. mathematics

Article

Developable Surface Segmentation for CAD Models via
Sparse Normal Discontinuity Detection

Linlin Xu *', Haojie Gao, Feng Wu, Qi Zhang and Suyalatu Dong

W) Check for updates

Academic Editor: Milo$ Seda

Received: 3 February 2026

Revised: 14 February 2026

Accepted: 21 February 2026
Published: 25 February 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

School of Computer Information Management, Inner Mongolia University of Finance and Economics,
Huhhot 010070, China; ghj1372452169@163.com (H.G.); 13643498776@163.com (FW.);
18364663870@163.com (Q.Z.); dsylt@imufe.edu.cn (S.D.)

* Correspondence: imufexll@163.com

Abstract

Segmenting CAD models into developable surface patches is a fundamental problem in
geometric modeling and manufacturing-oriented applications. Existing approaches often
rely on discrete Gaussian curvature estimation or Gauss map analysis; however, their
performance on CAD meshes is frequently hindered by numerical instability, sensitivity to
mesh tessellation, and complex parameter tuning. In this work, we propose a simple and
robust method for developable surface segmentation based on a sparse normal disconti-
nuity prior. Our key observation is that industrial CAD models are typically composed
of large developable regions separated by a sparse set of sharp creases and edges. Con-
sequently, segmentation boundaries correspond to sparse discontinuities in the surface
normal field rather than continuous variations in curvature. Based on this perspective,
we formulate developable surface segmentation as the detection of sparse normal jump
discontinuities. In the discrete setting of triangle meshes, this formulation naturally leads
to a dihedral angle-based approach that avoids explicit curvature estimation and admits
an efficient graph-based solution. The proposed algorithm consists of face normal com-
putation, dihedral angle-based boundary detection, and connected component extraction
on a thresholded face adjacency graph. The method requires only a single geometrically
interpretable parameter and naturally aligns segmentation boundaries with sharp features
commonly found in CAD models. Experimental results on a diverse set of industrial CAD
meshes, including standard benchmarks widely used in related research, demonstrate that
the proposed approach achieves robust and accurate segmentation, as validated by both
visual coherence and quantitative developability metrics.

Keywords: developable surface segmentation; CAD models; sparse normal discontinuity;
dihedral angle

MSC: 65D18; 65D17; 65D40

1. Introduction

The segmentation of 3D meshes into developable surface patches—surfaces that
can be unfolded into a plane without distortion—is a fundamental problem in computer
graphics, computer-aided design (CAD), and manufacturing-oriented applications [1,2].
Such segmentation plays a critical role in applications including distortion-free texture
mapping, sheet metal forming, and paper craft fabrication, where developability directly
determines manufacturability and geometric fidelity [3,4]. In reverse engineering pipelines,
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identifying developable regions is also a prerequisite for converting triangulated CAD
meshes into analytic boundary representations (B-Rep), such as planes, cylinders, and
cones [5,6]. Therefore, in this context, the term “CAD models” specifically refers to the
tessellated triangle meshes (e.g., STL/OB]J) exported from CAD systems.

An ideal segmentation method for CAD models should satisfy three essential require-
ments: segmentation boundaries should precisely align with sharp geometric features, the
method should be robust to mesh tessellation and resolution, and it should be computation-
ally efficient for large-scale industrial models. Meeting these requirements simultaneously
remains challenging due to the intrinsic characteristics of CAD meshes, which are typically
piecewise smooth and contain sparse but prominent geometric discontinuities.

Existing approaches to developable surface segmentation are often based on discrete
Gaussian curvature estimation [7,8], exploiting the theoretical fact that smooth developable
surfaces exhibit zero Gaussian curvature. However, discrete curvature operators are known
to be highly sensitive to mesh connectivity and numerical noise, especially on CAD models
where curvature theoretically vanishes almost everywhere and becomes singular at sharp
creases. As a result, curvature-driven methods frequently suffer from unstable estimates
and produce jagged or drifting segmentation boundaries.

To alleviate these issues, several alternative methods avoid explicit curvature esti-
mation and instead rely on other geometric properties of developable surfaces. Notably,
approaches based on Gauss map analysis exploit the fact that the normal image of a devel-
opable surface degenerates into a curve or a point on the unit sphere [9]. While theoretically
elegant, these methods often involve iterative region growing, statistical analysis of nor-
mals, and sensitive parameter tuning, which limits their robustness on industrial CAD
models with crisp, well-defined features.

In this work, we argue that the limitations of existing methods stem from overlooking a
fundamental geometric prior of CAD models: the sparsity of surface normal discontinuities.
Industrial CAD models are typically composed of large smooth or developable regions
separated by a sparse set of sharp creases and edges. Consequently, the gradient of
the surface normal field exhibits sparse support, being nonzero only at segmentation
boundaries corresponding to abrupt changes in surface orientation.

Based on this observation, we propose a simple and robust developable surface
segmentation method driven by a sparse normal discontinuity prior. Instead of estimat-
ing second-order differential quantities such as Gaussian curvature, we directly detect
sparse normal discontinuities using dihedral angles on triangle meshes. The resulting
segmentation algorithm is computationally efficient, requires only a single geometrically
interpretable parameter, and naturally aligns segmentation boundaries with sharp features
commonly found in CAD models.

2. Related Work

We review the literature relevant to our work in three categories: developable surface
segmentation, sparsity priors in geometry processing, and feature-based segmentation for
CAD models.

2.1. Developable Surface Segmentation

The segmentation of surface meshes into developable patches has been extensively
studied in geometric modeling and manufacturing-oriented applications. Early approaches
predominantly rely on the characterization of developable surfaces by vanishing Gaussian
curvature and attempt to use discrete curvature estimates as cues for clustering surface
regions [10-13]. Julius et al. introduced the D-Charts framework, which segments meshes
into quasi-developable regions by minimizing flattening distortion during surface parame-
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terization [10]. Related curvature-driven approaches have also been explored in surface
approximation, remeshing, and parameterization [11-13].

Despite their solid theoretical foundations, curvature-based methods face inherent
difficulties on discrete meshes. Discrete Gaussian curvature estimation is highly sensitive
to mesh resolution, connectivity, and numerical noise, particularly on CAD models where
curvature theoretically vanishes almost everywhere and becomes singular at sharp creases.
As aresult, curvature-driven methods frequently produce unstable estimates and inaccurate
or drifting segmentation boundaries [14,15].

To overcome the instability of discrete curvature estimation, recent research has shifted
towards exploiting geometric invariants beyond curvature magnitude. A prominent trend
is based on Gauss map analysis, leveraging the fact that the normal image of a developable
surface degenerates into a one-dimensional structure on the unit sphere [16]. Zeng et al. [9]
proposed a region-growing strategy that verifies developability by testing the linearity of
the Gauss map via statistical analysis.

As discussed in recent surveys on developable surface modeling [17], while these
Gauss map-based approaches effectively bypass the noise of local curvature operators, their
reliance on statistical clustering can introduce sensitivity to initialization and instability
near sharp feature transitions where normal distributions are discontinuous.

2.2. Sparse Priors in Geometry Processing

Sparsity is a fundamental structural prior in geometry processing, based on the as-
sumption that geometric signals exhibit sparse support in differential quantities, lead-
ing to a piecewise-smooth structure. In such settings, the support of these differential
quantities naturally induces a partition of the domain into coherent regions separated by
structural discontinuities.

The concept of sparsity originates from compressed sensing and low-rank modeling,
which establish the theoretical basis for recovering signals with sparse representations [18-20].
In geometry processing, sparsity has been used to decouple salient features from noise in
surface data [21].

In practical applications, sparsity-driven models such as total variation and sparse
gradient formulations enable effective feature-preserving denoising [22,23], while mesh-
specific methods impose sparsity on surface normals or differential quantities to maintain
sharp edges [24,25]. A general overview of sparsity-based geometric methods is provided
in [26].

For CAD models, sparsity is particularly evident: large piecewise smooth or devel-
opable regions are separated by a sparse set of sharp feature edges. In this work, sparsity is
adopted as a structural prior, where the sparse support of the surface normal gradient is
explicitly interpreted as the segmentation boundary.

2.3. Segmentation of CAD Models

CAD models, typically derived from boundary representation (B-Rep), exhibit ge-
ometric characteristics distinct from organic shapes: they are composed of piecewise
smooth or developable surfaces separated by sharp, well-defined edges [27,28]. As a
result, feature-based segmentation has long been a central topic in CAD processing and
reverse engineering.

Traditional CAD segmentation methods often rely on fitting geometric primitives—
such as planes, cylinders, and cones—to mesh regions [5,29]. Attene et al. proposed a
hierarchical segmentation framework based on greedy primitive fitting, while Cohen-
Steiner et al. introduced Variational Shape Approximation (VSA), which partitions meshes
by minimizing an approximation error metric that naturally aligns segmentation bound-
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aries with sharp features [30]. Broadly, while optimization-based frameworks and Gauss
map clustering methods [9] offer global solutions, they often face challenges in balancing
computational efficiency with stability near sharp transitions.

Other approaches focus on explicit feature detection, including ridge—valley extraction,
dihedral angle analysis, and feature-aware energy formulations [31-36]. In industrial
practice, simple dihedral angle thresholding is widely used for detecting sharp edges and
preprocessing CAD meshes, although it is often regarded as a heuristic technique [37].

Our work formalizes this industrial intuition by demonstrating that, for CAD models,
a sparsity-driven formulation based on surface normal discontinuities provides a robust
and theoretically grounded solution for developable surface segmentation. By explicitly
exploiting the sparse structure of normal discontinuities, the proposed method achieves
accurate and stable segmentation while maintaining computational efficiency.

3. Method

An overview of the proposed method is as follows. We compute face normals on a
triangle mesh and detect sparse normal discontinuities by thresholding dihedral angles be-
tween adjacent faces. These discontinuities define segmentation boundaries, and connected
components on the remaining face adjacency graph yield developable surface patches. The
entire pipeline is linear-time, optimization-free, and relies solely on first-order geometric
quantities (Figure 1).

Input CAD Mesh Face Normal Dihedral Angle Thresholdme(= ) Adjacency Connected Component
/ / Sparse Normal : .
(Triangle Mesh) Computation Evaluation Dot e Graph Pruning Extraction

V (

§“,f \;//( b 4 ‘\ __

Figure 1. Overview of the proposed developable surface segmentation pipeline. The method detects
sparse surface normal discontinuities by thresholding dihedral angles between adjacent faces (red
edges indicate detected segmentation boundaries), and extracts developable surface patches as
connected components of the pruned face adjacency graph (different colors represent the segmented
developable patches). The entire pipeline relies only on first-order geometric quantities and does not
involve curvature estimation or iterative optimization.

3.1. Theoretical Foundation
3.1.1. Developable Surfaces and Gaussian Curvature

A smooth surface M € R3 is developable if and only if its Gaussian curvature vanishes
everywhere:
K= K1:'Kp = 0.

where ki and k; denote the principal curvatures. Equivalently, a developable surface admits
a ruled representation, and its Gauss map degenerates into a one-dimensional structure on
the unit sphere.

This characterization establishes developability as an intrinsic geometric property,
independent of the surface embedding. In CAD models, surfaces are typically composed of
multiple developable patches—such as planes, cylinders, and cones—connected by sharp
creases or edges.

On discrete triangle meshes, Gaussian curvature is commonly approximated using an
angle deficit at vertices. Although this discrete formulation is theoretically consistent, its
spatial distribution on CAD meshes may vary significantly depending on local modeling
details, including sharp corners, blends, fillets, and thickness variations.
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Importantly, Gaussian curvature provides only a necessary condition for developabil-
ity and does not uniquely determine segmentation boundaries on discrete CAD meshes.
This motivates the need for a segmentation formulation that is consistent with developabil-
ity while remaining stable and observable in discrete settings. As illustrated in Figure 2,
discrete Gaussian curvature exhibits diverse and often unstable spatial distributions on
CAD models and does not consistently align with feature-aligned segmentation boundaries.

.l 0
(a) (b)

Figure 2. Gaussian curvature distributions on different CAD models: (a) models where nonzero
Gaussian curvature concentrates at isolated sharp corners; (b) models where nonzero Gaussian
curvature forms extended bands near blends or boundary transitions.

3.1.2. Segmentation as Sparse Normal Discontinuity Detection

While Gaussian curvature characterizes intrinsic surface bending, segmentation
boundaries in CAD models are primarily associated with extrinsic geometric disconti-
nuities, namely abrupt changes in surface orientation.

Let n: S — S? denote the unit surface normal field. For piecewise developable CAD
surfaces, the normal field exhibits a characteristic structure:

e  Within each developable patch, surface normals vary smoothly and coherently under
strong geometric constraints;

e  Across patch boundaries, the normal field undergoes discrete jumps associated with
sharp creases or feature edges.

As a consequence, segmentation should not be formulated as minimizing the mag-
nitude of curvature or normal variation, but rather as identifying a sparse set of normal
discontinuities in the surface normal field.

Formally, consider an ideal segmentation P of the surface. For a piecewise developable
model, significant changes in surface orientation occur only at patch boundaries. This
observation motivates the following idealized formulation:

min|| Val],

where ||-||, denotes the ¢y pseudo-norm counting the number of nonzero entries. This
formulation emphasizes that segmentation seeks to minimize the number of normal dis-
continuities, rather than the magnitude of normal variation. The support of Vn therefore
directly corresponds to the desired segmentation boundaries. Figure 3 illustrates this
distinction on the same CAD model. While Gaussian curvature exhibits spurious and dif-
fused responses even on theoretically developable regions, surface normal discontinuities
consistently reveal feature-aligned segmentation boundaries.
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Figure 3. Comparison between Gaussian curvature and surface normal discontinuities on the

same CAD model: (a) Gaussian curvature visualization, exhibiting unstable and spatially diffused
responses on developable regions; (b) normal discontinuity visualization, consistently revealing
feature-aligned segmentation boundaries.

3.1.3. Discrete Proxy via Sparse Normal Gradient

On a triangle mesh M = (V,F), surface normals are defined per face. Normal
discontinuities occur across shared edges between adjacent faces. Let f; and f; be two
adjacent faces with unit normals n; and n;. The dihedral angle between them is defined as

0;j = arccos(n; n;).

It is important to emphasize that, although dihedral angle thresholding is often used
heuristically for sharp edge detection in practice, here, it arises as a discrete realization of
the /p normal gradient objective introduced in Section 3.1.2. In our formulation, dihedral
angles are not used as proxies for curvature. Instead, they serve as discrete indicators
of normal jump discontinuities. A large dihedral angle implies a significant change in
surface orientation, while a small angle corresponds to smooth normal variation within a
developable patch.

Based on this interpretation, we approximate the sparse normal gradient objective by
thresholding dihedral angles:

[Vnly ~ Zeij 1(6;; > 1), (1)

where 1(-) denotes the indicator function, and 7 is a user-specified threshold. This discrete
formulation preserves the support of normal discontinuities rather than approximating
their magnitude, thereby avoiding unstable curvature estimation. Moreover, it naturally
induces a graph-based segmentation algorithm, as illustrated in Figure 4.

S 7 m
' L/ N
sy *
2 |
(@) (b) (c)

Figure 4. Discrete realization of sparse normal discontinuities on a triangle mesh: (a) input CAD
model; (b) conceptual visualization of continuous normal discontinuities for reference; (c) dihedral
angle visualization serving as a discrete proxy for detecting normal jumps between adjacent faces.

3.2. Discrete Segmentation Algorithm

Based on the formulation derived in Section 3.1, we now describe a simple and efficient
algorithm for developable surface segmentation on triangle meshes. The proposed algo-
rithm provides a discrete solver for formulation (1) by identifying normal discontinuities
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through dihedral angle thresholding and extracting connected components accordingly.
The overall pipeline consists of three main steps: face normal computation, boundary edge
detection, and connected component segmentation.

3.2.1. Face Adjacency and Normal Computation

Let the input be a triangle mesh
M= (V,F),

where V is the set of vertices, and F = {f;} is the set of triangular faces. We operate on
a face-based representation, which is more robust than vertex-based quantities for CAD
models with sharp features.

For each face f; = (vi1,vj2, vi3), we compute its unit normal as

o = (vi2 = vin) X (vis — vin)
b [(vi2 = i) X (via — vl |

We further construct the face adjacency graph by identifying pairs of faces that share
a common edge. This adjacency information is used both to evaluate normal variations
across edges and to propagate segmentation labels in subsequent steps.

3.2.2. Boundary Detection via Dihedral Angle Thresholding

According to formulation (1), segmentation boundaries correspond to locations where
normal jump discontinuities occur. On a triangle mesh, the normal gradient across a shared
edge is naturally measured by the dihedral angle between the two adjacent faces.

For each pair of adjacent faces f; and f;, we compute the dihedral angle

0;j = arccos(n;n;).
An edge shared by f; and f; is classified as a boundary edge if
91‘]' > T,

where 7 is a user-specified threshold controlling the sparsity of normal gradients.

This hard-thresholding operation can be interpreted as a discrete realization of the
£y formulation in (1): edges exhibiting significant normal jumps are treated as nonzero
gradient locations, while edges with smooth normal transitions are suppressed. In practice,
the threshold 7 has a clear geometric interpretation and directly corresponds to the expected
sharpness of creases in CAD models.

3.2.3. Connected Component Segmentation

After boundary detection, we construct a reduced face adjacency graph
G=(FE),

where nodes correspond to faces, and an edge exists between two faces if and only if they
are adjacent and their shared edge is not classified as a boundary.

We then extract the connected components of G using standard graph traversal al-
gorithms (e.g., breadth-first search). Each connected component represents a maximal
region over which surface normals vary smoothly and is therefore identified as a candidate
developable patch.
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This step completes the discrete interpretation of formulation (1): minimizing the
number of detected normal discontinuities partitions the mesh into piecewise smooth
regions separated by sparse, feature-aligned boundaries.

3.2.4. Algorithm Summary and Complexity
The complete segmentation algorithm can be summarized as follows:

1. Compute face normals and face adjacency.
Detect boundary edges by thresholding dihedral angles.
3. Extract connected components to obtain initial patches.

The algorithm runs in linear time with respect to the number of faces and edges.
Since it relies solely on first-order geometric quantities, it is robust to mesh resolution and
well-suited for large-scale CAD models.

3.3. Implementation Details

In this section, we provide implementation details that are essential for reproducibility
and robustness, yet orthogonal to the core algorithmic formulation described in Section 3.2.
These details clarify practical design choices when applying the proposed method to
real-world CAD meshes.

3.3.1. Mesh Representation and Data Structures

The input CAD model is represented as a triangle mesh
M= (V,F),

where V and F denote the vertex and face sets, respectively. All geometric computations
are performed at the face level, which is more appropriate for CAD models containing
sharp geometric features.

The face adjacency information constructed in Section 3.2 is reused throughout the
implementation. Each undirected mesh edge is associated with at most two incident faces.
Edges incident to a single face (i.e., mesh boundary edges) are treated as segmentation
boundaries by default.

3.3.2. Numerical Stability in Dihedral Angle Computation

Face normals are computed using the standard cross-product formulation and nor-
malized to unit length. For each pair of adjacent faces, the dihedral angle is evaluated via
the dot product of their normals.

To ensure numerical stability, the dot product is clamped to the interval [—1, 1] before
applying the arccosine operation. This step prevents invalid values caused by floating-
point inaccuracies, which could otherwise propagate into erroneous boundary detection on
nearly coplanar faces.

Since dihedral angles depend only on local face geometry, their computation is invari-
ant to global mesh scale and robust under non-uniform tessellation, which is particularly
important for CAD models.

3.3.3. Threshold Selection and Parameter Sensitivity

The dihedral angle threshold 7 is the only user-defined parameter in our implementa-
tion. Unlike abstract optimization weights used in many segmentation methods, 7 has a
clear geometric interpretation: it represents the minimal crease angle considered significant
for segmentation.

In practice, we observe that values of T in the range of 35° to 55° produce consistent
and interpretable results across a wide variety of CAD models. Smaller values tend to
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introduce over-segmentation by detecting shallow surface variations, while larger values
yield coarser segmentations by suppressing mild creases.

Importantly, segmentation results are stable under small perturbations of 7. This be-
havior reflects the sparsity-driven nature of formulation (1), in which the solution structure
changes only when the threshold crosses geometrically meaningful normal discontinuities.

3.3.4. Complexity and Practical Performance

Both time and memory complexity scale linearly with respect to the number of faces.
The algorithm does not require iterative solvers, matrix factorizations, or numerical op-
timization libraries. This simplicity facilitates integration into existing CAD processing
pipelines and enables efficient processing of large-scale industrial models.

4. Experimental Results

In this section, we evaluate the proposed developable surface segmentation method
on a variety of CAD models. Our experiments are designed to assess three key aspects:
(1) boundary accuracy on piecewise developable surfaces, (2) robustness with respect to
mesh resolution and parameter variation, and (3) computational efficiency compared to
existing approaches. Our method was implemented in Python 3.14.2 and on a mobile
workstation with an Intel Core Ultra 5 125H and 32GB of memory. Table 1 summarizes the
statistics of our results.

Table 1. Statistical results. We report the number of vertices N,, faces N [Z segmented patches Ny,
max- and the total processing time in seconds. The “Models”
column refers to the (row, column) indices of the examples shown in Figure 5.

maximum discrete Gaussian curvature |K|

Models N, N¢ N, K] pax Time(s) Models N, N N, K] ax Time(s)
(1,1) 2686 5376 16 1.1x 1078 0.192 1,2) 2466 4940 8 21x1073 0.171
1,3) 18,419 33,806 14 7.7 x 1074 1.191 1,4) 20,244 37,500 31 32x1073 1.361
2,1 24,976 49,948 29 83x1073 1.827 2,2 5406 10,808 3 33x10°° 0.378
2,3 357 523 7 0 0.019 2,4) 6475 12,946 12 38x107° 0.429
3 1) 3114 6236 18 44 %1073 0.216 3,2) 32,000 64,024 89 3.7x1078 2.242
3,3) 2668 5368 23 40 x10* 0.184 3,4) 271 517 16 0 0.020
4,1) 14,977 29,990 10 6.4 x 1077 1.129 4,2) 3708 7424 11 1.9 x 1072 0.307
4,3) 7919 15,834 8 1.3 x 1072 0.528 4,4) 21,941 41,370 16 63x1073 1.479

4.1. Experimental Setup

We evaluate the proposed developable surface segmentation method on a diverse
collection of CAD models commonly used in geometric processing and reverse engineering,
including mechanical parts, architectural components, and synthetic models with known
developable structures. These models contain a mixture of planar, cylindrical, and conical
surfaces separated by sharp creases.

All input models are represented as triangle meshes with varying resolutions, ranging
from several thousand to several hundred thousand faces. No preprocessing, such as
remeshing, smoothing, or curvature estimation, is applied prior to segmentation. To
quantify the geometric complexity and potential noise level of each model, we compute
the discrete Gaussian curvature K at each vertex using the angle deficit method [7]. We
report the maximum absolute curvature K|, ., in Table 1. Unless otherwise specified, the
dihedral angle threshold 7 is fixed across experiments.
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4.2. Qualitative Segmentation Results

Figure 5 shows representative segmentation results produced by the proposed method,
where each developable patch is visualized with a distinct color.

As illustrated, segmentation boundaries align closely with sharp creases and design
features present in the original CAD models. Large planar and cylindrical regions are
correctly grouped into single patches, while transitions between different developable
regions are clearly delineated.

This visual coherence, confirmed by the consistently low maximum discrete Gaussian
curvature (|K|,,,,) reported in Table 1, directly validates the accuracy of our method in
recovering developable surfaces. Furthermore, the clean delineation of boundaries across
diverse models demonstrates the method’s robustness to varying geometric complexities, a
key objective of our sparsity-driven formulation.

In contrast to curvature-based methods, no spurious boundaries appear within smooth
regions, even on meshes with irregular tessellation. This behavior confirms that the
sparse normal discontinuity prior effectively suppresses numerical noise while preserving
geometrically meaningful discontinuities.

A\

N:p=16

Figure 5. Developable segmentation results on multiple CAD models. Nj: the number of
segmented patches.

4.3. Comparison with the Existing Method

We compare our method with Zeng et al. [9], which is the most relevant prior work
on developable surface segmentation for CAD models. Existing mesh segmentation ap-
proaches are mostly designed for general-purpose decomposition or curvature-driven
analysis, whereas Zeng et al. explicitly target developable surface segmentation on CAD
meshes. Therefore, the comparison focuses on this representative method.

Figure 6 shows qualitative comparisons on the same input models, with the number of
mayx) Teported
for each result. As shown, the method of Zeng et al. [9] generally produces a larger N,

segmented patches (N,) and the maximum absolute Gaussian curvature (|K|
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[K|max = 2.5 x 107

Np =10
IK|max = 3.5 x 1072

especially near sharp creases and transition regions, indicating a clear tendency toward
over-segmentation. Crucially, this over-segmentation is accompanied by significantly
higher |K| .,
numerical noise and deviates from the theoretical developability condition (K = 0). In

values, suggesting that their curvature-based clustering is sensitive to local

contrast, our method yields fewer and more coherent patches while consistently achiev-
ing much lower |K]|,, ., values. This dual advantage—reduced over-segmentation and
superior |K| ., metrics—provides objective proof that our approach effectively balances
boundary adherence with the recovery of large-scale developable primitives with higher

geometric fidelity.

Np =31
[Klmax = 3.0 X 1073 |K|pax = 5.9 X 1072 i [Klmax = 6.3 X 1073 [Klmax = 7.7 X 10™*  |K|pax = 3.2 % 1073

w3l W 5 M

Np=7 Np =25 Np=3 Np=7 Np =12
|K|max = 3.5 x 107 2 |K|max—41><10 3 |K|max_33><10 ® [Klmax = 0 |K|max=3-8x10_5
(a) Zeng et al. (b) Ours

Figure 6. Comparisons with Zeng et al. [9] on CAD models. The proposed method produces fewer
patches while preserving feature-aligned boundaries, indicating reduced over-segmentation near
sharp creases.

This difference arises from the underlying formulation. Zeng et al. rely on Gauss
map analysis and region growing based on normal distribution statistics, which can be
sensitive to local normal variations and parameter settings on CAD meshes. While sharp
features often disrupt curvature-based statistics in region-growing methods, our approach
directly detects sparse normal discontinuities via dihedral angles, avoiding iterative region
growing and higher-order statistical tests. As a result, large planar and cylindrical regions
are more consistently grouped into single developable patches.

Overall, the comparison demonstrates that exploiting the sparsity of surface nor-
mal discontinuities provides a simpler solution that is robust in practice for CAD-style
developable surface segmentation.

4.4. Parameter Sensitivity

The proposed method involves only a single user-defined parameter: the dihedral
angle threshold 7. This parameter has a clear geometric interpretation, as it defines the
minimum change in surface orientation considered significant for segmentation. Compared
with optimization-based methods that require multiple abstract weights, this simplicity
greatly simplifies practical parameter selection.

The effect of varying T within the range of 35° to 55° is illustrated in Figure 5. In prac-
tice, when 7 is chosen within this interval, most CAD models do not require further param-
eter tuning, which demonstrates the robustness and ease of use of the proposed method.

The effect of T can be understood through two representative geometric regimes
commonly observed in CAD models. For models composed of planar or cylindrical patches
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with strong and well-separated creases, segmentation remains stable across a wide range
of T values, as normal discontinuities at patch boundaries are pronounced. In contrast,
models containing subtle yet meaningful creases or smoothly varying surface orientation
require slightly smaller or larger T values to balance the detection of weak but relevant
discontinuities against over-segmentation caused by gradual normal variation.

Across all the tested models, segmentation changes occur only when 7 crosses geo-
metrically meaningful thresholds, rather than varying continuously with the parameter.
This behavior reflects the sparsity-driven nature of the formulation, where segmentation
boundaries correspond to a small number of significant normal discontinuities, resulting in
stable solutions under moderate parameter perturbations.

4.5. Computational Efficiency

The proposed algorithm consists exclusively of local geometric computations and
graph traversal operations. Consequently, its time complexity is strictly linear O(N) with
respect to the number of mesh faces N.

As summarized in Table 1, the processing time scales linearly with mesh size. For
example, the smallest model (2, 4) with 13k faces is processed in 0.43 s, while the largest
tested model (3, 2) with 64k faces takes 2.24 s. This consistent linear relationship confirms
the theoretical complexity analysis.

This performance reflects the non-iterative nature of the algorithm and its reliance on
simple, local operations. The absence of iterative solvers or global optimization procedures
further simplifies the implementation and makes the proposed method well-suited for large-
scale industrial CAD datasets where linear complexity is critical for interactive performance.

5. Discussion

The experimental results further validate the effectiveness of the proposed method on
CAD models. By focusing on first-order geometric discontinuities rather than unstable dis-
crete curvature estimates, the method achieves accurate, robust, and efficient segmentation.

While simple dihedral angle thresholding is often used as a heuristic in CAD prepro-
cessing, our work formalizes it as the solution to a sparse normal gradient minimization
problem. This theoretical grounding explains why it works and provides a basis for robust
implementation. By incorporating connectivity analysis into sparse support detection,
our formulation avoids the “dust” and manual cleanup often required by ad hoc thresh-
olding, ensuring topologically valid segmentation across varying models using a unified
parameter strategy.

In certain cases, linear creases separating geometrically similar planar or developable
regions may still be detected as segmentation boundaries, as they correspond to abrupt
changes in surface orientation. This behavior is consistent with the sparsity-driven formu-
lation, which explicitly prioritizes first-order normal discontinuities. Resolving such cases
would require higher-level geometric or semantic reasoning, which lies beyond the scope
of the current model.

Although the proposed method is primarily designed for piecewise developable
surfaces, it also performs well on models containing a mixture of developable and mildly
curved regions. In such cases, the resulting segmentations remain intuitive and continue to
respect sharp geometric features.

6. Conclusions

In this paper, we presented a simple yet robust method for segmenting CAD mod-
els into developable surface patches based on a sparse normal discontinuity prior. By
reinterpreting developable surface segmentation as the detection of sparse geometric dis-

https://doi.org/10.3390 /math14050757


https://doi.org/10.3390/math14050757

Mathematics 2026, 14, 757

13 of 15

continuities in surface orientation, we decoupled the notion of developability from unstable
discrete curvature estimation and formulated segmentation directly in terms of observable
normal jumps.

Starting from an idealized formulation that minimizes the support of surface orienta-
tion discontinuities, we showed that, on triangle meshes, this objective admits a simple and
robust first-order realization based on dihedral angles. This formulation avoids the numeri-
cal instability inherent in discrete curvature estimation and leads to a tractable, linear-time
segmentation algorithm. Unlike optimization-heavy approaches, the proposed method
relies on a single geometrically interpretable parameter and naturally aligns segmentation
boundaries with sharp features commonly found in CAD models.

Experimental results on a variety of mechanical and architectural CAD models demon-
strate that the proposed approach produces clean and consistent segmentation boundaries,
remains robust under variations in mesh resolution and parameter values, and achieves
high computational efficiency. These properties make the method particularly suitable
for practical CAD processing and reverse engineering pipelines, where robustness and
scalability are essential. Furthermore, the clean segmentation of feature lines and surface
patches serves as a robust preprocessing step for downstream engineering tasks, such as
boundary condition assignment in CFD and feature-preserving meshing for FEA.

The main limitation of the proposed approach lies in its reliance on sharp normal
discontinuities. While this assumption is well justified for piecewise developable CAD
models, it may be less effective for organically shaped surfaces characterized by smoothly
varying surface orientation. Extending the sparse discontinuity formulation to handle
hybrid models containing both developable and smoothly curved regions constitutes an
interesting direction for future work.

Overall, this work demonstrates that a sparsity-driven, first-order geometric perspec-
tive provides a principled and practical foundation for developable surface segmentation.
We believe that this formulation not only offers an effective solution for CAD models but
also opens new possibilities for applying sparse geometric priors to other segmentation
and decomposition problems in geometry processing.
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