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Abstract

3D hand pose estimation has achieved remarkable progress in human computer interaction
and computer vision; however, real-world hand point clouds often suffer from structural
distortions such as partial occlusions, sensor noise, and environmental interference, which
significantly degrade the performance of conventional point cloud-based methods. To address
these challenges, this study proposes a curve fitting-based framework for robust 3D hand
pose estimation from corrupted point clouds, integrating an Adaptive Sampling (AS) module
and a Hand-Curve Guide Convolution (HCGC) module. The AS module dynamically selects
structurally informative key points according to local density and anatomical importance,
mitigating sampling bias in distorted regions, while the HCGC module generates guided
curves along fingers and employs dynamic momentum encoding and cross-suppression
strategies to preserve anatomical continuity and capture fine-grained geometric features.
Extensive experiments on the MSRA, ICVL, and NYU datasets demonstrate that our method
consistently outperforms state-of-the-art approaches under local point removal across fixed
missing-point ratios ranging from 30% to 50% and noise interference, achieving an average
Robustness Curve Area (RCA) of 30.8, outperforming advanced methods such as TriHorn-
Net. Notably, although optimized for corrupted point clouds, the framework also achieves
competitive accuracy on intact datasets, demonstrating that enhanced robustness does not
compromise general performance. These results validate that adaptive curve guided local
structure modeling provides a reliable and generalizable solution for realistic 3D hand pose
estimation and emphasize its potential for deployment in practical applications where point
cloud quality cannot be guaranteed.

Keywords: 3D hand pose estimation; corrupted point clouds; curve-guided convolution;
adaptive sampling; robust geometric modeling

1. Introduction

3D hand pose estimation, a core technology in human-computer interaction and
computer vision, is valuable for virtual reality, augmented reality, and robotic manipulation.
Compared to traditional 2D image recognition, 3D point cloud data which has inherent
disorder and invariance to rigid transformations delivers consistent results regardless of
rotation, translation or scaling. This enables direct capture of hand geometric structures and
spatial topological information, thus significantly improving the accuracy and robustness of
pose estimation. However, in real-world applications, hand point cloud data often suffers
structural distortions such as partial occlusions, noise disturbances and non-uniform
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distribution, caused by sensor noise, occlusion and environmental interference. These
distortions severely weaken the generalization ability of existing models. Specifically,
partial occlusions like the random removal of finger region point clouds can break the
topological connections of the hand, while noise disturbances such as Gaussian noise
introduced by sensor jitter can destroy local geometric consistency, causing significant
deviations in joint localization and skeletal reconstruction in existing models. Achieving
high-precision 3D hand pose estimation from corrupted point clouds has become a pressing
technical challenge in this field.

In recent years, deep-learning-based point cloud methods have advanced 3D struc-
ture modeling. Global frameworks such as PointNet [1] capture overall shape via max
pooling but have limited ability to represent local details, whereas hierarchical aggregation
(PointNet++ [2]), attention mechanisms (PCT [3]), and graph convolutions improve local
structure representation. Recent methods including CausalPC [4] for adversarial robustness,
FGBD [5] for fast graph-based denoising, and SVDFormer [6] using multi-view fusion still lack
curve modeling, limiting local geometric repair in noisy hand point clouds. Most approaches,
such as HandPointNet [7], are developed for idealized point clouds and degrade under
real-world distortions. Moreover, standardized evaluation metrics for corrupted point clouds
remain scarce, which hinders quantitative comparison and technological development.

To address these challenges, this study proposes a 3D hand pose estimation framework
based on curve fitting for corrupted point clouds, as illustrated in Figure 1. Unlike general-
purpose 3D point cloud processing methods, this framework is tailored explicitly for hand
pose estimation under distortion and incorporates a more sophisticated mechanism to
capture local structural features. The bending shape of fingers and the curvature variation
of joints contain rich pose semantic information, which can be effectively captured through
curve modeling. Drawing inspiration from curve-based point cloud shape analysis [8],
this study innovatively integrates an Adaptive Sampling (AS) module and a Hand-Curve
Guide Convolution (HCGC) module, which is distinct from the universal curve learning
paradigm in existing work, instead of over-relying on global feature aggregation or static
structural modeling. The AS module dynamically optimizes key point selection based
on density awareness, alleviating sampling bias in distorted regions. The HCGC module
generates hypothetical curves describing finger geometries via a guided walking algorithm
and enhances the stability of local structure modeling by combining dynamic momentum
encoding and cross-suppression strategies; both of which are enhancements tailored for
hand-specific topological continuity (e.g., finger joint curvature, inter-finger occlusion) not
addressed in general curve-based frameworks. These curves walk directionally on the
isomorphic graph of the point cloud, capturing geometric shapes and structural information
to enable robust hand pose estimation under noise and local missing conditions.

Furthermore, to quantify the model’s adaptability to real-world distortions, this study
employs a lightweight evaluation protocol: a portion of the samples from existing datasets
are used, and the finger region is partially corrupted across fixed missing-point ratios
ranging from 30% to 50% to simulate sensor occlusion or environmental interference. Based
on this setup, two evaluation metrics are adopted: Robustness Curve Area (RCA) and
Robustness Gain (RG), which respectively measure the overall performance degradation
under varying distortion levels and the improvement over baseline models. Experimental
results demonstrate that the proposed method consistently achieves stronger robustness
than existing state-of-the-art approaches under a spectrum of corruption severities, while
also maintaining competitive accuracy on intact datasets.
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Figure 1. This figure compares the pose estimation performance of the conventional approach (Hand-
PointNet, (left)) and the proposed method (right) under local point cloud missing conditions. For the
conventional approach: Static Farthest Point Sampling (FPS) leads to sparse distribution of sampling
points, avoiding missing regions, resulting in lost joint predictions and broken skeletal lines. Pro-
posed method: Adaptive Sampling (AS) dynamically optimizes the distribution of sampling points,
covering low-density regions (e.g., fingertips and joints), combined with curve fitting strategies to
restore continuous finger geometric morphology, accurately predicting joint positions and generating
smooth skeletal lines. The experimental results demonstrate that the curve fitting method effectively
compensates for the impact of point cloud missing, significantly improving the robustness of hand
pose estimation.

Our contributions can be summarized as follows:

e We introduce adaptive sampling into 3D hand pose estimation, enabling the network
to dynamically select informative points from corrupted point clouds. This strategy
highlights structural key regions while suppressing redundancy, which significantly
improves robustness to missing data and sensor corruption in real-world hand scans.

*  We propose a convolution module that leverages curve guidance to model the ge-
ometric continuity of hand structures and integrates it with graph-based context
aggregation. The curve-guided representation preserves fine-grained finger trajecto-
ries, while the graph convolution captures long-range dependencies across joints and
surfaces. This synergy effectively compensates for structural distortions and enhances
feature completion in corrupted hand point clouds.

*  We propose an evaluation protocol that simulates real-world distortions by removing
a fixed percentage of points from existing datasets, with missing-point ratios of 30%
to 50%. Two metrics, RCA and RG, are employed to provide a comprehensive quanti-
tative assessment of model robustness under varying distortion levels, while ensuring
consistent performance on intact point clouds.

2. Related Work
2.1. 3D Hand Pose Estimation from Point Clouds

3D hand pose estimation has undergone rapid development in recent years, driven by
advances in deep learning and the availability of RGB-D sensors (e.g., Intel RealSense D455,
Intel Corporation, Santa Clara, CA, USA) and 3D point cloud data. Early methods relied
on handcrafted features, model fitting, and classical machine-learning strategies [9-14],
which provided initial solutions but were sensitive to occlusion, background clutter, and
illumination variations. Following these pioneering works, more advanced architectures
were introduced, including 3D CNNss for depth-based hand pose estimation [15], voxel-to-
voxel prediction networks (V2V-PoseNet) [16], and dense 3D regression frameworks [17].
Recent improvements further incorporate biomechanical constraints in weakly supervised
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learning [18], generative losses to reduce annotation noise [19], and efficient virtual view
selection for higher accuracy [20]. While these methods have achieved remarkable progress,
they remain limited by sensor noise, depth ambiguities, and missing regions.

In parallel, point cloud-based methods have attracted increasing attention, as they
directly exploit the 3D geometry of the hand. Ge et al. [7] proposed HandPointNet, ex-
tending PointNet to regress 3D hand joints from raw point clouds, followed by Point-
to-Point Regression PointNet [21] for more accurate joint localization. Tang et al. [22]
introduced hierarchical sampling optimization to improve robustness against distortions,
while Chen et al. [23] designed SHPR-Net to incorporate semantic features. Beyond Point-
Net, convolutional architectures such as PointCNN [24] further advanced local feature
learning, and Zhao et al. [25] enhanced neighborhood interactions through PointWeb.
Sequence-based models like Point2Sequence [26] leveraged attention mechanisms to cap-
ture contextual relationships across points. Malik et al. [27] leveraged synthetic data for
training, and Rezaei et al. [28] proposed TriHorn-Net to improve depth-based estimation.
More advanced designs include Li et al. [29] with permutation-equivariant layers for point-
to-pose voting, Wu et al. [30] with Capsule-HandNet to encode structural relationships,
Du et al. [31] with multi-task information sharing, Zhao et al. [32] with Point Transformer
for long-range feature modeling.

Very recent work has pushed these boundaries further. Wu et al. [33] proposed
Point Transformer V3, which enhances backbone efficiency and representation capability
for a wide range of point cloud learning tasks. Cheng et al. [34] introduced HandDiff,
a diffusion-based framework that jointly refines 3D hand poses from both image and
point cloud modalities, achieving superior resilience to severe noise and missing regions.
Wang et al. [35] presented UniHOPE, a unified model capable of handling both hand-only
and hand-object pose estimation, demonstrating strong generalization to interactive sce-
narios and maintaining stable performance under occlusion. Additionally, PCDM [36]
employs conditional diffusion modeling to complete and refine corrupted point clouds, pro-
viding a powerful generative prior for geometric restoration. Collectively, these approaches
represent the current frontier of robust 3D hand pose estimation, addressing challenges
of incompleteness, noise, and occlusion, and establishing a solid foundation for future
advancements in this field.

Despite these advances, current point cloud-based methods still face significant chal-
lenges under severely corrupted inputs, where missing regions and noise hinder accurate
joint regression. This motivates the integration of structural priors such as curve fitting,
which can interpolate across gaps, regularize noisy observations, and preserve anatomi-
cal consistency. Therefore, curve-fitting—based strategies are particularly well suited for
robust 3D hand pose estimation from corrupted point clouds, complementing existing
deep-learning frameworks.

2.2. Adaptive Sampling for Point Cloud Learning

Sampling is a fundamental operation in point-cloud pipelines because the chosen
subset of points directly determines which local geometric cues the network can observe
and exploit. Classical schemes such as Farthest Point Sampling (FPS) provide relatively
uniform spatial coverage and have been widely adopted in hierarchical point networks
(e.g., PointNet++ [2]), but they are agnostic to semantics and sensitive to outliers and
locally missing data. To mitigate these limitations, recent work has explored task-aware
and adaptive sampling strategies that steer sampling toward informative regions. Dynamic
neighborhood constructions and feature-driven aggregation (for example, DGCNN [37])
improve local representation by adapting the receptive field, while methods designed
for large or noisy point sets (e.g., RandLA-Net [38]) combine efficient random sampling
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with attentive local aggregation to retain salient geometry. Building directly on the idea
of feature-guided sampling, PointASNL [39] proposed an explicit AS module that refines
an initial sample set by reweighting and relocating sample positions according to local
density and learned feature cues, demonstrating improved robustness to noise and partial
observations on general shape benchmarks.

In the context of corrupted hand gesture point clouds, where anatomical contours such
as finger joints or fingertip arcs may be partially or wholly absent, we adopt the practical AS
formulation of PointASNL as the sampling backbone. Its operation is tailored to hand gestures
by biasing sampling toward anatomically critical loci and preserving contour continuity,
ensuring sufficient point density in low-density but semantically important regions. Within
our framework, this adaptive sampling complements the subsequent curve-guided feature
modeling, enhancing robustness to structural degradation in real-world gesture data.

2.3. Curve Fitting, Structured Traversals, and Geometry-Aware Aggregation

Capturing geometric continuity in point clouds goes beyond local neighborhood aggre-
gation: the idea of structuring points along paths or curves has gained increasing attention.
A prominent example is CurveNet [8], which introduced a Curve Instance Convolution
(CIC) module that groups and aggregates along curves constructed on a point graph. Such
curve-based grouping captures elongated boundary or articulation structures more faith-
fully than purely radial neighborhoods. Alongside, geometry-aware graph methods such as
GeoHi-GNN [40] learn hierarchical graph representations that are sensitive to local geometry,
enabling better fitting of feature weights for complex surfaces. Edge and curve extraction
methods such as NerVE [41] directly estimate parametric edges or curves from point clouds,
allowing for structured geometry prediction rather than point-wise predictions.

Nevertheless, applying curve fitting or structured traversal methods in hand gesture
estimation under severe degradation is challenging. Many of those works assume fairly
complete point clouds or at least moderate noise and do not account for missing anatomical
continuity. In particular, curve construction steps often do not encode priorities for fingers’
joints or critical bends, and aggregation mechanisms usually collapse over missing data
rather than compensating for it. To address these issues, our HCGC explicitly integrates
joint-sensitive scoring, momentum-based curve descriptors, and curve aggregation mech-
anisms that respect anatomical continuity. By doing so, the proposed model can better
recover discriminative geometric signals from broken hand point clouds, enhancing pose
estimation accuracy in real-world settings.

3. Methodology
3.1. Network Architecture

The aim of this study is to design a robust network that can effectively process cor-
rupted hand gesture point clouds. In practical applications, the acquired point clouds often
contain missing regions and structural distortions. Since fingers exhibit complex curvatures
and joint variations, it is crucial to extract features that follow these curve-like anatomical
structures. A curve-guided representation allows the network to align feature extraction
along finger contours, thereby capturing bending and stretching patterns that are essential
for distinguishing different gestures.

The overall framework of the proposed network is illustrated in Figure 2. The model
receives a raw depth image as input, which is converted into a three-dimensional point cloud
through a gesture segmentation process. To standardize the input, the point cloud is normalized
into an Oriented Bounding Box coordinate system. This step enhances the robustness of the
model to variations in gesture orientation. The normalized point cloud is then downsampled
with Farthest Point Sampling, where 1024 points are preserved to maintain a consistent input
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size. During training, additional data augmentation is applied in the form of random rotations
around the z-axis within the range of [-37.5°, 37.5°], scaling factors between 0.9 and 1.1, and
translations within [~10 mm, 10 mm)]. These augmentations improve the generalization ability
of the model and strengthen its robustness to noise and distortions.

Max ‘
Pooling

Sampled &
Original depth ~ Gesture Hand 3D rotated point Adaptive Hand-Curve Gulde FC layers 3D joints in
image segmentation  point cloud  cloud in OBB Sampling Convolution Y OBB C.S.
CsS.

Figure 2. This figure illustrates the network architecture of the curve fitting-based 3D hand pose
estimation. The input depth image undergoes hand segmentation and point cloud preprocessing,
followed by the AS module and 8 Hand-Curve Guide Convolution (HCGC) layers, with the number
of layers empirically set to 8. The AS module employs a density-aware strategy to dynamically select
key points and combines K-Nearest Neighbors (KNN) and attention mechanisms to extract robust
local features. The HCGC module generates curves describing the geometric morphology of fingers
through a curve-grouping algorithm and optimizes the curve paths using dynamic momentum
encoding and cross-suppression strategies. Finally, multi-layer features are aggregated through max
pooling, and the joint 3D coordinates are regressed by a fully connected layer.

The network is organized into three main stages. First, an AS module is employed
to select informative points and generate reliable local features, which helps the model
handle noisy and incomplete point clouds. Second, the core of the architecture is built upon
HCGC modules, which learn curve-based representations that align with finger anatomy
and capture both local and global geometric features. Finally, the aggregated features
are processed through a residual learning framework with stacked modules, followed by
global pooling and a regression head that outputs the three-dimensional coordinates of
finger joints in the Oriented Bounding Box coordinate system.

In summary, the proposed network integrates adaptive sampling, curve-guided fea-
ture learning, and residual aggregation to achieve reliable hand pose estimation under
challenging conditions with corrupted input data.

3.2. Adaptive Sampling Module

FPS is widely used in point cloud processing, yet its sensitivity to outliers often leads
to suboptimal results when handling real-world hand point clouds with missing regions
or distortions. To overcome this, the proposed AS module adopts a dynamic sampling
strategy inspired by PointASNL [39], adaptively selecting informative points according to
local density variations. By integrating normalization and attention mechanismes, it extracts
reliable geometric features from incomplete or noisy inputs, providing a stable basis for
subsequent curve-based representation.

As shown in Figure 3, an initial set of uniformly distributed points Ps € RNs%3 is first
sampled by FPS. For each point x; with feature f;, its neighborhood N(x;) is identified
using a K-Nearest Neighbors (KNN) query. A self-attention mechanism updates features as

fix = A(R(xik, xi )7 (xi ), Vi € N(x;)), 1)

where R denotes the relation function, v is a linear transformation, and A aggregates
neighborhood information. The relation function is defined by dot-product similarity with
Softmax normalization:
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Figure 3. Architecture of the AS module. The module adaptively selects key points in the point
cloud by combining KNN and attention mechanisms. Positions and features of sampled points are
refined through dynamic weighting, enhancing local geometric feature extraction under noise or
missing data.

To further refine sampling, point-wise MLPs compute adaptive weights for coordinates
and features. The updated positions and features are obtained via weighted summation
over their neighborhoods:

xf =W, X, f=WIF, (3)

where W), and Wy are Softmax-normalized weights, and X, F denote neighbor coordinates
and features.

A key innovation of the AS module is its ability to emphasize regions of anatomical
importance. In hand point clouds, fingers and joints exhibit high curvature and are prone
to missing data. Points in low-density regions or with high curvature receive higher
sampling weights. Curvature x; is approximated from the eigenvalues of the neighborhood

covariance matrix:
)\max (4)

= Z;):l )\]/

where A; are eigenvalues of the covariance matrix of N(x;).

Ki

Finally, adaptive normalization of relative positional information mitigates the effects
of hand size, orientation, and pose variations. Combined with attention-driven feature
extraction, this design allows the AS module to capture fine-grained geometric details such
as finger bending and extension while maintaining robustness to noise and distortion.

3.3. Hand-Curve Guide Convolution

The HCGC module forms the core computational unit of the proposed network,
specifically designed to handle corrupted hand point clouds, as illustrated in Figure 4.
While the HCGC design draws inspiration from the CIC module in CurveNet [8], several
adaptations have been introduced to better suit hand pose estimation. In particular, the
curve construction process is modified to explicitly maintain anatomical continuity along
finger joints, ensuring that each curve effectively follows the natural bending and stretching
of fingers. Moreover, the aggregation stage is adapted to mitigate the influence of missing
or corrupted points, which are prevalent in real-world hand scans.
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Figure 4. Detailed architecture of the HCGC module. The module receives input point features,
performs local graph construction, and generates curves using the Curve Grouping (CG) stage.
The CG stage explicitly incorporates joint-sensitive scoring, Top-K selection, and an iterative curve
generation process with momentum-based descriptors to ensure anatomical continuity and robustness
to missing points. The Curve Aggregation (CA) stage integrates features along the generated curves
to produce the final curve-aware representation.

The network stacks multiple HCGC modules within a residual framework [42],
capturing hierarchical features from local geometry to global hand pose. Formally, for
input point cloud P = {p;}Y ;| and features F = {f;}},

rt+D = ) L HCGe(FW, ), ©

where HCGC(-) represents a single module’s processing.

Each HCGC module integrates two core components: Curve Grouping (CG) and Curve
Aggregation (CA). CG constructs curves over the isomorphic point cloud graph using a learn-
able walking strategy that dynamically selects neighbors based on both geometric proximity
and joint-level continuity, a key improvement over CurveNet, where curves lack explicit
anatomical constraints. CA aggregates features along these curves through attention mecha-
nisms, emphasizing discriminative finger representations while suppressing irrelevant regions
from missing or noisy points. To further enhance robustness, joint-sensitive weighting pri-
oritizes points at joints and fingertips during curve construction, and continuity-preserving
attention ensures aggregation respects the anatomical sequence. Stacking multiple HCGC
modules within a residual framework enables stable gradient flow and hierarchical feature
learning, capturing fine-grained local interactions and global hand configurations, thereby
recovering semantically meaningful curves even from severely corrupted point clouds and
providing a robust foundation for 3D joint regression.

3.3.1. Curve Grouping Stage

The CG stage constructs curves over the hand point cloud to preserve anatomical
continuity and local geometric structures (Figures 4 and 5). Unlike CurveNet’s CIC module,
which relies primarily on spatial proximity, our approach integrates joint-level significance
and robustness to missing points.

Initially, a Top-K selection mechanism identifies high-scoring points as starting lo-
cations for curve generation. The Top-K value determines the number of starting points
chosen based on joint-sensitive scores. This parameter balances coverage of key anatomical
regions with computational efficiency: a larger K increases the likelihood of capturing all
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relevant joints but adds computational cost, while a smaller K focuses on the most critical
points. For each point feature f; € F, a joint-sensitive score is computed as

si = MLP(f;) - W™, (6)

where wiomt is a learnable weight that prioritizes anatomical keypoints, such as finger joints
and fingertips. The set of starting points S; is obtained as

S1 = TopK({si}}L1), 7)

ensuring that curve initiation focuses on structurally important regions of the hand.

1
s
1) d} =cos(8) +1
51;1 512 Silk ‘
/ \ 1
[} S C
\\ -2 \m
_,ql \\ ,’qi 3 ===
Ci N\l =S
S 77 g3 2
b q; di=1 2
>5,7 AN i
q; N A
g SR /
¥ q; X /
Y
S; S; S

Figure 5. CG process in HCGC. Curves are generated iteratively from selected starting points using a
learnable walking strategy. This preserves anatomical continuity and captures local geometric features.

From each starting point s; € Sj, curves are generated iteratively using a learnable
walking policy 77(-). This policy selects the next point s; 1 among neighboring candidates
s; € N(s;) based on both feature similarity and anatomical importance:

k
Sip1 =7(s)) =) GumbelSoftmax(a;) - s;, 8)
=1
a; = MLP((fy, ) - ™, ©)

where 7; is the current curve descriptor encoding the accumulated curve information. The
Gumbel-Softmax operator enables differentiable selection of neighbor points, while the
joint-sensitive weighting ensures that points corresponding to key anatomical locations
are more likely to be included in the curve. This design improves the robustness of curve
generation in the presence of missing or noisy points.

To maintain smoothness and anatomical continuity, the curve descriptor is updated
dynamically through momentum-based encoding:

B = Softmax(MLP([r;_1,si])), (10)

ri = Brici+ (1 —PB)si, (11)

where S is a learnable coefficient, r;_1 is the previous curve descriptor, and s; is the feature
of the current point. This strategy enables each curve to follow natural finger articulations
while accumulating historical information to guide subsequent steps.

To prevent curves from overlapping or deviating from expected anatomical paths, a
cross-suppression mechanism is applied. For each curve, a support vector ¢; representing
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its overall direction is computed, and candidate neighbor vectors g; are evaluated. The
suppression factor is calculated as

dj = clip(cosf +1), (12)

OC]‘ = d] . Dé]‘, (13)

where 6 is the angle between ¢; and ¢}, and clip(-) restricts values to [0,1]. This ensures
curves follow natural finger directions and reduces intersections.

Overall, the CG stage incorporates joint-sensitive scoring, momentum-based descrip-
tors, and curve generation with anatomical awareness, producing curves that capture
local geometry, preserve anatomical structure, and remain robust to corrupted or incom-
plete point clouds. This ensures that the subsequent CA stage receives geometrically and
anatomically meaningful curves for effective feature aggregation.

3.3.2. Curve Aggregation Stage

Once curves are generated in the CG stage, the CA module integrates features along
these curves to produce enhanced local and global representations, as illustrated in Figure 6.
Each curve C; contains a sequence of point features along the walking path, and the full set
of curves is denoted by C = {Cj, ..., C, }. To capture both intra-curve structural details and
inter-curve relationships, the module first applies attention pooling along the curve set:

finter/ fintra = AP(C)/ (14)

where AP denotes attention pooling applied along multiple directions, producing an inter-
curve feature vector finter and an intra-curve feature vector finy,. These vectors represent
global context between curves and local structural information within each curve, respectively.

finfer finfer Matrix Minfer
MLP L
multiplication

. . Output
Input |c=(Cy...Ci) Attenjuve yd \[M""f”'M‘""H] F.uswn frusea| curve-
P Pooling —— Concat linear
features 7 NI —
(AP) transform
features
[ MLP l‘;’ntra Matrix Mintra
fintra multiplication

Figure 6. Detailed process of the CA stage in HCGC. Input curve features are first processed by
Attentive Pooling (AP) to extract inter-curve and intra-curve information, followed by dimensionality
reduction via parallel MLPs. The features are then mapped through learned linear transformations
and fused using a linear fusion layer to generate the final curve-aware representation. The design
emphasizes joint-sensitive weighting and anatomical continuity, ensuring robust feature extraction
from corrupted point clouds.

To reduce computational complexity and facilitate subsequent fusion, finter and fintra
are passed through independent MLPs for dimensionality reduction:

finter = MLP ( f inter)/ ]?intra = MLP (fintra)~ (15)

Feature mappings are then computed via learned linear transformations

Minter - f inter * Winter + binter/ Mintra - f intra ° Wintra + bintra/ (16)
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followed by softmax normalization to produce weights for curve fusion. Unlike the original
CurveNet aggregation, our approach emphasizes joint-sensitive weighting and dynamically
considers the anatomical significance of each curve, ensuring that curves representing
critical regions, such as fingertips or joints, contribute more to the final feature.

Finally, the inter- and intra-curve features are fused to produce a comprehensive
curve-aware representation:

f fused — quse [f inters f intra] + bfuse/ (17)

where [-, -] denotes feature concatenation. This linear fusion layer learns to adaptively
balance the contributions of inter-curve and intra-curve features through the trainable
weight matrix We,qe and bias by, resulting in a unified representation that simultaneously
encodes fine-grained local geometry and global contextual dependencies across curves.

To further enhance robustness to missing or distorted points, the fused features are
optionally refined using the AS module. This refinement dynamically adjusts the positions
and features of key points, particularly in low-density or structurally complex regions,
improving the reliability of the features for subsequent global aggregation.

Through this design, the CA module extends the original CurveNet aggregation by
explicitly incorporating anatomical continuity, joint-sensitive weighting, and AS-based
refinement. This ensures that the network produces a robust and discriminative feature
representation that is tailored for hand pose estimation, effectively capturing both fine-
grained local details and global hand structure even in the presence of incomplete or
corrupted point clouds.

3.4. Evaluation Metrics

Real-world hand point clouds exhibit diverse distortions, including occlusions and
background remnants, which are difficult to fully simulate. Therefore, this study focuses
on the most common type of distortion: local point cloud missing.

We evaluate models on widely used 3D hand pose datasets, including MSRA [43],
ICVL [44], and NYU [12], which provide diverse gestures and multiple viewpoints.
Prediction accuracy is measured by Mean Per Joint Position Error (MPJPE):

MPJPE =

J
g Lle -

||Mz
\4\»—\

N 2' (18)

where N is the number of test samples, | the number of joints, and P].(i), I3j(i) are ground
truth and predicted joint coordinates.

To evaluate robustness under varying levels of corruption, we construct an error—distortion
curve by plotting MPJPE as a function of the distortion severity. The overall robustness is

quantified by the area under this curve, normalized by the clean performance, defined as:

1 R MP]PEcorrupted( ) MPIPEclean

RCA = —
R r:Zl MP]PEclean

(19)

where R is the number of distortion levels and MPJPE oypieq (1) denotes the error under
distortion level r. For clarity, all RCA values reported in this paper are scaled by 100, and
they remain dimensionless. Thus, a smaller RCA indicates less performance degradation
and stronger robustness.

The use of RCA provides a holistic measure of model robustness across varying degrees
of point cloud corruption, rather than relying on single-point evaluations. By summarizing

performance trends over multiple missing-point ratios, RCA captures both accuracy and
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stability under progressively challenging conditions. This makes it particularly suitable for
real-world hand pose estimation, where the extent and distribution of missing points can
vary dynamically, offering a more faithful reflection of practical robustness than traditional
per-level metrics.

Finally, to provide a comparative measure relative to a baseline, we define the RG as:

RG = RCApaseline — RCAproposed/ (20)

where RCApgseline and RCAproposed are the robustness curve areas of the baseline and
proposed models, respectively. A positive RG indicates that the proposed model achieves
better robustness improvements under varying distortion severities.

RCA and RG together provide a robust evaluation of model performance under vary-
ing levels of point cloud corruption, capturing both relative degradation and improvements
over a baseline. This ensures that the practical robustness of the algorithm is thoroughly
assessed in realistic scenarios.

4. Experimentation
4.1. Datasets, Setup, and Metrics

We evaluate the proposed 3D hand pose estimation framework on three benchmark
datasets: MSRA, ICVL, and NYU. MSRA contains over 90,000 frames with 21-joint annota-
tions capturing complex gestures. ICVL provides 330,000 training frames with 16-joint an-
notations across multiple users. NYU comprises 72,757 training frames and 8252 test frames
with 14-joint annotations, recorded with a structured-light depth sensor. Figure 7 illustrates
the spatial distribution of annotated hand joints. These datasets enable comprehensive
evaluation of model accuracy, generalization, and robustness across diverse hand poses
and viewpoints.

MSRA ICVL NYU

Figure 7. Spatial distribution of annotated hand joints in the MSRA (left), ICVL (middle), and NYU
(right) datasets.

The network is trained using the Adam optimizer [45] with an initial learning rate of
0.001, a batch size of 32, and a weight decay of 0.0005. Input point clouds are uniformly
sampled to 1024 points per frame, and in the hand geometric affine module, K is set to 64
for nearest neighbor computation to capture local geometric relationships. In addition,
the Top-K selection mechanism, used in the curve-guided convolution module to identify
structurally informative key points, is configured separately for each dataset: K = 20
for MSRA, K = 25 for ICVL, and K = 30 for NYU. The Top-K value is chosen based on
the average point cloud density and gesture complexity to ensure sufficient coverage of
high-quality starting points without introducing excessive computational overhead. It is
important to note that this Top-K parameter is distinct from the K used in KNN for local
feature aggregation.

To enhance generalization and mitigate overfitting, online data augmentation is ap-
plied, including random rotations around the z-axis within £37.5°, isotropic 3D scaling in
the range [0.9, 1.1], and 3D translation along each axis within [-10, 10] mm. Training is
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conducted for 120 epochs on MSRA, 500 epochs on ICVL, and 250 epochs on NYU, ensuring
sufficient convergence across datasets of varying size and complexity.

To provide insight into computational efficiency, we also measured the model complexity
and inference speed. The HCGCNet requires approximately 25 GFLOPs per forward pass for a
single hand point cloud with 1024 points. On an NVIDIA RTX 4090 GPU (NVIDIA Corporation,
Santa Clara, CA, USA), the average inference time per sample is about 12 ms. These results
demonstrate that the proposed framework achieves a favorable trade-off between robustness
and efficiency, making it suitable for real-time 3D hand pose estimation. All FLOPs calculations
consider only forward operations, and all measurements are based on full-resolution input
point clouds.

4.2. Pose Estimation Visualization

To qualitatively evaluate the proposed method on intact hand point clouds, Figure 8 presents
the pose estimation results on the MSRA, ICVL, and NYU datasets. Each dataset is displayed
in three rows: the original point clouds, the ground truth annotations, and the predicted joint
positions by our network.

Original

Our method

ICVL

Figure 8. Visualization of pose estimation on intact hand point clouds. The first row shows the
original hand point clouds, the second row presents the ground truth annotations, and the third
row illustrates the predicted 3D joint positions by the proposed network for the MSRA (left), ICVL
(middle), and NYU (right) datasets.

Visual inspection shows that the predicted 3D joint positions closely match the ground
truth, accurately reconstructing hand skeletal structures across a wide variety of gestures,
including open palms, clenched fists, and complex finger interactions. The network effectively
captures detailed finger articulations and joint relationships, preserving anatomical continuity
and maintaining consistent bone lengths. Notably, the method performs well even in challenging
regions such as fingertips and thumb bases, which are prone to prediction errors.

The network demonstrates robustness to variations in viewpoint and hand shape
across the three datasets. Furthermore, the predicted joints exhibit smooth and coherent
trajectories, avoiding abrupt deviations and demonstrating superior local geometric fidelity.
These observations confirm that, in the absence of noise or missing points, the proposed
framework reliably estimates hand poses with high accuracy and preserves fine-grained
anatomical details, providing a solid foundation for evaluating robustness under corrupted
point cloud scenarios in the following sections.
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4.3. Robustness to Corrupted Point Clouds

To evaluate the robustness of the proposed network under realistic point cloud distor-
tions, we analyze fixed-level missing points at 30%, 40%, and 50%. Figure 9 visualizes the
results for the MSRA, ICVL, and NYU datasets, showing the original point clouds and the
corrupted point clouds overlaid with predictions from HandPointNet and the proposed
network. Compared to existing approaches, HandPointNet exhibits noticeable distortions
under partial data loss, often producing fragmented skeletal structures or significant joint
deviations. In contrast, our method effectively mitigates the impact of missing points by
combining adaptive sampling with curve-guided feature modeling. The generated curves
guide the network to preserve anatomical continuity, maintain coherent finger shapes,
and achieve accurate joint localization even under substantial point cloud degradation.
Quantitative observations further confirm that the proposed network consistently reduces
errors and outperforms baselines across all levels of distortion.

MSRA

ICVL

vl

HandPointNet Our method HandPointNet Our method HandPointNet Our method

Original (30%) (30%) (40%) (40%) (50%) (50%)

Figure 9. Visual comparison of 3D hand pose estimation under varying point cloud distortions. Each
row corresponds to one dataset: MSRA (first row), ICVL (second row), and NYU (third row). The first
column shows the original hand point clouds. Subsequent columns overlay the prediction results
of HandPointNet (red) and our method (blue) on corrupted point clouds with 30%, 40%, and 50%
missing points.

To further verify the noise resistance of the proposed framework, Gaussian perturbations
with standard deviations of ¢ = 0.02, ¢ = 0.03, and ¢ = 0.04 are added to simulate sensor
noise and spatial jitter commonly found in depth cameras. As shown in Figure 10, both meth-
ods exhibit increasing deviation as noise intensity grows, but the predictions of HandPointNet
drift more significantly, showing blurred joints and unstable finger orientations. In contrast,
our method maintains smoother, anatomically consistent structures and smaller positional
shifts. This robustness benefits from the curve-guided representation, which promotes local
geometric regularity and reduces noise propagation during feature aggregation.

These visual and quantitative analyses collectively demonstrate that the proposed
framework not only reconstructs hand poses accurately on complete point clouds but also
maintains high robustness under varying degrees of local distortions. The integration of
dynamic key point selection and curve-guided feature completion is crucial for preserving
structural integrity and enhancing generalization across diverse hand gestures and datasets.
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ICVL

Original (6=0.02)

HandPointNet Our method HandPointNet Our method HandPointNet Our method

(6=0.02)

(6=0.03)

(6=0.03)

(6=0.04)

(6=0.04)

Figure 10. Visual comparison of 3D hand pose estimation under Gaussian noise with different
standard deviations (o = 0.02, ¢ = 0.03, and o = 0.04). Each row corresponds to one dataset: MSRA
(first row), ICVL (second row), and NYU (third row). The first column shows the original clean point
clouds. Subsequent columns overlay the prediction results of HandPointNet (red) and our method

(blue) under increasing noise intensity.

4.4. Comparative Analysis

We first evaluate our curve fitting-based 3D hand pose estimation method on intact

point clouds. As shown in Table 1, the proposed method achieves competitive average joint
errors of 7.43 mm on MSRA, 6.56 mm on ICVL, and 10.07 mm on NYU. Figures 11 and 12
further illustrate the performance. Figure 11 reports the average joint errors for each

method, while Figure 12 presents the proportion of high-quality estimations within the
same error threshold.
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Figure 11. Comparison of average joint errors of the proposed method and state-of-the-art methods
on intact point clouds across three datasets: MSRA (left), ICVL (middle), and NYU (right). The
proposed method demonstrates competitive performance, achieving comparable or slightly better

average joint errors while maintaining accurate 3D hand pose estimations.
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Figure 12. This figure presents a model quality analysis, evaluating the proportion of high-quality

estimations. For each method, the estimation results are assessed within the same error range across
the three datasets: the MSRA dataset (left), the ICVL dataset (middle), and the NYU dataset (right).
The proposed method achieves a higher proportion of high-quality estimation results in all datasets,

proving its robustness and reliability in 3D hand pose estimation.
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Table 1. Comparison of average error distances of existing methods on the MSRA, ICVL, and
NYU datasets.

Methodologies MSRA (mm) ICVL (mm) NYU (mm)
DeepModel - 11.56 17.04
DeepPrior - - 20.75
DeepPrior++ - - 12.24
3DCNN 9.58 - 14.11
Ren-4x6x6 - 7.63 13.39
HandPointNet 8.51 6.94 10.54
Ren-9x6x6 9.79 7.31 12.69
Pose-REN 8.65 6.79 11.81
DenseReg 7.23 7.24 10.21
V2V-PoseNet - 6.28 8.42
SHPR-Net 7.76 7.22 10.78
DeepHPS - - 14.42
Point-to-Point 7.71 6.33 9.05
CrossInfoNet 7.86 6.73 10.08
TriHorn-Net 7.13 5.74 7.68
Ours 743 6.56 10.07

These results confirm that our method produces accurate predictions and main-
tains a higher proportion of reliable estimations compared to existing approaches. Our
method achieves competitive accuracy: the error is slightly higher than TriHorn-Net on
MSRA (0.30 mm) and ICVL (0.82 mm), with a larger gap on NYU (2.39 mm) due to its more
severe occlusion challenges. However, our primary focus is on corrupted or partially missing
point clouds, where the proposed method demonstrates superior robustness. It consistently
preserves accurate joint localization and coherent skeletal structures, even under severe
distortions, indicating strong generalization across diverse datasets and hand gestures.

To quantitatively assess robustness, we compare the RCA and RG values of existing
methods with the proposed approach for fixed missing-point ratios of 30%, 40%, and 50%
(Table 2). Baseline models such as HandPointNet and TriHorn-Net exhibit higher RCA
values, reflecting their greater sensitivity to missing points. In contrast, our method
achieves lower RCA values across all datasets, while RG values further demonstrate its
ability to maintain high-quality estimations under distortion, particularly on the MSRA
dataset. These results validate that adaptive sampling combined with hand-curve guidance
effectively mitigates feature deviations caused by structural distortions, while maintaining
competitive performance on intact point clouds. Collectively, this analysis highlights the
dual advantages of the proposed method: strong accuracy on complete point clouds and
enhanced robustness under realistic corruption scenarios, confirming its practical value for
real-world 3D hand pose estimation.

To further evaluate robustness under random perturbations, Table 3 summarizes
the RCA values of various methods subjected to Gaussian noise with different standard
deviations. Overall, all models experience gradual performance degradation as noise
intensity increases, reflecting the inherent sensitivity of depth-based point clouds to spatial
jitter. Our method consistently demonstrates comparatively strong performance across
the three datasets, although the advantage over the best-performing baselines such as
TriHorn-Net and Point-to-Point is relatively small. This moderate but consistent gain
indicates that the curve-guided representation helps preserve local geometric consistency
and mitigates error accumulation under noisy conditions. These results complement the
findings in Table 2, confirming that our approach maintains reliable accuracy not only
against missing-point corruption but also under realistic sensor noise, demonstrating its
broad-spectrum robustness for 3D hand pose estimation.
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Table 2. Robustness Curve Area (RCA) and Robustness Gain (RG) values of state-of-the-art methods
and the proposed method on the MSRA, ICVL, and NYU datasets under fixed missing-point ratios
of 30%, 40%, and 50%. Lower RCA indicates stronger robustness, and higher RG indicates greater
improvement over baselines.

Method MSRA ICVL NYU Average
3DCNN 50.2 40.5 45.8 455
Ren-9x6x6 48.3 38.1 43.2 43.2
Pose-REN 45.6 36.4 40.1 40.7
DenseReg 40.8 35.2 38.5 38.2
SHPR-Net 427 349 37.3 38.3
Point-to-Point 38.9 33.6 36.4 36.3
CrossInfoNet 43.5 37.2 39.7 40.1
TriHorn-Net 33.2 31.5 34.3 33.0
HandPointNet 494 35.6 39.8 41.6
Our Method 28.7 30.7 33.1 30.8
RG 20.7 49 6.7 10.8

Table 3. RCA values of state-of-the-art methods and the proposed method under different levels of
Gaussian noise on the MSRA, ICVL, and NYU datasets. Lower RCA indicates stronger robustness to
noise-induced perturbations.

Method MSRA ICVL NYU Average
3DCNN 24.6 21.8 23.1 23.2
Ren-9x6x6 23.8 20.7 22.3 22.3
Pose-REN 22.5 19.9 21.2 21.2
DenseReg 20.7 19.1 20.0 19.9
SHPR-Net 21.1 18.6 19.5 19.7
Point-to-Point 19.8 18.3 19.0 19.0
CrossInfoNet 22.2 19.5 20.4 20.7
TriHorn-Net 18.9 17.6 18.3 18.3
HandPointNet 234 19.3 20.1 20.9
Our Method 18.4 18.1 17.9 18.1
RG 5.0 1.2 2.2 2.8

4.5. Key Modules Ablation Study

To systematically evaluate the contributions of the key components in our framework,
we conducted a comprehensive ablation study on the MSRA, ICVL, and NYU datasets.
The experiments are grouped into two main categories (Table 4): the AS module, and the
HCGC module, which inherently includes the curve-guided refinement strategies such as
dynamic momentum encoding and cross-suppression.

The AS module dynamically selects structurally informative key points according to local
density and anatomical importance, mitigating sampling bias in distorted regions. Replacing
the AS module with traditional FPS sampling results in an increase in average joint errors by
0.65 mm, 0.69 mm, and 1.55 mm on the MSRA, ICVL, and NYU datasets, respectively. This
demonstrates that adaptive selection allows the network to better capture local geometric fea-
tures, particularly in regions with complex finger articulations or partial occlusions, significantly
enhancing robustness and accuracy under challenging point cloud conditions.

We further analyzed the effect of the HCGC module, which integrates curve grouping,
curve aggregation, dynamic momentum encoding, and cross-suppression. Using traditional
feature extraction without curve guidance leads to substantial performance degradation across
all datasets. Introducing only curve grouping partially improves performance by capturing
local structural information along the fingers. The full HCGC module, which encompasses
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curve grouping, curve aggregation, and refinement strategies, achieves the lowest errors
consistently. This highlights that curve-guided local feature extraction and refinement are
critical for modeling continuous anatomical patterns, preserving joint relationships, and
accurately estimating hand poses even under occlusion or noise. The benefits are particularly
pronounced on the NYU dataset, where severe occlusions challenge pose estimation.

Table 4. Ablation study results on MSRA, ICVL, and NYU datasets. Lower values indicate better
performance. Horizontal lines separate the ablation groups.

Configuration MSRA (mm) ICVL (mm) NYU (mm)
AS Module Ablation
FPS Sampling 8.08 7.25 11.62
AS Module 7.43 6.56 10.07
HCGC Module Ablation
Traditional Feature Extraction 9.52 8.12 12.28
Curve Grouping Only 8.53 7.33 11.24
Full HCGC Module 7.43 6.56 10.07

Overall, these ablation experiments quantitatively demonstrate that each component
of the proposed framework plays a crucial role: the AS module enhances sampling quality
and local feature representation, while the HCGC module with integrated curve-guided
refinement effectively captures fine-grained geometric variations. Their combined effect
ensures superior performance on both intact and corrupted point clouds, confirming the
robustness and generalizability of the proposed method across diverse datasets.

5. Conclusions

This study presents a novel curve fitting-based framework for 3D hand pose estima-
tion specifically tailored to corrupted and distorted point clouds. Unlike conventional point
cloud-based methods that often fail under sensor noise or missing data, our approach
emphasizes robustness by explicitly modeling local geometric structures and leveraging
curve-guided feature aggregation. The integration of curve-based reasoning allows the
network to capture continuous anatomical patterns, preserving finger articulations and
joint relationships even in severely corrupted point clouds.

The proposed framework incorporates two key components: the AS module and
the HCGC module. The AS module dynamically selects structurally informative key
points, mitigating sampling bias in distorted regions, while the HCGC module uses curve
construction, momentum encoding, and cross-suppression strategies to guide feature
aggregation along anatomically meaningful paths. This design ensures that local structural
features are effectively captured, enabling accurate joint localization despite missing or
noisy points, which is a critical challenge in real-world hand gesture capture scenarios.

Extensive experiments on the MSRA, ICVL, and NYU datasets demonstrate that our
framework consistently outperforms state-of-the-art methods under various corruption sce-
narios, including partial point removal and sensor noise. Quantitative evaluations show that
the proposed method achieves lower error rates and stronger robustness compared to baseline
approaches. Specifically, on corrupted MSRA datasets with missing-point ratios ranging from
30% to 50%, our method achieves an average RCA of 30.8, surpassing advanced methods such
as TriHorn-Net and maintaining stable joint localization under severe degradation. Meanwhile,
on intact point clouds, it also achieves competitive average joint errors of 7.43 mm on MSRA,
6.56 mm on ICVL, and 10.07 mm on NYU, confirming that enhanced robustness does not
come at the cost of accuracy. Visualizations further confirm that the AS module effectively
selects structurally informative key points, while the HCGC module preserves coherent skeletal
structures even under distortions. Ablation studies verify the contribution of each component
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to overall performance. These results collectively confirm that the proposed curve fitting-based
local structure modeling provides a reliable and generalizable solution for realistic 3D hand
pose estimation under varying point cloud quality.

Despite its strong performance, the proposed method has inherent limitations. In
extreme scenarios where large portions of the hand are fully occluded or when point clouds
are extremely sparse, some fine-grained articulations may be less accurately recovered.
Additionally, highly unusual hand poses not seen during training may still pose challenges.
As future work, we plan to explore the integration of temporal information from sequential
frames to further improve robustness in dynamic scenarios, investigate self-supervised or
domain-adaptive learning to handle unseen poses, and extend the framework to multi-hand
or hand-object interaction cases. These directions aim to enhance the generalization and
practical applicability of the proposed method, while building on the strong foundational
robustness demonstrated in this study.
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Abbreviations

The following abbreviations are used in this manuscript:

AS Adaptive Sampling

HCGC Hand-Curve Guide Convolution
CIC Curve Instance Convolution
FPS Farthest Point Sampling

KNN K-Nearest Neighbors

CG Curve Grouping

CA Curve Aggregation

AP Attentive Pooling

MPJPE  Mean Per Joint Position Error
RCA Robustness Curve Area
RG Robustness Gain
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