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Badminton is a sport that is susceptible to the influence of the racket and the player’s attire, and it is difficult to recognize the action without the
help of 3D-capturing technology. To accurately recognize the technical movements involved in badminton, this study proposes a badminton action
recognition model that combines an artificial neural network algorithm and a dynamic time warping algorithm. The badminton player’s posture can be
estimated using the improved OpenPose algorithm, which can accurately capture the player’s key skeletal nodes. Based on this, the mobile network
V3 network architecture and dynamic time warping algorithm are used to recognize the action. The results revealed that the mobile network V3
model achieved significant performance in recognizing badminton movements, with an accuracy of 0.987, which was significantly higher than the
results obtained with the visual geometric group network, the residual network and the mobile network V2 model. Moreover, the total number of
parameters was significantly decreased by 4.7M. In addition, the precision of the model was improved by an average of 12.27%, outperforming the
other three network models. The dynamic time warping algorithm also performed well in evaluating badminton technical movements. The results of
the evaluation were significantly improved by introducing the weighting values. In the smash and split score, the score based on dynamic time warping
algorithm was 84, while the score after introducing the weights reached 86, which was closer to the scoring value of the domain experts. The results
demonstrated that the mobile network V3 model with the dynamic time warping algorithm used in the study was able to achieve accurate recognition
of badminton movements with high computational efficiency. The study provides an efficient badminton action recognition and evaluation method,
which helps to improve the scientific basis and effectiveness of athletes’ training, and also provides a new technical means for sports analysis.
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1. INTRODUCTION

Badminton, as a globally popular sport, not only has very high
requirements for athletes’ physical fitness, but also involves
complex technical movements and tactical strategies[1−2].
With the development of sports science, the precise analysis
of athletes’ movements and the ‘scientification’ of training
methods have become particularly important. In badminton
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training and competition, accurate recognition and evaluation
of athletes’ technical movements are important for improving
training efficiency, optimizing technical details, and devel-
oping game strategies[3−4]. However, the traditional action
recognition method relies on manual observation and video
playback, which is both inefficient and difficult to quantified
accurately[5−6]. Several scholars have undertaken research on
the recognition of badminton actions. Yang et al. suggested
an hourglass network model that includes a self-attention
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and convolution mechanism to detect the standardized hitting
action used in badminton. The results indicated that the
method achieved an average precision of 96.1% on badminton
player’s stance detection and 95.4% accuracy in classifying
the other six hitting actions[7]. In an effort to improve
the effectiveness of badminton players’ training, Song et al.
presented a temporal segmentation network-based badminton
video action identification technique. The study predicted
four key actions used by the player: forehand, backhand,
top shot and pick. The results showed that the method had
91.2% recall and 91.6% accuracy[8]. Shi et al. developed a
badminton swing system based on a single inertial sensor to
improve the precision of recognizing the swing movements of
badminton players. The study also used a two-layer classifier
recognition model that included decision tree and random
forest techniques. The model demonstrated potential for
application in recognizing swing motions in badminton[9].
Chen proposed a badminton court action detection model
based on multi-modal action recognition toolbox 2 (MMAc-
tion2) as well as Slow-Fast in order to reduce the risks
caused by accidental collisions between badminton players.
The findings revealed that the system was highly accurate
in identifying a variety of badminton movements, including
moving around the court and falling, in addition to the
player’s motions[10]. The above studies have achieved better
results in detecting and analyzing badminton actions, but
have not considered the temporal nature of the movements.
Therefore, this current study proposes a badminton action
recognition model based on the artificial neural network
(ANN) algorithm and the dynamic time warping (DTW)
algorithm. The innovation of the research is that it achieves the
accurate recognition of badminton movements by improving
the OpemPose algorithm,MobileNetV3 network architecture,
and DTW algorithm. The aim of the study is to propose a
means of accurately recognizing badminton movements while
also evaluating the skill level of athletes’ movements. The
research can provide data support for the scientific training of
badminton athletes and the prevention sports injuries.

2. METHODS AND MATERIALS

2.1 Badminton Player Pose Estimation Based
on Improved OpenPose

Badminton is not only a sports activity; it also has important
value and impact in the field of social sciences. First of
all, badminton can improve the cognitive ability and thinking
sensitivity of participants. It requires athletes to react quickly
and make rapid decisions at high speeds,and the agile thinking
acquired through training has a positive impact on other areas
of daily life and learning. Second, because badminton is a two-
player sport, it promotes communication, social interaction
and cooperation skills. This is essential for improving
interpersonal skills and teamwork. In addition, badminton
has a positive impact on mental health by reducing stress,
increasing self-confidence and strengthening resilience. In
terms of social stratification, badminton is also regarded as
an activity that can transcend social barriers and encourage
communication among people of different backgrounds. It is

not only a competitive sport, but also a platform for social
and cultural exchange, which helps to build harmonious
social relationships. As such, badminton has a place in the
social sciences. It has an indispensable role to play in the
psychological health of individuals, social interaction ability
and the harmonious development of social structure.

Before recognizing the movements of a badminton player,
the first step should be to obtain the key nodes of the indivi-
dual’s posture based on the badminton player’s image[11−12].
This current study used the improved OpemPose algorithm for
key node extraction for sportspersons. The input data of this
algorithm is broader and compatible with various sources of
different, pre-recorded as well as real-time images, while the
output comprises the key skeletal nodes of the sportsperson.
Combined with the body structure of the athlete, a skeleton
map of the athlete can be created to determine the athlete’s
posture[13−14]. The main steps of the algorithm are described
below. Firstly, the image or image data is input. Secondly,
the partial affinity field as well as the key nodes are predicted.
Subsequently, the relationship graph of limb connections is
obtained by combining the partial affinity fields based on the
confidence graph output from the neural network. Finally, the
limb connection relationship graph is parsed based on greedy
algorithm[15−16]. The network structure based on OpenPose
is shown in Fig. 1.

As shown in Fig. 1, the network structure of OpenPose
consists of two parts. The first part is based on the VGG19
architecture, whose main role is to extract features from the
input image and image data to obtain the feature graph F. In the
second part, the feature graph F is used to obtain the key nodes
of the head, arms, and legs of the athlete, as well as the limbs
and other parts that define the key nodes of the skeleton[17−18].
The second part consists of two parallel branches. Here, the
confidence graph of the motors is generated in the first branch
by assigning confidence to each key node to characterize the
specific position of that node in the input image, while part of
the affinity fields are generated in the second branch[19−20].
As the iterative process continues, the neural network is able
to achieve more accurate predictions for key points as well
as partial affinity fields. In the OpenPose neural network, the
mathematical expression of skeletal joint point confidence is
shown in Equation (1).

St = pt (F, St−1, Lt−1), ∀t ≥ 2 (1)

where, St denotes confidence level. t denotes the time phase.
pt denotes reasoning from t time period. F denotes feature.
L denotes the affinity domain. Its mathematical expression is
shown in Equation (2).

Lt = ϕt (F, St−1, Lt−1), ∀t ≥ 2 (2)

where, ϕ represents the inference data for a certain time period.
The size of the affinity domain value indicates the pixel fluency
of the target subject’s limbs. The confidence level of a joint
point indicates the likelihood that a single joint point is in
that position. To measure the difference between the true and
predicted values, the L2 loss function (LF) is appended at the
neural network’s conclusion[21−22]. For badminton, the study
introduces a null-weighted loss to show this discrepancy. The
LF of the first branch at this point is shown in Equation (3).
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Figure 1 OpenPose network structure diagram.

Table 1 Badminton players’ close nodes.

Serial number of key bone
points

Body part Serial number of key bone points Body part

1 Nose 2 Neck
3 Right shoulder 4 Right elbow
5 Right wrist 6 Left shoulder
7 Left elbow 8 Left wrist
9 Right hip 10 Right knee
11 Right ankle 12 Left hip
13 Left knee 14 Left ankle
15 Oculus dexter 16 Oculus sinister
17 Right eat 18 Left eat

f t
s =

J∑
j=1

∑
p

W (p) · ‖St
j (p) − S∗

j (p)‖2
2 (3)

where p denotes pixel. W (p) denotes binary code. S∗
j (p)

denotes the true confidence level. The mathematical
expression of the LF based on affinity domain branching is
shown in Equation (4).

f t
L =

C∑
c=1

∑
p

W (p) · ‖Lt
c(p) − L∗

c(p)‖2
2 (4)

where, L∗
c(p) denotes the real affinity domain field. Based

on the above two LFs, the study introduces a global objective
function to optimize the gradient loss. Equation (5) provides
a mathematical expression for it.

f =
T∑

t=1

( f t
s + f t

L ) (5)

where, f denotes the global objective function. For some
specific affinity domain fields, the nodes of the same parts are
spliced into the skeletal points of multiple people by greedy
algorithm. To detect the joint points of badminton players,
firstly, the study decomposes their body parts. The serial
numbers for the joint points are shown in Table 1.

In Table 1, combined with the motion characteristics of
badminton activities, the relevant feature points of the head
are eliminated. After obtaining the RGB image sequence
based on OpenCV, it is imported into OpenPose-bm and

saved as text data, which is used to obtain the horizontal
and vertical coordinates (HVCs) of individual nodes and then
establish the corresponding two-dimensional coordinate axes.
The mathematical expression for a single node is shown in
Equation (6).

Xn(n, p): = (xu(n, p), yu(n, p):xu(n, p)

∈ [0, W ], yu(n, p) ∈ [0, H ]) (6)

where, n denotes the frame rate. p denotes the skeletal
point. Since data may be lost during acquisition, the difference
between the front and back frames are adjusted. The HVCs
of key nodes are calculated with Equation (7).

{
xs = xt + d[(xt − xl)/r ]

ys = yt + d[(yt − yl)/r ]
(7)

where, xs and ys denote the real-time HVCs, respectively.
xt and yt denote the HVCs of the previous frame of a
single joint point. xl and yl denote the HVCs of the frame
after a single joint point. For the extraction of relevant
data, the study selected the coordinate normalization method.
The mathematical expression of coordinates is shown in
Equation (8). {

xs = xv + a

ys = yv + b
(8)

where, a and b denote the translation distance based on the X
and Y-axis.
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Figure 2 Schematic diagram based on SE.

Figure 3 Diagram of CA attention mechanism module.

2.2 Badminton Action Recognition Based on
MobileNetV3 Network Architecture

Based on the skeletal point information of badminton players
obtained above, a neural network is used to classify the
movements. ANN is an information processing system with
many nodes that replicates the composition and operation of
neural networks in the human brain. Connection weights
are used to link the nodes to one another, and by varying
the weights, the nodes can discover and identify patterns.
There are many parameters and resource limitations in the
badminton action recognition process, and the conventional
ANN is constrained by the network topology and parameter
count. Therefore, combined with the real-time and efficiency
requirements of badminton action recognition, a lightweight
convolutional neural network (CNN) model, MobileNet, is
introduced in this study. It can effectively optimize the
number of parameters and the degree of computing difficulty
using point-by-point and deep convolution. In addition,
MobileNetV2 introduces the concept of residual connection,
which improves the performance of the network as a result
of dimensionality reduction[23−24]. The study proposes
the MobileNetV3 model based on this, which takes into
account the concepts of residual connectivity of V2 as well
as separation convolution of V1. In addition, the model
coordinates the squeeze-and-excitation networks (SENet)
module; i.e., the weights are optimized for individual feature
maps (FMs)[25−26]. The schematic based on the SE module
is shown in Fig. 2.

Since SE considers the attention only on the channel
dimension, the study introduces the coordinate attention (CA)
optimization model to address the problem that the pooling
method used in the attention mechanism in the original
MoboleNetV3 model has more difficulty acquiring the more
complex overall data. The module based on the CA attention
mechanism is shown in Fig. 3.

The first step of this attention model is to import the FM
and pool this FM in X-direction as well as Y-direction. The

mathematical expression of the FM based on both the X-
direction and Y-direction is shown in Equation (9).

{
zh

e (h) = 1
2

∑
0≤t≤2 xe(h, i)

zw
e (w) = 1

H

∑
0≤ j≤H xe( j, w)

(9)

where, zh
e (h) and zw

e (w) denote the normalized FMs in the
horizontal and vertical directions. Subsequently, the horizon-
tal and vertical FMs are combined and then dimensionalized
based on a 1×1 convolution kernel. The FMs are obtained by
activation function after normalization operation. The related
mathematical expression is shown in Equation (10).

f t = σ(F1([Zh, Zw])) (10)

where, f t denotes the transition map obtained after encoding
the horizontal and vertical direction FMs, and continue to
take convolutional action on the transition map. Therefore,
the mathematical expression of the attention weights in the
horizontal as well as vertical directions is Equation (11).

{
gh = σ(Fh( f h))

gw = σ(Fw( f w))
(11)

where, gh and gw denote the transformation function. Finally,
the obtained FM as well as the weight values are updated and
corrected. That is, the residual form is used to connect the
transformation function as well as the initial FM[27−28]. The
mathematical expression of the CA-based FM is shown in
Equation (12).

yc = xc × gh × gw (12)

where, xc and yc represent the feature input and output maps,
respectively. To make MobileV3 better able to accomplish the
recognition of badminton movements, the study modifies the
parameters on the original MobileV3 model. Table 2 lists
the pertinent model parameters.
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Table 2 Network structure parameters.

Input Control Attention mechanism Non-linear activation function Number of channels

224 × 224 × 3 Conv2D / HS 16
112 × 112 × 16 Bneck CA, SE RE 16
56 × 56 × 16 Bneck CA, SE RE 24
28 × 28 × 24 Bneck CA, SE RE 40
14 × 14 × 40 Bneck CA, SE HS 48
14 × 14 × 48 Bneck CA, SE HS 96
14 × 14 × 96 Bneck CA, SE HS 96
14 × 14 × 96 Bneck CA, SE HS 96
7 × 7 × 96 Bneck CA, SE HS 96
7 × 7 × 96 Conv2D / HS 244
7 × 7 × 244 Pool / / /
1 × 1 × 244 NBN / 640
1 × 1 × 640 NBN / / 5

Figure 4 Badminton action recognition based on DTW algorithm.

2.3 Badminton Technical Movement
Evaluation Based on DTW Algorithm

After recognizing badminton movements using the MobileNet
network, the study applied the DTW algorithm to recognize
and score badminton movements taking the time series into
account. Given that badminton players have different levels
of physical fitness, the input is scored for sequences that
match the template movements. Therefore, the study proposes
the DTW algorithm, which can characterize the similarity of
individual valid badminton moves within a cycle through path
information, and then evaluate the moves as a whole. The
flow of badminton technical movement evaluation based on
the DTW algorithm is shown in Fig. 4.

In Fig. 4, after the estimation of posture by OpenPose
algorithm, the badminton action can be recognized by
using the DTW algorithm in combination with the time
sequence information. The time regularization function
O(n) is defined to represent the echo relationship between
two sequences in the time axis. The action sequence of
a professional badminton player is D(D1, D2, D3, . . . , Dn).
The action sequence of a non-professional sportsman is
Q(Q1, Q2, Q3, . . . , Qm). The related regularization path
planning is shown in Fig. 5.

In Fig. 5, the mathematical expression for the complete
planning path and its elements are shown in Equation (13).{

G = {g1, g2, g3, . . . , gk}
max(n, m) ≤ k ≤ n + m

(13)

where, G denotes the regularized path. k denotes the element
in the path. n and m denote the number of sequences. By
comparing the size of the Euclidean distance to determine the
similarity, a small value indicates high similarity. Therefore,
it is sufficient to choose the path with the shortest length
under the guaranteed constraints. The related mathematical
expression is shown in Equation (14).

DT W (E, R) = min

⎧⎨
⎩

√√√√ k∑
k−1

Gk/λ

⎫⎬
⎭ (14)

where, λ is mainly adjusted for paths with different lengths.
Following the dynamic modification, Equation (15) is the
recursive formula.

γ (i, j) = d(Ei , Pj ) + min{γ (i − 1, j − 1),

γ (i − 1, j), γ (i, j − 1)} (15)
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Figure 5 Regular path diagram.

where, γ denotes similarity. d(Ei , Pj ) denotes distance.
Finally, the study introduces the concept of weight value
to optimize the DTW algorithm for automatic classification
by Mean Shift, while assigning weights to the number of
categories. The mathematical expression based on weight
values is shown in Equation (16).

ωe = hc∑d
z=0 hs

(16)

where, ωc denotes the weight value of the cth variable.
hc denotes the number of categories of a single node after
clustering. d denotes the number of joints. After combining
the data of joints from different frames into sequences, the
two sets of different sequences are merged and downscaled
into one-dimensional coordinates. The integer is divided
after taking the 2nd order paradigm for it. Lastly, the final
badminton action score is obtained by combining the distance
obtained by the DTW algorithm and converting it into a
percentage.

3. RESULTS

3.1 Performance Analysis Based on
MobileNetV3 Network Architecture

The experimental environment for the study is described
below. The learning framework is TensorFlow 2.0 developed
by Google Inc. The graphics card is selected as GTX 1060 Ti,
the gas pedal program is selected as CUDA 10.2, and Python
3.8 is selected for programming. The CPU is AMD Ryzen
7 5800HS and the running memory is 16GB. A homemade
dataset is used and the ratio of training set to test set is set to
7:3. Stochastic gradient descent (SGD) optimization is used
in the training process of the model. Meanwhile, the initial

learning rate is set to 0.01 and the momentum is set to 0.8.
The LF is selected as cross-entropy LF, the batch size is set
to 64, and the Batch_size is set to 20. The classical CNN
models VGG, ResNet, and MobileNetV2 were chosen for the
comparison experiment. Fig. 6 displays the accuracy variation
as LF curves according to the training set.

The comparison of the four distinct CNN accuracy curves
is displayed in Fig. 6(a). The accuracy of all four CNNs
increases with the number of iterations, and the MobileNetV3
network proposed in this study converges at 30 iterations. The
accuracy converges to 0.985,which is significantly higher than
the remaining three network models. The one with slightly
lower accuracy than the MobileV3 model is MobileNetV2.
It converges at about 70 iterations, and the final accuracy
converges to 0.899, followed by ResNet and VGG after the
accuracy convergence. Fig. 6(b) shows a comparison of
the loss curves of four different CNNs. The results show
that the loss curve of the MobileNetV3 network used in
the study gradually decreases while there is no tendency
to rebound. The MobileNetV3 model gradually converges
to 0.998 after 20 iterations. As the number of iterations
increases, the remaining three CNNs exhibit a certain amount
of deterioration. Nonetheless, they all exhibit a rebound
phenomenon. Also, the precision as well as recall curves of
the four neural networks are compared. The results are shown
in Fig. 7.

Fig. 7(a) allows comparison of the precision curves of the
four different CNNs. The precision values of the four CNNs
gradually increase as the iterations increases. The precision
value of the MobileNetV3 network finally converges to around
0.921, which is significantly higher than those of the other
three neural networks. The MobileNetV2 network precision
value converges to 0.897, and the VGG network converges to
the lowest precision value of 0.807. The recall comparison
of four distinct CNNs is displayed in Fig. 7(b). The model’s
capacity to recognize positive samples is gauged by its recall.
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Figure 6 Comparison of accuracy and loss curves of different convolutional neural networks.

Figure 7 Comparison of accuracy and recall rate curves of different convolutional networks.

Table 3 Comparison of performance indicators of different convolutional networks.

Performance index VGG ResNet MobileNetV2 MobileNetV3

Accuracy 0.712 0.802 0.902 0.987
Precision 0.786 0.874 0.903 0.923
Recall 0.721 0.798 0.854 0.931
F1-score 0.741 0.821 0.898 0.951
Mean forecast time/ms 0.034 0.025 0.021 0.018

The results show that the recall of all four network models
gradually increases as the number of iterations increases.
Among them, the recall of the MobileNetV3 network model
finally converges to 0.926, which is the highest value among
all CNNs. This is followed by MobileNetV2, ResNet, and
VGG network models. Also, the performance of each network
model in relation to the test set is determined. Table 3 displays
the performance metrics of the four neural networks according
to the test set.

All of the performance metrics values of the MobileNetV3
model are the highest, as shown by the results presented in
Table 3. Its accuracy, precision, recall, and F1-score are
0.987, 0.923, 0.931, and 0.951, respectively. The performance
metrics have been improved by an average of 0.182, 0.069,
0.140, and 0.131. Meanwhile, the average recognition time

of the MobileNetV3 network model is 0.018 ms, which is
reduced by an average of 0.009 ms compared to the rest of
the network models. Further comparisons are made between
the parameters of the network models and the performance
of the enhanced OpenPose algorithm applied in the study.
Fig. 8 displays the findings.

Fig. 8(a) enables a comparison of the parameters and oper-
ations of the four neural networks. The results show that the
total parameters of the MobileNetV3 model is 4.7M, and its
value is significantly lower than that of the VGG model, which
is 26.1M. Furthermore, its average precision is improved by
an average of 12.27% compared with the remaining three
network models. Fig. 8(b) shows the parameter comparison
of the four algorithms. The outcomes indicate that the average
precision of the improved OpenPose algorithm proposed in the
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Figure 8 Comparison of network model parameters and experimental results.

Figure 9 VGG network and ResNet network CM.

study is 83.6%, which is an average improvement of 13.8%
compared to the remaining three algorithms. The improved
OpenPose algorithm has a frame rate of 14.8, which is 3.4%
higher than those of the remaining algorithms. Meanwhile,
the floating-point operations’ quantity of the model is only
6.8, which is significantly lower than that of the other three
algorithms. This suggests that the technique can significantly
reduce the model’s parameter count. In conclusion, the
enhanced OpenPose algorithm performs better and has a more
straightforward network architecture. It can be concluded
that the MobileNetV3 model is superior in terms of all
performance metrics.

3.2 Badminton Action Recognition Based on
MobileNetV3 Modeling

A homemade dataset is used, which consists of six common
badminton maneuvers, i.e., smash, chop shot, deep clear, high
backhand shot, hook ball, and serve a ball. In this case,

there are 200 videos of each maneuver type and 100 network
trainings are performed. The effect of neural network model
on badminton action recognition is evaluated based on the four
network models described above. First, the confusion matrix
(CM) diagram based on VGG and ResNet network models is
shown in Fig. 9.

Fig. 9(a) shows the CM of VGG neural network based
on six badminton maneuvers. The results show that the
VGG network is the worst at predicting the HIGH backhand
shot, with a prediction precision of only 89.5%. The highest
prediction precision is for the serve of a ball, with a value
of 93%. The possible reason for this is that serving a ball is
the beginning stage of badminton, when the joint features are
more obvious. Fig. 9(b) shows the CM of ResNet network.
According to the results, the ResNet network has the highest
prediction precision for deep clear with a value of 99%. The
worst prediction precision is for high backhand shot with a
value of 92.5%. The confusion matrices of the MobileNetV2
network model and the MobileNetV3 network model are then
compared. The results are shown in Fig. 10.
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Figure 10 MobileNetV2 network and MobileNetV3 network CM.

Figure 11 Comparison of recognition performance of different algorithms for smash and split.

Fig. 10(a) shows the CM of MobileNetV2 neural network
for six different badminton moves. The results show that
the MobileNetV2 neural network recognizes more than 190
correct numbers for each action. That is, the recognition
precisions are all greater than 95%. Among them, the
recognition precision for deep clear action is the highest,
with a value of 99.5%. The lowest precision is for the
high backhand shot with a value of 95.5%. Secondly, the
MobileNetV2 neural network also has a high recognition
precision value for serve action with a value of 99%. Fig. 10(b)
shows the CM of MobileNetV3 neural network. The results
show that the recognition precision of this neural network is
greater than 97.5% for all six badminton moves. Among them,
the recognition precision for deep clear is the highest, with a
value of 100%. The recognition precision for high backhand
shot is the lowest with a value of 98%. In conclusion, the
MobileNetV3 has the highest recognition precision for the six

neural networks. To address the problem that smash and chop
shot are more closely similar, the study introduces intersection
over union (loU) to evaluate the detection ability of the neural
network model for the above two kinds of actions as well as
the recognition effect. The results are shown in Fig. 11.

Fig. 11(a) enablesl the comparison of recognition perfor-
mance metrics based on smash and split. The outcome
displays that the recognition accuracy of the MobileNetV3
network model for smash and split is 0.985,which is improved
by 0.114 on average compared with the rest of the network
models. The IoU reflects the degree of overlap between
the predicted and real bounding box. The MobileNetV3
network model has a loU of 0.959, which is improved by
0.141 on average compared to the rest of the network models.
In addition, the AP and F1-score values of this network
model are also in the highest numerical hierarchy, which are
improved by 0.143 and 0.162 on average. The recognition
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Figure 12 Comparison of scores of different badminton movements based on DTW algorithm.

Table 4 Final forehand action evaluation result based on DTW algorithm.

Action number 1 2 3 4

Action name Preparatory phase Beating phase Batting phase Random phase
Error key 16 38 47 36
Under 60 points 15 34 44 37
Over 60 points 16 35 41 32
Accuracy 100% 92.10% 87.20% 88.89%

performance metrics of several network models based on chop
shot are compared in Fig. 11(b). The results show that every
performance metric of the MobileNetV3 network model is
at its maximum value. It has an average improvement of
0.128, 0.114, 0.129, and 0.142 compared with the remaining
three network models. In conclusion, the MobileNetV3
network model is more effective for the more similar action
recognition.

3.3 Badminton Movement Evaluation
Based on DTW Algorithm

Firstly, the scores are calculated for the six specific badminton
maneuvers mentioned above. The score values of different
badminton maneuvers based on the DTW algorithm are shown
in Fig. 12.

Fig. 12 shows the comparison of score values of different
badminton maneuvers. Of the six badminton maneuvers,
smash and split has the highest score value. The DTW
algorithm, weight-based DTW algorithm, and manual scoring
are 84, 86, and 75, respectively. The score values are all
improved to some extent after the introduction of weighting
values. In deep clear, the weight-based DTW algorithm
improves the score value by 20 points compared to the original
DTW algorithm. In chop shot ball, the score value is improved
by 13 points. The results show that the introduction of the
weights increases the attention to the joints corresponding
to these movements, and the score values are also closer
to those of the domain experts. The final study takes the
forehand stroke deep clear in badminton as an example, and

decomposes the related technical movements into four phases:
preparatory, beating, batting, and random. Table 4 displays
the findings for the final evaluation of forehand movement.

In Table 4, the overall accuracy of badminton movements
assessed by the DTW algorithm with the introduction of
weights are above 87%. In particular, the accuracy of
the preparatory phase and the beating phase are 100% and
92.10%, respectively. The possible reason for this is that
these two phases are characterized by simpler movements
and less occlusion of the limbs. The preparatory phase has
the lowest number of erroneous key points, and its value
is significantly lower than the rest of the phases. In the
batting phase, the number of erroneous key points and the
number of scores below 60 and above 60 are at the maximum
value level. This indicates that the features of this phase are
more complex and at the same time the accuracy value is
the smallest. The results show that in the swing and hitting
phases, the greater the similarity of movements, the lower
is the accuracy. However, the preparatory phase and the
beating phase, due to the simplicity of the movements and
the low difficulty coefficients, have fewer key points of error
and higher accuracy.

4. DISCUSSION

In the experimental results, the accuracy of MobileNetV3
model reached 0.987, which was significantly higher than
that of VGG, ResNet and MobileNetV2. Meanwhile, the
average recognition time of MobileNetV3 was 0.018ms,
which improved the performance by 0.009ms compared with
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the other models, highlighting its computational efficiency.
In addition, MobileNetV3 converged to 0.931 in recall and
0.951 in F1-score. In the action evaluation based on the
DTW algorithm, the experimental results showed that the
DTW algorithm was able to efficiently evaluate the similarity
between badminton technical actions. The evaluation results
of the DTW algorithm were also significantly improved by
introducing weight values. In the smash and split score,
the score based on the DTW algorithm was 84, whereas
the score increased to 86 with the introduction of weights.
This indicated that the introduction of weights increased the
focus on the key nodes and thus improved the accuracy
of the evaluation. In comparison, the manual score was
75, indicating that the research algorithm was able to better
approximate the expert score and was more informative. In the
accuracy analysis of the different actions, the accuracy in the
preparatory phase reached 100%, while in the batting phase
and random phase it was 87.20% and 88.89%, respectively.
This indicated the effect of the complexity of movement on
the recognition accuracy. The results for the batting are less
accurate because this phase involved more movement details
and rapid movement changes. Meanwhile, the comparative
phase had relatively simple movement features and less limb
occlusion, resulting in the lowest number of error critical
points. To address this, Zheng et al. proposed a neural
network based on robust video keying as well as improved I3D
in an attempt to solve the problem of inaccurate recognition of
badminton action time series by 2D network. The study intro-
duced the DTW algorithm to explore different time sequences
in order to recognize and score badminton action. The results
indicated that the accuracy of badminton action recognition
reached 91.5%. The results were basically consistent with
this study on the recognition of badminton action by the
DTW algorithm. Meanwhile, Zheng et al demonstrated
the effectiveness of the I3D network in badminton action
classification[29]. Sarwar et al. proposed a skeleton-based
keyframe detection model for analyzing the movements of
badminton players. Similar to the present study, Sarwar
et al. also used a modified OpenPose algorithm to estimate
the athlete’s pose. The results indicated that the number of
parameters of this algorithm was low and the complexity of the
network structure constructed in this way was low. The results
of the OpenPose algorithm based on the parameters and the
floating-point operations in the study were consistent with the
results of this present study. Meanwhile, the average absolute
error of the key frame detection model constructed in this way
was less than 0.168 seconds, and the absolute error was only
0.033 seconds. The results demonstrated the effectiveness
of the improved OpenPose algorithm for badminton player
pose recognition[30]. In summary, based on the MobileNetV3
neural network and the DTW algorithm, the proposed model
could accurately recognize badminton movements. It also had
a high recognition accuracy for different stages of badminton
movements.

5. CONCLUSION

For accurate badminton action recognition, the study pro-
posed a badminton action recognition model comprising the
MobileNetV3 neural network and the DTW algorithm. The

badminton player’s pose was estimated by the improved Open-
Pose algorithm, and the badminton action was recognized
using the MobileNetV3 network architecture and the DTW
algorithm. The experimental results indicated that the model
had high accuracy and computational efficiency in badminton
action recognition. Meanwhile, the DTW algorithm could
effectively assess the similarity between badminton technical
movements, and the accuracy of the assessment was further
improved by introducing weighting values. While the
research has yielded certain findings, there are still some
limitations to be addressed. Further improvements could
be made to the recognition accuracy for highly complex
and closely similar movements, such as those in the batting
phase and random phase. Additionally, the efficacy of the
model may be influenced by the magnitude and heterogeneity
of the dataset. Consequently, it would be advantageous to
collect further action data from badminton players in the
future, thus increasing the size and diversity of the dataset.
This would serve to enhance the model’s generalizability
and robustness. Furthermore, capturing action details during
phases of rapid action change would facilitate more precise
action recognition.
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