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Abstract

Point cloud denoising is a critical preprocessing step for en-
hancing the reliability and accuracy of 3D perception sys-
tems. Most existing progressive denoising methods rely on
fixed iterative pipelines that process all regions uniformly,
resulting in redundant computation and over-smoothing of
geometric details when handling point clouds with non-
uniform noise distributions. To overcome these limitations,
we introduce Dynamic Skip Net (DSNet), a novel progres-
sive denoising framework that enables routing on demand
by adaptively determining the optimal denoising path for
each local patch based on its noise characteristics. DSNet
incorporates a noise discriminator that quantifies local
noise intensity by analyzing normal similarity, and a re-
verse monotonic decision function that maps this measure
to an appropriate denoising module. Furthermore, we pro-
pose a path-selective iteration mechanism that dynamically
re-evaluates the restoration state and re-plans the denois-
ing route at each stage, enabling cross-stage skipping to
minimize unnecessary computation. Extensive experiments
on multiple benchmarks demonstrate that DSNet achieves
state-of-the-art performance in noise suppression, geomet-
ric fidelity, and computational efficiency. The code are
available at https://github.com/cz-61/DSNet.

1. Introduction
Three-dimensional (3D) point clouds serve as a fundamen-
tal data representation for real-world geometric structures
and are widely applied in autonomous driving, robotic nav-
igation, 3D reconstruction, and virtual or augmented real-
ity. However, point cloud denoising faces fundamental chal-
lenges stemming from the complex and non-uniform nature
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Figure 1. Illustration of the proposed routing on demand mech-
anism in DSNet. Depending on local noise intensity, each input
patch follows a customized denoising route by selectively skip-
ping or passing denoising blocks.

of real-world noise. Sensor-induced Gaussian noise, envi-
ronmental outliers, and geometric distortions often coex-
ist with spatially varying intensities, making it difficult to
design a universal strategy that simultaneously suppresses
noise in heavily corrupted regions while preserving fine-
grained geometric details in cleaner areas. Thus, point
cloud denoising has become a key step to ensure data qual-
ity and to improve the performance of downstream tasks.

Traditional point cloud denoising methods [1–4, 14, 18,
22, 24, 26, 32, 37] are mostly based on geometric fitting
frameworks like least-squares minimization, these works
rely on explicit geometric priors but lack the statistical
modeling capacity to handle such complexity. Although
deep learning methods [25, 28, 30, 33, 34, 40, 43, 52, 53]
have demonstrated significant improvements by learning ro-
bust feature representations from data, most existing frame-
works, from single-stage models to progressive architec-
tures [6, 8, 28, 40] , adopt rigid processing pipelines. These
methods apply a uniform denoising strategy to all regions,
whether through a single forward pass or a fixed sequence
of refinement stages. This “one-size-fits-all” approach fails
to account for spatial variations in noise, leading to over-
smoothing in cleaner areas, under-denoising in heavily cor-
rupted regions, and redundant computation. This ultimately
compromises both geometric fidelity and computational ef-
ficiency.

To address these challenges, we propose Dynamic Skip

https://github.com/cz-61/DSNet
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Figure 2. Comparison of denoising paradigms: (a) single-stage,
(b) fixed-path progressive, and (c) our dynamic path selection ap-
proach.

Net (DSNet), a progressive point cloud denoising frame-
work based on routing on demand. The core objective of
DSNet is to adaptively plan the denoising iteration path
according to the noise distribution and geometric charac-
teristics of the input point cloud, thereby achieving a bet-
ter trade-off between denoising accuracy and efficiency.
The key innovation lies in enabling the network to per-
ceive local noise intensity and dynamically route each
patch through appropriate denoising modules. Specifi-
cally, DSNet employs a normal-similarity-based discrim-
inator to quantify geometric degradation and guide adap-
tive path planning. Through a path-selective iteration
mechanism, different patches can follow distinct processing
routes—clean regions may skip intensive denoising stages
while corrupted areas receive comprehensive refinement.
This dynamic paradigm transforms conventional static pro-
gressive networks into adaptive systems, significantly en-
hancing both computational efficiency and geometric recon-
struction quality. Figure 1 illustrates the concept of routing
on demand selection strategy of our method.

The main contributions of this work are summarized as
follows:

• We propose a novel normal-similarity–driven noise
discriminator that effectively quantifies local geomet-
ric degradation, providing reliable guidance for dynamic
path planning across regions with varying noise intensi-
ties.

• We introduce an innovative path-selective iteration
mechanism that enables on-demand denoising by adap-
tively adjusting inference paths based on residual noise
assessment, thereby achieving efficient cross-stage skip
inference without redundant computation.

• To ensure structural stability throughout the progressive
denoising process, we design a multi-stage training
strategy that incorporates intermediate supervision and
geometric consistency constraints to maintain smooth-
ness and structural stability during progressive denoising.

• We conduct comprehensive experiments demonstrating
that DSNet achieves state-of-the-art performance on mul-
tiple point cloud denoising benchmarks in terms of noise
suppression, geometric restoration, and computational ef-
ficiency.

2. Related Work

Early point cloud denoising methods relied on geomet-
ric priors such as surface fitting [20, 21], bilateral filter-
ing [13, 19, 51], and Laplacian smoothing [10, 38], but
struggled to balance noise suppression with detail preser-
vation. With the advancement of deep learning frame-
works [27, 31, 33, 34, 43, 48], data-driven methods have
demonstrated superior performance. Contemporary ap-
proaches can be categorized into single-stage and progres-
sive/iterative methods.

2.1. Single-Stage Denoising Methods
Single-stage methods recover clean point clouds through
a single forward pass. Early works focused on displace-
ment prediction [35, 49], later enhanced through multi-
scale perception [17], contrastive learning [7], and adap-
tive encoding strategies [15]. Recent approaches shifted to
latent-space modeling via normalizing flows [29, 30, 45]
and Transformer-based architectures [25, 41, 53] for uni-
fied global-local feature fusion. Despite these advances,
single-stage methods adopt fixed one-pass inference, lim-
iting adaptability to non-uniform noise.

2.2. Progressive and Iterative Denoising Methods
Progressive methods decompose denoising into multiple re-
finement steps. Diffusion-model-based approaches learn
data distribution gradients [5, 16, 23, 28, 46, 50] or for-
mulate the task as diffusion bridges [11, 40, 44] and flow
velocity fields [9]. Explicit iterative architectures employ
recurrent structures [6], weight-sharing modules [8], state-
space models [52], and reinforcement learning-based rout-
ing [12].

While progressive methods outperform single-stage ap-
proaches, most adopt fixed iterative pipelines that uniformly
process all regions, failing to account for spatially varying
noise distributions. This leads to redundant computation in
low-noise areas and insufficient refinement in high-noise re-
gions.

3. Method

3.1. Motivation
Recent progressive denoising methods decompose tasks
into refinement stages but enforce fixed pipelines, ignoring
non-uniform noise. This causes redundant computation and
over-smoothing in low-noise regions, while under-refining
high-noise areas, compromising fidelity and efficiency.

This raises a key question: Can networks dynamically
allocate computation by planning optimal paths per region?
We shift to adaptive inference, using surface normal devi-
ations as a noise proxy. As shown in Figure 2, Our adap-
tive path selection dynamically patches—intensive for cor-
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Figure 3. Our pipeline. DSNet employs a dynamic routing mechanism that adaptively selects denoising paths per patch based on local
noise levels, unlike fixed-path methods (e.g., IterativePFN) that uniformly refine and often over-smooth. Enhanced detail preservation is
evident in the zoomed comparison (bottom).

rupted ones, skipping for clean ones—balancing quality and
efficiency.

3.2. Overview
Given a noisy point cloud P̂ , our objective is to produce a
denoised result that approximates the clean point cloud P
as closely as possible. The proposed DSNet consists of a
series of iterative denoising modules, each designed to pro-
gressively refine the geometric structure. To enable efficient
processing, the input point cloud is first decomposed into
overlapping patches.

As illustrated in Figure 3, we assign distinct ground
truths for each iteration module inspired by Itera-
tivePFN [8], rather than using a uniform target throughout
the entire denoising process. We define:

P gtk = P + σiξ, ξ ∼ N (0, I), (1)

where σi represents the noise standard deviation at iteration
i, and is progressively reduced according to:

σi =
σi−1

γ
, (2)

with γ denoting the noise decay factor, which we set to 16
L

to ensure smooth degradation across iterations.
For each input patch, a surface-normal-based noise dis-

criminator is first applied to assess its residual noise level
and determine the appropriate entry point for denoising. Af-
ter each denoising module, the noise level is re-evaluated to
dynamically adjust the entry to the next stage. Within each
iteration module, we employ a U-Net architecture to pro-
gressively refine the patch while adaptively determining the

number of encoder–decoder layers based on the estimated
noise intensity. Through this adaptive mechanism, DSNet
establishes a fine-grained, on-demand denoising scheme
tailored to each individual patch, thereby achieving an op-
timal balance between denoising quality and computational
efficiency.

3.3. Network Architecture

In this section, we provide a detailed description of the
DSNet architecture, which consists of three key compo-
nents: a noise discriminator for adaptive path planning, a
series of iterative denoising modules, and a dynamic skip
mechanism for efficient inference.

Given an input noisy point cloud P̂ , we first employ the
Farthest Point Sampling (FPS) algorithm to extract center
points. For each selected center point, a K-Nearest Neigh-
bor (KNN) search identifies the 1000 nearest neighbors to
form a local patch. The next step is to evaluate the noise
complexity of each patch to determine the appropriate de-
noising module. To this end, we design a normal-based
noise discriminator, which quantifies geometric degradation
through surface normal deviations.

Normal-Similarity-based Noise Discriminator. In our
adaptive denoising framework, accurately quantifying the
noise level and structural complexity of each patch is crucial
for dynamic path selection. Through experimental observa-
tions, we find that the angular deviation between surface
normals of noisy and clean point clouds is highly correlated
with the degree of geometric degradation. Motivated by this
insight, we propose a novel Normal-Similarity Factor ρ,
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Figure 4. Overview of the noise discriminator network for computing ρ.

which utilizes local normal information to sensitively char-
acterize structural distortions:

ρ =
1

n

n∑
i=1

exp

(
−θ4i

γ

)
, (3)

where n denotes the number of points in the patch, and
θi represents the angular difference between the clean and
noisy normals at point i:

θi = arccos(nclean,i · nnoisy,i). (4)

Here, γ is a hyperparameter controlling the sensitivity to
noise deviations. The quartic term θ4i enlarges penalties for
large angular deviations, making ρ ∈ (0, 1] robust to small
perturbations while sensitive to significant structural distor-
tions.

Decision Function λ(ρ). To guide each patch to its proper
processing module, the continuous similarity score ρ must
be mapped to a discrete module index within the range
[Nmin, L]. This mapping function must satisfy several
key requirements: (1) inverse monotonicity—patches with
lower ρ (indicating higher noise) should enter earlier, more
aggressive denoising stages, while patches with higher ρ
(indicating lower noise) should skip to later, fine-tuning
stages; (2) nonlinear sensitivity—the mapping should be
more discriminative in the high-noise region where precise
routing is critical, and less sensitive in the low-noise re-
gion where exact module selection is less crucial; and (3)
bounded output—the result must be a valid integer index
within the allowable module range.

To achieve these objectives, we design the decision func-
tion as:

λ(ρ) = clip
(
round

(
L− (L−Nmin)

log(βρ+ 1)

log(β + 1)

)
,

Nmin, L
) (5)

where L denotes the total number of diffusion steps, Nmin

represents the earliest allowable entry point, and β > 0 is
a tunable hyperparameter controlling the nonlinearity of the
mapping.

The logarithmic term log(βρ+1)
log(β+1) serves as the core nonlin-

ear transformation. When ρ → 0 (extremely noisy patches),

the denominator log(βρ + 1) → 0, driving the ratio to
its maximum, which pushes λ(ρ) toward Nmin, forcing
the patch through the complete denoising trajectory. Con-
versely, when ρ → 1 (clean patches), both numerator and
denominator approach log(β + 1), yielding a ratio close to
1, which results in λ(ρ) ≈ L, allowing the patch to bypass
most denoising steps.

The hyperparameter β modulates the curvature of this
mapping: larger β increases the nonlinearity, making the
function more sensitive to changes in ρ within the high-
noise region (ρ close to 0), thereby enabling finer-grained
routing for challenging patches; smaller β flattens the curve,
distributing patches more uniformly across modules. The
round(·) operation discretizes the continuous result to inte-
ger indices, while clip(·, Nmin, L) enforces hard boundaries
to ensure outputs remain within the valid module range.
This formulation thus provides a principled, interpretable,
and tunable mechanism for adaptive path selection across
varying noise levels.

Network Implementation. The noise discriminator is
implemented using EdgeConv layers from DGCNN [43],
as shown in Figure 4. Given an input patch P ∈ Rn×3,
we first construct a k-NN graph and perform hierarchical
feature extraction through multiple EdgeConv layers that it-
eratively update node features via dynamic adjacency. The
features from different layers are concatenated and aggre-
gated to produce point-wise representations, which are then
globally pooled and processed through MLPs to predict the
noise similarity factor ρ.

3.4. Adaptive Mechanism of Iterative Path
In this section, we detail the core innovation of DSNet: a
dynamic path planning mechanism that adaptively routes
each patch through a tailored sequence of denoising mod-
ules based on continuous noise assessment. Unlike conven-
tional cascaded architectures that enforce a rigid sequential
flow (e.g., Net1 → Net2 → · · · → NetL), where all patches
traverse identical processing stages regardless of their noise
characteristics, DSNet replans the denoising trajectory at
each iteration by evaluating residual noise levels. This en-
ables a spatially adaptive allocation of computational re-
sources: heavily corrupted regions with complex geometry
receive intensive multi-stage refinement, while cleaner re-



gions with simpler structures bypass unnecessary interme-
diate processing.

During training, each patch undergoes iterative refine-
ment through multiple denoising modules. However, the
processing path is not predetermined—instead, it is dynam-
ically determined by the noise discriminator at each itera-
tion. Specifically, for the k-th iteration, the denoising pro-
cess follows three key steps:

(1) State Evaluation: The current patch Pk−1 is fed
into the noise discriminator to compute its similarity factor
ρk−1, which quantifies the residual geometric degradation
relative to the clean surface. This assessment captures both
global noise characteristics and local structural distortions
through surface normal deviations.

(2) Module Selection: Based on ρk−1, the decision func-
tion λ(ρk−1) maps the continuous similarity score to a dis-
crete module index t ∈ {tk−1 + 1, . . . , L}. This map-
ping follows the principle that patches with lower similarity
(higher noise) are routed to earlier, more aggressive denois-
ing modules, while patches with higher similarity (lower
noise) skip directly to later, fine-tuning modules. The selec-
tion process is governed by:

tk = λ(ρk−1), tk ∈ {tk−1 + 1, . . . , L}, (6)

where the selected module index tk determines which de-
noising network Nettk will process the patch in the current
iteration.

(3) Module Execution: The selected module Nettk then
processes Pk−1 to produce the refined output Pk. Formally:

Pk = Nettk(Pk−1) , tk ∈ {tk−1 + 1, . . . , L}. (7)

This three-step cycle repeats for a fixed number of itera-
tions Ktotal, with the discriminator continuously reassessing
the patch quality after each denoising step. Importantly, the
denoising trajectory is not constrained to be sequential. For
example, a patch might follow the path:

Pinput
Net2−−→ P1

Net5−−→ P2
Net7−−→ · · · NetL−−−→ Poutput, (8)

effectively bypassing intermediate modules
{Net3,Net4,Net6} when the discriminator determines
that the patch quality has improved sufficiently to skip
those stages. This non-sequential routing distinguishes our
method from prior iterative denoising approaches, such
as IterativePFN [8], which enforce a fixed sequence of
operations at both training and test time.

3.5. U-Net Iteration Module
As illustrated in Figure 5, the U-Net module adopts a hierar-
chical encoder-decoder architecture for multi-scale feature
extraction and refinement.
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Figure 5. Overview of U-Net architecture. The encoder per-
forms hierarchical feature extraction via neighborhood aggrega-
tion (NAA), while the decoder reconstructs features through multi-
head cross-attention for cross-level fusion.

Encoder. At each level l, features are refined through two
consecutive Neighborhood Attention Aggregation (NAA)
operations with MLP-based residual connections:

fl = MLP
(
[NAA(f0

l−1),NAA2(f0
l−1)]

)
+ MLP(fl−1),

(9)
where [·, ·] denotes concatenation. The point set Pl is down-
sampled via Farthest Point Sampling (FPS).

Decoder. The decoder upsamples features through
distance-weighted interpolation followed by multi-head
cross-attention (MHCA) module [39] for cross-level fusion:

hl−1 = MLP
(
[MHCA(φ(fl−1), φ(h̃l)), fl−1]

)
, (10)

where h̃l is the interpolated feature from the coarser level,
capturing both global context and local structural details.

3.6. Loss Function
To effectively train DSNet, we design a composite loss
function that integrates multi-stage supervision and geomet-
ric structure preservation, ensuring both global consistency
and local displacement coherence during progressive de-
noising.

Progressive Intermediate Ground Truth. At each de-
noising step k, we define an intermediate target P gtk with
progressively reduced noise, where the final target corre-
sponds to the clean ground truth point cloud.

Single-Step Loss Definition. For each iteration k, the loss
function consists of two components:

Lk = Lcd(Pk, P gtk) + Ldisp(Pk−1, P gtk , Pk), (11)

where Lcd measures the Chamfer distance between the pre-
dicted and target point clouds, and the displacement loss



Ldisp is defined as:

Ldisp = ∥(Pk − Pk−1)− Pnearest∥2. (12)

Here, Pnearest represents the displacement vector from Pk−1

to its nearest neighbor in Pgtk .
The total loss aggregates all intermediate losses with

equal weights:

L =

Ktotal∑
k=1

Lk, (13)

ensuring consistent supervision and stable optimization
throughout the coarse-to-fine denoising process.

4. Experiments

4.1. Datasets and Settings

Training dataset. Following previous studies [8, 15], we
adopt the PU-Net dataset [47] for training our network. The
training set consists of 40 meshes, from which point clouds
are sampled using Poisson disk sampling at resolutions of
10K, 30K, and 50K points. This yields a total of 120 train-
ing point clouds. To simulate realistic measurement imper-
fections, Gaussian noise with a standard deviation ranging
from 0.05 to 0.2 times the radius of the bounding sphere is
added to each sampled point cloud.

Testing datasets. For quantitative evaluation, we test on
the PU-Net dataset at 10K and 50K resolutions, yielding
40 noisy point clouds. To assess the generalization ability
of our approach, we further evaluate it on the real-scanned
Kinect dataset [42], which consists of scans collected by
Microsoft Kinect v1 and Kinect v2 devices. Additionally,
we evaluate on the Paris-Rue-Madame dataset [36], which
contains large-scale outdoor scans of street scenes in the 6th
district of Paris obtained via a 3D mobile laser scanning sys-
tem. These data include complex real-world noise artifacts,
making them an excellent benchmark for testing robustness
under real scanning conditions. As ground-truth surfaces
are unavailable for these real-world scans, we report quali-
tative results for this dataset.

Implementation Details. Our method is implemented in
PyTorch and trained on 8 NVIDIA A100-SXM4-80GB. We
employ the Adam optimizer with a learning rate of 1×10−4.
All input point clouds are normalized to fit within a unit
sphere before training.

The training process begins with an independent pre-
training of the noise discriminator to obtain a stable and dis-
criminative noise feature extractor. Subsequently, the pre-
trained noise discriminator is employed to guide the training
of the DSNet network, forming a joint optimization frame-
work that enhances the model’s convergence rate and over-
all training stability.

4.2. Comparisons on synthetic data
To assess the effectiveness of DSNet, we conduct a compar-
ative evaluation against several recent point cloud denois-
ing models, encompassing both single-stage and progres-
sive frameworks, as summarized in Table 1.

Within the single-stage category, PD-Flow relies on a
normalizing-flow-based density estimation approach. It
performs reliably under low-resolution and low-noise con-
ditions (e.g., 10K points, 1% noise), yet its denoising per-
formance degrades noticeably as both the resolution and
noise level increase (e.g., 50K points, 2.5% noise). Like-
wise, ASDN adopts an adaptive spatial sampling strategy
that enhances local geometry preservation to some degree,
but its robustness weakens once the noise level exceeds 2%.

Across all settings, DSNet demonstrates consistently su-
perior outcomes. Regardless of resolution (10K or 50K)
or noise level (1% to 2.5%), it achieves the lowest Cham-
fer Distance (CD) and Point-to-Mesh (P2M) errors. For in-
stance, at 50K points and 2.5% noise, DSNet attains a CD
of 0.762 and a P2M of 0.514, significantly outperforming
the other methods. These results confirm that DSNet main-
tains stable denoising performance across diverse condi-
tions while exhibiting strong robustness and effective struc-
tural preservation. This performance improvement stems
from DSNet’s adaptive path selection mechanism, which
not only improves computational efficiency but also en-
hances geometric reconstruction quality. By dynamically
routing clean regions to skip unnecessary denoising stages,
DSNet effectively prevents over-smoothing and preserves
fine-grained geometric details, while corrupted areas re-
ceive comprehensive refinement. This on-demand denois-
ing strategy achieves superior balance between noise sup-
pression and detail preservation, consistently outperforming
both single-stage and progressive paradigms.

4.3. Comparisons on scanned data
Qualitative comparisons of different denoising methods on
the Paris-Rue-Madame and Kinect datasets. As shown in
Figure 7, in the first-row comparison of the window re-
gion, our method restores the edges of the window frames
much more clearly and preserves the overall structural in-
tegrity. In the second-row comparison of the car’s under-
side region, Score-Denoise, PD-Flow, IterativePFN, P2P-
Bridge, and ASDN can only partially remove the noise, re-
sulting in rough surfaces with noticeable scattered points
and blurred boundaries. Although 3DMambaIPF produces
relatively smoother results, it still shows isolated noisy
points and loses local consistency. In contrast, our DSNet
effectively removes most of the noise while maintaining
smooth, continuous surfaces and sharp structural bound-
aries. The resulting point cloud is the most uniform and
faithful to the underlying geometry, demonstrating that
DSNet achieves the best balance between noise suppression



10K points 50K points

1% noise 2% noise 2.5% noise 1% noise 2% noise 2.5% noise

Method CD ↓ P2M ↓ CD P2M CD P2M CD P2M CD P2M CD P2M

Score [28] 2.521 0.753 3.686 1.381 4.412 1.925 0.716 0.400 1.289 0.833 1.952 1.363
PD-Flow [29] 2.134 0.680 3.255 1.328 3.627 1.702 0.652 0.417 1.425 1.056 1.874 1.426
IterativePFN [8] 2.055 0.501 3.043 0.845 3.352 1.045 0.606 0.302 0.802 0.436 1.015 0.588
P2P-Bridge [40] 2.284 0.686 3.202 1.114 3.531 1.386 0.586 0.330 0.902 0.580 1.165 0.803
ASDN [15] 1.871 0.488 2.624 0.789 2.697 0.961 0.512 0.300 0.721 0.437 0.850 0.575
3DMambaIPF [52] 1.989 0.477 2.995 0.803 3.262 0.992 0.589 0.291 0.755 0.405 0.928 0.531
DSNet (ours) 1.829 0.474 2.451 0.764 2.604 0.909 0.468 0.289 0.603 0.399 0.762 0.514

Table 1. Results on PU-Net Dataset. CD and P2M distances are multiplied by 104.

Score IterativePFNPDFlow ASDN DSNet(Ours)P2P-Bridge 3DMambaIPFNoise

Noise

Clean

Figure 6. Visual results of point-wise P2M distance for shapes at 10K resolution with 3% Gaussian noise. The color bar on the right
indicates the distance field from noisy to clean shapes.

Method CD ↓ P2M ↓
Score-Denoise 1.061 0.882
PD-Flow 1.145 0.909
IterativePFN 0.993 0.867
P2P-Bridge 0.974 0.854
ASDN 1.007 0.877
3DMambaIPF 1.008 0.883
DSNet (ours) 1.040 0.885

Table 2. Results on Kinect Dataset. CD and P2M distances are
multiplied by 104.

and detail preservation. Quantitatively, DSNet performs on
par with other state-of-the-art methods on the Kinect, the
results are listed in Table 2. Although the improvements
are less pronounced compared with synthetic settings, the
results remain competitive, demonstrating the general ap-
plicability of our approach while leaving space for future
enhancement in cross-domain generalization.

5. Ablation Study

To validate the effectiveness of our proposed components,
we conduct ablation studies on the number of progressive
denoising stages and the dynamic path selection mecha-
nism. Experiments are performed on the PU-Net dataset
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Figure 7. Qualitative Denoising Results on the Real-World Paris-Rue-Madame Dataset.

Method 10k points 50k points

1% noise 2% noise 2.5% noise 1% noise 2% noise 2.5% noise

CD ↓ P2M ↓ CD ↓ P2M ↓ CD ↓ P2M ↓ CD ↓ P2M ↓ CD ↓ P2M ↓ CD ↓ P2M ↓
DSNet-2 1.919 0.510 2.553 0.787 2.756 0.953 0.496 0.301 0.676 0.428 0.868 0.564
DSNet-Static-2 1.914 0.529 2.573 0.823 2.779 0.979 0.522 0.321 0.768 0.485 0.975 0.631

DSNet-3 1.867 0.489 2.539 0.779 2.723 0.925 0.498 0.298 0.674 0.411 0.845 0.528
DSNet-Static-3 1.904 0.503 2.521 0.778 2.848 1.015 0.511 0.311 0.713 0.448 0.811 0.535

DSNet-4 1.829 0.474 2.451 0.764 2.604 0.909 0.468 0.289 0.603 0.399 0.762 0.514
DSNet-Static-4 1.897 0.483 2.527 0.765 2.824 0.988 0.496 0.299 0.707 0.441 1.017 0.671

DSNet-5 1.847 0.481 2.478 0.771 2.635 0.918 0.473 0.295 0.615 0.406 0.816 0.532
DSNet-Static-5 1.911 0.520 2.586 0.803 2.952 1.058 0.525 0.321 0.751 0.468 1.063 0.701

Table 3. Ablation study on DSNet with different stages and static path variants under various noise levels.

across various noise levels and resolutions.

5.1. Impact of the Number of Denoising Stages
We first analyze the impact of network depth, parameterized
by the number of denoising stages (L). As shown in Table 3,
we evaluate DSNet with L ∈ {2, 3, 4, 5}. Performance con-
sistently improves as L increases from 2 to 4, demonstrating
that a deeper architecture enables more effective coarse-to-
fine refinement. However, performance slightly degrades at
L = 5, which we attribute to the risk of over-smoothing or
error accumulation. Consequently, we adopt L = 4 as the
optimal configuration, as it strikes the best balance between
denoising capability and model complexity.

5.2. Effectiveness of Dynamic Path Selection
To validate our core contribution, we compare the full
model (DSNet-L) against a static variant (DSNet-Static-L)
that forces all patches through a fixed sequential path. The
results in Table 3 reveal a critical trade-off. At lower noise
levels, our dynamic DSNet outperforms the static model.
This is because adaptive path selection successfully pre-

vents over-smoothing on cleaner patches by skipping un-
necessary stages.

Conversely, under extreme noise conditions (e.g., 3%
noise), the static model proves more robust. We hypoth-
esize that severe noise degrades the geometric cues used
by our discriminator, making a guaranteed, full-refinement
path more reliable. Nonetheless, this confirms that our dy-
namic mechanism is highly effective for its intended pur-
pose: achieving efficient, on-demand denoising for point
clouds with realistic, non-uniform noise.

6. Conclusion
In this paper, we present DSNet, a progressive point cloud
denoising framework with a dynamic path selection mecha-
nism adaptively routes each local patch through the denois-
ing pipeline. Built upon a normal-similarity–driven noise
discriminator and a path-selective iteration mechanism,
DSNet prevents over-smoothing in clean regions while en-
suring thorough processing of corrupted areas. Experiments
on multiple benchmarks demonstrate DSNet achieves state-
of-the-art performance in noise suppression and geometric
fidelity.
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