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Abstract: This paper introduces a novel approach to hand motion gesture recognition
by integrating the Fourier transform with hypergraph convolutional networks (HGCNs).
Traditional recognition methods often struggle to capture the complex spatiotemporal
dynamics of hand gestures. HGCNSs, which are capable of modeling intricate relation-
ships among joints, are enhanced by Fourier transform to analyze gesture features in the
frequency domain. A hypergraph is constructed to represent the interdependencies among
hand joints, allowing for dynamic adjustments based on joint movements. Hypergraph
convolution is applied to update node features, while the Fourier transform facilitates
frequency-domain analysis. The T-Module, a multiscale temporal convolution module,
aggregates features from multiple frames to capture gesture dynamics across different time
scales. Experiments on the dynamic hypergraph (DHG14/28) and shape retrieval contest
(SHREC’17) datasets demonstrate the effectiveness of the proposed method, achieving
accuracies of 96.4% and 97.6%, respectively, and outperforming traditional gesture recogni-
tion algorithms. Ablation studies further validate the contributions of each component in
enhancing recognition performance.

Keywords: hand gesture recognition; graph convolutional networks; hypergraph;
Fourier transform

1. Introduction

Hand gesture recognition has become a pivotal technology in healthcare, enabling
intuitive control of assistive devices, precise rehabilitation monitoring, sterile surgical
interfaces, and enhanced patient communication [1,2]. By interpreting hand movements,
it facilitates non-intrusive interactions, improving accessibility and efficiency in medical
settings. Beyond healthcare, hand gesture recognition plays a crucial role in human—
computer interaction (HCI), behavior analysis, and immersive technologies. In HCI, it
allows users to interact with systems through natural gestures, eliminating the need for
physical controllers [3-5]. This technology is also instrumental in virtual and augmented
reality applications, where it enables realistic manipulation of virtual objects and environ-
ments [6,7]. Additionally, in behavior analysis, hand gestures serve as non-verbal cues that
can be analyzed to understand human intentions and emotions.

In recent times, significant progress has enabled the easy collection of multimodal
data for hand gesture recognition, including RGB images [8,9], depth maps [10], and
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skeleton sequences [11]. Devineau et al. were pioneers in directly applying a convolutional
neural network (CNN) to skeleton joint sequences for feature extraction [12]. However,
since skeletons inherently form non-Euclidean graphs, graph convolutional networks
(GCNs) have emerged as a focused approach to capture their spatial-structural patterns [7].
Consequently, GCN-based frameworks have become the predominant choice for achieving
accurate, real-time hand gesture recognition.

The graph structure, typically represented by the adjacency matrix, is a crucial com-
ponent in GCNs. Most existing methods initialize the adjacency matrix based on the
physiological dependence of the skeletal structure, as illustrated in Figure 1. This approach,
though, leads to a long-range dependency problem in graph convolution [13]. For instance,
in Figure 1, node 10 needs a relatively large number of hops to reach node 14, despite the
possibility that they are spatially close. This clearly shows that defining the relationship
between nodes solely based on physiological factors is insufficient.

Figure 1. Schematic representation of a hand-skeleton graph. The nodes are numbered from 1 to 22,
representing different joints in the hand-skeleton. The connections between the nodes illustrate the
structural relationships among the joints, which are essential for modeling hand gesture-related

spatial information.

Niepert et al. proposed Patchy-San. This method extracts fixed-size, locally ordered
neighborhoods from arbitrary graphs. In this way, standard CNN filters can learn node
representations that are on par with those learned by graph kernels [14].

Spatial methods commonly utilize adjacency matrices to encode the relationships
between nodes. For example, Yan et al.’s spatial-temporal graph convolutional network
(ST-GCN) [15] employs a hand-skeleton adjacency matrix within a series of stacked spatial—-
temporal GCN blocks. To address the issue of vanishing gradients, each block in ST-GCN
incorporates residual (skip) connections, which were first introduced by He et al. [16].
These residual connections allow for the construction of deeper and more stable models.

Spatial blocks are components that use GCNs to aggregate spatial information from
individual frames. Meanwhile, temporal blocks utilize one-dimensional convolution to
link information across frames in the temporal dimension. Although ST-GCN outperforms
CNN/RNN methods, a limitation exists in its design. Specifically, the graph adjacency
matrix in ST-GCN remains static throughout the training process. This fixed nature of the
adjacency matrix hinders the integration of information from nodes that are separated by a
large hop-distance. As a result, ST-GCN is unable to effectively deal with the long-range
dependency problem.
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To overcome the issue of dealing with long-range dependencies due to static adjacency
matrices in graph-based models, subsequent research efforts have focused on introduc-
ing learnable adjacency matrices. These matrices are designed to adaptively modify the
relationships between nodes during the training process.

The pioneering work [17] was the first to suggest uncovering node-to-node relation-
ships through network training. Following this, CTR-GCN [18] took a step further by
enabling the specialization of an adjacency matrix for the input channel. Recognizing that
the dependencies among joints evolve over time, Liu et al. [19] proposed the TD-GCN. This
model employs a frame-by-frame approach to calculate the adjacency matrix, effectively
accounting for the temporal variations in joint relationships.

Although the aforementioned studies have alleviated the long-range dependency
issue to some degree, they all initialize the adjacency matrix based on the physiological
skeletal structure. This approach causes the final trained adjacency matrix to be overly
biased toward the inherent relationships of the physiological skeleton. However, since
the “key nodes” in input data may not strictly correspond to actual anatomical joints, this
physiological initialization introduces inherent bias.

To further address long-range dependencies and eliminate such biases, Lee et al. [13]
proposed the hierarchically decomposed graph convolutional network (HD-GCN). This
model effectively decomposes each joint node into multiple subsets, enabling it to capture
both structurally adjacent and distant node-edge relationships. Meanwhile, Duan et al. [20]
introduced a novel framework called DG-GCN, which improves skeleton-based action
recognition by addressing limitations in traditional GCNs. DG-GCN uses learnable affin-
ity matrices to capture dynamic joint relationships, enabling more flexible and accurate
spatial modeling.

The research and experimental results of Lee et al. [13] and Duan et al. [20] demonstrate
that relationships between graph nodes should involve multiple nodes rather than just
pairwise correlations. However, traditional graph data structures are limited by edges that
can only connect pairs of nodes, meaning graph convolutional networks (GCNs) cannot
simultaneously model relationships among multiple nodes. To address this limitation, our
work adopts a hypergraph structure, where hyperedges can connect multiple nodes to
capture higher-order dependencies.

In this paper, we propose a hand gesture recognition method called the dynamic
hypergraph convolutional network (DHGCN). The codes are provided in the link https:
/ /github.com/CoderHoooK/DHGCN (accessed on 5 May 2025). Its key features and
innovations include the following:

1.  Hypergraph Integration: Building on graph convolutional networks (GCNs), DHGCN
incorporates hypergraph structures to model higher-order relational features among
multiple nodes. Unlike traditional graphs with pairwise edges, hyperedges in hyper-
graphs can connect multiple nodes simultaneously, enabling the network to capture
complex, multinode dependencies.

2. Dynamic Hypergraph Structure: The hypergraph in DHGCN is data-driven and non-
predefined, learned directly from input data during training. This dynamic scheme
ensures objective and adaptive feature extraction, avoiding the biases of manually
predefined structures.

3. Multistream Fusion Strategy: By fusing prediction vectors from hypergraph convolu-
tional networks with varying numbers of hyperedges, the model achieves enhanced
performance. This strategy leverages diverse hypergraph configurations to capture
complementary information and improve recognition accuracy.
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2. Materials and Methods

The following subsections present summaries of the mathematical framework. The
mathematical structures we use to describe networks are graphs. In this section, we review
some definitions and results from basic graph theory and theories specific for hyper graphs.
As shown in Figure 1, a hand-skeleton graph is represented as a graph. For more advanced
representations, hypergraphs can be utilized to model higher-order relationships between
joints, capturing more complex interactions within hand gestures.

Hand gesture recognition aims to identify and interpret human hand movements
through computational models. This process typically involves mapping hand gestures—
often represented as sequences of joint coordinates—into a structured format suitable for
analysis. ST-GCNs [20] are designed to model and recognize human actions by capturing
both spatial (structural) and temporal (sequential) dependencies in skeleton-based data.

The following subsections summarize the mathematical framework of the approach.
Graphs are used to describe the network structures, and this section reviews key definitions
and concepts from basic graph theory and hypergraph theory. As illustrated in Figure 1, a
hand-skeleton is naturally represented as a graph, where nodes correspond to joints and
edges encode physiological connections (e.g., bones). For more complex representations,
hypergraphs are employed to model higher-order relationships between joints. Unlike
traditional graphs with pairwise edges, hypergraphs use hyperedges to connect multiple
nodes simultaneously, enabling the capture of intricate, multijoint interactions within
hand gestures.

2.1. GCNs

This mathematical framework underpins various hand gesture recognition systems,
enabling accurate and efficient interpretation of hand movements in applications such
as human-computer interaction, sign language recognition, and virtual reality interfaces.
Definition of Graphs are as follows:

e G = (V&) represents a graph, where V = {v1,v,,...,v,} is the set of vertices corre-
sponding to hand joints, and £ is the set of edges representing relationships between
joints.

e X € R"™* represents the matrix of node features, where each row x; is a feature vector
for vertex v;.

e A € R"™" represents the adjacency matrix, with entries A;; indicating the presence
and weight of the edge between vertices v; and v;.

In GCNs, the node feature matrix is updated through the following layer-wise propa-
gation rule as Equation (1).

HO+) — a(ﬁ-%zﬁ-%mwww) 1)

where

e HU is the matrix of node features at layer /, with H®) = X.
e A = A +1isthe adjacency matrix with added self-loops.

e Dis the degree matrix of A.

e WU is the trainable weight matrix at layer I.

e 0(-)is an activation function, typically ReLU.

This formulation allows GCNs to capture spatial dependencies between hand joints.
The GCNs mainly fall into spectral methods and spatial methods. The former utilizes
Fourier transforms based on the Laplacian matrix to perform graph convolution operation
on the spectral domain. In contrast, the latter directly aggregate information from nodes and
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their neighboring nodes through graph connectivity, extracting and normalizing features.
The graph connectivity is designed by the adjacency matrix A and an example of the
adjacency matrix is shown in Figure 2. In the adjacency matrix A, a non-zero element A;;
implies a connection from node i to node j, and a zero indicates no direct connection.

OO

0 1
1 0
1 O

o O =

OOOO

1
1
0

1 1T 0 O

Figure 2. Illustration of a graph and its corresponding adjacency matrix. On the left, a graph
is depicted with four nodes labeled 1, 2, 3, and 4, where edges connect the nodes to show their
relationships. On the right, the adjacency matrix corresponding to this graph is shown. Each row and
column in the matrix corresponds to a node in the graph. A value of 1 in the matrix indicates an edge
connection between the corresponding nodes, while a 0 indicates no connection.

2.2. Hypergraph Convolution

A hypergraph is a special type of graph structure, where the main difference from
a regular graph is that multiple nodes can be connected by a single hyperedge [21]. The
relationships between nodes are represented using an incidence matrix. In order to apply
the properties of hypergraph, Feng et al. [22] proposed HGNN by drawing an analogy to
the spectral-based GCN method. Bai et al. [23] argued that in real-world scenarios, nodes
(such as in recommendation systems or citation networks) are not just pairwise related but
are involved in more complex-wise correlations. Therefore, they used the hypergraph to
represent the relationships between nodes provided in the datasets and applied hypergraph
convolution to extract high-order relational features. Since [23] achieved remarkable results
in node classification on three citation network datasets, demonstrating the effectiveness of
hypergraph convolution operation.

Hypergraph Convolution extends traditional graph convolution to model high-order
relationships by allowing hyperedges to connect multiple nodes. This enables richer infor-
mation aggregation across complex structures, making it ideal for tasks like classification,
clustering, and representation learning in domains where interactions go beyond simple
pairwise connections. Let the hypergraph be H = (V, E), where

e V ={vy,0y,...,0,} is the set of nodes (vertices);
o E=/{eye...,en} is the set of hyperedges, where each ¢; C V.

Let the following definitions apply:

e XeRM4 input node features (each row x; € R? is a feature of node 7);
e HeR™. output node features after convolution.

The incidence matrix B € R"*™ is defined as Equation (2):

B(ie) 1 ifnodeice )
ie) =
0 otherwise
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The following definitions apply:

e D, € R"™": diagonal matrix of vertex degrees, with the following entries: Dy (i,i) =
Fecr B(i,e)w(e);

e D, € R™*: diagonal matrix of hyperedge degrees, with D.(e,e) = Y ;cy B(i,e);

e W, € R"™*": diagonal matrix of hyperedge weights w(e).

In graph learning, spatial convolution means aggregating information from neighbors
(like message passing). In hypergraphs, the neighbors of a node are defined via shared
hyperedges—which can connect multiple nodes simultaneously. The convolution theorem
is a well-known result in signal processing and Fourier analysis that relates the convolution
of two signals in the time or spatial domain to the multiplication of their Fourier transforms
in the frequency domain. This theorem is fundamental in traditional convolution, and we
can extend its concept to hypergraphs by utilizing the Fourier transform of the hypergraph
Laplacian. A spectrally motivated hypergraph convolution layer [22] is Equation (3):

H= a(D;V 2BW.D; !B D, 1/ 2xw) (3)

where X € R™*: input node features; W € R?*?": trainable weight matrix; o(-): non-
linear activation function (e.g., ReLU); and H € R"*?": output node features. The term
S = D;'/?2BW,D; !B"D; /2 ¢ R"*" is a hypergraph similarity matrix. This operator
captures feature propagation from a node to others via shared hyperedges.

Traditional convolution is a standard operation in signal processing, where neigh-
boring information is aggregated using a kernel. In the context of hypergraphs, this is
generalized to aggregate signals from vertices connected by hyperedges. The convolution
theorem provides an efficient way to compute convolutions by transforming signals to the
frequency domain and performing multiplication in that domain. As shown in Table 1,
traditional convolution operates in the time or spatial domain using sine and cosine basis
functions defined by the classical Fourier transform. In contrast, graph convolution gener-
alizes this operation to non-Euclidean data by applying the Fourier transform based on the
graph Laplacian, enabling modeling of pairwise relationships in structured data. Hyper-
graph convolution further extends this framework by utilizing the hypergraph Laplacian,
allowing for the modeling of complex, higher-order interactions among multiple nodes
within hyperedges.

Table 1. Comparison of convolution methods.

Classical . Hypergraph
Aspect Convolution Graph Convolution Convolution
Domain Time/Spatial Graph Hypergraph
Transform Fourier Transform Graph Fourier transform Hypergraph
Fourier transform
. Hypergraph
Basis Sine/Cosine Functions Grgph Laplacian Laplacian
eigenvectors .
eigenvectors
Pointwise
. Multiplication Pointwise multiplication multiplication
Convolution . . . . .
in Frequency Domain in spectral domain in hypergraph

frequency domain
Higher-order
relationships
among multiple
nodes

Pairwise node
relationships

Relationships  Local, translation
Modeled invariant
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2.3. Architecture Design

The DHGCN architecture, as shown in Figure 3, is designed to dynamically model
higher-order joint relationships via learnable hypergraph convolutions, aggregate multi-
scale temporal features through stacked T-Modules, and distill spatiotemporal representa-
tions via hierarchical T- and N-pooling. A final fully connected layer then maps these rich
embeddings to gesture classes.

o o o e — o —

1
I
o I =
O v = - =
gz e 2 3 EY R -
~ A > o . !
: |z
1 | B
[
]
______________________ -’

Figure 3. The architecture of DHGCN model. The input passes through the dynamic hypergraph
convolution (DHGC) block first. Subsequently, the output of the DHGC block goes through a batch
normalization (BN) layer, which is then added (&) to the input of the BN layer. The result is fed into
the T-module, followed by a rectified linear unit (ReLU) activation function, with another addition
operation (@) applied. The output then undergoes temporal normalization (TN) pooling and is finally
processed by a fully connected (FC) layer. The entire structure within the dashed box is repeated
S times.

The principle and structure of the DHGC Block are detailed in Section 2.4.
The T-Module is the Multiscale TemporalConv module from [18], which is used for aggre-
gating multiframe features from both past and future frames.

Below is the formal definition of the Multiscale TemporalConv module, which aggre-
gates features across multiple frames both before and after the current time step: Suppose
we have an input feature tensor X € RT*CxV "where T is the number of frames, C the
feature channels, and V the number of vertices (e.g., hand joints). The Multiscale Temporal-
Conv (MSTC) module employs B parallel 1D convolutional branches, each with a different
dilation rate d, for b = 1,..., B. We denote the convolution operator in branch b as Convy,
(kernel size k); its output is

Y(®) = Act(BN(Convy, (X)), (4)

where BN refers to batch normalization and Act is a nonlinear activation.
To fuse multiscale information, we simply sum the branch outputs element-wise, as in
Equation (5).

y®, (5)

B
Y =

b=1
This aggregation lets small d, capture short-term dynamics, while larger d;, capture
long-term dependencies. Optionally, if Y and the input X share the same shape, a residual
connection can be added to stabilize training and preserve the original features, as in
Equation (6).
Yies = X + Y. (6)
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This MSTC design efficiently integrates multiscale past and future context into a
unified temporal representation.

2.4. DHGC Block

This work leverages hypergraph convolution to capture higher-order relational fea-
tures between hand joints. Building on the findings of [20], which validated the feasibility
of dynamic graphs, we propose a dynamic hypergraph convolution approach for hand
gesture recognition. Let the hypergraph be denoted as H = (V, £), where V represents the
set of vertices (hand nodes) and £ represents the set of hyperedges (relationships between
nodes). Based on [23], the dynamic hypergraph convolution is defined as Equation (7).

H,ut = AvgPool(Conv,(H)) - W, (7)
where
e  AvgPool represents the average pooling operation across the temporal dimension.
e  Convy, is the convolution operation, with input channels C;;, and output channels Cyy;.
o W is the weight matrix that adjusts the feature channels.
e  The incidence matrix A encodes the relationships between vertices and hyperedges,

with each element initialized randomly from a standard normal distribution and
learnable during training.

e  The degree matrices D, and D, represent the degree of vertices and hyperedges,
respectively.

The detailed architecture of the dynamic hypergraph convolution (DHGC) block is
shown in Figure 4. In this figure, AvgPool, Conv_h, and Conv_p correspond to the average
pooling, hypergraph convolution, and the subsequent convolution layers, respectively.
Row normalization (Norm_row) and column normalization (Norm_col) are applied to
normalize the features across spatial and temporal dimensions.

MxN
(€ x) [Mx Gy xN]__ e (M xN] H, <R
—| AvgPool reihians (6% Wb Softmax = &
ez

|
<} —-{ Norm_row H}OI W l [Cou xTxN]
f ’ Calculate dynamic . l Conv_p fout
ool - =

hypergraph
[C, xT xN]

Figure 4. Dynamic hypergraph convolution block. This block integrates multiple operations to
process input features f;, with dimensions [C;;, X T x N|. The top path first applies AvgPool to reduce
the spatial dimensionality of the input related to channels C;;, and spatial dimension N, followed
by Conv_h (convolution operation) to transform the feature dimensions to [M x C;;, x NJ; then, it
reshapes and is multiplied by the weight matrix, W, and finally passes through Softmax to output
H,, € RM*N which is combined with another component, H,, via the operation denoted by «. The
bottom path calculates a dynamic hypergraph H € RM*N normalizes it row-wise (Norm_row) and
column-wise (Norm_col), multiplies with matrices W and T, respectively, and then applies Conv_p
(convolution operation) to generate the output feature f,,; with the same dimensions [C;; X T x N]
as the input. Here, ® represents matrix multiplication, and @ represents the summation operation.

The visualization of the DHGC block extracting higher-order relational features is
depicted in Figure 5 and can be divided into two main stages. In the first stage, the input
features are multiplied by the incidence matrix to generate the hyperedge features. In the
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second stage, these hyperedge features are multiplied by the transposed incidence matrix
to produce the final output.

CxN

M . B
° ° N :> o : .'
R NI:>CxM® S— ...::
Stage2 CxN

Stagel

Figure 5. Visualization of adaptive hypergraph convolution operation. In Stage 1, input features
with dimensions C x N (depicted as blue dots) are multiplied by a matrix with dimensions M x N,
generating intermediate hyperedge features of size C x M (shown as green dots). In Stage 2, these
intermediate features are multiplied by a matrix of size N x M, resulting in the final output features
with dimensions C x N (represented as orange dots). This two-stage process enables the extraction of
higher-order relational features within the hypergraph framework.

2.5. Multistream Strategy

Figure 6 illustrates two multistream architectures for hand gesture recognition.
Figure 6a presents a multistream architecture that integrates joint, bone, and motion fea-
tures for comprehensive gesture understanding. Each stream outputs a set of features
(represented by bar charts colored in grey, yellow, and orange, respectively) and specializes
in a different modality. Their fusion enables richer representation learning for hand gesture
classification. The architecture of the multistream fusion strategy is shown in Figure 6a.
The input is a hand-skeleton sequence—a set of nodes representing hand joints over time.
The input is fed into three parallel streams, each designed to capture a specific aspect of the
hand motion:

Joint Stream:

e  Processes the raw joint positions.
e  Extracts spatial configuration features of the hand.

Bone Stream:

e Processes bone vectors, i.e., the directional vectors between connected joints.
e  Captures structural and relational features between joints.

Motion Stream:

e  Processes temporal differences (e.g., joint velocities).
e Captures motion dynamics, helpful for distinguishing gestures with similar poses
but different movements.

To address this limitation, Figure 6b introduces an enhanced model incorporating
DHGCN. In this version, each input stream—corresponding to joint (f), motion (j;), and
bone (b) features—is processed through a distinct DHGCN module. By varying the number
of hyperedges in each stream, the architecture encourages diversity among the learned
representations. The outputs are then fused through a learnable weighted combination,
improving the expressiveness of the final prediction vector. This design allows the model
to capture rich spatial-temporal dynamics of hand gestures more effectively, enabling
fine-grained recognition. The integration of dynamic hypergraphs further empowers the
network to move beyond static priors and adaptively tailor its topology to the input data.
Here is a description of the components in Figure 6a as follows:

1. The input is a hand-skeleton sequence.
2. A data preparation module extracts three types of node features:
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e j:joint;
e  ju: motion;
e  b: bone features (possibly inter-joint vectors).

Joint Stream @——— =——
> Bone Stream —— @_’
Motion Stream ——

(a)

e . b
preparation DHGCN(M=16) —— xpB,

; DHGCN(M=16) — : Xﬂj

Jorj,
DHGCN(M=8) —— xp,

(b)

Figure 6. (a) Multistream feature fusion architecture for hand gesture recognition. The input hand-
skeleton data is processed through three distinct streams: the Joint Stream, which focuses on features
related to individual joints; the Bone Stream, handling features associated with bone connections; and
the Motion Stream, capturing motion-related features. Each stream generates its own set of feature
representations, depicted by differently colored bars. These representations are then combined via
an addition operation (@), resulting in a unified feature vector that integrates information from all
streams, denoted by the final set of bars with an asterisk. (b) Feature processing and fusion pipeline.
After data preparation, the input hand-skeleton data is split into different components: j (joint-related
data), j;; (motion-related joint data), b (bone-related data), and j or j,, (alternatively processed joint
data). Each of these components is fed into a dynamic hypergraph convolutional (DHGC) module
with M = 16 (except for the last one with M = 8). The output of each DHGC module is multiplied
by a corresponding weight factor (8, Bm, By, Bo)- These weighted outputs are then combined via an
addition operation (@) to form the final integrated feature representation, denoted by the bars with
an asterisk.

A description of the components as Figure 6b. The input data is first preprocessed
into three distinct feature types: joint data, bone data, and motion data. The joint data
is used in its raw form. The bone data is computed by subtracting the coordinates of
adjacent joints, effectively representing the hand-skeleton structure. The motion data is
obtained by calculating the temporal difference of each joint across consecutive frames,
capturing dynamic movement information. Each type of data is then fed into a dedicated
model stream, resulting in four distinct processing paths: the j-stream (joint), j,,-stream
(motion), b-stream (bone), and o-stream (other). The o-stream, proposed in this paper,
flexibly takes either joint or motion data as input but differs from the other streams by
using a different number of hyperedges, allowing it to learn complementary representations.
During inference, each stream produces its own prediction vector. These outputs are then
scaled by predefined weights (8 i B, By, Bo) and combined through weighted summation
to generate the final prediction. This multistream strategy enhances the model’s ability
to integrate spatial and temporal features for robust hand gesture recognition. The final
prediction vector i is computed using the following Equation (8):

=Y B )

kek
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where By € {n/10jn =0,1,...,10} and K = {j, m, b, 0}. r represents the prediction vectors
of different data stream models.

3. Results

All experiments in this paper are conducted using the DHG-14/28 [24] and
SHREC’17 [25] datasets to evaluate the effectiveness of the proposed DHGCN for hand
gesture recognition. The DHG-14/28 dataset contains 14 dynamic hand gestures; each
performed in two modes, namely, using a single finger and using the whole hand. These
gestures were performed by 20 different subjects, with each gesture repeated five times.
This results in a total of 2800 gesture sequences. Each sequence includes both depth images
and the 3D coordinates of 22 hand joints, captured using an Intel RealSense camera. To
ensure fair evaluation, a leave-one-subject-out cross-validation strategy is employed. In
this setup, the model is trained on data from all participants except one and tested on the
held-out subject, ensuring that the evaluation reflects the model’s ability to generalize to
unseen individuals.

3.1. Implementation Details

All experiments were implemented using PyTorch 1.13 and Python 3.9, running on
Ubuntu 20.04 with an NVIDIA RTX 3090 GPU with 24 GB of memory. The network was
trained using the stochastic gradient descent (SGD) optimizer with a batch size of 48.
A warm-up learning rate strategy was employed during the initial training phase: the
learning rate was linearly increased from 0.02 to 0.1 over the first five epochs. After the
warm-up phase, cosine annealing was applied to gradually reduce the learning rate from
0.1 to a minimum value of 1 x 10~°. Additionally, a weight decay of 5 x 10~* was used to
regularize the model and prevent overfitting.

3.1.1. Datasets

This study uses the publicly available DHG14/28 [24] and SHREC’17 [25] datasets
to evaluate the proposed model. The DHG14/28 dataset contains 2800 gesture sequences
captured with an Intel RealSense camera at 30 frames per second. Each sequence consists
of 20 to over 50 frames and includes both depth images and 3D coordinates of 22 hand
joints. Gestures are performed by 20 individuals, each executing 14 distinct dynamic
gestures five times using only one finger. This subset forms the DHG14 dataset (14 classes).
The same participants then repeated the gestures using the whole hand, resulting in the
DHG14/28 dataset (28 classes). The SHREC’17 dataset follows the same data collection
protocol and device settings as DHG14/28 but involves 28 performers. Like DHG14/28,
SHREC’17 also includes subsets with 14 and 28 gesture classes. For dataset partition-
ing, DHG14/28 adopts a leave-one-subject-out strategy, using gesture data from the first
19 subjects for training and the 20th subject for testing. Since SHREC’17 does not provide a
predefined split, this study follows the partitioning method introduced by De et al. [25]. As
a result, the DHG14/28 dataset contains 2600 training samples and 140 test samples, while
SHREC’17 includes 1960 training samples and 840 test samples. Due to varying sequence
lengths, a sampling algorithm is applied to standardize the number of frames: 128 frames
per sequence for DHG14/28 and 180 frames for SHREC’17. This normalization ensures
compatibility with batch-based deep learning training.

3.1.2. Model Evaluation

The system’s performance was evaluated using the accuracy metric. Accuracy is
defined as the percentage of samples that were correctly classified out of the total number
of samples. This metric provides a clear indication of how well the system performs in
correctly identifying the appropriate classification for each sample. The calculation of
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accuracy is detailed in Equations (9) and (10), which outline the specific steps and variables
involved in determining this key performance indicator (Accuracy).

1/ if ?i = yi/
0, otherwise.

©)

where j; is the predicted category of the i-th sample and y; is the true label of the
i-th sample.

1 .
Accuracy = ﬁzllil p(0i, i), (10)

where N is the total number of samples in the test set.

3.1.3. Comparison of Results

A quantitative performance comparison was conducted between the proposed method
and several authoritative baseline models on the DHG14/28 and SHREC’17 datasets. The
selected comparative methods, listed in Table 2, span a range of classical and state-of-the-art
approaches across different architectures and modalities.

Table 2. Summary of baseline methods used for comparison in this study, including their source
conferences or journals and year of publication.

Methods Source Year of Publication
CNN + LSTM [26] PR 2018
ST-GCN [15] AAAI 2018
ST-TS-HGR-Net [27] CVPR 2019
HPEV [28] CVPR 2020
DSTA [29] CVPR 2020
NormalizedEdgeCN [30] CVPR 2021
MS-ISTGCN [31] TCSVT 2022
SkeletonGCN [32] ICLR 2023
TD-GCN [19] TMM 2023

As shown in Table 3, the proposed DHGCN model achieves superior accuracy on
the DHG14/28 dataset using a three-stream fusion. With the addition of the o-stream
to form a four-stream fusion, the model attains the highest performance across both 14-
class and 28-class settings, highlighting the contribution of the o-stream to discriminative
feature learning.

Table 3. Experimental results with dataset DHG14/28.

Accuracy (%)
Meth St
ethods reams 14-Class 28-Class

CNN + LSTM [26] 1 85.6 81.1
ST-GCN [15] 1 85.6 81.2
ST-TS-HGR-Net [27] 1 87.3 83.4
HPEV [28] 2 92.5 88.9
DSTA [29] 4 93.8 90.9
Normahéeél]EdgeCN 5 9.9 911
MS-ISTGCN [31] 3 93.7 91.2
SkeletonGCN [32] 3 95.7 94.3
TD-GCN [19] 3 93.9 91.4
Ours(j + jm+ b) 3 94.3 94.3
Ours(j + ju+ b +0) 4 96.4 95.0

Ours (.) are both proposed stream fusion methods.
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Similarly, Table 4 reports results on the SHREC’17 dataset, where our approach con-
sistently outperforms existing methods under both three- and four-stream configurations.
These findings further confirm the generalizability and effectiveness of the proposed
DHGCN model across diverse gesture datasets.

Table 4. Results comparison of methods with dataset SHREC'17.

Accuracy (%)
Methods Streams 14-Class 28-Class
ST-GCN [15] 1 92.7 87.7
ST-TS-HGR-Net [27] 1 94.3 89.4
HPEV [28] 1 94.9 92.3
DSTA [29] 2 97.0 93.9
NormalizedEdgeCN [30] 4 94.8 929
MS-ISTGCN [31] 2 96.7 94.9
SkeletonGCN [32] 3 96.9 94.8
TD-GCN [19] 3 97.0 95.0
Ours(j + ju, + b) 3 97.5 95.2
Ours(j + ju + b +0) 3 97.6 95.6

Ours (.) are both proposed stream fusion methods.

3.1.4. Ablation Study

To evaluate the effectiveness of hypergraph convolution without predefined structures
and the proposed dynamic hypergraph convolution, we conducted a set of ablation experi-
ments comparing different construction strategies. As shown in Table 5, the baseline model
ST-GCN# shares the same temporal module (T-Module) as DHGCN but employs a stan-
dard graph convolution structure. The HGCN variant, which uses a randomly initialized
hypergraph incidence matrix without any predefined connections, achieved accuracies
of 91.4% on the 14-class task and 89.2% on the 28-class task on the DHG14/28 dataset in
Figure 7. These results validate the feasibility of using non-predefined hypergraphs in
hypergraph convolution and demonstrate their potential to capture richer structural infor-
mation. Furthermore, HGCN outperformed ST-GCN# by 1.2% and 4.2% in accuracy on the
14-class and 28-class tasks, respectively, suggesting that hypergraph convolution is more
effective than traditional graph convolution for gesture feature extraction. Finally, by incor-
porating a data-driven, dynamically constructed hypergraph into HGCN, the full DHGCN
model further improved performance, achieving an additional 1.5% gain in accuracy for
the 14-class task and 0.8% for the 28-class task. These improvements clearly demonstrate
the added benefit of dynamic hypergraph convolution in enhancing the model’s feature
extraction capability and overall recognition performance.

Table 5. Dynamic hypergraph convolution ablation experiment methods.

Methods H Non Predefined Dynamic
ST-GCN x (No Hypergraph) X X
HGCN H, Vv X
Ha + Hb
DHGCN (Ours) Combined Dynamicand 4/ Vv

Predefined Elements

DHGCN is our proposed method. x (No), v/ (Yes). The shared hyperedge structure H, and the dynamic graph
H,, in Figure 4.
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86.00%

Accuracy

84.00%

82.00%

80.00%
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91.40%
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89.20% 89.20%
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14-class 28-class
OST-GCN# HGCN mDHGCN

Figure 7. Performance comparison experiment between STGCN, HGCN, and DHGCN using the
j-stream on DHG14/28.

After concluding the ablation study, which systematically evaluated the contribution
of individual components within our model, we shift our focus to analyzing the fusion
performance of different streams. The transition from assessing standalone components to
examining their collaborative impact is critical for understanding how spatial, temporal,
and structural features interact to enhance gesture recognition.

3.2. Fusion Performance of Different Streams

To address the issue of feature homogeneity among different streams, as discussed
in Section 2.5, we introduce a novel feature stream—referred to as the “o-stream”—which
is trained using a different number of hyperedges. This stream is then fused with the
conventional j, j,;, and b streams for final gesture recognition. To evaluate the effectiveness
of various fusion strategies, we conducted experiments on the DHG14/28 and SHREC'17
datasets using the DHGCN model. These experiments tested multiple fusion configura-
tions, including single-stream, two-stream, three-stream, and four-stream combinations.
The detailed performance results are reported in Table 6. The three-stream fusion strategy
(e.g., j + jm + b), commonly adopted in prior work [19,32], already shows strong perfor-
mance. However, as shown in Table 6, extending this to a four-stream fusion by incorpo-
rating the o-stream (i.e., j + j + b + 0) leads to further improvements: On the DHG14/28
dataset, the four-stream fusion achieves a 2.1% gain for the 14-class task and 0.7% for the
28-class task compared to the three-stream setup. On the SHREC’17 dataset, improvements
of 0.1% and 0.4% are observed for the 14-class and 28-class tasks, respectively. While the per-
formance gains on SHREC’17 are relatively small, likely due to already-high single-stream
accuracies, the improvements still suggest that the o-stream contributes complementary
features not captured by the j, ji, or b streams. This helps mitigate feature homogeneity
in the fusion process. Furthermore, analysis of the fusion weights in Table 6 shows that
integrating the o-stream consistently leads to performance improvements across various
combinations. Notably, in the 14-class task on the DHG14/28 dataset, the weight coefficient
for the b-stream drops to 0.0 in several fusion settings (e.g., j + ju + band j + j,;, + b +0),
suggesting that the o-stream can compensate for weaker streams and enhance fusion ro-
bustness. This further confirms that the o-stream plays a crucial role in diversifying the
fused representations and improving recognition accuracy.



Technologies 2025, 13, 257

15 of 19

Table 6. Fusion performance of different streams on SHREC’17.

Stream SHREC’17 14-Class SHREC’17 28-Class DHG 14-Class DHG 28-Class
Index Accuracy(%) Coefficient  Accuracy(%) Coefficient  Accuracy(%) Coefficient  Accuracy(%) Coefficient
j 95.8 1.0 94.4 1.0 92.9 1.0 90.7 1.0
jm 95.2 1.0 92.3 1.0 92.1 1.0 87.1 1.0
b 87.4 1.0 87.5 1.0 79.3 1.0 73.6 1.0
0 94.4 1.0 92.3 1.0 92.1 1.0 86.4 1.0
j+b 96.0 [0.8,0.2] 94.4 [0.1,0.0] 94.2 [0.3,0.1] 92.9 [0.1,0.1]
i+ jm 96.5 [0.0, 1.0] 94.6 [0.3,0.2] 92.9 [0.4,0.1] 90.0 [0.1,0.0]
j+o 96.0 [0.4,0.1] 94.4 [0.1,0.1] 95.0 [0.4,0.1] 90.7 [0.4,0.1]
jm+0b 96.0 [0.0,1.0] 93.8 [0.0,1.0] 90.0 [0.0,1.0] 87.0 [0.0,1.0]
im0 95.6 [0.4, 0.5] 93.6 [0.5,0.4] 92.1 [0.0, 1.0] 90.7 [0.3,0.1]
o+b 96.3 [0.3,0.2] 94.8 [0.5,0.7] 92.6 [0.9,1.1] 87.1 [0.4,0.3]
j+jm+b 97.5 [0.3,0.5,0.4] 95.2 [0.8,0.7,0.4] 94.2 [0.3,0.1,0.0] 94.3 [0.3,0.6,0.2]
im+b+o 96.9 [0.2,0.2,0.1] 95.2 [0.2,0.5,0.3] 93.4 [0.7,0.3,0.5] 92.9 [0.3,0.5,0.4]
j+b+o 97.1 [1.0,0.6,0.7] 95.6 [0.3,0.9,0.7] 95.7 [0.8,0.1,0.4] 90.7 [0.4,0.0,0.1]
jAjm+o 96.3 [0.3,04,0.2] 94.6 [0.6,0.4,0.5] 96.4 [1.0,04, 0.3] 94.3 [0.2,0.3,0.2]
j+jm+b+ [0.9,0.5,0.7, [0.2,0.1,0.7, [1.0,04,0.0, [0.1,0.3,0.1,
o 97.6 0.3] 96.6 0.4] 96.4 0.3] 95.0 01]
4. Discussion
To gain a better understanding of the DHGCN's classification performance across
various categories, Figure 8 presents the single-stream output features of the DHGCN
model on the DHG14/28 and SHREC’17 test sets. These features are reduced to two
dimensions using the t-SNE method and depicted as scatter plots. As shown in Figure 8,
the DHGCN model effectively clusters samples of the same class into the same region.
While in subplots a and b of Figure 8, a few classes have relatively close distribution regions,
the boundaries between them remain fairly distinct. This demonstrates that the DHGCN
model is capable of extracting similar features for different samples within the same class.
This ability can be attributed to the dynamic hypergraph structure in DHGCN, which is
adept at extracting rich feature information.
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Figure 8. t-SNE visualization of DHGCN output features. (a—d) represents the output features of the
DHG14, DHG28, Shrec’17 14-class, and Shrec’17 28-class test set respectively. Samples of the same
color correspond to the same hand gesture class, and each node represents a sample feature output
by DHGCN.

Figure 9 shows a heatmap visualization of the first-layer incidence matrix learned
by the DHGCN model. The color gradient—from blue (indicating low values) to red
(indicating high values)—reflects the intensity of connections among nodes within learned
hyperedges. These patterns illustrate how DHGCN autonomously identifies and prioritizes
meaningful node associations during training. Unlike static, manually designed graphs,
the hypergraph structure here is entirely data-driven and dynamically formed based on
input features. This adaptive hyperedge aggregation mechanism enables the model to
capture complex, high-order structural dependencies that are essential for accurate gesture
recognition. The heterogeneous connectivity patterns evident in the heatmap highlight the
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model’s flexibility and effectiveness in modeling intricate relationships within the data,
ultimately contributing to improved feature representations and predictive performance.
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Figure 9. Heatmap visualization of the first-layer incidence matrix learned by the DHGCN model.

Figure 10 presents a visualization of the hyperedges corresponding to H, and H;, in the
DHGCN model for a sample from the “Grab” gesture category. The red lines indicate the
relative positions of hand nodes for reference only and are not part of the learned structure.
Each subfigure highlights the nodes connected by a single hyperedge. Figure 10a—c show
the shared hyperedge structure H,, which significantly differs from the manually defined
hand-skeleton graph. This contrast illustrates the model’s ability to move beyond static,
predefined priors. Comparing Figure 10a-c with Figure 10d—f, which visualize the dynamic
graph Hy, reveals that the data-driven structure places greater emphasis on nodes around
the thumb and index finger, which are critical for recognizing the “Grab” gesture. This
observation suggests that Hj, adaptively refines the hypergraph topology based on input
data, thereby enhancing the model’s capability for fine-grained gesture interpretation.

feii 2

Figure 10. Visualization of hyperedges corresponding to H, and H;, for a “Grab” gesture sample in
the SHREC'17 dataset. Subfigures (a—c) illustrate the hyperedges formed by H,, while (d—f) show
those generated by Hj,. In each subplot, the visible nodes represent those connected within the same
hyperedge, with node size indicating their degree of connectivity.
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5. Conclusions

This paper proposed a novel hand gesture recognition framework, the DHGCN, which
advances beyond traditional graph convolutional methods that are limited to modeling
pairwise relationships. By leveraging hypergraph convolution, DHGCN captures higher-
order relational features among multiple nodes. A key innovation of this work lies in
the use of a data-driven strategy to dynamically initialize and update the hypergraph
incidence matrix, thereby constructing adaptive hypergraph structures that reduce depen-
dency on predefined priors and mitigate structural bias. To overcome the homogeneity
limitations found in existing multistream fusion approaches, our method introduced mul-
tiple DHGCN variants with differing numbers of hyperedges. These variants generate
diverse and complementary feature representations, which are then integrated through a
voting-based fusion strategy. The voting-based fusion strategy combines prediction results
from multiple data streams (e.g., joint, bone, motion, and o-stream) to enhance overall
recognition accuracy. Each stream independently produces a prediction vector, which is
then weighted according to its reliability or performance. These weighted predictions are
summed to generate a final classification output. This approach increases robustness by
leveraging diverse features and reducing the impact of noisy or redundant information
from any single stream. This design significantly enhances gesture recognition accuracy
across multiple benchmark datasets. While this study focused primarily on modeling
spatial graph structures, future work could explore incorporating CNN-based methods to
preprocess spatial maps or applying hybrid CNN-GCN architectures for early-stage feature
extraction, further enriching spatial-temporal representation capabilities. Additionally,
a critical avenue for future research is the exploration of initialization strategies for the
incidence matrix and degree matrices in the dynamic hypergraph convolution framework.
These components have a substantial impact on training dynamics, convergence behavior,
and generalization. A combination of rigorous theoretical analysis and comprehensive
empirical studies will be essential to uncover optimal configurations. Advancing these
aspects will further improve the robustness, interpretability, and general applicability of
hypergraph-based learning for dynamic gesture recognition tasks.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation  Full Term

CNN Convolutional Neural Network

CTR-GCN Channel-wise Topology Refinement Graph Convolutional Network
DG-GCN Dynamic Graph Convolutional Network

DHGCN Dynamic Hypergraph Convolutional Network

FC Fully Connected

GCN Graph Convolutional Network

GCNs Graph Convolutional Networks

HD-GCN Hierarchically Decomposed Graph Convolutional Network
HGCN Hypergraph Convolutional Network

HGCNs Hypergraph Convolutional Networks

HCI Human-Computer Interaction

MSTC Multiscale Temporal Convolution

RGB Red, Green, Blue

RNN Recurrent Neural Network

SGD Stochastic Gradient Descent

ST-GCN Spatial-Temporal Graph Convolutional Network

TD-GCN Temporal Difference Graph Convolutional Network
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