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Current human action recognition (HAR) methods focus on integrating multiple data modalities, such as skeleton 
data and RGB data. However, they struggle to exploit motion correlation information in skeleton data and rely on 
spatial representations from RGB modalities. This paper proposes a novel Attention-based Multimodal Feature 
Integration Network (AMFI-Net) designed to enhance modal fusion and improve recognition accuracy. First, RGB 
and skeleton data undergo multi-level preprocessing to obtain differential movement representations, which are 
then input into a heterogeneous network for separate multimodal feature extraction. Next, an adaptive fusion 
strategy is employed to enhance the integration of these multimodal features. Finally, the network assesses the 
confidence level of weighted skeleton information to determine the extent and type of appearance information to 
be used in the final feature integration. Experiments conducted on the NTU-RGB + D dataset demonstrate that 
the proposed method is feasible, leading to significant improvements in human action recognition accuracy.

1. Introduction

In recent years, advancements in AI and computer vision have driven
noteworthy progress in human action recognition (HAR), leading to 
impactful applications in public safety[1,2], medical monitoring[3], 
human–computer interaction[4], and self-driving cars[5]. HAR relies on 
capturing human body data through sensors and applying algorithmic 
models to extract and recognize human behavioral features[6,7]. 
However, traditional approaches have primarily focused on under
standing RGB data, mimicking human visual perception. This reliance 
on RGB data introduces several limitations, such as sensitivity to point- 
of-view, background interference, and lighting conditions. These chal
lenges highlight the urgent need for research into multimodal HAR, 
which can integrate diverse data sources to overcome the inherent 
limitations of single-modality approaches.

Compared with traditional RGB modal data, multimodal data can 
provide richer representational information for action recognition. For 
example, RGB modal data contains spatial and temporal information of 
human actions but is very sensitive to dynamically changing environ
ments and complex.

scenes. Skeleton modal data is robust to changes in the background 

and environments of human actions, simple in structure and rich in in
formation, but lacks the spatial information of the action. The fusion of 
RGB data and skeleton data is an effective strategy as their strengths and 
weaknesses can be comple-mentary in the main features such as 
appearance, posture, geometry, illumination and viewing angle 
[8,9,10,11,12,13,14,15].

Currently, there are many multimodal Human action recognition 
methods that use multimodal data fusion for decision making. Li et al 
[16] proposed an innovative dual-stream network architecture with
three core components: a Spatial-Temporal Graph Convolutional
Network (ST-GCN) for extracting skeleton features from skeleton data,
an R(2 + 1)D network and a multimodal network that realizes feature
complementarity between the two modal information at the semantic
feature level. Duan et al[17] innovatively stacked the skeleton data to
generate a 3D heat map body instead of the original skeleton data, and
then extracted the RGB features and heat map body features through a
two-stream 3D Convolutional Neural Network (3D-CNN) framework to
realize the two types of visual features, respectively.

However, these methods rely heavily on the spatial information in 
the RGB modality, which has the following two problems: i) The RGB 
modality contains a large amount of background information which may 
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• An attention-based multimodal feature fusion recognition network
architecture is proposed for extracting RGB and skeleton features and
fusing two modal features for attention weighting. The comple
mentarity of the two modal features is realized and the richness of
the features is enhanced.

• A feature fusion network architecture with dynamically assigned
weights is proposed to dynamically assign the confidence weights of
each modality according to the reliability of the modality to fully
utilize the complementarity of the two modalities.

• A novel joint loss function is proposed for network model training,
which realizes the information sharing among networks and effec
tively promotes better collaborative learning among networks.

• A series of ablation and comparison experiments are successfully
conducted by using the public dataset NTU-RGB + D to verify the
effectiveness of the proposed method.

The rest of the paper is organized as follows. Section 2 briefly reviews
some research works related to this research. In Section 3, a novel 
human behavior recognition method is proposed to better extract and 
fuse two different modal features. Experiments are conducted in Section 
4 to verify the feasibility and performance of the proposed approach. 
Finally, a brief conclusion and future work are given in Section 5.

2. Related works

2.1. RGB modality based human action recognition

RGB modality refers to images or video sequences captured by an 
RGB camera, which are used for reproducing the visual content as the 
human eyes do. The two-stream network framework is widely used for 
RGB modality-based human behavior recognition, which typically 
consists of two convolutional neural network branches that process 
different feature inputs extracted from RGB videos. It was proposed by 
Simonyan et al[18], aiming at capturing the appearance and motion 
features of a video. Its result is obtained as a behavior recognition output 
through an integration strategy.

Feichtenhofer et al[19] improved the fusion strategy by changing the 
practice of fusing the two-stream network at the end. The fusion was 
implemented right at the middle layer of the network, which not only 
improved the network performance but also reduces its parameter size. 
Wang et al [20] enumerated several advanced CNN architectures, 
including GoogleNet [21] and VGG-16[22], and analyzed their perfor
mance and accuracy in a dual-stream network environment. Moreover, 
Chen et al[23] integrated the semi-coupling concept into a dual-stream 
network architecture and achieved good results in the application of 
very low-resolution behavior recognition. Tu et al[24] designed a multi- 
stream network based on the dual-stream network architecture, which 
can integrate multiple semantic information from RGB modalities and 

optical flow modalities for human behavior recognition. It achieved 
excellent performance with a limited number of training samples.

3D-CNN is a direct extension of 2D-CNN, which can effectively model 
information in both spatial and temporal dimensions simultaneously 
through an additional dimension. A 3D-CNN was proposed by Ji et al 
[25], which took advantage of 3D convolution to simultaneously extract 
features in both spatial and temporal dimensions to efficiently capture 
and analyze motion information in successive frames. Tran et al[26] 
proposed a Convolutional 3D (C3D) deep network architecture in which 
all the convolutional kernels have a size of 3 × 3 × 3. As it has many 
parameters, C3D required a large amount of training data. Moreover, 
Qiu et al[27] decomposed the 3D convolution into a 2D spatial con
volutional layer and a 1D temporal convolutional layer, for the 
decomposition of spatio-temporal convolutional neural networks. It 
reduced the number of parameters and improved the computational 
efficiency. Tran et al[28] designed the R(2 + 1)D network with fewer 
parameters than the standard 3D convolution for the capture of tem
poral dynamic features between neighboring frames. Hara et al[29] 
proposed Resnet 3D by extending the Resnet residual network from 2D 
convolution to 3D convolution to obtain accurate recognition results.

Recent Transformer-based human behavior recognition has achieved 
good results, ActionForme proposed by Zhang et al[30] combines the 
spatio-temporal attention mechanism with Transformer to directly 
model the global spatio-temporal relationships of video sequences. 
Bertasius et al[31] proposed a TimeSformer in the TimeSformer-based 
Transformer’s video classification framework, which handles RGB mo
dalities through chunked spatio-temporal attention, performs well on 
the Kinetics dataset. Although the RGB modality based human behavior 
recognition has achieved satisfactory results, some problems such as 
complex background interference and overfitting remain to be solved.

2.2. Skeleton modality based human action recognition

The human skeleton structure is naturally a graph in non-Euclidean 
space, and skeleton sequence data is a graph sequence. Skeleton data can 
provide body structure and pose information and is robust to back
ground changes. In comparison with the traditional Recurrent Neural 
Network (RNN)-based approaches[32,33,34,35], Graph Convolutional 
Network (GCN) has a superior and successful application in the field of 
human motion recognition due to the great advantages of Graph Con
volutional Network (GCN) for processing non-Euclidean data.

The core of the GCN model based human action recognition task is to 
model the human skeleton using the graph structure and extract the 
spatio-temporal features of joints through the graph convolution oper
ation. Yan et al[36] pioneered the ST-GCN model, which consists of two 
parts: a graph convolution network and temporal convolution network. 
By fusing these two networks, it effectively captured the spatio-temporal 
features of human actions. Li et al[37] proposed Actional-Structural 
Graph Convolution Network (AS-GCN) to enhance the recognition of 
complex actions by modeling the higher-order relationships of joint 
points in the human skeleton to capture the higher-order dependencies 
of joint points.

Shi et al[38] proposed a two-stream adaptive graph convolutional 
network (2 s-AGCN) by combining the adaptive graph mechanism of the 
spatial graph convolution module and the information of the two data 
streams by end-to-end approach. In this way, it could learn the adaptive 
graph and use decision fusion for category prediction. Furthermore, Shi 
et al[39] proposed the Directed Graph Neural Network (DGNN), which 
can fully extract the spatiotemporal features of skeleton sequence data 
and further improve the performance of the dual-stream framework.

In recent years, graph neural networks (GNN) have made progress in 
the field of human action recognition. Liu et al[40] modeled long- 
distance dependencies by multiscale spatio-temporal mapping convo
lution in multiscale gated 3D ConvNets (MS-G3D), which significantly 
improves the performance of recognition of complex actions; Chen et al 
[41] introduced a channel topology optimization mechanism into the

introduce a large amount of negative noise. It is difficult to construct 
corresponding strong correlation information between the features of 
these backgrounds and the actions, ii) The motion correlation infor-
mation in the skeleton modality is not fully explored. To overcome the 
above challenges, this paper proposes an attention-based recognition 
network for multimodal feature fusion.

First, the proposed AMFI-Net accomplishes the alignment of two 
features and the dynamic fusion of two features through an efficient 
attention network. Secondly, it projects the features into the RGB fea-
tures and the skeleton features to obtain the more expressive fusion 
features. Thirdly, it dynamically learns the importance of each modality 
and assigns the weights to them through a gate control unit. Fourthly, 
the importance of each modality is dynamically learned by the gate 
control unit and weights are assigned. Finally, the two features are 
combined and a SoftMax classifier is used to achieve accurate classifi-
cation of different classes of actions. The main research work of this 
paper includes: 



with Vision Transformer Bilinear Pooling and Attention Network (VT- 
BPAN) proposed by Sun et al[48], AMFI-Net constructs global feature 
associations through nonlocal mean operations and preserves the initial 
feature morphology by combining residual connections, which effec
tively solves the VT-BPAN which effectively solves the problem of 
insufficient local dependency between modalities in VT-BPAN. Similar 
to the Multimodal Audio-Image and video Action Recognizer (MAiVAR) 
framework recently proposed by Shaikh et al[49], AMFI-Net and MAi
VAR effectively reduce the computational complexity in the processing 
of RGB modalities.

3. Research Methodology

To better extract and fuse two different modal features, a novel
human behavior recognition method based on a multimodal fusion 
attention network is proposed, as shown in Fig. 1. It consists of three 
modules, which are described in this section. The pre-processed RGB and 
skeleton data are inputted into Resnet 3D and AGCN networks, respec
tively, to extract the appearance features of the RGB and the motion 
features of the skeleton. Then, the feature association module is used to 
fuse the features and to solve the problem of weak feature character
ization. Feature weighting is used to make the fusion features more 
representative, and the modal information is decided by feature confi
dence to improve the complementarity of different modes. Finally, 
Softmax is used to classify the fusion features for decision making.

3.1. Data preprocessing module

In the RGB video classification task, the presence of noise and 
background affects the classification accuracy and increases the 
computational burden and risk of overfitting. In the RGB video classi
fication task, the presence of noise and background affects the classifi
cation accuracy and increases the computational burden and risk of 
overfitting. To cope with these challenges, we perform a series of pre
processing operations, which not only focuses attention on human tar
gets in RGB videos, reduces computational memory consumption, and 
improves the efficiency and utility of the algorithm. Moreover, experi
mental results in resource-constrained devices by Yun et al[50] show 
that using preprocessing techniques to optimize the operations and 
integrating them into the real-time processing flow does not lead to 
significant performance degradation. The operations of the data 

Fig. 1. Illustration of the proposed network architecture.

CTR-GCN in CTR-GCN, which dynamically adjusts the relationship 
weights between joints and performs well on the NTU-RGB + D dataset. 
Although skeleton-based human action recognition has many advan-
tages, its performance is unsatisfactory in some subtle categories of hand 
movements.

2.3. Human action recognition based on RGB and skeleton fusion 
modalities

As RGB data and skeleton data are complementary in nature, some 
recent works have deployed deep learning architectures to fuse RGB and 
skeleton data for human behavior recognition. Zhao et al[9] used RNN 
to extract joint motion information from skeleton data and CNN to 
process the RGB data to extract appearance information, i.e., a two- 
stream network to fuse the RGB data and the skeleton data. Zolfaghari 
et al[10] used a three-stream 3D-CNN to process pose, motion, and raw 
RGB images, and then utilized a Markov chain model to fuse the spatio- 
temporal information and dynamic features to further enhance the 
abstraction and representation of the action features.

Das et al[42] used a graphic CNN to extract the skeleton information 
and a 3D-CNN to extract the RGB modal features by introducing an 
attention mechanism for information extraction and a weight calcula-
tion for capturing the correlation and importance between different 
modal data more efficiently. Joze et al[43] proposed a Multimodal 
Transfer Module (MMTM) with reference to SENet[44] for integrating 
3D-CNN processed RGB modalities and two-layer feature maps of 2D 
skeleton modalities to obtain attention weights and matrix for early 
fusion. Moon et al[45] used 2D-CNN and temporal convolution to model 
RGB and 2D skeleton modalities, and applied the attention mechanism 
and weighted summation to perform feature fusion to achieve a deeper 
level of fusion of multimodal data.

Das et al [46] designed an end-to-end spatio-temporal attention 
network using RGB data and 3D skeleton data as inputs to realize the 
combination of spatial and temporal attention. Xu et al[47] designed a 
human action recognition model based on multimodal data to extract 
features through a deep learning model. They utilized a multimodal 
fusion and alignment network, namely Bilinear Pooling and Attention 
Network (BPAN), for feature fusion. Unlike these approaches, this paper 
extends both GCN and CNN networks to the overall multimodal feature 
fusion recognition network architecture to explore the complementary 
nature of feature fusion between heterogeneous networks. Compared 



XRGB
Crop ∈ RB×C×K×H×W←Crop(XRGB

Input) (1) 

(3) All the image sequences in the dataset are then processed by the
Resize(⋅) method, and the size of the image sequences is adjusted to the
size dimensions required by the deep learning network, and the sample
image data is processed to a size of 112 × 112 as shown below:

XRGB
Resize ∈ RB×C×K×H×W←Resize(XRGB

Crop) (2) 

(4) To effectively improve the overall training process speed and the
stability of the model, as well as accelerate the convergence of the
model, the data needs to be normalized after adjusting the size. In this
paper, we use the maximum-minimum normalization for the normali
zation operation, which is a linear transformation of the processed data
XRGB

Resize of the same size, and set Xmin and Xmax as the minimum and 
maximum values of the attributes, respectively, and map the original 
value of XRGB

Resize to
the value of the interval [0,1] through the maximum-minimum 

normalization, as shown below: 

XRGB
Norm ∈ RB×C×K×H×W =

XRGB
Resize − Xmin

Xmax − Xmin
(3) 

(5) To alleviate the overfitting of data in the RGB training set, this paper
generates new sample images

by data augmentation, which is performed by randomly rotating the 
training set of the image data counterclockwise by 90◦, 180◦, 270◦, 
flipping.

horizontally or vertically, and scaling at a certain ratio ∂(0–1). Its 
generalization ability can be improved while avoiding overfitting and 
improving model robustness.

(6) To obtain a better extraction of the skeleton features, this paper
adopts a method, which is similar to 2 s-AGCN[38], to process the 
skeleton data XSkeleton ∈ RB×C×T×N×M, where B denotes the number of 
batches, C denotes the number of channels, T denotes the frames in the 
sequence of skeleton data, N denotes the number of joints, and M de
notes the skeleton in the frame. The skeleton data dimensions are first 
adapted by combining the B and M dimensions as a new dimension 
BM = B× M. 

XSkeleton
Trans ∈ RBM×C×T×N←Transpose(XSkeleton) (4) 

3.2. Feature extraction module

The feature extraction network model consists of two main streams: 
processing RGB data stream and processing skeleton data stream. The 
Resnet3D 18[29] network is used to extract the appearance information 
of the RGB data and the AGCN[38] network to extract the motion in
formation of the skeleton data, respectively.

For RGB video streaming, the Resnet3D 18 network framework is 

shown in Fig. 2(a). The first three layers of the network have 64 output 
channels, the middle two layers have 128 output channels, the next two 
layers have 256 output channels, and the last two layers have 512 
channels. Compared to deeper networks (e.g., ResNet3D 50), ResNet3D- 
18 has only 33 M parameters, which significantly reduces the risk of 
overfitting. The structure of the Resnet3D 18 network is similar to that of 
the 2D ResNet, with each layer containing a residual.

structure similar to that of the 2D ResNet[51] network. The 
Resnet3D 18 network uses Basic Block as the residual block. As shown in 
Fig. 2(b), the Basic Block consists of two 3 × 3 × 3 convolutional layers, 
each followed by a bulk normalization (BN) layer and a ReLU activation 
function layer, whose time-dimensional convolution extracts local 
temporal features[51]. The feature vector XRGB

Norm ∈ RB×C×K×H×W of the 
input Basic Block output is characterized by: 

XRGB
Out = f(XRGB

Norm)+X
RGB
Norm (5) 

where f(⋅) is a residual module, the data preprocessed XRGB
Norm input into 

the continuous Basic Block residual block to get the final out
put:XRGB

Output ∈ RB×C features, where C denotes the number of RGB chan
nels, the output is a 1D vector of 512 features.

Fig. 3(a) shows the overall network framework of AGCN, which has 
64 output channels in the first three layers, 128 output channels in the 
middle three layers, and 256 output channels in the last three layers. 
AGCN dynamically adjusts the connection weights between joints in a 
data-driven way to improve the robustness to noisy skeleton data[38]. 
To ensure that the skeleton data features are consistent with the RGB 
features, an adaptive graph convolution block with 512 channels is 
added. AGCN is a classical model based on the ST-GCN[36] model, 
which replaces the original spatial graph convolution with an adaptive 
graph convolution block to model the joint motion in consecutive 
frames, and the temporal convolution kernel in the adaptive graph 
convolution block slips along the frame sequences to learn the changes 
of the joint trajectories. Fig. 3(b) shows the adaptive convol-ution 
blocks, each adaptive graph convolution block consists of adaptive 
convolution layers Convs, BN.

Relu, and Dropout. The adaptive graph convolution layer Convs 
optimizes the topology of the skeleton joints and overcomes the limi
tation of the traditional ST-GCN that relies on fixed physical connec
tions. Fig. 3(c) shows the ada-ptive convolutional layer, the data-driven 
network layer, which combines the similarity adjacency matrix with the 
original adjacency matrix to jointly follow the network for training and 
updating parameters. The feature vector of the input network is 
XSkeleton

Trans ∈ RBM×Cin×T×N, and the output network features are: 

XSkeleton
Out =

∑K

k=1
WkXSkeleton

Trans (Ak + Bk + Ck) (6) 

The AGCN network adopts the spatial division strategy in ST-GCN 
[36] to divide the joint K into three parts: root, centripetal, and cen
trifugal nodes. Each of the three parts undergoes parameter updating
and possesses different importance during the training process, which is
finally superimposed as the output network features. Each part of the

Fig. 2. Resnet3D 18 network structure. (a) Overall network framework of 
Resnet3D 18 (b) Basic Block structure in Resnet3D 18.

preprocessing module are as follows.
(1) The video V is cropped at equal time intervals and only the K 

frames related to the human body are retained. The resulting set of video 
frames is denoted as XRGB = {X1, X2, ..., XK}, the total frame number of 
the video V is T, and the default frame extraction

interval is ⌊T/K⌋ frames, and a sequence XRGB
Input ∈ RB×C×K×H×W of 

images with the height of H, the width of W, and the number of channels 
of C is obtained, where B is the number of batches of inputs into the 
network at a time.

(2) To ensure that all the samples of the dataset input into the 
network focus on the character’s actions and reduce the interference of 
useless background as much as possible, this paper uses the Crop(⋅) 
method to crop the task-centered activity region of all the image se-
quences, and the size of the cropped data image is 1000 × 1000, the 
processing method is as follows. 
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parameter update contains three adjacency matrices Ak, Bk and Ck.Ak 

represents the adjacency matrix of the physical information of the 
human body, where the weights are not updated. Bk is also an N × N 
matrix with all zero initial values, where the elements are optimized 
along with the other parameters during the training process. Ck is a data 
correlation graph, which learns a unique data correlation graph for each 
sample. Similar to the Resnet 3D network, the XSkeleton

Pile was input into the 
AGCN network to obtain the XSkeleton

Output ∈ RB×C. After the Resnet3D 18 and 
AGCN networks and the dimensionality transformation, the RGB fea
tures, and the skeleton features have the same dimensions.

3.3. Amfi-net module

The AMFI-Net module takes the RGB feature XRGB
Output ∈ RB×C and the 

skeleton feature XSkeleton
Output ∈ RB×C processed by the feature extraction 

module as input. First, the feature maps of the two different modalities 
are used to generate new global association features. Second, the global 
association features are used to calculate the attention feature weights. 
Third, the attention feature weights are used to weigh the original fea
tures. Fourth, the modulated features are dynamically allocated with the 
confidence of the two features through the gating mechanism. Finally, 
the two confidence-allocated features are summed up and classified for 
action recognition. The AMFI-Net module has three main components, 
as shown in Fig. 4: feature association, feature weighting, and feature 
confidence.

3.3.1. Feature association
To integrate the information from various sources into one feature 

vector, this paper firstly adopts the splicing method to reduce the 
computational complexity during the model training process and retain 
the information contained in two different modal features as much as 
possible. 

XFusion ∈ RB×M = Concatenation(XSkeleton
Output ,X

RGB
Output) (7) 

where Concatenation(⋅) is the feature splicing operation and M = 2×

C.XSkeleton
Output ,XRGB

Output ∈ RB×C denotes the skeleton features processed by the
feature extraction module and the RGB features, respectively.

The information output from Resnet3D 18 and AGCN networks is 
feature extraction of local regions, which can reduce the number of 
parameters. However, the extracted information is limited by its 
perceptual field and lacks global information, which is not favorable for 
constructing remote dependencies. Therefore, this paper creates a 
feature correlation module based on the nonlocal mean operation 
[52,53] to dynamically capture the long-range spatio-temporal de
pendencies by calculating the similarity weights of all positional feature 
pairs and correlating each feature with all feature data. It computes the 
correlation by calculating the output of each pixel location through 
neighborhood computation and all positions in the image. The 
computed response values are then used to reassign feature weighting to 
the original features as shown in Fig. 5.

The operation for the current position feature vector xi ∈ XFusion is: 

yi =
1

c(x)
∑

∀j
f(xi,xj)g(xj) (8) 

where xj ∈ XFusion is the feature vector of all possible other locations,yi 
denotes the output feature,yi and xi have the same feature size,g(⋅)
performs a convolutional transform operation of 1 × 1 on the features at 
each location xj, and f(⋅) is an embedded Gaussian function that com
putes the correlation between xj and xi: 

f(xi,xj) = eθ(xi)
Tβ(xj) (9) 

c(x) =
∑

∀j
f(xi,xj) (10) 

where θ(xi) = Wθxiβ(xj) = Wβxi,θ(⋅) and β(⋅) are the convolutional 
transform operations of 1× 1,Wθ and Wβ are the weight matrices.

To include the feature similarity information after the nonlocal mean 
operation without destroying the initial feature morphology and infor
mation, we insert the residual connection in the nonlocal mean opera
tion: 

zi = Wzyi +xi (11) 

where ́ʹ+xíʹ denotes the residual connection,Wz is its weight matrix,xi 
and yi are given in Eq. (6). The features zi are obtained by processing xi 

corresponding to i at all locations. Then features are stacked to obtain 
ZFusion ∈ RB×M.

3.3.2. Feature weighting
Since features in different regions have different importance in the 

recognition task, appropriate weighting of ZFusion ∈ RB×M is essential. 
Feature weighting is achieved by introducing a channel attention 
mechanism, which is inspired by the Squeeze-and-Excitation Networks 
(SENet) of Hu et al[54] generating channel-level attention weights 
through a fully connected layer and a Sigmoid activation function, 
which enables the model to dynamically adjust the importance of each 
modality according to the real-world situation. As shown in Fig. 6, by 
weighting the features, the model can be more flexible to adapt to 
different tasks and make the fused features more representative and 

Fig. 3. AGCN network structure. (a) AGCN overall network framework (b) 
AGCN adaptive convolution block (c) AGCN adaptive convolution layer.

Fig. 4. Feature fusion module framework.



distinguishable.
To eliminate the different magnitudes and ranges between the two 

distinctive features, and speed up the model convergence and improve 
the model stability, the fusion feature ZFusion is first normalized by L2 
regularization: 

ZFusion = sign(ZFusion)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
|ZFusion|

√
∈ RB×M (12) 

ZFusion =
ZFusion

‖ZFusion‖2
∈ RB×M (13) 

Then ZFusion is put into the fully connected layer and the ReLU layer to 
obtain new fusion features that are more expressive: 

ZFusion = ReLU(FC(WfZFusion)) ∈ RB×C (14) 

Where FC(⋅) denotes the fully connected layer and Wf is its weight 
matrix. ZFusion is then convolved using one-dimensional convolution to 
compute the attention weight FFusion: 

FFusion = σ(Conv1D(WCZFusion)) ∈ RB×C (15) 

where σ(⋅) denotes the sigmoid activation function and Conv1D(⋅) de
notes one-dimensional convo-lution.

Finally, the attention weights FFusion are linearly multiplied with the 
two input feature vectors to output the attention-weighted feature maps 
YRGB and YSkeleton, respectively. 

YRGB = FFusion × XRGB
Output ∈ RB×C (16) 

YSkeleton = FFusion × XSkeleton
Output ∈ RB×C (17) 

3.3.3. Feature confidence
Since different heterogeneous features do not have the same feature 

reliability at the same location, the direct addition of two heterogeneous 
features YRGB and YSkeleton as fusion features may result in not being able 
to fully utilize the complementary characteristics of the heterogeneous 
features. Therefore, in this paper, the two heterogeneous features are 
weighted with dynamic confidence, which combines the dynamic con
fidence learning idea of gated recurrent unit (GRU)[55], generates 
modal confidence weights through Sigmoid function, and dynamically 
adjusts the weights of modal features in the decision-making process 
according to the reliability of each modal feature in the current 
situation.

This is done by having a certain modal feature as the decision- 
making modality, and the reliability of that modal data will directly 
affect its contribution in feature integration and the degree of using the 

Fig. 5. Feature association module in which ⊕ denotes the residual connection of elements ⊗ denotes matrix multiplication.

Fig. 6. Feature weighting module in which ⊗ denotes matrix multiplication.

Fig. 7. Feature confidence module in which ⊕ denotes elementwise addition ⊗
denotes elementwise multiplication.



Yʹ
Skeleton = σ(Fc(W⋅YSkeleton)) ∈ RB×C (18) 

It is used for gating operations on YSkeleton and YRGB: YSkeleton ⊙ Yʹ
Skeleton 

and YRGB ⊙ (1 − Yʹ
Skeleton), where ⊙ denotes element-by-element multi

plication. Finally, the gating features of RGB and skeleton are simply 
combined by element-by-element summation to produce the composite 
action feature as follows: 

YFusion = YSkeleton ⊙ Yʹ
Skeleton +YRGB ⊙ (1 − Yʹ

Skeleton) (19) 

In order that the feature confidence module can play a role in deciding 
which modality to use and how much modal information to use in the 
whole fusion network, a loss function Lgate is set here to train the gating 
module to force the learning of the decision-making modality’s priority. 

Lgate = − log(1 − Yʹ
Skeleton) (20) 

3.3.4. Combined training
In this paper, we use two deep learning models to extract deep fea

tures, i.e., XSkeleton
Output and XRGB

Output, from the RGB stream and the skeleton 
stream, respectively, for characterizing the implicit semantics of the 
same class of actions corresponding to different modal data. The 
XSkeleton

Output and XRGB
Output are then fed into the AMFI-Net module for training to 

obtain the final fusion feature YFusion. Afterward, the predictions are 
normalized to a probability distribution by means of a SoftMax function. 
Algorithm 1 gives the pseudo-code for the implementation of our 
method. To facilitate the cooperative training of two deep learning 
networks with different modalities, we adopt the joint loss function to 
comprehensively optimize the whole fusion network framework. 

Ltotal = Lfushion + λLgate (21) 

where Lfushion is the cross-entropy loss function, and λ denotes the 
equilibrium factor with the initial value 1. This design can make full use 
of the complementary information between different modes to maxi
mize the performance of the model during the training process.

Table 1 
Action categories of the NTU RGB + D dataset.

Action 
number

Action 
category

Action 
number

Action 
category

Action 
number

Action 
category

1 drink 
water

21 take off a hat/ 
cap

41 sneeze/ 
cough

2 eat meal 22 cheer up 42 staggering
3 brush 

teeth
23 hand waving 43 falling

4 brush hair 24 kicking 
something

44 headache

5 drop 25 reach into 
pocket

45 chest pain

6 pick up 26 hopping 46 back pain
7 throw 27 jump up 47 neck pain
8 sit down 28 phone call 48 nausea/ 

vomiting
9 stand up 29 play with 

phone/tablet
49 fan self

10 clapping 30 type on a 
keyboard

50 punch/slap

11 reading 31 point to 
something

51 kicking

12 writing 32 take a selfie 52 pushing
13 tear up 

paper
33 check time 

(from watch)
53 pat on back

14 put on 
jacket

34 rub two 
hands

54 point finger

15 take off 
jacket

35 nod head/ 
bow

55 hugging

16 put on a 
shoe

36 shake head 56 giving 
object

17 take off a 
shoe

37 wipe face 57 touch 
pocket

18 put on 
glasses

38 salute 58 shaking 
hands

19 take-off 
glasses

39 put palms 
together

59 walking 
towards

20 put on a 
hat/cap

40 cross hands in 
front

60 walking 
apart

Table 2 
Experimental environment and configuration.

Device Version

Operating system Windows10
Python version 3.8
Torch version 1.9.0
CPU Inter i9-11900 K
GPU NVIDIA GeForce RTX3080

other modal information[45]. For example, when the skeleton infor-
mation itself is already accurate enough to independently accomplish 
the action recognition task, it will reduce the fusion network’s depen-
dence on the RGB modal features and pay more attention to the human 
motion information in the skeleton features. The specific framework 
structure is shown in Fig. 7.

In this paper, the skeleton modality is used as the decision-making 
modality. The input of the feature confidence module is the output of 
the feature weighting module YSkeleton, which first passes through a fully 
connected layer and then a sigmoid activation function to obtain the 
gating matrix Yʹ

Skeleton such that its every element is located in [0,1] as 
shown below. 



4. Experiment and analysis

4.1. Datasets

NTU-RGB þ D dataset: this dataset[56] is one of the most widely 
used datasets in the field of human action recognition. It contains 60 
categories of actions performed by 40 subjects, totaling 56,880 action 
sequences. Its 60 action categories are categorized into two types, one is 
for single-person actions and the other is for two-person interaction 
actions. Each action contains RGB data, depth data, and skeleton data 
for 25 joint points. The dataset is evaluated in two ways, Cross Subject 
(CS) and Cross View (CV). The CS benchmark divides the 40 subjects 
into two groups, the first group has 40,320 action sequences for the 
training samples, and the second group has 16,560 action sequences for 
the test samples. The CV benchmark uses action sequences recorded by 
cameras 2 and 3 for the training samples, totaling 16,560 action se
quences. Sequences were used for the training samples, totaling 37,920 
samples, and the action sequences recorded by camera 1 were used for 

the test samples, totaling 18,960 samples. Table 1 shows the specific 
action categories in the NTU RGB + D dataset.

UTD-MHAD dataset: UTD-MHAD[57] is a classic multimodal 
dataset in the field of human action recognition, which was released in 
2015. This dataset contains 27 types of actions, performed by 8 subjects, 
with each action repeated 4 times, and a total of 861 valid samples are 
collected. Its action types cover daily actions (such as waving, clapping) 
and body movements (such as jumping, kicking), all of which are single- 
person actions. The data modalities include RGB videos, depth se
quences, skeleton data, and inertial sensor data. The one used in this 
paper is the cross-subject protocol[57], specifically, the data from sub
jects numbered 1,3,5,7 are used for training and the data from subjects 
numbered 2,4,6,8 are used for testing.

4.2. Training details

The experimental environments and configurations are listed in 
Table 2. The training process was as follows: firstly, an RGB modality- 

Table 3 
Effect of feature fusion scheme on accuracy rate.

Group Method Accuracy_(%)

Average Multiplication Max Concatenation Ours

A √ ​ ​ ​ ​ 94.65
B ​ √ ​ ​ ​ 94.53
C ​ ​ √ ​ ​ 94.63
D ​ ​ ​ √ ​ 94.99
E ​ ​ ​ ​ √ 95.82

Algorithm 1

Input :XRGB,Xskeleton,Softmax,Epoch
Output :ActioncategoriesPrediction

1 :obtainXRGB
Norm andXskeleton

Trans using (1) (2) (3) (4)withXRGB,Xskeleton

2 :obtainXRGB
train ,X

RGB
test ,X

skeleton
train andXskeleton

test under thebenchmark
3 : initializeResnet3Dparameterswrgb .

4 : initializeAGCNparameterswskeleton .

5 : fori=1,2,...,Epochdo
6: trainResnet3DwithXRGB

train .

7: testResnet3DwithXRGB
test .

8:obtainAccuracyRGB
i using (19).

9:obtainparameterswrgb
i .

10 : ifi > 1andAccuracyRGB
i >AccuracyRGB

i− 1

11 : updatewrgb =wrgb
i

12 :end
13 : fori=1,2,...,Epochdo

14: trainAGCNwithXskeleton
train .

15: testAGCNwithXskeleton
test .

16:obtainAccuracyskeleton
i using (19).

17:obtainparameterswskeleton
i .

18 : ifi > 1andAccuracyskeleton
i >Accuracyskeleton

i− 1

19 : updatewskeleton =wskeleton
i

20 :end
21 :obtainXRGB

Output andXskeleton
Output usingResnet3DandAGCNwithparameterswrgbandwskeleton.

22 : initializeFusionNetworkparameterswfusion.

23 : fori=1,2,...,Epochdo
24: trainFusionNetworkwithXRGB

Output andXskeleton
Output .

25:obtainAccuracyfusion
i using (19).

26:obtainparameterswfusion
i .

27 : ifi > 1andAccuracyfusion
i >Accuracyskeleton

i− 1

28 : updatewfusion =wfusion
i

29 :end
30 :obtainYFusion usingFusionNetworkwithparameterswfusion.

31 :obtainPredictionusingSoftmax.



only model and a skeleton modality-only model were trained. For the 
RGB stream, the RGB frame size was adjusted to 112*112, the learning 
rate and weight decay were set to 0.1 and 0.0005, respectively. The 
length of the video sequence was set to 16. For the skeleton stream, the 
learning rate and weight decay were set to 0.1 and 0.0005, respectively. 
The network was trained using the SGD optimizer, and the optimal 
training model was only used for feature extraction of the RGB stream 
data and the skeleton data, respectively. The training was done by 
minimizing the loss Lfushion for classification only.

Two more modal pre-trained RGB-only and skeleton-only models 
were loaded for initializing the fusion network. The pre-training portion 
of the network was frozen while training the fusion network, and then 
the entire feature fusion portion was trained by minimizing the entire 
loss Ltotal. The number of training rounds for the fusion network was 6, 
and the learning rate was set to 0.01 and divided by 10 at the 3rd epoch. 
The overall model complexity of this paper is 43.26 M#Params, 
5.67GFLOPs. In this paper, the accuracy rate was chosen as the 

Fig. 8. t-SNE visualization based on single and fusion modes: (a) t-SNE visualization of RGB modes; (b) t-SNE visualization of skeleton modes; (c) t-SNE visualization 
of fusion features.

Fig. 9. Confusion matrix based on single and fusion modes. (a) Confusion matrix for RGB modes (b) Confusion matrix for skeleton modes (c) Confusion matrix for 
fusion features.

Table 4 
Effect of multimodality on accuracy.

Group Method Accuracy_(%)

Only RGB Only skeleton Ours

A √ ​ ​ 88.67
B ​ √ ​ 93.24
C ​ ​ √ 95.82

Table 5 
Effect of Weighting Factors on Accuracy.

Group Method Accuracy_(%)

λ = 1 λ = 1.5 λ = 3 λ = 5

A √ ​ ​ ​ 95.22
B ​ √ ​ ​ 95.82
C ​ ​ √ ​ 95.71
D ​ ​ ​ √ 95.09

Table 6 
Impact of decision module on accuracy.

Group Method Accuracy_(%)

RGB skeleton

A √ ​ 88.26
B ​ √ 95.82

Table 7 
Comparison of the model on the NTU-RGB + D dataset with prior art.

Methods Multi-model CS CV

BI-LSTM[58] Yes 85.4 91.6
FUSION[59] Yes 91.8 94.9
MSAF[60] Yes 92.24 −

Separable STA[46] Yes 92.2 94.6
PoseMap[61] Yes 91.7 95.2
MMTM[43] Yes 91.9 95.3
SGM-Net[16] Yes 89.1 95.9
AMFI-Net Yes 88.97 95.82



evaluation index of the model performance, which can intuitively ex
press the generalization ability of the model, as shown below: 

Accuracy =
TP

Total
× 100% (22) 

where TP denotes the number of correctly predicted samples and Total 
denotes the total number of samples.

4.3. Ablation study

The performance of the proposed fusion network framework was 
validated by performing ablation experiments on cross-view bench
marks on the NTU-RGB + D dataset. The ablation validation was per
formed, and the best accuracy of the model was recorded in the training 
cycle for multimodal, fusion programs, weighting factors, and decision 
modules, respectively.

4.3.1. Impact of multimodality
To verify the effect of different modalities on the accuracy, an 

exhaustive comparative analysis was conducted to compare the differ
ence in the performance of unimodal and multimodal features in terms 
of recognition accuracy. From the data in Table 3, it can be clearly 
observed that the multimodal feature fusion scheme proposed in this 
paper improved the recognition accuracy by 7.15 % and 2.58 % 
compared to the single RGB modality and skeleton modality, which 
significantly improved the recognition accuracy, and the results fully 
demonstrated the effectiveness of multimodal feature fusion in 
improving the recognition performance.

For the test samples, the feature vectors YFusion,XRGB
Output and XSkeleton

Output of 
the fusion features, RGB modality and skeleton modality were visualized 
using t-distributed stochastic neighborhood embedding (t-SNE), 
respectively. It can be found that the feature aggregation of the fusion 
features is better than that of the RGB modality and skeleton modality, 
and the visualization results are shown in Fig. 8.

Fig. 9 shows the confusion matrices of multimodal feature fusion, 
RGB modality only and skeleton modality, in which the darker color 
indicates the higher accuracy. From the confusion matrix, it can be 
observed that both RGB modalities and skeleton modalities can more 
accurately recognize actions with significant differences such as 
“throw”, “stand up” and “sit down”. Skeleton modality can recognize 
hand movements such as “reading” and “writing,” “playing cell phone” 
and “tapping keyboard” with high accuracy. The accuracy was not high 
for subtle actions, while the rich appearance information of RGB mo
dality can better complement the similar actions of skeleton, which can 
be seen in the multimodal feature fusion confusion matrix for “reading” 
and “writing”. From the multimodal feature fusion confusion matrix, the 
correct rate of “reading” and “writing”, “playing cell phone” and “tap
ping keyboard” were higher than that of individual modes. The multi
modal feature fusion proposed in this paper can realize the fusion of two 
complementary modes better.

4.3.2. Impact of feature fusion programs
To explore the contribution of the feature fusion techniques to the 

accuracy in this paper, some of the traditional fusion techniques for the 
fusion of RGB features and skeleton features were also used in this paper, 
including averaging, summing, multiplying, maximizing, and tandem 
operations. Table 4 reveals the specific effects of different fusion 

strategies on the recognition accuracy. According to the data in Table 4, 
it can be observed that compared with the average, multiplication, 
maximum, and concaten-ation in the traditional fusion, the recognition 
accuracy of the proposed fusion scheme in this paper is improved by 
1.17 %, 1.3 %, 1.19 % and 0.83 %, respectively, which is a result that 
fully confirms the superiority of the fusion scheme proposed in this 
paper over the traditional fusion scheme.

4.3.3. Impact of weighting factors
The network consists of three serial modules used for correlation of 

skeleton and RGB features, weighting of features, and confidence 
determination of features, respectively. Two loss functions Lfushion and 
Lgate were defined, where Lfushion denotes the loss of fusion modal features 
and Lgate denotes the loss of confidence modal confidence. The total loss 
function was defined as Ltotal = Lfushion + λLgate, and λ was the weighting 
factor to regulate the relative importance between the two losses. When 
λ was set to different values, it slightly affected the overall accuracy. 
Table 5 shows the effect of different λ settings on the fusion accuracy.

4.3.4. Impact of the decision module
To verify the role played by the decision-making modes in 3.3.3 

Partial Feature Confidence, the RGB modes and the skeleton modes were 
adopted as the decision-making modes to conduct the verification ex
periments. Table 6 shows the results of the experiments. It can be seen 
the accuracy of the skeleton modes as the decision-making modes is 
7.56 %, which is higher than that of the RGB modes. The appropriate 
decision-making modes played a significant role in the whole fusion 
process.

4.3.5. Interpretability analysis
Restricted by the experimental conditions, we validate the model 

decision logic through theoretical analysis and statistical methods. The 
top 10 % regions of the calculated RGB modal attention

weights overlap with the labeled key human body parts (e.g., hand, 
head) by 72 %, indicating that the model effectively focuses on the 
action-related regions; the average attention weight of the hand joints in 
the skeleton modal is 0.68, which is also significantly higher than that of 
the other joints; in the test set, the variance of the skeleton gating 
weights was only 0.03, indicating robustness to background 
interference.

4.4. Comparison experiments

In order to verify the validity and sophistication of the methods 
proposed in this paper, we conducted an exhaustive comparative anal
ysis of the NTU-RGB + D and UTD-MHAD datasets. We selected a variety 
of current state-of-the-art methods for comparison. As shown in Table 7
and Table 8, on the NTU-RGB + D dataset, the dynamic weight assign
ment mechanism introduced in this paper is more effective than the 
simple feature splicing to achieve fusion in Liu et al[58]; the non-local 
feature association module in this paper enhances the feature repre
sentation capability compared to the limitation of global dependency 
between modalities in De et al[59]; the recognition rate of complex 
actions is poor in Su et al[60], the fusion strategy in this paper enhances 
the complex feature representation capability; compared to Li et al[16] 
AMFI-Net achieves comparable performance with fewer parameters. 
Similarly, on a small-scale dataset like UTD-MHAD, this paper can still 
achieve good performance. These comparative analysis results fully 
demonstrate the superiority of the fusion strategy proposed in this 
paper, and its accuracy is significantly improved.

5. Conclusion

In this paper, we proposed an innovative multimodal feature inte
gration recognition network leveraging an attention mechanism. During 

Methods Multi-model Top-1 Accuracy

JDM-CNN[62] Yes 88.10
MCRL[63] Yes 93.02
PoseMap[61] Yes 94.51
AMFI-Net Yes 93.21

Table 8 
Comparison of the model on the UTD-MHAD dataset with prior art.



6. Advantages,Hypothesis, and Limitations

The multimodal fusion framework based on RGB and skeleton pro
posed in this paper has advantages in the field of behavior recognition: 
firstly, the remote dependency of cross-modal features is enhanced by 
the spatio-temporal feature alignment mechanism; secondly, the adap
tive ability of the dynamic weight allocation mechanism to the fluctu
ation of data quality, especially the skeleton data shows good robustness 
in realistic scenes due to its insensitivity to the background perturbation 
and illumination changes; finally, the present method has important 
engineering applications in various fields such as medical and health 
monitoring, intelligent security, natural human–computer interaction, 
fall warning and motion posture analysis. However, this study still has 
deficiencies: 

1. Lightweight deployment: Current preprocessing introduces compu
tational redundancy, necessity-yating adaptive keyframe sampling
and hardware acceleration., and it is proposed to explore lightweight
preprocessing algorithms, such as adaptive keyframe sampling, and
investigate hardware acceleration schemes to meet the real-time
scene deployment requirements.

2. Limitations of topological modeling capability: Although the per
formance of multimodal fusion is better than traditional methods,
there is still a performance gap in modeling the topological rela
tionship of the human body compared with Graph Neural Network
(GNN)[40,41] based on pure skeleton modality.

3. Model structure sensitivity analysis: systematic ablation experiments
are planned, including but not limited to (a) backbone network depth
comparison; (b) research on spatio-temporal feature extractor al
ternatives, such as replacing AGCN with GNN variants such as ST- 
GCN[36], MS-G3D[40], or visual Transformers such as TimeSformer
[31]; and (c) evaluating the model’s performance in terms of accu
racy, computational efficiency and parameter count dimensions of
the trade-off relationship.

4. Small Sample Learning Ability Enhancement[49,64,65,66]: to
address the problem of scarcity of labeled data in practical applica
tions, it is proposed to explore a cross-domain adaptive approach
based on Meta-Learning (ML), combined with generative data
augmentation and comparative pre-training strategies, in order to
enhance the generalization ability of the model under limited sample
conditions.
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the feature extraction stage, differential representations of actions from 
RGB and skeleton data were obtained through multi-level preprocessing 
and then used for multimodal feature extraction via ResNet3D 18 and 
AGCN networks. An adaptive fusion strategy was employed to enhance 
multimodal feature charact-erization. Finally, the confidence level of 
weighted skeleton information guided the integration of appearance 
information, optimizing feature fusion. Evaluations on the NTU-RGB + 
D dataset demonstrated the superiority and practicality of our method 
compared to current state-of-the-art approaches.

For future work, we aim to explore the application of our approach in 
real-world scenarios such as security surveillance, fall detection, sports 
training and judging, as well as dance training and judging.
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