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Abstract. With the popularization of sports and the development of computer technol-
ogy, the demand for sports action recognition and evaluation is increasing day by day.
Although existing methods have achieved certain results, there are still shortcomings in
recognition accuracy, real-time performance, and stability. To improve the effectiveness
of sports action recognition and evaluation, this study proposes an action recognition and
evaluation method based on an improved dynamic time warping algorithm. It utilizes an
improved 3D convolutional network (C3D-Resnet) to extract sports action features, and
combines feature fusion and dimensionality reduction methods to improve the dynamic
time warping algorithm. The test results on the CASIA TaiChi Dataset showed that the
accuracy of C3D, Resnet, and C3D-Resnet were 84.5%, 86.4%, and 94.7%, respectively.
After feature data dimensionality reduction, the data dimension decreased from [289, 678]
to within the range of [17, 109], and the average action recognition rate increased from
88.3% to 91.2%. The F1 value of the improved dynamic time regularization algorithm
was about 97.1%, and the difference between the sports action evaluation results and the
scores of professional coaches was less than 1 point. This study has achieved accurate
recognition and evaluation of sports movements, which has important application value
and practical significance in improving the effectiveness of sports training and teaching.
Keywords: Sports movements, Feature extraction, Identification and evaluation, KNN,
DTW

1. Introduction. Sports occupy a meaningful position in modern society, not only as a
form of entertainment, but also as a way to promote health and develop personal skills [1].
The continuous development of technology has deepened people’s understanding of sports.
The Identification and Evaluation of Sports Movements (IEoSM) is a hot research topic. It
can not only provide objective evaluation of athlete performance, but also provide strong
guidance for training and skill improvement [2]. However, there are still some challenges
in identifying and evaluating sports movements at present. The traditional approach often
relies on manual observation and subjective evaluation, which has problems such as strong
subjectivity and inconsistent judgment standards [3]. For complex sports movements, such
as transient and continuous movements, traditional methods are often difficult to accu-
rately capture and analyze [4]. Among the existing sports action recognition algorithms,
the Dynamic Time Warping (DTW) algorithm is widely used for matching and aligning
time series data, with good performance. However, traditional DTW algorithms have cer-
tain limitations in terms of computational complexity and recognition accuracy. Video
sequences are stacked by a series of Red, Green and Blue (RGB) images along the temporal
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dimension. It contains large variations and complexities compared with images, so it is
difficult to model an effective spatio-temporal representation [5]. Therefore, this study
proposes an IEoSM design based on an improved DTW algorithm. Compared with the
traditional DTW, the improved algorithm has innovation in two aspects. Firstly, this
study introduces the K-Nearest Neighbor (KNN) algorithm to enhance recognition accu-
racy by classifying the nearest neighbors of samples. Secondly, by optimizing the DTW
algorithm, the computational complexity has been reduced and the algorithm’s real-time
performance has been lifted. The innovation of this study is mainly reflected in the com-
bination of DTW and KNN algorithms to obtain KNN-DTW, which fully utilizes the
advantages of both algorithms and lifts the stability of the algorithm. This study aims to
provide an innovative method for the IEoSM field and technical support for athlete train-
ing. The following content is divided into four parts. Section 2 is a summary of relevant
research. Section 3 is about designing the IEoSM method and it is validated in Section
4. The last section is a summary of the entire study.

2. Related Works. Human Motion Characteristics (HMC) refer to the characteristic
information that can be used to describe and recognize actions, such as posture, Action
Sequence (AS), and joint angle, exhibited by the human body during various activities.
These features can be extracted through methods such as motion capture, image process-
ing, and deep learning for applications such as human motion recognition, analysis, and
evaluation. Zhao et al. combined static image feature extraction with deep learning to
process video data, and extracted intra frame feature vectors through pre trained deep
networks. This method was superior to traditional Long Short-Term Memory (LSTM)
models [6]. Ren et al. proposed a single dual stream ConvNets framework that utilizes
multimodal learning of RGB and deep stream feature extraction to represent RGB-D
sequences as motion images as inputs to the proposed ConvNets for obtaining spatio-
temporal information. The effectiveness of this framework reached 90% [7]. Chen’s team
proposed a video based action recognition network that combines the advantages of 2D
Convolutional Neural Network (CNN) and 3D CNN to learn temporal motion features.
The accuracy could reach 93.1% [8]. Xue’s research team proposed a self supervised learn-
ing method built on mutual information to learn action features from videos without
manual annotation. For action recognition tasks in videos, this method could serve as an
effective pre training tool [9]. Gao’s team proposed a multi-dimensional data model for
video image motion recognition and captured based on a deep learning framework. It used
a Gaussian mixture model to extract the motion foreground of the target and combined
it with gradient histograms to recognize the human body, with an average classification
accuracy of 85.79% [10].
IEoSM refers to the use of posture recognition and motion analysis on the human body

to determine and evaluate the correctness, accuracy, and quality of sports movements,
providing scientific basis for sports training and competition. Yu et al. applied computer
video processing technology to evaluating the training efficiency of table tennis players,
and combined it with video processing to identify. This method could improve athlete
training efficiency by 25% [11]. Nguyen’s team members proposed a dual feature dual
motion network for sports action skeleton recognition, and enriched spatial information
through branch networks. The recognition time of this method was 0.04 milliseconds [12].
Zhao et al. proposed a wearable sensor with multiple inertial measurement units, which
establishes a mapping relationship between emotions and human motion through fuzzy
comprehensive evaluation, and recognizes human motion emotions. The accuracy of this
method could reach 90% [13]. Xu et al. proposed an attention based gait recognition
network, which solves the problem of feature dilution in gait recognition by designing
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new local gait representation methods and an attention model based on prior information.
This method performed well on the CASIA-B and OU-MVLP datasets [14]. Wu’s team
proposed a potential label mining strategy for identifying group activities in basketball
videos. It used unsupervised hierarchical clustering technology to extract potential labels
from motion patterns and trained deep CNN for frame level feature extraction, with an
accuracy rate of up to 89% [15].

In summary, many researchers have conducted different designs and studies on the
extraction and evaluation of sports action features. However, there are still some short-
comings and gaps in the relevant research work. For example, the recognition accuracy
of existing methods in dealing with complex scenes and diverse poses still needs to be
improved, and most methods rely on deep learning, lacking effective adaptability and
universality. In addition, research on sports action recognition and evaluation is not yet
sufficient, especially in terms of action quality evaluation and training efficiency improve-
ment in practical application scenarios. Therefore, the study proposes a sports action
recognition and evaluation method based on the improved DTW algorithm. By combin-
ing the DTW algorithm and improved deep learning technology, the aim is to improve the
accuracy, adaptability, and universality of sports action recognition and evaluation, and
provide more scientific basis for sports training and competition in practical application
scenarios.

3. Design of IEoSM Method Based on Improved DTW. This chapter designs a
method for extracting sports action features, including human pose detection, Gaussian
distribution description of joint position, true joint position, and heat map generation.
Meanwhile, an LSTM network model based on attention mechanism (Attention-LSTM)
was proposed for accurate localization of sports action features. In addition, the KNN
algorithm was also used for IEoSM, and the DTW algorithm was added to KNN to solve
the problem of unequal time series length. An action scoring method based on bone data
was proposed.

3.1. Design of sports action feature extraction method. Sports Action Feature
Extraction (SAFE) refers to extracting motion related features from sports videos or
images. These features can be used for applications such as action recognition, action
analysis, and action evaluation [16]. When performing SAFE, it is usually necessary to
first perform human pose detection to obtain the position information of human joints, and
then extract features related to specific actions by analyzing this position information [17].
To predict the position of joint points, this study uses Gaussian distribution to describe
the annotated key points in the sports action dataset. The Gaussian distribution of joint
points is Equation (1).

S∗
j,k(p) = exp

(
−
∥p− xj,k∥22

σ2

)
(1)

In Equation (1), the Gaussian distribution of the S∗
j,k(p) represents joint point j at

point p, and the positions of the joint points j belonging to person k marked are xj,k,
with a standard deviation of σ. The vector dimension of joint j is 3. The true position
of the joint points is Equation (2).

S∗
j (p) = maxS∗

j,k(p) (2)

In Equation (2), the true position of the joint j at point p is S∗
j (p). The expression of

pixels on limbs in the image area is Equation (3).

L∗
c,k(p) = v (3)
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In Equation (3), the unit vector of pixel p on the limb connection of person k is L∗
c,k(p),

and the horizontal joint component is v. The key point position in the image is c. The
annotated positions of human joints are shown in Equation (4).

L∗
c(p) =

1

nc(p)

∑
k

L∗
c,k(p) (4)

In Equation (4), the position of pixel p in the annotation belongs to the Bth person’s
j joint points, which is L∗

c(p), and the number of vectors at point p is nc. By labeling
the training samples for human pose estimation, a vector field map of the same size as
the original image can be generated [18]. This marking method can preserve the rotation
information of limbs and mark the information at occluded areas. In summary, this label-
ing method can obtain complete samples for human pose estimation, which can be used
to train neural networks. The stage structure of the neural network is shown in Figure 1.

Figure 1. Stage structure of neural networks

The input of this neural network is the feature map F processed by the skeleton network,
which has a size of 376× 376× 3 and is extracted by the GhostNet skeleton network [19].
The output is 19 heatmaps, of which 18 are heatmaps of 18 joint points, and the other
1 is a vector field map of limb connections. The entire neural network is divided into t
stages, with the same structure used in all stages except for stage 1. In the intermediate
process of the neural network, F first undergoes a 1/8 downsampling operation to obtain
a 47 × 47 × 15 feature map. This feature map is input into the next stage along with
the output of each stage. Each stage will output a 47 × 47 × 15 heatmap, including 18
heatmaps of related nodes and 1 graph of limb connection vector field. The feature map
of F after downsampling will be compared with the output of each stage to obtain the loss
of that stage. The structure of the neural network stage includes a skeleton network and a
joint prediction network. The skeleton network uses GhostNet to extract feature maps as
input. The joint prediction network adopts a residual network (Resnet) structure, which
outputs heat maps and limb connection vector field maps through multiple stages, and
calculates losses. The neural network generates losses at each stage, and the feature point
prediction loss calculation is Equation (5).

f l
S =

J∑
j=1

∑
p

W (p)
∥∥St

j(p)− S∗
j (p)

∥∥2
2

(5)

In Equation (5), the cost function for feature point prediction is f l
S, the predicted

position of joint point j at time t is St
j(p), the number of neural network stages is J , and

the weight function is W . The cost function for limb prediction is Equation (6).
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f l
L =

C∑
c=1

∑
p

W (p)
∥∥Lt

c(p)− L∗
c(p)

∥∥2
2

(6)

In Equation (6), the cost function for limb prediction is f l
L, and the predicted joint

position of pixel p at time t is Lt
c(p). The overall cost function is Equation (7).

ftotal = f l
S + f l

L (7)

In Equation (7), the overall cost function is ftotal, which is taken to calculate the over-
all loss of training. This study uses L2 type cost functions for parameter updates. The
parameter matrix and regularization parameters are taken into account. In the revised
gradient backpropagation formula, the learning rate will gradually decrease with the rise
of training rounds to ensure that the weights of the neural network converge to the ideal
value. The environmental action features are implemented through an improved 3D con-
volutional network (C3D Resnet), with the main improvement being the use of Resnet to
prevent gradient vanishing. The heat map predicted by neural networks in this study can
identify regions with possible feature points. Using non maximum suppression methods,
regions with Gaussian distribution values greater than the threshold are used as confi-
dence regions, and the point with the highest confidence value is obtained as the joint
point. Then, by determining the integration value of the unit vector and coordinate axis
direction of the limb parts, the connection method of the feature points is determined,
and the most accurate connection method of the feature points is obtained. This study
proposes an Attention-LSTM model for SAFE. This model achieves accurate localization
of HMC by combining attention mechanism and time-domain feature extraction. This
method utilizes pose detection and object segmentation algorithms to extract human
pose features, and uses a pre trained LSTM network for feature extraction and time lo-
calization. Through attention models, networks can more accurately extract the features
of joints and weight the importance of different frames and joints, thereby improving
the accuracy of action recognition. The method for determining feature points mainly
includes the following steps. First, by using a modified gradient backpropagation formula
and considering the parameter matrix and regularization parameters, the learning rate of
the neural network will gradually decrease with the increase of training rounds to ensure
that the weights converge to the ideal value. Secondly, the extraction of environmental
action features is achieved through the use of improved C3D Resnet. Then, using non
maximum suppression methods, the regions with Gaussian distribution values greater
than the threshold are used as confidence regions, and the point with the highest confi-
dence value is obtained as the joint point. Finally, by determining the integration value
of the unit vector and coordinate axis direction of the limb parts, the connection method
of the feature points is determined, and the most accurate connection method of the fea-
ture points is obtained. The LSTM structure that integrates spatio-temporal attention
mechanism (SAM) is Figure 2.

In the LSTM based SAM method, the input of time period 0 is encoded with a single-
layer LSTM and combined with the input of time period 1. The result of this process is
processed by the tanh activation function and then input into the fully connected layer.
The fully connected layer outputs a score matrix that represents the degree of influence of
different frames on actions. The score output by the attention model takes effect before
the output layer of the neural network, which means that the higher the score, the greater
the impact of the current frame on the action classification results. In addition, spatial
attention models also play a role in the input layer of neural networks. Due to the fact that
the input layer receives the coordinates of the joint points, each joint point corresponds
to a score. The attention score matrix is calculated as shown in Equation (8).
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st = Us tanh
(
Wxs +Whsh

∗
t−1 + bs

)
+ bus (8)

In Equation (8), the score matrix is st, the weight matrix is Us, the parameter matrix
are Wxs and Whs, the output value of the hidden layer is h∗

t−1, and the deviation are bs
and bus. In sports action recognition, it is very important to comprehensively consider
the Environmental Action Characteristics (EAC) and HMC [20]. EAC can provide in-
formation about sports venues, equipment, and their trajectories, which can help people
understand the entire scene and background, thereby better analyzing the movements
of athletes. HMC, on the other hand, focuses on the athlete’s own movements and pos-
tures. By analyzing and extracting the athlete’s movement trajectory, joint angles, etc.,
it can more accurately identify and understand the athlete’s movements.

Figure 2. LSTM structure integrating SAM

3.2. Design of IEoSM method. KNN is a basic classification and regression algorithm
that calculates the distance between the sample to be classified and the known sample
in the training set, and then determines the category of the sample to be classified based
on the size of the distance [21]. The IEoSM method can use the KNN algorithm for
classification and evaluation, determining the category of samples or evaluating the degree
of difference between samples and standard samples by calculating the distance between
samples. The classification performance of KNN algorithm is Figure 3.

(a) Overfitting (b) Suitable fitting (c) Under-fitting

Figure 3. KNN algorithm classification performance
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When selecting the K value, it is necessary to consider the sensitivity and generalization
ability of the classifier. If the K value is too small, the classifier will be affected by errors or
abnormal data, resulting in classification errors. If the K value is too large, it will vote over
a larger range, causing the classifier’s prediction performance to deteriorate. Therefore,
the values are usually acquired using cross validation methods. Cross validation divides
all ASs into K disjoint subsets, and then takes one of the K disjoint subsets as the test
AS, with the remaining K − 1 as the training set for the AS. Train the model K times
utilizing the training set, and the classifier’s prediction results are obtained. The AS test
set is tested on the trained model and the recognition rate is obtained. Finally, the final
recognition rate of the classification model is the mean of the recognition rate gained
from K-testing. However, the KNN algorithm has some shortcomings. Firstly, Euclidean
Distance (ED) can only measure two time series of equal length, and it is hard to measure
ED when two time series are not of equal length. Therefore, this study introduces the
DTW algorithm distance as a distance metric in KNN to solve the problem of unequal
time series, and names this method KNN-DTW. In addition, dimensionality reduction of
data samples can also reduce computational complexity. The KNN-DTW regular path is
shown in Figure 4.

Figure 4. KNN-DTW regularization path

In Figure 4, sequences A and B represent two time series that exhibit significant similar-
ity after scaling transformation. DTW can make two ASs as long as possible and calculate
the cumulative distance between them. The representation of sequence A is Equation (9).

A = (A1, A2, . . . , Ai, . . . , Am) (9)

In Equation (9), the test sequence is A, the common frame of the AS is m, and the
feature vector of frame i is Ai. The sequence B is calculated as displayed in Equation
(10).

B = (B1, B2, . . . , Bj, . . . , Bn) (10)

In Equation (10), the template sequence is B, the common frame of the AS is n, and
the feature vector of frame j is Bj. The ED d(Ai, Bj) between the corresponding points
of two ASs is Equation (11).

d(Ai, Bj) =

√∑N

ω=1
(Aiω −Bjω)2, 1 ≤ ω ≤ N (11)

In Equation (11), the feature value of the i-th frame of AS A is Aiω. The feature value
of frame j in AS B is Bjω. The dimension of the AS is N . The regular path of DTW is
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denoted as the line connecting the sequence alignment points, and the calculation of the
regular path is Equation (12).

W = {w1, w2, . . . , wk, . . . , wK}, max(m,n) ≤ k ≤ m+ n− 1 (12)

In Equation (12), the planned path is W , and its k-th element is wk. The dynamic
regularization path requires to meet boundary constraints, starting from the bottom left
corner and ending at the top right corner. Continuity constraint means that all points in
an AS must appear in a regular path and be adjacent. Monotonicity constraint means that
the regular path is monotonic on the timeline. The cumulative distance between feature
vectors is Equation (13).

γ(i, j) = d(Ai, Bj) + min{γ(i− 1, j − 1), γ(i, j − 1), γ(i− 1, j)} (13)

In Equation (13), the cumulative distance γ(i, j) between feature vectors is denoted as
the ED sum between vectors and the nearest element distance. To improve the recognition
rate, this study improved the cumulative distance formula, and the improved cumulative
distance calculation is Equation (14).

γ′(i, j) = d(Ai, Bj) + min{αγ(i− 1, j − 1), βγ(i, j − 1), θγ(i− 1, j)} (14)

In Equation (14), the improved cumulative distance is γ′(i, j). The optimization co-
efficients are α, β, and θ, respectively. The intuition of adding optimization coefficients
comes from the observation that DTW algorithm may encounter issues such as mismatch-
es, high computational complexity, and low recognition rate when dealing with dynamic
time warping problems. The improved DTW algorithm introduces optimization coeffi-
cients to constrain the search space, reduce computational complexity, improve compu-
tational power and recognition rate, and make the regular path closer to the diagonal,
optimizing the matching effect of time series. To reduce computational complexity, a suit-
able threshold T is introduced to limit the cumulative distance. When the accumulated
distance exceeds the threshold T, the calculation stops. When the accumulated distance
is less than the threshold T, similarity matching continues. The target of action assess-
ment analysis is to evaluate the quality of the AS to be evaluated by comparing it with
standard actions. The traditional method relies on manual observation and experienced
coaches, referees, etc. to identify differences in movements and score them, but is greatly
influenced by subjective factors. To reduce subjective influence, this study adopted an
action scoring method based on bone data. The DTW algorithm calculates the DTW dis-
tance between the test AS and the standard AS as a similarity assessment parameter. To
reduce computational complexity, 8 joint angle features were selected as feature parame-
ters. By selecting an action in the dataset as the evaluation object, using the action video
data of students majoring in sports as the standard AS template, and selecting different
samples as the test AS, multiple operations are performed to observe the distribution of
joint angle distance. The evaluation formula for a certain sports action is Equation (15).

Sa = Sc − (d1 − d2)× fc (15)

In Equation (15), the score for the angle feature is Sa, the score for angle allocation is
Sc, the distance value and minimum value of DTW are d1 and d2, respectively, and the
loss parameter is fc.

Stotal =
8∑

a=1

Sa (16)

In Equation (16), the sum of the joint angle scores for the 8 actions is Stotal. By using
the DTW algorithm and defining a set of evaluation formulas, actions can be objectively
evaluated and scored, helping to analyze and improve their execution. This method can
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be applied to various scenarios for evaluating movements, such as sports training, and
dance performances. The process of sports action recognition and evaluation based on
improved DTW algorithm is shown in Figure 5. Firstly, by collecting and preprocessing
sports action video data, joint angle features are extracted. Then, standardize the features
to meet the requirements of the DTW algorithm. Next, a certain number of sports action
videos are selected as the training set, and the KNN algorithm is used for training to obtain
the prediction results of the classifier. Afterwards, use the DTW algorithm to calculate
the distance between the test action sequence and the standard action sequence, and set
a threshold T to calculate the score of the action based on the distance and threshold.
Finally, based on the calculated action scores, the actions are objectively evaluated and
scored, and this method is applied to sports training, dance performances, and other
scenarios, optimized and adjusted according to actual needs.

Figure 5. The process of sports action recognition and evaluation based
on improved DTW algorithm

4. Application Analysis of IEoSM Method Based on Improved DTW Algori-
thm. This chapter first analyzes the application of the SAFE method, including the per-
formance of the C3D-Resnet network on the Kinetics Dataset and CASIA TaiChi Dataset
[22]. Secondly, the performance of the Attention-LSTM HMC extraction model was val-
idated. Subsequently, the KNN-DTW algorithm was improved by dimensionality reduc-
tion and feature fusion, as well as selecting appropriate K values. Finally, the improved
KNN-DTW algorithm was applied to sports action evaluation, and the actual application
effect of this method was analyzed.

4.1. Application analysis of SAFE method. In the SAFE method experiment, a
server equipped with a high-performance graphics card was used for hardware, with spe-
cific specifications of Intel Xeon processor, 32 GB memory, and NVIDIA GeForce RTX
graphics card. The software uses the Ubuntu operating system and installs the CUDA
acceleration library to support deep learning computation. The main programming lan-
guage was Python and the deep learning framework utilized TensorFlow to build and
train models. In addition, the OpenCV library is combined to handle the reading and
preprocessing of video data. To test the C3D-Resnet’s performance, C3D and Resnet were
used as comparative methods in the experiment, and validated on the Kinetics Dataset
and CASIA TaiChi Dataset sports action datasets. The Kinetics Dataset contains approx-
imately 250000 videos, covering over 100 different sports categories with approximately
2000 samples per category. The CASIA TaiChi Dataset contains 22 Tai Chi movements,
each with approximately 100 samples, for a total of approximately 2200 samples. The
accuracy of different models in extracting environmental feature actions is Figure 6.
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(a) Kinetics Dataset (b) CASIA TaiChi Dataset

Figure 6. The accuracy of different models in extracting environmental
feature actions

Figure 6(a) shows the test results on the Kinetics Dataset sports dance dataset, with
accuracy rates of 82.4%, 84.6%, and 90.5% for C3D, Resnet, and C3D-Resnet, respec-
tively. Figure 6(b) shows the test results on the CASIA TaiChi Dataset sports Tai Chi
dataset, with accuracy rates of 84.5%, 86.4%, and 94.7% for C3D, Resnet, and C3D-
Resnet, respectively. In summary, the C3D-Resnet network has shown high accuracy on
two different sports action datasets. In contrast, the accuracy of C3D and Resnet models
is relatively low, especially on the CASIA TaiChi Dataset. Therefore, the C3D-Resnet net-
work demonstrated better performance on sports dance and Tai Chi dataset. To verify the
performance of the Attention-LSTM HMC extraction model, the experiment compared
traditional LSTM with Gated Recurrent Unit (GRU) and the clustering based Bidirec-
tional LSTM (BiLSTM) model proposed in 2023. The performance of different human
body feature extraction models is Figure 7.

(a) Kinetics Dataset (b) CASIA TaiChi Dataset

Figure 7. The performance of different human feature extraction models

In Figure 7, through the comparison of four models, it is found that the Attention-
LSTM HMC extraction model has the fastest convergence speed and the smallest error
convergence value. In the Kinetics Dataset and CASIA TaiChi Dataset, Attention-LSTM
converged at the 50th and 140th times, respectively, with error values of 7% and 9%
after convergence. Compared to traditional LSTM, the convergence speed of Attention-
LSTM has been improved by 51%, and the error value has been reduced by 8.5%. The
results indicate that the improvement of this study is effective. The results indicate that
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the model can learn and extract HMC faster, while also having higher accuracy and
stability, providing strong support for further action recognition and behavior analysis.
The experimental results of different combinations of EAC and HMC extraction models
for SAFE are listed in Table 1.

Table 1. Experimental results of combining different environmental action
features and human action feature extraction models

Dataset EAC HMC Accuracy

Kinetics Dataset

C3D Attention-LSTM 81.6%
Resnet Attention-LSTM 80.3%

C3D-Resnet BiLSTM 85.6%
C3D-Resnet Attention-LSTM 92.3%

CASIA TaiChi Dataset

C3D Attention-LSTM 84.1%
Resnet Attention-LSTM 85.2%

C3D-Resnet BiLSTM 86.6%
C3D-Resnet Attention-LSTM 94.7%

In Table 1, among the different combinations of models, the accuracy of the C3D-
Resnet and Attention-LSTM combination models on the Kinetics Dataset and CASIA
TaiChi Dataset is 92.3% and 94.7%, respectively. The results showed that the combination
model of C3D Resnet and Attention-LSTM achieved high accuracy in action recognition
tasks, demonstrating the importance of considering EAC and HMC comprehensively. This
provides strong reference and guidance for further research on action recognition and
behavior analysis, which can help better understand and utilize information in sports
actions.

4.2. Application analysis of IEoSM method. The experiment analyzed the KNN-
DTW’s performance by studying the collected Tai Chi data information. The results of
different feature recognition are exhibited in Figure 8.

(a) Low difficulty movements (b) High difficulty movements

Figure 8. Different feature recognition results

The results in Figure 8 indicate that the recognition rate of fused features outperforms
that of single features, proving the effectiveness of fused features. Meanwhile, the clas-
sification performance of joint velocity features is poor, which may be due to the small
difference in the position changes of joint points between frames of different actions and the
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unequal time interval between two frames of different actions. To reduce data redundancy,
Principal Component Analysis (PCA) can be used to reduce the dimensionality of fused
features and extract the main components. The result of Feature Data Dimensionality
Reduction (FDDR) is Figure 9.

(a) Characteristic dimension (b) Recognition rate

Figure 9. Result of feature data dimensionality reduction

In Figure 9, before and after dimensionality reduction, the feature data dimension de-
creased from [289, 678] to within the range of [17, 109], and the average action recognition
rate increased from 88.3% to 91.2%. This indicates that FDDR can significantly reduce
the dimensionality of feature vectors while maintaining a high recognition rate. By re-
ducing the data dimension, redundant information can be effectively reduced, and the
expression ability and classification effect of features can be improved. Therefore, FDDR
is an effective method that can further optimize the performance and effectiveness of ac-
tion recognition. To verify the KNN-DTW’s effectiveness with improved dimensionality
reduction and fusion features, this study used data from three datasets as experimental
samples. Table 2 provides information on the action recognition dataset.

Table 2. Action recognition dataset information

Dataset
Action number

1 2 3 4 5 6 7 8 9 10
Self-made 300 300 300 300 300 300 300 300 / /

Kinetics Dataset 15 40 50 30 40 30 35 25 32 25
CASIA TaiChi Dataset 500 530 480 520 550 470 / / / /

In Table 2, the action types and quantities of the three experimental datasets are
different, which can be used to comprehensively evaluate algorithm performance. The
relationship between the parameters determined by K-fold crossover and algorithm per-
formance is Figure 10.
In Figure 10, as the K value changes, the recognition rate of the improved KNN-DTW

also changes. This indicates that the K value selection is important in the performance
of the algorithm. A smaller K value may lead to over-fitting, while a larger one may
cause under-fitting. When conducting K-fold cross validation, the recognition rate of the
algorithm reached its highest point when the K value was set to 5. Therefore, the K value
of the algorithm will be set to 5 in subsequent experiments. The comparison of action
evaluation results of the improved KNN-DTW algorithm on three datasets is shown in
Figure 11.
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Figure 10. The relationship between parameters determined by K-fold
crossover and algorithm performance

(a) Kinetics Dataset (b) CASIA TaiChi Dataset

(c) Self-made

Figure 11. Improved KNN-DTW algorithm for action evaluation results
on three datasets

In Figure 11, the improved KNN-DTW algorithm has an F1 value of approximately
97.1% on three datasets. Therefore, the improved KNN-DTW algorithm shows high ac-
curacy and reliability in evaluating actions on these three datasets. After substituting
the action evaluation formula, the difference between the sports action evaluation results
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and the scores of professional coaches is less than 1 point, indicating that the practi-
cal application effect of this method is relatively ideal. To verify the effectiveness of the
improved KNN-DTW algorithm, traditional DTW algorithm and Convolutional Neural
Network (CNN) were compared in the experiment. Simultaneously, the state-of-the-art
Faster R-CNN and YOLOv5 algorithms are used as a comparison. The comparison of
the effects of different algorithms is shown in Table 3. In Table 3, it can be seen that the
improved KNN-DTW algorithm is significantly better than DTW and CNN algorithms in
different datasets. This indicates that the improved KNN-DTW algorithm has high prac-
tical value in motion action classification tasks. Meanwhile, the F1 value of the improved
KNN-DTW algorithm has been improved on the basis of Faster R-CNN and YOLOv5,
indicating that this improvement has higher accuracy and performance in processing ob-
ject detection tasks. The improved KNN-DTW algorithm can better explore potential
patterns and features in time series data, thereby improving the performance of object
detection tasks.

Table 3. Comparison of the effects of different algorithms

Dataset Algorithm F1 value

Kinetics Dataset

KNN-DTW 96.7%
DTW 93.2%
CNN 92.1%

Faster R-CNN 95.2%
YOLOv5 96.1%

CASIA TaiChi Dataset

KNN-DTW 96.3%
DTW 93.7%
CNN 93.6%

Faster R-CNN 95.7%
YOLOv5 95.9%

Self-made

KNN-DTW 98.2%
DTW 92.7%
CNN 93.5%

Faster R-CNN 97.1%
YOLOv5 97.5%

5. Conclusion. Motor performance evaluation is an important means of providing feed-
back and evaluation to athletes during training and competition. It can help athletes
understand their physical condition, adjust training plans, and improve training effective-
ness. To accurately identify and evaluate the performance of athletes in competitions, this
study applied the DTW algorithm to IEoSM and combines CNN for feature extraction.
On the sports dance dataset, the accuracy of C3D, Resnet, and C3D-Resnet were 82.4%,
84.6%, and 90.5%, respectively. On the CASIA TaiChi Dataset, the accuracy of C3D,
Resnet, and C3D-Resnet were 84.5%, 86.4%, and 94.7%, respectively. Compared to tra-
ditional LSTM, the convergence speed of Attention-LSTM has been improved by 51%,
and the error value has been reduced by 8.5%. The F1 value of the improved KNN-DTW
algorithm on three datasets was about 97.1%. After substituting the action evaluation
formula, the difference between the sports action evaluation results and the scores of pro-
fessional coaches was less than 1 point. The outcomes proved that the designed IEoSM
grounded on the improved DTW is an effective method for identifying and evaluating the
movement performance of athletes. In practical applications, the DTW algorithm also
needs to consider its operability, such as parameter settings and computational efficiency.
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Future research can explore how to apply the DTW algorithm to more complex sports
action recognition and evaluation to improve its accuracy and robustness.
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