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SheetGen: A Rule-Based
Generative Design Algorithm for
Manufacturability-Focused Sheet
Metal Parts Based on Domain-
Specific Design Knowledge

Generative design can accelerate early exploration of design solutions, yet generated
designs often fail to meet manufacturing requirements. This shortcoming stems from a dis-
connect between the generation process of the solutions and the domain-specific design
knowledge that experienced engineers apply to ensure manufacturability. To address
this gap, this article presents SheetGen, a rule-based generative design algorithm for
sheet metal bending parts that systematically translate domain-specific design knowledge
into algorithmic rules enforced directly during part generation rather than through post
hoc filtering. The algorithm operates on edge connections between planar surfaces and
embeds manufacturing requirements at distinct stages of the generative design process,
distinguishing between preprocessing, in-process, and postprocessing integration points.
Generated solutions are exported directly into a commercial computer-aided design
(CAD) environment and validated through industrial computer-aided manufacturing
(CAM) simulation. SheetGen is evaluated across three test cases. Compared to a baseline
algorithm without rule implementation, it raises manufacturability from 40% to 64%. For
an input where a generative approach from the literature produces no manufacturable
parts, SheetGen achieves 86%. In a plausibility comparison with human designers who
achieved 71% manufacturability, SheetGen reaches 96%. The results demonstrate that sys-
tematic knowledge integration can substantially improve the manufacturability of genera-
tively designed sheet metal parts, and the identified strengths and limitations of the rule-
based approach point toward hybrid strategies that combine rule-based reliability with
artificial intelligence (Al)-driven adaptability to further advance generative design for
manufacturing. [DOI: 10.1115/1.4072234]

Keywords: design automation, design for manufacturing, expert systems, generative
design, product development

1 Introduction

Generative design is an increasingly adopted tool for exploring
design spaces in engineering, particularly valuable in early
design phases where broad exploration of alternatives can acceler-
ate convergence toward high-quality solutions [1]. Its primary goal
is the automatic generation of many design alternatives, enabling
designers to navigate complex trade-off landscapes more effec-
tively than manual iteration allows [2]. Current approaches,
however, tend to focus on geometric variety, structural perfor-
mance, and single-objective optimization [3], producing solutions
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that are often geometrically diverse but not necessarily
manufacturable.

Generated solutions must not only be functional but also manufac-
turable. Yet manufacturability is frequently either checked only after
generation or neglected entirely, leading to high manual rework
effort and designs that cannot be manufactured as-is [4]. The core
issue is a disconnect between the generation process and the physi-
cal, process-specific requirements that govern real manufacturing
[5]. As long as these requirements remain external to generation,
the designer bears the burden of reconciling algorithmic output
with manufacturing reality. In this work, manufacturability is inter-
preted in a binary sense: a part is considered manufacturable if it sat-
isfies all process-specific requirements and can be processed through
standard bending operations without geometric modifications that
alter the original design intent.

Designing manufacturable parts has long relied on implicit
knowledge, established design methods, and heuristics, informal
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yet effective strategies that guide decisions under uncertainty [6,7].
This experiential knowledge is rarely formalized in a way that com-
putational tools can leverage [8], and current generative
approaches make little systematic use of it. Bridging this gap of
translating experiential design knowledge into algorithmic rules
is a prerequisite for generating designs that are both creative and
manufacturable [9]. To investigate this integration in a concrete
manufacturing context, this work focuses on sheet metal
bending, a domain where manufacturability is governed by well-
documented yet rarely codified design knowledge.

Sheet metal is widely used, cost-effective, and sustainable, yet
designing manufacturable sheet metal parts requires extensive
experiential knowledge [10]. Sheet metal bending is a forming
process in which a flat, pre-cut metal blank is progressively bent
along defined lines to produce a three-dimensional part [11]. The
process works with planes rather than volumes: each bend trans-
forms a two-dimensional region into an angled flange, and the
final part geometry emerges from the cumulative sequence of
these bending operations. Because each bend introduces geometric
dependencies, like minimum flange lengths required for tooling
contact and angular limits dictated by material properties, the
design of sheet metal parts is tightly coupled to its manufacturing
process [11,12]. Failure to respect process-specific rules directly
produces nonmanufacturable parts, making sheet metal bending
an ideal domain to study the integration of domain-specific
design knowledge into generative design. Throughout this article,
the term domain-specific design knowledge refers collectively to
design methods, heuristics, and manufacturing requirements.

Despite the availability of domain-specific design knowledge in
the form of design methods, heuristics, and manufacturing require-
ments [13], existing generative design approaches do not suffi-
ciently integrate manufacturability into the generation process
[2]. In particular, no algorithm translates design knowledge into
algorithmic rules that are enforced during the generation process
of sheet metal parts. This gap leads to the following research
question:

How can the integration of domain-specific design knowledge into the
generation process of a generative design algorithm improve the man-
ufacturability of generated sheet metal parts?

This article investigates this question within the sheet metal
domain, which is characterized by well-defined and extensively
documented design requirements and therefore serves as a suitable
validation domain. Specifically, the present work makes two
primary contributions:

(1) SheetGen, a rule-based generative design algorithm for
sheet metal parts that systematically translates domain-
specific design knowledge into algorithmic rules enforced
at distinct stages of the generative workflow (preprocessing,
in-process, postprocessing), producing manufacturable parts
by design rather than by post hoc filtering. While imple-
mented here in a rule-based setting, the underlying principle
of stage-specific knowledge integration is applicable to arti-
ficial intelligence (Al)-driven generative approaches as well.
Demonstration of industrial applicability through integra-
tion with a commercial computer-aided design (CAD) envi-
ronment (ONSHAPE) and validation via industrial computer-
aided manufacturing (CAM) bending simulation software
(TRUMPF TRUTOPS BOOST), enabling direct transfer of gener-
ated solutions into product development workflows.
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The remainder of this article is organized as follows. Section 2
reviews related works on generative design, manufacturability,
and sheet metal design. Section 3 presents the methodology,
including the knowledge integration process and the rule-based
algorithm. Section 4 reports the experimental setup, the manufac-
turability assessment protocol, and the results across three test
cases. Section 5 discusses the implications for generative design,
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perspectives for hybrid approaches, and limitations. Section 6 con-
cludes the paper and outlines directions for future work.

2 Related Works

This section lays out the present work within existing generative
design approaches, with a focus on sheet metal design, manufactur-
ability, and knowledge integration. The review proceeds from the
characteristics of sheet metal as a design domain, through
the broader landscape of generative design and its treatment of
manufacturability, to the small number of existing approaches
that address generative design for sheet metal parts specifically.

2.1 Sheet Metal Bending Design Knowledge. Sheet metal
parts play an important role in virtually all areas of modern
mechanical engineering, as they can be manufactured rapidly, pre-
cisely, and cost effectively [11]. Compared to conventional manu-
facturing processes, sheet metal bending leads to significant
reductions in energy consumption, emissions, and material waste
[14], and the recyclability, efficient material usage, and structural
performance of sheet metal parts position them as a key contributor
to sustainability goals [10]. Through bending, flat cut blanks are
transformed into three-dimensional elements, a fundamental
2D-to-3D transformation that works with planes rather than
volumes [15].

Designing for this process requires substantial domain-specific
design knowledge, encompassing design methods, heuristics, and
manufacturing requirements [6,13,16]. Design methods constitute
a significant part of the knowledge that engineers are taught and
apply in professional practice and should be understood as a dis-
tinct type of design knowledge with explicit procedural character
[17]. More specifically, heuristics are informal strategies that
enable effective decisions under uncertainty, particularly during
ideation and concept development, where formal analysis alone
is insufficient. These heuristics guide attention toward promising
regions of the design space and help filter out unproductive alterna-
tives early [18]. Manufacturing requirements, in turn, summarize
the rules that must be followed to enable manufacturability of a
given design. In sheet metal design, these requirements are
particularly influential, as both cutting and forming processes
impose tight geometric constraints on feasible part designs.
Design-for-manufacturing (DfM) principles, as part of the
broader DfX framework, provide a structured means of incorporat-
ing such constraints into early-stage design decisions to ensure
compatibility with available manufacturing processes [13,16].

Manufacturability is broadly defined as the ease or difficulty of
manufacturing a design with given processes, often quantified via
geometric accessibility, setup complexity, and cycle time [19]. In
the context of this work, we adopt a narrower, binary interpretation:
a part is considered manufacturable if it satisfies all process-
specific requirements and can be successfully processed through
standard bending operations without requiring geometric modifica-
tions that alter the original design intent. Available methods range
from checklists and design guidelines to mixed product/process-
based methodologies and decision support tools, applicable even
before CAD modeling begins [15].

The domain-specific design knowledge integrated into the algo-
rithm comprises two categories: design methods and heuristics that
support the conceptual phase, and manufacturing requirements
that enforce process-specific requirements.

2.1.1 Design Methods and Heuristics. Surface Separation.
Surfaces with multiple mounting positions can be split into sepa-
rate elements, increasing the number of connectable edges and
thereby expanding the topological design space [13].

Systematic Connection of Edges. Alternative ways of connecting
edges between adjacent tabs are explored to generate structurally
distinct solutions. This method forms the structural backbone of
segment generation.
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Minimizing the Number of Bends. Each additional bend intro-
duces an extra manufacturing step and increases the risk of cumu-
lative dimensional inaccuracies [20]. Segments are therefore
limited to at most two bends.

90-deg Bends Where Possible. Right-angle bends are easiest to
manufacture and are prioritized before the algorithm falls back
to alternative angular configurations.

Direct Force Transmission. Loads should be transmitted along
direct paths to avoid stress concentrations [21]. Segments are
aligned along the straight line joining the centroids of the edges
to be connected.

Segmentation of the Design Problem. The overall problem is
decomposed into smaller subproblems, namely, topology genera-
tion, segment generation, and assembly, whose subsolutions are
later recombined.

2.1.2  Manufacturing Requirements. Minimum Flange Length.
Insufficient material support on the die within the bending zone
leads to distortion that can negatively affect the part’s function.
A bending zone satisfying the prescribed minimum is generated
around each bend line. [12]

Minimum Hole Distance. Holes placed too close to a bending
zone are subject to forming distortion. Edges are displaced
outward in preprocessing when spacing falls below the required
minimum.

Minimum Bend Angle. Bending beyond the material-specific
angular limit increases the risk of cracking. Segments violating
this limit are discarded in postprocessing.

2.2 Generative Design and Consideration of
Manufacturability. Generative design encompasses computa-
tional approaches that automatically generate, explore, and refine
design alternatives based on rules, constraints, and objectives [2].
It is characterized by systematic exploration of the design space
and the presentation of multiple candidate solutions, following an
iterative workflow of definition, generation, evaluation, and refine-
ment [22]. Three core components structure most approaches: a
design framework that defines the problem, a generation mecha-
nism that produces candidates, and an evaluation and selection pro-
cedure that filters and ranks them [23].

The generation mechanisms employed in the literature span a
broad spectrum [24]. Classical approaches include topology opti-
mization and level-set methods [25,26], grammar- and rule-based
systems [27-29], parametric CAD-based generation [30,31], and
bio-inspired growth strategies [32]. Al-enhanced approaches
include deep generative models and generative adversarial net-
works (GANs) [2,33-35], surrogate models predicting manufactur-
ability alongside mechanical properties [33,36], and combinations
of evolutionary, reinforcement learning, and surrogate-based
methods [37]. A particularly active subfield concerns the automatic
generation of parametric CAD models from diverse input modali-
ties such as point clouds, voxel representations, and images
[38,39], increasingly leveraging large language models and vision-
language models for multimodal CAD generation pipelines
[40-43]. This diversity demonstrates the maturity of generative
design as a field. However, the choice of generation mechanism
also determines how readily domain-specific design knowledge
can be integrated: rule- and grammar-based systems offer natural
insertion points for explicit constraints, whereas data-driven
methods require design knowledge to be embedded implicitly
through training data or reward signals.

Despite this methodological breadth, the dominant objectives in
existing work remain structural performance, weight reduction,
and stiffness [25,26,44]. Generative design is largely treated as
an extension of topology optimization for structural problems
[26], with typical case studies drawn from automotive and aero-
space parts [25,44]. Al-enhanced work is similarly focused on
structural or aerodynamic performance rather than manufacturing
[37], and the default manufacturing context is frequently additive
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manufacturing (AM) or CNC machining [30,45]. This prevailing
focus means that domain-specific design knowledge for conven-
tional manufacturing, particularly sheet metal bending, remains
largely unaddressed, leaving a significant portion of industrially
relevant design problems without adequate generative support.

Where manufacturability is considered, it takes one of three
forms. In the downstream treatment, the manufacturing process
is specified as input, but manufacturability is handled in postpro-
cessing through smoothing, CAM validation, or manual adjustment
[25,26,44,45]. In the filter-based treatment, parametric variants are
generated broadly and then pruned through manufacturability
checks, cost evaluation, or geometric viability criteria [29,31,46].
In the absence of treatment, manufacturability is neither an explicit
objective nor a constraint, and generated designs require manual
modification before manufacturing [37,47]. Across all three
modes, manufacturability remains external to the generative core.
This reactive positioning limits the quality of generated designs
and shifts the burden of ensuring manufacturability onto the
designer, undermining the efficiency gains that generative design
promises.

Domain-specific design knowledge integration has been demon-
strated for other manufacturing processes. Patterson and Allison
proposed a general framework for converting design knowledge
into mathematical constraints for optimization [48]. Injection
molding rules have been encoded into conditional GANs [35],
and die casting constraints have been integrated during generation
via 2D depth-image representations [47]. AM-specific overhang
constraints have been embedded in bio-inspired growth rules
[32], and ontology-based approaches have linked design features
with manufacturing capabilities for real-time feedback [49].
These examples demonstrate that knowledge integration is feasi-
ble, but existing implementations are largely limited to additive
manufacturing and injection molding. A rule-based generative
design algorithm that systematically integrates domain-specific
design knowledge into the generation process, particularly for
sheet metal bending, has not been proposed.

Several observations consolidate that manufacturability remains
predominantly downstream, filter based, or absent from generation
[37,50]. Traditional DfM rules are often overly restrictive and
require reformulation for generative design contexts [48].
Manufacturability-focused generative design has been explicitly
identified as a key open research opportunity [37], and rule-based
approaches appear particularly suited for domains with strong man-
ufacturability requirements [28]. The following section examines
the small number of existing approaches that address sheet metal
specifically.

2.3 Generative Design for Sheet Metal Parts. Generative
design for sheet metal parts has very few established computational
approaches. Existing CAD tools primarily support later-stage
detailing and operation sequencing but offer little assistance
during conceptual design, where topological exploration is most
valuable. The following two approaches show the current state of
generative design for sheet metal parts:

Campbell et al. proposed a shape grammar approach in which
parts are modeled as assemblies of rectangular patches connected
through manufacturing operations. Starting from a rectangular
blank as seed geometry, a predefined grammar of up to 108 oper-
ation rules, like slitting, notching, shearing, bending, and punching,
is applied iteratively to transform the blank and generate new
design states. Candidate designs are represented as graphs where
nodes correspond to rectangular patches and edges encode topolog-
ical and manufacturing relationships, enabling both parametric and
topological variation through stochastic search. The approach
yields not only geometry but also an explicit manufacturing oper-
ation sequence for each design. However, the restriction to rectan-
gular patches and orthogonal bending severely limits geometric
expressiveness. Generated results are often rudimentary, with
several exhibiting extreme bending angles or self-intersections in
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the folded state. Critically, manufacturability emerges incidentally
from the grammar’s geometric restrictions rather than from explicit
encoding of design knowledge [29,51,52].

Barda et al. addressed the synthesis of complete sheet metal parts
for aerospace fixture applications. The design problem is decom-
posed into segment discovery and segment composition. In the dis-
covery phase, thin “feeler” segments are stochastically sampled to
explore potential load paths between attachment and support
regions, followed by continuous geometry optimization using a
physics-inspired spring energy formulation. In the composition
phase, an optimal subset of segments is assembled into a complete
design, balancing structural performance, material efficiency, and
basic manufacturability criteria through physical simulation.
Results are geometrically free and nonorthogonal, reportedly
achieving better strength-to-weight ratios than expert-designed
solutions. However, manufacturability is only superficially
enforced through high-level constraints on sheet continuity, bend
angles, and minimum feature dimensions. Domain-specific
design knowledge is largely unaddressed, meaning many results
would be difficult or impossible to manufacture in practice [53].

Both approaches demonstrate the feasibility of computational
design synthesis for sheet metal but fall short in the systematic inte-
gration of design knowledge. Patel and Campbell achieve implicit
manufacturability through restrictive geometric primitives at the
cost of design diversity [29], while Barda et al. prioritize structural
performance and geometric freedom but cannot ensure manufac-
turability [53]. Neither explicitly translates established design
knowledge into algorithmic rules within the generation process
nor distinguishes at which stage of the generative workflow differ-
ent types of design knowledge should be applied.

3 Methodology: SheetGen—A Rule-Based Algorithm
for Generative Sheet Metal Design

The preceding analysis identified a key shortcoming in existing
generative design approaches for sheet metal: manufacturability is
not sufficiently integrated into the generation process, and no algo-
rithm exists that translates design knowledge into algorithmic rules
enforced during generation. To address this gap, this section
introduces SheetGen, a rule-based, manufacturability-focused gen-
erative design algorithm that translates established design knowl-
edge into algorithmic rules and embeds them at appropriate
stages of the generation workflow. Given user-defined surfaces
and mounting points, the algorithm systematically explores the
design space by generating multiple manufacturable design vari-
ants for a single part that connect the defined surfaces while adher-
ing to the integrated design knowledge.

A rule-based architecture is chosen over data-driven methods
because sheet metal design knowledge exists predominantly as
explicit, codifiable methods, heuristics, and manufacturing require-
ments rather than as large-scale training data. Additionally, a rule-
based system offers full transparency over which design principles
govern each generated solution. While the manufacturability
metrics introduced in Sec. 2.1 could, in principle, be formulated
as constraints within an optimization framework, such an approach
typically assumes a fixed and well-parameterized design space and
aims to identify a limited set of optimal solutions. In contrast, the
objective of the present work is to enable a structured yet flexible
exploration of the design space and to generate a diverse set of
manufacturable design alternatives that can support early-stage
design decisions. In this context, the topology and feature structure
of sheet metal parts emerge progressively during the generation
process, and many manufacturability criteria, such as minimum
flange length or bend accessibility, act as local feasibility condi-
tions that guide this construction. Rather than restricting the
design space through global constraints, these criteria are embed-
ded directly into the generation logic, enabling efficient exploration
while ensuring that generated solutions remain largely
manufacturable.

121704-4 / Vol. 148, DECEMBER 2026

The overall workflow is illustrated in Fig. 1 with a simple example
of two noncoplanar rectangular surfaces with three mount points,
resembling an angle bracket. The workflow proceeds from user
input through preprocessing, topology generation, segment genera-
tion, part assembly, visualization, and CAD export. The outcome
of each workflow pass is a design knowledge-compliant, editable
CAD part ready for further detailing or integration into larger assem-
blies. The resulting solutions are oriented toward early design
phases, already satisfying prescribed design principles while remain-
ing open to further detailing by the designer. Section 3.1 describes
how design knowledge is formalized into algorithmic rules, and
Sec. 3.2 details the algorithm workflow itself.

3.1 Design Knowledge Formalization. The generative work-
flow provides several distinct points at which design knowledge
can enter the process. Integration can be carried out (i) in prepro-
cessing, by adapting the user-provided input, (ii) in-process inte-
gration during topology and segment generation, via rule-based
design of geometry that follows established design knowledge, or
(iii) in postprocessing, through constraint-aware filtering of the
generated candidates. The appropriate integration point depends
on the nature of the knowledge being encoded.

Hard manufacturing requirements, such as minimum hole dis-
tance, are well suited for implementation as postprocessing filters
but can also be integrated earlier by adjusting the input geometry
or generating geometry that automatically satisfies the constraint,
thereby preserving a broader design space. Design methods and
heuristics, in contrast, are better suited to modifying the user
input, guiding the generation workflow, or providing the structural
base for the algorithmic architecture itself. While this distinction is
developed here for a rule-based system, the same logic can, in prin-
ciple, be exploited by generative Al techniques. For instance, hard
requirements may serve as reward boundaries, while design
methods may inform training data structure or generation architec-
tures. The procedure for constructing the algorithm, consisting of
translating design knowledge into a processable rule base and
then building the generation algorithm around these rules, is illus-
trated in Fig. 1.

The domain-specific design knowledge mentioned in Sec. 2.1 is
deployed at three points, corresponding to the integration points
introduced above.

Preprocessing  (Adaptation
Generation):

e Minimum hole distance: Distances between mounts and sur-
rounding edges are examined; edges are displaced when
spacing falls below the minimum.

e Surface separation: Surfaces exceeding a user-defined mount
threshold are subdivided into independent subsurfaces.

In-Process Integration (Rule-Based Generation of Geometry):

e Systematic connection of edges: All valid edge pairings are
enumerated rather than a single configuration selected.

o Ensure minimum flange length: A bending zone providing
sufficient tool support is generated around each bend line
and merged with the tab perimeter.

e Prefer 90-deg bends: The algorithm first seeks right-angle
bends before resorting to alternative strategies.

e Direct force transmission: Segments are aligned along the
centroid-to-centroid line of the connected edges.

e Minimize bends/avoid weld seams: Only segments with zero,
one, or two bends are produced; exclusively single-part seg-
ments not requiring welding are retained.

Postprocessing (Filtering Stage):

o Minimum bend angle: Segments violating the prescribed
minimum are discarded.

of the User Input Before

A layered combination of these mechanisms—preprocessing
adaptation, in-process enforcement, and postprocessing filtering—
is required to address the widest possible spectrum of DfM consid-
erations within a single generative workflow.
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Fig. 1

Overview of SheetGen. Left: Formalization of domain-specific design knowledge into a rule base, distinguishing manu-

facturing rules, design methods, and heuristics. Center: Generative design algorithm workflow with rules integrated at different
workflow stages. Right: Progressive outputs at different workflow stages, from user-defined input surfaces through generated

segments to the final editable sheet metal part exported to CAD.

3.2 Algorithm Workflow. Building on the rule base estab-
lished in Sec. 3.1, the following subsections describe the algorithm
workflow and how these rules are realized within each algorithmic
stage of SheetGen. Three cross-cutting design principles govern
the algorithm throughout. First, the algorithm follows a
manufacturability-first philosophy: explicit constraints such as
minimum flange lengths are mainly enforced during generation
rather than verified after the stage. Second, diversity maximization
is pursued by enumerating all topologies and segment sequences,
and by expanding the design space using the surface separation
design method. Third, modular strategy selection automatically
assigns the appropriate connection geometry, zero-bend, single-
bend, or double-bend, based on the relative orientation of two
tabs, with automatic fallback to the next viable strategy if con-
straints cannot be satisfied.

3.2.1 Preprocessing. The preprocessing stage transforms raw
user input into the data structures required by generation. For each
rectangular surface, the user supplies three corner points. The algo-
rithm identifies the right-angled corner via dot-product testing,
computes the fourth point analytically, and stores the result as an
ordered perimeter.

Mount positions are projected from global 3D coordinates onto
each rectangle’s local 2D frame. For every mount, the perpendicu-
lar distance to each edge is measured; if it falls below the minimum
hole-to-edge clearance, the corresponding edge is shifted outward
while preserving right-angle geometry. Mount locations remain
fixed. The processed information is encapsulated in three

Journal of Mechanical Design

hierarchical objects—Part, Tab, and Mount—that store geometry,
assembly sequences, and mounting specifications, respectively,
and serve as the common data interface for all subsequent stages.

3.2.2 Topology Generation. The topology generation stage
determines which pairs of tabs will be linked by segments. It com-
prises surface separation, topology design, and sibling validation.

‘When a tab hosts more mounts than a user-defined threshold, it is
subdivided into two tabs. A gap between subsurfaces preserves
tooling access, and siblings retain their common original identifier.
The connectivity graph is constructed by enumerating all spanning
trees via recursive backtracking with union-find cycle detection. A
sibling-connection validation ensures that split surfaces connect to
each other only if each sibling also possesses at least one external
connection. Sequences violating this rule are discarded.

3.2.3 Segment Generation. For each tab pair, the algorithm
classifies the geometric relationship between the two planes and
applies the appropriate connection strategy.

Zero-bend strategy (coplanar tabs): A rectangular intermediate
tab directly joins edges from each tab. No bending is required; a
gap offset avoids surface interference.

Single-bend strategy (plane intersection):. The intersection line
of the two tab planes defines the bending line. For each eligible
edge pair, bending points are computed on this line, and flange
zones of prescribed minimum flange length are generated perpen-
dicular to each plane. A cascade of geometric filters enforces non-
parallel intersection, minimum bend angle, minimum flange width,
clearance from the opposite plane, corner containment within the
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Fig. 2 Visualization of the segment generation process. The
edges to be connected are first specified via the corner points
CPAx and CPBx. A and B denote the respective initial tabs con-
nected by the bend. Based on these, the bending line is deter-
mined through the corresponding bending points BPx.
Subsequently, a flange region with minimal flange length is con-
structed using the flange points FPAx and FPBx. Finally, the
original edges are connected to the generated flange region,
completing the segment.

tab perimeter, and duplicate elimination. Figure 2 illustrates the
process.

Double-bend strategy (intermediate plane): An intermediate
plane perpendicular to both tab planes is constructed; bending
points are shifted outward to accommodate flange requirements,
and a triangular intermediate tab bridges the two surfaces. Filters
enforce near-perpendicularity, minimum flange widths on both
bends, minimum bend angles, and manifold perimeter integrity.
If the perpendicular configuration fails, a corner-projection fall-
back defines the intermediate plane through the nearest corners
of the tabs.

The preference ordering—zero bends before one, one before
two—directly implements the bend-minimization heuristic, while
90-deg prioritization within the double-bend strategy reflects the
right-angle preference.

3.2.4 Part Assembly. The assembly stage combines individu-
ally generated segments into complete parts. Tabs referenced by
a single segment are used directly. Tabs referenced by multiple
segments undergo a multimerge procedure: perimeters are
walked simultaneously, shared corners are consumed together,
and unique flange sequences are inserted from the contributing
tab. Conflicting noncorner modifications cause the merge to be
rejected. Assembled parts undergo self-intersection detection and
perimeter-ordering verification.

3.2.5 Visualization. Interactive visualization is realized with
PYVISTA. An interactive mode allows navigation through the solu-
tion set via arrow keys with trackball-style camera control. Hierar-
chical labels annotate corners, bending points, flange points, and
mounts. On-screen elements display the current solution index, a
legend, and export controls. After choosing a preferred solution,
the user can click a checkbox to export this solution.

3.2.6  Computer-Aided Design Export. Export into ONSHAPE is
performed via FEATURESCRIPT. For each tab, a local plane basis is
derived, and all 3D points are projected to obtain local planar coor-
dinates. The resulting polygon is sketched, extruded to a default
thickness of 1 mm, and the mount holes are subtracted via
Boolean operations. After import, the designer transforms the
solid geometry into an editable sheet metal model through a
sequence of manual operations. These steps are detailed as
follows. Initially, the individual extrusions of the tabs are consoli-
dated into a single part using the Replace Face, Move Face, and
Boolean Union tools within oNSHAPE. Subsequently, the consoli-
dated geometry is converted into a sheet metal representation
using the Sheet Metal Model function. The resulting model con-
tains recognized bends and a flat pattern suitable for CAM
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Fig. 3 CAD export pipeline: algorithm output visualized in
PYVISTA (left), FEATURESCRIPT import into onsHAPE (middle), and edit-
able sheet metal model after manual conversion step (left)

simulation. Figure 3 illustrates the complete export pipeline from
algorithm output to the final editable sheet metal part.

3.2.7 Computational Cost. The computational cost of the pro-
posed generative method is dominated by the combinatorial growth
of candidate assemblies. For n input tabs, the number of feasible
configurations increases exponentially, as multiple geometric real-
izations are evaluated for each topology. Here, s represents the
average number of segments generated per adjacent tab pair.
While early manufacturability filtering, and a bounded number of
retained topologies reduce the effective search space, the overall
time complexity remains exponential, with an additional polyno-
mial validation cost, which together can be expressed as O(s™ - n°).

Memory consumption scales with the number of valid solutions,
while intermediate computations are kept tractable through incre-
mental evaluation. For the problem sizes considered in this work
(n<7), runtimes remain within seconds to minutes on a standard
workstation.

4 Evaluation of SheetGen

This section presents three test cases that evaluate SheetGen
with respect to the effect of rule integration on manufacturability,
comparative performance against an existing generative approach,
and plausibility relative to trained human designers. The algorithm
is fully deterministic: identical input geometry and parameters
produce identical solutions on every run. The reported solution
counts and manufacturability rates are therefore exact values, not
statistical estimates.

4.1 Experimental Setup. To evaluate SheetGen, three test
cases examine the algorithm from complementary perspectives:
the effect of rule integration on manufacturability, comparison
with an existing generative approach, and plausibility relative to
human designers. The input geometries for all three test cases are
shown in Fig. 4. This section first describes the manufacturability
assessment protocol and then presents the individual test case
configurations.

4.1.1 Manufacturability Assessment Protocol. Each generated
part was assessed through a two-stage procedure combining CAD
reconstruction with CAM bending simulation. In the first stage,
parts were reconstructed in ONSHAPE’S sheet metal environment.
ONSHAPE automatically inserts stress relief cutouts when the
minimum flange length is violated; parts receiving such cutouts
were classified as nonmanufacturable since these modifications

@) ®)

. o -y

Y Mg

Fig.4 Inputforthe described test cases. The rectangles are the
defined tabs to be connected by the algorithm, and the circles
define the mount positions. (a) input case 1, (b) input case 2,
and (c) input case 3
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alter the original design intent. Parts passing CAD reconstruction
without modification were imported into TRUMPF TRUTOPS BOOST, a
commercial CAM software for bending simulation, and classified
as follows:

e No errors or warnings: The part is classified as
manufacturable.

e Warnings only: The part is inspected on a case-by-case basis.
Minor bending-sequence instability warnings were consid-
ered acceptable if visual inspection confirmed a feasible
bending sequence.

e Errors—tool collisions only: If all errors were attributable
solely to tool collisions resolvable through alternative
tooling configurations, the part was still classified as manufac-
turable, as the geometric design itself does not prevent manu-
facturing. Nonresolvable tool collisions led to a
nonmanufacturable classification.

e Errors—other causes: All remaining errors led to a nonmanu-
facturable classification.

This protocol distinguishes between geometric manufacturabil-
ity (whether the part’s form is compatible with bending) and
process-level feasibility issues, such as tooling selection that
depends on the available equipment.

After assessing each generated part for manufacturability, the
CAM manufacturability rate for the entire test case was computed
as the ratio of parts without CAM errors to the total number of gen-
erated parts. This metric serves as an indicator of the quality of the
generation algorithm as it reflects the proportion of designs that can
be processed without manufacturing-related issues.

4.1.2 Test Cases

4.1.2.1 Test Case 1: Verification of Manufacturability
Improvement Through Rules. SheetGen is compared to a stripped
version in which minimum hole distance, minimum flange length,
and minimum bend angle are set to zero, and surface separation is
disabled. Systematic connection of edges cannot be disabled as it
forms the structural foundation of segment generation, but it has
no direct influence on manufacturability. The input consists of
two noncoplanar rectangular surfaces with three mount points,
serving as a basic validation of mount handling and constraint
propagation.

4.1.2.2 Test Case 2: Comparison With the State of Research.
Results from Barda’s approach [53], which does not integrate man-
ufacturability into generation, were reproduced for the same input
geometry. To maintain topological comparability, only the connec-
tion sequence was controlled via a custom sequence function;
segment generation operated entirely according to the rule-based
algorithm. The input comprises seven rectangular surfaces con-
nected through six predefined connection pairs.

4.1.2.3 Test Case 3: Plausibility Comparison With Human
Designers. Generated results are compared to solutions produced
by engineering students who received a 2-day workshop covering
the same domain-specific design knowledge encoded in the algo-
rithm. This comparison serves as a plausibility demonstration,
not a controlled experiment. The 14 mechanical and mechatronics
engineering students were tasked with designing a cylinder

mounting bracket, given the dimensions and hole pattern. They
were CAD novices, requiring approximately 6-8 h per solution.
The algorithm input for the cylinder mounting bracket comprises
three surfaces with six mount points: two outer rectangles with
single mounts connected to a central surface with a 2 x2 mount
grid, requiring the algorithm to identify that the central surface
should be split.

4.2 Results Overview. Each test case compares the manufac-
turability of parts generated by SheetGen against a different refer-
ence: an unconstrained baseline without rule implementation
(test case 1), an existing generative design approach from the liter-
ature (test case 2), and solutions produced by trained human
designers (test case 3). Table 1 provides a summary of the key
results across all three test cases. The individual test cases are dis-
cussed in detail in the following subsections.

4.3 Verification of Manufacturability Improvement
Through Rules. The first test case compares SheetGen against
the stripped version in which all design knowledge-based rules
are disabled. Without rule implementation, four of ten generated
parts (40%) pass the manufacturability assessment. With rules
enabled, the manufacturability rate increases to 64% (18 of 28
parts). Two partially independent effects contribute to this
improvement.

First, surface separation expands the design space: the total
number of generated solutions increases from 10 to 28. This expan-
sion is a direct consequence of the additional connectable edges
introduced by subdivision, which enable topological configura-
tions, such as branching rather than purely chain-like arrange-
ments, which are inaccessible without it. Second, the remaining
rules (minimum flange length, minimum bend angle, minimum
hole distance) increase the fraction of candidates that satisfy the
manufacturability assessment. The compounding of these two
effects produces a 4.5-fold increase in the number of valid solu-
tions, from 4 to 18. A representative example of the effect of the
rule implementation can be observed by comparing solution d) in
the baseline with solution b) in SheetGen in Fig. 5. While both
designs share an identical topology, the rule-based adaptation mod-
ifies critical geometric features. In particular, the bend edge is
shifted further away from the hole, and the adjacent edges extend
vertically from the bending line before transitioning into an
angled segment. This adjustment ensures compliance with the
minimum hole distance and minimum flange length constraints,
and the resulting part is therefore considered manufacturable.

Analysis of the CAM error reports confirms that all rules
encoded in the algorithm are consistently satisfied across every
generated solution. The remaining nonmanufacturable parts fail
exclusively due to manufacturing requirements not included in
the current rule base, most notably tool collisions during the
bending sequence. This illustrates a fundamental characteristic of
rule-based approaches: the algorithm can only enforce constraints
that have been explicitly encoded, and achieving comprehensive
manufacturability would require a complete rule base, which is
resource intensive to develop and maintain. The comparison is
summarized in Fig. 5.

Table 1 Summary of results across three test cases

Test case 1: rule verification

Test case 2: state of research Test case 3: human designers

Baseline (no rules)
4/10 (40%)

18/28 (64%)

<1 s per part

<1 s per part

Reference

Manufacturable/total (reference)
Manufacturable/total (SheetGen)
Generation time (reference)
Generation time (SheetGen)

Barda et al. [53]
0/2 (0%)

48/56 (86 %)
~30 min per part
<1 s per part

Engineering students
10/14 (71%)

24/25 (96 %)

6-8 h per part

<1 s per part

Note: Each test case compares the manufacturability rate and generation time of SheetGen against a different reference.
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Baseline without rule implementation:
CAM Manufacturability rate: 40% (4/10 generated parts without CAM Error)

agl ¥ b)’ v 9 @ 9@® "7
| N [ \
> >t '

Flange length too short =

Hole too close too bending zone Collision while bending

SheetGen with rule implementation:
CAM Manufacturability rate: 64% (18/28 aenerated parts without CAM Error)

a) g b) c) v 9

Surface separation method
allows bigger solution space

/ L

Collision while bending
(not implemented in rule base)

.\\ -
Minimal flange length and
minimal hole distance
always considered

Fig. 5 Comparison of algorithm-generated solutions without (top) and with (bottom) design knowledge-based rules enabled.
Design details that are particularly important in terms of manufacturability are marked with circles. Disabling all rules yields a
manufacturability rate of 40% (4/10), while enabling them increases it to 64% (18/28), with remaining failures attributable to man-

ufacturing requirements not yet included in the rule base.

4.4 Comparison With the State of Research. Barda et al.
reported two parts for the given input configuration [53], neither
of which passed the manufacturability assessment when evaluated
using the same two-stage protocol (ONSHAPE reconstruction and
TruTops bending simulation) applied to SheetGen’s results. As
similarly observed for the baseline algorithm in Sec. 4.3, the com-
ponents generated by Barda et al. frequently fail to meet the
minimum flange length requirement at the bend edges. This leads
to insufficient material support during bending, which can cause
warping of the component and may impair its functional perfor-
mance. These designs were therefore classified as unmanufactur-
able. In contrast, SheetGen enforces the minimum flange length
through rule-based generation, ensuring that this constraint is satis-
fied by design. As a result, SheetGen achieved a manufacturability
rate of 86% across 56 generated designs. The remaining unmanu-
facturable components generated by SheetGen exhibit the same
type of collision issues during the bending process that were
already discussed in Sec. 4.3, indicating that they stem from man-
ufacturing constraints not yet included in the current rule base
rather than violations of the implemented rules. The higher rate
compared to test case 1 (64%) is attributable to the specific geom-
etry of this test case, which produces fewer tool collisions during
the bending sequence. Figure 6 illustrates the comparison:
Barda’s parts fall short of the minimum flange length in the areas
highlighted with circles, whereas all the parts generated by Sheet-
Gen comply with this constraint.

This comparison is not strictly identical in all conditions. The
connection sequence was prescribed via a custom sequence func-
tion to obtain comparable topologies, and one input surface was
subdivided to introduce additional edges, as SheetGen permits
only one segment per edge. These adjustments establish a consis-
tent basis for evaluation, but the results should be interpreted as
indicative of manufacturability benefits rather than as a direct rep-
lication study.

Regarding computational cost, SheetGen generates individual
parts in under 1 s, whereas approximately 30 min per part are
reported for the approach by Barda et al. This difference can be
traced to the fundamentally different algorithmic structures. As out-
lined in Sec. 3.2.7, the proposed method follows a bounded enumer-
ation strategy with time complexity O(s" - n°), where the exponential

121704-8 / Vol. 148, DECEMBER 2026

term reflects the combinatorial growth of candidate assemblies and
the polynomial term arises from geometric validation.

In contrast, the method of Barda et al. does not provide a closed-
form complexity, but its structure implies a different scaling beha-
vior. The search space of candidate assemblies is exponential in the
number of components and is explored through stochastic
Markov chain Monte Carlo sampling combined with beam
search. The computational cost can therefore be approximated as
proportional to the number of sampling steps and beams, with
O(M - N - Cgn), where M denotes the number of parallel chains,
N the number of iterations, and Cgj, the cost of evaluating a
single candidate. This evaluation includes repeated physics-based
simulation and optimization steps, which dominate the overall
runtime.

The rule-based formulation avoids such simulation-driven inner
loops by discarding infeasible configurations early through deter-
ministic filtering. As a result, the computational effort is concen-
trated in structured enumeration rather than in evaluation-heavy
sampling. While additional constraints, such as finite element anal-
ysis or no-design-zone handling, would increase the computational
cost of the proposed method, both approaches remain fundamen-
tally limited by the exponential growth of the design space. The
observed results, therefore, suggest that a substantial runtime
advantage of the proposed method is likely to persist even when
extended evaluation steps are incorporated.

4.5 Plausibility Comparison With Human Designers. As a
plausibility assessment, SheetGen’s results for the cylinder mount-
ing bracket configuration are compared to 14 solutions produced by
engineering students who received the same methodological train-
ing. SheetGen achieves a manufacturability rate of 96% (24 of 25
solutions), compared to 71% (10 of 14) for the student solutions, as
illustrated in Fig. 7. While this difference is notable, the compari-
son serves primarily as an indication that the algorithm produces
results of practical quality, not as a claim of general superiority
over human designers.

SheetGen generates all 25 solutions in under seven seconds,
whereas students required approximately 6—8 h per solution. This
asymmetry is partly attributable to the students' limited CAD
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Approach Barda [53]:

CAM Manufacturability rate: 0% (0/2 generated parts without CAM Error)

Generation Time: 10-20 Minutes per Part

® ==

O
==

%

SheetGen:

CAM Manufacturability rate: 86% (48/56 generated parts without CAM Error)

Generation Time: 0.15 Seconds per Part

Minimal flange length ——
always considered

Collision while
bending

(not implemented

in rule base)

Fig. 6 Comparison of the parts generated by SheetGen with the state of research, design details that are particu-
larly important in terms of manufacturability are marked with circles. The parts without manufacturability consid-
erations (Barda et al. [53]) fall short of the minimum flange length and therefore cannot be manufactured, while
the parts generated using our algorithm comply with the manufacturing requirements, and therefore, the manufac-

turability rate is much higher.

experience, which substantially increased their modeling time, and
the comparison therefore reflects the algorithm’s speed advantage
under these specific conditions rather than a general benchmark.
In terms of design variety, the student solutions exhibit a broader
range of conceptual ideas. For instance, using a single tab to
connect all three input surfaces, introducing unusual angles, or

Students with method training:

stacking tabs vertically. SheetGen’s variety is bounded by its hard-
coded segment generation strategies, which produce systematic but
geometrically more constrained alternatives. However, the algo-
rithm also identifies valid configurations that none of the students
produced, suggesting that rule-based and human-driven explora-
tion are complementary rather than substitutive. This finding

CAM Manufacturability rate: 71% (10/14 designed parts without CAM Error)

Generation Time 4-6 hours per Part

;

Surface separation

et

Flange length too short

SheetGen:

CAM Manufacturability rate: 96% (24/25 generated parts without CAM Error)

Generation T:me 0.26 Seconds per Part

Pand o 2~ 7 s

Minimal flange length
always considered

Surface separatlon

Collision while bendmg
(not implemented in rule base)

Fig. 7 Comparison of student-designed and algorithm-generated solutions for the cylinder mounting bracket configura-
tion. Design details that are particularly important in terms of manufacturability are marked with circles. SheetGen
achieves a manufacturability rate of 96% (24/25) compared to 71% (10/14) for student solutions, while also producing

valid configurations not found among the student designs.
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highlights an inherent trade-off: systematic enforcement of manu-
facturing requirements narrows the geometric design space relative
to unconstrained creativity, but the resulting solutions are more
reliably manufacturable. Hybrid approaches combining both
modes of exploration are discussed in Sec. 5.

5 TImplications for Generative Design

The evaluation of SheetGen demonstrates that translating
domain-specific design knowledge into algorithmic rules and
enforcing them at distinct stages of the generative process can sub-
stantially improve the manufacturability of generated sheet metal
parts, with improvements of 24-86 percentage points across the
three test cases. This finding supports a shift away from the prevail-
ing paradigm in generative design, where manufacturability is typ-
ically treated as an external verification step, and suggests that
knowledge integration during generation is both feasible and effec-
tive. The following sections interpret these results within the
broader field of generative design for manufacturability, examine
their implications for future integration with Al-driven generative
approaches, and discuss the limitations of the current work.

5.1 Generative Design for Manufacturability

5.1.1 Manufacturability as an Integral Part of Generation.
The results across all three test cases demonstrate that integrating
domain-specific design knowledge directly into the generative
process rather than applying it as a downstream filter can substan-
tially improve the manufacturability of generated designs. Gener-
ated parts satisfy manufacturing restrictions by design, providing
engineers with solutions that are immediately usable rather than
requiring extensive postprocessing. This stands in contrast to the
prevailing treatment of manufacturability in current generative
design approaches, where manufacturability is either checked
after generation or neglected entirely.

5.1.2  Understanding the Manufacturability Gap. In test case
1, 36% of the generated parts remain nonmanufacturable despite
rule integration. Analysis of the CAM error reports reveals that
these failures are predominantly caused by tool collisions and self-
collisions during the bending sequence, failure modes that are not
included in the current rule base. Because these collisions depend
on the specific geometric configuration resulting from the user
input rather than on violations of encoded rules, their occurrence
is input dependent rather than systematic. This pattern confirms
two things simultaneously: the implemented rules are consistently
effective, as all encoded constraints are satisfied across every gen-
erated solution; but the rule base is incomplete with respect to the
full spectrum of manufacturing requirements.

Among the implemented rules, the minimum flange length con-
straint contributed most substantially to the manufacturability
improvement, as insufficient flange support was the dominant
failure mode in the unconstrained baseline. Surface separation,
while not a manufacturability constraint per se, was the primary
driver of design-space expansion, enabling topological configura-
tions that would otherwise be inaccessible. No failures attributable
to unexpected interactions between rules were observed; each rule
contributes along a largely independent axis, which supports the
modular architecture of the knowledge integration.

5.1.3 Integration Point Selection. An observation from the
implementation process is that several rules currently deployed
as postprocessing filters could, in principle, also be enforced
during geometry generation. However, in-process enforcement of
these constraints would require substantial geometric adaptations
that risk generating malformed parts or designs that no longer
conform to the user-specified input geometry. Retaining them as
filters represents a pragmatic compromise: it preserves the integrity
of the generated geometry while ensuring that only manufacturable
candidates reach the designer. This observation illustrates a
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practical dimension of the preintegration/during integration/postin-
tegration: the choice of integration point is not only a matter of
knowledge type but also of the geometric consequences that
enforcement entails.

5.1.4 Usability for Engineering Practice. The direct export
into ONSHAPE enables engineers to receive solutions ready for
further refinement without rebuilding them from scratch. The
current pipeline is functional and demonstrates the feasibility of
bridging algorithmic generation and CAD-based product develop-
ment, though it still requires manual steps to arrive at a finished
sheet metal part. The white-box nature of the algorithm supports
transparency and trust: every design decision can be traced back
to specific methods, heuristics, and manufacturability require-
ments, allowing engineers to inspect and justify the generation
logic.

5.1.5 Advancing Generative Design Beyond Geometry
Generation. The results suggest that generative design can
evolve from pure geometry generation toward the generation of
constructively meaningful, manufacturable solutions. The integra-
tion taxonomy (preprocessing, in-process, postprocessing) pro-
vides a structured workflow for reasoning about knowledge
integration that may be transferable to other manufacturing
domains.

5.2 Perspectives for Hybrid Generative Design
Approaches. The strengths and limitations of rule-based
approaches identified in this work suggest that rule-based and data-
driven generative approaches are not competitors but complemen-
tary. Rule-based systems offer reliability and transparency;
Al-driven methods offer adaptability and broader exploration.
The question is not whether to combine them, but at what depth
of integration. Three levels of hybridization can be distinguished,
each building on the infrastructure established by the previous one.

5.2.1 Level 1: Rule-Based Generation as Data Infrastructure.
The most immediate and lowest-risk path uses SheetGen as a data
generator. The fast, deterministic production of manufacturable
parts addresses a critical bottleneck in Al-driven sheet metal
design: the near-total absence of labeled training data. Unlike
purely synthetic datasets, the generated parts incorporate
the same design knowledge that human engineers apply, lending
the data practical relevance. This path requires no modification
to the rule-based algorithm and can proceed in parallel with other
developments.

5.2.2 Level 2: Artificial Intelligence—Driven Assembly With
Rule-Based Components. A deeper coupling retains rule-based
segment generation to ensure that individual connections are man-
ufacturable, while a learned component, such as a reinforcement
learning agent or graph neural network, takes over the combinato-
rial assembly problem. This division of labor directly addresses the
design diversity limitation observed in test case 3: the hard-coded
assembly strategies constrain topological variety, but combinato-
rial exploration is precisely where AI methods excel. The rule
base acts as a safety net, ensuring that any assembly the Al
proposes is composed of individually valid segments and thereby
providing a manufacturability floor that pure Al approaches lack.

5.2.3 Level 3: Knowledge Integration Into the Artificial
Intelligence Architecture. The deepest coupling embeds the codi-
fied design knowledge directly into the AI’s learning or optimiza-
tion process. Concrete mechanisms include design-space
restriction, where explicit rules limit exploration to feasible
regions; reward-function definition, where design knowledge is
translated into reinforcement learning signals that encourage man-
ufacturable outcomes without hard-coding the geometry; and hard
constraint incorporation, where the rule set acts as inviolable
boundaries within optimization loops. This level offers the greatest
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potential for generalization; the Al can discover solutions that the
rules alone cannot produce, while the rules prevent violation of
fundamental manufacturing limits.

These three levels are not mutually exclusive and can be pursued
incrementally. The preintegration/during integration/postintegra-
tion workflow from this work provides a conceptual map for decid-
ing where Al augmentation is most beneficial: in-process rules that
are geometrically complex to enforce, such as collision avoidance
during bending, are strong candidates for replacement by learned
models, while rules that are simple and critical, like minimum
bend angle, may be best retained as hard constraints.

5.3 Limitations. Three principal limitations of the current
work should be acknowledged. First, no explicit functional evalu-
ation, such as finite element analysis (FEA), is performed on the
generated parts. The focus on geometric manufacturability is delib-
erate: in sheet metal design, increasing the sheet thickness can rein-
force a part without altering its geometry, meaning that geometric
feasibility and structural adequacy are more loosely coupled than in
other manufacturing domains. Nevertheless, integrating structural
evaluation would strengthen the practical relevance of the gener-
ated solutions.

Second, rule-based approaches can only solve cases for which
solution strategies have been coded. A notable gap in the current
implementation is the absence of no-material zones, which are
regions where the generated geometry must not intrude. If all gen-
erated solutions happen to overlap with such a zone, the algorithm
cannot adaptively adjust its generation, as it lacks a mechanism for
responding to spatial exclusions that were not anticipated during
rule development.

Third, while the proposed approach substantially increases the
proportion of manufacturable designs, the current implementation
also still produces a limited number of infeasible cases. To
ensure reliability prior to manufacturing, a dedicated CAM-based
analysis is therefore required as a validation step to identify resid-
ual issues, such as tool or self-collisions during bending.

6 Conclusion and Future Work

6.1 Conclusion. This work introduced SheetGen, a rule-based
generative design algorithm for manufacturability-focused sheet
metal parts based on domain-specific design knowledge, and dem-
onstrated that the systematic integration of design knowledge into
the generative process can substantially improve the manufactur-
ability of generated parts. Across three test cases, SheetGen consis-
tently produced solutions with higher manufacturability rates than
both an uninformed baseline (algorithm: 64% versus baseline:
40%) and an existing generative approach from the literature
(86% versus 0%), while generating dozens of design alternatives
in seconds. A plausibility comparison with human designers indi-
cated that SheetGen achieves higher manufacturability rates
(96% versus 71%), though with a narrower range of design con-
cepts than unconstrained human exploration. The complementarity
of these two modes of exploration, systematic and constrained
versus creative and unconstrained, suggests that neither alone is
sufficient and that hybrid approaches represent a promising
direction.

By connecting SheetGen to a commercial CAD environment and
validating generated parts through industrial CAM bending simula-
tion software, this work demonstrates that generative design with
domain-specific design knowledge integration can move beyond
academic proof of concept toward practical relevance in industrial
product development. In practice, the rapid generation of multiple
manufacturable parts allows engineers to explore a broad design
space in a fraction of the time required by manual approaches.
Additionally, the integrated domain-specific design knowledge
reduces the level of specialized expertise needed to arrive at man-
ufacturable solutions.

Journal of Mechanical Design

The knowledge integration points that distinguish preprocessing,
in-process, and postprocessing deployment are grounded in the
nature of the design knowledge itself, specifically the distinction
between hard manufacturing requirements and softer design
methods and heuristics, rather than in the specifics of any particular
algorithm. As such, they may serve as a reference for other rule-
based and potentially also data-driven generative approaches
seeking to embed domain-specific design knowledge.

The work also highlights an inherent tension in rule-based gen-
erative design: the completeness of the rule base directly deter-
mines the achievable manufacturability, and every unconsidered
requirement remains a potential source of failure. This observation
points to the need for complementary approaches, whether through
more comprehensive rule bases, hybrid rule-Al systems, or adap-
tive methods capable of learning constraints from simulation
feedback.

6.2 Future Work. The hybrid integration paths outlined in
Sec. 5.2 define the primary research trajectory. The most immedi-
ate priority is closing the remaining manufacturability gap by
addressing tool and self-collisions during bending, either through
rule-based expansion or through integration of bending simulation
feedback into the generation loop. The latter would also serve as a
first testbed for level 2 hybridization, where a learned component
operates within rule-based manufacturability boundaries.

Full automation of the ONSHAPE export pipeline would serve a
dual purpose: enabling industrial deployment of SheetGen and
enabling batch generation of large, labeled datasets of manufactur-
able sheet metal parts for Al training, corresponding to level 1
hybridization path.

In addition, integrating optimization strategies into the genera-
tive process represents a promising extension. While the current
approach focuses on the exploration of diverse, manufacturable
design alternatives, optimization methods could be employed to
guide this exploration, for example, by ranking, filtering, or refin-
ing generated candidates with respect to performance objectives
such as stiffness, weight, or cost. Such a hybrid approach would
combine the strengths of rule-based manufacturability enforcement
with objective-driven search.

Beyond single-part generation, extending SheetGen to multipart
assemblies introduces design for assembly considerations, in par-
ticular, the question of how to optimally partition a design into
individual sheet metal parts. This extension would naturally
benefit from Al-driven combinatorial methods operating within
rule-based constraints.

Use of AI Tools

Al-assisted tools (Claude Opus 4.6) were used to refine
grammar, improve readability, and enhance stylistic consistency
throughout the manuscript; however, all substantive content, anal-
ysis, and intellectual contributions remain entirely those of the
authors.
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