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Abstract. Computer vision technology has significant implications for advanc-
ing martial arts education. The Ministry of Education aims to integrate martial
artsinto the campus curriculum evaluation system as part of promoting martial
arts culture. In 2016, Shanghai added martial arts as a subject to the senior high
school entrance examination for the first time. The system introduced in this paper
is designed to provide real-time feedback and objective assessment of martial arts
movements, particularly in the context of the senior high school entrance exami-
nation in Shanghai. Unlike traditional exam scoring methods, this system utilizes
computer vision technology, including human body pose estimation and action
recognition, and is based on the Transformer architecture. The system provides
accurate posture matching scores, feedback, and a guided juvenile chain boxing
teaching system, which can improve learning efficiency and reduce assessment
costs. The aim is to promote fair and objective sports scoring in theEntranceExam-
ination and aid the Shanghai Wushu Sports Entrance Examination. The system
has also been deployed in a client software for testing purposes.
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1 Introduction

Wushu is deeply rooted in Chinese culture, representing the spiritual pursuit and cultural
characteristics of the Chinese people. Martial arts education plays a crucial role in
inheriting and promoting this culture, further developing traditional Chinese culture.
Juvenile Chain Boxing, which features fluid and graceful movements, is easy to learn,
and can be performed at varying speeds according to the student’s proficiency level [1].
It is particularly suitable for martial arts beginners, and its inclusion in the high school
entrance examination project provides young people with more opportunities to learn
and experience traditional martial arts culture.

Traditional scoring methods rely heavily on subjective judgment, leading to sig-
nificant subjective influence on the final score due to referees’ need to maintain strict
adherence to rules. However, with the advent of artificial intelligence (AI) technology,
AI+ traditional scoringmethods have become an integral part ofmodern sports, offering
benefits such as improved fairness, elimination of subjective factors, and reduced scoring
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errors and deviations. This article aims to apply this model to the juvenile serial boxing
scoring system by collecting motion data through a front camera and analyzing it using
human pose estimation and regression algorithms. By utilizing this system, users can
receive comprehensive scoring and real-time recognition feedback, promoting learning
efficiency and enhancing the objectivity and fairness of raters. Additionally, testers can
obtain effective practice through feedback, while raters can gather quantitative data for
auxiliary scoring, improving the overall scoring process.

2 Related Work

2.1 Action Quality Assessment (AQA)

Sports video analysis has gained significant attention due to its practical applications
in healthcare [2], sports [3], and video retrieval [4]. Although available action scoring
datasets are limited, Wnuk K et al. [5] provides a new diving dataset that poses three
key challenges: tracking, classifying, and judging action quality, which lays a founda-
tion for future research. Pirsiavash H et al. [6] proposes a learning-based framework for
evaluating diving and figure skating performance by training a regression model from
spatio-temporal pose features to expert referee scores. Parmar P et al. [3] introduces
three frameworks for evaluating Olympic sports using spatio-temporal features learned
by 3D convolutional neural networks, and LSTM plus SVR combination modules for
score regression. Xu C et al. [7] proposes a deep architecture with two complemen-
tary components, self-attention LSTM and Multi-scale Convolutional Skip LSTM, to
effectively learn local and global sequence information in each video. Furthermore, the
FisV dataset, a large-scale figure skating sports video dataset, consisting of 500 videos
annotated by two scores from 9 different referees, provides inspiration for multi-score
evaluation in future scoring research.

2.2 Pose Feature Extraction Method

In computer vision, pose feature extraction involves extracting human body pose infor-
mation from various types of data, such as images and videos, and has a wide range
of applications, including human action recognition [8], human pose tracking [9], and
human-computer interaction [10]. There are several commonly usedmethods for extract-
ing pose features, including joint position-based [11], image descriptor-based [5], and
deep learning-based methods [7, 13]. Deep learning-based methods, especially those
with spatiotemporal pose extraction modules [12] and view-invariant trajectory descrip-
tors, have significantly improved the accuracy and stability of pose estimation.Moreover,
combining different methods, such as the JCA and ADA blocks proposed by Nekoui M
et al. [14], can lead to better pose estimation results through fusion.

3 System Design and Function Realization

3.1 Basics of System Development

This system has two main components: real-time recognition of action categories and
intelligent scoring. Real-time recognition is achieved using the mmaction2 algorithm.
Intelligent scoring relies on gesture feature extraction and a score data regression model.
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Fig. 1. System overall function design drawing

To support this, we created a juvenile serial boxing scoring dataset, which includes video
footage and four scores: Standard score (SS), Fluency score (FS), Attitude score (AS),
and Integrity score (IS). These scores measure technical standard, movement coherence,
unique mental state, and completeness of the serial boxing movements. The dataset
was created with guidance from a founder of Juvenile Lianhuanquan and a professional
martial arts teacher.

3.2 Overall System Design

Figure 1 shows the overall functional design of the system.

3.3 Design of Juvenile Serial Boxing Scoring System

The flow chart for the intelligent scoring module is presented in Fig. 2.

3.4 Design of Action Scoring System

The scoring system captures sequential frames from a camera or local video, extracts key
point coordinates of the human body, and sends them back to the client for analysis of
their matching degree with the scoring model, resulting in a score. This scoring method
is based on the 3D pose of the human body and the features of the score model table
trained in the preparation phase. The process of designing the scoringmodel is illustrated
in Fig. 3.

The performance evaluation process for assessing martial arts performance is based
on four aspects: movement standard, fluency, spirit, and integrity. The VideoPose3D
algorithm, is first used to extract the pose sequence from the test video. The pose features
are then encoded and sent to the space-time Transformer codec architecture.

Attention(Q,K,V ) = softmax

(
QKT

√
dk

)
V
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Fig. 2. The flow chart of Boat fist training part system design.

Fig. 3. System Process Architecture Design.

where,Q is the query vector,K is the key vector,V is the value vector, dk is the dimension
of the key vector, and the softmax function is used to calculate the attention weight. The
attention function multiplys the query vector with the key vector, divides it by

√
dk to get

the scaled similarity, and finally gets the attention weight through the softmax function.
Thenmultiply the attention weight with the value vector to get the context feature vector.
This architecture can simultaneously capture temporal continuity correlation.

We extract the pose feature sequence extracted from the video, expressed as x ∈ R
17,

and we have the corresponding score data y ∈ R. We need to build a regression model
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that maps the input attitude characteristics to the output score, i.e.

f (x) = wx + b

In this equation,w ∈ R
1×17 represents the weight matrix, and b ∈ R is the bias term.

The model parameters w and b are determined the mean squared error (MSE) between
the predicted values and the true values based on the provided training dataset (xi, yi).

min
w,b

1

n

n∑
i=1

(f (xi) − yi)
2

where n is the size of the training dataset. The score test dataset comprises 323 data
points, which are divided into 226 training sets, 65 validation sets, and 32 test sets. The
video pose feature sequences and corresponding scores are trained to form a mapping
relationship, which results in better prediction performance.

4 Conclusion

The Juvenile Lianhuanquan teaching system aims to provide a fair and quantifiable
evaluation system for assessing the quality of martial arts movements. In its develop-
ment, we constructed a dataset for juvenile Lianhuanquan scoring and boxing types, and
designed an action quality evaluationmodel. The system has facilitated the advancement
of martial arts quality scoring through its in-depth learning and utilization. However, fur-
ther improvements are required in terms of functionality, interfaces, and data collection.
Moreover, individual actions can still be improved. The action quality evaluation tech-
nology used in this system can also be applied in fields such as medical rehabilitation,
fitness, human-computer interaction, work safety, and ergonomics. Thus, the research
and development of the Juvenile Lianhuanquan scoring system has vast application
prospects.
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