructions indicated with the letter M and the corresponding code can help to adjust the mo-
tor speed, fan speed, temperature of the nozzle, bed, and help indicate the start and end of the process.
The feed rate F determines the velocity of the nozzle while travelling between two nodes.

After creating a toolpath, some steps need to be taken before FDM procedures can be performed.
First, the toolpath must be constructed in a way that is shaped optimally for the size of a nozzle, using a
reduced-size voxel demands reconstruction. Next, G-Code is applied to turn a toolpath into an algorithm
that can be performed by an FDM printer. It is important that all additional information for path planning
must be given in this algorithm to perform FDM.

2.7.2. Reconstruction of nodes

The process of homogenisation can be defined as the simplification of complex structures, which in-
volves the division of the structure into smaller units. In order to achieve a more accurate estimation of
the mechanical properties of a homogenised grid and create more complex geometries, it is possible
to increase the resolution of the grid. This is achieved by increasing the number of elements in the
block. Following the process of homogenisation, it is imperative that the structure is reconstructed at
voxel sizes that can be reproduced. This process involves the convolution of voxels to generate larger
voxels that approximate the diameter of a nozzle.

However, it is imperative to acknowledge that the dimensions of the nozzle significantly influence the
thickness of the printing path in the AM process. It can thus be hypothesised that the value for the
blocks can be averaged and used in reconstruction, as described by Ozdemir et al. [21] in their study
of triply periodic minimal surface lattice structures. It is evident that the material has been segmented
into blocks, with these exhibiting either a filled or an empty configuration. In Figure 2.17, the mean of
the surrounding blocks is calculated, thus facilitating the creation of a more uniform surface.

B 2.
“ Nnode

(2.17)

The process of voxelisation can be facilitated by the implementation of an algorithm that calculates the
mean of a set of voxels. This method is advantageous in determining the infill density, yet the placement
of defects can still present a challenge to the nozzle, necessitating the consideration of constraints to
ensure precision. Due to the reconstruction, some local defects can be distorted in shape after being
combined with material-filled voxels.

Either per point or per surface, a general score can be given following the analogy (Figure 2.1d). Re-
construction in the scale of the nozzle helps to create a toolpath useful for AM and meeting the lower
constraints of a nozzle. This method of reconstruction is employed to enhance the surface quality of
an object. It is imperative to note that the experience of defects, such as flow, pressure, or external
forces, is particularly pronounced in this instance. To mitigate these issues, it is strongly recommended
that the surface be smoothed.

The reconstruction of a grid pattern is necessary in order to recreate shapes that are generated from
smaller-sized voxels and which are an interpretation of the original pattern. It is therefore essential to
perform a comparative analysis in order to estimate the outcome of the reconstruction in relation to the
original grid pattern. A thorough analysis of the loss of the original structure is necessary to determine
whether reconstruction of a larger voxel size is beneficial. In the context of AM, it is imperative to
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consider the shape fidelity of both the original grid and the created path, given the potential for smaller
defects to either disappear or be covered by the extruded material during the process [40].

2.8. Limitations of AM during production

After a combined recreation of optimal infill patterns and an optimised version of the toolpath, FDM
occurs. The limitations of FDM are commonly found, are caused by suboptimal flow, over- and under-
extrusion, poor adhesion, temperature fluctuations, and low shape fidelity, resulting in a poorly manu-
factured bulk structure. By focusing on each factor that reduces optimal FDM, the key points can be
pointed out.

2.8.1. Flow of filament

Focusing on the flow of filament that is extruded out of the nozzle onto the build plate, it is apparent
that the material coming out of the nozzle must be equal to the expected volume deposited between
points A and B. Since the length, thickness, and height of the material can be estimated for optimal
shape quality, the material flow can be tuned to the flow. The material extruded over time is dependent
on the volume of material that is extruded and the printing speed of the nozzle. High printing speed
results in less material extruded over the same length and therefore must be taken into account. Poor
flow can result in a set of problems: i) clogging, ii) under-extrusion and iii) over-extrusion. Optimal flow
is necessary for optimal performance during FDM.

Clogging

Clogging is a severe form of under-extrusion when no material is extruded from the nozzle. If not suf-
ficient material is extruded or the nozzle temperature is set too low, no material is properly extruded
out of the nozzle, and no MEX occurs. By increasing the material flow and setting the nozzle tempera-
ture to the melting point of the material used, clogging is reduced. Physical blockage can also disrupt
extrusion and cause clogging, and is often seen on the outside of the nozzle.

Under-extrusion

In the case where too little material is extruded, as a result of high printing speeds with low extrusion
rates, too little material is extruded to perform FDM with the expected material volume. Local under-
extrusion can occur in the outer diameter of a corner, since a larger volume is needed to extrude
using the same extruded material. Under-extrusion leaves extruded material disconnected and reduces
stiffness in the longitudinal direction, resulting in poor printing quality and mechanical performance.

Over-extrusion

Over-extrusion occurs if too much material is extruded between points A and B, resulting in a loss of
shape of the filament, reducing the quality of the print. Over-extrusion is sometimes advised to improve
adherence of the base-layer to the build plate, but it reduces the shape fidelity by increasing the infill
density. Expecting a constant infill density is reduced by taking measures similar to this. Continuous
extrusion of material during MEX is suboptimal when the toolpath follows a discontinuous path with
varying gradients when comparing sections of the printing path. Commonly seen in sharp turns where
the orientation of the turns is made that have a higher bend than 90°, excess material is deposited in the
inner radius of the corner, while in the outer corner, due to the larger length of the turn, under-extrusion
occurs. This results in poor shape fidelity and poorer mechanical properties.

Over-extrusion also occurs when a segment is twice extruded in the same layer. Minimising multiple
extrusion motions on a single edge and including travel motions where no material is extruded to the
same location is a solution to prevent this type of over-extrusion.

2.8.2. Sagging and collapse

Extruding partially fluid filaments results in the material sagging due to the effects of gravity. Espe-
cially when building thin layers in FDM have a chance to sag when left unsupported. Reducing the
unsupported distance between two points so the internal forces in the material cancel the effects of
gravity, minimises the effect of sagging and results, in improved layered building. The weight of the
extruded material is a critical factor for sagging, therefore optimal material extrusion is necessary to
prevent sagging.



2.8. Limitations of AM during production 13

For materials that are built using a single-sized extrusion strand, stacked material can fall over and
collapse, reducing the shape fidelity.

2.8.3. Reduced shape fidelity

Due to the limitations of MEX, the shape of the extruded material can differ from the computationally
simulated model. Poor flow and extrusion can either cause thinned or thickened extruded lines, result-
ing in poor results compared to the planned path. Due to the curing or hardening process, the material
can deform, and it loses its original shape. Often seen in larger AM-manufactured products, the lower
layers warp or curl due to differences in heat distribution, layer-per-layer curing processes.

Shape fidelity is critical to validate the result, since it is an indicator of incorrect infill density resulting in
deviated bulk stiffnesses of the material.

2.8.4. Adherence between layers

Differences in temperature between the extruded material and completed layers should be taken into
account to improve the adherence of layers. By pressing newly extruded materials into layers, the ad-
herence is increased. Applying force to the filament is crucial during FDM to perform optimal interlayer
adherence. Poor adherence can be improved by varying the pressure applied to the filament. Poor
adherence can induce warping in larger objects due to shrinkage after gradient temperature variances
in the material.



Method and Materials

The report is divided into 5 steps, focusing on different steps in the process. First, the numerical
simulation is created, where homogenisation is used to determine an optimal composition for variable
voxel sizes and infill ratios of the RVE. Next, the multi-objective optimisation is performed to give a
value to the grids and compare for optimal performance. Next, reinforcement is applied to recreate
an optimal grid for path planning. This would mean the current grid is recreated using FDM, where
the focus lies on reproducibility and translation of optimal performance. Finally, by varying the FDM
setting to recreate optimal and less optimal solutions is performed to give an additional feature is given
to assure quality control. The method is given using the flowchart 3.1, and visual depictions of each
step in the flowchart are given in Figure 3.2.

Generating a N x N grid

/ Randomly placing defects in the RVE/

Apply mulit objective function

Selection of best
objective values

No improved objective values

Optimal grid and
defect placement
RL Generalised Path Planning
RL specialised Path Planning

Figure 3.1: The following flowchart presents the iterative process of identifying an optimal grid structure that accommodates
multiple objectives, whilst incorporating values that have been improved in at least one objective. In the following section, the
subsequent stages of the process are to be examined, with particular reference to RL-based path planning and FDM.
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Figure 3.2: Figures that helps visualise the flowchart in Figure 3.1. a) The local coordinate system of a single voxel is created
to simulate the boundary conditions [41]. b) The interaction between a voxel and the adjacent voxels visualised using the
Moore neighbourhood [42]. ¢) A complete RVE is created of 20 x 20 voxels with material class 1 (yellow) or O (blue). d) The
optimal values are chosen after performing a multi-objective optimisation, where OF is the combined optimal score. €)
RL-based toolpath planning is used to determine the optimal connection between newly created nodes within the voxels. f)
FDM is performed to create a sample build-up using RVEs.

3.1. Computational model

The first part of the experiment is a simulation performed to estimate the stiffness tensor of a grid with a
constrained size. By approximating the optimal placements of either defects in the material, the optimal
mechanical performance is estimated. An optimisation function with multiple objectives is created to
determine the best performance, while creating a material with close to isotropic behaviour. The opti-
mised model is compared to conventional methods to determine the improved mechanical properties.
By recreating a simplified structure of the material that behaves periodically, the periodic boundaries
interact similarly in each direction. Creating a large array of highly tunable simple structures with a set
infill is needed to approximate different material properties for different materials. By combining simple
and repetitive structures, it is possible to locally combine different RVEs to increase the bulk properties
of the material.

By creating large arrays of different planned defect placements in a set shape, the tunable properties
of materials can be highlighted, which creates more optimal performance for a single structure. By
efficiently placing defects over the material, local stress increases can be better distributed.

3.1.1. Generating grid and voxels

The objective is to produce a shape that is both repeatable and scalable. To this end, a square that is
both straightforward to reproduce and scale is created. The grid structure is constructed from N x N
voxels, which are characterised by a set height, length and width. The interaction between voxels for
strain is in equilibrium, given in Equation 2.7 to relate strains. The voxels, as a form of grid or RVE
of constant size, are constrained by the periodic boundary conditions and do not behave like floating
objects [43].

To create defects in the RVE, voxels with a value of 0 are added to the RVE. These voxels do not interact
with neighbouring blocks and have a stiffness of 0 MPa. All other blocks are classified with number 1,
indicating that they are built up of the same material with the same material properties. Possibly more
material can be added using multiple material constants and extra Lamé parameters.
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Variable Value and Unit
Grid length I, 1, and [, 4 mm
Voxel length 1,oze1 0.1,0.2, 0.4 mm
Number of voxels per axis 10, 20, 40 (-)
Nozzle radius 0.2 mm
Young’s Modulus FE 3.6 GPa [44]
Poisson ratio v 0.35 (-) [45]
First Lamé parameter A 3.1 (-)
Second Lamé parameter u 1.33 ()
Infill density 73%
Maximum connecting value 8 voxels
Maximum trials 106

Table 3.1: A set of variables within the optimisation method is maintained at a constant throughout the optimisation process.

The defects of the grid are placed randomly in the grid, and a maximuma number of attempts is given
to minimise the running time for creating a grid. The grid was generated using the script grid_maker.m
and voxelize.m.

The interaction between the constant blocks is summed up and divided over the total area or volume,
depending on the dimension that is used in the equations to determine the homogenised Constitutive
matrix C and stiffnesses in three Cartesian directions.

Constant input variables

3.1.2. Material

During MEX, PLA is used to create the RVE structure of the optimised grid. With a Young’s Modulus E
of 3.6 GPA [44] and a Poisson ratio of 0.35 [45]. PLA hardens out rapidly, resulting in a short curing time.
The bulk properties of PLA are varied by increasing the number of defects within the obtained structure.
Having relative densities that influence the infill of the structure shows a lower outcome compared to
the expected result. This decrease in mechanical stiffness can be related to the rule of mixture, where
the defects are shown to have material properties of 0 GPa.

PLA used in FDM is known to have lower output adherence to the build plate. Therefore, it is generally
supported to increase the material flow while extruding the first layer of PLA. Lowering the nozzle closer
to the build plate is also an option to improve adherence. The reduction of shape fidelity, tried to keep
in the current set-up, is lost due to the extra material being extruded.

3.1.3. Shape optimisation

By optimising the location of the voxels in the RVE, a higher stiffness and shear modulus can be ob-
tained. By randomly selecting locations for defects, the homogenisation method determines the con-
stitutive matrix for each block. 106 RVEs are generated that follow the applied constraints to determine
an optimal infill density and placement. To investigate if the optimisation method does not exceed the
maximal stiffness obtainable with reduced material, the relative density p,.; is determined in Equation
3.1.

(o - 1y)(1 — vy) (3.1)

Ng Ny

Prel =

Where vy is the defect ratio and n, and n, is the number of voxels in each dimension. p,; is equal
to the infill density used in the process. Multiplying the Young’s modulus by the relative stiffness gives
the maximum stiffness in a single direction obtainable similar to the rule of mixture. This maximum
stiffness functions as the upper limit for stiffnesses, and larger values, excluding scaled plane-stress
values, are seen as computational errors.

The voxels at the edges of the RVE always need to be classified as material voxels, meaning that the
design space for placing voxels is [2,n — 1] where n is the total number of voxel elements.
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The RVE is built up of voxels. The voxels are cube-shaped, with all sides having equal length /,,,.; for
lz,1y and [,. All voxels are assumed to be uniformly shaped and stationary. The voxel is built up of 6
faces with 8 vertices. A local coordinate system is used to determine the shape of the voxel (Figure
3.2a). The grid has a physical constraint, where the outer voxels are always valued 1, for 10 x 10 and
it has a single voxel thickness with a thickness of 0.4 mm, for the 20 x 20 grid it has a single thickness
of 0.2 mm and for the 40 x 40 grid, the outer surface has a thickness of two voxels or 0.2 mm.

3.2. Design requirements

Looking at a homogenised voxel and grid, the design requirements need to be determined to create a
shape that should be constrained to meet the criteria set for the experiment.

3.2.1. Random defect placement trials
Since the number of voxels and the voxel can be either filled or a defect, are already predetermined
the design space can be determined using Equation 3.2.

2

D=m" (3.2)

Where m is the number of possibilities, 1 for filled, 0 for defect, in total 2, and n equals the number of
voxels in 1 direction. Since the shape is a cuboid, n can be cubed.

When multiple materials are used in a single RVE, the value for m increases. Using a 20 x 20 grid, it
can be concluded that calculating every possibility is too large a set of data and therefore the maximum
trials is set at 106. Limiting the maximal values is used to reduce the running time of the optimisation.

3.3. RVE design requirements

The shape used for the voxel should meet the criteria for the representative volume element (RVE).
According to Hill [46], an RVE can be described as being entirely typical of the whole mixture on aver-
age, and the size of the material contains a sufficient number of inclusions for the apparent properties
to be independent of the surface values of traction and displacement, so long as these values are
macroscopically uniform.

The lower limit of an RVE is determined using the smallest continuous value that is used; for the current
set-up, the smallest shape is the diameter of the nozzle, r,,..;.. Using dimensions for an RVE smaller
than the nozzle diameter results in elements that have a variable content.

Using the grid as an RVE is considered to have a repeatable shape that has similar mechanical prop-
erties. The behaviour of a single grid is expected to be similar to every part of the structure. The
dimensions of a single RVE are 4x4x0.4 mm during material extrusion, where the height is constrained
by the single layer extruded during 2.5D printing.

3.3.1. Finite Element Analysis constraints

During the homogenisation process, the object analysed is divided in smaller voxels that are connected
to 8 voxels following the definition of a Moore Neighbourhood (Figure 3.2b) [42]. In this interaction,
the material follows periodic boundary conditions [43] described by Andreassen et al. [6]. Using the
periodic boundary conditions, no free movement of voxels is permitted and simplifies the computational
model to have periodic DOFs linked to adjacent nodes and edges.

3.4. Homogenisation in MATLAB

Dong et al. [47] have created a homogenisation method in MATLAB to calculate the Young’s Modulus of
an RVE shape considered for lattice structures. The MATLAB script homogenize.m is openly accessible
and is used to give an output that visualises the stiffness matrix E in 3 directions. Optimising the
connections between the voxels determines the strength of the material in any direction. Using an FEA
method as described in Theory, the material properties can be determined.

Ozdilek et al. [30] discuss that the material has an equal shear modulus for G5, G13 and Gs3, simplifying
the anisotropic material to behave partially isotropic. Since the material properties are reduced in the
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2D homogenisation method to only calculate G5 using the method provided by Andreassen et al. [6],
no isotropic behaviour in Shear Moduli is expected.

After determining the C'¥ matrix for a single grid structure the S matrix, Zener ratio A, Poisson ratios
v12 and vy, Shear modulus and 4 stiffnesses, E1;, Es2, F15 and Es; are calculated, where F;5 = E5;.

3.5. Multi-objective optimisation method

The material properties of a grid are compared by creating a multi-objective optimisation. This optimi-
sation consists of multiple functions with respect to i) maximal stiffness, ii) optimal isotropic behaviour
derived from the Zener ratio, iii) equal Poisson ratios and iv) maximising connectivity between voxels,
while minimising direct connections between defects.

3.5.1. Maximising Stiffness

The first objective is to create a material with an optimal stiffness in both F;; and Fs, directions. The
maximal stiffness for a partially filled material converges to the rule of mixture [23] as its upper boundary.
Since plane-strain is used to determine the mechanical properties, the rule of mixture can be exceeded
and must be analysed during post-processing.

3.5.2. Optimising isotropy

Isotropic behaviour can be concluded from a Zener ratio approaching 1. Including the Zener ratio
directly determines the optimal values for F15 and G4 after calculating optimal stiffness F1,, the Zener
ratio in Equation 2.1 directly returns values E1, and 15 as optimal values.

3.5.3. Poisson ratio distribution
To ensure isotropic behaviour for both shear directions, the difference between Poisson ratios 115 and v
must be minimised. To include all variables written in the compliance matrix S as shown in equation
2.10, the optimisation is subjected to multiple variables to validate isotropic behaviour and provide fea-
sible results. A fully isotropic material follows the analogy F1; = Fss = E in 2D. Similarly, the Poisson
ratio of a fully isotropic material can be written as v15 = v5; = v. To ensure isotropic behaviour oc-
curs in the grid Equation 3.5.3 d,,,;,, is used to determine the perpendicular distance between the point
[v12, 21] and and the isotropic value line following v (2) = v12 - 2. Following this analogy, the Poisson
ratio in all directions must also meet the isotropy results and is taken into account to determine the
isotropic values

I ZCESZN

3.5.4. Connectivity

The connectivity of a voxel is determined based op its placement compared to other voxels (Figures
3.2a and 3.2b). According to the Moore neighbourhood, a voxel is directly connected to 8 adjacent
voxels with edge or nodal contact. The distance between the centres of two voxels for connectivity is
setat v2 - Lyomer-

To determine the optimal connectivity for a complete grid, the maximal and minimal connectivity for
each voxel should be determined. To meet the periodic boundary conditions of DOF, a voxel must be
connected to at least 2 voxels or an external force and a voxel. Including connectivity in the optimisa-
tion function lowers the chance of larger defects starting to occur. In Equation 3.4, the summation of
connectivity values of all material-filled voxels is written.

Ci,j: Z gmat(paQ) (34)

P,qEN;;

Where g determines the connectivity in the Moore neighbourhood in domain p and q, and ¢(p,q) € 0,1
[42]. Where N is the number of possible positions around voxel (i,j) varying between 3 and 8 for filled
voxels.
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C= Z 9Imat (27])017_7(” (35)
,J

The total number of voxels that can hold a defect has a range between [2,n — 1] in both [, and [,
direction.

C is currently written as a positive value, but in order to keep the outcome of the optimisation values
scaled between 0 and 1, it is written as a penalty, whereas the total connectivity is subtracted from the
optimal 1, resulting in a penalising value that improves scaling.

3.6. Optimisation Method

Structural optimisation was performed on an HP ZBook Studio G5 equipped with an Intel Core i7 pro-
cessor (2.2 GHz) and 8 GB DDR4 RAM. The optimisation process applies homogenisation to randomly
generated voxel grids, comparing the mechanical properties of N = 10° candidate structures through
multi-objective optimisation. Voxel values are varied between 0 (defect) and 1 (material) while main-
taining a constant infill density, allowing identification of optimal configurations through heuristic search.
The optimisation procedure is implemented in MATLAB file optimization_set.m, lines 73-171.

For a voxel grid to be considered feasible, it must satisfy the following constraints: i) edge voxels are
always assigned a value of 1 to maintain structural integrity, ii) the stiffness matrix remains non-singular,
iii) mechanical properties remain below the rule of mixtures upper bound, and iv) the grid represents a
unique geometry not previously generated.

The optimisation maximises the principal stiffness values F1; and F,; while promoting isotropic be-
haviour. From the stress-strain relationship in Equation 2.11, the compliance symmetry S15 = So;
implies: , 5
12 21

Eqy E2a (36)
The optimisation follows the maximisation of the stiffness tensor 3.5.3 In the MATLAB code, a dominated
value is used to determine the maximal output of every variable is compared to its predecessors. In the
case that all outcomes of the optimised functions are larger than the predecessor, this score becomes
the dominant score. This continues for N repetitions. The maximal theoretical stiffness is determined
using the rule of mixtures and functions as the upper boundary for E;. All other variables are used
to achieve as much isotropic behaviour as possible and, therefore, are optimally set to 0 for optimal
results.

The multi-objective function combines isotropic stiffness ratios (Equation 3.5.3), Zener anisotropy ratio
(Equation 2.1), and connectivity (Equation 3.5.4) to evaluate mechanical performance in Equation 3.7

_Bv 4+ By i —wva|  JA- Al 1-C
|Er| + | Ea|  |vie] + |va] 14 |A = Aigol |C

OF (3.7)

The first term rewards high combined stiffness values (approaching 1 when both E;; and E», are posi-
tive and similar in magnitude), while the remaining three terms penalise deviations from ideal isotropic
behaviour. Each deviation term is normalised using the general form in Equation 3.8.

|parameter; — parameter ;|

F(z) = (3.8)

maz(|parameter;| + |parameter;|)

Each normalised term is bounded between 0 and 1. Under ideal conditions, high stiffness values
with 15 = 191 A;so, = 1 and |C| = 1, the objective function approaches its theoretical maximum of
OF = 1. Lower values indicate suboptimal configurations with either insufficient stiffness or significant
anisotropic behaviour. The objective function has no theoretical minimum, as increasingly poor designs
yield increasingly negative values.

A Pareto-dominance approach identifies optimal configurations sequentially. At each iteration, a can-
didate solution is accepted only if it improves upon the previous best solution across all objectives
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simultaneously. This strict dominance criterion ensures monotonic improvement toward the Pareto
front. The relative improvement between successive accepted solutions provides a convergence met-
ric, with diminishing returns indicating an approach to the optimum. Due to the finite iteration count
(10°), the true global optimum is approximated rather than guaranteed.

The rule of mixtures establishes the theoretical upper bound for E;, ensuring physically realisable mate-
rial properties. All other optimisation variables target values promote isotropy, with ideal convergence
toward zero deviation from isotropic conditions.

3.7. Data Filtering

The optimisation process generates substantial data volumes,i.e. a single trial set produces arrays of
dimension 20 x 20 x N1, Necessitating systematic filtering to manage storage requirements while
preserving critical information.

3.7.1. Data Filtering Strateqgy

Optimisation datasets are stored in two formats: complete and filtered. The filtered dataset retains only
configurations scoring highly on at least one objective criterion, enabling analysis of specific material
properties while discarding designs that perform poorly across all metrics.

1. Feasibility screening: Grids failing homogenisation validity criteria are removed. Rejection rates
increase substantially at lower infill densities due to connectivity constraints.

2. Mean stiffness threshold: The average of F1; and E», is computed across all feasible designs.
Configurations below this mean are discarded as mechanically suboptimal.

3. Objective-specific top performers: For each objective function component, the top 0.1% (1073 x
Nyria1s) Of designs are retained separately. This ensures representation of diverse optima across
the multi-objective landscape.

The Pareto-style sequential optimisation tracking process used in the current process to determine
values with an increased OF score compared to its predecessors, with a computational complexity of
O(M - N(logN)M!, where M is the number of objectives and N is the number of data points. By pre-
selecting values to reduce the computational cost, the run time is reduced, and suboptimal results are
removed. All values that meet the selection criteria are classified similarly to connectivity_filtered.
All variables that are the result of the Pareto-style sequential optimisation method are classified using
the variable is_optimized.

In order to perform a detailed structural analysis, the 100 configurations that have obtained the high-
est scores from each combination of voxel size and infill density are selected. This is based on the
integrated objective function value (Equation 3.7). This score provides a unified metric quantifying how
well each design satisfies the combined optimisation constraints.

In order to circumvent any potential bias towards a singular objective, the dataset meticulously pre-
serves not only the aggregate scores but also the individual objective values and their corresponding
grid indices. A second analysis of trade-offs between competing objectives and identification of Pareto-
optimal solutions is performed using this method. Designs achieving sequential improvement during
the optimisation process, i.e. those representing a new best solution at their iteration, are flagged with
a marker in the dataset to facilitate convergence analysis.

3.8. Toolpath optimisation

Following the creation of an optimal grid, it is necessary to determine the toolpath that will be used with
MEX. The employment of the Laplacian matrix in conjunction with an Eulerian path method facilitates
the delineation of an optimal path. The restructuring of the grid into an adjacency and degree matrix
serves to streamline the interconnectivity between nodes. The Laplacian matrix is used to determine
optimal connections between unvisited nodes.
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Figure 3.3: A flowchart showing the steps used in DDQN RL used to determine the new state while learning from its prior
made decisions and double DQN to reduce bias [48].

3.8.1. Reconstructing nozzle-sized voxels

In order to ensure that the toolpaths are of equivalent size to the diameter of the nozzle, it is imperative
to ascertain the distance and location of the new centre of each voxel. Path planning is constrained
by a number of factors, including limited accessibility and sharp turns [19]. The relocation of the point
of travel in the defect, without the specification of the true location, results in the creation of an area of
reach, constrained by the borders of the voxel. In order to ascertain the most efficacious trajectory, it
is possible to make minor adjustments to the location. The incorporation of the constant radius of the
nozzle into the equation gives rise to certain difficulties when a voxel-sized l,o¢; = 7noz21e CONNected
to multiple defects has a chance of not being reached, or when the area of the voxel is reduced.

3.8.2. Reinforced learning for path planning

A Double Deep Q-Network (DDQN) agent is employed to generate optimal toolpaths from homogenised
voxel structures. The DDQN operates in a deterministic environment, learning a state-action value func-
tion that maps each state-action pair to an expected cumulative reward. The agent balances exploration
and exploitation through e-greedy policy, where ¢ represents the probability of selecting a random ac-
tion rather than the current best estimate. Convergence to optimal Q-values is improved by increasing
training episodes, adjusting the exploration rate decay, or expanding the experience replay buffer. In
Figure 3.3, a flowchart is used to show the steps used in the DDQN process.

Environment Setup

The environment consists of a voxel grid with dimensions specified in Table 3.1. To accommodate the
physical nozzle diameter, adjacent material voxels (value 1) are merged into "super-voxels” of size com-
parable to the diameter of the nozzle, while defect voxels (value 0) retain their original resolution. This
reconstruction ensures the toolpath accounts for material deposition width during extrusion. Connectiv-
ity between super-voxels follows a Moore neighbourhood, allowing movement to any of the 8 adjacent
positions. The grid boundaries define hard constraints preventing paths from extending beyond the
RVE, ensuring the structure remains repeatable in x- and y-direction.

State Representation
The observation vector comprises 17 features characterising the current state:

» Current node position: Agent’s location within the graph

» Target node: Goal position

» Coverage metrics: Material coverage ratio, node visitation ratio

» Local connectivity: Number of available neighbours from current node
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+ Direction features: Normalised vector toward target, unvisited neighbour count
 Path efficiency: Ratio of unique nodes visited to total steps

* Grid properties: Infill ratio, a normalised voxel size to .. .;¢

» Step count: Normalised episode progress

+ Edge coverage: Ratio of traversed edges to total graph edges

+ Available degree: Remaining connections from current node in dynamic adjacency

The starting node is selected from nodes with odd degree, preferably the minimum odd degree avail-
able. This selection aligns with Eulerian path theory: graphs with exactly two odd-degree nodes admit
an Eulerian path starting at one odd node and terminating at the other. Although homogenisation con-
straints prevent degree-1 nodes, degree-3 nodes provide suitable starting positions. The adjacency
matrix defines permissible transitions between nodes, with movement range limited to v/2 - lyozer, @
Moore neighbourhood. This locality constraint promotes systematic coverage while preventing erratic
long-distance jumps.

Network Architecture
The Q-network employs three fully-connected hidden layers with dropout regularisation:

* Input layer: 17 neurons, one per input parameter
» Layer 1: 256 neurons with 20% dropout

» Layer 2: 128 neurons with 20% dropout

 Layer 3: 64 neurons with 15% dropout

» QOutput layer: 8 neurons, one per action

This architecture follows the rule of thumb that hidden layer count should approximately equal log, (7 puts)
to prevent overfitting while maintaining representational capacity.

Action Space
The agent selects from 8 discrete movement directions corresponding to the Moore neighbourhood.
Actions are constrained by:

» Graph connectivity: Only edges present in the dynamic adjacency matrix are traversable

» Bidirectional edge removal: Once an edge is traversed, it is removed in both directions to
prevent immediate backtracking

* Physical printing constraints: Sharp directional changes (> 90°) are penalised to avoid over
or under-extrusion at corners

To account for nozzle diameter exceeding voxel size, sub-voxel positioning optimises node locations
within each super-voxel to minimise defect overlap. The nozzle footprint is evaluated at each position,
penalising paths where the circular nozzle cross-section significantly intersects defect regions.

3.8.3. Reward Function
The reward function balances multiple objectives to produce manufacturable, high-coverage toolpaths:

The reward structure prioritises edge traversal over node visitation, reflecting that material extrusion
occurs along edges rather than at discrete points. Coverage milestones (80%, 90%, 95%) provide inter-
mediate rewards to encourage complete structure printing. Additionally, reducing the number of travel
motions to the bare minimum helps to improve efficiency. Travel motions also imply more singularities
in the RVE.

3.8.4. Training Strategy
Two complementary training approaches are employed:
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Behaviour Reward Rationale

Visit new edge +300 Primary objective: maximise edge coverage
Revisit edge —500 x count Severe penalty for material overlap

Visit new node +50 Encourage spatial exploration

Reuvisit node (strategic) -30 to -150 Allow junction revisits, penalize dead-ends
Coverage gain +400 x A Reward material deposition progress

Path smoothness +20 Bonus for direction continuity cos 6 > 0.5
Sharp reversal -15 Penalty for 180° turns

Edge length efficiency +10 Reward edges> 0.8d,,,..;. (low overlap)
Path overlap —25 X count Penalize nozzle crossing previous paths
Premature dead-end -50 Penalty if trapped before 75% coverage
Completion bonuses +200 to +500 Scaled by final coverage (>90%)

Sparsity bonus 250 — (pnodes - 200) | Spread nodal visits over the entire grid
Boundary bonus 300 Promotes boundary visits to create a square RVE

Table 3.2: DDQN reward structure for toolpath optimisation

Generalised training: The agent is trained on 8 diverse grids spanning multiple infill densities and
voxel sizes for 2000 episodes. This exposure teaches transferable strategies for navigating varied
topologies, promoting robustness.

Specialised training: For production toolpath generation, the agent can be fine-tuned on a specific
optimised grid for 1500 additional episodes, allowing adaptation to structure-specific features while
retaining general navigation heuristics learned during broad training.

Training employs the following hyperparameters:
* Discount factor v = 0.995 (long-term planning)
« Learning ratea = 5 x 1074
» Experience buffer: 10,000 transitions
* Minibatch size: 128
* e-greedy decay: emin = 0.01, decay rate = 0.995
« Target network smoothing: 7 =5 x 10~*
+ Maximum episode length: 3500 steps

Rewards Outputs

Inputs

Optimised grid
Super-grid adjacency
Node coordinates

Starting node (odd degree)

Target node

Grid metadata (size, infill density)

+300 for new edge

-500 for edge reuse

-30 to -150 for node revisit
+400 x A for coverage gain
-100 for premature dead-end
+20 for path smoothness

Continuous toolpath
Total episode reward
Unique node coverage
Material coverage ratio
Edge traversal ratio
Path efficiency metric

Dynamic adjacency -25 for path overlap

Table 3.3: DDQN input-reward-output summary

During training, a dynamic adjacency matrix is created that is able to remove already visited nearby
nodes when the maximum number of visits is reached. Doing so reduces the need for multiple nodes to
visit the same nearby nodes. Considering that the exploitation factor in the RL tool focuses on exploiting
already known data, the reduction of adjacency to already known nodes can be achieved.

Additionally, nodal visits outside of the already discovered domain become the preferable option to
discover, reducing the effect of crossing edges in some parts of the domain. Since a crossing domain
on its own is not a problem, high concentrations of crossed edges result in local over-extrusion and
reduce the homogenous properties of the RVE.
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3.8.5. Manual modification

An RL-based toolpath results in a stochastic output; the hidden layers reduce the tunability of the final
result based on input parameters. By adding a feature to the RL toolpath planning function to manually
modify edges between nodes, it is possible to remove nodes that travel over defects to improve the
shape created using homogenisation and multi-objective optimisation.

Additionally, if material-filled voxels are not connected to the toolpath, manual modification incorporates
the missing nodes into the toolpath. After performing manual modification, the reward is compared to
the original created toolpath using either specialised or generalised toolpath planning. Important to
note is that the manual modified version of a toolpath has little underlying proof to be more optimal
according to the RL function and therefore might have reduced values, but are incorporated in the
results to generate higher coverage and similar shape infill to the homogenised grid.

3.9. G-code preparation

In order to reproduce the toolpath directly, the toolpath is converted into G-Code in MATLAB. All motions
are directly transferred into the G-Code, resulting in a reflection of the computational model.

The toolpath is translated into G-Code to digitise the coordinates. In G-Code the location of every node
is given, the feed rate and the travel speed of the nozzle [49]. Since the coordinates are determined,
the G-Code is completed by tuning it to the used machine. Additional instructions are used to update
the extruder. The conversion to G-Code is performed in the script Ultimaker_gcode_witer.m.

The scalability and repetition of the shape must be important. To visualise the performance of the
shape, a larger scale model can be recreated to give an output to the current representation of the
grid. Repetitive RVEs can be plotted in the x-, y- and z-direction and spacing between the RVEs can
be included if needed.

3.10. FDM and MEX

FDM is performed using an Ultimaker 2+. The RVE can be tessellated to create larger structures by
repeating the unit cell in three dimensions. Following the visualisation of the optimised structure, the
corresponding G-code is produced for material extrusion. Maintaining constant material deposition
rates during the extrusion process is crucial in order to minimise the occurrence of clogging and other
extrusion errors. It is imperative to note that, given the printhead traverses varying path lengths in equal
time intervals, the feed rate (F) must be dynamically adjusted to ensure uniform material deposition.
Variations in thickness can lead to stress concentrations and suboptimal mechanical performance.

3.11. Reproducibility on larger scales

While the current setup prints a single RVE, larger structures can be created by tessellating the grid
pattern in the x-, y-, and z-directions. By arranging multiple RVEs adjacently, extended sheets and
bulk structures can be fabricated. According to homogenisation theory, these larger assemblies should
exhibit mechanical properties equivalent to those predicted from the single RVE analysis.

Creating RVEs that can be scaled is also favourable, currently mostly to visually inspect the extruded
result. Size variations also have the benefit that the current designed RVE can be produced using a
different type of AM, increasing the precision of the result. Increasing the applicability of the current
RVE helps to further expand the use of RVE structures to build larger set-ups, simplifying the method
of AM.

3.12. Mechanical testing

Mechanical testing is performed on a Lloyd LR5K to determine the peak force, maximum strain, stress-
strain behaviour, Young’s modulus and UTS of the optimised structure. ISO 527-4 is followed to per-
form tensile testing [50]. Tensile testing is selected based on material stiffness—materials with low
Young’s moduli typically yield more accurate results under compression. Tensile tests are performed
at a strain rate of 2 mm/min. Strain was measured as a function of applied external forces to charac-
terise the material’'s deformation response. For tensile testing, custom clamps were fabricated from
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PLA with dimensions matching the test specimens. These clamps distribute gripping forces more uni-
formly, reducing stress concentrations near the clamping region and preventing premature mechanical
failure. Tensile test specimens are created by combining the tensile clamps to the middle part using
the CombineGCodeFiles.m. The middle part of the specimen is generated as a G-Code and can not
be converted to an STL file without loss of the optimised toolpath. Therefore, multiple G-Codes are

combined as layers.

21

120

Figure 3.4: A computer-generated image of the tensile test object. The tensile test specimen has a length of 120 mm, a width
of 21 mm, and the specimen size between clamps is 40 x 12 mm. 10 layers are added to the specimen, resulting in a thickness
of 4 mm.

In figure 3.4, the shape and dimensions of the tensile test object are given. With a depth of 4 mm.



Results

4.1. Computational model results

After performing the homogenization method in the methods are compared to common structures with
similar shapes. First, a divide between 2.5D layered AM and multidirectional AM is made for compari-
son. All mechanical properties used to determine the OF are compared in the figures, where a red dot
represents the highest OF score in all plots.

4.1.1. Optimisation results of varying voxel size

With an infill density of 73%, the horizontal grid is used to compare the mechanical properties of opti-
mised results to the conventional toolpath. The polar form of the Young’s Moduli in E;1, Fs; and Gs.
In table 4.1, the mechanical properties of the grid with the corresponding highest score are given, while
comparing the results to the conventional extrusion methods with similar infill densities.

Conventional methods

Considering the pattern where the printed line is layered in the x-direction and connected at the end
to the next line is considered the conventional method of printing. The grid of this horizontal path
printing is shown in Figure A.1a. Expected in the horizontal grid structure is that a single direction for
the stiffness tensor approximates the stiffness value given by the rule of mixture. In the perpendicular
direction, the value is 10 times smaller. High anisotropy is also given with a Zener ratio approaching O.
Due to minimised connectivity between nodes, the value is 0.18.

In the horizontal line grid, a large difference can be seen between 15 and v, resulting in poor isotropic
behaviour in the horizontal grid and resulting in a low value for the OF.

The spiral path is a conventional method to generate a toolpath for AM. The spiral path has an infill den-
sity of 73% and is used to compare the mechanical properties of optimised structures to conventional
extrusion methods.

The spiral path shows a more isotropic value, but is lower and approximately the same value as the
perpendicular value of the horizontal grid. Having low stiffnesses in both the £, and the Fs5 direction,
the spiral pattern combined with a negligible shear modulus, the mechanical properties are reduced,
since the material is poorly connected in the centre of the spiral, |

10 x 10 infill density of 73%
A set of grids with voxels sized ;o1 = 2 - rnoz21e IS Created to compare the mechanical properties of
randomised defect placement with a size equal to the nozzle diameter used in FDM.

The results of the optimisation of the 10 x 10 grids with infill density of 73% using the multiple objectives
of the OF are demonstrated in Figure 4.2.

26
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Figure 4.1: Conventional methods recreated as a voxel grid with [,,,,.¢;= 0.2 mm and an infill density of 73%. a-b) The plot of
horizontal lines used in conventional FDM and the stiffness plot showing high anisotropic values, where the E»2 direction has a
stiffness near the rule of mixture upper boundary. c-d) The spiral grid used in conventional FDM and the corresponding
stiffness plot, where more balanced but lower weakness is seen compared to the original stiffness value.

oF score
Connectivity

v 0
048 - - - . - o 048 . . . . . - -,
016 02 0% 03 0% 04 O J 015 02 02 03 03 04 05 k. %25 02 oz 03 03 04 oss LU

Figure 4.2: The mechanical properties of randomised 10 x 10 grids with an infill density of 73%. a) E11/Es over Eas/E;
indexed by the connectivity score. b) E11/Es over Ea2/E, indexed by the Zener ratio. c) E11/Es over Ea3/E, indexed by the
Shear modulus G12. d) Eq11/Es over Eas/E, indexed by the score of the OF. e) Poisson ratio 112 over 121 indexed by the
connectivity score. f) Poisson ratio 112 over v21 over the Zener ratio. g) Poisson ratio v12 over v21 over the Shear Modulus. h)
Poisson ratio v12 over 121 indexed by the OF. i) v over E11/Es indexed by the OF. j) v over Eq2/E, indexed by the OF. k) v
over Zener ratio indexed by the OF. I) v over the connectivity indexed by the OF.
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Figure 4.3: The mechanical properties of randomised 20 x 20 grids with an infill density of 73%. a) E11/Es over Eaa/E;
indexed by the connectivity score. b) E11/Es over E22/E, indexed by the Zener ratio. c) E11/Es over Ea2/Es indexed by the
Shear modulus G12. d) Eq1/Es over Eas/Es indexed by the score of the OF. e) Poisson ratio 112 over 121 indexed by the
connectivity score. f) Poisson ratio 112 over 121 over the Zener ratio. g) Poisson ratio v12 over v2; over the Shear Modulus. h)
Poisson ratio 112 over v2; indexed by the OF. i) v over E11/E, indexed by the OF. j) v over E22/E; indexed by the OF. k) v
over Zener ratio indexed by the OF.l) v over the connectivity indexed by the OF.

20 x 20 with 73% infill density

To ensure a fair comparison, the 20 x 20 grid configuration was chosen, since it matches the voxel
size and infill density of the conventional structures. This alignment minimises parameter variation and
provides a consistent basis for evaluating optimisation performance. The results of the optimisation of
the 20 x 20 grids with infill density of 73% using the multiple objectives of the OF are demonstrated in
Figure 4.3.

40 x 40 infill density 73%

The smallest voxel size used to perform homogenisation is 0.57,,,..:., Wwhere 40 x 40 voxels are used
per grid. Due to the size, only the optimised grids have been saved. All C matrices are saved. The
results of the optimisation of the 40 x 40 grids with infill density of 73% using the multiple objectives of
the OF are demonstrated in Figure 4.4.

Mechanical properties with variable voxel size
It can be concluded that a single voxel is not representative for each voxel when a voxel length of 0.1
mm is used. As demonstrated in Figure 4.8, a decrease in stiffness is observed for smaller voxel sizes.

The measured stiffnesses Ei1, E2s and G are shown to decrease with 11% for F;; andEy> when
comparing the median of a 10 x 10 grid to a 40 x 40 grid compared to Ey, for G2 a reduced value of
8% measured to G is seen comparing the results of a 10 x 10 grid to a 40 x 40 grid.

41.2. Examples of highly tunable parameters
The tunability of the grids is shown by comparing the results of grids with similar infill densities and
voxel sizes. The mechanical properties can differ highly depending on the placement of defects.

In Figure 4.6, 5 grids are given in the domain of stiffnesses. Figure 4.6 b shows defects align in the y
direction, corresponding to a larger Ey, stiffness. Since not all defects are perfectly aligned in a single
direction as is seen in the horizontal lines of Figure 4.1a, there is still a relevant amount of stiffness
measured in the F1; direction, 0.50- Es. Conversely, Figures 4.6 d and f show defects that form parallel
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Figure 4.4: The mechanical properties of randomised 40 x 40 grids with an infill density of 73%. a) E11/Es over E2z/E;
indexed by the connectivity score. b) E11/Es over E22/E, indexed by the Zener ratio. ¢) E11/Es over Eas/E, indexed by the
Shear modulus G12. d) Eq11/Es over Ea2/E, indexed by the score of the OF. e) Poisson ratio 112 over 121 indexed by the
connectivity score. f) Poisson ratio 112 over 121 over the Zener ratio. g) Poisson ratio 112 over v2; over the Shear Modulus. h)
Poisson ratio v12 over v2; indexed by the OF. i) v over E11/Es indexed by the OF. j) v over E22/E, indexed by the OF. k) v
over Zener ratio indexed by the OF.l) v over the connectivity indexed by the OF.

06 05
0 04
" .
o <)
s 04 =03
= @ 02
02 o
0 0 &
N © o @& IS I ©
& & F PSS & e
a. Grid Size b. Grid Size C. Grid Size
03
Ho2
01
0 oS o > o o o >
N > QQ N 3 Vo «
& 5 FEA & & &
d. Grid Size €. Grid Size

S © Py &

o

@&q eé@

f. Grid Size g. Grid Size

© S
S P A IS

Figure 4.5: Plots comparing the mechanical properties of the 100 highest-scoring results according to the OF of variable voxel
size comparison to conventional methods. All solutions have an infill density of 73%. a-c) The normalised stiffnesses F11, Fo2
and G112 set up per voxel. d-e) The Poisson ratios compared to the conventional methods. Due to high variance between
Poisson ratios, both are shown in the plots. f) The Zener ratio compared to the grid size, with the optimal Zener ratio of 1 given
as a dashed line. g) The connectivity value determined using equation 3.5.4.
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Figure 4.6: 5 grids chosen due to their differences in stiffness. Keeping the same infill density 73%, voxel size 0.2 mm and
boundary conditions, it is still possible to generate grids with highly variable stiffnesses. Each red dot corresponds to the letter
of the subfigure.

Grid pattern Infill Density | Fi1 | Fao G V1o vo1 | Zener Ratio | Connectivity
100% density grid 100 3.6 3.6 1.33 0.41 | 0.41 1.0 1.0
Optimal 10 x 10 73 1.69 | 1.64 | 0.32 0.33 | 0.35 0.59 0.93
Optimal 20 x 20 73 1.38 | 1.65 | 0.49 0.32 | 0.32 1.01 0.92
Optimal 40 x 40 73 1.65 | 1.44 | 0.49 0.30 | 0.30 0.99 0.90
Rule of mixture 73 2.63 | 2.63 | 15.28 - - - -
Horizontal lines 73 282 | 021 | 0.77 0.02 | 0.02 0.04 0.18
Spiral 73 0.29 | 0.32 | 0.03 | 0.002 | 0.04 0.04 0.65

Table 4.1: Results of the highest OF score for homogenisation and optimisation of a rectangle sized i, by ,, with variable
voxel size l,,:¢;, including conventional methods for comparison.

to the x-direction. Additionally, the grid that aligns the dashed line with examples ¢ and e shows no
defects in parallel directions, but shows defects attached in both x- and y-directions.

In Figure 4.7, the variance in connectivity is shown using 5 example grids, with highly variable OF
scores. Little visual information can be retrieved from the grids compared to the connectivity scores.
since the connectivity value is a summation of all connectivity values in the grid.

4.1.3. Optimisation results of voxel sizing
In Figure 4.8, the highest score received in the OF is given with the corresponding stiffness plot in 2D.
The values given in Table 4.1 correspond to the given RVEs.

In table 4.2, the optimal result of the highest score is observed for all infill densities and their corre-
sponding grids.

The material properties of the bulk material are highly variable. The random defect location has shown
material properties, normalised to the bulk stiffness, with highly variable outcomes. Grids with infill
that is similar to the horizontal line grid show high stiffnesses towards a single direction, whereas a
randomly distributed infill shows comparable stiffnesses in the £, and E5, direction, reduced compared
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Figure 4.7: Examples of the influence placement of defects on the connectivity compared over the OF score for a 20 x 20 grid

with infill density of 73%. Every red note indicates a grid with the corresponding subfigure attached to it.
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Figure 4.8: The plots with the highest score based of the OF for each voxel size considered. Infill density is set at 73%. a-b)
The optimal grid with 10 x 10 voxels with the corresponding stiffness plot in 2D. c-d) The optimal grid for a 20 x 20 grid with the

corresponding stiffness plot. e-f) The optimal grid for 40 x 40 voxels with the corresponding stiffness plot in 2D.
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to a single high performing shape as shown in the horizontal line structure. Due to the similar shape
build-up, it can be concluded that for infill between 0.93 and 0.63% the Poisson ratios 115 and v, are
nearly identical and decrease with lower infill density. Conversely, the standard deviation for lower infill
densities increases for the stiffness, Poisson ratio and the Zener ratio.

Combined with the higher anisotropy, the Zener ratio and connectivity value are reduced heavily for
lower infill densities. Higher infill densities score for both the Zener ratio A and C near the optimal value
1. With a visible reduction when increasing the 0.63% infill.

The Poisson ratios are separated to compare with the OF and show the high variance between v,
and vy in the conventional methods. After determining the similarities between 115 and v, for the
randomised grids, the Poisson ratios are considered as a single value and written as v. This value is
used to compare the other objective functions. Notably, compared to the conventional method is that
the conventional method does not have a Poisson ratio that is nearly identical, and therefore, these
values are separated in further research.

A clear decrease in stiffness is found when the infill density is decreased. Lower infill densities tend
to have lower shear moduli, with the largest decline to G, seen Using lower infill densities in the grid
increases the run time. Since one defect is placed per turn, an increased number of randomly placed
defects has a larger run time.

4.1.4. Varying infill densities

By varying the infill density between 93 and 63% over the 20 x 20 grid, the impact of defect distribution
on the objective functions can be determined. 4 optimisations are performed with the only variable
changing being the infill density with increasing values of 0.10 written as [63,73,83,93] % first, the
feasibility is checked over all solutions. Next, the maximal stiffness tensor is compared, followed by the
anisotropy, connectivity and Poisson distribution During the optimisation process, 4 optimisations are
performed with different infill densities. Using a standard voxel size of 0.2 mm, the infill density varies
between 93%, 83%, 73% and 63%. All values that are selected during the sequential selection method
are encircled, where each variable must have a larger total OF value or outperform the current OF on
a single value. These values are encircled in black.

20 x 20 with 93% infill density
In Figure 4.9, the mechanical properties for the 20 x 20 grid with an infill density of 93% corresponding
to the OF are plotted for all values with stiffnesses F;; and E,s larger than the mean value.

Due to the low number of defects in the RVE structure, barely any losses are noticed, with maximal
stiffnesses in a single direction approximating 0.97E; in Figure 4.9. The connectivity stands out, due
to the limited losses in connectivity, the results are layered in Figure 4.91 where the maximal value
for connectivity contains almost all selected values in the sequential optimisation criterion shown with
almost maximal value of connectivity of 0.93.

20 x 20 83% infill density

In Figure 4.10, the mechanical properties of the 20 x 20 grid with an infill density of 83% are shown.
To categorise the performance, the results are coloured depending on the performance of multiple
characteristics that are part of the OF. The dashed line indicates an isometric property, where the value
is equal to the other value. The circled values follow the optimisation method, improving sequentially
compared to its predecessor, either partially or on every function in the OF.

20 x 20 63% infill density
In Figure 4.11, the mechanical properties of all 20 x 20 grids with an infill density of 63% are shown with
stiffnesses larger than the mean value of both F;; and Ess.

Variable infill density grid overall statistics

A selection of variable performing grids can be shown to compare the mechanical properties with a
constant infill, while varying its location. Most notable is the large variation in mechanical stiffness.
Clustering defects and therefore increasing the area of a defect are shown to reduce stiffnesses in
directions, since fewer voxels are connected to redistribute stress and strain. Locally increased defects
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Figure 4.9: The mechanical properties of randomised 20 x 20 grids with an infill density of 93%. a) E11/FEs over Eaa/E;
indexed by the connectivity score. b) E11/Es over Ea2/E, indexed by the Zener ratio. ¢) E11/Es over Ea2/E, indexed by the
Shear modulus G12. d) E11/Es over Ea2/Es indexed by the score of the OF. e) Poisson ratio 112 over v indexed by the
connectivity score. f) Poisson ratio 112 over v21 over the Zener ratio. g) Poisson ratio 112 over v2; over the Shear Modulus. h)
Poisson ratio v12 over v2; indexed by the OF. i) v over E11/E, indexed by the OF. j) v over Es2/E, indexed by the OF. k) v

over Zener ratio indexed by the OF. I) v over the connectivity indexed by the OF.

Figure 4.10: The mechanical properties of randomised 20 x 20 grids with an infill density of 83%.
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Shear modulus G12. d) E11/E, over Ea2/Es indexed by the score of the OF. e) Poisson ratio 12 over v indexed by the
connectivity score. f) Poisson ratio 112 over v21 over the Zener ratio. g) Poisson ratio 112 over v2; over the Shear Modulus. h)
Poisson ratio v12 over v2; indexed by the OF. i) v over E11/E, indexed by the OF. j) v over Es2/E, indexed by the OF. k) v
over Zener ratio indexed by the OF. I) v over the connectivity indexed by the OF.
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Figure 4.11: The mechanical properties of randomised 20 x 20 grids with an infill density of 63%. a) E11/Es over E22/FE;
indexed by the connectivity score. b) E11/Es over Ea2/E, indexed by the Zener ratio. ¢) E11/Es over Ea3/E, indexed by the
Shear modulus G12. d) Eq11/Es over Ea2/E, indexed by the score of the OF. e) Poisson ratio 112 over 121 indexed by the
connectivity score. f) Poisson ratio 112 over 121 over the Zener ratio. g) Poisson ratio 112 over v2; over the Shear Modulus. h)
Poisson ratio v12 over v2; indexed by the OF. i) v over E11/Es indexed by the OF. j)v over E22/E, indexed by the OF. k) v
over Zener ratio indexed by the OF.l) v over the connectivity indexed by the OF.

Infill Density Fi1 Ey | Gio V19 vo1 | Zener Ratio | Connectivity
100 3.6 36 | 133|041 | 0.41 1 1
93 3.37 | 3.38 | 1.11 | 0.39 | 0.39 0.95 0.99
83 259 | 245 | 0.85 | 0.35 | 0.35 0.92 0.91
73 1.38 | 162 | 049 | 0.32 | 0.32 1.01 0.93
63 0.982 | 0.74 | 0.24 | 0.23 | 0.23 0.62 0.51

Table 4.2: Results of grids with the highest-scoring values in the OF and their corresponding mechanical properties after
optimisation with a variable infill density, while remaining the size of the voxels constant at 20 x 20 with I, = 0.2 mm.
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Figure 4.12: Plots showing the impact of different infill densities on the mechanical properties of the grid using conventional
methods as comparison, having a constant voxel size of 0.2 mm. The 100 highest-scoring grids according to the OF are used
in this method to show the optimal performance. a-c) The normalised stiffnesses E11, F22 and G12 set up per voxel. d-e) The

Poisson ratios compared to the conventional methods. Due to high variance between Poisson ratios, both are shown in the
plots. f) The Zener ratio compared to the grid size, with the optimal Zener ratio of 1 given as a dashed line. g) The connectivity

value determined using equation 3.5.4
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Figure 4.13: Figure of the optimal grids and the corresponding stiffness plot in 2D with variable infill densities. a-b) The optimal
grid for an infill density of 93%. c¢-d) The optimal grid for an infill density of 83%. e-f) The optimal grid for an infill density of 73%.
g-h) The optimal grid for an infill density of 63%.
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show reduced mechanical stiffness compared to the material properties expected. Comparing the
mechanical properties to an optimal set-up similar to the rule of mixture for single directions helps to
estimate the trade-off being pursued for a single and multiple directions. Itis important to always include
the mechanical properties for each state.

In comparison, high stiffnesses in a single direction are seen when a grid is randomly generated, where
the defective voxels are more commonly located in line structures.

It is important that in shapes with high shear moduli, the voxels are seen to connect also more often
diagonally, less commonly seen in conventional methods, where edge-to-edge contact of a voxel, sim-
ilar to a Neumann neighbourhood. In the horizontal line structure, the placement of material voxels is
commonly interconnected to 5 other voxels, only varying at corners close to the edge of the RVE.

It is noteworthy that as the voxel size is increased, i.e. l,oze; = 2 - Tnozz1e, there is an observed decline
in connectivity, with the formation of defects and the emergence of larger gaps. This has a detrimental
effect on the average defect size created. This phenomenon transpires due to the infill density being
calculated over the total material, as opposed to the inner material, within which the defects can be
positioned. In the context of 10 x 10 grids, a total of 64 voxels are considered eligible to be designated
as a defect. This results in 37 blocks being formed at the centre, with each block containing voxels with
a value of 1. In the context of a 20 x 20 grid, the utilisation of 324 voxels is permissible, with 108 voxels
designated as defects.

Itis also worthy of note that defects have a tendency to cluster more readily in a 10 x 10 grid. This results
in defects with a larger surface area, which consequently leads to greater permeability for objects of
larger size. In grids with a reduced number of voxels, defects have a tendency to cluster with directly
adjacent voxels. Given the reduced number of options for the even distribution of defects over voxels,
there is an increased probability of adjacent voxels with larger voxel sizes.

It has been demonstrated that lower anisotropic values are obtained when the optimal shape is deter-
mined using larger voxel sizes. The utilisation of smaller grid sizes has been demonstrated to result
in the formation of larger connected defect areas. Figure 4.2 is notable for the presence of a cluster
of defects in the upper portion of the grid. The scarcity of material present on the surface gives rise to
a structure that is reminiscent of a lattice. It has been determined that, due to the defects having the
same diameter as the nozzle, there is a reduced probability of the toolpath travelling over the defects
or replacing the centre. Consequently, the shape remains analogous to the optimised grid retrieved
from the computational model.

Conversely, smaller defect sizes can create difficulties in the creation of toolpaths. Given that the nozzle
is 4 times larger than a single voxel, partial defect overlap is observed to occur more frequently than
would be expected. It is evident that there is a low level of similarity in comparison to the optimised
grid, which can be attributed to the challenge of traversing defects. The effects of homogenisation to
optimising a randomised RVE are lost, in the event that the nozzle is not able to avoid defects, resulting
in poor shape quality of the toolpath on a 40 x 40 grid.

During the process of homogenisation, which involved grids with a 63% infill density, there was an
occurrence of computational problems. The analysis revealed two data points that yielded results that
were inconsistent with the original E, value, indicating an overestimation of the stiffness in a single
direction. It has been demonstrated that inadequate outcomes in the computational process are ex-
clusively observed in the grid with a lower infill density. It is evident that the random placement of
defects within the grid results in a reduction in the feasibility of outputs, given that not all voxels can be
periodically bounded.

4.1.5. Comparison of optimised to conventional structures

Considering the conventional methods simulated in Figure 4.1, the homogenised grids show mechan-
ical properties that show higher isotropy, the Zener ratio is approaching 1 for the randomised grids,
especially when considering the OF values, whereas the conventional methods have a Zener ratio
smaller than 0.1.

Additionally, the Poisson distribution that originally has been separated into 2 variables, v, and v»1,
due to the high inequality between the ratios, is comparable in each method of homogenisation. The
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values are approximated to be equal due to the OF favouring isotropic values.

Next, the distribution of defects in the grid is improved, large clusters of infill densities are penalised
and as a result. The random locations of defects show that, parallel to a direction shaped clusters of
defects have a closer resemblance to the conventional method of horizontal lines. Having no visible
direct alignment to a stiffness direction shows to increase the performance according to the OF.

The horizontal grid and spiral grid are used to compare the optimised shapes. Since the infill densities
and material properties are equal in the optimisation sets, the objective functions can be compared and
treated as similar.

Compared to the conventional methods, the RVE created using the modified toolpath has a longer
toolpath of 70.3 mm. The horizontal lines have a toolpath length of 29.4 mm, and the spiral path has
a path length of 34.4 mm. An increase of 239% is seen compared to the horizontal grid, and 204% is
seen compared to the spiral grid. The increase in path length can be explained by the increased nodal
visits seen predominantly in the right top corner of the RVE in 4.15i and j.

For the horizontal grid, it is most noticeable that the stiffness tensor has a single large component
in the Fy; direction, where it approximates the maximal value given by the rule of mixture. On the
other hand, the other variables F,; and G2 are in the range of 10 times smaller than the optimised
values. For a single layer, this proves that the material is weak and will break apart easily if loaded
in a transverse direction. To reduce the easy to break setup in non-optimal directions, the layers can
be rotated compared to another, by either rotating every layer with 45° or 90° it is possible to reduce
anisotropic behaviour in the bulk material. The spiral grid is shown to have a lower stiffness tensor
compared to the optimised shapes for the three main directions, E11, Fs and G12. Due to the limited
connection between voxels, between 3 and 7, mostly 5, it shows lower interaction, and therefore, a
single layer of conventionally generated toolpaths is low performing under shear stress. An improved
distribution of defects in the optimised grid shows that the connectivity of the average voxel increases.
Therefore, the defect size of a clustered defect has decreased. The total defect size of a horizontal grid
has a size of 1 x 18 voxels, an area of 3.6mm?. A total of 6 defects exist in the grid of 20 x 20 blocks. For
the spiral grid, the defect size is a continuous shape of 1 x 108 voxels, an area of 21.6mm?, showing
low diagonal connections in the spiral toolpath. Compared to the horizontal lines grid, all grids have a
lower stiffness in a single direction, while the stiffnesses E;; and F,5 are in the same range, compared
to a factor 13 difference between E; and F,;. Compared to the conventional toolpaths, optimised
toolpaths show a 1000% increase in the shear modulus G15.

For the 20 x 20 optimised grid with an infill density of 73%, a set with optimal shapes is determined
to choose the distribution of defects that function as a defect. Tunability of the mechanical properties
is heavily reliant on the defect distribution, seen in the 20 x 20 RVEs with an infill density of 73%,
local directional alignment of the defects bears resemblance to the conventional grid distribution when
comparing 4.6d and f and Figure 4.1a.

All shapes can be recreated as RVEs, and therefore, the scalability is ideal. The tunability is where
the RL-based toolpath stands out. Here, the input parameters for optimal behaviour can be broadened
to tune the material for ideal mechanical properties. Where conventional methods are limited due to
their programmed shape, RL-based toolpaths are easier to recreate. Due to the fact that all RL-based
toolpaths are created in MATLAB, some extra knowledge is needed to recreate shapes using this type
of structure.

4.2. RL path planning

RL path planning is shown to produce results within a runtime of 2 hours. Using 17 input parameters
results for both the generalised and specialised RL-based toolpath. After testing the training data 100
times per training agent, the results are compared between the generalised and specialised methods.
Notably is that the specialised agent outperforms the generalised agent individually based on path
length and nodal visits, but having a more robust set-up, the general performance, the average value
is nearly identical after 100 trials.

By dividing the RL function into 2 sets for learning first, a generalised path following a learning process,
where only a specialised grid is used for toolpath planning.
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First, a 2000 episode training set is used to generate knowledge for randomly selected grids to optimise
the toolpath planning, where defects are circumnavigated with different dimensions. A larger number of
steps per episode is required to travel grids, due to the increased size of a 40 x 40 grid. After performing
the first DDQN ftraining set a specialised training is started. 1500 episodes occur during specialised
training with a DDQN as agent.

The specialised method has a reduced MaxEpisode value of 1500, 500 fewer episodes to explore the
grid. The learning rate of the specialised toolpath has been lowered, but starts with a higher expected
reward gained from the generalised toolpath agent; a longer path can be created, improving the nodal
visits heavily.

Partially combining the results of the coverage with the efficiency, it is shown that the coverage increase
rate is declining when the total coverage is reached, nearing the final steps. Revisits of nodes become
more apparent, and low nozzle awareness would result in double material extrusion or spreading of the
material. As a result, the shape fidelity would be decreased. negatively impacting the physical result.

Favouring rewards by increasing the optimal value when pursued creates a highly tunable RL tool.
Noticing that the coverage and path length are dependent, but also assure nodal revisits or crossing
edges are common in earlier trials, but are removed after low output rates in FDM.

The results of the Episode reward for both generalised and specialised training are given in B. The
final Q score after the generalised training process is 4810.40, and an average reward of 5206.01. For
specialised training, the optimal scoring 20 x 20 grid with an infill density of 73% is chosen since the
Stiffnesses in multiple directions are already calculated. The index number is 276883. The Q-score
after the specialised training process is 8394.44, and the average reward of 10333.63.

Seen in the Appendix B, both specialised and generalised training show periodic drops in the reward
after a certain number of episodes. The dead-end termination is included, where a path is shut down
if no more nodes are accessible. Having larger penalties on a dead-end and missing out on coverage
rewards reduces the value heavily, and encourages exploration of new paths.

4.2.1. Reward optimisation

The trade-off between giving rewards is heavily influencing the outcome of the RL tool. Having the
main focus on including as many nodes as possible in the toolpath results in a stepwise increase in
coverage. Still limiting the maximal coverage to the number of available nodes, where defect nodes
should still be avoided as much as possible, is a must. The upper boundary for nodal coverage is set
at 100% of available nodes, and percentages higher should be excluded.

The coverage is seen to increase initially at a constant rate, similar to the increase of path length, but
near the 60-70% range, the nodal coverage starts to increase more slowly, since nodal revisits are
needed to increase coverage in non-Eulerian paths. The adjacent nodes are dynamically removed to
reduce revisits, but are included when a lack of options is available. Therefore, an increased path length
is always supported. Hard constraints such as edge traversal of the RVE are also never overwritten,
e.g. the environment is created to reduce the effect of any travel outside of the RVE. This is a guarantee
for the reproducibility of the RVE in the x- and y-directions.

Conversely, soft constraints are allowed to be overruled. For instance, nodal revisits are allowed but
penalised and local over-extrusion is discouraged. Nodal revisits help to improve total nodal coverage,
but should be limited due to unnecessary motions included in the toolpath. Also to note, revisiting edges
between nodes is still heavily penalised, since this will assure either local over extrusion, spreading of
material, and low shape fidelity. Edge revisits are converted into travel motions in later iterations of the
RL tool to prevent local over-extrusion. This helps to prevent the goals from remaining close to the
original rate of infill.

Originally highly penalised, but reduced in the process, is the sharp turn penalty. While it is less desired
to have a high rate of directional changes in the toolpath, it can be allowed to increase the coverage
and reduce harsher penalties as edge revisit. Since most nodes have a higher adjacency than a
limited value of 2, the sharp turns are not necessarily needed, yet are not desired. Local high coverage
is always supported to ensure high coverage rates, yet the sparsity coverage bonus is included to
optimise even distribution of nodal visits. This is an optimal output for having an even visit of nodes,
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Figure 4.14: Comparison bar plots showing the 100 test results of the generalised, specialised and manually modified results
of the RL toolpath planning method. a) Total coverage of the grids after applying the generalised, specialised and manually
modified methods. b-e) Nodal coverage, coverage distribution and path length are indicators the efficiency and are plotted over
all 100 test results per method.

while rewarding exploration over exploitation. As a result, difficult to reach areas as poorly connected
voxels with low adjacency, edges and vertex nodes, are accessed more often.

Considering the average path score of the generalised and the specialised method of RL, the median
path score is set to an equal, yet high outliers approaching 1 are seen in both methods. Since both
coverage and path length play high roles in increasing the path score, these factors play a strong role.
Yet, large path length can be the result of nodal revisits, edge crossing and local increases of material
extrusion. The penalties given out for these results help to reduce the maximum length of a path to
create more efficient paths.

4.2.2. Test results of RL

In Figure 4.14, the test results of the generalised, specialised and manually modified methods are
presented after performing 100 tests. The total coverage is the result of complete coverage of the grid,
and having an infill density of 73%, the total coverage exceeds this number since some defects are
also visited during path planning. In 4.14e the path length is plotted over the coverage. This helps
to indicate the total path performance, since high coverage can be the result of low efficiency due to
having a heavily increased path length. Additionally, due to the dead-end statement, low coverage
can be presented as high performance, since revisits occur more often when high nodal coverage is
achieved.

In Figure 4.15, all RL-generated toolpaths are shown using the generalised, specialised and manually
modified method. The generalised method has a training set built up of multiple grids containing differ-
ent infill densities and all voxel sizes, where the specialised training set only uses the highest scoring
grid for a 20 x 20 grid with an infill density of 73%. The manually modified toolpath is created by adding
two extra nodes to the toolpath manually, and increasing the nodal visits, while circumventing defects.
All methods contain the visualisation using the grid as background in subfigures 4.15 a,e and i, the
visualisation of supervoxels that are scaled to the nozzle diameter in subfigures 4.15 b, f and i, show
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the nodal visits per supervoxel in subfigures 4.15 ¢, g and k and show the coverage over the path length
in subfigures 4.15 d, h an I. The nodal visit heatmap lacks information in row and column 10, since
the nodes are placed in the centre of the supervoxel, reducing the voxels to 9 x 9. Including the outer
radius of the nozzle, the size of the grid is equivalent to the originally planned 10 voxels, sized 4 x 4
mm.

The heatmap helps to visualise the visits per location, showing possible over- and under-extrusion that
can be removed in post-processing the G-code to include travel moves.

In Figure 4.14, output values after the test function is performed are depicted for the generalised and
specialised method, including the manually modified toolpath. The generalised method has N = 100
trials, and the specialised method has N = 100 trials. Low path coverage, with only unique visits to
nodes, equates to high efficiency and therefore the parameters efficiency and coverage are compared
in the scatter plot in Figure 4.14e.

4.3. Material extrusion
The material extrusion process is performed after creating the toolpath and gives a physical output of
the results.

Using PLA as the material for FDM, it is seen that the first layer is poorly adhering to the baseplate.
With a material flow at 100%, optimal adherence is seen to the baseplate. The material extrusion is
determined to be equal to the volume of filament being used between two nodes. Using PLA filament
with a filament radius of 2.85 mm.

The optimal results of a successful production of RVE structures (Figure 4.16a-d). A block of 10 x 10
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Figure 4.16: FDM produced RVEs. a-b) length, width, thickness of a 10x10x10 RVE block sized 40.5x40.5x4.1 mm. d) Tensile
test specimen, high printing quality. e) Tensile test specimen, low printing quality caused by poor adherence. f) A scale model
of RVE structures. A single layer of thickness 0.4 mm scaled 5.0 times larger than the original design.

RVEs is created that has 10 layers. A successfully produced tensile test specimen with a thickness
of 10 layers is produced (Figure 4.16d). A poorly designed tensile test structure with low print quality
shows low adherence to the build plate, resulting in a useless specimen (Figure 4.16e).

A scale model of the RVE structure is created (Figure 4.16f), where the toolpath is visualised. The
model is 5 times increased and has a line thickness of 0.4 mm. The toolpath can be recreated using
extrusion, and it is shown that the toolpath can be replicated multiple times.

4.3.1. Optimised space compared to extruded grids
The test subject is a PLA MEX-produced block of 40 x 40 x 6.4 mm. The test object is built up of
10 x 10 x 16 layers using an Ultimaker 2+.

The material is extruded with high values over small distances, during turns while extruding blobs can
form, since the nozzle remains in the same location for a prolonged period. This becomes apparent
in the sharp turns. Stringing occurs due to limited contraction of the filament during travel motions
between RVEs.

The size of a 10x10x10 RVE is projected as 39.9x39.9x4.0 mm. The extruded shape has 40.5x40.5x4.1
mm. To measure the infill density, the weight of the final result can be compared to the expected weight
for a material with a 100% infill. A 100% infill object with a density for PLA of 1.25 g/lcm® is expected
to weigh 8 grams. With a weight of 6.7 grams for the FDM-produced RVE, an infill density of 79.7% is
estimated. A deviation of 6.7% is seen compared to the planned infill. Nodal revisits and partial defect
coverage can be appointed as causes of the increased rate of material.

Animations and video footage of the AM process have been attached to the additional material folder.
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Figure 4.17: 2 specimen after tensile testing. a-b) specimen Y after tensile testing and a detailed image showing the partial
fracture through the RVE. c-d) Specimen X after tensile testing and a detailed image showing a clean cut between the RVEs.

Sample | Peak load (N) | Young’s Modulus (MPa) | UTS (MPa) | Max. extension (mm) | Strain(-)
Xy 819.80 265.43 23.40 2.58 0.0664
Xs 775.99 261.58 22.16 2.51 0.0649
X3 710.55 311.88 20.28 2.16 0.0556
X4 803.22 305.80 22.92 2.79 0.0720
Y, 751.24 297.15 21.44 2.71 0.0696
Yo 632.93 257.77 18.09 2.39 0.0609
Y3 603.60 240.80 17.52 2.35 0.0604

Table 4.3: Mechanical properties retrieved from tensile testing of 7 specimens in two directions.

4.3.2. Adjusting printing properties

Optimising the FDM printing properties helps to improve the material flow to increase the printability.
After tuning the optimisation and toolpath planning process, the adjustment of printing properties func-
tions as manual tweaking.

Since the layer extruded on top of the build plate only experiences poor adhesion, other layers can be
built using a lower material flow and have a closer proximity to be produced in a similar fashion to the
result of the planned toolpath.

The FDM process of a tensile test specimen is estimated to take an hour; a 10 x 10 x 10 RVE (sized
40x40x4 mm) is printed in 2 hours. Since some voxels are revisited over 6 times (Figure 4.15), some
areas experience over-extrusion. The local loss of defects increases the infill density. By removing
extra extrusion motions, the target infill density can be achieved. Additionally, by lowering the extrusion
speed to 1200 mm/min, the materials adhere more optimally to the build plate.

4.4. Mechanical testing

During tensile testing, 7 samples are used to determine the mechanical properties of the optimised
structure (F;; oriented N = 4 and E,, oriented N = 3). The stress-strain curve shows similar results
in tensile tests in each direction (Figure 4.18. Two testing directions are used, since the material is
presumed to be anisotropic. The Mechanical properties retrieved from each tensile test are given in
Table 4.3. It is noticeable that each specimen broke where RVEs connect. In specimen Y, a partial
fracture of an RVE (Figure 4.17a and b), which corresponds with an increased stress-strain relationship
experiencing higher stresses on the specimen. Clean fractures that broke between RVEs (Figure 4.17¢
and d) show lower stress-strain results and a reduced Young’s modulus.

Additionally, the average Young’s modulus for E,, oriented tensile specimens is 286.25 MPa. The
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Figure 4.18: Tensile test results given in strain over stress performed in two dimensions with the added Young’s Modulus per
sample attached in the legend. a)E;; oriented tensile test specimens corresponding to Y-numbered specimen during tensile
testing. b) E22 oriented tensile test specimens corresponding to X-numbered specimen during tensile testing.

average Young’s modulus for E; oriented tensile specimens is 265.33 MPa. Similar to the computa-
tional results seen in Table 4.2 for an infill density of 73% corresponding to a computational E ratio of

E11 = 0.85F5,, the test result E ratio £1; = 0.93F5,. However, the tensile test results show Young’s
modulus reduced tenfold compared to the computational model.



Discussion

5.1. Performance Assessment of the Homogenisation Method

The optimisation and homogenisation process has yielded notable features in the results. The discus-
sion focuses on the utilisation of key values identified in the results.

5.1.1. General remarks

The optimisation process shows that the largest variability in mechanical properties can be found in
RVEs with lower infill densities. Due to the larger number of defects, not all material-filled voxels can
be fully connected. Additionally, due to the random placement of defects of the grid, most grids are
filtered out for not being periodically bounded. Tunable mechanical properties can be seen in all infill
densities and voxel sizes, yet a higher variety is seen in lower infill densities. For lower infill densities,
it is expected to have lower output performance and random shape optimisation is not recommended
due to its low efficiency. Creating lattice-like structures is recommended having low infill densities.

5.1.2. Representativeness of the voxel infill

A voxel should adequately represent the material characteristics at any point within the structure. How-
ever, due to voxel sizing, the average material infill within a single voxel can vary, potentially affecting
the representativeness of the overall RVE. In the current method, three voxel sizes are considered,
each scaled according to the nozzle diameter.

For a 20 x 20 grid, the voxel dimensions are equivalent to the nozzle radius, i.e. I, = l, = I, = Tnozzle-

0.257r

The infill ratio of a single voxel is then given by pyoxel = 3 ozt 0.257. In this context, both the
nozzle
10 x 10 and 20 x 20 grids possess voxel dimensions that can be considered representative of the

complete RVE.

T

Reducing the voxel length to [, = [, = [, = 0.5 rnozze introduces three possible values for the effective
area of a voxel. The corresponding infill ratios are expressed in Equation 5.1.

1 for [0,7/2] x [0,7/2]
Poosel = § 1+ L2+ for [0,7/2] x [r/2,7] (5.1)
1= 41 for [r/2,7] x [r/2,7]

It follows that a single voxel of size lyoxel = 0.5 Thozzle CANNOL be fully representative of any portion of the
grid. Nevertheless, an approximate representation can be achieved through voxel reconstruction.

While smaller voxels generally lead to improved homogenisation accuracy due to finer discretisation,
they also result in substantially increased computational cost. The number of randomly generated
voxels increases quadratically with grid refinement, directly scaling the runtime. According to the 2D
homogenisation method described by [6], each voxel possesses eight DOFs, denoted by x, which are

44
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required to enforce periodic boundary conditions. Consequently, the quadratic increase in voxel count
results in a quadratic increase in DOF, thereby significantly extending the computational runtime.

5.1.3. Plane stress and plane strain

It is important to note that the accuracy of the approximation is reduced, as evidenced by the observed
change in the original stiffness. The maximal stiffness, determined to be 58.99 GPa, contrasts with
the original output of 54 GPa. The discrepancy between the outputs for values that differ by 9.18% is
indicative of a considerable degree of uncertainty.

The rule of mixture is determined using the following equation, which is derived from plane-stress
methods. It is therefore evident that the horizontal method is an outlier of all results. It can thus be
concluded that the outcome, in which the horizontal zigzag grid is presented in the results, can be
explained on the basis that the in-plane stress of the material can be reduced and then falls within the
range of the rule of mixture when considering E4.f..: = 0 MPa. The height of the voxel is compared to
its length and width, with the length and width being expressed as [, = I, = 20dz, where dz = r,,,. for
a cubic-shaped voxel. In accordance with the established principle, the consideration of plane-stress
is mandated when the object’s length is approximately 10 times greater than its thickness. It is evident
that the requirement is being met in the current configuration. Consequently, this simplification can be
applied. The material is considered to be of a sufficiently low thickness to be regarded as thin, and
consequently, plane stress is employed.

As demonstrated in Figure 4.8, for an infill density of 93%, the average stiffness values exceed the
rule of mixture. The utilisation of plane-stress instead of plane-strain enables the attainment of higher
stiffness values, a principle that is governed by the rule of mixture. In selecting the plane-strain method,
it is anticipated that the stiffness of high infill densities will fall below the threshold of the rule of mixture.

5.1.4. Removing heuristics in grid generating

The current method of homogenisation is based on heuristics; randomly generated RVEs are compared
to determine an optimal shape. As a result, the optimum value can only be approached, where using a
method of machine learning could benefit this process. Additionally, after creating the grids, optimisa-
tion was performed, and a lack of a converging value in the current code restricted the optimisation from
early termination. Using a method that is aware of an upper limit and prioritises convergence would be
recommended in future work. Similar to the toolpath planning method, using methods that learn from
prior iterations can help to improve the overall structure and reduce the manual workload. Heuristics
was currently chosen as a method to create large datasets, but in future work, this large set can again
be reused, similar to the training sets for generalised and specialised RL training. Using a large quantity
of similar training data can help to improve the shape of the RVE, optimising the placement of defects
on a better scale.

5.2. Reinforcement learning and toolpath planning

The use of RL in path planning has a notable outcome. By constraining parameters, the final result
can have minimal output, whereas soft boundaries are shown to improve coverage. Next, there is a
connection to total surface coverage and the path efficiency. Finally, the generalised method and the
specialised method are compared to determine the use of 2 training sets for optimal output.

5.2.1. Defect circumventing

During path planning, defects persist within the original voxel size. Conversely, the nozzle diameter is
constructed from a combined set of voxels, i.e. the supervoxel. The process of reconstruction involves
the combination of smaller voxels to form a supervoxel, thereby representing the average voxel value.
In the event of a supervoxel being assigned a value of 0, it is to be excluded from the adjacency matrix.
This is particularly advantageous for lower infill ratios, as it results in a reduction of the computational
cost of the adjacency matrix. Subsequently, each voxel is analysed independently in order to minimise
travel over defects during the process of path planning. The introduction of two parameters, which are
cognisant of the nozzle diameter and which serve to minimise the travel of the toolpath over defects,
enables the creation of a toolpath that is capable of traversing a larger object while circumventing
smaller defects, thereby minimising defect coverage. It is evident that defect awareness is promoted in
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the context of travel. Nevertheless, the implementation of complete defect avoidance is challenging, as
evidenced by the fact that the total coverage exceeds the upper boundary for grid cover. Itis permissible
to mitigate by travelling partially over voxels classified as defects. However, this is penalised in order
to ensure shape similarities to the homogenised grid. Furthermore, local minima in the form of partial
defect coverage are permitted, provided that the total reward is increased.

5.2.2. Bridging

Some voxels are poorly connected to material voxels and reduce the overall performance of the toolpath.
This problem is resolved by allowing a bridging motion between poorly accessible voxels. In figure
4.15i and j near the area [4,3] to [6,3], bridging occurs between larger voids. An exception is made to
reduce the penalty of visiting defects, to improve the overall reward of the toolpath. By allowing bridging
motions, no local minimum occurs, trapping the toolpath solely to toolpaths with minimal path length and
still encourages minimising defect traversal. Bridging encourages impossible travel motions and is only
specialised path planning. During bridging material extrusion is allowed, in contrast to standard travel
motions where a longer distance between nodes is travelled than v/2-d,,,..;.. Bridging can be regarded
as an illustration of local minima not being outweighed by global optimal rewards. The utilisation of soft
constraints has been demonstrated to enhance the overall performance of RL, thereby enabling the
exploration of larger domains for other parameters.

5.2.3. Coverage and efficiency trade-off

Using the DDQN tool, it becomes apparent that there is a trade-off between coverage and efficiency.
Every unique node that is visited increases the level of coverage. To get near-perfect visits in a non-
Eulerian graph, nodes must be revisited to increase the coverage, reducing the efficiency. Similarly,
high efficiency can be caused by a limited number of nodes being visited, and therefore, the shortest
path analogy is used. The result is a toolpath of minimal length, with low coverage, while having a
high efficiency rate. Coverage is a result of the exploration factor, as it allows an agent to improve the
current knowledge about any action, leading to long-term benefit. High exploration is linked to lower
exploitation, where the highest reward is pursued using the agent’s current action-value estimates.
Increasing the discount factor + to approximately 1 helps to increase the level of exploration in the
DDQN.

Following a near-Eulerian path while accessing all nodes gives problems with the coverage aspect. The
maximal coverage rate is dependent on the efficiency. Visiting nodes multiple times is undesirable, but
to achieve near complete coverage for all accessible nodes, while meeting the requirements to travel
only to nearby nodes. On the other hand, complete coverage results in low efficiency as seen in prior
trials. The total path length travelled during printing is while visiting close to 100% is heavily increased.
A large penalty is placed on dead-end visits to reduce the runtime of poor-performing toolpaths. By
terminating poor performance early, the mean value as shown in Figure 4.14e. is reduced in both
stages, due to an upper boundary. To minimise the effects of the dead-end penalty, multiple grids are
created during the testing phase to reduce suboptimal.

To determine an optimal toolpath, multiple factors are combined to evaluate its performance. Solely
focusing on high coverage results in a lower efficiency, and including a factor for efficiency in the final
test result shows an improved toolpath with a reduced number of redundant motions. Efficiency is
already included in the RL reward function and is added to the test score as a small factor to prevent
biased results towards efficiency.

Siest = 0.6 - Carea + 0.35 - Croge + 0.05 -7 (5.2)

Where S, is the final score after a test, C,,., is the area coverage, C,, 4. is the nodal coverage, and
7 is the efficiency determined by dividing the number of nodes visited by the total number of nodes
visited. The weights were empirically chosen to balance coverage quality and motion efficiency.

5.2.4. Generalised and specialised methods

Using training data on a single set of grids, with the outcome to have an optimised toolpath for a single
grid, is seen as a specialised method of using RL. For a single grid, a near-complete approximation
is approached. The coverage and efficiency can be optimised; however, the specialised RL functions
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show low robustness and fail if different grids are evaluated on them. Therefore, it is highly recom-
mended for a single grid to be optimised using the specialised RL method. The generalised method
shows to favour long distance nodal visits to increase total coverage, resulting in locally missed nodes.
In figure 4.15a, large jumps are used to cover the grid maximally; however, the result would be trans-
lated into high rates over travel moves, where no extrusion occurs, minimising the quality of the FDM
produced result.

On the other hand, generalised RL methods train using a set of grids, with more variation. By exposing
the DDQN to multiple grids, a more robust outcome that is applicable to multiple grids is formed. For
new information outside of the training data, a generalised RL function shows improved outcome.

The current goal of using RL in this report focuses on generating a toolpath near-optimal for multiple
grids and, therefore, a generalised method is desired. Having a nodal 71% of supervoxels after training
occurs often, and certain parts of the grid are less visited. After testing the results using multiple
grids in the training data show varying success rates, i.e. lower coverage, low efficiency and multiple
dead-ends, since the focus is broadened to perform as good as possible in a more diverse grid. The
specialised method is able to cover 93% of the supervoxels and has no travel moves applied during its
performance. Additionally, the manually modified version of the current toolpath avoids some defects
and increases the nodal visits by 2. In general, the specialised version shows higher average coverage
and path lengths than the generalised method, combined with a larger range of total coverage as seen
in Figure 4.14e.

While in both methods grids of 20 x 20 voxels with an infill density of 73% are included in the training
data and the path planning show coverage over 70% after performing 100 test runs, the specialised
RL functions show better performance with a lower episode count.

On an individual basis, specialised tests outperform the generalised method of path planning, by nodal
exploration and coverage. The efficiency of uniquely visited nodes falls in a similar range and is heavily
influenced by the total number of nodes visited.

Combining the 2 methods results in optimal performance, since the specialised training data is prepared
with a reward similar to an optimal result, reducing the need for exploration and allowing for local
improvements based on efficiency, bridging and local nodal exploration.

To ensure converging Q values using a DDQN, it is recommended to determine the factor ¢, since the
stochastic results end up not being similar, following the analogy:

Where the expected variation ¢ is a small number, so a; # as. Since the environment and reward
function are also created manually, the result should converge at a value close to the true Q* value. In
the current set-up, the environment is manually defined, and the state transitions (grid voxel connec-
tions) are not strictly Markovian, because Markovian sets should be independent from prior decisions,
visited nodes and geometric constraints. This introduces non-stationarity and partial observability, both
of which violate standard convergence assumptions. Thus, the Q-values might not converge smoothly,
but instead oscillate or settle into quasi-stationary equilibria that depend on the random initialisation of
weights and exploration rates. where e represents the expected deviation due to stochasticity, function
approximation errors, and environment uncertainty. In deterministic grid environments, ¢ ideally tends
to zero, but in stochastic or manually tuned reward landscapes, a residual bias remains.

While the DDQN approach significantly improved toolpath generation for RVEs containing defects, con-
vergence stability remains a key limitation. Because the environment and reward function are manually
defined, the Markov assumption is only partially satisfied, leading to stochastic deviations in the learned
Q-values.

Q" (s,a1) = Q*(s,a2) + ¢ (5.3)

The relation in Equation 5.3 highlights that convergence occurs within a bounded margin ¢, where
residual bias arises from stochastic exploration, correlated experience, and reward conflicts. To im-
prove convergence reliability, future work should investigate adaptive exploration strategies, prioritised
experience replay, and multi-objective normalisation schemes. Extending the RL environment to three
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dimensions would further reduce plane-strain approximation errors and enhance generalisability to true
3D toolpaths.

5.3. Comparable toolpath panning methods

The proposed DDQN RL approach offers distinct advantages over conventional path planning methods
for AM applications. Once trained, the DDQN agent can generate near-optimal toolpaths for environ-
ments similar to its training data. For grid structures with constant dimensions but varying voxel sizes
or infill densities, the agent can adapt its learned policy to these slight variations, demonstrating gener-
alisation capabilities that are valuable for AM applications with variable geometries.

5.3.1. Limitations of Heuristic Methods

Conventional heuristic approaches, such as greedy algorithms, determine travel motions by evaluating
local cost functions at each node [51]. While computationally efficient, greedy methods are prone to
becoming trapped in local minima, where all available moves result in highly penalised rewards—often
due to necessary non-extrusion travel motions. A critical limitation of heuristic methods is their inability
to reconsider previous decisions; they approximate optimal paths through limited forward-looking anal-
ysis without re-evaluating prior choices. In contrast, neural network approaches such as DDQN learn
to anticipate and avoid locally suboptimal decisions through the training process [52].

5.3.2. Travelling Salesman Problem Approaches

The Travelling Salesman Problem (TSP) framework aims to minimise total path length while visiting
each node, typically following an Eulerian path where each node is visited at least once [51]. While TSP
solvers can efficiently generate optimal paths for small grids (e.g., 10%10), they suffer from poor scalabil-
ity and reusability. Each new grid configuration requires a complete recalculation, making TSP-based
methods impractical for highly adaptable or variable grid structures. The computational advantage
of RL becomes apparent when considering repeated path generation across similar but non-identical
geometries.

5.3.3. Shortest Path Algorithms

Graph-based algorithms such as Dijkstra and A* excel at finding minimal-distance paths between two
points in weighted graphs, making them popular in robotics applications [53]. However, these algo-
rithms fundamentally conflict with AM toolpath requirements. Their objective—minimising distance from
point A to B—contradicts the goal of maximising node coverage while minimising non-extrusion travel.
Consequently, they fail to generate efficient toolpaths for additive manufacturing applications.

5.3.4. Advantages and Considerations for DDQN RL

Well-trained RL agents demonstrate robust performance and adaptability to environmental variations
within their training distribution. The DDQN approach generates an approximated Q-function that can
generalise to similar environments, provided the training data is sufficiently diverse and representative.
However, this method has important limitations. Performance degrades when applied to conditions
substantially different from the training distribution, and biased or insufficient training data can lead to
overfitting, where the agent learns spurious correlations that fail to generalise [54]. Therefore, gener-
ating diverse, representative training datasets is critical for optimal RL performance.

A notable challenge with RL methods is their interpretability. The hidden layers that process states and
actions create a "black box” effect, making it difficult to diagnose errors or manually tune performance
compared to traditional algorithms with adjustable parameters. Improving RL-based toolpaths requires
expertise in deep learning and reinforcement learning principles, as external modifications must prop-
agate through the network’s hidden representations. Despite this added complexity, the adaptability
and generalisation capabilities of DDQN RL justify its use for applications requiring repeated path gen-
eration across variable geometries [54].

A combination of both methods can be used, where the training data includes multiple grids to create
a toolpath circumnavigating defects of various voxel sizes, while the test data focuses on performing
optimal results on a single grid with optimal performance.
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RL using a DDQN is ideal for considering path planning using multiple parameters. Not limiting the
research to the physical path boundaries, as conventional methods show better results. As shown in
the results, the combination of the modified toolpath has an optimal input of a heavily researched optimal
path, and has manually added two extra nodes to increase the total coverage. The adaptability of this
method shows how RL can be used in the design steps, and more complex decisions can be created
to solve path planning. Multi-parameter optimisation has shown that a figure with defects smaller than
the nozzle can be avoided while pursuing nodal coverage of 93 to 95%. Additionally, the lack of travel
moves has shown that stresses are better distributed in the materials, and the number of singularities
can be heavily reduced.

Other reinforcement learning approaches, such as Proximal Policy Optimisation (PPO), could be con-
sidered to mitigate the convergence instability observed in DDQN. PPO is a policy-gradient method
that improves training robustness by introducing a trust region constraint on policy updates, effectively
limiting the Kullback—Leibler (KL) divergence between successive policies [55]. This ensures smoother
updates and prevents oscillatory behaviour often seen in value-based methods.

Unlike DDQN, PPO does not rely on an e-greedy exploration schedule and therefore requires less
hyperparameter tuning, which can improve reproducibility and training efficiency [56]. In the context of
toolpath optimisation, PPO could be advantageous for handling continuous or quasi-continuous action
spaces, such as nozzle direction and extrusion speed, where discrete state-action formulations are
limiting.

Future work could integrate the homogenisation framework directly into the reinforcement learning
environment, enabling stress-optimised grid designs to inform the policy itself. This would allow the
agent to learn toolpaths that inherently follow principal stress directions. Compared to heuristic meth-
ods, the RL-based approach demonstrated convergence after approximately one thousand training
episodes, particularly in generalised environments with higher reward scaling. The convergence be-
haviour suggests that policy-based extensions such as PPO may further enhance stability and facilitate
the discovery of multiple near-optimal toolpath solutions.

5.4. Shape fidelity

During material extrusion, motions similar to the diameter of the nozzle occur. Depending on the mate-
rial deposition, too much material can be extruded when the nozzle is not moving at a constant velocity.
Low acceleration at the start results in higher material deposition rates during the initial step, forming
local blobs, reducing the shape fidelity of the final result. Using PLA in MEX has a negative benefit of
the material being pressed to the base plate or lower layers, which results in a spread-out line to create
improved adherence, but reduces the shape fidelity due to increased thickness of the extruded lines.

The Ultimaker 2+ used has a nozzle diameter of 0.4 mm. In the current design, supervoxels have an
equal size and include the changes in all directions after any node, resulting in high accelerations and a
change of angle over small distances. The positioning precision of an Ultimaker 2+ on the x and y-axes
is set at 12.5 microns, and 5 microns in the z-directions; thus, correct positioning can be expected using
the current grid. Poor printability in the current setup can be caused by over-extrusion in the complete
process. Since the RL function is aware of the nozzle diameter, less material should be extruded if
the material is already covered by the nozzle. Reducing revisits grants a closer result to the planned
toolpath.

During FDM, the optimal height for the first layer can be reduced to 0.27 mm, whereas all other layers
are built on 0.4 mm, due to the limited adherence between the build plate and the PLA.

Due to the G-Code being created manually, the G-Code is highly tunable. Since scaling is possible,
larger and smaller nozzle diameters can be used, while scaling or reducing the size of voxels compared
to the current setup. Scaling the grid is easily achievable, making the output of the result optimal for
reproduction and as a building block for more complex shapes.

5.5. Comparing experimental and computational results

To validate the computational model on tensile tests are performed to determine the stiffness for F;
and E»,. The experimental results show lower stiffnesses for the material than anticipated in the com-
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putational model. Compared to the literature, the Yield stress and UTS are heavily reduced when con-
sidering a reduced infill of nearly 73% [57]. This can be explained due to the fracture occurring between
the RVEs, where poor interlayer connections occur, due to reduced adherence between RVEs, causing
RVE-by-RVE extrusion. Hardened material adheres poorly to newly extruded material. A recommen-
dation to prevent this is to increase the size of the optimised path of an RVE to cover the complete
area of the reduced thickness of the tensile test specimen. Due to the early rapture of the material,
limited information is given to validate the computational model. While the specimens have a reduced
Young’s Modulus compared to the computational results, the results are in a similar range as the re-
sults of other PLA tensile tests of multiple experiments [20], [58]. This indicates that the computational
model is overestimating, possibly by connecting all voxels, whereas in reality, a node is connected to
only 2 other nodes. More research needs to be performed to validate this hypothesis.

5.6. Expansion to multi materials and 3D structures

In future processes, the current method used in this thesis can be expanded to cover more complex
structures. By first including multiple materials in a single RVE, the tunable factors are expected to
increase.

5.6.1. Multi materials

In the available code provided by Andreassen et al. [6] and Ozdilek et al. [30], multiple materials can
be added. Adding multiple stiffnesses and Poisson ratios as a scaling factor is used by Andreassen
et al. to include multiple materials in the linearised homogenisation method. Since the stiffness E and
Poisson ratio v are used as scale factors, adding multiple materials in a single RVE is achievable and
can be included in future work to expand the tunability of AM-produced materials. A limitation of the
voxel structure used to create a grid is that every voxel must be classified with a single number, so
voxels that contain multiple materials result in an error. In future work, gradient distribution per voxel
can be included to add multiple materials and also determine the interaction between materials due to
the difference in stiffness. FDM is suitable for performing multi-material AM, and the extension of the
current homogenisation method can be included to increase the mechanical properties of an RVE.

5.6.2. 3D homogenisation

The current research has focused on 2D homogenisation and is able to produce structures that are
created using 2.5D FDM. By increasing the grid of voxels to the third dimension and creating a cubic
shape, homogenisation can be performed in an improved version. Focusing on the same principles
as for the homogenisation techniques, but not limited to the trade-off between plane-stress and plane-
strain, the increased connectivity to a maximum of 26 voxels improves the simulation. By using different
types of AM as multi-axis AM, it becomes feasible to create structures less dependent on flat base
layers. The method of 3D homogenisation is supported by Ozdilek et al. [30] and Dong et al. [47], both
theoretically as available in MATLAB and Python code. To continue the 3D homogenisation method, a
MATLAB code has already been created to either build a layered set of 2D grids on top of each other or
to create a 3D RVE out of voxels. 3D homogenisation could be incorporated with 3D or multidirectional
path planning and AM. Multi-axis AM can be used to increase the mobility range of the nozzle, creating
more complex shapes, with reduced limitations due to the range of motion.

5.6.3. 3D path planning

A current limitation in the path planning is remaining in planar toolpaths (2.5D). Extending the range of
motion to start path planning in 3D using multiple DOFs would allow for the creation of more complex,
spatially continuous structures. Multi-axis AM enables multidirectional extrusion, which reduces the
need for redundant support material if overhanging or upper layers are self-supporting [59].

For multi-axis AM, additional travel motions must be included in the output layer. Additional functions
should include self-supporting steps based on the extrusion angle compared to the nozzle, unsupported
edge length, acceptable sagging rates and collision detection. Using AM in non-planar directions, the
material can be extruded while being supported by lower layers, thereby reducing the downward gravi-
tational forces acting on the newly deposited filament. Multi-axis AM also mitigates collision with previ-
ously printed features and enables the formation of continuous toolpaths, which reduces singularities



5.6. Expansion to multi materials and 3D structures 51

in motion control [36]. As a result, highly permeable and lightweight structures can be achieved.

FDM using Multi-axis AM 3D path planning introduces several geometric and mechanical constraints.
Due to the nozzle shape and size, downward or negative extrusion motions are not feasible, as they
risk collision with previously deposited material. Sharp downward movements during extrusion are
particularly problematic. Consequently, 3D path planning requires hierarchical trajectory generation
in the z-direction, rather than the layer-per-layer approach typically used in 2.5D AM. An asymmetric
Laplacian matrix can be considered for use in 3D path planning.

A similar file has been created for homogenize_3D.m for homogenisation in 3D that can be combined
automatically with the 3D optimisation file to produce a Young’s Modulus in 3D for a cuboid with ran-
domly generated voxels. By increasing the connectivity in 3D to 26 travel motions, the infill density can
be further reduced while meeting the constraints for periodic boundary conditions. For the objective
function, all values on the z-axis are incorporated.

In the single_grid_reinforcement_planning.m Script, movement possibilities are currently limited to
eight neighbouring nodes on the z-plane, each separated by 2v/2 - 7hoz1e. Extending the model to full
3D motion with 26 potential nodes requires increasing the node spacing to 21/3 - rnozze @and removing
physically impractical transitions, resulting in a feasible motion space of 26 nodes. Incorporating the
third dimension introduces additional parameters per position feature; in the current setup, at least
three extra parameters are required to implement 3D motion in the input layer.

Future implementations should include additional kinematic and geometric constraints based on ma-
chine architecture and nozzle accessibility. The starting point should remain on the base layer to pre-
vent unsupported material deposition. 3D nozzle geometry limits achievable movement paths, as colli-
sions can occur between the nozzle and extruded material. The order of toolpath execution must also
be considered, as accessibility of certain points depends on previously deposited layers. These aspects
highlight that fully three-dimensional path planning demands a more complex hierarchical framework,
integrating collision avoidance, support evaluation, and reachability constraints.



Conclusion

6.1. Conclusion

This research demonstrates that reinforcement learning (RL) can be successfully applied to optimise
toolpath planning in material extrusion (MEX) and fused deposition modelling (FDM), producing struc-
tures with improved isotropy and mechanical performance. By simplifying complex geometries into
repeatable voxel-based representations and applying homogenisation analysis, a framework was de-
veloped that identifies optimal grid configurations balancing stiffness, isotropy, and connectivity. The
Double Deep Q-Network (DDQN) agent subsequently learned to generate near-Eulerian toolpaths that
efficiently cover material domains while avoiding defects and redundant travel.

Compared with conventional raster-based path planning, the optimised RL-driven toolpaths exhibited
smoother material distribution and improved shear performance, particularly at higher infill densities.
The reinforcement learning process showed stable convergence across both generalised and spe-
cialised training sets, indicating that multi-objective path planning can be learned autonomously without
exhaustive manual tuning. The results underline that computational optimisation across all stages of
the design-to-manufacture workflow, from grid generation to extrusion planning, significantly enhances
the predictability and performance of printed structures.

In practical terms, the research highlights the potential of data-driven toolpath optimisation to com-
plement classical geometric design methods. The combination of homogenisation and reinforcement
learning offers a scalable strategy for developing materials with tunable mechanical responses, appli-
cable to both engineering and biomedical scaffolding contexts. Further refinement of printing precision
and motion control could yield even greater mechanical consistency between simulated and manufac-
tured results.

The tensile test performed to validate the mechanical properties shows limited results due to early
fractures between RVEs caused by poor adherence between RVEs.

Overall, this thesis provides a foundation for the integration of RL into AM workflows, demonstrating
that intelligent, adaptive path planning can reduce anisotropy and improve structural performance in
printed materials.

6.2. Future work

Several extensions can further enhance the presented framework. Computationally, the current ho-
mogenisation and toolpath planning are limited to 2D and 2.5D extrusion paths. Future research should
focus on implementing full 3D homogenisation to account for through-thickness stresses and interlayer
bonding effects. Integrating these 3D material models directly into the RL environment would allow the
agent to optimise across true volumetric design spaces.

From a manufacturing perspective, extending the method to multi-directional and non-planar printing us-
ing robotic or multi-axis AM systems could eliminate the layer-by-layer constraints that cause anisotropy.
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Including self-supporting structure objectives within the reward function would encourage the agent to
minimise unnecessary material use and produce lightweight yet mechanically robust geometries.

Algorithmically, alternative RL approaches such as Proximal Policy Optimisation (PPO) could be ex-
plored to further stabilise training by constraining policy updates through trust-region methods. Com-
bining DDQN’s discrete decision efficiency with PPO’s policy stability may lead to hybrid agents capable
of optimising both discrete voxel transitions and continuous motion trajectories.

The validation of the computational model should be reinvestigated, since the mechanical performance
of the specimens was lower than anticipated. In future research, the computational model should be
reinvestigated and possibly adjusted to compare with the physical results.

Finally, broader applications could include AM in tissue engineering, high-tech AM and metamaterial
design, where stress-guided toolpaths and tunable anisotropy are critical. The integration of homogeni-
sation, machine learning, and physical experimentation provides a promising path towards adaptive,
closed-loop additive manufacturing systems capable of self-optimisation across design, simulation, and
production.
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Simulation results

A.l. Horizontal grid

The horizontal grid or zigzag pattern is used to compare optimized grid patterns to existing shapes. The
horizontal connected blocks are connected to their vertical components, therefore the stiffness tensor is
the highest in the E{; direction. The stiffness for the horizontal grid is F1; = 42.2523 GPa, F5, = 3.1664
GPa and G5 = 0.7707 GPa. It has a Zener ratio of 0.0371, 15 = 0.0233 and v5; = 0.3120. The C*
38.9725  0.9081 —0.0383
matrix for the horizontal grid is: | 0.9081 2.9107 —0.1225
—0.0383 —0.1225 0.7063
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Figure A.1: Geometric configuration and directional stiffness characteristics of the horizontal grid structure.

A.2. Spiral grid
The spiral grid is used to compare optimized methods to conventional printing techniques. F;; = 4.3422
GPa, Fyy = 4.7738 GPa, G12 = 0.0248 GPa. The Zener ratio A is 0.0122. The Poisson ratios v, =
4.6175 0.1969 0.0860
0.0427 and v5; = 0.0403. The CH matrix is |0.1969 4.8900 0.0560
0.0860 0.0560 0.0270

A.3. Index numbers

For figure 4.6 the IDs correspond to the 20x20 grid with infill of 73% are: b) 230067, c) 34327, d) 8978,
e) 199543 f) 63345. The ID numbers correspond to the grid_all.mat file found in 2D voxel.
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(b) Polar plot of the Young’s Moduli of the spiral pattern.
Eq11 = 4.3422 MPa, E3> = 4.7738 MPa and G12 = 0.0248 MPa.

Grid

Index Number

20 x 20 63%
20 x 20 73%
20 x 20 83%
20 x 20 93%
10 x 10 73%
40 x 40 73%

31418
57906
54339
17113
61492
576

Table A.1: Index number to the corresponding best grids.

For Figure 4.7 the IDs correspond to the 20x20 grid with infill of 73% are: b) 15785, ¢) 17016, d) 205746,
e) 35077, f) 161831. The ID numbers correspond to the grid_all.mat file fund in 2D voxel.



Additional material for RL

B.1. Generalised training

The first step in RL is to train the tool using random grids, with varying grid sizes and voxel sizes.
Starting with a reward of 0, the goal is to optimise the reward after each episode. The reward curve in
Figure B.1 is increasing, and has partial drops between episodes, due to a dead-end or low coverage
rate. The final Q value for the episode is 4810.3965. The runtime for 2000 episodes is 00:50:57. The
combined table is a randomly generated set of grids that is created at the beginning of RL_toolpath.m
and contains a chosen number of grids. For general testing, initially 50 grids were used, later slimmed
down to 8 grids to improve repeatability and increase complete exploration.

The critic, agent and training options included for generalised training are:
+ LearnRate = 5¢~*
» GradientThreshold = 1
+ L2RegularizationFactor = 1e~*
* MiniBatchSize = 128
+ DiscountFactor = 0.995
» ExperienceBufferLength = 10000
« TargetSmoothFactor = 5¢~*
* UseDoubleDQN = true
* MaxEpisodes = 2000
+ MaxStepsPerEpisode = 3500
* Verbose = false

B.2. Specialised training

The specialised training starts after a generalised training set and evaluation. In the specialised training,
a single grid is used for training to increase the coverage. After increasing the coverage, efficiency can
also be increased. The runtime for 1500 episodes is 00:39:04. The training set is a single grid with
index number 57906. And the initial starting point is randomly generated out of a list of minimal adjacent
nodes. The critic, agent and training options included for specialised training are:

+ LearnRate = 14
» GradientThreshold = 1
+ L2RegularizationFactor = 1e~*

* MiniBatchSize = 128
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Figure B.1: The episode Reward for an RL function using a DDQN. 3 layers are applied to the generalised function, where a
set of 50 grids is used for training.
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Figure B.2: The Episode reward of the specialised training, occurring after a generalised training. Only 1 grid is used during
the training of the specialised grid. The Episode reward increases at a lower rate than during 1500 episodes.
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DiscountFactor = 0.995
ExperienceBufferLength = 10000
TargetSmoothFactor = 5¢=4
UseDoubleDQN = true
MaxEpisodes = 1500
MaxStepsPerEpisode = 3500
Verbose = false
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