
Noise-Injected Spiking Graph Convolution for Energy-Efficient 3D Point Cloud
Denoising

Zikuan Li1, Qiaoyun Wu3*, Jialin Zhang2, Kaijun Zhang2, Jun Wang1,2

1School of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics
2College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics

3School of Artificial Intelligence, Anhui University
lzkuan@nuaa.edu.cn, wuqiaoyun@ahu.edu.cn, wjun@nuaa.edu.cn

Abstract

Spiking neural networks (SNNs), inspired by the spiking
computation paradigm of the biological neural systems, have
exhibited superior energy efficiency in 2D classification tasks
over traditional artificial neural networks (ANNs). However,
the regression potential of SNNs has not been well ex-
plored, especially in 3D point cloud processing. In this pa-
per, we propose noise-injected spiking graph convolutional
networks to leverage the full regression potential of SNNs
in 3D point cloud denoising. Specifically, we first emulate
the noise-injected neuronal dynamics to build noise-injected
spiking neurons. On this basis, we design noise-injected spik-
ing graph convolution for promoting disturbance-aware spik-
ing representation learning on 3D points. Starting from the
spiking graph convolution, we build two SNN-based denois-
ing networks. One is a purely spiking graph convolutional
network, which achieves low accuracy loss compared with
some ANN-based alternatives, while resulting in significantly
reduced energy consumption on two benchmark datasets,
PU-Net and PC-Net. The other is a hybrid architecture that
combines ANN-based learning with a high performance-
efficiency trade-off in just a few time steps. Our work lights
up SNN’s potential for 3D point cloud denoising, inject-
ing new perspectives of exploring the deployment on neuro-
morphic chips while paving the way for developing energy-
efficient 3D data acquisition devices.

Code — https://github.com/Miraclelzk/NI-SGCN

Introduction
Intelligent robotic systems are often equipped with a 3D
data acquisition device, which provides detailed point clouds
for environment perception. However, raw point clouds are
often corrupted by noise, stemming from sensor imperfec-
tions, environmental interference, and the probabilistic na-
ture of data capture. Point cloud denoising endeavors to ex-
tricate coherent geometrical information from raw scans,
thereby enhancing the precision of the data and fortify-
ing its applicability in advanced perception tasks. With the
continuous advancement of deep learning, learning-based
point cloud denoising methods have achieved remarkable
progress (Rakotosaona et al. 2020; Zhang et al. 2020; Luo
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and Hu 2021). However, these ANN-based methods typ-
ically demand numerous multiply-accumulate operations,
leading to high computational costs and energy consump-
tion. This poses significant challenges when deploying such
methods on 3D scanning devices, which have resources and
battery constraints.

Spiking Neural Networks (SNNs), using spike-driven
communication, have emerged as a prominent solution to
mitigate the exiguity of energy efficiency inherent in con-
temporary deep learning. In SNNs, all information is en-
coded within spiking signals rather than floating-point rep-
resentations, which allows SNNs to adopt spike-based accu-
mulate (AC) operations instead of energy-hungry multiply-
accumulate (MAC) operations, thus leading to extremely
low energy consumption (Kim et al. 2020). The expedi-
tious progression in the domain of neuromorphic engineer-
ing has culminated in the advent of sophisticated chips
like Loihi (Davies et al. 2018), which significantly augment
the energy efficiency inherent to SNNs. This advancement
brings us to the future of integrating intelligent neuromor-
phic processors into the fabric of quotidian existence.

Despite SNNs have been successfully applied in the field
of neuromorphic computing (Cao et al. 2024), the current
body of research on SNNs has been predominantly directed
towards classification endeavors, inadvertently neglecting
the exploration of their regression competencies, notably
within the domain of 3D point cloud denoising. Hence, to
develop a SNN-based regression algorithm supporting ef-
fective point cloud denoising whilst maintaining a profile
of low energy expenditure, is imperative. However, two key
concerns deserve much attention in extending SNNs to the
domain: (1) stochastic noise will bring spiking disturbance
to deterministic models, directly undermining their robust-
ness, and (2) semantically similar structures within a point
cloud can facilitate the mutual perception of perturbations,
thereby enhancing the discriminative capacity of the system
to detect and respond to noises in the data.

This paper explores SNNs for energy-efficient 3D point
cloud denoising. For the first concern, we draw inspiration
from the inherent nondeterministic and noisy nature of neu-
ral computations, and build noise-injected spiking neurons
to yield flexible and and reliable learning on 3D points.
For the second concern, we borrow concepts from Edge-
Conv (Wang et al. 2019), especially learning to capture
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semantically similar structures by dynamically updating a
graph of point relationships. We integrate our spiking neu-
rons into the convolution and design the noise-injected spik-
ing graph convolution, which increases the representation
power for discerning disturbances while efficiently propa-
gating information via sparse spiking signals. On this ba-
sis, we propose two variants of noise-injected spiking graph
convolutional networks (NI-SGCN) for the denoising of 3D
point cloud data. The first model is articulated in its en-
tirety within the spiking paradigm, denoted as NI-PSGCN,
exemplifying the Purest form of spiking computation. The
second model, NI-HSGCN, represents a Hybrid construct
that integrates select learning operations from artificial neu-
ral networks (ANNs), thereby harnessing the complemen-
tary strengths of both SNNs and ANNs within a cohesive
architecture. The main contributions are as follows:

• We define the noise-injected spiking neuron for nondeter-
ministic spiking learning on 3D points. We show the neu-
ron leads to SNNs with competitive performance and im-
proved robustness when facing challenging disturbances
compared with deterministic spiking neurons.

• We design the noise-injected spiking graph convolution,
capable of exploiting semantically similar structures to
facilitate spiking representation learning while also en-
hancing the information flow efficiency.

• We develop two noise-injected spiking graph convolu-
tional networks for 3D point cloud denoising, which sig-
nificantly reduces energy consumption. To the best of
our knowledge, our work is the first to employ spik-
ing neural networks for energy-efficient point cloud de-
noising, while maintaining high accuracy on the PU-Net
dataset (Yu et al. 2018) and PC-Net dataset (Rakotosaona
et al. 2020).

Related Work
Denoise on Point Clouds
Most learning-based point cloud denoising methods
evolve from foundational point cloud processing tech-
niques (Preiner et al. 2014). The development of Point-
Net and PointNet++ (Qi et al. 2017) enables the direct
convolution of point sets, paving the way for more ad-
vanced approaches. Building on these advancements, Wang
et al. (Wang et al. 2019) introduce a graph convolutional
architecture that uses nearest-neighbor graphs derived from
point sets to generate rich feature representations.

PointCleanNet (PCN) (Rakotosaona et al. 2020) employs
a two-level network to first remove outlier points and then
learn the motion coordinates of the noisy point cloud, trans-
forming it into a cleaner version. Pointfilter (Zhang et al.
2020) uses clean normals as a supervisory signal to analyze
the model’s latent surface information, effectively removing
noise while preserving the sharp edges of the point cloud.

Luo et al. introduce ScoreDenoise, a score-based de-
noising method that models the gradient log of the
noise-convolved probability distribution for point cloud
patches (Luo and Hu 2021). Chen et al.(Chen et al. 2019)
propose a multi-block denoising approach based on low-

rank matrix recovery with graph constraints and later devel-
oped RePCD (Chen et al. 2022), a feature-aware recurrent
network. Edirimuni et al. (de Silva Edirimuni et al. 2023)
criticize RePCD for its lack of iterative noise reduction dur-
ing testing and propose IterativePFN, an iterative point cloud
filtering network that explicitly models the iterative filtering
process internally. Wei et al.(Wei et al. 2024) propose Path-
Net, a path-selective point cloud denoising framework that
adapts its approach based on varying levels of noise and the
distinct geometric structures of the points.

Spiking Neural Networks
SNNs are regarded as the third generation of neural net-
works, inspired by brain-like computing processes that use
event-driven signals to update neuronal nodes (Cao et al.
2024). Unlike conventional ANNs, spiking neurons operate
on discrete-time events rather than continuous values, mak-
ing SNNs more energy and memory-efficient on embedded
platforms (Wu et al. 2019).

One significant challenge with SNNs is the effective train-
ing and optimization of network parameters. Currently, there
are two primary methods for developing deep SNN models:
ANN-to-SNN conversion and direct training. In ANN-to-
SNN conversion, ReLU activation layers are replaced with
spiking neurons to replicate the behavior of the original
ANN. However, these converte SNNs often require substan-
tial inference time and memory, resulting in increased la-
tency and decreased energy efficiency, which undermines
the advantages of spiking models (Roy, Jaiswal, and Panda
2019). In contrast, direct training involves designing surro-
gate gradients for backpropagation or using gradients with
respect to membrane potentials to train SNNs from scratch.
Models trained directly tend to reduce spiking time latency
and are more suitable for practical applications. However,
for large-scale tasks, they often do not match the accuracy
of conversion-based approaches or ANNs (Roy, Jaiswal, and
Panda 2019).

To enhance SNN performance and bridge the gap between
ANNs and SNNs, several advancements have been made.
Wu et al. (Wu et al. 2019) introduce neuron normalization
to balance firing rates and preserve important information.
The QIF neuron (Brunel and Latham 2003) simulates neu-
ronal electrical activity by extending the standard Integrate-
and-Fire (IF) neuron with a quadratic nonlinearity, offering a
more accurate representation of the neuron’s membrane po-
tential. The KLIF neuron (Jiang and Zhang 2023) is a novel
k-based leaky integrate-and-fire (LIF) neuron designed to
enhance the learning capabilities of spiking neural networks.
Spiking neurons with noise-injected dynamics are consid-
ered more biologically realistic. Rao et al. (Rao 2004) deve-
lope small noise-spiking neural networks to perform proba-
bilistic reasoning, effectively improving network robustness.
However, integrating these methods into arbitrary network
architectures remains challenging.

Spiking Neural Networks on Point Cloud
Recent research efforts are exploring the application of
SNNs in point cloud processing. Lan et al. (Lan et al. 2023)
propose an efficient unified ANN-SNN conversion method
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for point cloud and image classification, significantly reduc-
ing time steps for a fast and lossless transformation. Ren
et al. (Ren et al. 2024) extend PointNet to SNNs and de-
velop Spiking PointNet, while Wu et al. (Wu et al. 2024) in-
troduce a point-to-spike residual learning network for point
cloud classification. Despite these advances, there are rela-
tively few studies combining SNNs with point cloud data,
and most focus on classification tasks. To our knowledge,
we are the first to apply SNNs to point cloud denoising.

Methods
We propose noise-injected spiking graph convolutional net-
works for 3D point cloud denoising striking a good bal-
ance between effectiveness and efficiency. We first define
noise-injected spiking neurons, which take advantage of
non-deterministic, noisy neurodynamic computations de-
rived from the brain to enhance computational robustness.
We then integrate noise-injected spiking neurons into tradi-
tional graph convolution (Wang et al. 2019) to create noise-
injected spiking graph convolution, enhancing 3D point fea-
ture learning from spike sequences. Finally, we build 3D
spiking denoising networks on the basis of the proposed
spiking graph convolution.

Noise-Injected Spiking Neurons
Inspired by the inherent nondeterministic characteristics of
neural computations (Ma, Yan, and Tang 2023), we define
the noise-injected spiking neuron for spike computation.

Integrate-and-Fire spiking neurons. Bio-inspired spik-
ing neurons are designed to mimic the actual signal process-
ing in the brain. In this paper, we employ the simplest model
of spiking neurons, the Integrate-and-Fire model, which is
defined as:

Ut = Vt−1 + It (1)
St = Θ(Ut − Vth) (2)

Vt = Ut(1− St) + VresetSt (3)
Where Ut denotes the membrane potential at time step t.
St is the spike output, which occurs when Ut exceeds a
threshold Vth. It is the input current at time step t. Θ(·)
is the Heaviside step function, and Vt is the membrane po-
tential after a spike is triggered. We employ a “hard re-
set” method (Fang et al. 2021) in Eq. (3), meaning that af-
ter a spike (St = 1), the membrane potential Vt resets to
Vreset = 0.

Noise-injected Integrate-and-Fire spiking neurons. To
improve the robustness against challenging disturbances, we
inject noise into the IF spiking neuron. Specifically, we add
a Gaussian noise term to Eq. (1). The dynamics of the noise-
injected IF spiking neuron (NIIF) are defined as:

Ut = Vt−1 + It + ϵ (4)

Here, the noise term ϵ is drawn from a Gaussian distribution,
ϵ∼N(µ, σ2), where µ is the mean and σ is the standard de-
viation of the distribution. Additionally, the firing and reset-
ting dynamics of noisy spiking neurons remain unchanged,
namely Eq. (2)(3).
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Figure 1: The probabilistic firing mechanism and calculation
process of the NIIF neuron.

Fig. 1 illustrates the probabilistic firing mechanism and
calculation process of the NIIF neuron. The firing probabil-
ity is represented by the membrane noise cumulative distri-
bution function, depicted by the shaded red area under the
noisy voltage distribution. At the time step t, the membrane
potential U l,m

t and the spike output Sl,m
t of the m-th neu-

ron in the l-th layer, become random variables due to the
injected noise (Ma, Yan, and Tang 2023). The computation
for updating synaptic weights denotes as θl. With the noise,
we obtain the firing probability distribution of NIIF based
on the threshold firing mechanism:

P [St = 1] = Fϵ(Ut − Vth), (5)

where St is the spike state, and Fϵ is the cumulative distribu-
tion function of the noise. The difference Ut − Vth governs
the firing probability. Specifically, it relates to previous liter-
ature on escape noise models (Jolivet et al. 2006).

Noise-Injected Spiking Graph Convolution
Inspired by the discriminative representation capability of
the dynamic graph convolution from EdgeConv (Wang et al.
2019), we combine the noise-injected spiking neuron with
the graph convolution to promote disturbance-aware spiking
representation learning on 3D points.

Graph convolution. Graph convolution (Wang et al.
2019) is defined to learn the local geometric structures by
iteratively computing edge features between points. For a
point cloud X = {x1, x2, . . . , xn}, where each xi ∈ R3,
we first construct a graph G = (X,E), where X is the ver-
tex set and the edge set is constucted based on the k-nearest
neighbor relationship.

At the l-th graph convolutional layer, the edge feature elij
between a feature fi and its neighbor feature fj is defined
as:

elij = hθ(f
l−1
i , f l−1

j − f l−1
i ) (6)

Here, hθ is a parametric function, typically modeled as a
fully connected layer, which processes the concatenation of
the feature f l−1

i from xi and the relative feature displace-
ment f l−1

j −f l−1
i . This helps capture local neighborhood in-

formation and directional relationships between points. The
edge features are then aggregated for each feature fi using a
symmetric function such as max pooling:

f l
i = max

j∈N (i)
elij (7)
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Figure 2: An illustration of noise-injected spiking graph con-
volution.

where N (i) denotes the neighbors of feature fi. The aggre-
gation is invariant to the order of neighbors and extracts ro-
bust local features. By stacking multiple graph convolution
layers, the network refines point features iteratively to cap-
ture increasingly complex geometric patterns and spatial hi-
erarchies within the point cloud.

Noise-injected spiking graph convolution (NI-SGC). To
leverage graph convolution for capturing local and global
geometric features in point clouds while enhancing the dy-
namics and expressiveness of the network with spiking neu-
rons, we combine the NIIF neuron with the graph convolu-
tion to design the noise-injected spiking graph convolution
as:

I lt(xi) = {hθ(S
l−1
t (xi), S

l−1
t (xj)− Sl−1

t (xi))}j∈N (i),

U l
t(xi) = V l

t−1(xi) + I lt(xi) + ϵ,

Sl
t(xi) = Θ

(
U l
t(xi)− Vth

)
,

V l
t (xi) = U l

t(xi)
(
1− Sl

t(xi)
)
+ Vreset S

l
t(xi),

(8)
Where I lt(x) is the input current inspired by Eq. (6) and (7).
The differences lie in two aspects. The first is the spiking
feature inputs from the (l − 1)-th layer. Consequently, the
computation of I lt(x) can be simplified to AC operations,
with weight accumulation occurring only when neighboring
neurons generate spikes in the (l − 1)-th layer. U l

t(x) de-
notes the membrane potential of the neuron at 3D position x
in the l-th layer at time step t. V l

t−1 represents the membrane
potential at time (t−1). The Heaviside step function Θ(·) is
used for spiking determination. Fig. 2 illustrates the dynam-
ics of the proposed spiking graph convolution neuron. At the
l-th layer, the neuron receives spike inputs from the neigh-
borhood Ni of the (l − 1)-th layer. NI-SGC then constructs
the edge feature for the spikes Sl−1 from the (l−1)-th layer,
followed by processing through FC and NIIF Layers.

Dense NI-SGC block. The spiking graph convolution
(NI-SGC) can efficiently extract multi-scale and non-local
features for each point, while dense connections can provide
richer contextual information, which is much suitable for de-
noising tasks (Liu et al. 2019). Hence, we design dense NI-
SGC block for point cloud denoising by elaborately combin-
ing NI-SGC, FC, and NIIF. The r-th NI-SGC block can be
formulated as:

Sr+1
t (xi) = meanj∈N (i) Hθ(S

r
t (xi), S

r
t (xj)− Sr

t (xi))
(9)

Ed
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Figure 3: An illustration of dense NI-SGC block.

where Sr
t = {Sr

t (xi)}Ni=1 are spiking feature representa-
tions in a high-dimensional space, serving as the input to
the r-th block. Hθ represents a densely connected FC pa-
rameterized by θ, N (i) denotes the neighborhood of spik-
ing feature St(xi). The other is that we replace the max
pooling with the average pooling. As illustrated in Fig. 3,
dense connections are employed both within and between
spiking graph convolution layers. In each graph convolution
layer, Hθ is densely connected, and features are passed to all
subsequent layers. These dense connections reduce network
parameters and enhance contextual information(Liu et al.
2019).

Noise-Injected Spiking Graph Convolutional
Networks

In this section, we design noise-injected spiking graph con-
volutional networks (NI-SGCN) for 3D point cloud denois-
ing, which is based on an ANN-based denoising architec-
ture, ScoreDenoise (Luo and Hu 2021). The NI-SGCN con-
sists of two main parts: the spiking feature extraction module
and the score estimation module.

The spiking feature extraction module aims to learn point-
wise spiking features from the input noisy 3D point set
X = {xi}Ni=1 ∈ RT∗N∗3, where T represents the spiking
time latency, N denotes the number of points, and 3 rep-
resents the 3D coordinates of points. The structures of our
spiking feature extraction module are shown in Fig. 4, which
is constructed by stacking dense NI-SGC blocks and fully
connected layers. The learned spiking feature for point xi is
denoted as hi.

The score estimation module is parameterized by the fea-
ture hi of point xi, which outputs a score Sc(xi). The Sc(xi)
represents the gradient from xi to the underlying surface and
is used to determine the direction of optimizing noise. There
are two variants: one is the ANN-based score estimation, fol-
lowing ScoreDenoise (Luo and Hu 2021) and the other is a
SNN-based score estimation by simply replacing the ReLU
in the ANN-based score estimation with NIIF spiking neu-
rons. Consequently, we propose two implementations of NI-
SGCN: the first is a hybrid architecture, NI-HSGCN, witch
employs the above spiking feature extraction module and
the ANN-based score estimation module; the second is NI-
PSGCN, a purely SNN-based structure, which fully lever-
ages the enhanced energy efficiency of SNNs.

The final training objective aggregates the objectives for
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Figure 4: Illustration of the architecture and pipeline of the noise-injected spiking point cloud denoise learning network.

each local score function:

L =
1

N

N∑
i=1

Ej∼N (i)

[
∥sc(xj)− Sc(xi)∥22

]
(10)

where N (i) is a distribution concentrated in the neighbor-
hood of xi. sc(xj) is the ground truth score. Note that, this
objective not only matches the predicted score on the po-
sition of xi but also matches the score on the neighboring
areas of xi. For NIIF neuron, we only add noise during
training to improve robustness. The derivative of the Heav-
iside step function in Eq. (8) equals the Dirac delta func-
tion, which makes the training process unstable if used di-
rectly for gradient descent. Following (Fang et al. 2023), we
use the surrogate function Θ′(v) ≜ σ′(v) in gradient back-
propagation, where σ(v) is a smooth, continuous function
resembling Θ(v), specifically the arctan function.

Experiments and Results
Experimental Settings
We evaluate the performance of 3D point cloud denoising
using two benchmark datasets, PU-Net (Yu et al. 2018) and
PC-Net (Rakotosaona et al. 2020). PU-Net contains 60 dis-
tinct shapes, which are divided into 40 for training and 20
for testing. The PC-Net dataset, used exclusively for gen-
eralization testing, comprises 10 unique point cloud shapes
and their corresponding meshes.

Following the experimental setup in the literature (Luo
and Hu 2021), the meshes in both datasets are normalized
to a unit sphere. We use Poisson disk sampling to generate
point cloud data at a resolution of 10K and 50K points. Then
we add Gaussian noise with a standard deviation of 0.5% to
2% of the unit sphere. The model is trained on the PU-Net
training set, and its denoising performance is evaluated on
both the PU-Net test set and the PC-Net dataset. In line with
previous work, Chamfer Distance (CD) and Point-to-Mesh
Distance (P2M) are used as evaluation metrics, with both
CD and P2M reported in units of 10−4.

module CD P2M
NI-HSGCN 1.798 1.147
NI-PSGCN 1.926 1.211

Table 1: Ablation study on the NI-SGCN architecture de-
signs on the PU-Net dateset.

All experiments are implemented on Intel an i9-13900HX
CPU and an NVIDIA RTX 4090 GPU (24GB memory,
CUDA 11.8), using PyTorch and SpikingJelly (Fang et al.
2023) for implementation. NI-SGCN is trained with the
Adam optimizer using a learning rate of 1 × 10−4, and the
network is trained with a batch size of 32. For all our SNN
models, the default time delay T is set to 4, the membrane
potential threshold is set to 1, and the standard deviation of
injected noise is 0.2.

Ablation Study
We first perform ablation experiments on PU-Net to estab-
lish the final architecture of NI-SGCN. All ablation study are
performed on the PU-Net dataset, using point clouds with
50K points and 2% Gaussian noise.

Ablation on NI-SGCN architecture designs. Starting
from the spiking graph convolution, we build two SNN-
based denoising networks. One is a pure spike graph con-
volutional network structure NI-PSGCN, and the other is
a hybrid architecture NI-HSGCN, which integrates some
ANN-based learning operations. We use PU-Net to perform
denoising ablation experiments on both architectures, with
the evaluation results reported in Table 1. The hybrid NI-
HSGCN outperforms the purely spiking NI-PSGCN, with a
reduction of 0.128 in CD and a reduction of 0.064 in P2M
metrics. While NI-PSGCN has achieved good denoising re-
sults using a pure SNN, its regression module (score estima-
tion) cannot match the structural performance of an ANN.
However, by adopting a hybrid structure, NI-PSGCN lever-
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Decoding Scheme CD P2M
MAX 2.199 1.495

MEAN 1.798 1.147

Table 2: Ablation study on the pooling schemes on the PU-
Net dataset.

neurons IF LIF NIIF NILIF QIF KLIF
CD 2.057 1.889 1.798 1.848 2.176 2.469

P2M 1.362 1.203 1.147 1.186 1.465 1.711

Table 3: Ablation study on the usage of different spiking
neurons in the network.

ages the complementary strengths of both SNN and ANN,
balancing energy efficiency with denoising effectiveness.
Therefore, we choose the hybrid NI-HSGCN architecture to
build the final denoising network in subsequent experiments.

Ablation on pooling schemes. We perform a series of ab-
lation studies comparing max pooling and mean pooling,
with the results shown in Table 2. The findings show that
the NI-SGCN network achieves superior denoising perfor-
mance with mean pooling. Specifically, mean pooling re-
duces the CD by 0.401 and the P2M by 0.348 compared
to max pooling. In both metrics, mean pooling consistently
outperforms max pooling. This improvement is attributable
to the binary outputs (0 or 1) produced by spiking neurons
in SNNs, in contrast to the float values generated by acti-
vation functions in ANNs. Max pooling in SNNs captures
only the most prominent binary features, potentially over-
looking finer details. In contrast, mean pooling converts bi-
nary features into float values, preserving more information
about the underlying geometry. Consequently, mean pooling
offers a more representative and stable aggregation of local
geometric features.

Ablation on spiking neurons. We assess the impact of
various types of spiking neurons on the performance of
NI-SGCN. Specifically, we compare the network’s per-
formance using NIIF, Noise-injected Leaky Integrate-and-
Fire (NILIF), IF, LIF, QIF (Brunel and Latham 2003) and
KLIF (Jiang and Zhang 2023) neurons. As shown in Ta-
ble 3, NIIF neuron achieve the best performance in both CD
and P2M metrics. Noise-injected IF neurons can directly in-
corporate noise into the integration process, thereby enhanc-
ing the robustness and generalization ability of the network.
Spiking neurons with noise-perturbed dynamics are believed
to be more biologically realistic, and internal noise brings
potential benefits by promoting more generalization perfor-
mance. Furthermore, the simplicity of the IF neuron, when
combined with noise injection, allows for more efficient and
effective spike-based computation compared to the LIF neu-
rons.

Ablation on time latency. In spiking neural networks, the
time delay T is a critical hyperparameter. As illustrated in
Table 4, our evaluation indicates that the network sustains
strong performance metrics with minimal variation in de-

Latency 1 2 4 8
CD 5.524 1.951 1.798 1.815

P2M 4.419 1.273 1.147 1.155

Table 4: Ablation study on the time latency on the PU-Net
dataset. NI-SGCN with T = 4 presents the highest CD and
P2M metrics.

noising effectiveness when T ranges from 2 to 8. Notably,
the optimal denoising performance, characterized by the
lowest CD and P2M metrics, occurs at T = 4. While in-
creasing T from 2 to 4 improves denoising performance,
further increasing T to 8 results in a decline, likely because
excessively large T values introduce redundancy rather than
providing valuable information.

Comparison with State-of-the-art Methods
We compare our method against state-of-the-art deep
learning-based denoisers, including PCN (Rakotosaona
et al. 2020), ScoreDenoise (Luo and Hu 2021), DMRDe-
noise (Luo and Hu 2020), and Pointfilter (Zhang et al. 2020).
Our evaluations are conducted on the PU-Net and PC-Net
datasets, with isotropic Gaussian noise applied at a standard
deviation ranging from 1% to 2% of the unit sphere radius.

As shown in Table 5, the proposed NI-HSGCN and NI-
PSGCN maintain low accuracy loss compared with the
ANN-based ScoreDenoise and Pointfilter. However, our
work has the advantage of ultra-low energy consumption
as demonstrated in the next section. These results indicate
the capability of NI-HSGCN and NI-PSGCN in preserving
the point cloud structure while effectively reducing noise.
Our work can provide a proper balance between denoising
accuracy and efficiency. On the other hand, our networks
outperform PCN and DMRDenoise in most cases. The ex-
periments across different datasets and noise levels further
highlight the robustness and adaptability of our networks.

Figure 5 visually compares the denoising results achieved
by our proposed method with those of competitive base-
lines, under 2% Gaussian noise and a point cloud resolution
of 50K points. Each point is color-coded according to its
denoising error, as measured by the point-to-grid distance,
with green indicating points closer to the underlying sur-
face and red indicating points farther away. The visualiza-
tion, consistent with Table 5, clearly demonstrates that our
NI-HSGCN produces cleaner and more visually appealing
outcomes compared to PCN and DMRDenoise. Our work
can reduce noise and preserve fine details to some extents.

Theoretical Energy Consumption Calculation
We examine the hardware efficiency of the proposed frame-
work. In contrast, our SNN architecture leverages a transfor-
mation that largely bypasses multiplication, retaining it only
in the initial layer. This design allows the hardware to take
advantage of sparse computation, effectively eliminating ad-
dition operations in the absence of spikes. We estimate the
primary energy consumption of our network and the Score-
Denoise (Luo and Hu 2021) network, while excluding point
cloud downsampling and normalization operations. Both
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Points 10K (Sparse) 50K (Dense)
Noise 1% 2% 1% 2%

Dataset Model CD P2M CD P2M CD P2M CD P2M

PU ANN

PCN 3.686 1.599 7.926 4.759 1.103 0.646 1.978 1.370
ScoreDenoise 2.611 0.863 3.684 1.416 0.767 0.448 1.295 0.842
DMRDenoise 4.712 2.196 5.085 2.523 1.205 0.762 1.443 0.970
Pointfilter 2.709 0.884 4.508 1.937 0.723 0.389 1.175 0.709

SNN NI-HSGCN 2.797 0.923 4.437 1.884 0.843 0.461 1.798 1.147
NI-PSGCN 2.947 1.004 4.622 1.976 0.885 0.485 1.926 1.211

PC ANN

PCN 3.847 1.221 8.752 3.043 1.293 0.289 1.913 0.505
ScoreDenoise 3.264 1.663 5.066 2.485 1.075 0.543 1.671 1.006
DMRDenoise 6.602 2.152 7.145 2.237 1.566 0.350 2.009 0.485
Pointfilter 3.374 1.945 6.160 3.480 1.060 0.522 1.620 0.982

SNN NI-HSGCN 3.478 1.799 5.756 3.073 1.146 0.571 2.134 1.357
NI-PSGCN 3.798 1.972 6.035 3.380 1.208 0.626 2.258 1.441

Table 5: Comparison among competitive denoising algorithms. The units of CD and P2M are both 10−4.

Noisy PCN ScoreDenoise DMRDenoise Pointfilter NI-SGCN(Ours) Clean

Figure 5: Visual comparison of denoising methods. Points colored reder are farther away from the ground truth surface.

networks are tested with an input of 5, 000 3D points. Fol-
lowing (Horowitz 2014), by quantifying the computational
workload in terms of operations executed, the conventional
ANN-based model theoretically consumes 3.01 × 109pJ
for per forward pass, In contrast, the SNN-based architec-
ture NI-PSGCN requires only 2.36 × 108pJ , representing
a 12.75-fold reduction in energy consumption. The hybrid
architecture NI-HSGCN consumes 7.65 × 108pJ , which is
approximately 3.94 times more energy-efficient than the tra-
ditional ANN. Due to the sparsity of spikes and the use of al-
ternating current, our network demonstrates exceptional en-
ergy efficiency. Our work underscores the potential of SNNs

for 3D point cloud denoising and supports the development
of energy-efficient 3D data acquisition devices.

Conclusion
In this paper, we propose noise-injected spiking graph con-
volutional networks for 3D point cloud denoising, achieving
an optimal balance between denoising effectiveness and bio-
inspired energy efficiency on two benchmark datasets, PU-
Net and PC-Net. In future work, we aim to explore more
efficient and energy-saving 3D point cloud denoising net-
works while maintaining the high accuracy demonstrated by
state-of-the-art methods.
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