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ABSTRACT

Key frame extraction is an important research content for human motion capture data analysis and
processing, for this reason, a key frame extraction method for motion capture data based on quantum
particle swarm optimization algorithm is proposed, which can either extract a definite number of key
frame sequences or extract key frame sequences according to the objective function. In this paper, the
spatio-temporal graph convolutional network is selected as the benchmark network for tap dance
action recognition, and the dance action recognition is realized by combining adaptive and attention
mechanisms. The comprehensive index of tap dance is introduced and used as a constraint, and the
golden section algorithm is used to optimize the training path of the dance action to obtain an
ergonomic training path. The experimental results of this paper show that the key frame extraction
method of motion capture data based on quantum particle swarm optimization algorithm meets the
need of real-time compression of motion capture data. By constructing the validation dataset, the
accuracy improvement of AAST-GAN algorithm and the effect of gesture extraction are compared and
verified, and the recognition accuracy reaches more than 86%, which is a good recognition accuracy
for each tap dance action. The dance movement training path proposed in this paper ensures the
effectiveness and comfort of tap dance movements.

Keywords: quantum particle swarm, dance action recognition, path planning, spatio-temporal graph
convolution

1. Introduction

In this fast-paced era, people increasingly need a way to relax and release stress. Dance, as an elegant
and energetic art form, is gradually becoming a fitness method chosen by people. And tap dance, as a
unique dance form, is loved by many people [1-4]. Tap dance can be performed in a variety of forms,
such as solo performance, duo performance, team performance and so on. In social occasions, tap
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dance is often used as one of the programs for entertainment and social activities, bringing joy and
relaxation to people [5-8]. In formal stage performances, tap dance can be combined with other dance
forms, such as ballet and modern dance, to form a unique performance style. In addition, tap dance
can be combined with other art forms such as music and drama to create colorful art works [9-12].

Dancing while walking tap dance is a dance form that combines walking and tap dance, which
combines the unique rhythmic sense of tap dance and the ease and naturalness of walking, so that
people can feel the power of nature and the charm of dance at the same time [13-16]. Through walking
while dancing tap dance, people can exercise their bodies and release pressure while enjoying the
happiness brought by dance. The movement training of tap dance mainly includes the sense of rhythm,
foot strength and body coordination, and dancers need to master various steps and rhythm changes
through repeated training and practice [17-20]. In addition, tap dance has high requirements for dance
shoes, and professional tap shoes can enhance the contact between the feet and the ground, so that
dancers can better perform their skills [ 21-23]. Training tap dance requires patience and perseverance,
and it also needs to be combined with other dance elements, such as body posture and dance
movements [24-25].

Tap dance, as a traditional dance, is known for its unique rhythms and graceful steps, and is popular
for its upbeat tempo, flexibility, and enthusiastic performance style. Pallares, M. et al. assessed the
effects of untrained components and retention, stability, endurance, and application by initiating tap
dance training with multiple novices, revealing that a precise teaching framework is useful for people
who want to improve their motor performance training and discusses its limitations and directions
for development [26]. Lewis,L aims to develop an appreciation for tap as a performing art and outlines
the history of tap, major works, artists, and the physical and mental benefits of this dance [27].
Goldberg,T.L. states that teaching and learning tap effectively enriches the experience of both teachers
and students, realizing the importance of integration of music theory, composition, etc., with the
history of tap dance and advocates for a curriculum with multiple facets that is effectively implemented
in K-16 programs [28]. Polascik, B. A. et al. examined the peak vertical force, average vertical foot speed,
and maximum/minimum ankle angle produced by tap dancers of different levels performing the steps
of the toe galley, heel galley, and other steps, indicating that performing these steps forces are
associated with joint injury risk [29]. Hartley,D. provides an in-depth overview of the development of
tap dance and points out that tap's rhythm and musicality, the language of learning tap, and the steps
from basic steps to advanced technique guide beginning tap dancers and extend the technique of more
experienced dancers as the perfect companion [30]. Silao,N. examined dance educators and tap dance
experts breaks down the improvisational portion of teaching for students, reveals dance as an
interdisciplinary art form, and offers suggestions for in-depth learning and providing creative lesson
plans [31].

In this paper, a key frame extraction algorithm for motion capture data based on quantum particle
swarm optimization algorithm is proposed to encode the human motion frame sequences with
ordered integers, and then select the key frame sequences with optimal reconstruction error by using
the global optimization ability and fast search ability of quantum particle swarm optimization
algorithm. On the basis of ST-GCN, the adaptive module is embedded in the spatio-temporal map
convolutional layer, and combined with the attention module, which further improves the recognition
accuracy on the public dataset, and optimizes the model's recognition performance for tap dance
movements. Finally, on this basis, the design is based on the ergonomics and tap dance comprehensive
index constraints of human lower limb feature output function, using the golden section method to
optimize the training path of dance movements to improve the training efficiency.
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2. Recognition of tap dance movement training based on optimization
algorithm

2.1. Tap Dance Movement Campaign Data Analysis

2.1.1. Motion Data Representation. The more commonly used motion capture data formats are
ASF/AMC, BVH, HTR, etc. In this paper, the file format of ASF/AMC is used.The ASF file describes the
skeleton model of the motion capture data as shown in Fig. 1, which defines the basic pose of the
skeleton as well as the information of skeleton joints and bone segments.
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Fig. 1. ASF / AMC skeletal model

The motion capture data in the AMC file is represented as:
M:{flafz""afn—l’fn} (1)

where: f(i=1,2,--,n) denotes the motion data of each frame, i is the temporal position of the
frame in the original motion sequence. And the human body motion data obtained at each sampling
point is expressed as:

fi=4p),q,(0),q,(), ,q, ()} (2)

where: p(i) isthe coordinate of the root jointin frame i, i.e., the translation between frames; qj(i)

is the rotation of bone segment ; inframe i7;and , denotesthe number of bones per frame. Since

the reconstruction interpolation used in this paper is a spherical linear interpolation of quaternions,
and the original format of the motion capture data is Euler angles, it is first necessary to convert the
Euler angles to the quaternion format.



3568 FAN AND GONG

2.1.2. Motion interpolation reconstruction. Motion interpolation reconstruction refers to
reconstructing the original motion by means of keyframe interpolation. The simplest motion
reconstruction method is linear interpolation, but the reconstruction effect of linear interpolation is
poor. Considering that the goodness of the interpolation algorithm determines the result of key frame
extraction and the effect of reconstruction, this paper adopts the Quaternion Spherical Linear
Interpolation (Slerp) algorithm, which has a better interpolation effect, and this algorithm is able to
generate smoother reconstruction frames according to the key frames, which improves the
reconstruction efficiency.

If s@) and f(,) are the motion data of two neighboring keyframes, ,(;) is the root
coordinate position of f(s),and p(s,) istherootcoordinate positionof f(:,),theinterpolation of

the root coordinates adopts linear interpolation in this paper:
1, —
L, —

p(t)=

t
t)+
‘ pt) P

Zh o) 3)

where: ¢ <r<1,, t are the frame numbers between moments , and .
If ¢ @)=[w.x.y.21.q/)=[w,,x,,y,,z,] IS two unit quaternions and 6 is the angle between
them:
0 = arccos(w,w, + XX, + ¥, ¥, + 2,2,) (4)
Then the spherical linear interpolation 4 () between them is:

sin t@
sin @

4,(0) = slerp(q,(6).q,(t,).0) = S00L=08 1y,
sin @

q;(t,) (5)
where: 0 <t< 1.

2.1.3. Calculation of reconstruction error. The reconstruction error of the algorithm in this paper is
measured by the average inter-frame distance between the original motion sequence and the
reconstructed motion sequence. For an original motion segment ,,, containing , frame of data, the
first and last frames of ,, are used as the key frames, and Eqgs. (1)(2) are used to interpolate and
reconstruct to obtain the reconstructed motion segment ,,, . In calculating the reconstruction error, it
is necessary to take into account not only the positional error between the original motion and the
reconstructed motion, but also the difference in the rates between them. Let om,rm be the original
motion sequence and reconstructed motion sequence respectively, whose sequence lengths are both
». In this paper, the reconstruction motion sequence error is defined as:

D(om,rm) =D, (om,rm)+uD,(om,rm) (6)

where: Dp(Om, rm) describes the positional error of the human body posture; D, (om,rm) indicates

the difference of the joint rate; , is the proportion of the adjusted rate difference, according to the
experiments in this paper can be seen, the difference of the rate of the proportion is very small, so it is
setto 1. That is:

d(om' rm'y =3 wj || ont, ~ rm (7)
j=1
D, (om,rm) =12d(0mi,rmi) (8)
niq
n-1
D, (om,rm) 212\ d(om™ ,om")—d(m™',m")| 9

n i
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where: g(om’,rm') denotes the Euclidean distance between frame i of the original motion and

frame i of the reconstructed motion; W; is the weighting value of joint ; in the error calculation,

which represents the importance of joint j; and Omj.,r'm;. is the coordinate position of the j;th joint

in frame i of the original motion and reconstructed motion, respectively.
2.2. Key frame extraction based on quantum particle swarm optimization algorithm

2.2.1. Coding and population initialization. In this paper, we use integer encoding, the length of the
encoding is the number of target keyframes, and the value of the encoding is an integer between 1 and
the total number of frames. When the population is initialized, a set of specified number of mutually
different ordered integer sequences are randomly generated, and they are taken as an individual of
the population, and the population size is set to 50 in this paper.

2.2.2. Definition of the fitness function. When keyframes are extracted, it is desired that the number
of extracted keyframes should be as small as possible and the quality of reconstructed frames should
be as high as possible. However, if the number of key frames is too small, the reconstruction error will
be larger, so the two important factors for the optimal solution of extracting key frames are the
reconstruction error of the motion sequence and the number of extracted key frames, i.e., minimizing
the reconstruction error and optimizing the compression rate are taken as the objectives. So the
defined fitness function is:

1
S () = WE (kfnum) + (1—w)R(kfnum) (10)

where: kfnum is the number of keyframes; w(0 < w <1) is the user-defined weights. In the trade-
off between the reconstruction error and the number of keyframes, the fewer keyframes are extracted,
the greater the reconstruction error, so the fitness function consists of a weighted union of these two
terms.

kfnum

R =
(&) totalnum

(11)

where: R(g) isthe compression rate; totalnum is the total number of frames of the motion sequence,
i.e., the ratio of the number of key frames extracted from this motion sequence to the total number of
frames of the motion sequence.

Ek/imm
E(kfnum) =—— (12)
1,end
where: FE,, . isthe minimum reconstruction error value obtained when the number of keyframes is

kfnum , and El’e,,d is the reconstruction error value when only the first and last frames constitute the

reconstruction error value.

2.2.3.  Updating the position of a particle swarm. The particle positions are updated according to Egs.
(13)~(16).

p =ax Pbest(i)+ (1—a)x Gbest (13)
1 M

mbest = i X ZPbest(i) (14)
i=l

b =1.0-gen/max genx0.5 (15)
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X,,.,y = pbx| mbest— X (i) | xIn(1/ u) (16)

where: a,u is a random number between 0 and 1; Pbest is the optimal solution found by an
individual particle, i.e., the individual extreme value; Gbest is the optimal value found by the whole
population, i.e., the global extreme value; M is the number of particles; mbest is the average of the
individual extreme values of the quantum particle swarm; b is the contraction expansion coefficient,
which is linearly decreasing during the convergence process of the QPSO; gen is the current number
of evolved generations; maxgen is the set maximum number of evolutionary generations; X (i) isthe
particle population of the ith generation.

2.2.4. Keyframe extraction based on number of settings. Given the sequence of frames and the
number of keyframes, return the sequence of keyframes with the minimum reconstruction error.
keyframe=QPSO(frame, m) quantum particle swarm algorithm.

Keyframe extraction is performed with the number of keyframes determined, and optimization is
performed with the objective of optimizing the reconstruction error to obtain the keyframe sequence
with the minimum reconstruction error. Error is the reconstruction error value of the computed
motion sequence. Particle swarm individuals are ordered integer sequences that are not identical to
each other from 1 to the total number of frames. When the position of the particle swarm is updated,
the position of individual particles will be out of the range from 1 to the total number of frames. In this
case, their positions need to be corrected by taking 1 when the position value is less than 1, and taking
the total number of frames when the position value is greater than the total number of frames. In the
update the average extreme value mbest and the contraction expansion coefficient b will both appear
as floating point numbers, which will result in the final key frame sequence will appear as floating
point numbers, for this reason it is necessary to round up the floating point numbers to ensure that
the algorithm is encoded in integer numbers.

2.3. AAST-GCN based tap dance training action recognition

2.3.1. Convolutional Networks for Spatio-Temporal Maps. The action recognition algorithm in this
paper is realized on the basis of spatio-temporal graph convolution network ST-GCN for improvement,
and this section will introduce the construction method of the spatio-temporal graph of the human
skeleton involved in the algorithm, as well as the knowledge related to the more important spatial
graph convolution in the network structure.

1) Spatio-temporal map of human skeleton. ST-GCN first solves the above problem by utilizing the
human skeleton spatio-temporal map to represent the skeletal sequence. Constructing a human
skeleton spatio-temporal map for a skeletal sequence with N joints and T frames is done in two steps.
First, according to the physical connection of the human body structure, the joints belonging to the
two ends of the same skeleton in the same frame are connected with edges, and then the same joints
in consecutive frames are connected, thus completing the construction of the skeleton spatio-temporal
graph.

2) Spatial graph convolution. Traditional convolution operations specialize in handling data with a
grid-like topology, where both the natural image and its feature map can be viewed as a two-
dimensional grid of pixels. The convolution output is shown in equation (17), where p and , are
the sampling function and weight function, respectively:

ﬁzut (X) = zzﬁﬂ (p(xa ha W)) ) W(ha W) (1 7)

h=1 w=1

The output of graph convolution in ST-GCN under single-label partitioning strategy is shown below:
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1 1
Jou =N P(AFDA [,V (18)
where A is the adjacency matrix representing the physical connectivity relationship between the joints

1 1
ofthe human body and I is the unit matrix. A" =" (4" +17),4 >(A+1)4*> denotes the normalization

J
of the adjacency matrix, r is the inputfeature map,and W is the weight matrix.
For the distance partitioning and spatial structure partitioning strategies, the adjacency matrix is
decomposed into multiple matrices because the set of neighbors is partitioned into multiple subsets,

A+1= ZA/ , and so Eqg. (18) transforms into:
J

1 L
Sou :ZAjzAjAjzmeVj (19)
J

In spatial graph convolution, ST-GCN employs a simple attention mechanism where a learnable
weight matrix M is used to reflect the difference in the importance of edges in the graph convolution,

replacing 4, in Eq. (19) with 4, ®M , ® denotes the multiplication of the corresponding

elements of matrices Aj and M, and the elements of M are initialized to 1. Eq. (19) transforms to:
A i
-f;mt:ZVVj(f;nAjzAjAjz)@Mj (20)
j

2.3.2. Adaptive graph convolution module. ST-GCN uses a learnable weight matrix M to realize the
attention mechanism, and corrects the degree of dependency between joints through continuous
learning, so as to better model the relationship between joints, but this attention mechanism is not
flexible enough, M is directly multiplied with the neighbor matrix according to its elements, and if there
exists an element of 0 in the neighbor matrix A, then no matter what the value is of the corresponding
element of M, the final result will be 0, i.e., M will create a connection other than the original physical
connection, which cannot solve the “applause” problem mentioned above. If there is an element of 0
in the neighbor matrix A, then no matter what the value of the corresponding element of M is, the final
result will be 0, i.e., it will create a connection other than the original physical connection, which will
not solve the “applause” problem mentioned above.

In this paper, the graph convolutional network is improved, and the final adaptive graph
convolutional layer is as follows:

Jou =2 W, S (@A + B, +C)) (21)

2.3.3. Attention module:

1) Channel Attention. The input feature dimension of graph convolutional network is Cx7T x N,
which represents the number of channels, the number of frames, and the number of joints per frame,
respectively. During the convolution process, in order to minimize the loss of information, multiple
convolution kernels are often required, which will lead to an increase in the number of channels of the
network, and the information contained in each channel has different degrees of importance, which is
expressed by calculating the weight for the signals on each channel separately, and the larger the
weight indicates that the signals on the channel are the more important, the more attention is needed
[32]. Based on this, the channel attention module is introduced in this paper.



3572 FAN AND GONG

The channel attention module mainly consists of two parts: compression and excitation. Firstly, the

GD CxTxN

output of the spatial map convolution is taken as the input for the compression

out

operation, and the expression is as follows:

1 T N o
z=— u, (i, j) 22
TxN ,Z::‘]Z::‘ (22)
Specifically the compression operation corresponds to a global average pooling operation that takes
aCx T x N feature map and levitates itintoa C x 1 x 1 feature map, an operation that serves to levitate
global spatial and temporal information into the channel descriptors.
Next is the excitation part, which transforms the feature map . with the following expression:

s=oc(W,6(W,z)) (23)
C><E —xc
The incentive operation specifically contains two fully connected layers, with w;eR ",w, eR"
representing both fully connected layers.

2) Spatial attention. In this paper, a nonlocal mechanism is introduced in constructing the adjacency
matrix of the graph, which initially implements spatial attention, and calculating the relationship
between nodes can be understood as reweighting the matrix, and the more critical nodes will have
larger weights, thus solving the problem of which nodes should be focused on in the same frame. And
in this section, the quality of spatial features extracted by the network is further improved by
introducing the spatial attention module.

The expression of the spatial attention module is as follows:

5= o (w (AvgPool(f,))) (24)

ED CxTxN

where is the module input, AvgPool represents global average pooling in the time

dimension, after pooling is completed the information in the time dimension is compressed and the
feature map dimension becomes C x 1 x N. Because the number of joints is relatively small, there is no
need for dimensionality reduction operations as in the case of the Channel Attention Module,  isa
one-dimensional convolutional operation, and the dimensionality of the convolutional operation
weightsis 1 x C x K, and , represents the Sigmoid activation function. The final spatial attention
weight s e "™" isobtained.

3) Temporal Attention. The structure of the temporal attention module is the same as that of the spatial
attention module, and the expression is as follows:

s =0 (w,(AvgPool(f,))) (25)

2.3.4. Network basic units and structures. The basic unit of the network is shown in Fig. 2, which
mainly contains a GCN module and a TCN module, the structure of the two modules is the same, in
which the spatial map convolutional layer and the temporal map convolutional layer are used to
extract the spatial and temporal features of the skeleton sequences, respectively, the batchnormal layer
can alleviate the problem of gradient vanishing by executing the batch normalization operation, and
the Relu activation function can enhance the model expression ability by adding the nonlinear factors
to enhance the expressive power of the model. The adaptive module is located in the spatial map
convolution layer.
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Spatial graph convolution layer
Batchnormal layer

Relu activation layer

1 5 — STC module
Time graph convolution layer

Fig. 2. Network basic unit

The overall structure of the network is a superposition of these basic units in nine layers. The
number of output channels is 64 at the beginning and then the number of output channels is doubled
every three layers.The BN layer normalizes the input data. While training the network, dropout
method is used to remove certain nodes from the network as a way to prevent overfitting. The features
are pooled by global average and fed into a softmax classifier to obtain the final classification results.

3. Tap dance movement training recognition results

3.1. Tap Dance Movement Keyframe Extraction

In this paper, Matlab2006a is used to implement the key frame extraction method for motion capture
data used in the paper. The motion data used for the experiments were obtained from CMU and HDM05
motion databases with a sampling frequency of 120 frames/s. All the experiments were carried out on
an IntelP42. 8GHz PC with 1GB RAM. In the experiments, 10 different types of motions such as CLIMB
and JUMP were selected for testing.

3.1.1. Compression rate and maximum reconstruction error for pre-selected keytons. The
compression ratios and maximum reconstruction errors of the preselected keyframes of the motion
clips in the HdmO5 database are shown in Figures 3 and 4. From Fig. 3, it can be seen that the
preselected keyframes of the vast majority of the motions are 60% or less of the original number of
motion chastity, and only a small number of motions, such as run, rotate arms, and skier, have a larger
ratio of preselected keyframes. The vertical coordinate compression ratio in Fig. 3 is calculated as the
ratio of the number of preselected key frames to the number of original motion frames. From Fig. 4, it
can be seen that the maximum reconstruction error of the preselected keyframes for most of the
motions is less than 11 cm (110 mm), and most of them are concentrated in less than 5.5 cm (55 mm).
The pre-selected keyframes strategy extracts the “boundary” poses as candidate keyframes on the one
hand, and reduces the computation amount for selecting the keyframes that finally meet the
requirements on the other hand.
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3.1.2. Reconstruction Error Based Keyframe Extraction. Given the maximum reconstruction error
thresholds of 11-105 (mm), respectively, the results of compression ratios, average errors, and
processing rates are analyzed for the final keyframes of these 10 types of motions at a step size of 11
mm. Figure 5 shows the variation of the compression ratio distribution. When the maximum
reconstruction error of each joint is required to be no more than 11mm, the compression ratios of
these 10 types of motions vary from 4.7 times to 17.9 times, which is related to the type of motion, and
the compression ratios of all types of motions will be increased with the relaxation of the requirement
of the maximum reconstruction error, the siting, climbing, and lie down floor motions are slow to
change so they have a higher compression ratio, the The cartwheel, jump and run movements are
intense and have low compression ratios. It is generally believed that the human eye has difficulty in
detecting the maximum reconstruction error of less than 2cm, so the optimal compression ratio can
be obtained by setting the maximum reconstruction error at 20mm.
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3.1.3. Key frame extraction based on quantum particle swarm optimization algorithm. Table 1
shows the results of comparing the method of this paper with the latest method among the traditional
methods of keyframe extraction. The method uses the average reconstruction error as the evaluation
criterion for frame reduction and obtains the optimal number of keyframes (columns) based on the
reconstruction error curve of the reduced frames. In this paper, the same number of keyframes are
extracted by using the keystroke extraction method based on two-way decimation and splitting
strategy. From the table, we can see that the average error of this method is close to that of the
traditional method, and the maximum error is slightly lower than that of the traditional method, but
the traditional method extracts the optimal keycalls without considering the reconstruction effect, and
the maximum reconstruction error is more different. Since the traditional method eliminates each
frame one by one, and then calculates the average reconstruction error of different numbers of key
frames to obtain the “optimal” number of key tilts, the processing rate is slow, and the processing rate
of Quantum Particle Swarm Optimization algorithm is much higher than that of traditional method,
which is suitable for real-time compression and key frame extraction.

Table 1. Comparison of the performance of the key-dun extraction algorithms

Maximum reconstruction Mean reconstruction
Initial | Optimal Execution time (s)
) error (mm) error (mm)
Action |Length key key
Traditional This Traditional This Traditional This
frame frame
method article method article method article
Climb 459 253 21 39.55 25.18 6.49 7.81 18.86 1.86
Jump 829 515 36 217.47 153.11 22.72 30.17 53.37 2.61
Punch 965 752 55 62.71 43.73 6.64 8.65 71.02 3.15
Run 919 434 37 137.49 170.28 26.62 30.49 64.29 2.69
Sitt 1789 1268 66 40.18 22.51 5.45 6.69 228.87 4.95
Walk 658 386 27 64.47 61.09 9.36 10.74 34.35 2.23
Cartwheel | 545 173 27 177.86 157.65 20.01 26.32 25.17 1.75
Cleap 182 75 19 25.19 14.72 3.63 471 5.53 1.12
Lie 904 164 37 67.88 49.41 8.29 10.03 62.39 2.34
Squat 436 115 26 57.52 31.73 8.72 10.1 18.25 1.52
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3.2.  Recognition effects of tap dance movement training

In this paper, we take tap dance action poses as an example, and a total of six actions need to be
recognized: touch step, stomp step, stutter step, forward wipe step, backward wipe step, and walk step,
and a total of 300 video sequences are captured, which contain 1532 action sequences of multiple
human targets at different viewpoints and different distances. The parameter information of network
training is shown in Table 2. The accuracy and loss of the training process are shown in Fig. 6 and Fig.
7.

Table 2. Information on the training parameters

Parameter name Content
Action category 6
Basic learning rate 0.001(The 20-0f 80th is 1000%, and 130 is reduced by 10%)
Batch size 32
epoch 150
Dropout 0.5
1.0
0.8 1
0.6 4
3
<
0.4+
0.2 1
¢ AR S LR

T T T
0 20 40 60 80 100 120 140
Epoch

Fig. 6. Training accuracy diagram

24

2.0+

0.8 4

074 T T T T T T T
0 20 40 60 80 100 120 140

Epoch

Fig. 7. Plot of the training loss

In order to verify the precision of the AAST-CCN action recognition method in the task of dance
action recognition, this paper chooses to take recall, precision and F1 as the evaluation indexes, and



OPTIMIZATION ALGORITHM BASED DESIGN OF TAP DANCE 3577

test the trained AAST-GCN model on the test dataset, and the specific precision data are shown in Table
3.

As can be seen from the table, each action has a good recognition precision, especially the two
simpler actions of touch step and stomp step, the recognition precision reaches more than 86%. The
other four dance poses are more complex, so the accuracy is lower than the first two. The horizontal
water shooting action has body occlusion in some viewpoints, resulting in the lack of gesture
information, so its recognition accuracy is significantly lower than the other actions. In summary, this
paper uses spatio-temporal graph convolutional network for tap dance action recognition, which has
high accuracy and can well recognize the target's action based on the dancer's temporal pose
information.

Table 3. Verification of action recognition accuracy

Action category Precision Rcall F1
Touch the step 89.57% 84.77% 86.97%
Stamp 88.31% 82.29% 84.30%
A step 84.28% 81.41% 82.81%
Before the brush step 82.18% 79.21% 80.68%
After the brush step 78.39% 71.87% 74.63%
walk with the ball 82.77% 76.51% 79.54%

4. Optimization of tap dance movement path based on comprehensive indexes
4.1. Path planning based on the output of human lower limb motion characteristics

4.1.1. Limb Coordination Tap Dance Lower Limb Motion Characterization Output Based on Limb
Coordination. In order to realize the recognition of dance movement poses, training path planning
should be performed based on the human motion feature outputs, and the accuracy of the selected
human motion feature outputs reflecting the human movements of the subjects determines the
effectiveness of the path planning. The selected human motion feature output should be able to be
expressed as a function of time and can describe the motion state of the human body. The regular
human lower limb motion feature outputs are the joint angles of the hip, knee, and ankle joints, and
for the subject's leg lifting action under the tap dance action state in this paper, the sagittal plane knee
joint angle is selected as the human motion feature output to describe the rehabilitation action
performed by the subject as shown in Figure 8.

Fig. 8. Posture output of human lower limbs

4.1.2. Normalized output function based on the output of motion features. After accumulating the
knee joint data of the leg lifting action in the tap dance action state of the subjects, it was homogenized
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to prevent data mutation in a single data in the test, and the processed data was used for action training
path planning. Fourier fitting was performed on the collected output information of human motion
characteristics of the subjects, i.e., the knee joint angle, which was expressed as a continuous function
with respect to time, in order to seek the regularity of the lower limb tap dance action, and the
normalized output function obtained from the fitting was as follows:

y(t) =a,+a, cos(wt)+ b,sin(wt) (26)

where y(r) denotes the output value of the human knee angle, # denotes time, and Equation (26) is
the normalized output function of the human lower limb output with respect to time.

4.2. Optimization of tap dance movement paths with integrated metrics

4.2.1. Tap dance composite indicators. Fitts' law is a model that describes the movement
characteristics, movement time, movement range and movement accuracy during human movement.
In this section, the Fitts' theorem and the human joint angle activity threshold are utilized to design a
comprehensive rehabilitation index for human uni-joint trajectory planning of the lower extremity in
the context of the lower extremity unilateral leg, as shown in (27):

J,=J +J,

Ji =4 log,(q, / 2y(1)) (27)
J, =4, cos((100-y(¢))/10)

4.2.2. The golden section algorithm. Selecting the joint angle within the joint activity threshold that
makes the comprehensive index of tap dance take the extreme value needs to be calculated by a
suitable algorithm for searching the optimal value, and the golden section algorithm is used in this
experiment [33]. The golden section algorithm, also known as the 0.618 method, makes the search
interval containing the extreme value points shrink continuously by comparing the function values of
the trial points in order to realize the search for the extreme value.

The golden section algorithm needs to determine the search interval [4,,5,] and the allowable

error h >0, and calculate the initial test points , and 4 , which are selected as shown in (28):

{%:%+a%x%—%)

q,=a,+0.618(b,—a,) (28)

where the function values of initial test points , and 4,6 are f(p,) and fr(g,) and set i:==0.

The specific steps of the golden section algorithm are as follows:
Step 1:Judge the size relationship between r(p) and f(q,),if s(p,)< f(q,) thenproceedtothe

second step, otherwise proceed to the third step.
Step 2: Calculate the left test point, if |4 - 4, |< » then stop calculating and output , , otherwise

use formula (29), calculate the value of r(p ), update the value of i to i:=i+1,turn to step one.

a,.,=4aq;

b, =g

/q..)=f(p) (29)
4iv1 = D

Dy =a,, +0382(b,, —a,,)

Step 3: Calculate the right trial point, if (» - p.)<# then stop the calculation and output 4 ,
otherwise use equation (30), calculate the r(4 ) valueandupdatethe i valueto i:=i+1,turnto
step one.
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a,=p;

bi+1 = bi

f(pi+1) = f(qz) (30)
Pin = Y;

q.,=a,,+0.618(,, —a,,)

In this experiment, the confidence interval of the tap dance action pose training path is used as the
search interval of the golden sectioning algorithm, and the comprehensive index of tap dance is used
as the objective function of the search, and the golden sectioning algorithm continuously searches for
the joint angle that makes the comprehensive index of tap dance take the extreme value within the
confidence interval, which is the output of the optimized human dance action features based on the
comprehensive index of tap dance.

4.2.3. Optimized normalized output function. The original normalized output function is optimized
based on the tap dance composite index through the golden section algorithm, the optimized joint
angle values are used as the new human lower limb outputs, and the new human kinematic feature
outputs are fitted to the optimized normalized output function through Fourier fitting, as shown in
(31):

y(t) =a,+a, cos(wt)+ b,sin(wt) (31)

where y(7) is the optimized human knee angle output value, f denotes time, and Equation (31) is
the normalized output function of the optimized human lower limb output with respect to time.

4.3.  Simulation Experiments

In order to make the subject dance movement can be based on the current tap dance movement
training difficulty of the lower limb training optimal path, improve the training efficiency, to ensure
the effectiveness and comfort of the lower limb training, based on the human body movement
characteristics output function and tap dance comprehensive index using the golden section algorithm
model of the path optimization of the three tap dance movement training task.

As the training proceeds, the muscular endurance and control of the subject's lower limbs have been
improved to a certain extent, and it is necessary to increase the training difficulty for the patient's
damaged muscle groups to carry out sufficient stimulating training, to set the complexity weighting
coefficient z to 0.8 and the comfort weighting coefficient A, to 0.2, for example, the weighting
coefficients are substituted into the time-varying nonlinear constrained optimization problem to solve
the optimization of the path of the lower limb dance movement obtained after the solution is as shown
in Fig. 9 ((a) and (b) for flexion of knee joint and extension of leg joint respectively) and Figure 10 ((a)
and (b) for knee joint abduction and leg joint adduction respectively) are shown, when the subject is
performing the knee flexion-extension movement, the position of the knee joint in the initial state is
adjusted, and the joint range of motion of knee flexion and extension is increased based on the
constraints of the comprehensive index of tap dance under the premise of guaranteeing the safety of
the subject's dancing movement, which makes the affected side of the knee joint muscles such as the
biceps brachii receive stimulating training that is more adapted to the patient's current state,
improving the actual training efficiency. The experimental results show that through the training
trajectory, the subjects can obtain better effectiveness and comfort during the dance training process.
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Fig. 9. Knee flexion-extension exercises
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5. Conclusion

In this paper, we propose a key frame extraction method for motion capture data based on quantum
particle swarm optimization algorithm, and then use the spatio-temporal graphical convolutional
network AAST-GCN based on adaptive and attentional mechanisms to recognize tap dance movements.
The original normalized output function is obtained by Fourier fitting of the human motion feature
output, and based on ergonomics, a comprehensive index of tap dance is introduced to optimize the
training path of dance movements. Finally, the golden segmentation algorithm is used to find the knee
joint angle that makes the tap dance comprehensive index take the extreme value within the
confidence interval of the human motion feature output, and the Fourier fitting is performed on the
finding result to obtain the optimized normalized output function. The results show that the key frame
extraction method for motion capture data based on the quantum particle swarm optimization
algorithm can efficiently propose key frames that meet the requirements from the original motion
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sequence, which better meets the needs of real-time compression of motion capture data. The
accuracy of recognizing tap dance movements using the AAST-GCN method reaches more than 86%.
Using the golden segmentation of the lower limb output data constrained by the comprehensive index
of tap dance, we obtain the optimal path for lower limb movement training that can independently
adjust the training difficulty according to the current training stage of the subject, which improves the
training efficiency and ensures the effectiveness and comfort of the training.
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