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ABSTRACT As the behavior analysis of human body is more and more used in the fields of intelligent
monitoring and motion analysis, it is of great significance to conduct research.The current two-dimensional
regression network algorithm models in human motion recognition and estimation do not consider the
interrelationships between human joint points, resulting in missing connections between joint points and low
accuracy of feature maps. Therefore, this study proposes an improved two-dimensional regression network
algorithm model based on local constraints and relational networks, and verifies its effectiveness. The
experimental results show that, considering only local constraints, the proportion of the head in the correct
key points of the improved algorithm in the wrist joint score is 84.72%, while the comparison algorithm
is 84.55%, an increase of 1.17%. The maximum value is 88.7% when the number of regression network
modules is 8. In practical applications, the actual label results of indoor and outdoor environments are
basically consistent with those of the detected image, but there are errors under indoor occlusion conditions.
Considering both local constraints and relational networks, the improved algorithm has variant standard
scores of 98.8%, 95.3%, 93.3%, 89.4%, 95.1%, 96.2%, and 94.2% for the correct percentage of 7 joint
points, respectively, which are higher than the comparison algorithm. Overall, the proposed two-dimensional
regression network algorithm based on local constraints and relationship networks has practicality and
effectiveness, which can be effectively applied in practical human motion recognition.

INDEX TERMS Enter two-dimensional regression network algorithm, human body movements, relationship
network, PCKh, joint point.

I. INTRODUCTION

Human pose estimation refers to locating the position of
human joint points in a given image or video, and the
actual output is the coordinates of human joint points.
In human motion recognition and three-dimensional pose
estimation, two-dimensional human pose estimation is an
important foundation [1]. The popularization and develop-
ment of mobile devices have created a great market for the
application of human posture estimation, such as motion clas-
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sification, rehabilitation medicine, autonomous driving, etc.
In human-computer interaction, human posture estimation
is deeply embedded in people’s daily lives through various
products and software. In the field of intelligent monitoring,
the use of human posture estimation can effectively mon-
itor personnel, improve efficiency, and enhance the ability
to process massive data. In the field of entertainment and
sports, using human posture estimation can make people’s
entertainment life more blocked, and at the same time, athlete
movements can be standardized by recording their move-
ments. In addition, human pose estimation can improve the
understanding ability of computer vision systems for human
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behavior in the field of motion recognition. It can provide
more accurate and rich input features for action recogni-
tion [2], [3]. The mainstream two-dimensional human body
pose estimation algorithm mostly based on figure structure
model, although the figure structure model was successful
in some attitude estimation task, but based on the figure
structure model of human body pose estimation algorithm
need to detect various parts in the image, and in the real
environment, due to the background noise, human appearance
changes, detect individual parts of the human body is very
difficult. Such as using hybrid local deformable model said
the target human body part to provide more abundant body,
using hidden support vector machine training model, and put
forward a based on cascade detection method, with enhanced
regression tree as local human posture regression model, from
the root of the dependency node (detect the center of the
border), along the dependent path estimate the local posture,
and eventually combined into human body posture. However,
the two-dimensional human pose estimation algorithm based
on the regression method has a large motion range due to
the diversification of human activities, which leads to the
inaccurate detection of joint points. At the same time, because
the human joint points do not exist alone, they have strong
structured information, this information is not considered in
the current regression-based method.In general, the current
two-dimensional human pose estimation algorithm, human
posture and human movement are very free, and there are
inevitably occlusion problems, and the movement range of
each joint point of the human body is large, resulting in poor
accurate estimation.In order to fully focus on the relation-
ship between joint points in human pose estimation, improve
the disadvantage of low accuracy of human pose estimation
due to large freedom of joint points, and solve the prob-
lem of human pose estimation in occlusion state.Therefore,
this study proposes a two-dimensional regression network
algorithm using local constraints, and introduces a rela-
tional network to optimize it while considering occlusion
interference. We also propose a two-dimensional regression
network algorithm for human motion recognition integrating
local constraint and relational networks. The aim is to solve
the current shortcomings of human pose estimation appli-
cation in motion recognition and strengthen the connection
between network structures during information transmission,
thus improving the accuracy of joint point estimation. The
research innovation points are as follows: first, according to
the decomposition of the human body posture from the whole
to the local, the connection between the joint point and the
joint point is determined to form a local component. The local
component relationship of the human body is added to the
objective function to form the penalty term, which together
constitutes the objective function of the network. This shape
constraint enables the network to implicitly learn the spatial
distribution between the joint points. Secondly, based on the
data analysis of two-dimensional human pose, it is combined
with the two-dimensional human pose estimation algorithm
based on local pose constraint. The proposed algorithm solves

32254

the problem of joint occlusion in the regression algorithm,
and can realize the accurate positioning of occluded joints.
It provides an effective method for human pose estimation
in the fields of motion classification, rehabilitation medi-
cal treatment, abnormal behavior detection and automatic
driving, and promotes the application of human posture esti-
mation in life.

This study is divided into four parts in total. The first part is
a summary and discussion of the current application of human
posture estimation in human motion recognition. The second
part is the analysis of a two-dimensional regression network
algorithm model for facial recognition of human movements.
The third part is to verify the performance of the improved
algorithm. The fourth part is a summary of the entire article.

Il. RELATED WORK

Human pose estimation is crucial for human motion recogni-
tion and pedestrian recognition. With the rapid development
of deep learning, the effectiveness of human pose estima-
tion in human motion recognition is constantly improving
both domestically and internationally, and it has begun to
be widely applied in the related fields of computer vision.
Gosztolai A et al. has improved the 2D pose estimation
method by introducing 3D pose enhancement and deep learn-
ing to address the current issues in 3D pose estimation and
motion recognition. This method improves the performance
of human 3D pose estimation and motion recognition under
occlusion conditions [4]. Bhavanasi G et al. improved the
two-dimensional pose estimation method by utilizing graph
machine neural networks and supervised machine learning
classification methods to address the related issues in indoor
human motion recognition. This method not only improves
detection accuracy, but also effectively enhances the robust-
ness of mobile devices for action recognition applications [5].
Li S et al. improved the two-dimensional pose estimation
algorithm by utilizing machine learning and deep learning
classifiers to address the issues related to pose estimation
and action recognition in the daily lives of elderly people.
They proposed a fusion ensemble classification algorithm,
which effectively improves the accuracy of human pose esti-
mation and action recognition [6]. Chen et al. proposed a
related structure for full convolutional propagation with long
hop connections by introducing deep learning algorithms to
address the current issues of 3D pose estimation and action
recognition. This model effectively improves the accuracy
of human 3D motion recognition while reducing deep blur
during motion recognition [7].

In addition, Dubey et al. comprehensively discussed the
deep learning models used for pose estimation and action
recognition in the field of human pose estimation in static
image understanding. While overcoming the problem of
human motion recognition in complex situations, this study
also provides a new path for the application of human
posture estimation in practical life [8]. Vishwakarma D
K et al. provided an improved manual model for human
motion recognition by utilizing deep learning models and 3D

VOLUME 12, 2024



L. Wang et al.: Application of a Two-Dimensional Regression Network Algorithm Model

IEEE Access

sequence skeleton data. This model improves both detection
efficiency and recognition accuracy [9]. Liu S et al. proposed
a lightweight pose estimation network by utilizing polariza-
tion self attention mechanism to address the relevant issues in
the practical application of human pose estimation in human
motion recognition. It effectively enhances the performance
of human motion recognition by improving the accuracy of
key joint point regression [10]. Arab H et al. improved the cur-
rent pose estimation method by utilizing a four noise Weibo
amplifier and multiple two-dimensional convolutional layers
to address related issues in human motion monitoring and
recognition. This method improves the accuracy of human
motion recognition on the basis of improving the accuracy of
human motion classification [11].

The above numerous studies indicate that there are prob-
lems with incomplete detection and low accuracy in the
current application of human posture estimation in human
motion recognition. However, the current methods for esti-
mating two-dimensional human posture do not take into
account the structured information of the human body. At the
same time, relevant algorithms only utilize local network
analysis and contextual information to solve occlusion prob-
lems, only considering the detection of individual joint points,
resulting in low detection accuracy. Based on this, this
study utilizes local constraints to enhance the utilization of
structured information, and integrates relational networks
to enhance the ability to handle occlusion problems. The
improved two-dimensional regression network algorithm is
innovative.

Ill. ANALYSIS OF TWO-DIMENSIONAL REGRESSION
NETWORK ALGORITHM MODEL FOR HUMAN MOTION
RECOGNITION

The current regression network algorithm models related to
two-dimensional pose estimation for human motion recogni-
tion have many shortcomings. Therefore, this section mainly
proposes a two-dimensional regression network algorithm
model using local constraints to address the issue of feature
map accuracy, as well as an improved algorithm that intro-
duces relational networks for optimization based on it.

A. TWO-DIMENSIONAL HUMAN MOTION RECOGNITION
AND ESTIMATION BASED ON LOCAL CONSTRAINTS

The current two-dimensional regression network algorithm
models used for human motion recognition and estimation
do not consider the issues of missing connections between
human joint points and low accuracy of feature maps due
to the mutual connections between joint points. Therefore,
this study proposes a two-dimensional human motion esti-
mation algorithm based on local motion constraints, while
considering the factors of local joint occlusion. Based on
this algorithm, a relational network is introduced to optimize
it. Each joint in human motion has characteristics such as
greater degrees of freedom, higher flexibility, and constantly
changing joint states in different movements. Based on this,
most of the current research methods use cascaded neural
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FIGURE 1. The specific process of end-to-end training methods based on
regression networks.

networks to extract multi-scale features. It repeatedly uses
a bottom-up or top-down approach to calculate the position
of human joint points, thereby capturing their spatial posi-
tion information and ultimately obtaining the coordinates
of human joint points. Nevertheless, these methods did not
consider the correlation between human joint points [12],
[13], [14].

Therefore, the algorithm proposed on the basis of local
action constraints mainly combines the advantages of regres-
sion networks being able to train end-to-end through coor-
dinates and the human body graph structure being able to
model the spatial constraints of human joint points. A loss
function for local action constraints is designed, and this
structure is introduced into the loss function by simulating
the structure of human joint points. The basic idea of the
algorithm is to consider that each joint point in the human
body is not completely independent and has strong spatial
constraints. In response to this issue, this study intends to
adopt the idea of local pose constraints, and construct an
objective function that utilizes pose constraints at the cost of
the similarity between the pose datasets of each joint point
and the actual pose datasets in the plane. By constructing a
loss function with local pose constraints, implicit learning of
the position distribution between connected nodes is hoped to
be achieved.

Among them, the current methods for estimating human
motion mainly rely on thermal maps and regression. The ther-
mal maps method usually detects each joint point separately,
and then gathers them together in the post-processing stage
to form an action prediction. The regression method utilizes
a function to directly correspond the input image to the joint
positions of the body. Compared to the former, this method
has the advantage of directly providing motion prediction of
the actual coordinates of joint points, without the need for
additional steps and post-processing. Therefore, this study
chose the regression method to construct the algorithm [15],
[16], [17]. Figure 1 shows the specific content of using regres-
sion methods.
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In Figure 1, the process of using the regression method first
involves normalizing the relevant thermodynamic maps. The
purpose is to keep the weighted sum in the range of 0-1 for
the next step. Secondly, two convolutions with the same size
as the thermal map are used to verify the weighted sum of
the normalized thermal map. It is equivalent to multiplying
and then adding the corresponding elements. Finally, predict
the position of joint points in the two-dimensional thermal
diagram. The human pose regression method for static images
based on Softmax function yields an end-to-end trainable
method without requiring a manually generated heatmap and
a simple model framework [18]. The calculation expression
for normalizing the thermodynamic diagram is equation (1).
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In equation (1), ® (gk,l) represents the normalized heat
map. g represents the thermal diagram, while g ; represents
the actual size of the relevant position (k, /) in the thermal dia-
gram. M x G represents the actual size of the thermodynamic
diagram. e represents a natural constant. The corresponding
expression in the weighted sum of the thermodynamic dia-
gram is equation (2).
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In equation (2), &, (g) represents the weighted sum of the
thermodynamic diagram. a represents the given component p
or g. K represents the M x G x 2 weight matrix corresponding
to coordinate (p, g). It can be represented by two component
matrices, as shown in (3).
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Finally, the expression of the joint point prediction formula
is shown in equation (4).
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In order to integrate the density function layer (Soft
argmax) into the deep network, it is necessary to take the
derivative of gi s, as expressed in equation (5).
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Among them, by combining local detection and contextual
information, the heat map representation can be indirectly
learned, and the regression network model can be optimized
by utilizing end-to-end regression losses. Therefore, the net-
work architecture of the regression network model is shown
in Figure 2.

In Figure 2, the actual input of the regression network
model is 256 * 256 * 3. The architecture is divided into three
parts in total. The first part is the stem layer, which mainly
consists of the initial fourth version module (Inception v4)
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FIGURE 2. Schematic diagram of network architecture for regression
network model.

and a residual separable network. Its function is to extract
relevant initial features to obtain a 64 * 64 * 512 feature map.
The second part is the Block1 structure, which utilizes the rel-
evant architecture of the Hourglass network. The difference
lies in replacing all residual networks with residual separable
networks to obtain a 256 * 64 * 64 feature map. The third
stage is the Block 2 structure, which divides the actual input
features into m predicted joint points. The actual regression
network model includes a total of 8 sets of Blockl layer and
Block layer structures. In addition, the graph structure model
is a classic object statistical model. The basic idea is that
the description of an object consists of a set of deformable
structures, and the shape of each part is modeled separately.
The deformable target structure is expressed using a spring
like connection between two parts.

The current regression network takes the entire image as
input, utilizes the features of convolutional neural networks
for global extraction, and then predicts the position of each
point. This method can cause the loss of internal relationships
between joint points, resulting in inaccurate detection of joint
points. The human body diagram structure model represents
the human body as a collection of human body components,
utilizing the joint points between adjacent components to
solve the problems existing in existing regression networks.
The basic idea is to treat the adjacent joint points of the human
body as a component and construct a model based on the
constraint information between the components. Therefore,
this study incorporates the constraint relationship between
components between adjacent joint points into the objective
function summary of the regression network model as a
penalty term for the actual prediction results. The process,
together with the square loss function as the final objective
function, solves the defect of only the square loss function
as the actual objective function. This study improves the
objective function by constructing the relationship between
points based on the connections between human joint points.
Therefore, the schematic diagram of the human body struc-
ture is shown in Figure 3.

In Figure 3, the human body typically consists of 16 joints,
including the enlarged head, lower jaw, left shoulder, left
wrist, etc. By modeling human joints and connecting the
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(a) Physical structure of the human body

(b) Decomposition of human body structure

FIGURE 3. Schematic diagram of human body structure.

corresponding joint points based on the graph structure
model, 15 components can be formed, including the head
(head joint and lower jaw), trunk (neck and abdominal joint
points), and so on. On the surface, human movements appear
to be a holistic process. But when it comes to a specific
part, the corresponding analysis can be carried out using the
idea of segmentation. Therefore, this study mainly applies
the idea of from local to global to form the overall part of
human motion recognition. Based on this, a two-dimensional
human motion estimation algorithm is constructed using local
motion constraints. In the improved objective function under
this algorithm, the training network model uses the sum of L1
and L2 loss functions to calculate the actual loss function. The
regression network calculates the loss function based on the
final obtained relevant coordinates. According to formula (5),
the Soft argmax function can be integrated into a trainable
architecture based on the principles of backpropagation and
chain differentiation. Its expression is shown in equation (6)
[19].

N
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In equation (6), 3y represents the final loss function value.
N, represents the number of joint points. y, represents the
true value of the joint point position. y, represents the pre-
dicted value of the actual output of the model. Estimate the
relevant positions of joint points in actual training, using
them as penalty terms for the objective function. This study
used the cross entropy loss function, which is expressed in
equation (7) [20].

Ny

1
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In equation (7), 3, represents the loss function of the
probability of joint position. 1, represents the probability of
the predicted joint position related to the actual output of the
model. 7, represents the true value of the actual probability
of the corresponding joint point. To fully utilize the struc-
tural information between joint points and enable them to
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utilize more joint constraint information during the matching
process, it is proposed to describe it as the link relationship
between a set of joint points and their adjacent joint points.
And the association relationship between each set of joint
points and their corresponding edge is independent of each
other. The graph structure model represents the human body
as an undirected graph model H = (B, F'). Vertex B corre-
sponds to multiple joint points of the human body. For each
pair of interconnected human joint points b; and b;, there
exists edge (bi, bj) € F. The loss function expression of the
joint point edge structure is shown in equation (8).

1 N
%z = %Z‘M);’/ _H§i1H2 (8)
r=1

In equation (8), Iz represents the loss function value of
the joint point edge structure. i represents the actual number
of joint edge structures in the human body. ¢, represents
the predicted value of the human joint point edge structure
output from the training model. H; represents the true value
of the edge structure between the corresponding joint points.
gij represents the difference between the human joint points b;
and b;. Finally, the penalty loss function in the objective func-
tion is constrained using hyperparameters to obtain the final
improved objective function, as expressed in equation (9).

3 =3y + o, + B3z )

In equation (9), J represents the improved objective func-
tion value. ¢ and B represent hyper-parameters.

B. A 2D REGRESSION NETWORK ALGORITHM
CONSIDERING LOCAL JOINT OCCLUSION

For visible joint points, local action constraints can bet-
ter constrain adjacent joint points by learning structural
information. However, under the influence of occlusion
interference between human joint points, it is difficult to
determine the position of other joint points through local
joint points. Therefore, this study introduces a relational
network to improve the two-dimensional human motion
estimation algorithm proposed using local constraints. Rela-
tionship networks achieve object recognition by extracting
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relationships between objects. It interacts by introducing
the appearance and geometric relationships between differ-
ent objects, thereby achieving modeling of the relationships
between objects. Due to the limited number of relationship
parameters, it can be used to improve the performance of
object detection and achieve a complete end-to-end object
detector. The structure of the target relationship network is
shown in Figure 4.

In Figure 4, the relational network obtains the relationship
between objects to identify them. By introducing the appear-
ance and geometric relationship between different objects,
the modeling of the relationship between objects is realized.
There are few relationship parameters, which can be used to
improve the performance of target detection and achieve a
complete end-to-end target detector. The actual input of the
target relationship network includes the appearance features
and set features of the target. When multiple targets are given,
the calculation expression of the geometric features related to
the m-th target and all targets is shown in equation (10).

Ur (v) = D" @y - (Ws- UJ) (10)
9

In equation (10), Ug (v) represents the output of the rela-
tionship module. ¥ represents the serial number of the target.
wy,, represents the weight coefficient matrix. Wy represents
a linear transformation. UE represents the appearance feature
of the m-th target. The output of the relationship module
is determined by multiplying the appearance features of all
objects by a dimension of W, and the weight coefficient
matrix actually learned in the network to determine the actual
impact of other targets on the current target as the output of
the module. Finally, the actual obtained relationship features
and original features are fused using the Concat function,
as shown in equation (11).

U? = Ujf + Concat [U,le ny,---, U,lev (n)] (11)

In Equation (11), U 1% ny,---, U}QV (n) represents the geo-
metric correlation features of the target 1 to N ,respectively.On
this basis, this study embeds this relational network into the
detection architecture of the regression network in Figure 2
to improve performance, as shown in Figure 5.

From Figure 5, the overall architecture of the network is
mainly a framework for human motion estimation based on
regression networks. The network input is a 256 * 256 * 3 size
image. The feature extraction network formed by the Stem
network has a convolutional kernel size of 3 * 3, resulting in
a feature map with a size of 64 * 64 and a number of 576.
The feature extraction network is based on the structure of
the Inception v4 network, consisting of convolutional layer,
pooling layer, and batch normalization layer. By modifying
the extracted feature maps, the feature maps of each joint
point can be obtained, resulting in a feature map of n *
32 * 32. The result of Block 2 layer is a feature map of
16 joint points. Use the feature maps of 16 joint points to
input into the relationship network construction module in the
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regression network, so that different relationship features can
be combined. At the same time, merge it with the original
feature information of the joint point to form the final feature
of the joint point. The actual input is a 32 * 32 * 16 feature
map, which serves as an input for the subsequent network.
Then, the feature values of each joint point are input into
the association network and weighted for fusion to obtain the
final feature values. At the same time, multiple modifications
are made to the network to obtain the coordinates of the
connecting nodes. The improved relational network is mainly
used to merge the feature modification layer through the
relationship module after the feature modification layer in
the regression network. The input of the relationship module
is the appearance feature of the n-th joint point, that is, the
object size, color and other characteristics. And the appear-
ance features of the n-th joint points, representing the position
of the object, there are multiple relational modules, compared
to the neural network, we have many different channels on
each layer to learn the features between different joint points,
and finally the output of the module is the fusion of the
current target and the appearance features of each target. Each
relational module is input with the two features of all the
joint points, obtaining the combination of different relational
features, and fuse with the original feature information of the
joint points as the final feature of the joint points.

The improved relational network mainly uses the feature
modification layer in the regression network, and the feature
map obtained from the feature modification layer is obtained
through the relational module to obtain the fused features.
The input of the relationship module is the appearance fea-
ture of the n-th joint point. In fact, it refers to the external
characteristics of an object such as its size, color, shape,
etc. The final result is the fusion of the apparent features
of existing objects and individual objects. Each association
module takes two characteristics of all joint points as input,
combines different association characteristics, and then fuses
them with the original feature information of the joint points
to become the final feature of the joint points. Based on this,
the final improved two-dimensional human motion estima-
tion algorithm flow is Figure 6.

From Figure 6, the algorithm first inputs a 32 * 32 *
16 feature map in the relational network to modify the net-
work layer’s output. Secondly, the obtained 16 feature maps
are represented as {U4, Up}'Y | (U4 and U}, represent the
image and position features of the n-th joint point, while 3,
has a value of 16). Next, use other joint points to calculate
the relationship features of the current n-th joint point, and
then calculate the relationship weights. Finally, the collected
15 relational features are aggregated together to obtain an
enhanced feature map. The calculation of relationship fea-
tures is equation (12).

Ug(m) = > @™ Uy (12)

In equation (12), ™" represents the learned relationship

weight. The image features of the m-th joint point of U}
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FIGURE 4. Schematic diagram of the structure of the target relationship network.
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FIGURE 5. Schematic diagram of improved network structure.

Since the weight of the m-th joint point on the n-th joint point
is determined by the image feature weight and the position
feature weight, the image feature weight produced by the m-
th joint point to the n-th joint point is determined by the image
features of the m-th joint point and the n-th joint point. There-
fore, the corresponding expression of relationship weights is
shown in equation (13).

D" - exp (@)

@ = Z on ey ( om)
0 @D mP “a (13)
o dot (W U, WpUY)

N
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In equation (13), =,"" represents the weight of image
features. w7p)" represents the weight value of the position
feature. o represents the joint number that is not equal to m.
Wi and Wp represent the joint vector weight matrix and the
query vector weight matrix. d represents the dimension. dot
represents a point. The image feature weight generated by
the m-th joint point to the n-th joint point in formula (12) is
determined by the image features of the m-th and n-th joint
points, as shown in equation (14).

" =max (0, Wp - op (UJ, Up)) (14)

In equation (14), op represents a function related to the
query vector, which is used to map the positional features
between the ¥-th and v-th targets into a high-dimensional
space. At this point, Wp converts the obtained response fea-
tures into scalars, which act as the nonlinearity of a Rectified
Linear Unit (ReLU). Finally, the calculation expression of
the aggregation operation of relational features is shown in
equation (15).

U= U+ (U,& M)+ -+ UY (n)) (15)
IV. PERFORMANCE ANALYSIS OF IMPROVED
TWO-DIMENSIONAL REGRESSION NETWORK
ALGORITHM
Experimental analysis is needed to address the performance
analysis of improved two-dimensional regression network
algorithms. Therefore, this section mainly uses theoretical
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FIGURE 6. Schematic diagram of two-dimensional human pose estimation algorithm flow based
on improved regression network and relational network.

experiments and practical application experiments to analyze
the algorithm performance.

A. PERFORMANCE ANALYSIS OF TWO-DIMENSIONAL
REGRESSION NETWORK HUMAN MOTION RECOGNITION
ALGORITHM BASED ON LOCAL CONSTRAINTS

In order to verify the performance of the two-dimensional
human motion recognition and estimation algorithm further
optimized after the introduction of relational networks, this
study first validated the two-dimensional regression net-
work algorithm using local action constraints. Secondly, the
improved research algorithm based on it was validated. All
experiments were run in keras network, and network opti-
mization was performed on 1080 GPU using Root Mean
Square Prop optimizer with a batch size of 12.The first exper-
imental algorithm was set to A, and the second experimental
algorithm was set to B. Table 1 shows the initial experimental
parameter settings for the two experiments.

In Table 1, the number of iterations for both experiments
is set to 120, the batch size is 12, and the initial learning rate
is 0.001. In addition, in the first experiment, the input image
size was 256 * 256 * 3, and the experimental environment
was set in the deep learning framework (Keras). In the second
experiment, both hyper-parameters « and g are set to 0.01.
Under this parameter setting, the dataset is selected as the
Measurement Point II (MPII) dataset, and the evaluation
criteria are selected as the Percentage of Correct Key Points
Head (PCKh) to evaluate the accuracy of the model. The
threshold is set to 0.5. The action recognition algorithm (C)
based on a multitasking framework was introduced in the
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TABLE 1. Initial experimental parameter settings for two experiments.

Model parameters of two-dimensional regression network algorithm based
on local constraints

. Experimental . Generg] .
Image size . Optimizer Processing Batch size
environment .
Unit
Root Mean
256%256x3 Keras Square 1080 12
Prop
Learning Learning Learning
lterations In'itial rate after rate after rate after
learning rate 80 100 120
iterations iterations iterations
8000
20 times 400 times times
120 0.001 decrease decrease decrease
from 0.001 from 0.001 from
0.001

Model parameters of two-dimensional regression network algorithm based
on local constraints and relational networks

o 0.01 g 0.01
Iterations 120 Batch size 12
Initial learning Learning rate 20 times
rato 0.001 'after‘ 80 decrease from
iterations 0.001
Learning rate 400 times Learning rate 8000 times
after 100 decrease from after 120 decrease from
iterations 0.001 iterations 0.001

experiment to compare it with the research algorithm A. The
joint points were selected as head, shoulder, elbow, wrist,
buttocks, knee, and ankle, and the performance indicators
of different hyper-parameters were verified. The results are
shown in Figure 7.
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FIGURE 7. Comparison results of different algorithms and performance
indicators of different parameters.

Based on Figure 7, the numerical values of the research
algorithm in the elbow, wrist, and ankle are 89.36%, 84.72%,
and 82.85%, respectively, which are higher than those of the
comparative algorithms. However, it is slightly lower than
the comparison algorithm in the head, shoulders, buttocks,
and knees. In addition, when both « and § values are 1, the
PCKh value is 87.2%. When both « and § values are 0.05, the
PCKh value is 88.4%. When both « and § values are 0.01, the
PCKh value is 88.7%. When both « and 8 values are 0.008,
the PCKh value is 87.5%. Overall, the research algorithm
A outperforms the comparison method in only some joints
on the MPII dataset, and has a certain improvement effect.
Simultaneously studying the algorithm, the PCKh value is the
highest and the parameter settings are optimal when both «
and B values are 0.01. Based on this, in order to identify gaps
more clearly, this study separately extracted PCKh images of
the wrist and ankle for analysis. The estimated joint points
of different algorithms and the PCHh results of different
network module numbers are shown in Figure 8.

Based on Figure 8, there is no significant difference in the
numerical values between the two algorithms when the stan-
dard distance is between 0 and 0.15 in the comparison of wrist
joint points. After exceeding 0.15, the research algorithm A
gradually surpasses the comparison algorithm. Overall, the
PCKh score of Algorithm A is 84.72%, while the comparison
algorithm is 84.55%, an increase of 1.17%. In the comparison
of ankle joint points, when the standard distance is between
0 and 0.13, the growth amplitude of the two algorithms
remains basically the same. But after exceeding 0.14, the
growth rate of algorithm A in the study was greater than that
of the comparison algorithm. Overall, the PCKh score value
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of Algorithm A studied is 82.85%, which is 1.23% higher
than that of the comparative algorithm. In addition, when the
number of regression network modules is 8, the PCKh result
value is the highest, at 88.7%. Overall, research algorithm A
has certain advantages compared to comparative algorithms,
and the depth of the regression network will have an impact
on the loss function. Its optimal module count is 8. Based on
this result, this study applies it to actual indoor and outdoor
human motion recognition to verify the performance of the
research algorithm in visualizing the running results. The
recognition effect of indoor human movements is shown in
Figure 9.

Figure 9 shows the physical image in an indoor envi-
ronment. The research algorithm A is basically consistent
with the joint point detection of the real label of the image
to be detected, while there is some error in the com-
parison algorithm. Overall, research algorithms in indoor
non-interference environments have high performance in
human motion recognition. The recognition effect of outdoor
human movements is shown in Figure 10.

Figure 10 is a physical image of the outdoor environment
without obstruction. The actual detection image of Algorithm
A studied in an outdoor environment is not significantly dif-
ferent from its real label, and it remains basically consistent,
while the error of the comparison algorithm is significantly
greater. Overall, the algorithm has high performance in both
indoor and outdoor environments, indicating its effectiveness.
However, there were errors in the research algorithm when
there was obstruction indoors, so improvements were made
to it.

B. PERFORMANCE ANALYSIS OF IMPROVED
TWO-DIMENSIONAL HUMAN MOTION RECOGNITION
ALGORITHM

In order to verify the performance of Algorithm B, which
is improved by introducing a relational network based on
Algorithm A, this study conducted experimental analysis on
it. The experimental results of different algorithms on the
MPII dataset are compared as shown in Figure 11.

D in Figure 11 represents the relational network algorithm.
The values of Algorithm B in head, shoulder, elbow, wrist,
buttocks, knee, and ankle are 98.75%, 97.52%, 89.88%,
85.12%, 89.21%, 85.12%, and 83.93%, respectively. At the
same time, the overall PCKh value is 90.1%. Both com-
parison values are higher than the comparison algorithm.
Overall, the improved algorithm improves the wrist and ankle
joint points that are easily occluded in the dataset by 0.4%
-1.57% and 1.08% -2.31% compared to the comparative
algorithm, indicating the effectiveness and high performance
of the research algorithm. The overall changes in PCKh of the
elbow, ankle, and knee joints, as well as the PCKh results for
different network module numbers, are shown in Figure 12.

Based on Figure 12, in elbow joint recognition, the research
algorithm began to significantly outperform the comparison
algorithm after the standard distance exceeded 0.05. In wrist
joint recognition, the growth rate of the research algorithm
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FIGURE 8. Joint points of estimation results of different algorithms andthe Percentage of
Correct Key Points Head results of different network module numbers.
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FIGURE 9. Indoor human motion recognition effect.

starts to be higher than that of the comparison algorithm after
the standard distance exceeds 0.15. In knee joint recognition,
the growth rate of research algorithms is significantly higher
than that of comparative algorithms. In addition, when the
number of regression network modules is also 8, the PCKh
result value is the highest, at 89.1%. Overall, the improved
algorithm has better performance, indicating the effectiveness
of the improvement. To further validate the effectiveness of
the improved algorithm, this study selected additional indi-
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(a) Action to be detected (b) Experimental results
of Algorithm A

(c) Experimental results of
comparative algorithms

(d) Real labels of the
image to be detected

FIGURE 10. Outdoor human motion recognition effect.

cators for comparison based on the PCKh indicator, namely
PCKh@0.5 Score and PCK@0.2 Score. At the same time,
convolutional pose machine (E), local heat map regression
(F), deep cutting (G), human pose estimation using contextual
information (H), and learning feature pyramid algorithm (I)
for human pose estimation are introduced and compared with
the research algorithm. Table 2 shows the performance of
different algorithms on the MPII dataset PCKh@0.5 Result.

VOLUME 12, 2024



L. Wang et al.: Application of a Two-Dimensional Regression Network Algorithm Model

IEEE Access

EBED[JABEC

B [ED A EC

Wrist

Elbow

ndex
Index

™ Shoulder

Head (2=

B A R AR
Head (oo s

75 8 85 9 95 100

Numerical value(%)
(a) Experimental results of head,

shoulder, elbow, and wrist

76 78 80 82 84 86 83 90 90

Numerical Valuef(%)
(b) Experimental results of buttocks,

knees, ankles, and overall PCKh

FIGURE 11. Comparison of experimental results of different algorithms
on Measurement Point Il datasets.

1001 100
~ 8o} ~ 8o} o
S S =
“é 60t “é 601
5 g
g 40+ é 40+
j53 j53
A 20F A 20f
0 ) , 0 ) ,
0 0.25 0.50 0 0.25 0.50
Normalized distance Normalized distance
(a) PCKh curve of elbow joint points (b) PCKh curve of wrist joint points
1001 r
881
~ 80 _
S =
£ oor L £ saf
‘g 40+ '§
o 8
5 5 80
2 20t a
0 L s 76 N N .
0 0.25 0.50 6 7 8 9 10

Normalized distance Number of modules

(d) PCKh results for different network

(c) PCKh curve of wrist joint points
module numbers

FIGURE 12. Overall changes in Percentage of Correct Key Points Head at
elbow, ankle, and knee joint points, as well as Percentage of Correct Key
Points Head results for different network module numbers.

TABLE 2. Different algorithms on the MPII datasetPercentage of Correct
Key Points@0.5 result.

Shoulde Elbo Buttock

- Head Wrist Knee Ankle
T w S
E 9;;7 949%  88.6% 8;;9 88.3% 8(,2/("7 7&;3
F 9;;8 95.0%  89.8% 8;2 89.3% 8;;6 801/!"6
G 93'7 95.1%  89.2% 8:}'3 88.3% 803/'3 707/'9
0 0 0 0
H 93;5 96.9%  92.7% 8;;7 91.6% 8;27 8;;5
I 9524 96.6%  92.4% 8526 91.0% 8(,8A"5 8;"9
99.5 , . 891 . 9.1 885
B %7 orew  9aw S0l o %) y

In Table 2, the improved algorithm was studied at 7 joint
points PCKh@0.5 The scores are 99.5%, 97.6%, 93.4%,
89.1%, 92.7%, 90.1%, and 88.5% respectively, which are
higher than the comparison algorithm. Overall, they are
92.5%, significantly higher than the comparison algorithm
and only 0.2% lower than the current state-of-the-art method.
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FIGURE 14. Experimental results of improved algorithms in real human
indoor and outdoor motion recognition.

Overall, the improved algorithm has high performance in
human motion recognition. Different algorithms on the MPII
dataset PCKh@0.2 The results are shown in Figure 13.
Based on Figure 13, the improved algorithm is applied
at 7 joint points PCK@0.2 The scores were 98.8%, 95.3%,
93.3%, 89.4%, 95.1%, 96.2%, and 94.2% respectively, all
higher than the comparison algorithm. Overall, it is 94.3%,
significantly higher than the comparison algorithm and only
0.2% lower than the current state-of-the-art method. Over-
all, the research algorithm has high performance in human
motion recognition, surpassing the effectiveness of most
algorithm models, fully utilizing the information of local con-
straints and the connections of relationship networks, thereby
assisting in human motion recognition. In order to verify its
practical application effect, this study also applies it to indoor
and outdoor human motion recognition, and the comparative
algorithm is Algorithm A. The results are shown in Figure 14.
In Figure 14, in an obstructed indoor or outdoor environ-
ment, the actual detection image of the improved algorithm
does not differ significantly from its actual label, while the
error of the comparison algorithm is significantly greater.
Overall, the algorithm has high performance in both indoor
and outdoor environments, indicating its practicality. Overall,
this study proposes a two-dimensional regression network
algorithm model for human motion recognition using local
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FIGURE 15. The pose estimation accuracy of the research model,
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TABLE 3. Summary of the experimental processing.

Two-dimensional Improved two-
. regression network dimensional human
Joint . ..

based on local motion recognition
constraints algorithm
Head 96.36% 98.75%
Shoulder 95.55% 97.52%
Elbow 89.36% 89.88%
Wrist 84.72% 85.12%
Buttocks 88.37% 89.21%
Knee 81.97% 85.12%
Ankle 82.85% 83.93%

constraints and relational networks, which has high per-
formance.The pose estimation accuracy of the research
model, Descriptor Matchers and Single branch lightweight
knowledge extraction 2S (SLKD2S) algorithm is shown in
Figure 15.

Figure 15 shows that the highest accuracy of the research
model was 98.49% and the lowest was 97.15%, with an
average accuracy of 97.99%. However, the highest accuracy
of Desc Matcher and SLKD2S did not exceed 96.7%, with
an average accuracy of 96.28% and 94.25%, respectively.
The pose estimation accuracy of the visible research model
is better than the other models. It can be seen from the test
results of the research model that the accuracy of human
pose estimation is effectively improved, and the detection of
the position of human joints in the image can be used for
the subsequent auxiliary understanding of the image content.
The test results of the local constraint-based 2-D regression
networks and their improved 2-D human motion recognition
algorithm are summarized in Table 3.

V. CONCLUSION

The current two-dimensional regression network algorithm
model for human motion recognition and estimation does not
consider the interrelationships between human joint points,
resulting in missing connections between joint points and
low accuracy of feature maps. In response to this issue,
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this study proposed an improved two-dimensional regression
network algorithm based on local constraints, and further
improved it by introducing a relational network consider-
ing occlusion conditions. At the same time, experimental
analysis was conducted on it. The experiment showed that
in algorithm A validation, the values of the elbow, wrist,
and ankle were 89.36%, 84.72%, and 82.85%, respectively,
which were higher than those of the comparative algorithms.
Overall, the PCKh score of Algorithm A was 84.72%, while
the comparison algorithm was 84.55%, an increase of 1.17%.
In practical applications, the actual label results of indoor
and outdoor environments were basically consistent with
those of the detected image, but there were errors under
indoor occlusion conditions. In algorithm B validation, its
PCKh scores in head, shoulder, elbow, wrist, buttocks, knee,
and ankle were 98.75%, 97.52%, 89.88%, 85.12%, 89.21%,
85.12%, and 83.93%, respectively, which were higher than
the comparison algorithms. The PCKh@0.5 scores were
99.5%, 97.6%, 93.4%, 89.1%, 92.7%, 90.1%, and 88.5%
respectively, which were also higher than the comparison
algorithm. It could effectively recognize human movements
under occlusion conditions in practical applications. Overall,
the improved two-dimensional regression network algorithm
model proposed in this study based on local constraints and
relational networks has high effectiveness and practicality.
However, when the occlusion area is large, the algorithm
struggles to estimate the joint position correctly. Therefore,
future research will focus on how to accurately estimate the
position of joints when the occlusion area is large, so as to
facilitate the development of machine vision field and enrich
the human-computer interaction experience of virtual reality,
games and others.
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