)

Check for
updates
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Abstract. The aesthetic standard for unconventional dances such as K-pop and
ACGN dance does not follow the qualitative standard for traditional dances such
as Ballet and modern dance. However, differential equations, motion capture,
and computer vision can be used to quantitatively analyze these newly formed
dances. Therefore, in the research, we use the Al method to extract and construct
dance 3D poses and analyze the key points in dance by using PCA. The results
indicate that PCA can identify the quality of dance. Moreover, the use of kine-
matics in dance aesthetics is considered to be effective.
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1 Introduction

In recent years, Korean pop (K-pop) and Anime, comics, games, and novels (ACGN)
dance gained popularity among the public. K-pop and ACGN dance are two nontradi-
tional dance types. K-pop dance originated in South Korea [1-3], and ACGN dance
originated in Japan [4]. K-pop dance is based on Korean music and is largely spread on
digital platforms, such as YouTube and BiliBili [5]. ACGN dance is also largely spread
on digital platforms due to its anime-based nature. However, compared to K-pop and
ACGN dance, traditional dances such as ballet and modern dance are largely based on
theater instead of digital media. Ballet originated in modern-day northern Italy [6], and
modern dance originated in 20th-century America [7]. Ballet movement has various
styles such as classical ballet, romantic ballet, neoclassical ballet, and so on, and
modern dance movement has a feature of contraction and release [8]. Due to their
standardized movement features, ballet and modern dance can be analyzed using
kinematics. One analysis includes the kinematics of passive hip external rotation in five
classical ballet positions [9]. Other analyses contain the flexion in lower-limb structure
of pli¢ and the intensity differences in legs of Fouetté Turn [10-11]. The kinematic
analysis of modern or contemporary dance contains the landing technique, the effect on
postural stability, and the effect on aesthetic evaluation [12-14]. Compared to tradi-
tional dances, unconventional dances such as K-pop and ACGN dance have less
standardized movement features. The lack of a standardized dance pattern in K-pop and
ACGN dance causes less analysis of kinematics in K-pop and ACGN dance.

The impression of K-pop dance is related to body movement, body gesture, and
appearance [15]. On the one hand, body performance, which includes body movement
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and gesture, can influence audiences’ impressions. For example, synchronized and fast
paced movements among a K-pop dance group are considered to have a positive im-
pression [16]. On the other hand, K-pop dancers’ appearance can affect the impression.
Different members in a K-pop group have distinct customs, but all members can reach a
harmony in their customs for the audience to have a positive impression [17]. Although
the relationship between the impression of ACGN dance and dancers’ movements is
rarely investigated, the impression of ACGN dance can be affected by subjective
factors. ACGN dance is a dance based on ACGN culture, so the impression of ACGN
dance could possibly be affected by ACGN culture. These factors of impression of
dance are based on sensible experience. The impression of K-pop and ACGN dance is
mostly affected by subjective factors, including body performance, appearance, and
culture. However, very few quantitative methods are used to analyze K-pop and ACGN
dance. In this work, we focus on quantitative tools to analyze kinematic parameters and
try to give K-pop and ACGN dance a new perspective to understand the impression of
dance.

Evaluation and analysis of dance movement quality are crucial for dance teaching
and choreography. Former researchers constructed dance performance systems based
on qualitative methods. For example, the World Dance Sport Federation provided
qualitative criteria for dancers. These standards include posture, timing, basic rhythm,
body line, and so on. All of these are based on qualitative observations, which are
difficult for a nonexpert, such as a normal audience, to understand and judge. Moreo-
ver, researchers in dance already felt that the qualitative evaluation method is not
enough [18]. Therefore, using quantitative tools to analyze dance, especially newly
fashioned K-pop and ACGN dance, is an inevitable method for the dance industry.

Benefiting from the rapid development of motion capture systems and computer
vision, dance performances gain effective tools in movement analysis. Motion capture
is used in fields such as healthcare, video games, robotics, sports, and even the art
industry [19]. Dance, which is part of the art industry, is also widely investigated by
motion capture. Motion capture, a method that can track object movement, can store the
movement in digital form [20]. Usually, motion capture techniques fall into two types:
active and passive. The active method means the sensors or markers on moving objects
can emit signals to establish movement, and the passive method means the movements
are captured using only images. For example, a motion capture system can be used to
detect the movements of students in class [21], to identify different dance poses [22],
and to understand the underlying choreography pattern in dance [23]. However, the
problem behind motion capture is the high cost of setting up the capture environment
and capturing sensors.

Instead of motion capture systems, computer vision, such as the deep learning
method, has gained attention in dance analysis in recent years. Deep learning can be
considered a neural network with multiple layers, and it can be used to handle large
datasets [24]. Deep learning is useful in lots of industries, including dance. Dance
movement patterns vary based on cultural and ethnic differences [25]. In dance classi-
fication, the differences in dance types need to be detected precisely. The subtle dis-
tinctions in dance styles can only be seen when dancers undergo an in-depth study.
Consequently, it is not possible for one expert to learn all the dance styles and classify
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them. However, deep learning is able to classify the various dance types [26]. Deep
learning has the great advantage of extracting complicated characteristics from original
data and can study different dance styles efficiently [25]. In addition, deep learning can
also be used to generate dance movements, which is choreography [27]. Due to the
large datasets that deep learning can handle, it can generate a single dance pattern with
diverse styles [27]. All in all, the application of computer vision, specifically deep
learning, in the dance industry is highly effective.

In this work, we analyze the kinematic parameters of nontraditional dance types and
try to find the correlation between dance impression and kinematic data. First, we take
videos of K-pop and ACGN dances from video streaming. Then, by applying the deep
learning method to dance videos, we extract human 3D pose variations throughout the
video [28]. Finally, the 3D poses are analyzed by using principal component analysis
(PCA). PCA is a method that deals with a dataset by describing the relationship be-
tween multiple variables [29]. PCA can amplify the differences between sets of data. In
the case of dance, the difference in the movement of key points can be enlarged.

2 Method

First, we have to establish a 2D pose model. Without the use of any key point detector,
Mask R-CNN and the Mask’ s reference implementation among Detectron is used to
extract the 2D key points from video streams [28]. Second, the 3D pose model is ex-
tracted from the 2D pose model. VideoPose3D works by inputting 2D poses dataset and
making poses go through the process of temporal convolutions. The convolutional
model makes a synchronization for the batch and the time. Also, a convolutional model
can control the temporal receptive field accurately, and the accuracy can then be used
for the extraction of 3D poses [28]. The transformation model used in the research is
based on training 3D poses in camera space and modifying poses in terms of camera
transformation [28].

Coordinate variability in 3D poses can be assessed by PCA. Movement patterns in
dance are limited by various external factors, including motile ability, task difficulty,
music style, physical constraints, and so on. For example, movements like walking,
jumping, rotating, and rolling all have their own typical movement patterns in time and
space. These typical movement patterns imply that the DOF in human movements is
reduced and integrated into a specific pattern, allowing humans to carry out movement
tasks. The initial DOF has a significantly higher number than the limited version. To be
more specific, the DOF is formed from the connected movements of joints. In addition,
when the same dance combo is danced by different dancers, who can have distinct
flexibility, explosive power, or movement styles, the movement pattern may be hard to
identify. An effective method for identifying the characteristic is to use quantifiable key
points to build up and visualize a complex dance movement pattern. Therefore, we
suggest that principal component analysis can be used to deconstruct the complex
dance movement pattern and analyze the characteristic differences among the set of
dance videos by reducing the DOF. PCA is a method that deals with a dataset by de-
scribing the relationship between multiple variables [29-32]. Several steps are involved
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in the application of PCA. First, the data is standardized. Data are transformed into
similar scales to reduce the possibility of biased results. Second, the covariance matrix
is calculated. The covariance matrix can help identify the correlation between variables
in input data. Then, the eigenvector and eigenvalue of the covariance matrix are cal-
culated. The eigenvector and eigenvalue are able to distinguish the principal compo-
nent from all the data by compressing most of the data of the considered variable into
the first principal component. Finally, the data for the selected principal components is
displayed on the graph and used for the analysis.

3 Experiment and Result

To begin with, data is collected from the online platform "BiliBili". The Windows
Screen Recording function is used to record videos from the internet. The chosen
videos include three K-pop and three ACGN dances. For each dance combo, 10 videos
are recorded. Accordingly, the experiment involves a total of 60 videos. Secondly, the
recorded videos are edited by the software "Filmora" by Wondershare. For all the
videos, only theme dance sections are recorded, so the time length of the data used
varies from 13 to 23 seconds, and the frame number of the data used ranges from 295 to
565. Throughout the subjective evaluation of the dances, the negative and positive
samples are identified. The percentages of sample quality are illustrated in the fol-
lowing: K-pop dance 1: 40% negative and 60% positive; K-pop dance 2: 40% negative
and 60% positive; K-pop dance 3: 40% negative and 60% positive; ACGN dance 1:
40% negative and 60% positive; ACGN dance 2: 20% negative and 80% positive;
ACGN dance 3: 30% negative and 70% positive. NumPy is used to analyze the data and
construct the PCA. First, the 17 skeleton key points are connected in pairs to form
vectors. Then, throughout the pairing of vectors, the angles between vectors are estab-
lished and analyzed. The following equation is used to calculate the angle between two
vectors, for which v1 is one vector and v2 is another vector.

—1 viwv2
8 = cos™! 7] (1)

Moreover, the first derivative of angle variation is calculated and analyzed.

Figure 1 illustrates the skeleton construction from video to 3D pose and the K-pop
dance "Pink Venom" by BLACKPINK. On the left, Detectron precisely extracted the
dancer’ s 2D poses. On the right, a 3D pose is constructed by VideoPose3D. Consid-
ering only the key points, we can only see the distribution of key points in space and
time, not the clear dance pose. With the 3D pose and the lines that connected the key
points, the dance pose is seen. Moreover, when viewing in 3D, we can also observe the
angles constructed by lines. Although the inaccuracy in constructing a 3D model due to
the low quality and moving camera of the videosConsequently, it can be suggested that
geometrically continuous shapes like angles and lines account for the subjective per-
ception of dance poses.
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Fig. 1. left: dance video and 2D pose; right: constructed 3D pose

In addition, for all the dance videos, the angles formed by connected lines do not
vary as the scale of the video changes. Therefore, choosing angles as the considered
variable in dance impression can eliminate confounding factors such as individual
displacement and dancer scale in video.

For all the dance videos, blue represents the bad impression video, whereas red
represents the good one. ACGN dance 1 is the most typical of all. Two graphs with
PCA 0 and | dimensions are illustrated. Fig. 2 is the characteristic of a bad-quality
dance video, whereas Fig. 3 is that of a good-quality dance video. The distribution of
absolute angle data is different based on quality. The blue dots scattered in a spindle
shape, but the red dots scattered in a sector shape.
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Fig. 2. Bad quality ACGN dance 1
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Fig. 3. Good quality ACGN dance 1
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In addition, the first derivative of angle variation also shows a difference. Fig. 4 and
Fig. 5 are graphs for the first derivative of angle variation. First, the distribution of blue
dots has a negative gradient when considered as the line of best fit, whereas that of red
dots has a positive gradient. Second, the blue dots have bigger variations in the dis-
tribution on the PCA dim 0 than that of the red dots. This comparison may imply that
good-quality dances tend to a same type of movement pattern, whereas bad-quality
dances are the opposite. In all, both analyses indicate that PCA has the ability to
quantitatively distinguish good-quality dances from bad-quality dances in the realm of
nontraditional dances. Also, the kinematic parameter, which is the angle, is considered
to be an effective standard in dance aesthetics.

PCA 1 dim

-0.25
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-0.75

-1.00 -0.75 050 -0.25 0.00 0.25 0.50 0.75 1.00
PCA 0 dim

Fig. 4. Bad quality dance for first derivative
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In the research, we use the Al method to extract and construct dance 3D poses and
analyze the key points in dance by using PCA. The results indicate that for both K-pop
and ACGN dances, PCA has the ability to identify bad quality dances from good ones,
and the use of kinematics in dance aesthetics is considered to be effective. Moreover,
by comparing the PCA graphs for angle variation and first derivative, we find a con-
sistent difference between the bad and good quality dances. However, the underlying
mechanism that affects the movement characteristic variation needs further research.
Overall, PCA is able to identify dance aesthetics and even distinguish between two

Z. Song
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Conclusion
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Fig. 5. Good quality dance for first derivative

nontraditional dance types, which are K-pop and ACGN dances.
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