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Abstract — Additive Manufacturing (AM) poses significant production scheduling challenges because scheduling and nesting de-
cisions must be solved jointly. This work addresses the AM scheduling problem (AMSP), focusing on the nesting component,
which remains the main computational bottleneck of existing approaches. Current nesting methods face scalability limitations,
require costly preprocessing, and handle part rotations inefficiently. Building on a review of geometric tools for non-overlapping
constraints, we propose a nesting framework that leverages rasterization, the Convolution Theorem, the Fast Fourier Transform
(FFT), and modern graphics processing units (GPUs) to determine feasible part placements. Experiments show that finer ras-
terization resolutions and a predefined number of rotations do not necessarily increase run times, underscoring the framework’s
scalability. The framework is then embedded into two Biased Random-Key Genetic Algorithms (BRKGAs) to solve the AMSP.
Preliminary results on benchmark instances show the BRKGAs are competitive with a state-of-the-art approach.

Index Terms — Nesting, Rasterization, Fourier transforms, Additive manufacturing, Scheduling.

I. INTRODUCTION

The Additive Manufacturing (AM) market is growing rapidly,
with a projected compound annual growth rate of about 23%
through 2030 [1]. Its tool-free and layer-by-layer process
keeps efficiency largely independent of part variety, making
it well suited to low-volume and highly customized produc-
tion. However, AM still suffers from slow production rates
and high fixed operating costs, meaning machines must be
used as efficiently as possible. As such, production schedul-
ing gains particular relevance since good scheduling decisions
are a path to maximize efficiency and overall productivity.

In AM, machines operate in parallel and a set of parts can
be produced simultaneously, i.e. in a batch. Satisfying one-
dimensional knapsack (capacity) constraints, however, does
not guarantee that all parts in a batch can be physically ar-
ranged on the build platform. To achieve this, a 2D or 3D
irregular packing problem must also be solved [2] alongside
the scheduling problem. We refer to this integrated prob-
lem as the AM scheduling problem (AMSP), and since most
AM technologies do not efficiently support vertical stacking,
we consider a 2D irregular packing problem (i.e., the nest-
ing problem) in which the projections of parts onto the build
platform must not overlap.

Recent AMSP approaches that handle nesting without ma-
jor simplifications [2-5] still share three main limitations.
First, discretization-based nesting often lacks scalability since
finer resolutions or larger build platforms substantially in-
crease run time. Second, several methods require complex
and computationally intensive preprocessing processes whose
cost is far from negligible in the AMSP. Third, part rotations
are frequently neglected.

This work addresses these limitations by proposing a
rasterization-based nesting framework supported by the FFT
algorithm and GPU acceleration, and by integrating it into
two BRKGAs to solve the AMSP.

II. GEOMETRIC TOOLS FOR NESTING

Let P;(6;) denote the projection of part j rotated by 6;,
and A the placement area. Nesting requires that every part
lie within A and that parts do not overlap. Four geometric
tools are typically used to enforce these constraints: direct
trigonometry, phi-functions, the no-fit polygon (NFP), and
rasterization [6]. For direct trigonometry and phi-functions,
they quickly become computationally intractable for com-
plex shapes. The NFP and rasterization dominate large-scale
heuristic approaches [7, 8].

NFP-based methods can be highly accurate and compact,
but computing NFPs is costly for intricate parts and the cost of
finding valid positions grows with the number of parts already
placed [9]. Rasterization, in which parts and platform are rep-
resented as matrices, typically binary, is simpler to implement
and, crucially, maps naturally onto modern GPUs widely used
in rendering and vision [10, 11]. Our experiments below indi-
cate that, with efficient algorithmic design and GPU support,
rasterization is a compelling foundation for nesting within the
AMSP.

ITII. THE NESTING FRAMEWORK
Let M be the L x W binary matrix of the placement area and G
the / X w matrix of a part. Feasible placements correspond to
positions where the cross-correlation Y between G and M is
zero. The naive search has complexity O((L— [+ 1)(W —w+
1) lw). Instead, we exploit the Convolution Theorem: a con-
volution in the spatial domain is a point-wise product in the
frequency domain. Using a zero-padded flipped part matrix
GS;% matched to the size of M, the same-size circular correla-
tion Y is obtained as

0 =7 \(FM) o F(GR)), (1)
where . is the FFT, with overall complexity O(klogk) and
k=L-W. Cells of Y inside the region of interest equal to
zero are feasible placement positions; positive values indicate
overlap (Algorithm FINDPLACEMENT). The FFT-based cost



is independent of part size and shape, and is dramatically ac-
celerated on GPUs.

A. Scalability Running FINDPLACEMENT 1000 times each
over seven platform sizes (up to 600 x 600, covering current
AM machines at a 1 mm resolution) on an NVIDIA A100
GPU (CuPy) shows that run time is essentially insensitive to
platform size and discretization, and that the small standard
deviation confirms independence from part shape and plat-
form occupancy. Moreover, because matrices of equal size
can be stacked into a higher-dimensional array, the R rota-
tions of a part can be evaluated in a single FFT call (Gpaq of
size R x 600 x 600), so considering a bounded set of rotations
does not penalize run time. Both findings directly counter the
scalability and rotation limitations of prior methods.

IV. THE AMSP AND BRKGA APPROACHES

A set of parts J = {1,...,n,} must be grouped into batches
and assigned to non-identical AM machines M = {1,...,n,}
to minimize the makespan. Vertical stacking is not allowed,
so each batch must form a feasible nesting on the platform.
Selective Laser Melting (SLM) is modeled, where the pro-
cessing time of a batch combines a recoating term (driven by
the tallest part), a scanning term (driven by part and support-
structure volumes), and a setup term [12].

We embed the nesting framework into two BRKGAs [13].
A chromosome has 2n, real-valued keys: the first n, as-
sign parts to machines and the rest define the placement
sequence. The standard BRKGA (sBRKGA) follows the
classical elite/mutant/biased-crossover scheme. The en-
hanced BRKGA (eBRKGA) adds two evolving keys and self-
adaptive elite/mutant proportions, together with reset/shake
perturbations triggered after a number of non-improving gen-
erations, to escape local optima [14, 15].

A placement policy (fitness evaluation) decodes each chro-
mosome and packs parts sequentially across open batches,
trying all rotations within batches where the platform area is
not exceeded. To avoid invoking the FFT search unnecessar-
ily, the vacancy- and density-vector pre-checks of [4] are ap-
plied before each placement attempt. Infeasible part—-machine
combinations are avoided by restricting the assignment keys
to feasible ranges.

V. PRELIMINARY RESULTS

We use the benchmark of [4]: 100 part models with support
structures and four SLM machines, organized into five classes
(C1-C5) of increasing size (25 to 150 parts). The build plat-
form and parts were discretized at 1 mm which took 0.07 s for
all 100 different parts. Because GPUs were unavailable for
these runs, experiments were performed on an Apple M1 Pro
CPU (PyTorch), meaning the implementation is not fully op-
timized and results are therefore preliminary. Each instance
was solved 10 times and averaged per class, and compared
with the VNS of [4].

As Table 1 shows, both BRKGAs match or improve VNS
solution quality, with the gap widening for larger classes at
about 8-8.5% better makespan on C5. Run times to reach
the best solution remain of comparable magnitude for C1—
C3; for C4-C5 the BRKGASs need more generations but keep
improving, whereas the VNS plateaus early. Since the BRK-
GAs are designed for GPU execution while the VNS suits

Table 1. Preliminary results: average makespan (Sol, in hours), time to best
solution (Best, s) and total run time (Total, s). VNS values from [4].

sBRKGA eBRKGA VNS
Cl.  Sol Best  Total Sol Best  Total Sol Best Total
Cl 36.16 118 691 36.05 522 1127 36.16 767 1508

C2 58.08 1136 2117 57.83 2774 3792 58.94 1507 2354
C3 103.67 3001 4483 103.01 3996 5269 10528 2293 2972
C4 61.60 5887 8880 60.77 6667 10342 64.32 1587 2556
C5 81.23 16620 17638 81.60 17279 22724 88.76 1734 2816

CPUs, this comparison targets orders of magnitude rather than
exact times. The eBRKGA is advantageous for smaller in-
stances, where the SBRKGA can stall in local optima, while
the sSBRKGA is competitive and cheaper on larger ones.

VI. CONCLUSIONS AND FUTURE WORK

We characterized geometric tools for nesting and identified
rasterization, combined with the FFT and GPU acceleration,
as a scalable foundation for solving nesting within the AMSP.
Experiments confirm that finer discretization and bounded ro-
tations do not necessarily increase run time. Integrated into
two BRKGAs, the framework yields preliminary results com-
petitive with the state of the art even without a GPU-optimized
implementation. Future work targets GPU-accelerated, fully
optimized BRKGAs, larger and more complex AMSP in-
stances, and 3D irregular-packing extensions, illustrating how
powerful hardware can be harnessed for combinatorial opti-
mization.
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