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Intelligent terminal devices have become a popular theme for research in recent years, but the
development of intelligent terminals cannot be separated from high-quality human-computer
interaction models. Behavioral action recognition is one of the main ways to realize human-computer
interaction, but the current action recognition model still exists with obvious time delay and low
recognition accuracy. In light of this, the study built an intelligent human action capture and
recognition model using an action structured graph convolutional network in conjunction with an
encoder-decoder architecture, long and short-term memory algorithms, and controlled experiments to
assess the model's performance. The outcomes indicated that the loss of the proposed model after
convergence on the test dataset was 0.56%, while the average accuracy was 95.39%, and both
performances outperformed the control experiment. In the meantime, the suggested model's average
F1 score was 89.79%, which was 11.13% and 3.82% higher than that of the experiment's control
model. The suggested model exhibits some improvement in the accuracy and F1 score of action
recognition, according to the experimental findings. Therefore, the research of the suggested behavior
recognition model has practical value. Additionally, in the real scene behavior recognition detection
experiments, the proposed model validates the viability of the model with higher accuracy and reduced
delay.

Povzetek: Prispevek predstavi izboljsan model za prepoznavanje ¢loveskih akcij s pomocjo ASGCN in

LSTM algoritmov za natancnejso in hitrejso interakcijo clovek-racunalnik.

1 Introduction

Human-computer interaction (HCI) usually relies on
gesture recognition, speech recognition and action
recognition (AR), etc. Speech recognition is very mature
in current development, and there are quite a number of
intelligent models that can realize the needs of daily HCI
[1]. However, to realize more intelligent HCI, it is
necessary to solve the algorithm's ability to understand
the combination of action feature capture. The current
mainstream motion capture algorithms include a series of
machine learning algorithms such as convolutional neural
network (CNN), graph convolution network (GCN), deep
neural network (DNN), and so on, among which the
effect of image and video processing is better than the
GCN algorithm. Better is the GCN algorithm [2-3].
However, the traditional GCN algorithm still has obvious
shortcomings. Shallow GCN cannot transfer labels from a
limited amount of training data to the whole graph
structure, and the semi-supervised performance is poor.
Deep GCN will have excessive smoothing problems, and
it is difficult to distinguish the features of the nodes [4].

An abstract idea of a deep learning model is the
encoder-decoder (ED) architecture. An ED structure may
compress a lot of data, which cuts down on processing
time and space while increasing transmission and storage
efficiency [5]. The advantages of the ED architecture are
especially obvious when processing large files such as
images, videos, and audios. In view of this, therefore, the
study selects aspect-specific graph convonlutional
network (ASGCN) to be optimized and used in the
construction of HCI model, and the ED architecture is
used in long short-term memory (LSTM) as a way to
optimize the ASGCN model. The innovation of the study
is that it introduces an LSTM-based encoder structure
that is utilized to capture specific movements of the
human body. The article is structured into four sections.
Related work, the first section, concentrates on the
theoretical analysis that came before the research. The
second part is the methodology, which performs HCI
model construction through advanced techniques. The
proposed model is put through performance testing tests
in the third section, known as "model testing," in order to
confirm its advanced nature. The fourth part is the
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conclusion, which summarizes the research results and
proposes future improvement directions.

2 Related works

HCI is important for the development of smart devices,
so domestic and international researchers have explored
for how to realize intelligent HCI. Chowdary et al. used
deep learning techniques to recognize human emotions,
thus promoting the intelligence of the model and HCI.
The method eliminated the original fully connected layer
of ConvNets and added a new fully connected layer with
weights based on the number of instructions in the task.
The study's findings demonstrated that the suggested
emotion identification model can identify emotions with
an average accuracy (AverA) of 96% [6]. Liu et al.
conducted a related study on head pose estimation and
optimized the technique for application in HCI. Liu et al.
solved the problem of neighboring pose information
processing and mislabeling gap in head pose estimation.
The model was evaluated using an open-source dataset,
and the study found that the suggested model performed
noticeably better than other cutting-edge techniques,
leading to improved outcomes for the optimization
approach [7]. Zhang et al. constructed a glove-based HCI
system using friction electric nanogenerators in order to
realize the intelligence of wearable devices. The system
was also used to extract and friction electric
nanogenerator to analyze multidimensional signal
features for gesture visualization and manipulator control
functions. The study applied the proposed model to five
object classification and recognition tasks. According to
the experimental findings, the model performed the five
tasks with an AverA of 98.7% [8]. Zhang et al. proposed
a gesture recognition system called WiGesID in their
study as they found that gesture recognition technology
can advance HCI to some extent. The system employed
Wi-Fi sensing and radar sensing techniques to enhance
the security of the gesture recognition system and
computer vision techniques to realize the dynamic
patterns of gesture recognition. The findings indicated
that the proposed system exhibits superior performance in
cross-domain  sensing, with enhanced recognition
accuracy compared to state-of-the-art models [9].

GCN is a neural network designed to process images,
but as the demand for image processing increases, the
traditional GCN is difficult to meet the current needs, so
many researchers have improved and optimized the GCN
for GCN. Bessadok et al. provided a medical image
recognition method based on learning depth graph neural
network (GNN) structure. The method incorporated DNN
and GNN. They used the method for the recognition of a
comprehensive roadmap of neuronal activity in the
human brain. According to the testing data, the suggested
approach performs better and can obtain recognition
accuracy of above 90% [10]. Wu et al. proposed a
GCN-based natural language processing model, a
taxonomy that systematically organizes existing GNN
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research on natural language processing along three axes.
In addition, the method introduced ED techniques to
achieve global encoding of input data. It was
experimentally concluded that the proposed model
possesses high accuracy and recall in natural language
processing and classification, thus the proposed model is
feasible [11]. Zhu et al. presented a GCN and DNN-based
picture analysis model to address the significant
unsupervised graph problem. The model implemented the
recovery of cluster structure by DNN improved GCN
pooling method and constructed an unsupervised pooling
method inspired by the modularity metric of clustering
quality. After multiple sets of controlled trials, the
suggested model's overall performance was shown to be
superior to the mainstream state-of-the-art at the time
[12]. As a result, the proposed model is considered
state-of-the-art. Zhu et al. found that GCN only focuses
on the homogeneity of image nodes and ignores the
heterogeneity among different image nodes in practical
applications. In order to solve this problem, the
researchers proposed a new graph convolution framework
that contains an interpretable compatibility matrix for
modeling the level of anisotropy or homotropy in a graph.
Experimentally, it was concluded that the new framework
has a significant reduction in the dependence on the
training samples, while the accuracy of the image being
an Oba was improved [13]. Kiningham et al. proposed a
GNN gas pedal architecture for low-latency inference
design, aiming to address the shortcomings of GCN's low
efficiency for image processing. The architecture
combined arithmetic-intensive vertex-centered operations
with memory-intensive edge-centered operations and
introduced a high-performance matrix multiplication
engine. Experiments concluded that the proposed
framework effectively reduces the sample latency and
ensemble average [14].

In summary, many researchers have explored the
application of GCN algorithm in various fields, but there
are still more obvious shortcomings of this method for
AR tasks. Therefore, the study selects the ASGCN
algorithm as the core algorithm on the basis of GCN and
introduces other advanced technologies to improve it, so
as to construct a more perfect AR model to realize
intelligent HCI.

3 Intelligent Human-Computer
interaction model based on
optimized ASGCN algorithm

The construction of human AR model based on LSTM's
encoder and ASGCN algorithm is firstly discussed in
depth, aiming to further improve the effect of HCI in
daily life. To realize intelligent HCI, the study fuses
LSTM with ED and adds it to the feature fusion module
(FFM) of the HCI model in order to achieve feature
improvement and accurate fusion.
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3.1 Construction of human motion capture

and recognition model based on ASGCN

The study uses the GCN algorithm to create the human
motion capture model because of the GCN model's
impressive performance in a variety of domains and the
quick growth of artificial intelligence technologies [15].
Given the specific needs of this research, the study
chooses ASGCN algorithm as the core algorithm of
human motion capture model. ASGCN is an improved
algorithm of spatio-temporal graph convolutional
networks (STGCN), and ASGCN adds the extraction of

Time

cal.

Input Action

[ ]
. -

Links |

o/‘

|
L ]
* Structural « \

Links ° .,

Informatica 48 (2024) 195-208 197

human body joint features (JFs) in the spatial domain on
the basis of STGCN to improve the accuracy and stability
of AR [16-17]. The ASGCN algorithm stacks
behavior-actions together to form a fused graph
convolution module, thus learning spatial and feature
sequences and performing AR, the emergence of this
fused module when GCN overcomes the difficulty of
poor dynamic processing. Furthermore, in terms of
flexibility and scalability, the enhanced ASGCN
algorithm outperforms the STGCN algorithm. Figure 1
depicts the ASGCN algorithm's recognition structure.

Featur Response of
ASGCN

Figure 1: Schematic diagram of ASGCN algorithm recognition structure

Equation (1) displays the mathematical expression for the
convolution computation used in ASGCN's JF extraction
for the human body, which is based on a convolution
kernel (CK).

:—Mx

%“fm( (x,h,w)-w(h,w)) (1)

In Equation (1), K denotes the CK size and X

OUt

denotes a point in the acquisition region. (h,W)
denotes the height and width of the sampling region, and

W (h,w) denotes the weights of the sampling region.

S(X, h, W) is a sampling function whose computational
expression is shown in Equation (2).

s(x,h,w) = x+5(h,w) )

In Equation (2), §(h,W) denotes the pixels in the

neighborhood of point X. However, the skeletal model

of the human body is an irregular image, so different
weights need to be assigned for different skeletal joints in
order to correctly analyze the behavior of the human body
[18]. redefining the weights the
convolution calculation expression of ASGCN is shown
in Equation (3).

fout (Vi ) = Z

VEN(V)Z( )

In Equation (3), V; denotes a point in the sampling
area, V; denotes a sampling point adjacentto V;.
Z.(v;)= {Vk 1 (v, ) =, (gvj )}l , the expression
denotes normalization, which is used to balance the
weights of different collection points. | denotes the set
of mapping relationships from different collection points
to neighboring collection points. The subset partition of
the features to be extracted can address the issue that the
model has to extract more JFs simultaneously because, as
can be shown in the calculation above, a high number of
samples supplied at once will likewise result in a huge
amount of model computation. Figure 2 illustrates the
commonly used subset division method in the ASGCN
algorithm.

Therefore, after

S~ fn(v) e w(l;(v) (3)
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Figure 2: Schematic diagram of subset partitioning method

The subset division only solves the number of
features extracted by the model at the same time, but it
does not fundamentally solve the drawbacks of the
ASGCN model, such as long time of accessing memory
and more learning parameters. To solve the above
drawbacks, the study adopts the displacement operation
(DO) to simplify the learning parameters of GCN and
ensure its computational efficiency and memory access
efficiency. The computational expression of the DO is
shown in Equation (4).

Oa,b - Z Ki,jm|a+i,b+j,m (4)
i]

In Equation (4), O denotes the output tensor and
K denotes the size of the CK. M denotes the channel
the output and input, and | denotes the size of the input
tensor. J,1 is the dimension index of the input tensor.
In GCN, the CK is the core of extracting the human body
used as a feature, which can aggregate the information in
the image, the study uses the DO mainly to shrink the CK,

S0 as to reduce the amount of computation and learning
parameters. The DO method introduces unit scales at
specific CK index positions, allowing the model to focus
on local features rather than global information. This
significantly reduces the size of the convolution kernel
while maintaining the effectiveness of feature extraction.
This method simplifies the model parameters, reduces the
computational burden, and promotes memory access
efficiency, thereby making DO an effective tool for
reducing the CK size and simplifying the model structure.
The size of the CK after reduction is shown in Equation

).

®)

i,j,m

_|Li=i,andj=j,
|0, other

In Equation (5), 1, J. is the index, indicating that
the size of the CK at (i, J,,) is 1 and the size of the
CK at the rest of the locations is 0. The flow of the GCN
convolution after the introduction of the DO is shown in
Figure 3.

Figure 3: GCN convolution process after introducing displacement operation

In Figure 3, the left side of symbol & represents
the displacement convolution module, the right side of
convolution symbol represents FFM, and & is used to
connect DO and convolution channels. In the
displacement convolution module, the DO operation
represents the primary step of the overall process. Its
function is to enrich the representation of features and to
capture broader neighborhood information, thereby
enhancing the model's perception of multi-scale

connectivity between vertices. The input of the module
comprises multiple layers of features, each representing a
distinct subset of features. Through the process of DO,
these feature subsets are able to refine their positions in
order to enhance the model's adaptability to local
structures. Subsequently, FFM employs the inverse
operation of subset partitioning rules to achieve the
recombination of these feature subsets. This process is
not merely a restoration of existing features. Rather, it
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entails the acquisition of more nuanced and varied feature
representations through the precise regulation of feature
recombination. This approach enables the model to
enhance its  representation  capabilities  while
simultaneously reducing its computational complexity
[19]. To reflect the process of feature fusion, a
mathematical expression for human action features is
introduced in the study, as shown in Equation (6).

fv = f(m) ” f(E&,c:zc) ” f(55,2c:3c) ”D]:” f(Ev",nc:) (6)

In Equation (6), C denotes the channel serial
number and E denotes the set of neighboring
acquisition points. N denotes the nodes of the
neighboring collection points, V denotes the currently
calculated collection points, and @ denotes the weight
of each neighboring collection point. The weighted sum
operation performed on each collection point and its
neighborhood endows the model with the flexibility to
identify heterogeneous connections between vertices,
thereby improving its accuracy in identifying diverse
human motion features and enhancing its ability to
represent complex human motion patterns during the
recognition process. In the context of graph convolution,
the weight allocation of each adjacent collection point
serves to quantify the importance of adjacent points,
thereby ensuring that the heterogeneity of the graph
structure is taken into account during feature aggregation.
Therefore, the computational expression of @ is shown
in Equation (7).

o=H (Uch(X)) )

In Equation (7), L() denotes the activation
function (AF) of the displacement convolution module,
and the AF selected for the study is the ReLU function.
1) denotes the proportion of the Cth channel to the
total data, and D, (X) denotes the parameter mapping
relationship of the input sample X. X denotes the input
sample and k denotes the number of parameters. The
model's speed of feature extraction and recognition can
be somewhat increased by the DO and subset division,
but it still lacks feature fusion and AR accuracy, therefore
other sophisticated techniques must be included by the
study in order to fully optimize the model.

3.2 Construction of action recognition model
based on Ed improvement

The ASGCN model needs to subset the collected features
during the construction process, although the model
exists a FFM to splice the extracted features, it lacks a
correction module. The correction module can check the
features spliced by the ASGCN model degree and return
the wrong features to the fusion module to be spliced
again when wrong splicing is found [20]. The accuracy of
the AR model can be increased by adding the correction
module, which can also substantially increase the
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efficiency of feature fusion. In this study, the subset
division rule is used as the input to the encoder, which in
turn yields the corresponding coding sequence for the
entire subset. The study's encoder is based on the LSTM
method, which computes the positional characteristics of
various subsets according to their weights at each
encoding step while accounting for the subset's global
location. LSTM has hidden state (HS) and memory state
(MS) inside to record the historical data, so this algorithm
can record the connection between different subsets better.
And the HS and MS of LSTM s realized by three
important structures of input gate (I1G), forgetting gate
(FG) and output gate (OG), which are defined as shown
in Equation (8).

ft = G(va [ht—l; Xx])
i, =oWh ;;x]) ®)
o, =coW,[h_;;x])

In Equation (8), O denotes the standard deviation,

f.i

and T,1,

0, denotes the FG, IG and OG, respectively.

t denotes the moment, and W, ,W,,W, the three
parameters denote the overall weight matrix of the FG,
IG and OG, respectively. X, denotes the input data of

the t moment. In the calculation of MS and HS also
need to carry out the calculation of candidate MS, the
calculation expression is shown in Equation (9).

C. =W, [h_;x]) ©

In Equation (9), C, is the candidate MS and ht is
the HS. WC denotes the weight matrix of the candidate
MS. The candidate MS is the current moment MS,
including the new candidate information and parameters
added in the LSTM at this time [21]. After obtaining the
candidate MS, it is also necessary to calculate the MS and
HS of the LSTM, and its calculation expression is shown

in Equation (10).
h, =0, ® tanh(C,)
. (10)
C,=1,®C +f,®C_,

In Equation (10),
operation between each dimension of the same feature.

® denotes a multiplication

C, is the memorized state and h, is the HS. In LSTM

state computation, the AFs used are all Sigmoid ()
function. LSTM is based on FGs, 1Gs and OGs to form a
hidden unit which is the core of the LSTM algorithm [22].
The structure of the hidden unit is shown in Figure 4.
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Figure 4: LSTM hidden unit structure diagram

The ED architecture with the introduction of LSTM
algorithm can record the position information of the
whole subset by memorizing the state. In addition, in the
encoder, the expression for positional feature calculation
is shown in Equation (11).

St = Za)tshs

In Equation (11), @

(11)
denotes the weight of the
subset at S when the time step of the encoder is . |S

denotes the features of this subset. Where @, is defined

as shown in Equation (12).

F(a,.!
o EOF@L)

5> cexp(F(a, 1)

In Equation (12), ¢, denotes the state of the

encoder in the hidden layer of the LSTM algorithm at

time step t . F(qt,ls) denotes the correlation

between @, and I . The calculation of correlation

s *

mainly consists of two forms: multiplication and addition,
in order to avoid excessive model computation, the study
adopts the method of addition for the correlation

and I,

calculation of s

whose computational
expression is shown in Equation (13).

F(q,, 1) =V, tanh(\W,,q, +W_,I.) (13)
In Equation (13), tanh(.) denotes the hyperbolic

tangent function. V; denotes the output sequence of the
OG of the LSTM algorithm at the moment t. W
denotes the weight matrix of ¢, and | . The structure

of ED is shown in Figure 5.
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Figure 5: Schematic diagram of encoder-decoder architecture
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Once the computation of the encoder is completed,
the decoder can then be checked against the output of the
encoder after going through a subset of the decoder
feature fusion method. The study incorporates the
decoder into the FFM so that the decoder becomes a
submodule of the FFM, and after this operation, the FFM
has the ability to check. During the encoder and decoder
training process, some parameters of the hidden layer and

Encoder \/ ~
\
[
] Feature fusion !
]
/ ' 4

Decoder

Input
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Soft max classifier of the LSTM algorithm can be
migrated to the decoder for training, and the encoder is
obtaining the trained parameters by inverse operation.
The ED model's capacity to generalize its parameters and
its computing efficiency can both be enhanced via
parameter migration training. The structure of the AR
model fusing the encoder and decoder is shown in Figure

Global
Avg pool

6.

Classifier Class

Recognition result

-m-

Recognizer

Action classification

Figure 6: Schematic diagram of the action recognition model structure integrating encoder and decoder

The study's construction of an intelligent HCI model
is almost complete, and for the convenience of
subsequent experiments, the study replaces the proposed
model with the acronym L-ASGCN model.

4 L-ASGCN model
testing and analysis

ASGCN, STGCN, and GCN are used as control models
for controlled experiments in the study in order to verify
the complexity of the intelligent HCI model that is
suggested. The equipment required for the experiment is
a computer with Intel Xeon w9-3495X CPU, 16GB of
running memory, and RTX 2080 Ti graphics card. The
experiments mainly used NTU RGB-D dataset,
Interaction Action RGB-D dataset and Kinetics dataset.
The Kinetics dataset comprises a diverse range of Internet
videos, encompassing a multitude of daily activity
scenarios. Its diversity and scale render it the benchmark
dataset for behavior recognition algorithms. The

performance

Interaction Action RGB-D dataset is designed to record
the interaction behavior between two individuals,
providing detailed multimodal data on human actions and
interaction scenarios. The NTU RGB-D dataset
represents a comprehensive behavior recognition dataset
that encompasses a diverse array of human activities,
thereby providing a wealth of human behavior
recognition scenarios for deep learning models. The
selected dataset facilitates the deep feature learning of the
model, particularly in the context of bone and joint data,
thereby enhancing the accuracy of human pose estimation.
In terms of evaluation indicators, accuracy, loss rate,
recall rate, and F1 score are key measures of model
performance. The accuracy of a model reflects its ability
to predict correctly. The loss represents the accumulation
of prediction errors during the training process. The recall
measures the model's ability to recognize positive
instances. The F1 score is the harmonic average of
accuracy and recall, which can be used to evaluate the
overall performance of the model.
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Figure 7: Comparison of loss and accuracy of different models

Accuracy and loss rate are important indicators of
model performance, the study used NTU RGB-D dataset
to train the STGCN model and L-ASGCN model for 30
min respectively, and then used the Interaction Action
RGB-D dataset as the input to conduct the comparison
experiment of accuracy and loss rate. Figure 7(a) shows
the evolution of the loss rates for the STGCN and
L-ASGCN models. Based on the figure's trend of curves,
it is evident that both models' loss rates drop as the
iterations increases. However, the loss rate curve of the
STGCN model shows obvious oscillations before
convergence, while the L-ASGCN model has no obvious
oscillations before convergence. In addition, the loss rate
of the STGCN model after convergence is about 0.91%,
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while the loss of the L-ASGCN model after convergence
is only 0.56%, so the proposed model has some
advantages in loss rate. Figure 7(b) represents the
comparison of the accuracy rates of the STGCN model
and the L-ASGCN model. The results presented in Figure
7(b) suggest that, initially, the L-ASGCN model's
accuracy is not as high as the STGCN models. However,
after a few iterations of the model, the accuracy of the
suggested model grows significantly. The AverA of the
proposed model, when the two models converge, is
95.39%, which is 1.41% greater than the AverA of the
STGCN model. Additionally, the suggested model's
accuracy smoothness is superior to that of the control
model.
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Figure 8 Comparison diagram of confusion matrices for different models

The confusion matrix (ConM) of the STGCN and
L-ASGCN models are compared in Figure 8, with Figure
8(a) showing the ConM the STGCN model produced
using the Interaction Action RGB-D dataset. The ConM
produced by the suggested model using this dataset is
shown in Figure 8(b). The average score obtained by the

proposed model is about 87.86, and the average score of
the STGCN model is 86.57. By contrasting the
aforementioned findings, it is evident that the proposed
model of the study has some development because its AR
effect on the same dataset is superior to that of the control
model.
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Table 1: Comparison of output times of different models on the Kinetics dataset for each module

Feature extraction

Characterized recombination

Action recognition

Model name time (s) time (s) time (s) Total Time (s)
L-ASGCN 3.1 0.7 0.3 4.1
ASGCN 35 1.1 0.4 5.0
STGCN 3.7 1.1 0.6 5.4
GCN 4.2 1.7 0.8 6.7

Table 1 presents a comparison of the output time and

total elapsed time for each module on the Kinetics dataset.

It can be observed that the total elapsed time is lowest for
the L-ASGCN model, followed by the ASGCN model,
the STGCN model, and the GCN model. With regard to
the time required for the output of each module, the
feature recombination time consumption of the ASGCN
model and the STGCN model is identical. This is due to
the fact that the ASGCN model is not optimized for

feature recombination during the process of improvement.
Consequently, the feature recombination module of the
ASGCN model and the feature recombination module of
the STGCN model are both subject to the same time
constraints. The research-proposed model performs best
across all modules and in terms of the overall output
elapsed time, according to the experimental data,
demonstrating  its  superior  computational  and
feature-processing capabilities.

Table 2: Comparison of actual scene recognition performance between L-ASGCN model and ASGCN model

Behavior Accuracy (%) Recognition time (s)
L-ASGCN ASGCN L-ASGCN ASGCN

Raise hands flat 94.5 90.2 1.13 151
Lift left hand 95.9 87.3 1.21 1.39
Lift right hand 94.7 86.9 1.26. 1.40
Cross hands 91.2 91.1 0.91 1.11
Lift left foot 92.3 88.6 1.22 1.29
Lift right foot 92.1 88.4 1.22 1.31
Squat down 90.1 90.8 1.08 1.33
Punching 89.6 88.1 1.39 1.45
Jump 94.9 90.2 1.21 1.30
Wave 87.2 89.9 1.29 1.26

To test the effectiveness of the model's application
in real life, the study randomly selects 10 volunteers for
testing, each action is done 30 times during the test, and
the behavioral actions of the volunteers are inputted into
the experimental model in video form. The L-ASGCN
model has the highest recognition rate for the
hand-raising action, and a lower AR rate for the
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©
(5]

©
o

Recall rate (%)

[e=}
ol

hand-waving, but the overall recognition rates of the
model are all around 90%. Additionally, a comparison of
the L-ASGCN and ASGCN models' findings reveals that
the former has better accuracy and requires less time to
recognize an action, which supports the suggested
model's AR efficiency.
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Figure 9: Comparison of the change in recall of each model on different datasets
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Figure 9 represents the recall comparison of
L-ASGCN model, ASGCN model, and STGCN model on
Kinetics dataset and Interaction Action RGB-D dataset.
The experimental outcomes of the three models on the
Kinetics dataset are shown in Figure 9(a). The average
recall of L-ASGCN model, ASGCN model and STGCN
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model are 93.06%, 91.71% and 87.86% respectively.
Figure 9(b) represents the trend of the recall of each
model on the Interaction Action RGB-D dataset. Based
on the results in Figure 9(b), the average recalls of
L-ASGCN model, ASGCN model and STGCN model are
calculated as 89.46%, 87.92% and 86.11%, respectively.

Training time (min)
(a) F1 score

L-ASGCN ASGCN

(b) F1 score average

STGCN

Figure 10: Schematic of F1 scores vs. average F1 scores for each model

Figure 10 shows a comparison of the F1 scores and
average F1 scores of three models, L-ASGCN, ASGCN,
and STGCN, on the Interaction Action RGB-D dataset.
Figure 10(a) illustrates the relationship between the F1
scores of the three models and training time. The F1
scores of each model increase as the training time
increases. Among the experimental models, the F1 score
of the L-ASGCN model is the highest. Figure 10(b)
shows the average F1 scores of each model after
repeating the experiment three times. The L-ASGCN
model achieved an average F1 score of 89.79%, followed
by the ASGCN model with 85.97%, and the STGCN
model with 78.66%.

5 Discussion

In the field of human behavior recognition, GCN has
emerged as an effective data analysis tool. In order to
achieve more precise and efficient action recognition
capabilities and to promote the intelligent development of
HCI technology, an L-ASGCN model was studied and
constructed. The loss rate of the L-ASGCN model after
convergence was 0.56%, with an overall recognition rate
of approximately 90%, an average recall rate of 93.06%,
and an average F1 score of 89.79%. The model
demonstrated significant advantages over STGCN and
ASGCN in multiple performance indicators. The primary
rationale for this outcome was that L-ASGCN streamlines
the convolutional kernel of the model through the
utilization of displacement operations, thereby reducing
the overall computational complexity and enhancing
operational efficiency. In comparison to the studies
conducted by Ahmad et al. [21] and Tong et al. [22], the
enhanced performance of the L-ASGCN algorithm in
processing human motion data represented a significant
advancement in the application of GCN in the field of

motion recognition. In particular, with regard to recall
and model efficiency, L-ASGCN offered a more refined
feature extraction and recombination mechanism than the
dynamic virtual network embedding algorithms explored
by Zhang et al. [23]. This was because it not only
processes features but also suppresses performance loss
caused by excessive computation, thereby optimizing
model performance. Nevertheless, the L-ASGCN
algorithm employed in this study is not without its
limitations. Chief among these was the fact that the
model is unable to capture global physical dependencies
between joints, and that the motion capture is based on
fixed skeletons. Future work should aim to enhance the
generalization ability of models for different types of
actions and to optimize real-time action recognition
technology. In conclusion, the L-ASGCN model has
considerable potential for application in human behavior
recognition tasks, and can be applied in the fields of
medical rehabilitation, intelligent monitoring, and
interactive  media.  Furthermore, L-ASGCN has
established a foundation for more efficient real-time
action recognition in various dynamic environments in
the future.

6 Conclusion

In the contemporary era where intelligent development
has become mainstream, HCI is an important part of the
development of intelligent terminal devices. An excellent
HCI model can facilitate the intelligent terminal's
understanding of human commands so as to better serve
humans. In view of this, the study adopts the ASGCN
algorithm and the LSTM-based ED module for fusion, so
as to construct an intelligent AR model. The outcomes
indicated that the L-ASGCN model achieved a loss of
only 0.56% after convergence on the test dataset, with an
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AverA of 95.39%. Additionally, the study tested the
recall of the proposed model, and the results showed that
the average recall of the L-ASGCN model was 93.06%,
which is 1.35% higher than the ASGCN model and
5.20% higher than the STGCN model. Regarding the test
experiments on F1 scores, the L-ASGCN model achieved
an average F1 score of 89.79%, while the ASGCN model
and the STGCN model achieved average F1 scores of
85.97% and 78.66%, respectively. These results indicated
that the model proposed in the study had a higher overall
performance. Meanwhile, the study also tested the
proposed model for AR in real-life scenarios. The
outcomes revealed that the proposed model has an overall
recognition rate of around 90% for routine actions,
indicating its feasibility and advancement. At the same
time, there are some shortcomings in this study, such as
the proposed model only captures the local physical
dependence between joints and motion capture based on a
fixed skeleton, so the model needs to be further optimized
to address the shortcomings.
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