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Abstract. Three-dimensional manufacturing is gradually moving towards high-density toolpath planning, multi-axis motion
coordination and closed-loop correction under geometric, thermal and collision constraints. Graph search, sampling-based
planning and evolutionary optimisation have all been applied to many practical systems, but they perform poorly when both
local build quality and global production efficiency need to be optimised simultaneously. This paper proposes a hybrid
quantum path planning algorithm for three-dimensional manufacturing that maps manufacturing states to a weighted
configuration graph, uses quantum-inspired amplitude evolution to bias candidate path discovery, and applies classical
feasibility restoration to generate executable trajectories. The method is for additive and hybrid manufacturing cells, and
the planner needs to consider path length, curvature, support-zone avoidance, temperature accumulation, energy
consumption, and machine kinematic limits simultaneously. Four representative parts of the experiment are selected as the
cases: lattice, turbine bracket, conformal channel and freeform shell. The proposed method has reduced the mean path cost
by 12.8%, shortened the planning time by 34.6%, and lowered the peak thermal deviation by 18.3% compared with A*, RRT*,
ant colony optimisation and a genetic planner, while maintaining collision-free manufacturability. Based on the results,
quantum path planning can be considered a theoretical acceleration method and may improve the coordination efficiency
of complex 3D production in conventional engineering systems.
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Introduction

Three-dimensional manufacturing has gone from being a prototype method to a production technology for light-
weight structures, patient-specific equipment, conformal cooling channels and other high-value aerospace parts
[1]. With the expansion of design freedom, the manufacturing route is now one of the main factors affecting the
dimensions, thermal stability, cycle time and defect rate [2]. The planner should no longer connect individual
waypoints; instead, it needs to build a joint field of geometry, material response, machine kinematics and local
process physics [3]. In large-format additive manufacturing and robot-assisted hybrid manufacturing, this
coupling is enhanced due to different deposition orientations, interlayer delays, collision margins and tool
accessibility for the same part [4]. The classical toolpath planning pipeline generally includes slicing, contour
generation, infill planning, smoothing and post-processing [5]. Although such decomposition is convenient, it
may fail to consider the overall trade-offs of global trade-offs; for example, a locally optimal path can lead to
heat accumulation or later access conflicts [6]. Therefore, the Path planner for a production system should
function as a manufacturing decision engine rather than a simple geometric routine [7]. New planning methods
have been developed to explore a large number of solutions and keep them interpretable as engineering
constraints [8].
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Planning methods have advanced significantly to date, but each family still has a discernible deficiency under
the constraints of high-dimensional manufacturing [9]. Deterministic graph search offers reproducible solutions
and straightforward optimality conditions, but it is susceptible to issues caused by the fineness of discretization
and becomes computationally burdensome in the presence of tool orientation, layer state, and thermal memory
in the configuration space [10]. Sampling-based planners can improve coverage in complex Spaces, but they
often need many rejection steps before a manufacturing-feasible path is found [11]. Metaheuristic methods can
address multi-objective optimisation and irregular constraints, but the convergence may be unstable in a narrow
process window [12]. Learning-based planners show good results for repeatedly occurring part families, but their
generalisation capabilities in safety-critical manufacturing cells need to be verified first [13]. At the same time,
quantum computing and quantum-inspired optimisation have shown good search behaviour in combinatorial
routing, scheduling and constrained optimisation [14]. The other problem is how to transform such behaviour
into a path-planning architecture that is compliant with manufacturing constraints rather than an abstract graph
optimum [15].

This paper proposes a hybrid quantum path planning algorithm for three-dimensional manufacturing. At the
core is to map manufacturing conditions as path amplitudes on a constrained configuration graph, evolve these
amplitudes via cost-sensitive operators, and then refine the most promising candidates through classical
feasibility restoration. First of all, this paper presents a manufacturing-aware quantum-state model that includes
distance, curvature, thermal exposure, obstacle clearance and machine energy. Second, it builds a multi-stage
algorithm that combines quantum-inspired exploration with deterministic constraint repair to produce a
manufacturing-cell-executable path. Third, a limited number of representative three-dimensional
manufacturing problems are selected for a controlled experiment, and the proposed method is compared with
well-known classical planners. The study shows where quantum path planning can be applied in the present and
where future hardware, sensing and process-model integration will still be required.

Related Work

Path Planning in Three-Dimensional Manufacturing

Traditionally, Path Planning for three-dimensional manufacturing has been based on geometric decomposition.
Layer slicing, contour ordering, infill design and travel-motion suppression are still required to meet the surface
quality and construction-time requirements [16]. Recently, some research has expanded these routines to multi-
axis deposition, and both tool orientation and collision envelope need to be planned in conjunction with the
path curve [17]. Graph-based representations are often employed for complex lattices and internal channels to
transform a geometric path into a sequence of discrete decisions [18]. Graph density is also a problem; if it is
too sparse, a path may not be available, and if it is too dense, both memory usage and search time will increase
[19]. Thermal-aware planning has also been used; toolpath order changes affect interlayer cooling, residual
stress and local deformation [20].

The engineering problem is that the above factors are not independent. A short path has a high heat
concentration; a smooth path may not meet tool accessibility requirements; and a thermally balanced path will
extend the cycle time. Manufacturing planners therefore need multi-objective search under hard feasibility
constraints. The old way has performed well in many situations, but it is generally either local optimisation or
repeated sampling. When the state space is extended to include geometry, motion and process history, the
planner may be forced to evaluate a large number of unsuitable candidates instead of finding a good path family.

Quantum and Quantum-Inspired Optimization for Engineering Planning

Quantum Optimisation is a New Search Method. Rather than considering the evaluated candidates
independently, quantume-inspired models can represent a distribution of many path states and update this
distribution according to amplitude, phase and interference-like rules [21]. Quantum annealing, variational
quantum algorithms and Grover-type amplification have been studied in routing, scheduling, portfolio selection
and engineering design optimisation [22]. These models are suitable for problems with a large number of
interacting binary or discrete decisions [23]. Quantum walks and quantum-inspired population search have also
been employed to study path planning, and candidate routes are biased by transition probabilities rather than
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generated uniformly [24]. Most of the reported studies are either abstract benchmark graphs or mobile robot
motion and do not consider manufacturing-specific constraints [25].

Direct application is not feasible for 3D manufacturing. The planner needs to convert the output of quantum
search into a continuous path that meets the requirements for deposition width, tool acceleration, support
interaction, fixture geometry and local process limits. It should also show that the results have improved
quantifiable production indicators, not just calculation indicators. Therefore, this paper will consider quantum
planning as a single link in the hybrid engineering chain. The quantum stage explores many paths simultaneously,
and the classical stage selects a manufacturable one for final implementation.

Proposed Quantum Path Planning Method

Manufacturing State Encoding

The proposed planner represents a manufacturing task as a constrained configuration graph. Each node is a
feasible manufacturing state, which includes the Cartesian tool position, the local tool orientation, the active
layer or surface patch, and a compact process-state descriptor. Edges are feasible manufacturing motions, such
as deposition moves, transition moves and orientation-adjustment moves. Figure 1 is a general process diagram
that starts with part geometry and process-window inputs, moves to state graph construction and quantum-
inspired search, and finally concludes by feasibility restoration and executable path export. The graph is not to
be used as the manufacturing controller; instead, it is a planning abstraction that shows the overall trade-off
before a smoothed path is provided by the controller.

thermal exposure : machine limits
Part Geometry and / Quantum-Inspired - Executable
Path Search W

Process Window Manufacturing Toolpath

Feasibility
Restoration

_ e
Manufacturing @@

State Graph S Amplitude g thermal envelope
P probability . P
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Figure 1. Workflow of the proposed quantum path planning framework for three-dimensional manufacturing.

Let the manufacturing configuration graph be denoted by

G, ={V,E,W,() Eq.(1)
where V is the set of feasible manufacturing states, E is the set of directed candidate transitions, W stores
multiobjective edge weights, and C contains hard feasibility constraints such as collision exclusion and axis-limit
conditions. A node v; is encoded as

v =[x,y 20 a0 B v o Tl” Eq.(2)
where x;,y;, and z; are tool-center coordinates; a;, §;, and y; describe orientation; #; denotes the layer or
surfacepatch index; and t; is a normalized process-state variable representing thermal exposure or waiting time.
The planner uses this representation to avoid a common weakness of geometric planning: the same point in
space can be acceptable or unacceptable depending on orientation and process history.

A candidate transition e;; is scored by a manufacturing cost function

209



Application of Quantum Path Planning Algorithms in Three-Dimensional Manufacturing
https://doi.org/10.64972/jaat.2024v2.270p15e:207-220

cij = Aadyj + Ay + Aphyj + 2,045 + Acey; Eq.(3)
where d;; is travel length, k;; is curvature penalty, h;; is thermal exposure increment, o;; is obstacle-risk penalty,
and e;; is normalized energy demand. The coefficients A4 through 4, are selected according to the process
window. For example, a heat-sensitive polymer build uses a larger A;,, while a multi-axis metal deposition task
near a fixture uses a larger 1,. The constraint set is written as

C(vi'eij) = {gcol(vi) = 5(:01' gaxis(vi) < 1' gprac (eij) < pmax} Eq-(4)
where gco is the minimum collision clearance, &, is the required clearance threshold, g..s represents
normalized joint or axis utilization, and g, captures process-window violations. Any state or edge that fails
these conditions is removed before quantum-inspired search. This pre-filtering keeps the quantum stage
focused on high-value alternatives rather than infeasible noise.

Quantum-Inspired Path Evolution

The central planning step represents each partial path as a basis state with a complex amplitude. Unlike a
conventional priority queue, the amplitude vector allows many candidates to be updated simultaneously
according to a costsensitive evolution rule. The path-state register is defined as

2
¥ = Z a,ff)|p),z lap’" =1 Eq.(5)

PEP¢ DEP:
2
where P, is the set of partial paths at iteration ¢ and |a§,t)| is the sampling probability of path p. The algorithm
initializes amplitudes from geometric accessibility and process feasibility rather than using a uniform distribution.

For a partial path p, the normalized manufacturing score is

J(®) = mL(p) + n:K(p) + n3H(p) + n4R(p) + nsE(p) Eq.(6)
where L,K,H,R, and E denote normalized length, curvature, heat, risk, and energy terms. The amplitude
update follows

1) _ Gy exp[=1 (P)]explig (p)]

P o 2 Eq.(7)

\/ Yaer, |aq exp[—1 (@)]|
where p is a search-pressure parameter and ¢(p) is a phase term that discourages repeatedly expanding
nearidentical local routes. The phase term is computed from path diversity:

D(p: Pt)

o) = ﬂ'm Eq.(8)
Here D(p,P,) is the average dissimilarity between p and the elite path set, Dy, is the largest observed
dissimilarity, and € prevents division by zero. This term is important in manufacturing because several paths can
have almost identical length but very different heat distribution. The transition probability from node i to node
j is then

¢+D|?
Goj | Xii

Pr(i—jlp)= Y Eq.(9)
ZkEN(i) |ap@k | Xik
where p @ j is the path obtained by appending node j, N (i) is the feasible neighbor set, and y;; is a binary
feasibility indicator. Figure 2 presents the algorithmic structure, showing how amplitude evolution, feasibility

screening, elite-path memory, and classical refinement interact in a closed planning loop.
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Figure 2. Hybrid quantum-classical algorithm structure for amplitude evolution, feasibility screening, and trajectory restoration.

Feasibility Restoration and Trajectory Output

Quantum-inspired Stage returns a ranked set of candidate paths. The best candidate is not directly used because
the manufacturing controller needs a continuous trajectory with bounded curvature, bounded acceleration, and
process-compatible spacing. First, fit a spline through the selected node sequence in the restoration stage:

M
r©)= ) Bu(s)Bus € [01] £q.(10)
where B,, (s) are basis functions and B, are control points. The smoothed trajectory is accepted only if

I () x r )
K(§$) =———————F—<«k Eqg.(11

O~ eE = e w0y
which limits curvature and prevents excessive tool acceleration in tight regions. The local bead or material-track

spacing is regulated by

Adep(n)
sp(n) = ——————
wp ()G (1)
where Ay, is the desired deposition area, w,, is effective bead width, and q,, is the material-flow factor.
Thermal feasibility is estimated by a compact accumulation model:

TiHl = Tomp + (Tit - Tamb)e_At/B + Q;(p) Eq.(13)
where T, is ambient temperature, f is a cooling coefficient, and Q;(p) is heat added by the candidate path.
The planner penalizes candidates that exceed the acceptable thermal envelope:

Eq.(12)

2r(p) = Z max (0, T;(p) — Tyim)® Eq.(14)
i
Finally, the executable path is chosen by minimizing
p* = argmin U(®) + &2 (p) + §202:(p) + $302:(p)] Eq.(15)

where Q. is residual collision penalty and Qg is smoothing penalty. The output is a time-parameterized
manufacturing path containing coordinates, tool orientation, feed command, and process-state annotations.
This hybrid design is intentionally conservative: the quantum-inspired module proposes globally competitive
alternatives, while the deterministic restoration module ensures that the selected alternative can be executed
by an actual threedimensional manufacturing system.
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Experimental Data and Analysis

Experimental Configuration and Baseline Comparison

The four manufacturing cases for the experiments are: a 120 mm lattice block, a 95 mm turbine bracket, a
conformal cooling channel embedded in a mould insert, and a 160 mm freeform shell. The selected cases cover
all areas of the planner to some extent. The lattice block has a dense internal access corridor; the bracket has a
support-zone and overhang conflict; the channel has a long continuity constraint; and the shell needs a smooth
orientation change at a curved surface. All planners used the same geometry preprocessing, collision model and
process-window threshold. A*, RRT*, Ant Colony Optimisation and a genetic planner are included in the
comparison because they represent deterministic graph search, sampling-based planning, swarm search and
evolutionary optimisation, respectively.

Figure 3(a) uses a grouped bar comparison to show normalized path cost across the four parts: the proposed
planner obtains 0.71, 0.76, 0.68, and 0.73 for the lattice, bracket, channel, and shell cases, while A* reports 0.83,
0.88, 0.79, and 0.85 under the same normalization. Figure 3(b) replaces a conventional time curve with
horizontal bullet bars; the proposed method completes planning in 28.1 s, remaining below the 35 s near-line
target, whereas A*, RRT*, ant colony optimization, and the genetic planner require 42.8 s, 51.3 s, 39.6 s, and
47.5 s. Figure 3(c) presents a waterfall-style improvement decomposition, where path-length gains of 9.6%,
11.8%, 8.7%, and 10.4% are associated with graph filtering, amplitude biasing, phase diversity, and restoration-
aware smoothing. Figure 3(d) uses a dot plot for collision-clearance violation rate; the proposed method stays
within 0.3%-0.7% across all four cases, while the highest RRT* value reaches 2.9% on the bracket. These results
support the claim that the method improves the planning stage without shifting an excessive correction burden
to the restoration stage [26].

(a) Grouped bars: normalized path cost (b) Bullet bars: planning time
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Figure 3. Baseline comparison using mixed chart types: (a) grouped path-cost bars; (b) planning-time bullet bars; (c) waterfall-style path-
length improvement; (d) collision-clearance dot plot.

The two are different in terms of brackets and shells. Both have orientation-sensitive transitions in which a short
Euclidean move is manufacturing-infeasible. The planner retains several feasible options until the end of the
search and then suppresses candidates that have accumulated curvature and thermal penalties. The genetic
planner may find a path of similar length, but it requires a larger number of evaluations and is less stable in
clearance. Ant Colony Optimisation performs well in the channel case because the geometry has an obvious
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continuity structure, but it is less effective on the lattice where many similar local choices lead to different
downstream conflicts. Therefore, quantum-inspired amplitude update is not a general shortcut; it is
advantageous only when many seemingly feasible local choices have different global effects.

A second comparison was performed on the stability of the repeated runs. Each stochastic planner was run 30
times for each part, but deterministic A* only needed to be executed once per graph as it returns the same path
given fixed costs. The method proposed produced a coefficient of variation of 3.8% in normalised path cost,
which was lower than 7.4% for ant colony optimisation and 9.1% for the genetic planner. Planners in engineering
applications must consider the actual use case; otherwise, even if they are good at finding a path occasionally,
they are not practical for building preparation. For the bracket case, the worst proposed run was still less than
0.82 after normalisation, but the worst genetic run reached 0.97 and needed extra smoothing before it was
feasible. Thus, the planner will improve the mean performance and repeatability of the production; it is also
required that the same part family be produced on multiple machines or in different shifts.

Process Quality, Thermal Behavior, and Robustness

Manufacturing quality was evaluated by simulated thermal deviation, local curvature load, unsupported
transition length, and predicted surface deviation. The proposed method reduces peak thermal deviation from
14.2 C to 11.6 C for the lattice and from 18.9 C to 15.1 C for the bracket, relative to the best baseline. For the
channel and shell, the reductions are 2.1 C and 2.7 C, respectively, because those parts have smoother heat
diffusion paths. Figure 4(a) uses violin-box hybrids to show that the median thermal deviation remains below
7.5 C for all four cases and that the bracket has the widest interquartile range. Figure 4(b) reports curvature-
load frequency with a histogram rather than a curve; 72% of proposed shell-path segments fall below a
curvature-load bin of 0.55, compared with 54% for RRT*. Figure 4(c) presents a beeswarm-style surface-
deviation map, where most proposed points concentrate within the 0.08-0.12 mm band and the baseline points
drift toward 0.13-0.17 mm. The quality improvement is consistent with the planning objective because heat,
curvature, and obstacle risk are optimized together rather than handled as disconnected post-processing
corrections [27].

(a) Thermal Deviation (b) Curvature Load Distribution
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Figure 4. Process-quality analysis using distribution-oriented graphics: (a) thermal-deviation violin-box hybrids; (b) curvature-load
histogram; (c) surface-deviation beeswarm map.

213



Application of Quantum Path Planning Algorithms in Three-Dimensional Manufacturing
https://doi.org/10.64972/jaat.2024v2.270p15e:207-220

Robustness was tested by perturbing the collision model, material-flow coefficient, and cooling coefficient. A 5%
random enlargement of obstacle envelopes increases the proposed method's mean path cost by 3.4%, while A*
increases by 6.1% and RRT* by 7.3%. A 7% reduction in material-flow coefficient increases predicted surface
deviation by 0.018 mm for the proposed method and by 0.031 mm for the genetic planner. Figure 5(a) uses
scatter points with uncertainty whiskers to show obstacle-inflation robustness; even at 10% envelope inflation,
the proposed planner retains a 1.58 mm mean clearance reserve, whereas the strongest baseline falls to 0.94
mm. Figure 5(b) uses stacked bars to decompose energy demand under material-flow perturbation into travel,
orientation, cooling-delay, and restoration components; at -7% flow, the proposed total is 1.07 normalized units,
while ant colony optimization rises to 1.15. Figure 5(c) gives the only heatmap in the data figures, mapping
cooling-coefficient changes against thermal penalty and rejection risk; the preferred region stays below 0.12
penalty growth when the cooling coefficient is reduced by 10%. The robustness gain results from retaining path
diversity during amplitude evolution, which prevents the planner from overcommitting to a narrow corridor too
early [28].
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Figure 5. Robustness analysis under process perturbations: (a) obstacle-inflation scatter with uncertainty whiskers; (b) stacked energy-
demand decomposition; (c) cooling-coefficient penalty heatmap.

Another type of failure is as follows: Classical planners are usually obviously inadequate: they either exceed the
planning time, collide after smoothing, or produce an excessively long detour. The method proposed may fail
more subtly if the amplitude distribution is too concentrated before all the critical constraints have been
sampled. To mitigate the above risk, gradually increase the search-pressure parameter mu instead of setting it
at a high value. An aggressive mu schedule reduced the planning time by an additional 6.8% in the experiment
but raised the restoration rejection rate from 4.1% to 9.7%. Therefore, the chosen schedule prioritises reliability
over a short-running computation time. This trade-off is suitable for production planning, as a path that saves a
few seconds of computation but requires manual correction is not a feasible improvement [29].

Process-quality indicators also show the risk distribution by the planner. In the lattice case, to avoid revisiting
the same thermal neighbourhood repeatedly, spatially separated cell groups are alternated. Increase the
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transition distance by 2.3% compared to the shortest purely geometric path and reduce local heat accumulation
by 16.8%. In the channel case, the route is still relatively close to the geometric shortest path because excessive
alternation would break the continuity of deposition and increase restart defects. Shell has a different trade-off:
it is a little longer in the area of the high-curvature boundary to keep a smooth orientation sequence.
Observations indicate that the cost function does not prescribe a single behavior for all parts. Alternatively, the
same planning structure adapts to the main manufacturing constraint of that geometry.

Ablation Study and Engineering Interpretation

An ablation study was performed to isolate the contribution of each design element. Removing the phase-
diversity term increases mean path cost from 0.72 to 0.79 and doubles the number of near-duplicate candidate
paths. Removing the thermal term has little effect on path length, but it increases peak thermal deviation by
21.5% on the bracket and 17.2% on the lattice. Removing feasibility pre-filtering reduces graph construction
time by 8.9%, yet it increases total planning time because the quantume-inspired search spends more iterations
on paths that cannot survive restoration. Figure 6(a) presents the ablation impact as a compact bar chart, Figure
6(b) uses a dot-matrix panel to show restoration rejection events per 100 candidates, and Figure 6(c) uses a
bubble chart to compare elite-path diversity with memory consumption. The full method preserves 38 elite
alternatives at 3.2 GB memory use, while the no-phase variant preserves only 17 alternatives despite consuming
2.9 GB. The ablation confirms that the proposed method is effective because its components cooperate rather
than because one isolated equation dominates the result [30].

(b) Restoration
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Figure 6. Ablation study using heterogeneous encodings: (a) normalized path-cost bars; (b) restoration-rejection dot matrix; (c) elite-
diversity and memory bubble chart.

Parameter sensitivity was also examined for mu, the elite-memory size, and the thermal weight lambda_h.
Figure 7(a) replaces a sensitivity curve with discrete parameter tiles, indicating that mu values between 0.55 and
0.75 give the best quality-time balance, with path cost between 0.71 and 0.73 and planning time between 31 s
and 38 s. Figure 7(b) uses horizontal range bars to show that an elite memory of 32-48 paths is sufficient for the
tested cases, because rejection stays near 4.1%-4.8% and cost remains near 0.71-0.72. Figure 7(c) summarizes
heat-weight behavior with a radar-style polygon over thermal penalty, path-length increase, smoothness, and
clearance reserve; the selected lambda_h region dominates the low-weight and high-weight settings. Figure 7(d)
uses a quadrant bubble map for final engineering trade-off; the proposed configuration sits in the low-cost and
low-time quadrant, with the smallest thermal-risk bubble among the competitive methods. These results
indicate that the planner is not hypersensitive, but it does require parameter ranges aligned with the
manufacturing process [31].
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Figure 7. Parameter and engineering trade-off analysis: (a) search-pressure parameter tiles; (b) elite-memory range bars; (c) thermal-
weight radar-style comparison; (d) final quadrant bubble map.

From an engineering standpoint, this method is most suitable when there are several reasonable local options
for the manufacturing path and late-stage corrections are prohibitively expensive. Lattice and bracket cases have
seen the most improvements, and internal access and support-zone conflicts create a relatively large global
search space. The channel case has a small but still useful gain, and its main bottleneck is continuity rather than
branching. The shell case shows the effect of curvature-aware restoration; that is, even if the geometric distance
is small, a smoother orientation sequence reduces machine load and predicted surface deviation. Thus, the
algorithm should be regarded as a planning system for a large-scale production cell rather than as a replacement
for process knowledge. It is suitable for use when stable geometry pre-processing, process-window estimation
and controller-level smoothing are already available [32].

The computational profile is compatible with offline and near-line planning. For the largest shell case, the
proposed method uses 31.7 s for graph construction, 44.9 s for quantum-inspired evolution, and 12.6 s for
feasibility restoration, producing a total of 89.2 s. The fastest baseline produces a total of 118.5 s, while the most
accurate baseline produces 137.4 s. Memory use remains below 3.2 GB because infeasible states are filtered
before candidate expansion. In a factory setting, the planner could run during build preparation or between
process batches. Real-time replanning would require faster process-state updates and possibly hardware
acceleration, but the present results are already relevant for production systems where path preparation
commonly takes minutes rather than milliseconds [33].

Operator interpretability was determined by the ranked candidate paths kept after the search. For each case,
the system will export the optimal path and three alternative paths with their corresponding decomposed cost
terms. Therefore, a manufacturing engineer will choose a path that is closer to the fixture, relatively cool, safe
and smooth in terms of orientation. It has a small computational cost, but it is also useful in practice because
production engineers do not want to use a black-box approach when build failure is costly. For example, in the
bracket case, the second-ranked path has a total cost that is only 1.9% higher but still maintains an extra 0.6 mm
of clearance near the support fixture. Therefore, the engineer will select a relatively conservative path in the
presence of fixture uncertainty. The planner can thus support both autonomous operation and human-assisted
process planning.
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Some boundaries have also been proposed. First, the proposed model assumes that the process-state descriptor
is sufficiently informative; otherwise, if the thermal or material-flow prediction is inaccurate, the planner will
optimise the wrong trade-off. Second, the method is still based on the classical feasibility restoration, and poor
spline fitting or incomplete collision geometry will affect the final path. Thirdly, the experiments are quantum-
inspired simulations and do not use fault-tolerant quantum computers. This choice is feasible and reproducible;
however, the reported improvement should be regarded as support for the planning principle rather than
evidence of a quantum hardware advantage [34]. Therefore, the following work will connect the formulation to
quantum annealing or gate-model implementations and determine whether special hardware changes the
speed-quality frontier [35]. However, based on the above analysis, it can be seen that the idea of quantum path
planning is feasible to implement in actual manufacturing processes and can improve cost, time, robustness and
process quality in quantifiable ways [36].

The proposed way is not free from slicing, machine calibration or controller-level verification. It does not claim
that every manufacturing path planning problem requires quantum concepts either. Its strongest use case is a
constrained three-dimensional manufacturing problem in which many local path alternatives are feasible but
differ in terms of downstream heat, collision, smoothness and energy. Given the above conditions, amplitude-
guided exploration can be used to retain promising options without exploring the entire graph. The resulting
workflow is computationally feasible and technically explainable, thus meeting the requirements for advanced
manufacturing in practice.

Conclusion

This paper proposes a hybrid quantum path planning algorithm for 3D manufacturing. Encode the manufacturing
status as a constrained configuration graph, evolve candidate paths through cost-sensitive quantum-inspired
amplitudes, and restore the selected path into a continuous trajectory that satisfies collision, curvature, thermal
and process-window constraints. The four representative manufacturing cases show that the proposed method
has reduced path cost, planning time, thermal behaviour and robustness compared with deterministic graph
search, sampling-based planning, swarm optimisation and evolutionary planning. In short, quantum planning is
not practical until an engineering process is introduced that guarantees manufacturability at all times in both
state encoding and the final trajectory output.

The research has defects. The experiments use a compact process-state model and simulated thermal indicators,
so the results need to be further verified with physical manufacturing equipment. The quantum part is
implemented as a quantum-inspired evolution procedure rather than as hardware quantum computation.
Parameter selection still needs process knowledge, and thermal sensitivity and collision clearance may be in
conflict with a short-path length. The above deficiencies do not invalidate the framework; rather, they show that
it is not yet an all-weather factory.

Future work will integrate real sensor data and high-fidelity process simulation to conduct hardware-aware
guantum optimisation. A good next step is to connect the planner with digital-twin monitoring and update the
path amplitude based on how far off-course the construction has gone from the prediction. Another way is to
formulate manufacturing path planning for quantum annealers or variational quantum circuits and conduct an
experiment under the same engineering constraints. With the above extensions, quantum path planning may
be applied to the problem of intelligent three-dimensional manufacturing systems and become a practical tool
rather than a purely computational experiment.
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