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Abstract

Despite significant advancements in point cloud analysis, re-
ducing energy consumption and improving robustness re-
main understudied, largely due to the inherent limitations
of Convolutional Neural Networks (CNNs). To address this,
we take the cue from the primary visual cortex and propose
a Dendritic-Connected Continuous-Coupled Neural Network
(DC-CCNN), a novel Brain-Inspired Neural Network (BINN)
architecture tailored for point cloud analysis. By leverag-
ing the unique characteristics of point clouds, our design
combines discrete and continuous encoding, replacing tra-
ditional Multilayer Perceptrons (MLPs) with more efficient
and robust BINNs. Our approach substantially improves the
performance of Brain-Inspired Neural Networks on point
analysis tasks and maintaining performance comparable to
state-of-the-art methods. Furthermore, DC-CCNN exhibits
enhanced robustness against various point cloud deforma-
tions and corruptions. Our experimental results demonstrate
that DC-CCNN achieves competitive performance on bench-
mark datasets, making it a promising alternative to traditional
deep learning methods for point cloud analysis. With its high
efficiency and robustness, DC-CCNN has the potential for
widespread adoption in 3D computer vision, robotics, and au-
tonomous systems.

Introduction
Point cloud analysis plays a central role in 3D understand-
ing, drawing increasing attention from both academia and
industry (Zheng et al. 2025). Unlike 2D images, point clouds
consist of unordered, irregularly spaced 3D points, mak-
ing conventional image processing ineffective. Sparsity and
noise further increase the difficulty. To address these chal-
lenges, various approaches have been explored, including
geometric methods, deep learning, and Graph Neural Net-
works (GNNs). Deep learning methods for point clouds are
generally categorized by their data representation strategies.
Indirect methods project point clouds onto grids (e.g., vox-
els (Lei et al. 2024) or images (Dang et al. 2023b; Dang and
Yang 2022; Dang et al. 2025, 2024a)) to reuse 2D CNNs,
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Figure 1: Comparison of CNN-based methods and our
DC-CCNN for 3D point cloud classification. DC-CCNN
achieves similar accuracy with significantly lower energy
consumption.

but this often causes information loss. Direct methods, such
as PointNet (Qi et al. 2017a), PointNet++ (Qi et al. 2017b),
and PointMLP (Ma et al. 2022), process raw point sets using
shared MLPs, improving efficiency and accuracy. However,
most models assume clean data and degrade under corrup-
tion (Dong et al. 2023). Robust 3D classification remains an
open challenge. Despite progress, efficiently handling large-
scale, sparse, and noisy point clouds remains difficult. CNN-
based methods often suffer from high computational cost,
limited robustness to deformation, and poor adaptability to
irregular structures (Dang and Yang 2020, 2021; Dang et al.
2024b). Their reliance on dense convolutions restricts de-
ployment on low-power devices and hampers generalization
under occlusion or noise.

To address these limitations, we propose Dendritic-
Connected Continuous-Coupled Neural Network (DC-
CCNN), a novel Brain-Inspired Neural Network (BINN) ar-
chitecture designed for robust and efficient point cloud anal-
ysis. As illustrated in Figure 1, DC-CCNN leverages Spiking
Neural Networks (SNNs) (Wu et al. 2025), incorporating bi-
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ological sensitivity to spatial and temporal patterns. Through
spike coding and event-driven computation, it reduces com-
plexity while improving robustness to deformation, occlu-
sion, and noise. The integration of discrete and continu-
ous dynamics enables high efficiency with low energy con-
sumption, achieving performance competitive with state-of-
the-art models using fewer computational resources. DC-
CCNN offers strong potential for applications in 3D vision,
robotics, and autonomous driving. The main contributions
of this work are:
• We propose DC-CCNN, a brain-inspired neural architec-

ture integrating discrete and continuous coding to reduce
computational cost while maintaining high performance.

• DC-CCNN improves robustness against noise, deforma-
tion, and occlusion, outperforming conventional CNNs
in stability and adaptability.

• Extensive experiments on benchmark datasets validate its
effectiveness and efficiency, positioning DC-CCNN as a
competitive alternative for point cloud analysis.

Related Work
Point Cloud Analysis Methods. Classical point cloud
methods rely on geometric and statistical techniques such as
segmentation, feature extraction, and voxelization (Li et al.
2022; Gonizzi Barsanti et al. 2024). While computationally
efficient, they are limited by sensitivity to noise and poor
scalability to large, sparse, and unordered data.
Convolutional Neural Networks. Deep learning has be-
come the dominant paradigm for point cloud analysis. Point-
Net (Qi et al. 2017a) addresses unordered data using sym-
metric functions, while PointNet++ (Qi et al. 2017b) intro-
duces hierarchical feature learning. Despite strong perfor-
mance, CNN-based models are resource-intensive (Ma et al.
2024), facing scalability and latency challenges on large-
scale data.
Spiking Neural Networks. Spiking Neural Networks.
(SNNs) (Yi et al. 2023) emulate biological neurons through
discrete, asynchronous spikes (Hodgkin and Huxley 1952),
enabling event-driven computation well-suited for sparse
data. They have shown strong energy efficiency in sequen-
tial tasks (Zhong et al. 2024; Zhang et al. 2025; Liu et al.
2025) and HAR, achieving up to 94% energy savings. Re-
cent efforts apply SNNs to point cloud processing (Ren et al.
2024; Wu et al. 2024; Takaghaj and Sampson 2024), lever-
aging their compatibility with spatio-temporal data. Models
like Spiking PointNet (Ren et al. 2024) reduce training over-
head and sometimes outperform DNNs, while PointLCA-
Net (Takaghaj and Sampson 2024) incorporates the Locally
Competitive Algorithm (LCA) to enhance classification. Ar-
chitectures include feedforward and recurrent forms (e.g.,
RNNs, LSTMs), which capture temporal dependencies and
mitigate gradient issues. However, the robustness of SNNs
under corrupted or noisy point clouds remains underex-
plored.

Method
Early point cloud models lacked robustness to noise, spar-
sity, and irregularity. To address these challenges, we pro-

posed a BINN module, as illustrated in Figure 2, which is in-
spired by biological neural systems. The module is sensitive
to spatio-temporal signals and mimics brain-like process-
ing to enhance performance. Spiking PointNet (Ren et al.
2024) later introduced BINN concepts into point cloud anal-
ysis, incorporating SNN features such as thresholding and
exponential decay to reduce energy consumption. However,
SNNs remain simplified abstractions of spiking neurons, dif-
fering from biological cortical structures. Their periodic re-
sponses under repetitive input contrast with the chaotic be-
havior of biological neurons, leading to information loss and
limited feature extraction. As a result, Spiking PointNet suf-
fers from reduced accuracy and limited practical applica-
bility. To overcome these issues, we developed DC-CCNN,
which introduces neuronal firing randomness and continu-
ous outputs to mitigate information loss and better represent
point cloud characteristics. Convolutional operations further
improve local feature extraction, yielding a more effective
processing framework.

Spiking Neural Networks
In complex structures like point clouds, SNNs mimic the
brain’s spike-based communication. Neurons receive spike
trains from the previous layer and update their membrane
potential, commonly modeled by the Leaky Integrate-and-
Fire (LIF) equation:

τm
du

dt
= −(u− urest) +R · I(t), u < Vth, (1)

where I is the input current, Vth the firing threshold, and R,
τm the resistance and time constant. When u reaches Vth, a
spike is emitted and u resets to urest (typically zero).

To enable training in modern frameworks (e.g., Tensor-
Flow, PyTorch), an iterative LIF model was proposed:

ui[t+ 1] = λ(ui[t]− Vthsi[t]) +
∑
j

wijsj [t] + bi, (2)

si[t+ 1] = H(ui[t+ 1]− Vth), (3)

where wij is the synaptic weight, bi the bias, and sj [t] the
spike from neuron j at time t. H(·) is the Heaviside func-
tion, and λ < 1 is the leak factor (typically 0.2–0.25). si[t]
denotes the spike output of neuron i at time t.

Continuous-Coupled Neural Network
To more accurately model the primary visual cortex and
address issues such as the refractory period present in ex-
isting models, we introduce the Continuous-Coupled Neu-
ral Network (CCNN). CCNN introduces stochastic firing
dynamics as opposed to the deterministic nature of Pulse-
Coupled Neural Networks (PCNNs). The neuron firing state
in CCNN fluctuates due to a fluctuating threshold, mimick-
ing the chaotic dynamics observed in real primary visual
cortex neurons. The membrane potential x follows a Gaus-
sian distribution for both the resting and firing states. The
firing probability is computed using Bayesian inference.

The core dynamics of the CCNN model are described by
the following recurrence relations:

Fij(n) = e−afFij(n−1)+VFMijklYkl(n−1)+Sij , (4)
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Figure 2: Pipeline overview of DC-CCNN for 3D point cloud classification. Inspired by the visual cortex, the framework mimics
the dorsal stream for spatial processing and the ventral stream for object recognition. Input point clouds are first processed by
CNNs to extract spatial features, which are mapped into structured representations via DC-CCNN. The resulting features are
then classified, emulating intertemporal cortex functionality.

Lij(n) = e−alLij(n− 1) + VLWijklYkl(n− 1), (5)
Uij(n) = Fij(n)(1 + bLij(n)), (6)

Yij(n) =
1

1 + e−(Uij(n)−Eij(n))
, (7)

where Mijkl and Wijkl are the synaptic weights, Sij is the
external stimulus, and b is the linking strength. The param-
eters af , al, and ae control the exponential decay factors of
previous input states. The firing threshold Eij(n) evolves
according to the following equation:

Eij(n) = e−aeEij(n− 1) + VEYij(n− 1). (8)

The firing process is treated as a random fluctuation due to
the hyperpolarization process, where both the resting poten-
tial and firing threshold are modeled as Gaussian-distributed
random variables. The probability of firing is computed us-
ing:

P (Y1|X) =
1

1 + e−(2m1−2m0)x+m2
1−m2

02s2 + ln P (Y0)
P (Y1)

.

(9)
The model’s neurons exhibit periodic dynamics under

constant stimuli and chaotic behavior under periodic stim-
uli. This is a key difference from PCNN, where the out-
put remains periodic even with a periodic input. In con-
trast, CCNN shows chaotic characteristics under AC stimuli,

aligning with the observed behaviors in real primary visual
cortex neurons.

We propose a brain-inspired model for point cloud anal-
ysis that enhances spatiotemporal feature extraction. The
framework combines a BINN module, which encodes spa-
tial and temporal characteristics via spike-based processing,
with a CCNN that models complex dynamics through it-
erative computation. The pipeline consists of three stages:
(1) preprocessing for denoising and normalization, (2)
BINN-based spatiotemporal spike encoding, and (3) CCNN-
based pattern extraction and uncertainty handling. This
BINN–CCNN synergy improves both dynamic modeling
and spatiotemporal representation in point cloud data.

DC-CCNN Framework
The BINN module first processes the input by simulating
the pulse transmission mechanism of biological neural sys-
tems through its spiking neuron model. BINNs excel at han-
dling sparse and irregular data, enabling them to capture
both temporal and spatial features in the input. Particularly
for dynamic and sparse data, BINNs can extract key fea-
tures through spike generation and transmission. These ini-
tially extracted features serve as the foundation for subse-
quent processing by the CCNN module. The CCNN mod-
ule receives the feature data output from the BINN module.
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Its pulse convolutional layer further processes these features
using a unique structure and state variables, including the in-
put signal accumulation state F, the linking state L, and the
dynamic threshold E.
Accumulation of Output Features of F. The input signal
accumulation state F aggregates the characteristic signals
output by the BINN module , simulating the continuous per-
ception of stimulus intensity in the biological visual system
and further enhancing feature representation.

Ft =

(
1− ∆t

τF

)
Ft−1 +X. (10)

Among them, Ft represents the accumulation state at time
t; X is the input signal; τF is the time-constant, which con-
trols the decay rate of the input signal, ∆t represents the
time step between the current and the previous time point; at
the moment t = 0, F = X , and the input X is the 1× 1 fea-
ture matrix corresponding to the input of the convolutional
kernel.
The Spatial Neighborhood Coupling Effect of L. The
Linking state L models spatial neighborhood coupling by
integrating the spatial relationships of the BINN output fea-
tures. It simulates the effect of a pixel (neuron) being excited
by its surrounding pixels, enabling the network to better cap-
ture spatial structure information.

Lt =

(
1− ∆t

τL

)
Lt−1 + Conv(F ), (11)

where Lt represents the coupling state at time t; Conv(F )
is a convolution operation that maps the accumulation state
F to the same number of channels as L; τL is the time-
constant, which controls the decay rate of the coupling
state, ∆t represents the time step between the current and
the previous time point; another definition is Fprojected =
Conv(F ).
Dynamic Threshold Control of E. The dynamic threshold
E regulates neuronal activation over time by adapting to ac-
cumulated input signals and local spatial interactions. This
mechanism simulates homeostatic regulation in biological
neurons, enabling the model to suppress background noise
while enhancing sensitivity to salient patterns. The thresh-
old rises or falls based on the difference between spike ex-
citation U and the current threshold E, promoting adaptive
filtering under varying input conditions.

Et =

(
1− ∆t

τE

)
Et−1 + VE · sigmoid(U − E), (12)

where U is the spike excitation, U = Fprojected ·(1+β ·Lt); β
is the coupling-strength control parameter, Et is the dynamic
threshold at time t, τE is the time-constant, which controls
the decay rate of the dynamic threshold; sigmoid(U − E)
is the threshold adjustment amount; VE is the adjustment -
rate control parameter.

Y = sigmoid(U − E). (13)

The sigmoid function is used to smooth the output.

Method OA(%)

Spiking PointNet (Ren et al. 2024) 83.5

RS-CNN (Liu et al. 2019c) 92.9

DensePoint (Liu et al. 2019b) 93.2

PointASNL (Yan et al. 2020) 92.9

PosPool (Liu et al. 2020) 93.2

Point Trans (Engel, Belagiannis, and Dietmayer 2021) 92.8

MLMSPT (Zhong and Han 2021) 92.9

PCT (Guo et al. 2021) 93.2

PointMLP (Ma et al. 2022) 93.2

DC-CCNN (Ours) 93.5

Table 1: Classification results on ModelNet40 dataset.

Method mAcc(%) OA(%)

BGA-DGCNN (Uy et al. 2019) 75.7 79.7

BGA-PN++ (Uy et al. 2019)) 77.5 80.2

DRNet (Qiu, Anwar, and Barnes 2021a) 78.0 80.3

GBNet (Qiu, Anwar, and Barnes 2021b) 77.8 80.5

SimpleView (Goyal et al. 2021) - 80.5

PRANet (Cheng et al. 2021) 79.1 82.1

MVTN (Hamdi, Giancola, and Ghanem 2021) - 82.8

PointMLP (Ma et al. 2022) 83.9 85.4

DC-CCNN (Ours) 84.1 87.3

Table 2: Classification results on ScanObjectNN dataset.

Experiment
In this section, we conduct a thorough evaluation of DC-
CCNN across multiple benchmarks, supported by detailed
ablation studies that showcase its effectiveness through both
quantitative and qualitative analysis.

Datasets
We evaluate our model on three standard point cloud bench-
marks. ModelNet40 (Wu et al. 2015) includes 12,311 CAD
models from 40 categories, with 9,843 used for training and
2,468 for testing. ScanObjectNN (Uy et al. 2019) comprises
over 15,000 real-world object point clouds from RGB-D in-
door scenes; we use the PB-T50-RS split. ShapeNetPart (Yi
et al. 2016) contains 16,881 shapes from 16 categories, each
annotated with 50 fine-grained part labels, making it suitable
for part segmentation.

Implement Details
We simulate the primary visual cortex to improve neural ef-
ficiency in dynamic input processing. This work explores
the relationship between point and visual streams, drawing
on the distinct roles of the dorsal (spatial and motion per-
ception) and ventral (object recognition) pathways. By inte-
grating a CCNN into this framework, we aim to better repli-
cate brain-like processing for dynamic perception tasks. The
CCNN module is combined with traditional MLPs to form
DC-CCNN (Figure 2), designed to extract features from
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PointNet++ (Qi et al. 2017b) 81.9 85.1 82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9 83.7 95.3 71.6 94.1 81.3 58.7 76.4 82.6
Kd-Net (Klokov and Lempitsky 2017) - 82.3 80.1 74.6 74.3 70.3 88.6 73.5 90.2 87.2 81.0 94.9 57.4 86.7 78.1 51.8 69.9 80.3
SO-Net (Li, Chen, and Lee 2018) - 84.9 82.8 77.8 88.0 77.3 90.6 73.5 90.7 83.9 82.8 94.8 69.1 94.2 80.9 53.1 72.9 83.0
DGCNN (Wang et al. 2019) 82.3 85.2 84.0 83.4 86.7 77.8 90.6 74.7 91.2 87.5 82.8 95.7 66.3 94.9 81.1 63.5 74.5 82.6
P2Sequence (Liu et al. 2019a) - 85.2 82.6 81.8 87.5 77.3 90.8 77.1 91.1 86.9 83.9 95.7 70.8 94.6 79.3 58.1 75.2 82.8
PointASNL (Yan et al. 2020) - 86.1 84.1 84.7 87.9 79.7 92.2 73.7 91.0 87.2 84.2 95.8 74.4 95.2 81.0 63.0 76.3 83.2
PCNN (Atzmon, Maron, and Lipman 2018) 81.8 85.1 82.4 80.1 85.5 79.5 90.8 73.2 91.3 86.0 85.0 95.7 73.2 94.8 83.3 51.0 75.0 81.8
SpiderCNN (Xu et al. 2018) 82.4 85.3 83.5 81.0 87.2 77.5 90.7 76.8 91.1 87.3 83.3 95.8 70.2 93.5 82.7 59.7 75.8 82.8
PointMLP (Ma et al. 2022) 83.9 85.9 83.4 83.4 87.3 80.5 89.9 78.4 92.0 88.1 82.6 96.2 78.1 95.9 85.4 64.8 83.0 84.7
DC-CCNN(Ours) 84.6 86.5 84.3 83.0 89.4 78.4 92.2 77.1 92.5 88.6 82.6 95.3 76.2 96.3 85.9 68.6 83.5 83.2

Table 3: Part segmentation results on the point cloud segmentation ShapeNetPart dataset.

Dataset Model Standard
Global Sparsity Occlusion

512 256 200 150 128 0.1 0.3 0.5 0.7 1.0

ModelNet40 (Wu et al. 2015)
PointMLP (Ma et al. 2022) 93.2 92.1 86.6 75.9 51.7 37.8 92.7 92.4 91.7 86.1 47.8

DC-CCNN (Ours) 93.4 92.6 89.7 83.8 71.5 60.3 93.1 93.2 92.3 88.1 51.3

ScanObjectNN (Uy et al. 2019)
PointMLP (Ma et al. 2022) 85.4 81.1 77.3 69.1 44.2 39.7 83.7 77.4 72.0 61.6 50.5

DC-CCNN (Ours) 87.3 84.3 81.4 74.8 63.7 54.8 86.0 83.5 79.3 70.4 63.9

Table 4: Classification results on the ModelNet40 dataset (Wu et al. 2015) and ScanObjectNN (Uy et al. 2019) dataset with
density corruption, including overall accuracy metric (%). Bold represent the top-1 results.
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Figure 3: Comparison of classification accuracy between
PointMLP and DC-CCNN on ModelNet40 Dataset (Wu
et al. 2015) and three common corruption patterns.

event streams, particularly in the visual domain. The ar-
chitecture incorporates convolutional and pooling layers for
high-level feature extraction, enabling modular integration
of CCNN and MLPs. This hybrid design retains the feature
learning strength of MLPs while leveraging CCNN’s lack of
a refractory period for real-time, high-speed processing.

To enhance training and robustness, residual modules
with skip connections mitigate gradient vanishing and ex-
plosion, promoting stable signal propagation and faster con-
vergence. In DC-CCNN, these blocks support effective im-
pulse signal transmission. Within CCNN, neurons commu-
nicate and update via coupling links. Input signals are mod-
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Figure 4: Comparison of PointMLP and its DC-CCNN en-
hanced variants on the ModelNet40 dataset (Wu et al. 2015)
with global sparsity corruption.

ulated through a dynamic threshold function, enabling adap-
tive firing behavior. This mechanism simulates biologically
observed dynamics by adjusting neuronal output based on
input strength. Code will be included in the supplementary
material.

Quantitative Analysis
We conduct comprehensive experiments on both object clas-
sification and part segmentation tasks using three widely
adopted benchmark datasets: ModelNet40, ScanObjectNN,
and ShapeNetPart. The results consistently demonstrate the
effectiveness and robustness of our DC-CCNN framework
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Dataset Model Standard
Guassion Salt-and-Pepper Spatial

0.01 0.03 0.05 0.09 0.01 0.03 0.1 0.3 0.5 Random

ModelNet40 (Wu et al. 2015)
PointMLP (Ma et al. 2022) 93.2 88.7 88.4 88.0 79.7 92.3 92.0 89.5 86.6 49.2 43.7

DC-CCNN (Ours) 93.4 91.9 90.9 90.7 90.8 92.7 92.9 92.4 91.5 62.8 71.0

ScanObjectNN (Uy et al. 2019)
PointMLP (Ma et al. 2022) 85.4 80.0 80.0 78.6 64.9 84.3 82.8 74.5 67.3 37.3 47.9

DC-CCNN (Ours) 87.3 83.8 83.1 83.3 79.6 84.8 83.2 79.1 73.6 54.1 68.5

Table 5: Classification results on the ModelNet40 dataset (Wu et al. 2015) and ScanObjectNN dataset (Uy et al. 2019) with
corruption are reported, including overall accuracy (%) for both noise and spatial corruption. Bold represent the top-1 results.

Model Standard Global Sparsity Salt-and-Pepper

512 256 200 150 128 0.02 0.03 0.1 0.3 0.5

PointMLP (Ma et al. 2022) 93.2 92.1 86.6 75.9 51.7 37.8 92.3 92.0 89.5 86.6 49.2

DC-CCNN (Signal Accumulation) 93.5 92.3 89.6 84.9 73.0 60.9 92.8 92.8 92.3 90.8 53.0
DC-CCNN (Spatial Coupling) 93.3 92.1 88.7 82.4 69.4 58.2 61.0 92.7 92.4 90.2 66.9
DC-CCNN (Dynamic Threshold) 93.2 92.2 88.3 81.1 68.2 54.3 92.2 92.8 92.2 90.6 58.1
DC-CCNN (Ours) 93.4 92.6 89.7 83.8 71.7 60.3 92.7 92.9 92.4 91.5 62.8

Table 6: Ablation studies were conducted on the ModelNet40 dataset (Wu et al. 2015) with corruption, evaluating overall
classification accuracy (%) under varying levels of global sparsity and salt-and-pepper noise. Bold and underline represent the
top-1 and top-2 results.
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Figure 5: Comparison of classification accuracy between
PointMLP and DC-CCNN on ScanObjectNN Dataset (Uy
et al. 2019) and three common corruption patterns.

across clean, noisy, and fine-grained scenarios, including
various corruption types and point densities. Specifically,
on the clean and well-structured ModelNet40 dataset (Wu
et al. 2015), our DC-CCNN achieves an overall accuracy of
93.5%, which is 10.04% higher than the brain-inspired Spik-
ing PointNet (Ren et al. 2024), setting a new state-of-the-art
among similar biologically motivated models for static ob-
ject classification.

On the challenging real-world dataset ScanObjectNN (Uy
et al. 2019), which contains occlusions, background clut-
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Figure 6: Comparison of PointMLP and its DC-CCNN en-
hanced variants on the ScanObjectNN dataset (Uy et al.
2019) with global sparsity corruption.

ter, and sensor noise, our model achieves 86.3% overall
accuracy, outperforming all existing methods and confirm-
ing its strong generalization ability in complex environ-
ments, as shown in Table 2. In the part segmentation task
on ShapeNetPart (Yi et al. 2016), DC-CCNN obtains a class-
wise mIoU (Cls.mIoU) of 84.6% and an instance-wise mIoU
(Inst.mIoU) of 86.5%, as presented in Table 3. These results
confirm that our SNN-based architecture not only excels in
classification tasks but also generalizes effectively to fine-
grained segmentation.
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Method Cls.mIoU(%) Inst.mIoU(%) OA(%)
Signal Accumulation 84.9 85.7 86.4
Spatial Coupling 83.7 86.4 86.3
Dynamic Threshold 83.9 85.9 85.2
DC-CCNN (Ours) 84.6 86.5 87.3

Table 7: Ablation studies conducted on the ShapeNetPart
dataset for part segmentation tasks. Results are reported us-
ing class-wise mIoU (Cls.mIoU) and instance-wise mIoU
(Inst.mIoU), both in percentage (%). Ablation studies on the
ScanObjectNN dataset, reported by overall accuracy (OA).

Robustness Studies
To assess the robustness of DC-CCNN under real-
world degradations, we adopt a benchmark inspired by
ModelNet40-C (Sun et al. 2022) and PointCloud-C (Ren,
Pan, and Liu 2022), covering typical perturbations in au-
tonomous driving and indoor perception. Following estab-
lished protocols, we evaluate model performance under
three corruption types: density-based sparsity, random noise,
and geometric transformations.
Density Corruption. Point clouds from LIDAR, VR scan-
ners, or CAD models often vary in density (Sun et al. 2022),
especially in resource-limited settings where downsampling
reduces computational cost. We simulate global sparsity by
randomly retaining 512, 256, 200, 150, and 128 points from
the original 1024, testing the model’s ability to handle sig-
nificant point loss. For occlusion, we apply DBSCAN (Es-
ter et al. 1996) to identify spatial clusters and proportion-
ally discard points (Zhou, Park, and Koltun 2018), emulating
partial visibility in real-world scenes.
Noise Corruption. To simulate sensor noise (Wolff et al.
2016), we add Gaussian noise with varying standard devia-
tions. We also introduce salt-and-pepper noise by randomly
setting a percentage of points to 0 or 1, representing outliers
and sensor glitches (Dang et al. 2023a).
Transformation Corruption. To evaluate the model’s in-
variance to object pose and scale (Zhao et al. 2020), we per-
form spatial transformations including translation, rotation,
and scaling, covering both global and local spatial distor-
tions.

Robustness results are reported in Table 4 and Table 5.
Across all corruption types, DC-CCNN consistently outper-
forms PointMLP. On ModelNet40, it achieves 60.3% ac-
curacy under extreme sparsity (128 points), 22.5% higher
than PointMLP. Under heavy Gaussian noise (std = 0.09), it
maintains 90.8% accuracy, exceeding the baseline by over
11%. With 50% salt-and-pepper noise, DC-CCNN scores
62.8% vs. 49.2%. Similar improvements appear on ScanOb-
jectNN, with gains exceeding 9% under sparsity and nearly
11% under noise. Notably, DC-CCNN maintains strong
clean-data performance while significantly improving ro-
bustness under degradation.

Figures 3 and 4 visualize DC-CCNN’s accuracy under
increasing sparsity and perturbations on ModelNet40, con-
firming its advantage across challenging scenarios. Similar
trends are observed on ScanObjectNN, as shown in Fig-
ures 5 and 6. Together with the quantitative results, these

comparisons highlight the effectiveness of our biologically
inspired design in enhancing robustness across both syn-
thetic and real-world corruptions.

Ablation Studies
To evaluate the contribution of each core module in DC-
CCNN, we conduct ablation studies on ModelNet40 (Wu
et al. 2015), ScanObjectNN (Uy et al. 2019), and ShapeNet-
Part (Yi et al. 2016). We analyze three biologically in-
spired components—Signal Accumulation, Spatial Cou-
pling, and Dynamic Threshold—using single-module vari-
ants and comparing them with the full model.

On ModelNet40, we assess robustness under varying
sparsity and salt-and-pepper noise. As shown in Table 6,
with only 128 points retained, DC-CCNN achieves 60.3%
accuracy, surpassing all variants and exceeding PointMLP
by 22.5%. Signal Accumulation is most effective under ex-
treme sparsity, giving the best accuracy at 128 and 150
points. Under salt-and-pepper noise, DC-CCNN reaches
92.9% accuracy at 0.03 corruption and maintains 62.8%
at 0.5. Spatial Coupling performs best under heavy noise
(66.9% at 0.5), demonstrating resilience to structured per-
turbations. These results show that all modules enhance ro-
bustness: signal accumulation improves sparsity tolerance,
and spatial coupling strengthens resistance to local corrup-
tion.

On ScanObjectNN, which includes real-world noise and
occlusion, the full DC-CCNN attains 87.3% overall accu-
racy, outperforming the spatial coupling variant (86.3%) in
Table 7. While spatial interactions aid in cluttered scenes,
the full model generalizes better, suggesting that temporal
and dynamic components prevent overfitting to local pat-
terns.

On ShapeNetPart, each module improves different seg-
mentation aspects. According to Table 7, signal accumu-
lation yields the highest class-level mIoU, whereas spatial
coupling gives the best instance-level mIoU. The full model
integrates both advantages, achieving top performance on
both metrics and demonstrating that jointly modeling tem-
poral and spatial structure benefits fine-grained part segmen-
tation.

In summary, each biologically inspired module con-
tributes uniquely—signal accumulation enhances temporal
stability, spatial coupling captures local structure, and dy-
namic thresholding enables adaptive noise filtering—while
their integration provides state-of-the-art robustness and ac-
curacy across tasks.

Conclusion
In this paper, we introduced the DC-CCNN, a novel brain-
inspired neural network architecture designed specifically
for point cloud analysis. By addressing the limitations of
traditional CNNs and MLPs, DC-CCNN leverages discrete
and continuous encoding to achieve state-of-the-art perfor-
mance in brain-inspired methods while maintaining com-
petitive results on benchmark datasets. Our experimental
results demonstrate that DC-CCNN not only achieves ad-
vanced performance but also exhibits enhanced robustness
against various point cloud deformations and corruptions.
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