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Abstract

Reconstructing compact and editable 3D CAD wire-
frames from raw point clouds remains a formidable
challenge in computer vision and graphics. Exist-
ing methods that directly operate in 3D space often
struggle with issues like noise sensitivity, intricate post-
processing, and a neglect of vital geometric constraints
inherent to CAD design. To overcome these limitations,
we introduce a novel framework that leverages the clas-
sical principle of orthographic projections to reformu-
late the 3D problem into a series of 2D analysis tasks.
Our approach begins by extracting edge points from the
3D point cloud and projecting them onto three prin-
cipal planes to generate front, top, and left views. A
key contribution is PC-NET, an end-to-end network that
takes segmented 2D point sets from these views as input.
PC-NET simultaneously performs parametric primitive
fitting through affine transformations of template ge-
ometries and predicts the geometric constraints between
primitives, such as coincident, parallel, and perpendicu-
lar relationships. This process yields three high-quality,
constraint-rich 2D CAD sketches. Finally, a robust
merging algorithm integrates these three views to recon-
struct a precise, compact, and well-constrained 3D CAD
wireframe. Extensive qualitative and quantitative ex-
periments demonstrate that our method surpasses cur-
rent state-of-the-art techniques in both accuracy and ro-
bustness, effectively bridging the gap between unorga-
nized point clouds and structured CAD models.

Keywords: 3D Reconstruction, Point Cloud, CAD
Wireframe, Three-View Projection, Primitive Fitting, Ge-
ometric Constraints

1. Introduction

The proliferation of 3D sensing technologies such as Li-
DAR and structured-light scanners has made point cloud
acquisition faster and more accessible than ever. However,
the reverse engineering of high-quality, editable 3D CAD
models from such unorganized point data remains a signifi-

cant and unsolved challenge in computer vision and digital
geometry processing. The transition from raw point sets to
structured CAD representations is crucial for applications in
industrial design, quality inspection, and additive manufac-
turing, yet it continues to elude fully automated and robust
solutions.

Existing approaches to this problem can be broadly clas-
sified into two categories based on their use of edge guid-
ance. Methods such as HP-Net [29], ParSeNet [30], and
Point2CAD [31] belong to the first category, which di-
rectly segments point clouds and fits surfaces to each re-
gion. While conceptually straightforward, these techniques
are highly sensitive to point cloud quality, often failing in
the presence of noise, outliers, or missing data. More-
over, they rely heavily on the notoriously difficult task of
instance-level point cloud segmentation, which frequently
leads to inaccurate boundary definitions and imperfect sur-
face fitting.

To circumvent these issues, a second category of meth-
ods has emerged, focusing on reconstructing the 3D wire-
frame—the structural skeleton of the CAD model—as an
intermediate representation. Techniques like PIE-Net [6],
WireframeNet [27], and SED-Net [26] first identify edge
points in the input point cloud and then construct a wire-
frame based on these points. This wireframe serves as a
structural prior to guide subsequent surface reconstruction,
significantly improving robustness. Despite these advances,
such methods still face considerable challenges in post-
processing, including complex surface trimming and error-
prone wireframe correction. More critically, they largely ig-
nore the rich set of geometric constraints—such as Parallel,
Perpendicular, and Coincident relationships—that are fun-
damental to CAD design and essential for generating valid,
editable models.

In this paper, we introduce a novel and efficient frame-
work that bridges the gap between raw point clouds and
high-quality 3D CAD wireframes by explicitly incorporat-
ing both geometric primitives and their constraints. Con-
fronted with the difficulty of directly reasoning about 3D
wireframes and the scarcity of annotated 3D constraint data,
we propose an innovative strategy: reformulating the 3D
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reconstruction task as a problem of multi-view 2D sketch
analysis. By projecting 3D edge points onto three orthog-
onal planes, we transform the problem into analyzing three
standard 2D CAD sketches, for which strong datasets and
methods exist.

A critical prerequisite for accurate sketch analysis is ro-
bust segmentation of the projected 2D edge points. To
address this, we leverage the powerful Segment Anything
Model (SAM) [35] and fine-tune it for the specialized task
of instance-level segmentation in CAD sketch projections.
Recognizing the lack of appropriate training data for this
specific domain, we constructed a large-scale dataset of an-
notated 2D CAD sketch projections, containing over 50,000
instances with meticulously labeled geometric primitives.
This carefully curated dataset enables the fine-tuned SAM
to achieve superior segmentation performance on ortho-
graphic projections of 3D edge points, effectively distin-
guishing individual geometric primitives in complex sketch
layouts.

Recent years have witnessed notable progress in 2D
CAD sketch understanding. Vitruvion [13], for instance,
employs an autoregressive model to sequentially generate
primitives and constraints. While powerful, it is prone to
error accumulation and is computationally intensive. PPI-
Net [5] frames primitive detection as a set prediction prob-
lem using the DETR architecture [25], but its reliance on
Hungarian matching for label assignment can lead to train-
ing instability and suboptimal performance, particularly
on small or complex primitives. Very recently, the work
of [28] demonstrates the promising application of Vision
Transformers in parsing parametric primitives from CAD
sketches, achieving improved sequence modeling capabil-
ity; however, it still follows an autoregressive generation
paradigm and does not explicitly model geometric con-
straints.

To overcome these limitations, we present PC-NET—a
unified network architecture for joint Primitive parameter-
ization and Constraint estimation. PC-NET directly con-
sumes the segmented 2D point sets from our SAM-based
segmentation network and simultaneously infers paramet-
ric primitives (lines, arcs, circles) and their geometric re-
lationships. This holistic analysis produces clean, well-
constrained 2D sketches from each view. These are then
fused through a novel merging algorithm to recover a con-
sistent, compact, and fully constrained 3D CAD wireframe,
all without manual intervention.

Our main contributions are summarized as follows:

¢ A novel, three-view-based reconstruction framework
that effectively transforms 3D point cloud wireframe
recovery into a sequence of 2D sketch analysis tasks,
simplifying the problem and leveraging rich 2D anno-
tation resources.

* A specialized SAM-based segmentation network, fine-
tuned on our newly constructed dataset of 2D CAD
sketch projections, for accurate instance-level segmen-
tation of orthographically projected edge points.

* An end-to-end network, PC-NET, capable of jointly
performing accurate primitive fitting and robust con-
straint estimation from 2D point sets, overcoming lim-
itations of existing autoregressive and detection-based
methods.

* A practical and efficient method for integrating the
analyzed three-view sketches into a high-quality 3D
parametric wireframe, demonstrating significant im-
provements in accuracy, completeness, and structural
validity over current state-of-the-art techniques.

1.1. CAD Wireframe Reconstruction

The problem of reconstructing CAD wireframes from
3D data has evolved significantly with advances in deep
learning and computer vision. Early approaches like PIE-
Net [6] pioneered the parametric extraction of point cloud
edges by leveraging single curve parameterization knowl-
edge, establishing a new direction for learning-based wire-
frame reconstruction. This work inspired several sub-
sequent developments: PC2WF [20] improved upon this
foundation by operating in an end-to-end manner, encoding
complete point clouds into latent representations and pre-
dicting connectivity between detected corner points. How-
ever, these methods often struggle with complex topological
structures and require careful handling of corner detection
accuracy.

More recent approaches have explored alternative
paradigms. NerVE [17] bypasses explicit point cloud clas-
sification by directly predicting edges through a unified
free-form curve representation, offering flexibility in han-
dling multiple primitive types but sometimes sacrificing
parametric precision. DEF [16] takes a different approach
by regressing distances from points to feature curves within
local blocks, enabling sharp curve prediction but requir-
ing careful patch selection and integration. The neural
rendering revolution has also influenced this domain, with
NEF [ 18] building upon NeRF [19] to predict CAD feature
curves from multiple calibrated images, though this intro-
duces dependency on multi-view setups.

Recent advancements have further accelerated this do-
main by embracing explicit 3D representations. Most no-
tably, EdgeGaussians [41] leverages 3D Gaussian Splat-
ting for highly efficient edge field reconstruction from im-
ages, significantly improving speed over NeRF-based meth-
ods. However, it remains a two-stage pipeline, first recon-
structing a dense edge point cloud before fitting curves,
thus inheriting the limitations of stage-separation. Concur-
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Figure 1. Overall pipeline of the proposed framework. Starting from an input point cloud, edge points are first classified and then pro-
jected onto three orthogonal views. Our fine-tuned SAM-based segmentation network processes these projections to extract instance-level
segments, and the resulting segments are fed into our PC-NET for joint primitive and constraint parsing. Finally, a merging algorithm
integrates the three-view analyses to reconstruct a high-quality 3D CAD wireframe.

rently, EMAP [42] introduces a “cluster-then-fitting” strat-
egy within a neural implicit framework, enhancing edge
localization through Unsigned Distance Function (UDF)
modeling and unbiased equation rendering. While these
methods represent significant progress, they remain fun-
damentally constrained by the two-stage paradigm where
curve fitting quality depends heavily on the initial edge re-
construction.

Unlike these methods that operate directly in 3D space,
our approach introduces a paradigm shift by leveraging 2D
sketch analysis through orthogonal projections. This al-
lows us to benefit from well-established 2D computer vi-
sion techniques while maintaining the structural informa-
tion necessary for accurate 3D reconstruction. Furthermore,
our method uniquely incorporates geometric constraint es-
timation as an integral part of the reconstruction process,
addressing a critical aspect often overlooked in prior work.

1.2. CAD Model Reconstruction

CAD model reconstruction encompasses broader chal-
lenges beyond wireframe extraction. Traditional methods
like those employing alpha shapes [21] provided early so-
lutions for mesh reconstruction from point clouds but often
lacked the structural awareness required for CAD applica-
tions. The introduction of neural networks revolutionized
this field, enabling more sophisticated reconstruction strate-
gies.

Primitive-based approaches have shown particular
promise. Point2Cyl [34] reconstructs CAD models by de-
tecting and stretching cylindrical components, while meth-
ods like [36, 37] utilize CSG operations to assemble com-
plex models from simple primitives. These approaches ex-
cel at capturing regular geometric structures but may strug-
gle with free-form surfaces and complex constraints.

The sketch-extrusion paradigm represents another sig-
nificant direction. SECAD-Net [22] employs self-
supervised learning with sketch-based extrusion operations,
demonstrating the power of leveraging CAD modeling prin-
ciples in reconstruction. Similarly, Free2CAD [39] parses
input strokes into command sequences, bridging the gap be-
tween raw input and parametric CAD operations. These

methods acknowledge the procedural nature of CAD design
but often require sequential processing that can accumulate
errors.

Recent trends in neural representation have opened new
possibilities for direct CAD reconstruction. Methods like
NEF [18] demonstrate that neural radiance fields can be
repurposed for precise curve extraction, while EMAP [42]
shows improved edge localization through hybrid implicit-
explicit representations. The introduction of 3D Gaussian
Splatting [45] has enabled unprecedented rendering speeds,
with EdgeGaussians [41] adapting this framework specifi-
cally for edge reconstruction. However, these approaches
still rely on intermediate representations rather than direct
parametric curve optimization.

Recent advances in boundary representation (B-Rep) re-
covery, such as ComplexGen [23], aim to reconstruct ed-
itable CAD models directly from point clouds using CNN-
based architectures. Meanwhile, methods like [40] explore
signed distance function approximations for editable model
reconstruction. While these approaches move closer to
practical CAD applications, they often face challenges in
recovering precise geometric constraints and maintaining
topological consistency.

Our work positions itself within this landscape by fo-
cusing specifically on high-quality wireframe reconstruc-
tion as a fundamental step toward complete CAD model re-
covery. By ensuring accurate geometric relationships and
parametric precision at the wireframe level, we provide a
solid foundation for subsequent surface modeling and solid
operations.

1.3. Sketch Analysis and Understanding

The analysis of 2D sketches has emerged as a critical
component in bridging visual information and geometric
understanding. Large-scale datasets like SketchGraphs [12]
have enabled data-driven approaches to parametric CAD
sketch analysis, providing the foundation for numerous sub-
sequent works.

Generative approaches have shown remarkable capabil-
ities in sketch understanding. Vitruvion [13] employs au-
toregressive models to extract parametric primitives and
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their constraints from hand-drawn sketches, demonstrat-
ing the power of sequence generation for structured out-
put. However, the sequential nature of these models can
lead to error accumulation and computational inefficiency.
Detection-based methods like PPI-Net [5] adapt object de-
tection frameworks to primitive extraction but may struggle
with small primitives and precise constraint relationships
due to their reliance on Hungarian matching and set pre-
diction.

The application of foundation models to sketch analysis
has opened new possibilities. Works like [10] demonstrate
zero-shot sketch-based retrieval using CLIP [11], while
Sketch-Primitive [1] explores parametric primitive match-
ing for classification tasks. These approaches highlight the
potential of large-scale pre-training for geometric under-
standing.

Contemporary developments in differentiable rendering
have created new pathways for sketch-based reconstruction.
DiffVG [46] pioneered differentiable rasterization of vec-
tor graphics, enabling gradient-based optimization of 2D
parametric curves. This paradigm has been extended to 3D
through works like 3Doodle [43] and Diff3DS [44], which
project 3D Bézier curves to 2D for differentiable rendering.
However, these methods typically focus on sketch genera-
tion rather than reconstruction from observed imagery, and
their projection-based approach can limit 3D consistency.

Concurrent research has also explored various aspects
of sketch parsing, including constraint discovery [!5], lan-
guage modeling for CAD sequences [32], and constrained
sketch generation [33]. DeepCAD [14] takes a particularly
relevant approach by converting point clouds into paramet-
ric sequences through sketch-based operations, though it fo-
cuses on generation rather than reconstruction.

Our work advances this field by developing a unified
framework that combines the strengths of template-based
primitive fitting with learned constraint estimation. Unlike
generative approaches that may suffer from error propaga-
tion, or detection-based methods that can miss fine details,
our method provides direct, precise primitive parameteriza-
tion while explicitly modeling the geometric relationships
essential for CAD applications. The integration of SAM-
based segmentation further demonstrates how foundation
models can be effectively adapted for specialized domains
like engineering sketch analysis.

2. Method

Our framework follows a structured five-stage pipeline
to reconstruct high-quality 3D CAD wireframes from point
clouds, as illustrated in Figure 1. First, edge points are
extracted from the input point cloud. Second, these 3D
edge points are projected onto three orthogonal planes
to generate standard engineering views. Third, we em-
ploy a fine-tuned segmentation network based on SAM to

perform instance-level segmentation of the projected 2D
points. Fourth, the segmented point sets are processed by
our novel PC-NET to generate parameterized primitives and
their geometric constraints, forming high-quality 2D CAD
sketches. Finally, the three-view sketches are integrated and
optimized to recover a complete and well-constrained 3D
wireframe.

2.1. Edge Point Extraction

The initial stage of our pipeline identifies the structurally
significant edge points from the input point cloud. We lever-
age established point cloud classification networks that have
demonstrated exceptional proficiency in edge point identifi-
cation. Specifically, we build upon the capabilities of PIE-
Net [6], WireframeNet [27], and SED-Net [26], which em-
ploy advanced deep learning architectures to classify each
point in the cloud as either belonging to an edge or a surface
region. This edge classification provides the fundamental
geometric elements for subsequent processing stages, fo-
cusing our analysis on the most semantically meaningful
portions of the point cloud.

2.2. Three-View Orthographic Projection

To transform the 3D edge analysis problem into more
manageable 2D tasks, we project the identified 3D edge
points onto three orthogonal coordinate planes. This gen-
erates standard engineering views: front view (X-Y plane),
top view (X-Z plane), and left view (Y-Z plane). The pro-
jection process follows conventional orthographic projec-
tion principles, where each 3D point (z,y,z) is mapped
to 2D coordinates by discarding one coordinate dimension:
(x,y) for front view, (x,z) for top view, and (y, z) for
left view. This multi-view representation effectively cap-
tures the complete geometric information of the 3D struc-
ture while enabling us to leverage powerful 2D computer
vision techniques for sketch analysis.

2.3. SAM-based Edge Segmentation

A critical challenge in processing the projected 2D
points is robust instance segmentation to distinguish indi-
vidual geometric primitives. To address this, we fine-tune
the Segment Anything Model (SAM) [35] specifically for
CAD sketch segmentation. We constructed a specialized
dataset containing over 50,000 annotated 2D CAD sketch
projections with meticulously labeled geometric primitives.
This dataset enables SAM to learn the distinctive charac-
teristics of engineering sketches, including line segments,
circular arcs, and complete circles. The fine-tuned model
achieves superior performance in segmenting the ortho-
graphic projections of 3D edge points into coherent prim-
itive instances, providing clean input for subsequent para-
metric analysis.
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Figure 2. PC-NET Architecture. Our network takes segmented 2D projections as input and addresses the primitive fitting problem
through affine transformations of template primitives. Simultaneously, PC-NET predicts geometric constraints between primitives, includ-
ing Coincident, Parallel, Perpendicular, Horizontal, and Vertical relationships.

2.4. PC-NET: Primitive and Constraint Estimation

The core of our 2D sketch analysis is PC-NET, an end-to-
end network that jointly performs parametric primitive fit-
ting and geometric constraint estimation. As shown in Fig-
ure 2, PC-NET takes the segmented point sets S = {s; }X ;
as input, where s; represents a segmented primitive instance
and K denotes the total number of segments.

2.4.1 Segment and Template Encoding

Each segmented point set s; is processed by a Segment En-
coder hy composed of 6 Transformer layers with 8 self-
attention heads each and a feedforward dimension of 512.
This encoder extracts rich feature representations:

F*® = hy(9), )

where F'® denotes the encoded features of all segments.

Simultaneously, we maintain parameterized templates
for fundamental geometric primitives: circle template 7T,
line template 77, and arc template T;,. The arc template ad-
dresses the challenge of variable arc lengths through a ded-
icated Arc Prediction Module M LP,,..:

Ta — MLParc(Fs)a (2)

where T, represents an arc template with unit radius cen-
tered at the origin.

These templates are encoded through a Template En-
coder hr with identical architecture to hg:

Ft:ht(TmT‘lvTa)v (3)

where F* represents the template features.

2.4.2 Primitive Fitting via Affine Transformation

To align the fixed templates with variously oriented and
scaled segments, we predict affine transformation matrices
using an Affine Transformation Module M LP, ¢:

M = MLP,;;(F* F"), “)

where M = {M., M;, M,} contains transformation matri-
ces for each template type.

We then compute the optimal primitive match by evalu-
ating the Chamfer Distance between transformed templates
and input segments:

l:fit = CD(M* & T*) 8)7 (5)

where ® denotes the application of affine transformation.

2.4.3 Geometric Constraint Analysis

Beyond primitive fitting, PC-NET explicitly models geo-
metric relationships between primitives. We design a Con-
straint Prediction Module M L P,,,, that estimates five con-
straint types: Coincident, Perpendicular, Parallel, Vertical,
and Horizontal, plus a null type indicating no constraint:

K K

C=][TIMLPeon(F:, F}), (6)
i=1j=1
Leon = CE(C,0), (7)

where C'E' denotes cross-entropy loss between predicted
constraints C' and ground truth C.
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2.4.4 Multi-Task Learning

PC-NET jointly optimizes both objectives through a
weighted combination:

L= Wit X Efzt + Weon X »Ccona 3

where w ;¢ and w,, balance the contribution of each loss
term.

2.5. Three-View to 3D Wireframe Reconstruction

The final stage integrates the analyzed three-view
sketches into a coherent 3D wireframe. Let F' = { fi}f:fl,
T = {t;}5, and L = {1} represent the primitive sets
for front, top, and left views respectively, with correspond-
ing 2D point sets P/, P*, and P'.

2.5.1 3D Point Recovery

We reconstruct 3D points by exploiting the complemen-
tary nature of orthographic projections. For each 2D point
in one view, we identify corresponding points in the other
two views based on shared coordinate values. As shown
in Figure 3, a top view point p} and left view point pé- with
matching x-coordinates can be combined to form a 3D point
p¥ = (x1,Y1,21). For circular primitives (Figure 4), we
sample four representative points to ensure robust recon-
struction despite their degenerate projections in alternate
views.

_____________________ Py (x1,¥1,22)

Qi[(xh)ﬁ)

1

'O, pi 1, 2) p
pi (1, 21) Y122 G(xl'y

”——--
-

Top View Left View 3D wireframe

Figure 3. 3D vertex reconstruction through correspondence estab-
lishment across orthogonal views.

I Pl 2)
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----------------- BEACES)
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Figure 4. Recovery process for circular elements in 3D wireframe
construction.

2.5.2 Initial Wireframe Construction

The transformation from recovered 3D points to a structured
wireframe represents a critical phase in our reconstruction

L @hp})
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/
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Top View Front View 3D wireframe Left View

Figure 5. Primitive type determination for 3D wireframe segments
through multi-view analysis.

pipeline. The foundation of this process lies in establish-
ing precise 3D vertex correspondences across orthogonal
views. As illustrated in Figure 3, we employ a robust match-
ing algorithm that identifies corresponding 2D points across
different views based on coordinate consistency. For in-
stance, a point in the top view and its corresponding point
in the left view share identical x-coordinates, enabling ac-
curate 3D coordinate computation through multi-view geo-
metric constraints.

We establish connectivity between 3D points through a
multi-view consistency criterion: two 3D points are con-
sidered connected if and only if they are associated with
the same 2D primitive instance across all three orthogonal
views. This strict requirement ensures that only geometri-
cally valid connections are established, effectively leverag-
ing the complementary nature of orthographic projections
to resolve ambiguities that would be challenging in single-
view analysis.

The determination of primitive types follows a carefully
designed hierarchical strategy that reflects the projective ge-
ometry of CAD models:

1. Circle Identification: A 3D primitive is classified as
a circle if any of its associated 2D projections mani-
fests as a complete circle. This prioritization acknowl-
edges the distinctive projective behavior of circular
features, which when viewed along their axis, project
as lines in two views but maintain their circular charac-
ter in the perpendicular view. As demonstrated in Fig-
ure 4, circular elements require special handling due
to their degenerate projections in non-perpendicular
views, where they may be obscured by other linear
primitives.

2. Arc Identification: If no circular projections are
present but at least one view displays an arc segment,
the 3D primitive is classified as an arc. This accounts
for situations where circular features are partially oc-
cluded or represent non-full circular segments. The
arc classification preserves the curved nature while ac-
knowledging the partial coverage.
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3. Line Identification: Only when all three views consis-
tently represent the primitive as straight line segments
do we classify it as a linear element. This conservative
approach ensures that curved elements are not mistak-
enly simplified into linear approximations.

As illustrated in Figure 5, this hierarchical reasoning ef-
fectively captures the projective characteristics inherent in
engineering drawings, where 3D geometric intent is en-
coded through multiple 2D representations. The figure
demonstrates how a single 3D primitive can manifest dif-
ferently across views, and how our method leverages these
variations for accurate type determination. The methodol-
ogy is particularly robust for handling complex cases such
as helical curves, oblique circles, and partial cylindrical sur-
faces that frequently appear in mechanical components.

Following the initial connectivity establishment, we im-
plement a graph-based refinement process to eliminate spu-
rious elements. Considering the wireframe as a 3D graph
G = (V, E) where vertices V represent 3D points and edges
FE represent primitive segments, we analyze the vertex de-
grees and primitive associations. Vertices with degree less
than 3 that are exclusively associated with line primitives
are identified as redundant artifacts, typically arising from
over-segmentation or noise in the projection analysis. These
vertices and their associated edges are systematically re-
moved, significantly improving the structural clarity of the
wireframe while preserving genuine geometric features.

2.5.3 Wireframe Optimization

The initial wireframe construction, while structurally
sound, often requires refinement to achieve CAD-quality
results. As comprehensively demonstrated in Figure 6, we
employ an iterative optimization framework that treats the
original 3D edge points as valuable prior knowledge for ge-
ometric validation and enhancement.

The optimization begins with spatial alignment (Figure

6a-b) to address potential discrepancies in scale, position,
and orientation between the reconstructed wireframe and
the input point cloud. We compute an optimal affine trans-
formation that minimizes the Hausdorff distance between
the wireframe and the edge points, ensuring proper registra-
tion for subsequent analysis. This alignment step is crucial
for handling cases where projection uncertainties or sam-
pling variations introduce systematic offsets.

We then establish a bidirectional consistency measure
between the wireframe primitives and the edge points, with
the identification phase visualized in Figure 6c¢:

¢ Point-to-Primitive Association: For each edge point
pi, we compute its minimum distance to all wireframe
primitives. Points within a threshold distance ¢ (typ-
ically set to 0.5-1.0% of the model’s bounding box
diagonal) are marked as supporting evidence for the
nearest primitive.

¢ Primitive-to-Point Support: Each primitive is eval-
uated based on the number of supporting edge points
within its proximity. Primitives with at least 7,,,;,, sup-
porting points (empirically set to 5-10 points depend-
ing on point density) are considered well-supported
and retained in the final model.

Redundancy Removal: The consistency analysis iden-
tifies redundant elements. The redundancy comprises prim-
itives with insufficient evidential support (unmarked primi-
tives shown as blue lines in Figure 6¢), which are typically
artifacts from over-connection or false primitive detection.
Redundant elements are then systematically removed (Fig-
ure 6d) to produce a minimal yet complete representation.

Completeness Enhancement: Regions with dense con-
centrations of unmarked edge points (visualized as red
spheres in Figure 6e) indicate structural elements missing
from the initial wireframe. We address these gaps through
a sophisticated completion pipeline that culminates in the
enhanced structure shown in Figure 6f:
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1. Point Cloud Segmentation: Unmarked points are
grouped into coherent clusters using an adaptive depth-
first search that considers both spatial proximity and
local curvature characteristics.

2. Multi-view Primitive Fitting: Each point cluster is
projected onto the three principal planes, and we per-
form robust primitive fitting in each 2D domain.

3. 3D Primitive Recovery: The 2D fitting results from
all views are consolidated using our hierarchical type
reasoning (Circle — Arc — Line). For each candi-
date primitive, we compute a consensus score based on
fitting quality across views and geometric consistency
with adjacent elements.

4. Structural Integration: Successfully recovered prim-
itives are integrated into the existing wireframe
through vertex merging and topological validation.
The integration process ensures watertight connectiv-
ity and maintains the manifold properties of the final
wireframe.

3. Experiments
3.1. Experimental Setup
3.1.1 Datasets and Implementation Details

We conducted comprehensive experiments across three key
components: SAM-based segmentation, 2D sketch analy-
sis, and 3D wireframe reconstruction. For each component,
we constructed specialized datasets to ensure optimal per-
formance.

SAM Fine-tuning Dataset: We constructed a special-
ized dataset derived from the ABC dataset [24] for fine-
tuning the Segment Anything Model (SAM). The dataset
construction process involved several key steps: First, we
processed thousands of 3D CAD models by extracting sharp
edges to generate wireframes. These wireframes were then
projected onto three orthogonal planes (front, top, and left
views) to create standard engineering views. Each projec-
tion was stored as parametric primitives (lines, arcs, circles)
in structured JSON files. We generated dense 2D point sets
through numerical sampling from these parametric equa-
tions, with random perturbations added to each point to
simulate real-world scanning noise. The point sets were
converted to 1024 x 1024 images through a visualization
pipeline that included line dilation, canvas centering, and
instance differentiation. This process yielded over 50,000
training images with instance-level annotations.

2D Sketch Analysis Dataset: For 2D sketch analysis,
we utilized the dataset provided by Vitruvion [13], con-
taining 200,000 standard 2D CAD sketches for training and
10,000 for testing. Each primitive was sampled with k = 25
points based on its parametric equations, with random noise

o] o]
o () o]lo o
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Input Prediction Input Prediction

Figure 7. Qualitative results of SAM-based segmentation on CAD
sketches

within [—o, 0] (¢ = 0.02) added to simulate real-world con-
ditions.

3D Wireframe Reconstruction Dataset: For 3D wire-
frame reconstruction, we utilized the ABC dataset [24] to
create a comprehensive benchmark. We selected 5,000 di-
verse CAD models covering various mechanical parts and
engineering components. From these models, we extracted
standard 3D wireframes by computing sharp feature edges
and structural curves. The dataset includes complex geo-
metric features such as holes, fillets, chamfers, and intricate
surface intersections. Each 3D wireframe serves as ground
truth for evaluating the reconstruction accuracy from point
clouds. To generate input point clouds, we sampled points
from the original CAD surfaces and applied realistic noise
patterns simulating laser scanner artifacts. The dataset is di-
vided into 4,000 models for training and 1,000 for testing,
ensuring adequate coverage of different geometric com-
plexities.

Implementation Details: All experiments were con-
ducted on a server with RTX 3090 GPU. We employed a
transfer learning strategy for SAM fine-tuning, freezing the
Image Encoder and Prompt Encoder while training only the
Mask Decoder. The model was trained using a combined
Binary Cross-Entropy and Dice loss, with prompts gener-
ated by randomly sampling up to 16 points from ground-
truth primitives. For PC-NET, we trained for 100 epochs us-
ing Adam optimizer with learning rate 0.00001, batch size
64, and loss weights wy;; = 10.0, weon, = 1.0. For the
3D reconstruction pipeline, we used the fine-tuned SAM for
initial segmentation and PC-NET for primitive extraction,
followed by our proposed three-view integration algorithm.

3.1.2 Maetrics

We employed comprehensive evaluation metrics for each
component. For SAM segmentation, we used mean
Intersection-over-Union (mloU) and boundary F-score. For
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Figure 8. PC-NET is compared with Vitruvion [

Table 1. SAM fine-tuning results on CAD sketch segmentation

Method mloU (%) Boundary F-score (%)
Vanilla SAM 46.6 35.5
Fine-tuned SAM 92.3 89.7

2D sketch analysis, we adopted Primitive Type Accuracy
(Acctype 1) and Chamfer Distance (C'D ) following PPI-
Net [5]. For 3D wireframe reconstruction, we used Cham-
fer Distance (C'D |) and Hausdorff Distance (H D |) as in
NerVE [17].

3.2. Comparison with State-of-the-Art Methods
3.2.1 SAM-based Segmentation Performance

Our fine-tuned SAM model demonstrates remarkable per-
formance on CAD sketch segmentation. As shown in Table
1, the model achieves 92.3% mloU and 89.7% boundary F-
score, significantly outperforming the vanilla SAM model
on engineering drawings. The qualitative results in Figure
7 show that our fine-tuned model accurately segments indi-
vidual geometric primitives even in complex sketch layouts,
maintaining clear boundaries between adjacent primitives.

The success of our SAM fine-tuning can be attributed to
several factors: First, the specialized dataset provides suf-
ficient and relevant training examples. Second, the partial
fine-tuning strategy preserves SAM’s powerful visual rep-
resentations while adapting to the specific characteristics of
engineering sketches. Third, the use of ground-truth points
as prompts during training effectively teaches the model
to associate prompt patterns with complete primitive in-
stances.

3.2.2 2D Sketch Analysis

We compare our PC-NET with Vitruvion [13] and PPI-Net
[5] on 2D sketch analysis. Quantitative results in Table 2

Input Vitruvion PPI-Net Ours GT

] and PPI-Net [5] on 2D CAD sketches.

Table 2. We compare our approach with PPI-Net [5] and Vitruvion
[13] on the 2D sketches obtained through the projection of the
edge point cloud.

Metrics
Model Accyype T | CD ]
Vitruvion [13] 86.51% 0.045
PPI-Net [5] 94.33% 0.037
Ours 96.78 % 0.011

show that our method achieves superior performance with
96.78% primitive type accuracy and 0.011 Chamfer dis-
tance.

The qualitative comparison in Figure 8 reveals distinct
advantages of our approach. Vitruvion’s autoregressive
generation suffers from error accumulation, as visible in
columns 2 and 7, where errors in early steps propagate to
affect subsequent primitive extraction. PPI-Net, based on
DETR detection framework, shows limitations in handling
small primitives and establishing stable primitive relation-
ships, leading to omissions and weak connections (columns
3 and 8).

In contrast, our PC-NET processes 2D point sets through
simultaneous primitive fitting and constraint estimation.
This integrated approach avoids error propagation while
maintaining strong connections between primitives. The re-
sults in columns 4 and 9 demonstrate complete primitive
extraction with proper geometric relationships.

3.2.3 3D Wireframe Reconstruction

For 3D wireframe reconstruction, we compare with SED-
Net [26] and NerVE [17]. As shown in Table 3, our
method achieves significantly better metrics (CD: 0.013,
HD: 0.023), demonstrating the advantage of our three-view
projection approach.

The visual comparison in Figure 9 provides insights into
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NerVE

Figure 9. Compare with state-of-art methods to achieve wireframe reconstruction from point clouds.

Table 3. Quantitative comparisons on parametric curve extraction.

Metrics
Model CD| | HD|]
SED-Net [26] | 0.049 | 0.157
NerVE [17] 0.024 | 0.075
Ours 0.013 | 0.023

the performance differences. SED-Net (Column 2) suffers
from incomplete wireframes due to imperfect instance seg-
mentation. NerVE (Column 3) produces overly smooth
transitions and misses sharp features due to its volumetric
representation. Our method (Column 4) preserves sharp
features and complete structures by leveraging the comple-
mentary information from three views and incorporating ge-
ometric constraints.

3.3. Ablation Studies
3.3.1 Effect of SAM Fine-tuning

We ablate the importance of SAM fine-tuning by compar-
ing segmentation performance before and after adaptation.
As shown in Table 1, the fine-tuned model improves mloU
by 45.7% and boundary F-score by 54.2% over the vanilla

10

Table 4. We compare the impact of the presence or absence of
constraint branch on our fitting-based network.

Metrics Accrype T | CD |
loss i 96.23% 0.017
loss it +108Scon | 96.78% 0.015

SAM. This significant improvement demonstrates that do-
main adaptation is crucial for handling the unique charac-
teristics of engineering sketches, such as precise boundaries
and structured geometric patterns.

3.3.2 Effect of Constraint Branch

The constraint branch in PC-NET plays a vital role in main-
taining geometric relationships. Table 4 shows that incor-
porating constraints improves both primitive type accuracy
(96.23% t0 96.78%) and Chamfer distance (0.017 to 0.015).
The additional ablation in Table 5 demonstrates that apply-
ing constraints to fitted primitives further improves Cham-
fer distance to 0.011, confirming that constraints enhance
parametric accuracy without affecting type classification.
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Table 5. We compared the impact on the metrics before and after
applying constraint relationships to the primitives.

Metrics Accrype T | CD ]
Without constraint | 96.78% 0.015
With constraint 96.78 % 0.011

N
| T ]

Initial Wireframe

Optimization Wireframe

Figure 10. The qualitative analysis of the impact of wireframe op-
timization algorithms on the reconstruction of wireframe quality.

Table 6. Quantitative analysis of wireframe reconstruction results
using optimization algorithms.

Metrics CD|] | HD |
Before Optimization | 0.039 | 0.082
After Optimization | 0.013 | 0.023

Table 7. Quantitative comparison under different point cloud noise
conditions: X = {0.05,0.01,0.015}.

Metrics
Noise CD| | HD]
X=0.015 | 0.033 | 0.057
X=0.010 | 0.025 | 0.035
X=0.005 | 0.017 | 0.028

3.3.3 Effect of Wireframe Optimization

Our wireframe optimization algorithm significantly refines
the reconstruction results. Table 6 shows improvements
from CD: 0.039 to 0.013 and HD: 0.082 to 0.023 after op-
timization. Figure 10 visually demonstrates how the op-
timization removes redundant elements while completing
missing structures, resulting in cleaner and more accurate
wireframes.

3.4. Robustness Analysis

We evaluate robustness under challenging conditions in-
cluding noise and sparsity. Table 7 and Figure 11 show that
our method maintains reasonable accuracy (CD: 0.033, HD:
0.057) even with significant noise (X = 0.015). Under
point sparsity (Table 8, Figure 12), with only 50% of edge
points, our method still achieves CD of 0.031 and HD of
0.047, demonstrating strong robustness.

The robustness stems from multiple factors: the noise-
augmented training data prepares the model for real-world
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Figure 11. Qualitative analysis results under different point cloud
noise conditions: X = {0.05,0.01,0.015}.

Y=85% Y=170% Y=50% GT

Figure 12. Qualitative analysis results under different edge points
sparse conditions: Y = {85%, 70%,50%}.

Table 8. Quantitative analysis results under different edge points
sparse conditions: Y = {85%, 70%,50%}.

Metrics
Sparse | CD | | HD |
Y=85% | 0.021 | 0.025
Y=70% | 0.027 | 0.031
Y=50% | 0.031 | 0.047

conditions; the three-view approach provides redundant in-
formation that compensates for missing data; and the ge-
ometric constraints help maintain structural integrity even
with incomplete inputs.

3.5. Computational Efficiency

Our complete pipeline demonstrates practical efficiency
for real-world applications. The SAM-based segmentation
processes 1024 x 1024 images in near real-time ( 0.5s per
image). PC-NET processes segmented point sets efficiently
( 0.1s per view), and the three-view integration completes
within 2-3 seconds for typical CAD models. This efficiency,
combined with the accuracy improvements, makes our ap-
proach suitable for industrial applications in reverse engi-
neering and digital manufacturing.

4. Conclusion

In this paper, we have presented a novel framework
for high-quality 3D CAD wireframe recovery from point
clouds. Our approach introduces several key innovations: a
three-view projection paradigm that transforms complex 3D
reconstruction into manageable 2D analysis tasks; PC-NET,
an end-to-end network that simultaneously performs para-
metric primitive fitting and geometric constraint estimation;

1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187



1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241

CVM PAPER ID: 634.

and an effective strategy for adapting foundation models to
engineering domains through targeted fine-tuning. This in-
tegrated framework enables precise reconstruction of CAD
wireframes that faithfully represent real-world objects with-
out manual intervention.

Extensive experimental validation demonstrates our
method’s superiority over state-of-the-art approaches in
both 2D sketch analysis and 3D wireframe reconstruction.
The method maintains robust performance under challeng-
ing conditions including noise and point sparsity, while
achieving computational efficiency suitable for practical in-
dustrial applications in reverse engineering and digital man-
ufacturing.

Limitations and Future Work. While our method
shows compelling results, several limitations warrant fu-
ture investigation. The current implementation focuses on
five common constraint relationships; extending this to in-
clude more complex constraints such as tangent and con-
centric relationships would enhance applicability. Addi-
tionally, though circles account for most closed segments
in typical CAD datasets, supporting other primitives like el-
lipses and splines would improve generality. Future work
will also explore integrating wireframe reconstruction with
surface modeling for complete B-Rep generation, and ex-
tending the framework to handle dynamic scenes for manu-
facturing process monitoring.
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