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ABSTRACT: Recently, large-scale deep learning models have been increasingly adopted for point cloud classification.
However, these methods typically require collecting extensive datasets from multiple clients, which may lead to privacy
leaks. Federated learning provides an effective solution to data leakage by eliminating the need for data transmission,
relying instead on the exchange of model parameters. However, the uneven distribution of client data can still affect
the model’s ability to generalize effectively. To address these challenges, we propose a new framework for point
cloud classification called Federated Dynamic Aggregation Selection Strategy-based Multi-Receptive Field Fusion
Classification Framework (FDASS-MRFCF). Specifically, we tackle these challenges with two key innovations: (1)
During the client local training phase, we propose a Multi-Receptive Field Fusion Classification Model (MRFCM),
which captures local and global structures in point cloud data through dynamic convolution and multi-scale feature
fusion, enhancing the robustness of point cloud classification. (2) In the server aggregation phase, we introduce a
Federated Dynamic Aggregation Selection Strategy (FDASS), which employs a hybrid strategy to average client model
parameters, skip aggregation, or reallocate local models to different clients, thereby balancing global consistency and
local diversity. We evaluate our framework using the ModelNet40 and ShapeNetPart benchmarks, demonstrating its
effectiveness. The proposed method is expected to significantly advance the field of point cloud classification in a
secure environment.
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1 Introduction
Point cloud classification aims to categorize large sets of discrete points into different categories based

on their distinctive attributes, such as location, color, and normal direction [1]. It aids in understanding and
analyzing complex three-dimensional (3D) environments and provides essential spatial information and data
foundations for various downstream applications, such as object detection [2], 3D scene reconstruction [3],
autonomous driving [4], robot navigation [5], and medical image processing [6].

With the popularization of devices such as Unmanned Aerial Vehicles (UAVs) [7] and LiDAR cam-
eras [8], point cloud data is becoming more accessible. Meanwhile, advancements in computational power
have enabled the application of deep learning techniques to point cloud classification. In general, point
cloud classification methods can be categorized into traditional methods and deep-learning-based methods.
Among them, traditional methods mainly rely0020on hand-crafted means of feature extraction, such as
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geometric features [9,10], topological structures [11,12], and statistical methods [13–15]. These methods often
suffer from limited feature expressiveness, sensitivity to noise and point cloud sparsity, and difficulty in
handling complex shapes. Therefore, many deep-learning-based methods have been proposed to overcome
these limitations [16]. These methods can process large amounts of data, automatically extract features,
and convert geometric information into semantic representation [17,18]. Compared to traditional methods,
deep learning offers stronger robustness and adaptability, achieving superior performance in point cloud
classification tasks [19,20].

However, existing methods require collecting data from multiple participants to train models centrally,
which may expose sensitive data [21,22]. Federated learning offers a promising solution by allowing multiple
participants to collaboratively train models without compromising data privacy [23]. Specifically, the
federated learning process consists of four key steps: 1) the central server distributes initial models; 2) clients
train updated models on their private data; 3) clients upload their locally updated models; 4) the central
server aggregates these models to improve overall performance.

Nevertheless, variations in data from various clients can lead to suboptimal performance of local
models, which in turn hampers the global model’s recognition accuracy [24–26]. As a result, effectively
coordinating local model updates to ensure quick and accurate convergence of the global model remains a
significant challenge.

To address these challenges, we propose a Federated Dynamic Aggregation Selection Strategy-based
Multi-Receptive Field Fusion Classification Framework (FDASS-MRFCF). The central server sends the
global model to the clients, who then update the lightweight and efficient Multi-Receptive Field Fusion
Classification Model (MRFCM). The clients subsequently upload their model parameters. Finally, the central
server implements a Federated Dynamic Aggregation Selection Strategy (FDASS), which intentionally
disrupts parameter synchronization across client models to address the uneven distribution of client data.
This promotes robust model generalization across diverse client datasets. The main contributions of this work
are as follows:

• We design a MRFCM, which significantly improves point cloud classification accuracy by dynamically
updating neighborhood information to effectively capture local geometric features while extracting
multi-level global features.

• We propose a FDASS, which introduces variability in the training process through alternate perturbation
and average aggregation to mitigate parameter homogeneity among client models. This greatly enhances
the diversity of the models and thus better adapts to different data distributions.

• We demonstrate the effectiveness of our method on the ModelNet40 and ShapeNetPart datasets, and the
results indicate that the performance of FDASS-MRFCF is comparable to that of centralized training.

This paper is organized as follows: Section 2 reviews related work; Section 3 introduces FDASS-MRFCF
in detail; Section 4 presents the experimental setup and results analysis; Section 5 concludes the paper.

2 Related Work

2.1 Federated Learning
Federated learning, introduced by Google in 2016, is a secure distributed learning paradigm that

enables collaborative training of global models across multiple clients without direct raw data exchange,
enhancing data privacy and security [27]. The first federated learning methodology is Google’s FedAvg,
which is a foundational and widely adopted optimization technique [28]. It iteratively trains the global
model through multiple rounds of localized client data training, followed by the transmission of updated
model parameters to a centralized server for aggregation. FL is particularly relevant to cloud computing
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as it allows for collaborative model training without requiring data centralization. In cloud environments,
FL enhances data privacy and security by keeping sensitive data on local devices while sharing only model
parameters with a central server, thereby avoiding direct data transfer to the cloud and ensuring privacy. As
discussed in [29], FL can be deployed in cloud-based infrastructures, where edge devices (clients) interact
with cloud servers for model aggregation and coordination. This architecture not only addresses privacy
concerns but also facilitates efficient resource utilization in distributed cloud systems. Moreover, FL has been
widely adopted across various industrial applications, ranging from healthcare to Internet of Things (IoT)
and edge computing. Notably, recent studies have demonstrated its capability to preserving data privacy
while enabling collaborative model training in distributed environments. For instance, [30,31] explore FL in
healthcare, while [32] highlights its use in industrial IoT systems. These studies provide valuable context for
understanding the practical relevance and generalizability of our proposed FDASS framework. Nonetheless,
FedAvg falls short of fully addressing the heterogeneity of data across diverse clients, which may limit the
overall effectiveness of the global model [33]. To overcome this limitation, researchers have developed various
optimization strategies, which are broadly classified into three primary categories: dynamic aggregation
strategies [34], joint optimization methods [35], and personalized model approaches [36].

Dynamic aggregation strategies are designed to address client update heterogeneity by dynamically
adjusting the aggregation weights [34]. For example, Adaptive Aggregation For Federated Learning (FedAvg-
ADA) [37] adjusts the aggregation method based on factors such as the training status and data characteristics
of the client, thereby reducing the impact of heterogeneity on the global model. Similarly, FedNova [38]
reduces the impact of system heterogeneity by normalizing update weights for each client. Although
these dynamic strategies provide flexibility, they often necessitate more complex algorithmic designs and
communication protocols, potentially increasing system computational costs.

Joint optimization methods enhance the robustness and convergence of the global model by incorpo-
rating supplementary optimization steps [35]. FedOpt [39] combines multiple optimization strategies and
regularization techniques to better accommodate model heterogeneity among clients. A Federated Learning
Framework for Diverse Computer Vision Tasks (FedCV) [40] employs control variate techniques to mitigate
the effects of randomness and noise in client model updates, thereby enhancing model performance. While
these methods effectively improve model performance, they may decelerate algorithm convergence and
demand meticulous tuning of numerous parameters and hyperparameters.

Conversely, personalized model approaches focus on meeting the needs of individual clients by
allowing each client to maintain a private local model in conjunction with the global model [36]. Federated
Learning with Personalization Layers (FedPer) [41] retains client-specific data distribution information,
while Federated Multi-Task Learning (FMTL) [42] conceptualizes federated learning as a multi-task learning
problem, developing tailored task models for each client. Despite improving the personalization of client
models, these strategies increase model storage and computational overhead. Furthermore, they pose the
challenge of effectively balancing the coordination between the global model and the private models.

In conclusion, existing strategies for solving client-side data heterogeneity still face the problems of
slow aggregation, high computational effort, and high storage requirements. Therefore, we propose the
FDASS approach, which aims to effectively address these issues. FDASS alternates between perturbation
and averaging techniques to significantly reduce the computational effort while optimizing the storage
requirements and accelerating the aggregation process. FDASS not only enhances the model diversity but
also effectively mitigates the data heterogeneity among clients by alternating between perturbation and
averaging techniques in the aggregation, thus improving the adaptability and robustness of the global model.
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2.2 Point Cloud Classification
Point cloud classification involves labeling each point or segmented-group with a specific class and

assigning semantic meaning to it. Therefore, point cloud classification is also called point cloud semantic
segmentation or point labeling [43]. Generally, the pipeline of point cloud classification is primarily divided
into two steps: first, the extraction of representative features from both local and global perspectives, and then
these representative features are used to classify each point into a predefined semantic category. Different
approaches to feature extraction and classification can vary depending on how the point cloud data is
represented and processed [44].

According to the representation and processing of point clouds, deep-learning-based point cloud
classification algorithms can be broadly categorized into projection-based and raw point cloud-based meth-
ods [45]. Notable examples of projection-based methods include VoxNet [46] and 3DShapeNet [47]. VoxNet
first converts point cloud data into a 3D voxel grid, then uses a 3D convolutional neural network (CNN)
for feature extraction and classification. This approach effectively captures spatial relationships through 3D
convolution and provides a rich 3D shape representation. 3DShapeNet transforms point cloud data into
voxel grids and employs a Convolutional Deep Belief Network to learn 3D shape representations, specifically
encoding 3D object features through unsupervised learning, making it effective for processing unlabeled
data. Projection-based methods benefit from the ability to apply standard neural network architectures
such as 3D convolution, facilitating the capture of spatial relationships and 3D shapes, while allowing
for the transfer of 2D image processing techniques to 3D data. However, voxelization incurs significant
computational overhead in high-resolution scenarios. Furthermore, voxelization can result in a loss of
detail [48], particularly in object boundaries and sparse point clouds, making it challenging to preserve
fine structures.

As the point cloud research community evolves, there is substantial academic interest in methods that
directly classify point cloud data. These approaches aim to directly learn and perceive representations from
raw point cloud data, thereby effectively overcoming the resolution limitations and information loss typically
associated with voxel-based techniques [49]. The most representative methods that process raw point clouds
are PointNet [50] and DGCNN [51]. PointNet is a pioneering deep learning method to directly process raw
point cloud data. It applies a shared MLP to each point and uses a symmetric function, such as max pooling,
to aggregate global features, thereby achieving point cloud classification. DGCNN further enhances PointNet
by introducing graph convolution, allowing it to capture local geometric relationships within the point
cloud, thereby improving the ability to detect local structural information. Deep-learning-based methods
can process raw point cloud data directly, avoiding the information loss associated with manual feature
extraction or projection in traditional methods [52]. While PointNet represents a breakthrough in handling
raw point cloud data, its ability to capture local structure is limited, and its performance remains insufficient
when classifying point clouds with complex geometries.

In conclusion, existing deep-learning-based point cloud classification methods often struggle to effec-
tively capture local structural representations, which makes the networks vulnerable to noise. To overcome
this issue, we propose a novel approach that combines dynamic local representation learning with multi-
scale feature fusion, enhancing the model’s ability to capture both local geometric structures and global
information, which significantly improves its generalization capabilities.

3 Method
In this section, we present our methodology for addressing the challenges of point cloud classification

while maintaining data privacy. We begin with the problem definition in Section 3.1, highlighting the need for
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extensive training data and the privacy issues associated with collecting data from multiple clients. We intro-
duce federated learning to mitigate these concerns. In Section 3.2, we provide an overview of our training
pipeline, FDASS-MRFCF, detailing the steps of global model distribution, local model training, parameter
uploading, and global model updating. Section 3.3 introduces the MRFCM to enhance feature extraction by
capturing both local and global features through EdgeConv blocks and Pyramid Multi-Scale Convolution
layers. We further elaborate on the EdgeConv process, including dynamic graph construction, edge feature
calculation, and aggregation. Finally, we describe the Pyramid Multi-Scale Convolution technique, which
uses various kernel sizes to extract comprehensive multi-scale features, enhancing the model’s ability to
capture global structures within point cloud data. Section 3.4 introduces FDASS, which handles client-side
models by alternating between perturbation and average aggregation. This enhances model diversity to
accommodate different data distributions. We further elaborate on specific implementations of perturbation
and averaging aggregation, including skip aggregation and random initialization.

3.1 Problem Definition
In real-world applications, acquiring extensive training data is vital for developing effective point cloud

classification models. However, collecting point cloud data from multiple clients raises concerns regarding
data privacy and the potential for data leakage. To tackle these issues, we introduce the application of
federated learning. This approach facilitates the training of robust point cloud classification models by
enabling the exchange of model parameters instead of raw data, thereby reducing the risks associated with
data transmission.

In this paper, we address the following problems: Given data {D1 , D2, . . . , DN} from N different clients,
our objective is to classify discrete points (point clouds) into various categories or groups of categories. Deep
learning methods typically train models MALL by aggregating all available datasets D = D1 ∪ D2 ∪ . . . ∪ DN .
In our approach, we aim for clients to collaboratively train a decentralized federated model MFL while
keeping their local data private. The objective of our FDASS-MRFCF is to minimize the accuracy error
between MFL and MALL , which can be expressed as follows:

∣ξMFL − ξMALL ∣ < Δ, (1)

where Δ is a very small non-negative real number, ξ represents model accuracy. Δ denotes a small positive
threshold that quantifies the acceptable accuracy deviation between the federated model MFL and the
centralized model MAl l , i.e., where ξM represents the evaluation accuracy of model M on a held-out test
set. In our framework, Δ is not a trainable parameter but a convergence criterion, indicating whether
the federated model achieves comparable performance to the centralized benchmark. The value of Δ is
minimized indirectly by improving the model’s training dynamics, including aggregation stability, robustness
to heterogeneity, and variance reduction techniques introduced in Sections 3.4.1 to 3.4.3. Formally, let
fi (w) denotes the local loss function on client i, and the global optimization goal is to minimize F (w) =
1
N ∑N

i=1 fi (w) where N represents the number of clients and w denotes the shared global model parameters.
To further specify the local training process, we define fi (w) as the cross-entropy loss over client i′s

private dataset Di = {(x j , y j)}
ni

j=1, where x j and y j are the input and label of the j-th sample, respectively.
The local objective is formulated as:

fi (w) = Li (w) = − 1
ni

ni

∑
j=1

C
∑
c=1

y(c)j log ŷ(c)j , (2)



6 Comput Mater Contin. 2026;86(2)

where ŷ j = f (w; x j) represents the prediction of the MRFCF model, C denotes the number of classes, y(c)j

stands for the one-hot encoded ground-truth for class c, and ŷ(c)j corresponds to the predicted probability
for class c.

This formulation ensures that each client performs supervised learning locally while contributing to the
global objective in a privacy-preserving manner.

3.2 Overview of Training Pipeline
The overall architecture of FDASS-MRFCF, as depicted in Fig. 1, encompasses four key steps. The

process of each step is as follows:

1. The central server distributes the global model W t to all clients as their local models, as shown in Fig. 1a.
2. Each client relies on the local data D j to train and update the local point cloud classification model Wt

j,

W t
j ← SGD(W t , D j),∀ j ∈ (1, K) , (3)

as shown in Fig. 1b. It is important to note each client is responsible only for updating its local parameters,
and model weights are not shared among clients, ensuring privacy and security.

3. The client uploads the updated model parameters to the central server, as depicted in Fig. 1c. Here, we
emphasize that clients upload model parameters instead of raw training data, thus maintaining complete
data privacy and security. Gradients are not transmitted, thereby reducing communication overhead
and mitigating potential privacy leakage. This design choice reduces communication cost and enhances
privacy, since gradients may leak sensitive information through model inversion attacks.

4. The central server decides whether to perform average aggregation or parameter perturbation in the
current iteration based on a predefined strategy. If it is an average aggregation iteration, the server aver-
ages the model parameters received from different clients. Conversely, if it is a parameter perturbation
iteration, the server randomly perturbs and combines the model parameters from various clients, as
illustrated in Fig. 1d.

Figure 1: The overall pipeline of the proposed FDASS-MRFCF



Comput Mater Contin. 2026;86(2) 7

To clarify the process, we also provide a detailed algorithm. The pipeline of our proposed FDASS-
MRFCF is outlined in Algorithm 1. As illustrated in Algorithm 1, the server coordinates the training
process by selecting a subset of clients in each communication round, aggregating their local updates, and
broadcasting the global model. In each communication round, M clients are selected uniformly at random
without replacement from the full set of N clients to ensure equal participation probability and avoid
sampling bias. This standard approach guarantees fairness and consistency in client contributions over time.

Algorithm 1: Training Pipeline of Our FDASS-MRFCF
Input: a set of K clients that participate in the training in each round, the initializing model weight, the
learning rate, the maximal round, the local training data, and the pre-defined skip aggregation stage.
For t = 1, . . . , T do
On the server side:

Randomly select K clients;
If t = 0 then

W t
k ← W0,∀k ∈ K .

else if t ∈ Iav g then
W t = ∑K

j=1
1
K Wt−1

j , j ∈ (1, K) ,
W t

j = W t , j ∈ (1, K).
else

Shu f f l e {W t−1
1 , W t−1

2 . . . , W t−1
K } as {

⌢

W
t−1

1 ,
⌢

W
t−1

2 , . . . ,
⌢

W
t−1

K } .

W t
j =

⌢

W
t−1

i , i ∈ (1, K).
End if
Distribute each W, to the corresponding k-th client.
On the client side:
for each j ∈ (1, K) clients in parallel do

W t
j ← SGD(W t , D j),∀ j ∈ (1, K) .

End for
Submit W t

j to the server
End for

3.3 Multi-Receptive Field Fusion Classification Model
In this section, we delve into the intricacies of our client-side local point cloud classification model

MRFCM. Many existing point cloud classification models focus primarily on extracting either local or
global features for classification, often overlooking the interaction and fusion of these two types of
features. Additionally, the large model parameters can significantly increase the communication cost in
federated learning.

To address these challenges, we introduce the MRFCM, an efficient network designed for point cloud
classification that captures both local and global features. As depicted in Fig. 2, the MRFCM comprises
EdgeConv blocks and Pyramid Multi-Scale Convolution layers. The EdgeConv blocks dynamically refresh
neighborhood information to capture local geometric features, while the Pyramid Multi-Scale Convolution
layers extract multi-scale global features, ensuring a holistic feature representation. To alleviate potential
redundancy introduced by multiple kernel branches and improve generalization, we apply a dropout layer
(dropout rate = 0.3) after the fusion step. Section 3.3.1 will describe the EdgeConv process, detailing
dynamic graph construction, edge feature calculation, and feature aggregation. Section 3.3.2 will introduce
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the Pyramid Multi-Scale Convolution technique, explaining how various kernel sizes are used to extract
comprehensive multi-scale features. The seamless integration of these components within the MRFCM
framework not only streamlines feature extraction and fusion but also markedly elevates the accuracy
of point cloud classification. Additionally, by curtailing model parameters, the MRFCM diminishes the
communication burden in federated learning, rendering it a potent and pragmatic solution suited for
real-world deployment.

Figure 2: The illustration of the MRFCM model

3.3.1 EdgeConv
Consider the local data D from a client, consisting of a set of point clouds D = {Pi ∣i = 1, 2, . . . , m}, where

P = {pi ∣i = 1, 2, . . . , n} ∈ RF is the number of points in the cloud and F signifies the dimensionality of the
input features associated with each point. Each point pi represents its features, and represents the coordinates
(xi , yi , zi) of the i point in the cloud. These coordinates can reflect additional information such as color and
normal vectors.

Point cloud classification poses significant challenges, as it requires capture both local and global
geometric features while maintaining computational efficiency.

To address these issues, we introduce the EdgeConv method, which captures geometric relationships
between points and neighbors by applying MLP on a dynamically constructed neighborhood graph, as
illustrated in Fig. 3. Prior to each MLP, the adjacency relations are recalculated based on the current features
of the points, allowing for the dynamic construction of the neighborhood graph. The features of each
point are updated by aggregating their own features along with those of their neighbors. This adaptive
mechanism allows EdgeConv to effectively respond to local structural variations within the point clouds,
thereby extracting a wealth of information from the data. In the subsequent sections, we will elaborate on
each specific process that constitutes EdgeConv.

Figure 3: The illustration of the EdgeConv

A 3D point cloud is comprised of a discrete collection of points, with each point linked to a subset
of neighboring points that together constitute the local structure of the cloud. This characteristic makes
Graph Neural Network (GNN) [53] particularly well-suited for processing point clouds, as they treat each
point as a node in a graph and construct edges based on the geometric relationships among these points. By
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emphasizing the connections between nodes, GNNs can effectively learn the inherent dependencies within
the point cloud.

To apply GNN to a point cloud, the point cloud must first be transformed into a directed graph, which
is defined as follows:

G (υ, ε) , υ ∈ {pi ∣i = 1, 2, . . . , n} , ε ⊆ υ × υ. (4)

where the graph G is defined by vertices υ and edges ε.
Given the substantial time and computational resources required to construct a complete graph, we

opt for a K-Nearest Neighbor (KNN) [54] method to build a locally directed graph. However, traditional
KNN methods assign equal weights to all neighbors, making these methods susceptible to the influence of
outliers in the data. To address this, we implement an enhanced kernel-KNN method that assigns weights
to neighbors based on their distances, utilizing a kernel function. This method provides a more accurate
representation of the local structure, as illustrated in Fig. 4.

Figure 4: The illustration of the kernel-KNN

Within this locally directed graph framework, each point acts as a central node. The distance to each
neighboring point in the feature space is calculated using the Gaussian kernel, as shown in the following
formula:

H = exp(−
∥ pi − p j ∥

2σ 2 ) , (5)

where σ is the standard deviation of the Gaussian kernel and H is the kernel matrix, which represents the
distance between points. Subsequently, connecting each point to its nearest Q neighboring points constitute
the graph. The relationship can be expressed as fllows:

G = arg topk (H, Q), (6)

We apply kernel-KNN before each MLP to reconstruct the local graph in the feature space.
In EdgeConv, edge features between nodes on the constructed neighborhood graph are calculated using

the formula presented below:

ei j = hΘ (pi , p j − pi) = ReLU (θm ⋅ (p j − pi) + ϕm ⋅ pi) , (7)

where pi is the global shape information acquired as the centroid coordinates, and p j − pi is the local
neighborhood information obtained from the neighboring points. The hΘ∶RD × RD → RF is a series
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of nonlinear functions composed of some learnable parameters Θ. This can be expressed as: Θ =
(θ1 , θ2, . . . , θM , ϕ1 , ϕ2, . . . , ϕM), M denotes the number of feature channels.

After constructing the local graph, EdgeConv applies max pooling to the edge features of each point’s
neighbors to obtain new point features. The formula for this operation is expressed as follows:

p
′

i = max
j∶(i , j)∈ε

ei j . (8)

The updated features mentioned above serve as the input for the subsequent MLP, continuing the
construction of the dynamic neighborhood graph and the edge convolution operations. In this manner, the
features progressively capture the local structural information of the point cloud data through layer-by-layer
propagation and updating.

3.3.2 Pyramid Multi-Scale Convolution
Considering that the object representation in point cloud data often exhibits multi-scale features, we

propose a novel Pyramid Multi-Scale Convolution to extract rich multi-scale point cloud features. The
Pyramid Multi-Scale Convolution extracts features across various scales by applying convolutions with four
distinct kernel sizes. It then aggregates these multi-scale features to enhance the global capture capability of
point cloud data, resulting in point cloud features that encompass rich multi-scale geometric information.

For input P = {pi ∣i = 1, 2, . . . , n} ∈ RF , we utilize four distinct convolutional neural networks, each
equipped with kernels of sizes 1 × 1, 3 × 3, 5 × 5, and 7 × 7, to extract multi-scale features. The diverse
kernel sizes enable the capture of features across various levels of granularity. Following feature extraction, we
concatenate these multi-scale features to form a comprehensive new representation that includes a wealth of
detailed multi-scale information,as shown in Fig. 5. The computational process is illustrated in the following
formula:

F (p1 , . . . , pn) = Concat {g ( f1 , s1) , g ( f3, s3) , g ( f5, s5) , g ( f7, s7)} , (9)

where f1, f3, f5 and f7 denote the convolution operations with convolution kernel sizes of 1, 3, 5, and 7, respec-
tively. s1, s3, s5 and s7 denote the corresponding batch normalization operations, and g denotes the operation
of passing the results of convolution and batch normalization through the ReLU activation function.

Figure 5: The illustration of the Pyramid Multi-Scale Convolution



Comput Mater Contin. 2026;86(2) 11

3.4 FDASS
3.4.1 Skip Aggregation

In conventional federated learning, the central server aggregates the model parameters contributed
by all clients following each training round, subsequently disseminating these consolidated parameters
to each client as the foundation for the next round’s model. However, frequent aggregation can lead to
model homogenization, and its performance can be adversely affected by the uneven distribution of data
across clients.

To address this issue, FDASS introduces a skip-aggregation phase at the end of each training round.
Specifically, at the conclusion of each t round of training, the central server first determines whether the
current round is part of the skip aggregation phase Iav g . The process for this determination is outlined as
follows:

Iav g = {t∣t ∈ R+&&1⟨t⟨T&&tmodΔ = 0} , (10)

where T is the aggregation period and Δ is the frequency of skip aggregation. If the specified conditions
t ∉ Iav g are satisfied, the current round is designated to skip the aggregation phase, and the server will abstain
from performing any model parameter aggregation.

Meanwhile, to further mitigate overfitting to a limited set of dominant or potentially poisoned client
updates, FDASS employs a perturbation aggregation strategy during non-skipped rounds. Specifically, in
each aggregation round, a small random noise is injected into each local model update prior to averaging:

W t+1 = ∑
i∈St

αi (W t+1
i + εt

i) , εt
i ∼N (0, σ 2I) (11)

where εt
i represents a Gaussian perturbation term with zero mean and variance σ 2, and αi is the weight

assigned to client i (e.g., uniform or trust-based). This stochastic aggregation approach increases model
variance slightly during updates, mitigating the influence of anomalous or adversarial updates, and thus
enhancing robustness against model poisoning attacks.

While the proposed perturbation aggregation introduces controlled stochasticity to enhance robustness,
other robust aggregation methods have also been extensively studied in FL. Notably, strategies such as
Krum [55], Trimmed Mean [56] focus on detecting and filtering out anomalous client updates based on
statistical properties.

• Krum selects a single client update that lies closest to its nearest neighbors, thereby providing resilience
against a limited number of Byzantine attackers. However, it incurs high computational complexity and
may discard useful updates under benign conditions.

• Trimmed Mean and Median aggregation compute element-wise statistics across client updates, discard-
ing extreme values to suppress outliers. These methods offer theoretical robustness guarantees under
specific assumptions but may result in biased updates, especially when client data distributions are highly
non-IID.

Compared with these deterministic and often rigid strategies, our perturbation-based aggregation
incorporates lightweight random noise into update averaging without requiring prior knowledge of adver-
sary ratios or data distributions. This flexibility allows FDASS to maintain robustness while preserving
adaptability in dynamic and heterogeneous federated environments.
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3.4.2 Random Initialization
To augment model diversity, FDASS employs a random initialization strategy. During each training

round t ∉ Iav g , after the client receives the model parameters from the server, it randomly selects the model
parameters of other clients as their initial model. Specifically, at t = 0, the initial model parameters W0

j of
each client are initialized to the global model parameters W0. When t ∉ Iav g the model parameters W t

j of
the j-th client will be randomly selected from the model parameters Wt−1

i of other clients, where i ≠ j. The
final model parameters of the i-th for the current round of training are denoted as Wt−1

i . The equation is
represented as follows:

W t
j ←

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

W0, t = 0,

∑K
j=1

1
k

Wt−1
j , t ∈ Iav g ,

Wt−1
i , otherwise ,

(12)

where W t−1
j is the j-th model in {W t−1

1 , W t−1
2 . . . , W t−1

K }.
FDASS enhances local models by allowing them to indirectly benefit from data across multiple

clients during training, thereby improving performance in heterogeneous environments. The periodic skip
aggregation and random shuffling of local models occur on the server side, ensuring data privacy. Each local
client remains unaware of the origin of its local model, whether it is an averaged model or one from the skip
aggregation phase.

FDASS’s random initialization strategy disrupts the synchronization of client model parameters, intro-
ducing variability into the training process. This prevents the homogenization of models that often result
from traditional averaging aggregation. By training clients under a variety of initial conditions, FDASS
enhances the model’s ability to generalize across clients with different data distributions. Distinct from
previous optimization-based methods, FDASS employs a data-driven strategy, offering increased flexibility
and robustness in federated learning, particularly in scenarios characterized by uneven data distribution.

Although random initialization can enhance model diversity, it may also pose the risk of model
poisoning, where malicious clients submit poisoned models that are propagated to other clients. To prevent
this, if malicious clients are present, the random initialization strategy can be modified to the following
initialization strategy [2]:

Step 1: Client Model Difference Measurement and Clustering. First, we calculate the difference
between each client model and the global model to assess potential deviations. If the client model deviates
significantly, it may indicate an issue with the client’s model. Let W t−1

j represents the model parameters of
the j-th client, and W t−1 represents the global model. We define the difference as the Euclidean distance:

d j = ∥W t+1
j − W t∥. (13)

Next, we use k-means clustering to group the client models. The objective is to assign similar client
models to the same group. By treating each client’s model parameters as vectors, we perform clustering based
on the distance between client models.

Step 2: Anomaly Detection and Model Selection. After clustering the models, anomaly detection is
applied to identify and exclude client models that deviate substantially from their respective cluster centers.
To achieve this, we calculate the deviation of each client model within its cluster, i.e., the distance between
the client model and the cluster center.
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Let the center of the k-th cluster be Ck . The deviation of the j-th client model from the cluster center is
defined as:

Δ j = ∥W t−1
j − Ck∥, (14)

where Ck = 1
∣Sk ∣

∑i∈Sk
W t−1

i represents the center of the k-th cluster, and Sk denotes the set of clients in the
k-th cluster.

If the deviation Δ j of a client’s model exceeds a predefined threshold Δth, the client’s model is flagged as
anomalous and excluded. The threshold Δth can be determined by setting an appropriate standard deviation
or through cross-validation.

Step 3: Model Update and Protection: After filtering, only models identified as ‘normal’ will be retained
for initialization. Specifically, only the trusted client models that pass the filtering process will participate
in model initialization, while the excluded models have no influence on the training process. The update
formula is as follows:

W t
j ←

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

W0, t = 0,
1
k ∑

i∈Itrusted

W t−1
i t ∈ Iav g ,

Wt−1
i , otherwise ,

(15)

where Itrusted is the set of clients that passed the trust score and model filtering.
By introducing the model filtering mechanism, the robustness of the FDASS framework is substantially

improved, mitigating the influence of malicious or poisoned client models on global training. The combina-
tion of trust scores and model filtering ensures that only trusted and non-anomalous models are incorporated
into the global aggregation process, thus reducing the risk of model poisoning.

3.4.3 Client Selection Strategy
In each communication round t, the central server selects a subset of M clients from the total client

pool of N clients to participate in local training. By default, we adopt a uniform random sampling without
replacement strategy, ensuring that each client has an equal probability of being selected in any round. This
approach avoids persistent bias and guarantees that, over time, all clients have fair opportunities to contribute
to the global model update.

Formally, the client selection set St at round t is sampled as:

St ∼ Uniform (C, M), where C = {1, 2, . . . , N} , ∣St ∣ = M , (16)

The probability that any client i is selected at round t is:

P (i ∈ St) =
M
N

,∀i ∈ C, (17)

This uniform strategy guarantees that no client is disproportionately favored or neglected in the long
term, ensuring statistical fairness in participation. To avoid sampling imbalance, each round’s selected clients
are chosen independently without consideration of historical participation frequency.

In real-world FL scenarios, client availability may vary due to network latency, device heterogeneity, or
resource limitations. In such cases, the client selection process can be extended to incorporate availability-
aware or priority-based sampling. For example, let at

i ∈ {0, 1} denote the availability status of client i at round
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t, then the adaptive sampling probability can be defined as:

P (i ∈ St) =
at

i
N
∑
j=1

at
j

⋅ M . (18)

However, in this study, we assume full client availability in each round to isolate and evaluate the
effectiveness of the proposed aggregation and fusion strategies.

3.5 Convergence Analysis
To analyze the convergence behavior of our proposed FDASS strategy with skip aggregation and random

reinitialization, we consider a standard federated optimization setting. The goal is to minimize the following
global objective function:

min
w∈Rd

F (w) ∶ = 1
N

N
∑
i=1

fi (w), (19)

where fi (w) is the local objective function of client i, and N is the number of clients.
We adopt the following standard assumptions in federated optimization [56]:
A1 (L-smoothness): Each fi (w) is differentiable and has L-Lipschitz continuous gradients: ∥∇ fi (w) −

∇ fi (w′) ∥ ≤ L∥w −w′∥, for all w, w′.
A2 (Unbiased local gradients): For each local update, the gradient is unbiased: E [∇ f̃ i (w)] = ∇ fi (w).
A3 (Bounded variance): The variance of the local gradients is bounded: E∥∇ f̃ i (w) − ∇ fi (w) ∥2 ≤ σ 2.
A4 (Bounded gradient norm): E∥∇ fi (w) ∥2 ≤ G2.

3.5.1 Global Model Update with FDASS
Let wt denote the global model at round t. In FDASS, the model update follows a mixed strategy:

wt+1 = {
wt − η ⋅ Δt , if t mod S ≠ 0 (averaging round)
wt+ εt , if t mod S = 0 (perturbation round) (20)

where Δt = 1
K ∑K

i=1 ∇ fi (wi
t) is the average gradient over sampled clients at round t, εt ∼N (0, ξ2I) models

the random perturbation due to shuffle initialization and non-averaging steps.

3.5.2 Expected Descent per Round
Let us define the expected change in global loss across one round of training (ignoring higher-order

terms):
When tmod S ≠ 0 (average aggregation):

E [F (wt+1)] ≤ E [F (wt)] − ηE [∥∇F (wt) ∥2] + Lη2

2
σ 2. (21)

When tmod S = 0 (perturbation round), since the update is random:

E [F (wt+1)] ≤ E [F (wt)] +
L
2
E∥εt∥2 = E [F (wt)] +

Lξ2d
2

. (22)
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That is, perturbation increases the expected loss slightly, while average rounds decrease it.

3.5.3 Convergence Bound over T Rounds
Suppose we perform T total rounds, among which only a fraction S−1

S are average aggregation steps.
The expected squared gradient norm averaged over all rounds satisfies:

1
T

T
∑
t=1

E [∥∇F (wt) ∥2] ≤ F (w0) − F∗

ηT (S − 1) /S
+ Lησ 2

2
+ Lξ2d

2S
. (23)

This shows that FDASS converges at a rate ofO (1/T) in expectation, with additional error terms scaling
with: the perturbation variance ξ2; the skip frequency S; and the dimension d.

Overall, the convergence slows slightly compared to standard FedAvg, proportional to 1/S. However,
by carefully tuning S and ξ, FDASS achieves a trade-off: diversity and generalization at the cost of slight
slowdown in convergence.

3.6 Privacy-Preserving Analysis
While FDASS introduces parameter swapping to improve model diversity and robustness, its impli-

cations for data privacy must also be considered. Notably, model inversion attacks attempt to reconstruct
client data by exploiting shared model updates. To mitigate such risks, FDASS incorporates multiple
privacy-preserving mechanisms:

♦ Stochastic Parameter Swapping: The swapped parameters are randomly sampled from trusted clients
and periodically refreshed, preventing consistent observation patterns that adversaries could exploit.

♦ Partial Exchange and Filtering: Only a subset of model parameters is exchanged and only after rigorous
filtering (e.g., anomaly detection), reducing the exposure of sensitive information.

♦ Aggregation Noise: Perturbation aggregation adds Gaussian noise εt ∼N (0, ξ2I) during aggregation,
enhancing resistance to inference attacks.

♦ Extension with DP: If stronger privacy guarantees are required, FDASS can be combined with client-
side differential privacy mechanisms to provide (ε, δ)-DP protection.

These design choices ensure that FDASS retains the privacy-preserving characteristics inherent to
federated settings, while offering additional resilience to model inversion attacks.

3.7 Model Complexity Analysis
The time complexity analysis of Algorithm 1 directly reflects the computational complexity of the

proposed FDASS model. Since Algorithm 1 describes the core steps of FL, including local training, parameter
upload, and global aggregation, its complexity analysis offers a clear perspective on the computational cost
associated with the entire process, especially in relation to our lightweight design.

(1) Local Training Complexity: In each round, client k trains its local model for E epochs using its private
dataset. If the dataset size is nk and the model has P parameters, the time complexity for local training
can be expressed as: Ttrain = O (E ⋅ nk ⋅ P). This represents the time taken to perform E epochs of
gradient descent on a dataset of size nk with a model of size P. For large-scale datasets and deep models,
this can become the dominant factor in training time.

(2) Parameter Update and Communication Complexity: After local training, the updated weights wt
k are

uploaded to the server. The time complexity for uploading the weights is: Tupload = O (P). Where P is
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the number of model parameters. This step is generally lightweight compared to training, but becomes
relevant when the number of clients N and model size P increase.

(3) Global Aggregation Complexity: The central server aggregates the weights from all clients. If there are
Nclients, the time complexity of the aggregation step is: Taggregate = O (N ⋅ P). The complexity here
depends on the number of clients N and the number of parameters P, as the server needs to compute
the average of all client updates.

Overall, considering all the steps—local training, weight uploading, and global aggregation—the
overall time complexity for a single communication round is: Ttotal = O (E ⋅ nk ⋅ P + N ⋅ P). This reflects the
combined complexity of local training (per client), uploading, and aggregating the model updates.

In practice, the communication time (i.e., uploading and aggregation) is typically negligible compared
to local training time, especially when dealing with large datasets and complex models. Therefore, optimizing
the local training process and reducing unnecessary communication rounds can greatly improve the overall
system efficiency.

Table 1 compares the computational complexity of FDASS and FedAvg. FDASS achieves reductions
in both training and communication cost through techniques such as skip-aggregation and perturbation
aggregation, which results in more efficient resource utilization and fewer communication rounds compared
to the standard full aggregation paradigm adopted in FedAvg.

Table 1: Comparison of computational complexity between FDASS and FedAvg

Step FDASS FedAVG
Local Training O (E ⋅ nk ⋅ P) O (E ⋅ nk ⋅ P)
Weight Upload O (P) O (P)

Global
Aggregation

O (N ⋅ P) O (N ⋅ P)

Key Difference Efficient skip-aggregation and
perturbation reduce training

and communication cost.

Standard full aggregation with
more frequent communication

rounds.

4 Experiment and Analysis

4.1 Datasets
To evaluate the effectiveness of the proposed method, we use two widely utilized datasets, ModelNet40

and ShapeNetPart, in this study.
The ModelNet40 dataset, released by the Massachusetts Institute of Technology (MIT) Computer

Science and Artificial Intelligence Laboratory (CSAIL) in 2013, includes high-quality 3D models of 40
common object categories, such as tables, chairs, beds, sofas, bookshelves, and monitors. The dataset
encompasses 9840 training samples and 2468 test samples, offering a wealth of geometric diversity. Fig. 6a
illustrates some examples of objects from the ModelNet40 dataset.

The ShapeNetPart dataset, jointly developed in 2015 by institutions including Princeton University,
Stanford University, and the University of Michigan, comprises 16 categories, encompassing various items
from cars and airplanes to furniture and buildings. The ShapeNetPart dataset offers 14,034 training samples
and 2847 test samples, providing a broad experimental basis for 3D shape analysis. Examples of some objects
are shown in Fig. 6b.
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Figure 6: Visualization of some samples in the datasets. (a) ModelNet40 datasetl; (b) ShapeNetPart dataset

Additionally, Fig. 7 displays various feature diagrams that illustrate the geometric and semantic charac-
teristics in 3D datasets geometric and semantic domain differences. Fig. 7a shows samples of tables, cabinets
and chairs from the ModelNet and ShapeNet datasets, highlighting geometric structural differences within
the same category across different datasets. Fig. 7b compares geometric similarities within and across classes:
the upper left quadrant features comparisons of the same category and modality (e.g., chair vs. chair); the
upper right quadrant presents comparisons of the same category with different modalities (e.g., chair in
varying contexts); the lower left quadrant contrasts different categories but the same modality (e.g., chair vs.
table), while the lower right quadrant compares different categories and modalities (e.g., chair vs. lamp).

Figure 7: Different feature diagrams of data in 3D datasets. (a) Intra and inter-dataset geometric and semantic domain
differencesl; (b) Geometric similarity comparisons within and between classes

4.2 Implementation Details
In this study, all experiments are implemented using the PyTorch 1.8.1 deep learning framework with

Python, running on an NVIDIA GeForce RTX 4090 GPU. The federated learning training process is
configured with 6 local epochs per client and 300 global epochs, with averaging aggregation skipped every
3 rounds. For the classification tasks, the Adam optimizer is employed with an initial learning rate of 0.001.
The input point count is set to 1024, the batch size is 32, the momentum parameter is 0.9, and the number
of neighbors Q is set to 20. The dropout rate across all dropout layers is 0.5. A similar hyperparameter
configuration strategy is utilized for other tasks. The training duration for the ModelNet40 dataset was
approximately 2.5 days, while for the ShapeNetPart dataset, it was around 2 days. Table 2 summarizes the
experimental settings used in this study, including the configuration of local and global epochs, optimizer
settings, and other relevant hyperparameters.
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Table 2: Summary of experimental settings

Experimental setting Value
GPU NVIDIA GeForce RTX 4090

Local epochs per client 6
Global epochs 300

Skip aggregation frequency Every 3 rounds
Optimizer Adam

Initial learning rate 0.001
Input point count 1024

Batch size 32
Momentum parameter 0.9

Number of neighbors (Q) 20
Dropout rate 0.5

4.3 Metrics
To evaluate the classification performance, we utilize two widely recognized metrics: mean accuracy

(mAcc) and overall accuracy (OA). mAcc represents the average accuracy across all categories, while OA
reflects the model’s performance across all test samples, offering a comprehensive measure of its effectiveness.
The formulas for calculating OA and mAcc are as follows:

OA = ∑N
i=1 TPi

∑N
i=1 (TPi + FPi)

, (24)

mAcc = 1
n

N
∑
i=1

Acci =
1
n

N
∑
i=1

TPi + TNi

TPi + TNi + FPi + FNi
, (25)

where True Positives (TP) is the number of samples correctly predicted as the positive class. True Negatives
(TN) is the number of samples correctly predicted as the negative class. False Positives (FP) is the number of
samples incorrectly predicted as the positive class. False Negatives (FN) is the number of samples incorrectly
predicted as the negative class. These metrics provide a comprehensive perspective for evaluating the model’s
classification performance both across different categories and overall.

4.4 Experiment and Analysis
4.4.1 Analysis of the Impact of Skipping Averaging Rounds

In our experiment, we vary the number of rounds for skipping averaging aggregation to 3 (default), 4,
6, and 8 to evaluate its impact on model performance.

Table 3 demonstrates that the frequency of skipping averaging rounds markedly influences the overall
performance and category balance of the FDASS-MRFCF model. Setting the skip rounds to 3 yields OA of
93.8% and mAcc of 91.5%, which we identify as the optimal configuration. This setup adeptly harmonizes
global information with local updates, ensuring robust classification performance and stability.
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Table 3: 3D object classification performance on the ModelNet40

Skipping averaging rounds OA (%) mAcc (%)
3 93.8 91.5
4 92.2 (−1.6) 88.5 (−2)
6 91.6 (−2.2) 88.2 (−3.3)
8 91.5 (−2.3) 86.5 (−5)

However, when the skip rounds increase to 4, the overall accuracy and mean accuracy decrease by 1.6
and 3 percentage points, respectively. This decline suggests that model performance begins to suffer as local
model updates fail to promptly reflect global changes. Further increasing the skip rounds to 6 and 8 results in
a reduction in overall accuracy by 2.2 and 2.3 percentage points, respectively, while mean accuracy declines
more significantly by 3.3 and 5 percentage points, with the drop in mAcc being particularly pronounced.

These results indicate that excessive skipping rounds create a considerable discrepancy between local
updates and the global model, significantly undermining the model’s generalization ability and category
balance across different datasets. Therefore, setting the number of skip rounds to 3 is optimal, ensuring
global consistency while maintaining efficient classification performance and category balance. Setting
skip rounds too high may diminish the model’s sensitivity to different categories, consequently degrading
classification performance.

As shown in Table 1, increasing the skip frequency results in a gradual degradation in model accuracy.
This performance drop is expected, as excessive skipping may reduce parameter synchronization across
clients. Although a fixed skip interval Δ is adopted in this study, designing an adaptive skip strategy based on
training dynamics (e.g., convergence rate or update variance) could help mitigate this trade-off and improve
robustness. We identify this extension as a promising direction for future work.

4.4.2 Analysis of the Number of Convolutional Kernels for Pyramid Multi-Scale Convolution
This study assesses how the number of convolutional kernels influences model performance within the

Pyramid Multi-Scale Convolution framework. We evaluate three distinct kernel configurations:

• 2 kernels, consisting of 1 × 1 and 3 × 3.
• 4 kernels, comprising 1 × 1, 3 × 3, 5 × 5, and 7 × 7.
• 8 kernels, which include two of each size: 1 × 1, 3 × 3, 5 × 5, and 7 × 7.

This approach enables us to systematically evaluate the impact of kernel quantity on the model’s feature
extraction capabilities and its performance in classification tasks.

Table 4 reveals that the convolutional kernel significantly impacts the model’s OA and mAcc. The
optimal performance, with OA of 93.8% and mAcc of 91.5%, is achieved using four kernels. This setup
enables the model to adeptly capture geometric features of point clouds, ensuring a well-balanced feature
extraction process.

When the kernel count is reduced to two, there is a decrease of 2.3 percentage points in OA and 1.4
percentage points in mAcc. This indicates that an insufficient number of kernels impairs the model’s feature
extraction, adversely impacting classification accuracy. On the other hand, augmenting the kernel count to
eight leads to a more significant decrease in OA by 2.2 percentage points and mAcc by 4.3 percentage points.
This reduction is likely due to overfitting and heightened computational demands, which impede the model’s
generalization across various datasets.
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Table 4: 3D object classification performance on the ModelNet40

Number of convolutional kernels OA (%) mAcc (%)
2 92.5 (−2.3) 89.1 (−1.4)
4 93.8 91.5
8 91.6 (−2.2) 87.2 (−4.3)

These findings underscore the importance of selecting an appropriate number of kernels to optimize
model performance. By utilizing four kernels, the model sustains high accuracy and circumvents overfitting
arising from excessive complexity. Achieving a balance between complexity and generalization is crucial for
excelling in 3D object classification tasks.

Consequently, forthcoming comparative, robustness and ablation studies will employ the FDASS-
MRFCF model, configured with three skip rounds for averaging and a kernel set of four (1 × 1, 3 × 3, 5 × 5, 7
× 7) within the Pyramid Multi-Scale Convolution.

4.5 Comparison with the State-of-the-Art Methods
In practical applications, client data can vary significantly in terms of sample size and category distri-

bution. As the number of clients increases, the original dataset is divided into multiple subsets, complicating
federated learning tasks. To reflect these challenges accurately, we design experiments comparing centralized
and federated point cloud classification methods. In the centralized approach, we set the number of clients
to one for baseline evaluation. Conversely, in the federated learning scenario, our method is tested with five
clients to assess its performance in addressing data heterogeneity and multi-client collaboration.

To comprehensively demonstrate the superiority of FDASS-MRFCF, we select two representative and
popular categories of point cloud classification methods for comparison: projection-based and raw point
cloud-based methods. The projection-based classification methods comprise VoxNet [46], 3DShapeNet [47],
KD-Net [57] and PointGrid [58], while the raw point cloud-based classification methods include Point-
Net [50], DGCNN [51], AGConv [59], PointNeXt [60], PointMixer [61], PointNorm [62] and DualMLP [55].

VoxNet voxelizes point cloud data and employs a 3D CNN for classification, transforming point clouds
into voxel grids before feature extraction. 3DShapeNet, an early voxel-based model, effectively handles
incomplete and noisy data. KD-Net recursively partitions 3D point clouds and organizes data using a KD-
tree structure, and extracts features through the network for classification. PointGrid embeds point clouds
into a 3D grid structure, combining point and grid features to capture local geometric information for 3D
object classification and segmentation.

Among the raw point cloud-based methods, PointNet was the first deep learning model to process
point cloud data directly, it independently processes each point and uses global pooling to aggregate
information without voxelization or grid-based preprocessing, thus preserving the original spatial structure.
DGCNN utilizes graph neural networks to dynamically construct local neighborhoods and learn point
relationships through graph convolution, enhancing local structure representation. AGConv adaptively
adjusts the neighborhood structure based on point cloud features, improving classification accuracy.
PointNeXt is an enhancement of PointNet, further introducing deeper network architectures and residual
connections to improve the model’s representational capacity and classification performance. PointMixer
uses a Transformer-like architecture with a self-attention mechanism to capture global and local features,
excelling in complex structure handling. PointNorm standardizes point cloud data to reduce distribution
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variability and improve generalization across different data distributions. DualMLP, a dual-path MLP model,
learns from both local and global feature levels, significantly enhancing classification accuracy.

As detailed in Table 5, our method achieves excellent performance on the ModelNet40 dataset, with OA
of 93.8% and mAcc of 91.5%. In comparison to other state-of-the-art methods, our approach outperforms
PointNeXt by 0.2 percentage points (93.6%), AGConv by 0.4 percentage points (93.4%), and the foundational
PointNet by 4.6 percentage points (89.2%) in overall accuracy. Notably, our method significantly surpasses
the projection-based VoxNet by 10.8 percentage points, with VoxNet scoring 83.0%.

Table 5: Performance comparison of 3D object classification in ModelNet40

Method Number of clients OA (%) mAcc (%)
PointNet / 89.2 86.0
Kd-Net / 90.6 88.5

PointGrid / 92.0 88.9
VoxNet / 83.0 85.9

3DShapeNet / 84.7 77.3
DGCNN / 92.2 90.2
AGConv / 93.4 90.7

PointNeXt / 93.6 91.4
PointMixer / 93.2 90.8
PointNorm / 94.1 91.3
DualMLP / 92.5 89.1

our 5 93.8 91.5

In terms of mean accuracy, our method leads PointNeXt by 0.1 percentage points (91.4%) and AGConv
by 0.8 percentage points (90.7%), showcasing consistent and reliable performance across various categories.
While PointNorm slightly edges out our method in overall accuracy with 94.1%, this is likely due to
PointNorm’s prowess in capturing intricate local geometric features.

Despite this, our method’s robustness in multi-client environments and its adaptability to diverse
data distributions provide substantial benefits for real-world applications. These strengths position FDASS-
MRFCF as a formidable contender in the realm of complex point cloud classification, establishing a robust
basis for future research and practical implementations.

According to Table 6, our method exhibits outstanding performance on the ShapeNetPart dataset.
Notably, in terms of mAcc, our method achieves 97.9%, which is only slightly below DualMLP. This
performance is 0.6 percentage points higher than DualMLP (98.5%), 0.5 percentage points higher than
DGCNN (97.4%), and is far ahead of PointNet by 2.8 percentage points (95.1%).

Regarding OA, our method scores 99.2%, just shy of DGCNN and DualMLP, both at 99.4%. This
minor gap may be attributed to DGCNN’s proficiency in learning local feature topologies through dynamic
graph construction and DualMLP’s dual-path architecture, which enables feature learning at both local and
global scales.

Despite these advantages, our method outperforms other methods, such as PointNeXt (99.0%) and
PointNet (98.7%). Overall, our method showcases robust performance across diverse data distributions, a
testament to our superior global feature extraction capabilities and dynamic aggregation strategies within
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multi-client settings. This leads to a notable advantage in mAcc over other methods, underscoring our
model’s ability to sustain high overall efficiency while adeptly navigating the intricacies of varied categories.

Table 6: Performance comparison of 3D object classification in ShapeNetPart

Method Number of clients OA (%) mAcc (%)
PointNet / 98.7 95.1
PointGrid / 86.1 80.5
DGCNN / 99.4 97.4
AGConv / 93.8 96.8

PointNeXt / 99.0 97.2
DualMLP / 99.4 98.5

Our 5 99.2 97.9

4.6 Robustness Evaluation
In the field of point cloud data processing, the density of sampling points varies with different

input scales. The same object’s geometric features can be represented by point sets of varying densi-
ties, ranging from the intricate details of high-density point clouds to the basic outlines in low-density
ones. Fig. 8 illustrates the distribution of point clouds at different densities for airplane samples within the
ModelNet40 dataset.

Figure 8: Visualization of scatter plots for point clouds at different densities. (a) 2048 sampling points; (b) 1024
sampling points; (c) 512 sampling points; (d) 256 sampling points
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The figure indicates that clarity in point cloud samples diminishes as sampling density decreases. With
2048 points, the point cloud retains a highly distinct shape, as depicted in Fig. 8a. At 1024 points, the object’s
outline remains discernible, as illustrated in Fig. 8b. Even at a reduced count of 512 points, category-specific
features remain identifiable, as shown in Fig. 8c. However, at 256 points, morphological details become
markedly blurred, as seen in Fig. 8d, potentially impacting recognition accuracy.

To evaluate the robustness of the FDASS-MRFCF model, we resample the test samples to 2048, 1024,
512, and 256 points for evaluation. This experiment aims to examine the model’s stability and accuracy across
different sampling densities.

As depicted in Fig. 9, our method outperforms other methods regarding OA and mAcc on both the
ModelNet40 and ShapeNetPart datasets. On the ModelNet40 dataset, FDASS-MRFCF outperforms the other
methods at medium and high density sample points. It performs best at 1024 and 2048 sample points, which
shows its strong feature extraction and classification ability on medium and high isodensity point clouds.
DGCNN and AGConv perform well at low densities. While PointNet performs poorly at all sampling points,
showing its limitation in point cloud classification tasks.

Figure 9: Performance comparison of our method and other methods on different density point clouds

In the ShapeNetPart dataset, FDASS-MRFCF significantly outperforms the other methods at low and
medium sampling points, indicating that it still maintains good classification performance under low-
resolution point cloud data. As the number of sampling points increases, AGConv and PointNet accuracies
are improved, which shows that it can perform better under high-density point clouds.

Overall, our method demonstrates balanced high performance across different sampling densities, effec-
tively managing the trade-off between accuracy and computational complexity at medium sampling points.
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4.7 Ablation Test
4.7.1 FDASS Ablation Test

To assess the contribution of each component within our federated learning aggregation approach, we
conduct two ablation experiments:

First, Averaging Aggregation: In this experiment, we utilize the traditional federated averaging aggrega-
tion method. After each training round, the central server averages the model parameters received from all
clients and subsequently redistributes the updated model back to the clients without any perturbation. This
setup serves as a baseline for evaluating the performance and stability of standard averaging aggregation.

Second, Perturbation Aggregation Only: This experiment examines the sole effect of perturbations. We
introduce random perturbations to the model parameters received from clients before redistributing them,
omitting the averaging step. This configuration allows us to gauge the influence of perturbations in enhancing
model diversity and adaptability.

Table 7 illustrates the superior performance of the FDASS method compared to the Avg and Shuffle
methods in terms of OA and mAcc across both the ModelNet40 and ShapeNetPart datasets. Specifically,
on the ModelNet40 dataset, FDASS achieves an OA of 93.8%, exceeding the Avg method by 2.0 per-
centage points and the Shuffle method by 2.4 percentage points. Additionally, in terms of mAcc, FDASS
reaches 91.5%, showing improvements of 3.3 and 3.1 percentage points over Avg (88.2%) and Shuffle
(88.4%), respectively.

Table 7: 3D object classification in ModelNet40 and ShapeNetPart

Method ModelNet40 ShapeNetPart

OA (%) mAcc (%) OA (%) mAcc (%)
Avg 91.8 (−2) 88.2 (−3.3) 99.2 (+0) 96.8 (−1.1)

Shuffle 91.4 (−2.4) 88.4 (−3.1) 98.7 (−0.5) 94.6 (−3.3)
FDASS 93.8 91.5 99.2 97.9

On the ShapeNetPart dataset, FDASS achieves OA of 99.2%, matching the Avg method but significantly
surpassing the Shuffle method’s 98.7% by 0.5 percentage points. For mAcc, FDASS scores 97.9%, which is 1.1
and 3.3 percentage points higher than Avg (96.8%) and Shuffle (94.6%), respectively.

Overall, FDASS enhances overall performance and significantly bolsters the model’s equilibrium across
various categories, effectively countering the negative impacts of class imbalance. By employing a dynamic
aggregation strategy, FDASS adeptly merges the benefits of perturbation and average aggregation. This
approach renders the model more resilient to complex data distributions and diverse samples, underscoring
its substantial practical utility in federated learning scenarios.

4.7.2 MRFCF Ablation Test
We conduct an ablation study to evaluate the impact of the Pyramid Multi-Scale Convolution module

within the MRFCM. In this experiment, we deactivate the Pyramid Multi-Scale Convolution module while
retaining other integral components, thereby assessing its contribution to the model’s overall performance.
Our analysis of the results aims to elucidate the module’s role in multi-scale feature extraction and its
subsequent impact on classification accuracy.
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Table 8 indicates that the absence of the Pyramid Multi-Scale Convolution module results in a 1.6
percentage point reduction in OA on the ModelNet40 dataset, along with a 1.3 percentage point decrease
in mACC. On the ShapeNetPart dataset, while OA slightly increased, mACC dipped by 0.5 percentage
points. These results highlight the Pyramid Multi-Scale Convolution’s pivotal role in capturing the diverse
features of complex geometric structures through multi-scale feature extraction. The module’s proficiency
in handling objects with varying details and shapes markedly enhances the model’s ability to discern
intricate shapes during the feature extraction phase. This enhancement fosters improved generalization
across diverse categories and subtle distinctions, underscoring the module’s essential function within the
network architecture.

Table 8: 3D object classification in ModelNet40 and ShapeNetPart

Method ModelNet40 ShapeNetPart

OA (%) mAcc (%) OA (%) mAcc (%)
EdgeConv 92.2 (−1.6) 90.2 (−1.3) 99.4 (+0.2) 97.4 (−0.5)

FDASS-MRFCF 93.8 91.5 99.2 97.9

4.8 Scaling Analysis with Varying Client Numbers
To further evaluate the scalability of the proposed FDASS-MRFCF framework, we conducted experi-

ments under varying numbers of participating clients: 5, 20, 50, and 100 [45]. The same experimental settings
described in Section 4.5 were maintained, with clients randomly assigned non-IID data partitions.

As shown in Table 9, the scalability of FDASS-MRFCF was evaluated with 5, 20, 50, and 100 clients on
ModelNet40 and ShapeNetPart datasets. The results show that the model performs best with 5 clients, where
the balance of data volume and efficient aggregation leads to optimal performance. As the number of clients
increases, performance gradually declines, particularly after 20 clients. This drop can be attributed to smaller
datasets available to each client as the client pool grows, which reduces the model’s ability to learn effectively.
Additionally, the increased communication overhead associated with a larger number of clients slows down
the synchronization and aggregation process, further hindering performance. These findings highlight the
challenges of scaling federated learning in large-scale settings and suggest that future work should focus on
developing adaptive aggregation strategies to optimize performance as the number of clients increases.

Table 9: Scalability evaluation of FDASS-MRFCF under different numbers of clients

Dataset Clients OA (%) mAcc (%)

ModelNet40

5 93.8 91.5
20 90.2 89.8
50 87.6 86.5
100 85.2 84.9

ShapeNetPart

5 99.2 97.9
20 95.2 95.6
50 92.8 91.8
100 87.5 87.0
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4.9 Robustness Evaluation against Model Poisoning and Backdoor Attacks
In order to further evaluate the robustness of the proposed FDASS strategy, we conduct additional

experiments under adversarial FL settings, including model poisoning and backdoor attacks. Model poi-
soning is simulated by introducing malicious parameter updates from a subset of clients, while backdoor
attacks are implemented by inserting a trigger pattern into training samples of certain clients and modifying
the corresponding labels. These experiments aim to assess whether FDASS can maintain stable performance
when exposed to adversarial perturbations in client updates. We compare FDASS with the baseline FedAvg
under the identical attack settings, considering two proportions of malicious clients: 20% and 40% malicious
clients. The target label for the backdoor attack is fixed across all experiments, and the trigger pattern is
defined as small fixed patch inserted into the input point clouds. The performance is evaluated in terms of
OA and backdoor attack success rate (ASR), with the results summarized in Table 10.

Table 10: Comparison of FDASS and FedAvg under poisoning and backdoor attack scenarios

Datasets Method Attack ratio Clean accuracy (OA%) Backdoor ASR (%)

ModelNet40

FedAvg 20% 78.8 54.2
FDASS 20% 90.1 32.3
FedAvg 40% 70.6 80.1
FDASS 40% 85.6 40.7

ShapeNetPart

FedAvg 20% 79.2 47.6
FDASS 20% 92.8 26.2
FedAvg 40% 79.5 70.5
FDASS 40% 89.3 40.2

Compared with FedAvg, FDASS consistently achieves higher clean accuracy and significantly reduces
the attack success rate (ASR), demonstrating its inherent robustness to poisoning and backdoor attacks.
This improvement is attributed to the perturbation mechanism and skip aggregation, which jointly disrupt
the influence of malicious updates and limit the propagation of poisoned parameters in the global model.
These results confirm that FDASS not only sustains model accuracy in benign environments but also
effectively mitigates the impact of malicious updates in adversarial settings. This dual advantage highlights
its potential as a robust and secure aggregation strategy for real-world federated learning applications where
both performance and security are critical.

5 Conclusion
In this paper, we introduce an innovative approach to point cloud classification within the federated

learning framework, addressing the critical issues of data privacy and heterogeneity. Our method integrates
a dynamic aggregation selection strategy, which combines perturbation with average aggregation, signifi-
cantly improving the model’s adaptability and generalization capabilities. Furthermore, we propose a novel
multisensory fusion classification model that enhances the robustness of point cloud classification. This
model leverages dynamic neighborhood feature learning and multilevel feature extraction to accurately
capture local geometric structures while seamlessly incorporating global information. Extensive experiments
on benchmark datasets, including ModelNet40 and ShapeNetPart, demonstrate the superior performance
and effectiveness of our approach. The results highlight the method’s robustness and its potential to serve
as a powerful solution for complex point cloud classification tasks. The successful application of our
method underscores its viability in addressing the diverse and intricate challenges associated with FL
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environments. In future work, we plan to explore adaptive control of skip-aggregation intervals, enabling a
dynamic trade-off between communication efficiency and convergence performance across diverse federated
settings. Additionally, we aim to investigate adaptive regularization or kernel pruning techniques to reduce
redundancy in multi-receptive field fusion, as observed in Table 4, where employing eight kernels led to
performance degradation, indicative of potential overfitting or suboptimal feature utilization. In addition
to the point cloud classification task explored in this work, the FDASS-MRFCF framework holds potential
for broader applications. Future work could extend FDASS-MRFCF to more tasks such as point cloud
segmentation, where the model could be adapted to generate per-point or per-region predictions. Another
exciting direction is multi-task learning, where FDASS-MRFCF could be applied to jointly solve related
tasks, such as classification and segmentation, in which FDASS-MRFCF could simultaneously tackle related
tasks—such as classification and segmentation—within a federated setting while safeguarding data privacy.
The flexibility of the FDASS aggregation strategy can help address the challenges of model heterogeneity
and improve the performance of FL systems in su0ch settings. Moreover, An interesting direction for future
work is the potential extension of FDASS to fully decentralized, peer-to-peer paradigms. In such scenarios,
spatially proximate nodes may exchange model parameters during non-aggregation rounds, potentially
reducing communication latency and mitigating server synchronization bottlenecks. This approach would
improve the scalability and responsiveness of federated learning systems, particularly in environments with
high communication overhead or when the server experiences delays due to high computational load. Future
investigations will focus on adapting the FDASS aggregation mechanism to peer-to-peer communication
protocols and validating its effectiveness in decentralized FL settings.
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