SFD-Net: Sharp Feature Detection Network
Based on Local Geometric Features
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Abstract. Reliable detection of sharp features in point clouds—Iloci
where the surface-normal field is discontinuous—remains challenging un-
der increased local density variation and noise. SEFD-Net couples a com-
pact multi-scale Local Geometric Descriptor (LGD) with an enhanced
PointNet++ backbone. LGD aggregates second-moment statistics of sur-
face normal differences at three nested neighborhood scales, yielding
rigid-motion- and scale-invariant cues that remain stable under joint
noise and spacing variability. On the ABC benchmark, SFD-Net achieves
state-of-the-art F1-score and competitive False Positive Rate (FPR) across
four noise conditions under a consistent evaluation setup. LGD fur-
ther improves competitive detectors in a plug-and-play manner with-
out architectural changes, and transfer to Stanford Large-Scale 3D In-
door Spaces (S3DIS) confirms generalization to real scans. Downstream
applications potentially benefit from more reliable feature localization.
Our source code and pretrained models are publicly available at https:
//github. com/inyoungoh-cde/SFD-Net.

Keywords: Point cloud - Sharp feature detection - Local geometric de-
scriptor - Density variation - Multi-scale normal statistics

1 Introduction

Point clouds are the native output of depth cameras, LiDAR scanners, and
structured-light systems, and they underpin a broad range of 3D perception
tasks, including semantic segmentation [25//26,32], object detection [23,42], sur-
face reconstruction |16,[33|, wireframe generation [5}/40}/41], and autonomous
driving [17)/30]. Unlike meshes or voxels, point sets carry no explicit topology;
thus, any local geometric computation—mnormal estimation, curvature, feature
detection—depends entirely on neighborhood quality. When neighborhoods be-
come irregular due to noise or increased local spacing variability, even simple
differential quantities can become unreliable.
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Fig. 1: Comparison of sharp feature detection paradigms. All three paradigms map a
shared input point cloud to the same sharp-feature-detection task, differing only in the
intermediate stage. Unlike hand-crafted geometric analysis (a) and raw-coordinate deep
learning (b), the proposed SFD-Net (c) adopts geometric-guided learning that, from
the same local neighborhood, jointly extracts multi-scale local geometric descriptors
(green) and raw point features (pink) and feeds them into a deep learning backbone,
combining the stability of classical geometry with the discriminative power of learned
representations.

Among all geometric structures on a surface, sharp features, as shown in Fig-
ure [} are particularly important. A sharp feature is a locus where the surface-
normal field is discontinuous; equivalently, G' continuity fails and the tangent
plane changes abruptly [29]. Creases at patch intersections and corners where
several patches meet are canonical examples. Reliable identification of these
structures in point clouds is a prerequisite for robust separation of faces, edges,
and corners, and it directly improves downstream estimation of differential quan-
tities |7], mesh reconstruction |20,43|, and boundary-aware semantic segmenta-
tion [81[9,/28]. Despite its importance, sharp feature detection remains an open
problem whenever inputs deviate from the clean, dense regime assumed by most
prior methods.

Learning-based detectors routinely achieve high accuracy on clean, densely
sampled benchmarks; however, two correlated perturbations expose a fundamen-
tal weakness. First, measurement noise corrupts local normal estimates, desta-
bilizing the differential cues on which detection depends. Second, point subsam-
pling increases the spread of local k-NN spacing. Although uniform random thin-
ning is used to reduce the point count and the selection is uniform, the resulting
point set exhibits a broader distribution of local k-NN spacing, thereby increas-
ing local density variation. This spacing variability renders neighborhood-based
statistics inconsistent: fine-scale features may fall entirely outside small neigh-
borhoods, while large neighborhoods over-smooth the discontinuities that define
sharp features. Both perturbations co-occur in practical scanning pipelines, yet
existing methods rarely address their joint effect. Additionally, sharp features
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constitute a small minority class, so standard objectives bias predictions toward
the dominant non-sharp class, resulting in low recall for these rare but critical
points.

We present SFD-Net, a two-stage framework that addresses these gaps through
a compact Local Geometric Descriptor (LGD) paired with an enhanced Point-
Net-++ [26] backbone. LGD estimates Principal Component Analysis (PCA) [12]
normals at three nested k-NN scales and aggregates second-moment statistics
of normal differences into a 3D isotropy index per scale. By operating on nor-
mal differences rather than raw coordinates or normals alone, LGD is invari-
ant to rigid motion and global scale, insensitive to normal sign ambiguity, and
stabilized across spacing variability through its multi-scale structure. The de-
scriptor is concatenated with raw coordinates and processed by a PointNet+-+
augmented with two lightweight Transformer encoder blocks and a composite
Focal Tversky |1|-Dice loss [31] tailored for severe class imbalance. Critically,
LGD is architecture-agnostic: it can be prepended to any backbone that accepts
per-point feature channels, enabling plug-and-play improvement of existing de-
tectors.

Extensive evaluations on the ABC benchmark [18] demonstrate that SFD-
Net achieves state-of-the-art Fl-score across four noise conditions with density
variation. LGD provides consistent F1 and False Positive Rate (FPR) improve-
ments when prepended to PointNet++, RepSurf [27], and EDWG [41] without
architectural modifications, and models trained on ABC CAD data generalize
effectively to real S3DIS [2]| scenes.

Contributions. We highlight our main contributions below:

— Robustness under density variation and noise. LGD maintains sta-
ble feature discrimination under increased local k-NN spacing variability in-
duced by uniform random thinning and under additive Gaussian noise across
multiple severity levels.

— Plug-and-play improvement. Prepending LGD to PointNet++, RepSurf,
and EDWG improves Average F1 and FPR in all cases without modifying
backbone architectures.

— Fair comparison under a consistent evaluation setup. All baselines
share the same dataset split, the same uniform random thinning and noise
procedure, and are retrained from scratch, ensuring evaluation differences
reflect model quality rather than experimental conditions.

— Downstream applicability. The improved localization accuracy of sharp
features benefits tasks such as wireframe generation [41], registration [34],
and boundary-aware semantic segmentation [3].

2 Related Work

Sharp-feature detection on point clouds intersects three research threads: clas-
sical geometry-based feature extraction, deep learning on unstructured point
sets, and learning-based edge and boundary detection. We survey each in turn,
emphasizing how robustness to density variation and noise has been treated.
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Classical geometry-based detection. Farly methods derive feature indicators from
local differential quantities computed over k-NN or radius neighborhoods. Sur-
face variation—the ratio of the smallest PCA eigenvalue to the eigenvalue sum—is
an efficient and widely used descriptor [24], but its zero breakdown point under
the sample mean makes it sensitive to outliers and neighborhood irregulari-
ties |14]. Subsequent variants analyzed eigenvalue distributions under varying
noise [3], used normal curvature from quadratic fitting [44], improved normal es-
timation via candidate-set optimization [45], and replaced fragile moments with
robust location estimators [19]|. Local quadric fitting provides access to Gaus-
sian and mean curvatures via fundamental forms [22|, while normal-statistics
thresholding has been combined with learning in hybrid pipelines [13]. Beyond
purely local statistics, graph-spectral methods resample point clouds via high-
pass graph filtering to emphasize contours and other high-frequency structures,
extracting sharpness cues without explicit normal estimation [6]. Despite their
efficiency, these methods rely on manually tuned thresholds and fragile normal
estimates, and their reliability degrades when sampling density varies spatially
alongside noise.

Deep learning on unstructured point clouds. Representative architectures are
surveyed along the progression from point- to edge- to surface-level geomet-
ric reasoning, and further to multilayer perceptron (MLP)- and attention-based
global designs. PointNet pioneered permutation-invariant processing of raw co-
ordinates via shared MLPs and global pooling [25], and PointNet++ extended
it with hierarchical multi-scale grouping that improves robustness to moderate
density variation. DGCNN dynamically constructs k-NN graphs in feature space
and applies EdgeConv for local relational encoding, improving boundary delin-
eation at the cost of sensitivity to noisy or uneven neighborhoods [36]. RepSurf
enriches inputs with lightweight triangular and umbrella surface priors around
each point, boosting accuracy with small overhead while inheriting k-NN vul-
nerability to sampling irregularities. PointMLP replaces explicit geometric ex-
tractors with residual MLP stacks and a geometric affine normalization module,
yielding fast inference but limited performance on tasks requiring precise cur-
vature or topology reasoning [21]. Transformer-based designs, including Point
Transformer [46], extend context modeling beyond local neighborhoods, provid-
ing strong backbone baselines for dense prediction. More recent designs inject
geometric structure into learning: CurveNet aggregates features along learned
point curves to capture local continuity [37], while GDANet disentangles each
shape into sharp and gentle geometric components through attention for com-
plementary understanding [39]. Despite this progress, sharp-feature detection
remains challenging because target regions are sparse and neighborhood-derived
cues can collapse to single-class predictions under joint density variation and
noise.

Learning-based edge and sharp feature detection. Several methods specifically
target edges, corners, or boundaries in point clouds. EC-Net extends Point-
Net++ with an edge-aware loss to improve edge localization [43]. PIE-Net uses
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Fig. 2: Overview of SFD-Net. Stage 1 builds a 3D descriptor ¢, per query point via
(Step 1) PCA normals at three nested k-NN scales, (Step 2) weighted second moments
of normal differences Z‘§S), and (Step 3) per-scale isotropy indices concatenated into
¢,. Stage 2 concatenates ¢, with raw coordinates and feeds an enhanced PointNet++
trained with a class-imbalance loss for point-wise sharp feature detection.

a two-stage PointNet++ pipeline with focal loss for sparse edge detection [35].
PCEDNet encodes multi-scale geometric cues into a compact representation for
efficient edge classification [11]. NerVE learns volumetric edge representations
combining PointNet++-, convolutional neural networks (CNNs), and graph edge
convolution [48|. BoundED uses lightweight geometric-statistics-based features
for efficient boundary and edge detection [4]. SFC-Net refines sharp feature lo-
calization through displacement-based iterative consolidation [47]. MSL-Net uses
normal-angle descriptors for sharp feature detection over k-NN neighborhoods
with a lightweight MLP [15]. EdgeFormer combines handcrafted geometric fea-
tures with Transformer-based attention [38]. EDWG integrates multi-scale fea-
ture fusion and attention for edge detection and wireframe reconstruction.

Summary and gap. Despite substantial progress, two gaps remain. First, most
learning-based detectors rely on neighborhood-derived normals or coordinates
without explicit stabilization against joint density variation and noise, causing
degradation when spacing becomes irregular. Second, descriptor-level improve-
ments are rarely evaluated in a plug-and-play fashion across multiple architec-
tures. Our LGD is designed to fill both gaps: it stabilizes multi-scale second-
moment statistics of normal differences and is architecture-agnostic, enabling
consistent improvement across different backbones under a consistent evaluation
setup.
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3 Method

Figure [2| outlines the two-stage SFD-Net pipeline. Stage 1 computes a com-
pact LGD ¢, € R3 for every point from multi-scale PCA normal statistics.
Stage 2 concatenates LGD with raw coordinates and feeds the result to an en-
hanced PointNet++ backbone trained with an imbalance-aware objective. LGD
is architecture-agnostic: it attaches to any backbone that accepts per-point fea-
ture channels, requiring no architectural modification.

3.1 Problem Setup

Let P = {pi}ZN=1 C R3 be an unordered point set. Each point p; carries a binary
label y; € {0,1} indicating sharp (y;=1) or non-sharp (y;=0). Following geomet-
ric modeling conventions, a sharp feature is a locus where the surface-normal
field is discontinuous (G! continuity fails); in discrete point clouds this man-
ifests as abrupt orientation changes in neighborhood-based normal estimates.
The goal is to predict g; € {0,1} for all points under noisy measurements and
degraded neighborhood regularity caused by increased local spacing variability.

3.2 LGD: Multi-Scale Normal-Difference Isotropy

Three empirical obstacles motivate LGD. First, purely coordinate-based covari-
ances conflate positional scale and sampling density, so curvature surrogates
fluctuate when neighborhoods are sparse or irregular. Second, a single neighbor-
hood size forces a brittle trade-off between responsiveness to thin features and
stability on coarse or noisy regions. Third, explicit normal orientation alignment
introduces branch-dependent behavior near sharp features. LGD addresses all
three by estimating normals at three nested supports, aggregating differences of
these normals, and summarizing the resulting distribution via an isotropy index
with a clear geometric interpretation.

Neighborhoods and nesting. Let ko be the largest neighborhood size, with ky <
k1 < ko. For each point p;, a single k2-NN query returns neighbors ordered by
increasing Euclidean distance, and nested subsets are extracted as prefixes:

Ns(i) = kNN(p;; ks), s€{0,1,2}, (1)
guaranteeing Ny (i) C N1(7) C Na (i) without additional queries.

Step 1: PCA normals at three scales. For scale s and point p;, center the neigh-
borhood: f)gs) = ki Zje/\/s(i) p;. The local covariance is

s _(s _ (4 K . s K s)T
c” = 3 (p;-p7)p; - )T = Q) diag(M AL A QT (2)
JEN(3)

with ordered eigenvalues )\1(51) < )\1(52) < )\1(53) . The unit PCA normal is the
(s) (s)

minimum-eigenvalue eigenvector: n;”’ = qQ1- No orientation propagation is ap-
plied; only unit directions are retained, enabling flip invariance.
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Step 2: Weighted second moments of normal differences. Sharp features manifest
as directional changes of local surface orientation, so LGD encodes pairwise
normal differences

Anz(‘;) — ngs) _ nl(s) ER3, je N (0), (3)
()
ij
size informative differences while remaining well-defined when Anl(;) = 0. The
normalized weighted second-moment tensor is

with magnitude-squared weights wl(;) = |An;?|13 + € (6w > 0) to empha-

s 1 s s s)T s s
Ez(‘ = (s) Z wz(j) Anz(‘j)Anz('j) ) Zz‘( )= Z wz(j) te,  (4)
27 Jena(i) JEN(4)
(s)

9

with €, > 0 preventing division by zero. By construction, X
definite.

is positive semi-

Invariance. Consider a similarity transform T'(x) = cRx+t (¢ > 0, R €
"(s) _

i

SO(3)). Centering in Eq. removes t, and the covariance maps to C

cQRCZ(-S)RT. Scaling all eigenvalues equally by c? leaves the eigenvectors un-
"(s) _

changed up to rotation, so the minimum-eigenvalue normal becomes n;

:l:Rngs). Hence Anggs) = :tRAnE;) and, since the unit normals carry no scale,

2;(3) = RE%S)RT, whose eigenvalues—and thus each wi(s) and the descriptor
¢;—are unchanged. The =+ cancels in the outer product AnAn", yielding scale,
rigid-motion, and flip invariance; we confirm this empirically in the supplemen-
tary.

Step 3: Per-scale isotropy index and concatenation. Let ufsl) < ,u£s2) < ug) be

the eigenvalues of EES). On a locally planar patch, normal differences are nearly

collinear (Z’Z(-S) has one dominant eigenvalue), whereas near a crease or corner

the difference vectors span multiple directions and the spectrum becomes more
isotropic. The isotropy index

(s)

W —1_ Hi3

. (s) (s) (s)

Hii + Hig + HG3

€10,1) (5)

increases as directional spread grows. The three scale-specific responses are con-
catenated into the final descriptor:
0 1 2 :

¢ = [wz( )a wi( )a wz( )] eR’. (6)
The three scales play complementary roles: the smallest support (ko) provides
high spatial acuity for narrow creases; the intermediate (k;) balances localization
and stability; the largest (ko) suppresses variance from noise or local undersam-
pling. Together they supply discriminative cues that remain stable as local k-NN
spacing variability increases.
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3.3 Enhanced PointNet+-+ Backbone

The per-point input is formed by concatenating coordinates and LGD:
w; = [p; || ¢;] € R (7)

Any detector can ingest u; without modification. For the main SFD-Net in-
stantiation, a PointNet++ encoder-decoder is used with two lightweight Trans-
former encoder blocks inserted to capture non-local dependencies that bounded-
neighborhood PointNet blocks cannot model: (i) after the first Set Abstraction
stage (dmode1=96, 6 heads, 2 layers, sequence length N1 =1024) for cross-patch ag-
gregation before aggressive downsampling, and (ii) after the first Feature Propa-
gation stage (dmode1=256, 8 heads, 2 layers, resolution N3=64) to reinforce cross-
scale consistency during upsampling. Each block follows the standard multi-head
attention — feed-forward — residual — layer-norm structure with feed-forward
width 4d,04e1 and dropout 0.1. The dual Transformer placement jointly improves
sharp-feature sensitivity by allowing information flow across distant regions in
the coarse hierarchy and refining boundary evidence as features are propagated
to dense points.

3.4 Imbalance-Aware Composite Objective

Sharp feature points are a sparse minority (typically 1-10% of all points), so
standard cross-entropy biases predictions toward the dominant non-sharp class.
A composite of Focal Tversky and Dice losses is adopted to explicitly balance
false positives and false negatives while stabilizing overlap optimization. Let
p; € [0,1] and y; € {0,1} denote the predicted probability and ground-truth
label for the sharp class. Define soft counts:

TP :Zpiyi’ FP Zzpi(l—yi% FN :Z(l_pi)yi- (8)

The Tversky index and Focal Tversky loss are

TP + ¢

TI =
TP +aFP + BFN +¢’

Lyr = (1-TI)", 9)

where «a, 8 > 0 weight false positives and false negatives, v > 0 focuses on hard
examples, and € > 0 is a numerical stabilizer. The Dice loss is
_ 2 Zi PiYi + €

Zi pi + Zl Yi + €

£Dice = <1O>

The total objective is
L = A1 LT + A2 LDices;  A1,A2 >0, (11)

with all hyperparameters (A1, A2, o, 3,7, €) reported in the supplementary mate-
rial. The Focal Tversky term explicitly controls the FP-FN balance under severe
class imbalance, while the Dice term directly maximizes overlap; together they
improve both sharp-feature recall and boundary precision.
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4 Experiments

4.1 Datasets and Evaluation Metrics

Synthetic Dataset: ABC. All experiments use the ABC dataset [18], a large-scale
benchmark of parametric CAD objects with point-wise ground-truth sharp fea-
ture labels. From chunk_0000 (7,168 models), 1,000 models are selected following
a scheme similar to MSL-Net and partitioned into 400 (train), 90 (validation),
and 510 (test).

For each model, 10,000 points are retained via uniform random sampling
without replacement—matching the point count used in MSL-Net and EDWG.
Although the selection is spatially unbiased, the resulting point set exhibits
increased local k-NN spacing variability, introducing realistic density variation
without the spatial artifacts of voxel or grid filters. Spacing-distribution statistics
are provided in the Supplementary. Gaussian noise is then added following the
PCPNet |10] data-generation procedure: per-point, per-axis perturbations

f)i =p; + n;, n; ~ N(07 (UrelL)QI?))v (12)

where L is the bounding-box diagonal and o, € {0.00125,0.006,0.012} defines
small (~0.12%), medium (0.6%), and large (1.2%) noise levels relative to L.
This yields four evaluation conditions: ABCone (density variation only) and
ABCq 1299, ABCq g%, ABCq 29 (with progressively increasing noise).

Real Dataset: S3DIS. The S3DIS benchmark |2| comprises point clouds of large-
scale indoor scenes annotated with 13 semantic categories. Since point-wise sharp
feature labels are not available, pseudo-labels are derived following [8]: a point
is labeled sharp if at least one of its four nearest neighbors (k=4) belongs to
a different semantic category, and non-sharp otherwise. This dataset is used
exclusively for zero-shot generalization evaluation; no S3DIS data is used during
training.

Metrics. Primary metrics are Average Fl-score (1) and FPR (}). In all tables,
bold = best and underline = second best.

4.2 Implementation Details

All experiments are implemented in PyTorch on an NVIDIA RTX 3090 GPU.
Each density-varied cloud (10K-point cap; Sec. 4.1) is subsampled to only 500
points per forward pass; following the PointNet+-+ setup, this deliberately small
budget stress-tests sharp-feature recovery from sparse input, a low-density regime
in which prior detectors degrade [15]. All methods use this budget except Rep-
Surf, whose architecture takes no fixed input size and follows its original design.
We train for 200 epochs (batch size 16, Adam, learning rate 1073, cosine anneal-
ing warm restarts with Ty=10, Tyu1=2, minimum 10*5). Baselines are trained
from scratch on the same data following their original papers, with batch size
varying by hardware and all other hyperparameters fixed; for MSL-Net, unspec-
ified hyperparameters match SFD-Net.
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Fig. 3: Per-point geometric feature responses on ABCpone for three representative mod-
els (3275, 121, and 30). Columns: Ground Truth, M1-M6, and the proposed LGD.
Color encodes normalized response in [0,1] (blue=0; red =1). M1: PCA-based [24];
M2: normal-curvature [44]; M3: edge-statistics [13]; M4: robustness-oriented [19]; M5:
MSL-Net ; M6: EdgeFormer , Additional visualizations are provided in the sup-
plementary material.

4.3 Main Comparison on ABC

Figure [3] visualizes per-point geometric feature responses on ABCyope for three
representative models, comparing LGD against four alternative descriptors (M1-
M4) and two learning-based methods (M5, M6). Color encodes normalized re-
sponse magnitude (blue =0, red = 1). The target behavior is twofold: suppressed
responses on non-sharp regions and concentrated high responses along sharp
feature bands. Among all compared methods, only M1 and the proposed LGD
consistently achieve both criteria across all three models. M2 and M3 exhibit
responses leaking into flat faces; M5 produces an inverted trend near sharp fea-
tures; M4 and M6 fail to align with ground-truth sharp bands on model 121.
LGD achieves the strongest combination of sharp-feature concentration and non-
sharp suppression, providing discriminative geometric cues prior to any learning
stage.

We conduct experiments on the ABC dataset under four conditions com-
bining density variation and progressively increasing noise levels. As shown in
Table [I, SFD-Net achieves the best Fl-score in all four settings, ranging from
61.33% (ABChone) to 57.05% (ABCj 29 ). The second-best method in every con-
dition is MSL-Net , which SFD-Net surpasses by 1.92, 1.31, 2.51, and 4.31
percentage points, with the largest margin (4.31 pp) occurring at the highest
noise level (ABCy 9%).

Generic backbones—PointNet++, DGCNN, and PointMLP—achieve near-
random FPR (x50%), reflecting a strong bias toward the majority non-sharp
class under class imbalance. RepSurf performs competitively under clean and
low-noise conditions (F1: 55.23 and 57.16) but degrades noticeably at higher
perturbation levels (48.17 at ABCj »9), suggesting instability when local geo-
metric statistics become unreliable.
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Table 1: Comparison on ABC dataset (%). Average F11 and FPRJ across four noise
conditions (density variation applied to all); Average = arithmetic mean of Non-sharp
and Sharp class metrics. Bold: best; underline: second best. Full per-class results are
provided in the supplementary material.

Method ABChnone ABCy.12% ABCy. 6% ABC; 29
F1t  FPRy  F1t  FPRy  F1t  FPRy  F1}  FPRY
PointNet++ |26] 50.89 48.57 55.02 45.88 49.03 49.35 50.21 49.01
DGCNN |36] 49.89 48.90 50.65 48.51 48.44 49.58 47.53 49.99
RepSurf |27‘ 55.23 45.96 57.16 43.06 54.21 46.55 48.17 49.73
PointMLP [21] 54.59 46.30 47.53 50.00 47.52 50.01 47.65 49.94
PIE-Net |35] 52.55 38.50 52.44 37.35 47.61 40.54 49.56 39.33
BoundED |4] 48.12 49.88 47.98 49.94 47.97 49.90 47.70 49.98
SFC-Net [47] 47.92 49.84 48.64 49.53 48.27 49.69 48.03 49.80
MSL-Net [15] 59.41 29.83 59.11 30.79 56.11 36.23 52.74 47.53
EdgeFormer |38] 52.04 31.24 48.66 33.95 34.99 45.16 28.13 48.55
EDWG |41] 54.95 46.06 54.93 46.07 48.20 49.81 47.76 49.90
SFD-Net (ours) 61.33 36.93 60.42 39.76 58.62 40.88 57.05 41.94

Among task-specific methods, PIE-Net maintains consistently low FPR, (37.35—
40.54%) yet yields only mid-range Fl-scores (47-52%), indicating that its con-
servative predictions suppress false positives at the cost of sharp-feature recall.
EdgeFormer attains a low FPR under clean conditions (31.24%) but collapses un-
der moderate-to-large noise (F1: 34.99 and 28.13 at 0.6% and 1.2%), revealing a
critical fragility to joint density variation and noise. MSL-Net attains the second-
best F1-score across all four conditions (59.41/59.11/56.11/52.74) while keeping
FPR low under clean and low-noise settings, though its FPR rises markedly at
the largest noise level (47.53 at ABC; 59) as detection becomes unreliable.

SED-Net keeps FPR competitive while consistently leading in F1-score, demon-
strating that stabilizing local geometric descriptors under k-NN spacing variabil-
ity effectively improves robustness without sacrificing sharp-feature recall.

This behavior is further confirmed in the qualitative comparison of Fig.[d] On
model 4654 (circular sharp boundaries), generic backbones such as PointNet++,
DGCNN, and PointMLP detect almost no sharp features, reflecting a strong
bias toward the majority non-sharp class. Task-specific methods such as PIE-
Net and BoundED improve recall but generate excessive false positives across
smooth surfaces, failing to distinguish sharp boundaries from non-sharp regions.
On model 5251 (rectilinear sharp boundaries), the same pattern holds: generic
backbones produce sparse or empty detections, while over-detecting methods
lack spatial selectivity. In contrast, SFD-Net recovers the circular boundaries of
model 4654 and the straight edges of model 5251 with spatial coherence closest
to ground truth, while suppressing spurious responses on non-sharp surfaces.

4.4 Plug-and-Play LGD Evaluation

LGD improves both Average F1 and FPR across all three backbones on ABCjope
without any architectural modification (Table. Gains in F1 range from +4.05 pp
(RepSurf) to +7.00 pp (PointNet++), while FPR decreases by 2.62-9.08 pp, con-
firming that LGD provides complementary geometric cues that generalize across
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Fig. 4: Qualitative comparison on ABChone for two representative models (4654: curved
boundary object; 5251: rectilinear boundary object). Ground truth shows sharp feature
points only; red points indicate predicted sharp features. Additional visualizations in
the supplementary materials validate generalization.

backbone architectures. Notably, LGD + EDWG approaches SFD-Net perfor-
mance (60.80 vs. 61.33 F1), suggesting that the multi-scale isotropy descriptor
is the primary driver of SFD-Net’s gains over the baseline EDWG.

4.5 Ablation Study

Table [3] ablates three design axes of SFD-Net on ABCjope.

Removing LGD entirely (a) incurs the largest single F1 drop of —2.78 pp, con-
firming that geometric descriptors are the primary contribution. Using a smaller
scale set (b) or replacing per-scale concatenation with averaging (c) both degrade
F1, validating the choice of nested scales k€{20,40, 80} with concatenation.

Among Transformer placements, the dual SA + FP configuration outperforms
both single-position variants (e, f) and the Transformer-free baseline (d) in F1,
confirming that cross-patch aggregation and cross-scale consistency are comple-
mentary.

For the loss, Cross-Entropy (i) yields the highest FPR (40.85%), while Dice
alone (h) achieves the lowest FPR (36.80%) but reduces F1 to 59.16%. The
composite Focal Tversky-Dice objective attains the best F1 (61.33%) with near-
optimal FPR (36.93%), demonstrating that jointly optimizing overlap and false
positive control is essential under severe class imbalance.

4.6 Generalization to Real Scans

Figure [5| shows zero-shot sharp feature detection on Area_1_hallway_4 (363K
points), where the model trained on ABCjoye is applied directly without re-
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Table 2: Plug-and-play evaluation of LGD on ABChpone (%). LGD is prepended to
existing backbones without architectural modification. AF1 and AFPR report abso-
lute change over the corresponding baseline (1 improvement; | degradation). Bold:
best; underline: second best. Full per-class results are provided in the supplementary
material.

Method F11 FPR] AF1 AFPR
PointNet++ 50.89 48.57 — —
LGD + PointNet++ 57.89 43.70 17.00 14.87
RepSurf 55.23 45.96 — —
LGD + RepSurf 59.28 43.34 14.05 12.62
EDWG 54.95 46.06 — —
LGD + EDWG 60.80 36.98 15.85 19.08
SFD-Net (ours) 61.33 36.93 — —

Table 3: Ablation study on ABCrone (%). Each row isolates one design choice while
keeping all others fixed to the full SFD-Net configuration. Input dimensionality is noted
in parentheses (ch = channels). Bold: best; underline: second best. Loss-term weights
and all other hyperparameters are reported in the supplementary material.

Category Module Variant FPR| F1r
(a) Coordinates only (3ch) 41.08 58.55

Geom. Prior Descriptor (b) ke{10,20,40} (6¢h) 38.87 61.16
(c) Averaged descriptor (4ch) 38.87 60.05

(d) No Transformer 37.60 61.01

Transformer (e) FP only 38.32 60.02

Network (£) SA only 39.91 60.18
(g) Focal Tversky only 38.14 59.93

Loss (h) Dice only 36.80 59.16

(i) Cross-Entropy 40.85 60.58

SFD-Net (full) 36.93 61.33

training. Because point-wise sharp labels are unavailable for real scans, we re-
port pseudo-label-based metrics with appropriate caveats: as the pseudo-labels
are derived from semantic-category boundaries, they capture only coarse object-
level edges and tend to penalize fine geometric detections as false positives, so
the absolute scores understate true detection quality. Under this proxy, SFD-Net
attains the best F1 and FPR among the compared methods (Table . Quan-
titative metrics are reported on the standard Area 5 test split, following the
conventional S3DIS protocol; since no S3DIS data is used for training, the quali-
tative scenes shown here and in the supplementary material (drawn from Areas 1
and 2) serve only for visual illustration and are independent of the Area 5 evalua-
tion fold. Qualitatively, most baselines fall into one of two failure modes: generic
backbones such as RepSurf, PointMLP, and SFC-Net detect almost no sharp
structures, while DGCNN, PIE-Net, and EDWG generate pervasive false posi-
tives across flat surfaces. SFD-Net avoids both failure modes, recovering struc-
tural boundaries with spatial coherence comparable to the ground truth while
suppressing spurious activations. These results confirm that local geometric re-
lations learned from 10K-point CAD instances transfer reliably to real scenes



14 I. Oh and K. H. Ko

Ground Truth (Area_1_hallway_4) PointNet++

RepSurf PointMLP

MsL-Net

SFD-Net (Ours)

BoundED SFC-Net

\Z

EdgeFormer

Fig. 5: Zero-shot sharp feature detection on S3DIS (Area_1_hallway_4, 363K points);
quantitative results in Table [d] Most baselines miss the majority of sharp structures or
over-detect on flat surfaces, whereas SFD-Net produces spatially coherent boundaries
with suppressed spurious responses. Additional scenes are in the supplementary mate-
rial.

whose point counts are more than an order of magnitude larger (~36x; 363K
vs. 10K points).

Efficiency. Although SFD-Net builds on PointNet++ and therefore inherits its
higher inference cost, LGD is architecture-agnostic and benefits faster backbones
as well: as shown in Tables 2] and [d] LGD + EDWG reaches 60.80 F1—within
0.53 pp of SFD-Net—while running over 60x faster (2.65 vs. 170.7 ms per 500-
point cloud). This indicates that the accuracy gains of LGD are not tied to a
heavy backbone and can be obtained at substantially lower latency when de-
ployment efficiency is critical. Note that LGD itself adds only a one-time CPU
preprocessing cost (35.9 + 1.9ms per 10K-point cloud, linear in N)—separate
from the network inference times above—which we analyze in the supplementary
material.

5 Conclusion

We proposed SFD-Net, a two-stage sharp feature detection framework that cou-
ples a compact multi-scale Local Geometric Descriptor (LGD) with an enhanced
PointNet++ backbone. LGD provides rigid-motion and scale-invariant geomet-
ric cues that remain stable under increased k-NN spacing variability and additive
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Table 4: Zero-shot quantitative results on S3DIS Area 5 (%) and computational cost
(RTX 3090, batch 1, 500 points, mean+std over 100 runs). Pseudo-label metrics un-
derstate true detection quality. FLOPs for RepSurf are omitted owing to its custom
surface-construction operators. Bold: best.

Method S3DIS Area 5 Efficiency

Fi1 FPR| Time (ms)] Params (M)] FLOPs| Mem. (MB)]
PointNet++ 50.48 49.59 163.0£5.7 1.88 1.31 53.4
RepSurf 50.01 48.19 5.81+0.38 0.98 — 18.5
EDWG 50.88 45.40 2.65+0.04 1.20 1.28 33.8
SFD-Net (ours) 53.20 41.63 170.7+8.9 4.59 2.05 113.7

noise, addressing the joint density-variation and noise challenge that prior meth-
ods rarely tackle. On the ABC benchmark, SFD-Net achieves state-of-the-art Av-
erage Fl-score across all four noise conditions. LGD further improves Average F'1
and FPR in a plug-and-play manner across three independent backbones without
architectural modification, and zero-shot transfer to S3DIS confirms generaliza-
tion to real scans. These results suggest that reliable sharp-feature localization
can benefit downstream tasks such as wireframe generation, registration, and
boundary-aware semantic segmentation.

Several directions remain for future work. Replacing PCA-based normal esti-
mation with a learned estimator could improve robustness under heavy noise and
severe density imbalance. Beyond binary sharp/non-sharp detection, distinguish-
ing finer geometric categories such as creases, corners, and boundaries would
broaden the applicability of the method to richer downstream tasks. Extending
evaluation to real-scene corpora with reliable annotations would motivate semi-
supervised strategies that combine synthetic CAD labels with proxy supervision
from real scans. Finally, moving toward a fully end-to-end differentiable design
could improve feature alignment and training efficiency.
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