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ABSTRACT

Vocal singing is a key art form of many stage singing arts, specifically including acting and singing. The
study firstly is to introduce the detection principle of YOLOVS5 target detection algorithm, on the basis
of which the original YOLOvS5 algorithm is improved by reconstructing the backbone network with the
use of SENet and GhostNet, then the original YOLOv5 algorithm and the improved YOLOv5 algorithm
are tested for comparison, and the test results show that on the target detection dataset Precision,
Recall and mAP values reach 85.75%, 72.34% and 78.48% respectively, which are all improved
compared with the original algorithm. Secondly, a high-resolution human posture estimation network
incorporating multiple attention mechanisms is proposed to further extract multi-scale feature
information and global feature information, and validated on publicly available datasets, CDLNet has
an AP value of 0.662 and an AR value of 0.731 on the vocal singing posture estimation dataset,
comparing with similar methods, the method has an MPJPE in Human3.6M The lowest is 44.6, which
is suitable for use in vocal singing posture estimation in vocal singing scenarios. Finally, an action
recognition model based on multi-granularity spatio-temporal graph convolutional neural network
designed in this paper is used to analyze the singing gesture action recognition for singing action
categories, and experiments show that the average recognition rate of MGstgcn can reach 86.5% on
the HSiPu2 dataset, which meets the demand of vocal singing gesture action recognition analysis.

Keywords: target detection, gesture estimation, spatio-temporal graph convolution, action recognition,
attention mechanism

1. Introduction

In the process of learning vocal music, it is perceived that good posture not only affects the state of
breathing, but also coordinates the interactions between the vocal organs [1-3]. Only by ensuring
correct singing posture can the vocal organs function in an overall coordinated and orderly manner.
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On the contrary, wrong singing posture will bring serious adverse effects on vocal singing and directly
affect the overall singing effect of the singer.

At the same time, singing posture is also the external manifestation of the performer's image,
temperament and mental state [4-5]. The singer's posture during vocalization is closely related to the
stage image to be presented. If the singer adopts the wrong posture to sing on stage, it will hinder or
destroy the integrity of the whole singing process [6-8]. Especially for beginners with little singing
experience, if they do not develop good singing posture habits at the beginning of the learning process,
it will be extremely unfavorable to their future vocal studies. Correct posture in singing is natural and
smooth and conforms to the overall singing state [9]. In the whole process of singing, the singer needs
to maintain a positive and relaxed state, the singing state can not be overly tense, but not too loose, to
be in the “loose but unremitting, tight but not rigid” in the best state. Correct singing posture is the
first prerequisite for singing, can create favorable conditions for singing, the whole performance and
singing has a positive role in promoting [10-11]. Establishing a scientific and correct singing posture
will make the organs of vocalization in normal working condition, the breathing airflow will become
smooth, and the breath will become even and powerful. On the contrary, wrong singing posture will
lead to the whole singing can notbe carried out smoothly. For example: in the standing center of gravity
is not stable, lift the shoulders back to the neck, tilt the head, uneven pelvic force, etc., the limbs will
show obvious incoordination and sense of tension, and will be directly in the singing voice response,
which is manifested in the vocal powerlessness, high respiratory position, the phenomenon of
shouting is more obvious, etc. [12]. In addition to the problem of the center of gravity, head movements
also affect the musical quality of singing [13].

Therefore, in vocal music teaching, we need to fully recognize the importance of singing posture,
pay attention to singing posture, develop good singing habits, help regulate the voice, better and faster
mastery of more scientific singing skills [14-15].

For the vocal singing target recognition part, the backbone network of YOLOv5 target detection
algorithm is reconstructed, and GhostNet and SENet are fused in the network to optimize its
performance in terms of model volume and algorithmic accuracy, and experimental validation is
carried out to achieve efficient and accurate image recognition of people's poses in vocal singing videos.
A high-resolution singing pose estimation network incorporating multiple attention mechanisms is
also proposed, using coordinate attention to construct a new module for substitution to enhance the
feature extraction capability, and adding a multiscale attention module and a nonlocal attention
module to further extract multiscale feature information and global feature information. Subsequently,
a vocal singing gesture recognition model based on multi-granularity spatio-temporal graph
convolutional neural network is designed, which contains three parts: encoder, decoder and classifier.
Among them, the encoder helps the network to learn more stable motion features between coarse and
fine granularity, and the decoder uses self-supervised training based on motion prediction head to
help the network to extract motion features using unlabeled data for semi-supervised learning. Not
only that, the network also achieves fully supervised learning with the encoder, decoder and classifier.
Finally, the estimation and recognition algorithms for vocal singing gestures are tested on the self-
constructed dataset separately.

2. Based on the improved YOLOvS5 target detection algorithm design

2.1. Principle of YOLOvS5 target detection algorithm

YOLOVS5 is divided into four models: YOLOv5s, YOLOv5m, YOLOv5] and YOLOv5x. In this paper,
considering the size of the network model and the time cost of detection, YOLOv5s is chosen to
construct the target detection model.The structure of YOLOv5 algorithm can be divided into four parts:
Input, Backbone, Neck, and Prediction.Here, the network composition is introduced with the structure
of YOLOv5s which is used in this system [16].
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1) Inputlayer. YOLOVS5 in the Input layer is utilizing Mosaic data enhancement, Adaptive Anchor Frame
Calculation and Adaptive Image Scaling as three ways to preprocess the input image, which greatly
enriches the dataset as well as reduces the performance required in the training phase.
2) Backbone layer. YOLOVS5 is mainly composed of three modules, Focus, CSP and SPP, in the Backbone
layer, which effectively extends the acquisition range of the feature extraction network and clearly
distinguishes the most important contextual features.
3) Neck layer. YOLOvVS5 adopts the structure of FPN+PAN in the Neck layer. Where FPN passes the strong
semantic features of the input feature map from top to bottom. But the structure only passes the strong
semantic features and ignores the localization information. Therefore, PAN is to add a bottom-up
channel behind the FPN to convey strong localization features.
4) Prediction layer. YOLOVS in Prediction layer is mainly reflected in the two aspects of loss function
calculation and non-extremely large value suppression.The loss function of YOLOvVS is initially
calculated by GloU.GIoU is used by YOLOV5 to calculate the loss of the bounding box during the training,
which is in turn calculated by IoU, as shown in Equation (1).

GlouzloU—MfA—_U' 1)

C

where 4. is the minimum closure area between the two frames, the predicted frame and the real
frame,and U is the area of the region outside the two frames in 4. However, GloU is inaccurate in
regression when the predicted box overlaps with the target box and cannot distinguish the relative
positions of the two boxes when their center points coincide. Therefore, later YOLOvV5 algorithm uses
the more effective CloU, which takes into account the overlapping area between the predicted and
target boxes, the distance between the center points, and the corresponding aspect ratios of the two
boxes, as shown in Equation (2).
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Where, V is the aspect ratio consistency parameter, Dis, is the Euclidean distance between the
target frame and the center of the prediction frame, Dis, is the diagonal distance between the target
frame and the smallest outer rectangle of the prediction frame, and & is the equilibrium parameter
as shown in equation (3).

2.2. Improved YOLOvS5 algorithm structure design

2.2.1. SENet. The three operations performed by the SE module for processing are as follows:

First, the SE module compresses the high-dimensional input features 0 to one dimension by Squeeze
(squeezing) method using global average pooling technique. The whole space can be encoded after
utilizing the Squeeze method to obtain the global compressed feature volume of the current
feature.The specific operation of Squeeze is shown in equation (4).

1 ..
Z, =Eq(“c)=mg,;%(laj) (4)
The result of the Squeeze operation is then subjected to the Excitation operation, which has two
fully connected layers. The first fully-connected layer in the figure is to reduce the dimensionality of
the input, and then use a nonlinear activation function for the output. The second fully connected layer
restores the dimensionality to the initial state. The two operations improve the generalization ability
of the model and reduce the complexity of the model.The Excitation operation is shown in equation



4076 HUANG AND LI

(5).
s=F, (z,W)=0(g(z,W))=c(W,0(W,z)) (5)
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Where, 0 denotes the Sigmoid function, 6 denotes the ReLU function, W, ell 7XC,W2 cn

and here 7 are parameters introduced to reduce the dimensionality of the fully connected layer.

Finally, the values obtained from each channel after Excitation and the input features U are
subjected to the Scale (scaling) operation to obtain new features. F,., The meaning of the operation
is to act the weight values of the importance of each channel obtained from the previous operation on
the corresponding channel respectively, so as to achieve the role of feature rescaling.The formula for
the Scale operation is shown in equation (6).

xc = Fjvcale (uc s Sc) = Sc ’ uc (6)

2.2.2.  GhostNet. The Ghost module adds linear operations to the traditional convolutional
operations to merge the generated Ghost feature maps with the eigenfeature maps and finally get the
output results.

For a given input X <[] ", where ¢ is the number of input channels, /% is the height, and W
is the width of the input, the operation procedure for generating the eigenfeature map by the
conventional convolution operation is shown in equation (7).

Y=X*f+b (7)

where fell“**" s the convolution kernel of this layer, * is the convolution operation, b is the
deviation term, and Y e[1”"" refers to the eigenfeature maps of the 7 channels. In addition, #
and w denote the height and width of the output data, respectively, and kxk is the kernel size of
the convolution kernel. The computational effort (FLOPs) of this convolution operation is
n-h-w-ck-k.

However, this convolution operation is performed with a large number 7 of convolution kernels
and a large number of channels ¢, which results in a lot of redundancy in the output feature map. In
order to reduce the generation of these redundant features, a single convolution can be used to
generate an eigenfeature map of smaller size as shown in equation (8).

Y =X*f (8)

where [ €[] “**" isthe convolutional kernel used, y <[] is the eigenfeature map of the
channels, m<n and the bias term is omitted for this operation.

Ideally, the Ghost module contains 1 constant transform and 7/s(s—1) linear operations, and the
kernel size of the operation for each linear operation is dxd . Therefore, the speedup example of
replacing the normal convolution operation using the Ghost module is shown in Eq. (9).
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where dxd and kxk have similar magnitudes and sl ¢, then the theoretical parameter
compression example is shown in Eq. (10).
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So the theoretical parameter compression ratio obtained by replacing the ordinary convolution with
the Ghost module is approximately equal to the acceleration ratio, but it is much less computationally
intensive than the ordinary convolution before replacement.

2.2.3.  Structural design. The SENet and GhostNet described above are incorporated into the YOLOv5
backbone network for the purpose of improving the YOLOvS5 algorithm, as shown in Fig. 1.

The improved model utilizes the Ghost Bottleneck module with a step size of 1 instead of the original
feature extraction layer, and the feature extraction is not affected in any way. The ordinary
convolutional layer in the original network model is replaced by the Ghost Bottleneck module with
step size 2. The GhostNet network composed of two Ghost Bottleneck modules utilizes linear
transformations in the model to reduce the volume size and reduce the computational cost of the
network. On the other hand, the dependency between feature channels is considered, and the SE
module is utilized for the fusion of feature channels, which completes the validation of the channel
dimensions of the Ghost Bottleneck module against the original features, enhances the expression of
features, improves the robustness and accuracy of the extracted features of the Ghost Bottleneck
module, and accelerates the convergence of the network model.

Focus[64,3] SE[1024,16]
| T
Conv[1238,3,2] SPP[1024,[5,9,13]]
L T
Ghost Bottleneckx3 Conv[1024.3.2]
[128,3,1] 0
4
Ghost Bottleneckx1 SE[512,16]
[256,3,2] T
N Ghost Bottleneckx9
Ghost Bottleneckx9 [512,3,1]
[256,3,1] T
A Ghost Bottleneckx1
SE[256,16] [512,3,2]

I i)

Fig. 1. Reconstructed YOLOv5 main dry network
2.3. Experimentation and Analysis

2.3.1. Datasetselection. The goal of this chapter is to train a highly accurate human target detection
model that facilitates the task of pose estimation for vocal singing.In order to have a more critical
judgment on improving the performance of the model, the official dataset MS COCO dataset was chosen
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as the dataset for the human detection experiments.The MS COCO dataset is a large dataset of target
detection, segmentation, and keypoint detection that contains multiple types of image annotations.
Since the research objective of this paper is the category of "person”, the "person"” class in the MS COCO
dataset is selected as the dataset of the experiment in this chapter, which contains 45174 pictures of
the human body, including 185316 labeling frames of the "person” class, and 5000 pictures are
selected as the object detection dataset of this paper due to the limitation of the experimental platform
and experimental time, and the training set is divided according to the ratio of 8:1:1. Validation set and
test set, that is, 4000 sheets are randomly selected as the training set, 500 sheets as the validation set,
and 500 sheets as the test set.

2.3.2. Experimental setting and evaluation indicators. The model uses precision, recall, weighted
score, average precision, mean average precision, accuracy, and frames per second as evaluation
metrics to examine the model performance. The calculation formula is as follows:

Precision = Lx 100% (11)
TP+ FP
Recall =Lx100% (12)
TP+ FN

Fl—score = 2x Precision x Recall «100% (13)
Precision + Recall

AP = jol P(R)dR (14)
) — (15)
N(Class)
Accuracy = TP+ TN x100% (16)
TP+TN + FP+FN

The AP value is the value of the area of the PR curve for a particular category, and the vertical
coordinate in the Cartesian coordinate system where the PR curve is located is the precision rate P, and
the horizontal coordinate is the recall rate R. The precision rate is the proportion of the number of
positive samples correctly predicted by the model to the number of all samples predicted to be positive,
and the recall rate is the proportion of the number of positive samples correctly predicted by the model
to the number of all samples that were actually positive, and at different confidence thresholds, there
are different precision rates and recall rates. Plot the PR curve based on the (R, P) values and calculate
the area under that curve, which is the AP value for a category. Calculate the AP value for all categories
and find the mean value which is the mAP value.

2.3.3. Experimentation and analysis. The experiments in this chapter use Adam optimizer to train
the model with momentum of 0.937 and a total of 400 Epochs, 100 Epochs are trained in the freezing
phase with batch_size set to 8 and a learning rate of 0.001, and after thawing, another 300 Epochs are
trained with batch_size set to 4 and a learning rate of 0.0001. The Warm up method was used to speed
up the model convergence during the training process.

The training and validation loss curves of the improved YOLOv5 algorithm model are shown in Fig.
2. During the training process, the training loss and validation loss are smoother, and the size of the
loss value drops below 0.4 in the first 20 epochs, and the model is able to quickly converge to a lower
loss value in the early stage of training, which indicates that the model exhibits a good performance
on the learning task. The P-R curve of the detection results on the test set is shown in Figure 3, and the
AP value of “person” is 78.11% by calculating the area of the lower part of the P-R curve in the
coordinate system.
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Fig. 2. Improved YOLOV5 algorithm loss curve
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Fig. 3. Improved YOLOvV5's p-r curve

In order to better verify the effectiveness of the algorithm in this paper, comparison experiments
before and after the algorithm improvement are conducted. A total of four groups of networks are
verified, respectively, YOLOv5s, C2f-YOLOv5s, C2f-CC3-YOLOv5s, and the improved YOLOvVS5 algorithm,
all of which use the dataset produced in this paper, all of which are trained in the same experimental
platform, and after obtaining the optimal model, the test is conducted on a test set, and the results of
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the objective evaluation of the experimental models are compared and contrasted as shown in Table
1. Where the complexity of the network is measured by the number of parameters and floating point
operations (FLOPs), the smaller the values of the number of parameters and FLOPs, the lower the
network complexity. Compared with the original algorithm, the improved YOLOvS5 algorithm has
improved in the number of parameters and floating point operations, but the network complexity of
this algorithm is still at a very low level compared to other deep learning based target detection
algorithms. The improved YOLOv5 algorithm achieves a Precision value of 84.46%, a Recall value of
72.34%, a mAP value of 78.14%, a Parameters value of 8.716 x 106, and an FPS of 51.04 on the dataset
of this chapter.The number of parameter of the model of this algorithm has slightly increased, and the
speed of detection has slightly decreased, but the Accuracy, the Recall, and the average precision are
greatly improved.

Table 1. The YOLOv5 algorithm improves the performance contrast of the test

Algorithm P (%) R (%) F1 (%) mAP (%) Parameters (106) FLOPs (106) FPS
YOLOv5 79.15 66.29 74.72 74.32 8.023 17.267 53.51
C2f-YOLOv5 83.24 70.15 76.48 75.37 8.541 21.052 52.16
C2£-CC3-YOLOv5 85.28 72.06 78.11 77.23 8.716 21.064 51.22
Improved YOLOv5 85.75 72.34 78.48 78.14 8.716 21.064 51.04

3. Vocal singing posture and movement recognition
3.1. Singing posture estimation incorporating multiple attention mechanisms

3.1.1. High-resolution networks. The feature extraction process is shown in Fig. 4, where the high-
resolution thermogram is first down-sampled to reduce the resolution of the feature map, and then
returned to the original resolution by up-sampling. However, the serial method is difficult to effectively
integrate the information from different resolution feature maps, and the repeated up and down
sampling process may result in the loss of feature information, thus affecting the accuracy of attitude
estimation.

/]

Ij Feature maps of —» Convolution
different resolutions operation

Fig. 4. Traditional network structure

3.1.2. Network architecture design. In this chapter, we mainly use HRNet as the backbone network,
and design a high-resolution network based on multiple attention mechanisms by fusing the attention
mechanisms to enhance its feature extraction ability in multi-person complex scenes.

The design process of CDLNet is as follows:
1) At the very beginning, a preprocessing operation needs to be performed on the input image, in
which two convolutions with a step size of 3x3 will be used to reduce the resolution of the image.
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2) In the first stage four Coorneck modules are utilized to replace the original Bottleneck modules for
enhanced extraction of spatial coordinate feature information.

3) The subsequent three stages utilize Coorblck modules to replace the original Basicblock modules,
also used to enhance the extraction of coordinate information. The resolution of each stage is gradually
reduced to 1/4,1/8,1/16 and 1/32 of the original.

4) A 64x48x17 thermogram is finally obtained as output for performing human body attitude
estimation.

3.1.3. Module construction based on coordinate attention. In the coordinate attention module, the
global pooling in the channel attention is replaced by encoding two one-dimensional vectors, and then
the feature X is encoded in the horizontal direction through the pooling kernel (H, 1) and in the vertical
direction through the pooling kernel (1, W). Where the one-dimensional features in the horizontal
direction vertically are shown in equations (17) and (18).

1

z!'(h) =W0§ch(h,i) (17)
2! (w) =%0§ch(]‘, W) (18)

The above two expressions transform the features from different directions into feature maps
corresponding to their directions, and then the far distance relationship is obtained by the attention
module and the space is preserved, and then Eq. (17) and Eq. (18) are concatenated and passed
through a 1x1 convolutional layer to obtain the attention maps by performing a target transformation
on the embedded information. This transformation process can be represented by Eq. (19):

f=8(F(".2"]) (19)

Where f denotes the intermediate feature mapping; & denotes the activation function to be
used; and F, denotes the splicing of the pooling results in different directions. f e K"
Because it contains intermediate features in different directions, it is necessary to decompose f into
two other features f" e K" and f"eK“*" using spatial dimensionality, and then use 1x1
convolution and sigmoid function to make their dimensions consistent with the inputs as shown in
Egs. (20) and (21):

g"=o(F,(f") (20)
g"=a(F,(/™) (21)

Combining g" and g" into a weight matrix is used to calculate the output of the coordinate
attention module, and finally, the output of the coordinate attention module is shown in equation (22):

v (i, ) =x., ))x gl ()< g (j) (22)

Where, )y, denotes the output features; X. denotes the input features; gé’ denotes the spatial
features in vertical dimension; g denotes the spatial features in horizontal dimension.

3.1.4. Multi-scale attention module. The multiscale attention module contains multiple parallel
branches of attention, each responsible for processing features at different scales. Among them,
different branches have different receptive field sizes to accommodate different levels of features. By
adding this module to the high-resolution network structure, the network can be made to consider
feature information from multiple scales and fuse them across different branches to extract feature
information from each branch [17].

In the first branch, the input feature map A (C x H x W) needs to be subjected to three convolutional
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layers to obtain three other feature maps B, C, and D, which are then reconstructed as C x N, where N
= H x W. Next, the reconstructed B is transposed and multiplied by the elements of the reconstructed
feature map C, and the result is passed through the SoftMax function to obtain the spatial attention
map S (N x N). The attention map S is then multiplied by D and scaled by a scale factor &. The resulting
tensor is reshaped back to its original shape and added to the input feature map A to obtain the final
output E. This is shown in equation (23):

__exp(B,C)
A (23)
Zexp(Bl. ’ C_/)
i=1

where S denotes the effect of ;" -position on ;" -position. Then in order to obtain the final output
feature map E, a new feature map D is obtained by first passing the feature A through the convolutional
layer.Then D is shaped into a new representation K¥ and a transformation tensor is obtained by
computing the transpose between the shaped attention maps S and D by performing a matrix
multiplication K . Finally, K" scaling is performed through the parameter & and the
original feature A is added to the elements to obtain the final tensor result £ e K", the specific
process is shown in equation (24):

N
E =a) (s,D)+4, (24)
i=1

Where @ denotes the weight factor and its initial value is 0. In the second branch, it is necessary
to multiply the two extracted feature maps, and then in the feature transfer through the SoftMax
function, so that a new channel attention map can be obtained X(CxC). The specific process is
shown in Equation (25):

exp(4,- 4,)
Xi =

> exp(4,-4,) (25)

i=1
where X; denotes the effect of channel i” on channel ;" . After the above operation, the
reconstructed feature mapping K< is obtained by calculating the transpose of X and performing
a matrix multiplication with A. Subsequently, the obtained result is multiplied by the scale parameter
£ and an element-by-element summation operation is performed using A. This process produces the
final output E e K<* asshown in Equation (26), where A learns the weights starting from zero:

E = ﬁi(xﬂA,)m (26)

3.1.5. Non-localized Attention Module. First, X = TxHxWx256 in the module needs to go
through three 1 x 1 convolution operations to reduce its own dimension, which results in new three
feature maps a, b, and c. This has the advantage of reducing the number of channels in the network
and reducing the number of parameters. The three feature maps are then reshaped to a size of T x H x
W x 128. The reshaped feature map b is transposed and multiplied with the matrix to obtain the
product ab, which is then multiplied element-by-element with the feature map c after passing through
the SoftMax function, and then the result of the multiplication is subjected to a 1x1 convolution
process to restore the original number of dimensions so that it matches the input dimensions. In this
case, the nonlocal attention mechanism is defined as shown in equation (27):

Y= e )Zf(X,,x )g(x,) (27)
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where i denotes the output positionindex; J denotes the index of all possible positions; and C(x)
denotes the normalization function. Finally, combining Eq. (27), the nonlocal module definition is
obtained as shown in Eq. (28):

z, =Wy +x (28)

where W, denotes alearnable matrix; ); denotes an output; and X; denotes an input.
3.2. Singing action recognition based on spatio-temporal map convolutional neural network

3.2.1. Overall Architecture and Problem Definition for Action Recognition Modeling. The main
framework based on the Multi-Granularity Spatio-Temporal Graph Convolutional Neural Network
(MGstgcn) is shown in Fig. 5, and the model consists of three main modules: an encoder for extracting
the motion information, a decoder with temporal level online difficult joint-point mining training, and
an action classifier. The encoder module consists of a joint point coordinate subtraction block, a
granularity information fusion module and a granularity transformation module. Its purpose is to
extract richer semantic information of movements by mutual guidance of different granularity
information, and output three feature granularities as inputs to decoder and classifier.

Encoder

e

Q| GIFM -3 GIFM = @ | — Decoder —>
=
. Lossp
Enter no action class
skeleton sequence Weight Weight
migration Encoder migration
Decoder
@ LOSSp * cm—
fi‘. — | Q2 GIFM Y GIFM = 2| — —>| o e—
Decoder o _—
Input skeleton Lossw

sequence with action
class

Fig. 5. Overall structure diagram of the model

In this paper, a skeleton graph is denoted using G =(V,B,C), where V denotes a joint point, B
denotes a body skeleton connected by a joint point, and C denotes a body part connected by a
skeleton. The adjacency matrix is defined as 4 €{0,1}"", where 4,; =1 when i isconnectedto J,
and 0 otherwise.The adjacency matrices at all three granularities use the same partitioning strategy
as ST-GCN.

3.2.2.  Encoder module for extracting features. First, a new representation of the human body is
proposed: the multi-granularity map, and unlike previous work that only divides the joints, this paper
divides the human joints into granularity according to the human skeleton and body parts. The multi-
granularity computation relies on the Cs module, which is not generated by erasing the extra joints on
the bones or body parts as in previous work, but by subtracting the coordinates of the joints. This
approach preserves more motion information without destroying the integrity of the information.

Secondly, this paper proposes a granularity information fusion module (GIFM), as shown in Fig. 6,
which consists of a single-granularity feature extraction block ST-GCN and a multi-granularity fusion
block (Msfb). After single-granularity motion features are extracted by ST-GCN, then the granularity
interaction motion information is acquired by Msfb.
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In this paper, a three-layer MLP as shown in Fig. 6 is designed to obtain the attention matrices of
two neighboring granularities 4, , which speeds up the computation and is easy to train. The process
of generating 4s;5; can be described as follows:

hsl = fMLP] (F™) (29)
hsz = fMLPZ (F™) (30)
A, =softmax(hh,) (31)

where fyz and fu, denote the MLP, and F* and F* denote the features at joints S, and
S,, respectively. 4, is the attention matrix from S, to S,. After obtaining the attention matrix
4, , cross-granularity human correlations are adaptively explored in different ways. And using 4,
to introduce information from neighboring granularities S, to S, into S, the features at S, are
updated as:
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Fig. 6. Structure diagram of the granularity information fusion module

Then after GIFM training, the skeleton granularity and body part granularity are reduced to six-node
granularity as input to the decoder or classifier. The skeleton granularity map or body part granularity
map is converted to an articulation point granularity map. For example, one joint point of the left arm
is converted to elbow, wrist and hand joint points. One MLP is applied to each granularity map part,
and since there are 15 parts in total for S, and S,, a total of 15 MLPs are applied to realize the
granularity conversion of the graph. When converting S, backto S, (S, operates similarly), it can
be described by Eq. (33):

= f,(F) (33)

where F: isthe feature at S,,butwith the same number of nodesas S,. F;* is the feature when

the granularity is skeletal.
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3.2.3. Decoder Module for Predicting Action Categories. In this paper, the features extracted by the
encoder are decoded from larger to smaller granularity. The larger granularity provides information
about the global motion evolution, which can indicate approximate motion direction, velocity, and
class of action. The smaller granularity is then able to predict the exact joint position using the global
information. By using Tohjm's training approach in the training phase, the network is able to focus its
attention on joints where losses are difficult to reduce, and this strategy helps the model to focus more
on hard samples and effectively reduce prediction errors.

3.2.4. C(lassifier Module for Recognizing Action Categories. The role of the classifier is to classify the
human actions of the skeleton sequence based on the motion features extracted by the encoder. The
classifier uses a spatial-temporal average pooling layer (STAVP) and a full connectivity layer (FC). The
output scores of the joints from larger to smaller granularity are then summed as the final action
classification score.

3.2.5. Loss function. Reconstruct the loss function of MGstgcn as follows:

Loss,, = Loss, + ALoss, (34)

M
Loss, = —z p.log(q.) (35)

c=1

where Loss,, istheloss function of the whole network, Loss, is the cross-entropy loss function, and
loss, is the position loss error of the joints. /0ss, is shown in equation (36):

. 2
P =Pl = Lo (36)

1
Lossp =WZZ

1 m=1

K
j=

where P,, is the predicted joint positionand p;, is the true joint position.
4. Vocal singing posture recognition experiment and analysis
4.1. Analysis of vocal singing posture estimation

4.1.1. Data sets. For vocal singing gesture estimation, the output of vocal singing gesture estimation
is used as the input of vocal singing gesture estimation, and the output is a sequence of vocal singing
gesture points containing depth information. The vocal singing gesture estimation experiments are
mainly trained and tested using the Human3.6M dataset. The action videos of the dataset were
produced by four stationary RGB cameras shooting at 50 HZ. The dataset contains 15 different actions,
including S1: standing, S2: jumping, S3: raising hands, etc. A total of 15 subsets are used in the
experiments of vocal singing gesture estimation method in this chapter, the subsets (S1, S5, S6, S7, S8)
in Human3.6M are used for the training of vocal singing estimation network, and the subsets (59, S11)
are used for the testing.

4.1.2. Evaluation indicators. For vocal singing posture estimation, the metric Mean Posture Point
Position Error (MPJPE) is usually used to measure the model accuracy, and the MPJPE value is
determined by the Euclidean distance between the predicted skeletal posture point coordinates and
the corresponding actual labeled skeletal posture point coordinates, and the smaller the metric value
is, the higher the model accuracy is represented, and the better the vocal singing posture estimation
algorithm is. The MPJPE is computed as shown in Eq. (37).

zg,le (D Evs - B% D)
FJ

MPJPE = (37)
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4.1.3. Related parameter settings. The experiments in this chapter are based on the high-resolution
network mechanism with multiple attention mechanisms, mainly trained on the vocal singing posture
estimation dataset, for Openpose, Pifpaf, HRNet and HigherHRNet using the trained models in the
MMPose open source toolkit on the dataset in this paper. The experimental hardware and software
environments used for 2D human posture estimation are shown in Table 2.

Table 2. Experimental hardware and software environment Settings

CPU GPU Memory Hard disk
Hardware environment Intel® CoreTM Samsung 980 pro Nvme™
) NVIDIA 3080*1 DDR5- 4800MHz
i5-12400 m.2
System Python version Anaconda version CUDA version
Software configuration
Windows11 3.8 2022.10 64bit 11.7

4.1.4. Analysis of experimental results. The vocal singing posture estimation experiments in this
chapter are carried out using the same deep learning environment based on the vocal singing posture
estimation dataset used in this paper under the same configuration conditions, comparing the bottom-
up Openpose and Pifpaf methods as well as the top-down Mask-RCNN, HRNet, and HigherHRNet
methods with the CDLNet method proposed in this paper in the performing vocal singing posture
estimation.The specific training process loss curve of CDLNet method is shown in Fig. 7. After
obtaining the training of the feature extraction network, the experiment counted the distribution of
pose point confidence on the test set, and analyzed the correspondence between the erroneous poses
in the visualization effect and the confidence of the pose points in the human body parts; the
distribution of the pose points with confidence lower than 0.6 was particularly discrete, and the vast
majority of the visually erroneous pose points were concentrated between 0.6 and 0.12.
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Fig. 7. CDLNet network training loss diagram

Based on the attitude point distribution, the starting value of the confidence threshold A is
incremented in steps of 0.01 from 0.60 to determine the confidence threshold A in the attitude point
correction module when making the highest model precision, and the results are shown in Fig. 8,
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where the highest precision and recall of the CDLNet model is achieved at A of 0.72.
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Fig. 8. The Ap/Ar value varies with the threshold

For the accuracy, Table 3 shows the comparison results between the vocal singing posture
estimation method CDLNet proposed in this paper and the current mainstream methods in terms of
accuracy (AP) and recall (AR) in the same experimental environment, from which it can be seen that
the vocal singing posture estimation method CDLNet's accuracy (AP) is higher than that of all other
methods, and the recall is 0.721.

Table 3. The vocal performance of the vocal performance was compared

Methods Backbone network AP APS5 AP.75 APM APL AR
Method 1 Vgg 0.571 0.802 0.645 0.543 0.657 0.636
Method 2 ResNet50 0.483 0.718 0.521 C0.358 0.591 0.545
Method 3 ResNet50-FPN 0.618 0.754 0.596 0.574 0.694 0.675
Method 4 HRNet-32 0.663 0.849 0.718 0.617 0.753 0.714
Method 5 ResNet50 0.641 0.836 0.664 0.584 0.736 0.704
CDLNet - 0.653 0.844 0.707 0.608 0.762 0.721

For the vocal singing pose estimation method CDLNet used in this paper, the accuracy of its vocal
singing pose estimation is evaluated after training, and the MPJPE metrics are compared with the
current mainstream vocal singing pose estimation methods on the Human3.6M dataset, and the
comparison results are shown in Table 4.

Method 13 in Table 4 is an end-to-end 3D human pose estimation method, all others are 2D pose
mapping to 3D pose, sin denotes the interval step for video token selection, and sout denotes the
interval step for outputting 3D pose frames of the video. Finally, in the complex motion action dataset,
this chapter uses the vocal singing pose estimation method CDLNet to obtain the 3D human poses in
the singing action frames, and Fig. 9 shows its visualization effect.

Table 4. The vocal performance of the vocal performance was compared
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MPJPE
Method sin
Key-frames All frames

Method 1 4 47.7 46.7
Method 2 4 46.1 45
Method 3 4 45.8 44.8

CDLNet 4 45.9 44.6
Method 5 10 49.8 49.3
Method 6 10 47.2 46.6
Method 7 10 45.9 45.4
Method 8 10 45.9 45.2
Method 9 20 52.8 55
Method 10 20 47 49.3
Method 11 20 46.4 48.7
Method 12 20 46.3 46.9
Method 13 - - 65.6

Fig. 9. Visual performance of vocal voice estimation model

4.2. Analysis of vocal singing movement recognition

4.2.1. Data set processing. In this paper, the pictures in the vocal singing posture section of HSiPu2
are reclassified into eight categories according to the correct or incorrect details of the movements,
which contain upright posture, head and neck posture, swinging hand and loose shoulder posture,
lifting muscle and shouting posture, smiling and frowning posture, and hand and arm posture. After
data enhancement means such as left-right flip and Gaussian noise, a total of 9452 images were
obtained.

4.2.2. Experimental Procedures. In order to verify the feasibility of the vocal singing posture
recognition method based on convolutional neural network with multi-granularity spatio-temporal
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map, this paper chooses the classical models such as VGG16, KNN, SVM, Decision Tree and Random
Forest as the comparison models. Among them, VGG16 is not processed by human gesture estimation
and gesture analysis, and uses the original pictures as input features, with the learning rate set to
0.00001 and epochs set to 100; KNN uses a 10-fold cross-validation method and takes the K value to
be 4; SVM uses the lattice search method and takes 5 as the C value, and the kernel function is poly,
and Decision Tree using grid search method, the maximum depth of the tree is taken as 6, the minimum
number of samples required for leaf nodes is 2, the minimum number of samples required for node
reclassification is 2, and the number of Random Forest classifiers is set to 200.Meanwhile, Accuracy is
chosen as the evaluation criterion for each classification model. That is, for a given motion dataset, the
ratio of the number of samples T correctly classified by the classifier to the total number of samples N
is used as the evaluation index. Each experiment randomly divides the dataset proportionally and
repeats five times, and the experimental results are taken as the mean value. The experimental
environment of this paper is shown in Table 5.
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Table 5. Experimental environment

Categories Environmental details
Operating system Ubuntu-LTS 20.04
Programming language Python
RAM 64GB
CPU Intel-12700KF
GPU Nvidia-3090
Depth learning framework torch=1.12.1 torchvision= 0.13.1

4.2.3. Experimental results and analysis. The comparison of the final model's classification results
on each posture category is shown in Table 6, and from the experimental results, it can be seen that
MGstgcen outperforms the other comparison models in terms of accuracy, with an average accuracy of
up to 86.5%. This is because the motion information can be better captured from the trajectory of the
human joint points changing with the motion, which can be analyzed in combination with the rules of
the gesture itself to better discriminate whether the movement is standard or not.

Table 6. Comparison of experimental results

VGG16 | KNN | sym | Dedsiom | Random - een
Tree Forest
Stand up 0.891 0.861 0.888 0.75 0.882 0.927
Neck position 0.717 0.677 0.764 0.365 0.594 0.823
Hand loose shoulder posture 0.828 0.817 0.849 0.831 0.856 0.877
The lifting muscle shouts 0.777 0.809 0.832 0.817 0.694 0.881
Smiling eyebrow 0.92 0.94 0.912 0.882 0.905 0.921
Palm arm posture 0.839 0.877 0.847 0.834 0.818 0.859
Average accuracy 0.829 0.83 0.849 0.747 0.792 0.865

In order to verify that there is variability in the performance of the algorithms, a Friedman test is
used to make a judgment. The mean ordinal values of the algorithms are shown in Table 7, comparing

k algorithms on the individual N datasets, such that 7 denotes the mean ordinal value of the ith

algorithm. 7 obeys a chi-square distribution with mean (k+1)/2 and variance (k*+1)/2. z.°

obeys a chi-square distribution with degree of freedom k—1,and 7.°, obeys an F-distribution with
degrees of freedom k-1 and A—1(N-1).

1N (Z k(k+l)

T k(k +1) ) (38)

(N-D)z;

NG -7 (39)

The statistic 7, is calculated to be approximately equal to 7.673, which is greater than the
corresponding critical test value in the F-distribution. Therefore, there is a significant difference
between the performance results of multiple algorithms. In summary, the MGstgcn algorithm
proposed in this paper is capable of intelligently analyzing and evaluating vocal singing posture in real
time, providing a new means of recognition.

Table 7. Algorithm order value

Decision Random
VGG16 KNN SVM MGstgen
Tree Forest
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Stand up 3 6 4 7 5 2

Neck position 4 5 3 7 6 2

Hand loose shoulder posture 4 7 5 6 3 2

The lifting muscle shouts 5 4 2 3 7 6

Smiling eyebrow 2 3 5 7 6 4

Palm arm posture 3 2 5 6 7 4
Average order value 3.5 4.5 4 6 5.7 3.3

5. Conclusion

The article investigates vocal singing posture based on image recognition technology, reconstructs the
backbone network using SENet and GhostNet, and improves the original YOLOv5 algorithm, and finally
conducts a comparison test between the original YOLOv5 algorithm and the improved YOLOv5
algorithm, and the improved YOLOVS5 algorithm N has a precision value of 85.75% and a Recall value
of 72.34%, and an FPS of 51.04. A proposed method based on the image recognition technology is
based on the vocal singing posture, and the mAP value is 78.34%. 85.75%, Recall value of 72.34%, mAP
value of 78.48%, Parameters value of 8.716x106, and FPS of 51.04. A high resolution network based
on multi-attention mechanism (CDLNet) is proposed, which has the highest precision of gesture points
in the singing action dataset, with an AP value of 0.662 and AR value of 0.731.According to the action
recognition model based on multi-granularity spatio-temporal graph convolutional neural network
proposed in this paper for gesture analysis of vocal singing gesture actions, experimental validation
on the HSiPu2 dataset shows that this algorithm has a higher accuracy than the other commonly used
algorithmic models in recognizing vocal singing gesture actions.
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