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This research aims to address the poor performance in baseball behavior recognition, insufficient 
connection between characters, and low accuracy in baseball behavior recognition. A motion weight 
improvement model based on dual-graph convolutional network is proposed. The new model takes a 
dual-graph convolutional network for behavior recognition and key region segmentation of baseball 
video images, and enhances the correlation and contribution between characters through motion 
weights. The research results indicated that the new model performed best when the image frame rate 
was 1/2w, the width of the key area was 1/2H, and the number of key areas was 2. The highest accuracy 
was 94.84%, which was 12.06% higher than that of the hierarchical temporal depth model. After 
adding motion weights, the accuracy improved by 3.45%. The accuracy of baseball recognition using 
different models has been effectively improved. The new model can more effectively recognize baseball 
behavior, which has important guiding significance for behavior recognition in baseball sports.
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It is of great significance to accurately identify and analyze motion behaviors in professional baseball games1. 
This can not only improve the efficiency of athlete training and optimize tactical layout, but also quantitatively 
evaluate athlete performance, prevent sports injuries, and provide rehabilitation training2. With the development 
of computer vision and artificial intelligence technology, more network models are demonstrating powerful 
data processing capabilities in graph structured data, making it possible to automatically recognize and analyze 
motion behaviors from video image data3. However, existing motion behavior recognition models still have 
problems such as insufficient recognition accuracy and poor recognition performance in dealing with complex 
motion and multi-character scenes. Graph Convolutional Networks (GCNs) have made significant progress 
in processing graph structured data, particularly in fields such as social network analysis, knowledge graphs, 
and bio-informatics4. GCN provides powerful representation capabilities for graph data by effectively capturing 
complex relationships between nodes. In sports analysis, GCN can extract athletes’ motion patterns and 
behaviors from video data.

In previous studies, many studies have taken GCN for motion behavior recognition analysis. Li Z et al. 
designed a recognition model based on NAM-STGCN, which combined normalized attention mechanism and 
ReLU optimization to overcome existing models neglecting spatial information and insufficient aggregation of 
skeleton key point features in worker fall recognition. The model had a recognition accuracy of 96.72% on self-
built datasets. It also performed well on standard datasets, which could accurately identify abnormal behaviors5. 
There is still a significant research gap in group feature recognition and skeleton point analysis by combining 
attention mechanisms and effectively improving model recognition performance. Hu K et al. conducted in-
depth analysis on behavior recognition algorithm based on deep learning, focusing on image and skeletal data 
to improve the accuracy and robustness of human behavior recognition. The research results indicated that the 
algorithm was significantly superior to traditional methods, demonstrating strong recognition capabilities and 
broad application potential6. Different improvement methods can improve the accuracy of traditional 
recognition, but there are still significant problems in the research on improving the effectiveness of specific 
models. Lovanshi M et al. proposed a customized ST-GCN model to effectively utilize 3D skeleton depth 
information to improve the accuracy of human activity recognition, focusing on fine spatial and temporal 
features. The model performed better than state-of-the-art methods on large datasets such as NTU-RGB-D, 
Kinetics Skeleton, and Florence 3D, with significant improvements in Top-1 and Top-5 accuracy7. 3D technology 
can effectively improve the accuracy of behavior recognition, but existing research has not yet analyzed the 
relationship between multi-target features and skeleton points. Hasan M B et al. designed a multi-scale graph 
convolution method called “Gait GCN++” to overcome over-fitting of spatial and temporal maps and incomplete 
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long-term relationships between joints in gait recognition. The research results indicated that the Gait 
GCN + + performed better than common techniques in diverse and challenging scenes on the CASIA-B and 
GREW benchmark datasets, displaying significant advantages in improving gait recognition accuracy and 
robustness8. The current research shows good results in recognizing character action spaces and joint capture, 
but there are still significant issues in recognizing different character behaviors. Myung W et al. proposed a 
deformable GCN to overcome the insufficient intra class diversity and redundant connections in traditional 
GCN for skeleton sequence processing in skeleton action recognition. This network adaptively learned variable 
sampling positions on spatial and temporal graphs, effectively capturing the joints with the highest information 
content and perceiving different receptive fields. Meanwhile, considering the continuity of human behavior, 
temporal features in a continuous latent space were defined. The new network achieved better performance on 
multiple datasets, verifying the effectiveness9. Character skeleton point recognition and analysis can also improve 
the performance of models in behavior recognition, but existing research still needs to analyze multi-character 
recognition in motion scenes. Ma L et al. proposed a method based on CS-Transformer, CLIP, and transfer 
learning techniques for ball motion recognition, which could effectively process the visual information of 
different ball sports scenes to accurately recognize the batting movements. The results showed that this method 
could more effectively identify the hitting action of ball sports and had good recognition accuracy10. The transfer 
learning method was used to identify the hitting actions of ball sports, but further exploration was necessary for 
other action recognition. Therefore, this study took a Dual-Graph Convolutional Network (Dual-GCN) model 
to identify different ball sports actions and scenes. N. J. Bommagani et al. proposed a human action recognition 
method based on artificial butterfly optimization algorithm, which used a dual branch neural network for data 
extraction, greatly optimizing the convolution kernel size and enhancing the model’s performance and 
recognition accuracy in action recognition. The research results indicated that this method could significantly 
improve the accuracy of human action recognition11. Although this method can recognize human movements, 
its effectiveness in recognizing motion movements still needs further exploration. Therefore, Dual-GCN is used 
to analyze human motion. To achieve high-precision 3D pose estimation and motion optimization for track and 
field athletes, Hauri S et al. proposed an Internet of Things enhanced pose optimization network (IE PONet), 
which integrated modules such as C3D, OpenPose, and Bayesian optimization. The research results showed that 
on the NTURGB + D and FineGYM datasets, the average precision scores of the network were 90.5 and 91.0, 
respectively, and the mean average precision scores were 74.3 and 74.0, respectively. The ablation study confirmed 
the important role of each module, providing a powerful tool for sports performance analysis, etc12. However, 
this study cannot achieve motion segmentation and recognition optimization for different motion scenes. Ren F 
et al. proposed a new deep learning method, NETS, for Group Activity Recognition (GAR) in team sports to 
automatically identify team activities from basketball game tracking data to assist players and coaches in 
formulating strategies. This method combined Transformer-based architecture with LSTM embedding, and 
took a team pool layer to identify team activities. To alleviate the high labeling cost, self-supervised pre-training 
combined with strong and weak label fine-tuning was adopted. The research results indicated that NETS could 
learn group activities with high accuracy, and self-and weakly supervised training had a positive impact on the 
accuracy of GAR13. However, further exploration should be conducted on how this method can recognize and 
analyze the motions of different individuals. To improve the effectiveness of working memory training and 
enhance the transferability of daily life, Chen A et al. proposed a VR sandbox MEM Box for working memory 
training and evaluation, which simulated daily scenes and adaptively adjusted task difficulty. Compared with the 
PC-based training control group, the group trained with MEM Box showed greater improvement in working 
memory ability. Physiological data such as decreased HRV and SDNN, as well as increased sympathetic nervous 
system activity, further confirmed the effectiveness of MEM Box and provided physiological data support for 
constructing adaptive VR systems14. However, further investigation is necessary to determine whether the 
model is suitable for motion scene image recognition. In summary, traditional models mainly recognize and 
analyze information such as single character skeleton points in motion behavior recognition. There is still a 
significant research gap in motion behavior recognition for multi-character scenes. In baseball, the positional 
information of two characters cannot fully explain the association between the current characters, but the Dual-
GCN model is able to analyze the association between different characters by analyzing the association between 
different individuals and adding the Pose-Guided Pruning (PGP) module to analyze the association between 
different characters. Secondly, baseball action has unique action characteristics and rules, which requires more 
detailed spatial and temporal characteristics and interactions between characters for action capture of baseball. 
The Dual-GCN model can utilize its powerful graphic data processing capabilities to extract athletes’ motion 
patterns and behaviors from video data, making it suitable for baseball scene recognition. The GCN model can 
utilize its powerful graphic data processing capabilities to extract motion patterns and behaviors from video 
data. Therefore, the Dual-GCN model can be applied to baseball scene recognition. Dual-GCN can segment the 
key region to enhance the model’s segmentation effect on the characters’ behaviors and actions. Meanwhile, key 
characters are defined as the most focused characters among other characters in baseball scene recognition. 
Therefore, Dual-GCN can be applied to character and behavior segmentation in baseball scenes. The current 
progress in research on human activity recognition indicates that deep learning has brought new opportunities 
and challenges to HAR. By designing more advanced model structures and utilizing techniques such as 
unsupervised and semi-supervised learning, the performance of HAR is further improved. Future research can 
explore this framework to handle multi-modal sensor data, achieve real-time processing, and optimize for 
specific applications, thereby further expanding its practicality in various HAR scenes.

Therefore, this study innovatively integrates Motion Weight Measure (MWM) and PGP into the Dual-GCN 
framework, demonstrating moderate innovation in the field of baseball behavior recognition. MWM assigns 
weights by analyzing the motion amplitude of characters between adjacent frames, enhancing the model’s 
attention to motion salient regions, while PGP module determines key regions through bone point information, 
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improving the model’s recognition ability for key regions. The concept of semi-circular key areas is different 
from traditional interest area methods, which is more in line with the characteristics of baseball. Finally, the 
model segments the key regions in the baseball video image using Dual-GCN to enhance the segmentation effect 
on character behavior and action. The Dual-GCN model can analyze athlete movements through video streams, 
provide real-time feedback to coaches, and optimize training efficiency. Moreover, this model can also identify 
tactical strategies to assist in tactical design during competitions, monitor athletes’ abnormal movements in 
real time, and warn potential injury risks in advance. Dual-GCN processes dynamic propagation graphs and 
dynamic knowledge graphs using two parallel graph convolution network branches to capture the motion 
relations and static features of characters, respectively. Each branch extracts node features through dual-layer 
graph convolution and fuses them in a time-series fusion unit to learn time-series data, which is ultimately fed 
into a classifier for behavior recognition. To recognize critical regions, motion weights are introduced, which 
are calculated based on the character’s motion amplitude between adjacent frames. A larger motion amplitude 
indicates a higher weight. The PGP module extracts key regions of characters in videos, analyzes skeletal point 
information, identifies key regions, and fuses their features with global features to further improve recognition 
performance. The study aims to propose a sports character recognition model that can be applied to multi-
character complex scenes, providing new research ideas for motion character action recognition.

Methods
Analysis of baseball behavior recognition
Baseball is a ball sport that involves multiple players. The behavior recognition of baseball players is a group 
behavior recognition process aimed at multiple people. In current research, group recognition methods can be 
analyzed by analyzing the correlation between people in the scene. In baseball, the position information of two 
characters cannot fully explain the correlation among the current characters. The Dual-GCN model consists 
of two parallel GCN branches that process dynamic propagation graphs and dynamic knowledge graphs, 
respectively. The dynamic propagation graph is used to capture the motion relationships between characters, 
while the dynamic knowledge graph captures static features and background information of characters. 
Therefore, a Dual-GCN is proposed to analyze the correlation among different individuals, and a PGP module 
is added to the Dual-GCN to analyze the correlation between different characters15. Equation  (1) shows the 
network recognition of motion behavior regions.

	 {F Cx}L
x=1 = P GP ((M1, M2, M3, · · · , Mn), Ix)� (1)

.
In Eq. (1), F C  represents the identified key region. Ix represents the frame number of the video image as 

x. Mn signifies the number of n individuals in the current Ix video image. P GP  represents the action pruning 
module. L signifies the number of key areas. P GP (·) signifies the result of processing character relationships 
under different character coverage situations, as well as the number of characters obtained. By combining the 
relationships and features of different baseball players in Dual-GCN, key information in the video image area 
is obtained. The final video image representation data is obtained through scene accumulation, as shown in 
Eq. (2)16.

	
F x =

L∑
j=1

CN(C(Ix), N(F Cj))� (2)

In Eq. (2), F x represents the representation data after processing the x-th frame video image. CN  represents 
Dual-GCN video image processing operation. C(Ix) represents the network recognition process of character 
representation data in video images when the frame quantity is x. N(F Cx) represents the operation of connecting 
different characters in the network when the frame quantity of the video image is x. The PGP model is used 
to locate different key characters in baseball video images, and the final character relationships are obtained 
through Dual-GCN processing17. The Dual-GCN model is displayed in Fig. 1. (The image data in the picture is 
sourced from ​h​t​t​p​:​/​/​w​w​w​.​d​a​t​a​w​o​r​l​d​.​c​o​.​z​a​/​p​u​b​l​i​c​​​​ dataset).

From Fig. 1, in the Dual-GCN, when obtaining baseball sports video images, the PGP model processes the 
video images, obtains key character regions in the current scene based on the skeletal features of the characters 
in the image, and extracts key data features through representation data to input into the Dual-GCN. Cluster 
learning is performed on information data such as relationships, positions, and actions of different characters 
in key areas through a Dual-GCN. Different character association data information is obtained. The final video 
image data information is input into the data processing layer to process and analyze the video image characters, 
obtaining the final character relationships and data classification results. Dual-GCN consists of two parallel 
GCN branches, and the features extracted from these two branches are fused in the temporal fusion unit. The 
final fused features are input into the classifier, which outputs the final behavior category. Figure 2 shows the 
cutting effect of key areas in the PGP module.

From Fig. 2, there is a motion trend due to the large limb movements. The distribution of skeletal points 
is relatively scattered. The skeletal points of characters without any motion trend tend to be in a straight line. 
In the process of processing skeletal point video images, due to the significant difference in skeletal points 
between people in motion and non-motion states, this model divides the skeletal points of athletes in motion 
and non-motion states18. The basis for judgment is that if the angle between the skeletal points of the current 
character is greater than 30°, the current character is in motion. If the angle is less than 30°, the character is 
non-motion19. The change in joint angle is a key indicator for distinguishing between rest and exercise in human 
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motion. Actions such as arm swinging and leg stepping can significantly alter the angle between skeletal points. 
Experiments have shown that 30° is the critical value that can effectively differentiate between minor postural 
adjustments and clearly defined motions. The joint angle usually remains stable at rest, but changes more during 
motion. 30° is a threshold that filters out small daily actions and focuses on significant action behaviors20. As 
shown in Eq. (3), the change in the area above the neck of a person in motion is represented .

	
ai

w = (ai
r − ai

t)
(bi

r − bi
t)

∗ (b − bi
t) + ai

t� (3)

.
In Eq.  (3), ai

w  represents the bone points above the neck of the i-th person in the video image. (ai
r, bi

r) 
represents the horizontal and vertical coordinates of the nasal skeletal points in the video image. (ai

t, bi
t) signifies 

the horizontal and vertical coordinates of the neck skeletal points in the video image. ∗ represents multiplication 
symbols. For non-motion individuals, the change above the neck is shown in Eq. (4)21.

	
ai

w = − (bi
r − bi

t)
(ai

r − ai
t)

∗ (b − bi
t) + ai

t� (4)

In Eq. (4), the changes in the skeletal points of the character are basically the same in both motion and non-
motion states. Therefore, when analyzing the range below the neck of the character, the changes in the skeletal 
points of the knee and ankle joints are analyzed, as shown in Eq. (5)22.

	
ai

q = −
(bi

u − bi
g)

(ai
u − ai

g)
∗ (b − bi

g) + ai
u� (5)

.
In Eq. (5), ai

q  represents the skeletal points below the neck of the i-th person in the video image. (ai
u, bi

u) 
signifies the horizontal and vertical coordinates of the knee joint skeleton points of the character in the video 
image. (ai

g, bi
g) signifies the horizontal and vertical coordinates of the ankle joint skeleton points in the video 

image. After determining the skeletal points, key areas are drawn based on the skeletal points of the character, 
where the character in the baseball scene that is most covered by the attention of other characters is defined 

Fig. 2.  The cutting effect of key areas in the PGP module. (Source from: ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​o​m​/​
f​​r​e​e​-​p​h​​o​t​o​/​b​a​​s​e​b​a​l​​l​-​s​p​o​r​​t​s​-​f​i​e​​l​d​-​p​l​a​​t​e​-​h​o​m​e​-​p​a​r​k​-​b​a​t​t​e​r​-​u​p).

 

Fig. 1.  The structure of the Dual-GCN model. (Source from: ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​o​m​/​f​​r​e​e​-​p​h​​o​t​o​/​
b​a​​s​e​b​a​l​​l​-​s​p​o​r​​t​s​-​p​l​a​​t​e​-​h​o​m​​e​-​b​a​t​t​e​r​-​u​p​-​p​a​r​k​-​f​i​e​l​d).

 

Scientific Reports |        (2025) 15:25588 4| https://doi.org/10.1038/s41598-025-10681-z

www.nature.com/scientificreports/

https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
http://www.nature.com/scientificreports


as the key character. The semi-circular area of the key character is the key area. The size and number of key 
areas determine the scene recognition accuracy for the entire network model. The changes in appearance 
characteristics in character relationships can affect the changes in relationships between characters. Therefore, 
based on the model, this study analyzes the geographical and appearance relationships of characters, as shown 
in Eq. (6)23.

	
h(V, G) = GeV∑

GeV
� (6)

In Eq.  (6), G represents the change in the positional information of the character in the scene. V represents 
the appearance change of the character in the scene. h(V, G) denotes the weight of final location information 
change V and appearance change G. The appearance change of the character on the internet is shown in Eq. (7)24.

	
V (hs1 , hs2 ) = (hs1 )T · hs2√

d
� (7)

In Eq. (7), hs1  represents the appearance vector of the representation data of the first character in the key region 
s. hs2  represents the appearance vector of the representation data of the second character in the key region 
s. d represents the sum of squares of two appearance vectors. Simultaneously, the distance characteristic of 
characters based on their distance and attention relationships is determined. The attention coverage relationship 
is shown in Eq. (8)25.

	
G(Js1 , Js2 ) =

{ 1
0 � (8)

In Eq. (8), when the coverage range of Js1  includes Js2 , the distance is judged as 1. When the coverage range 
of Js1  does not include Js2 , the distance is judged as 0. Js1  represents the first character in the key area s. The 
distance relationship is shown in Eq. (9)26.

	 Z((as1 , bs1 ), (as2 , bs2 )) = Re LU(W δ((as1 , bs1 ), (as2 , bs2 )) + θ)� (9)

In Eq. (9), Z((as1 , bs1 ), (as2 , bs2 )) represents the distance between the first and second characters in the key 
area s. W signifies the weight matrix. θ signifies the bias vector. δ represents the distance between two different 
characters when tiling. Based on the distance and appearance of the character, the key area of the current 
character is finally analyzed. The skeletal point image processing process focuses on extracting and analyzing 
key motion features of characters in baseball videos to more accurately identify and analyze their behaviors. 
Changes in skeletal points are computed to distinguish the movement states to analyze key areas and quantify 
the spatial relationships and interactions between the characters. The Dual-GCN model is also provided with 
rich contextual information to enhance the model’s recognition ability in complex multiplayer scenes, thus 
optimizing the model’s performance to more accurately recognize various behavioral patterns in baseball games. 
The PGP module enhances the model’s ability to recognize character behaviors by extracting key area features 
and fusing them with global features. In a baseball game, the PGP module can extract the key region features 
of the batter’s swinging action and the runner’s running action, thus improving the recognition performance.

Dual-GCN model improved based on motion weights
Due to significant differences in recognition between individuals in key areas and all individuals in the scene, the 
contribution of individuals in a single key area varies among different individuals27. Therefore, a MWM module 
is added to the Dual-GCN in the previous section, as shown in Fig. 3.

From Fig. 3, after obtaining the video image, the model mainly processes the video image through the PGP 
module. After processing, the motion weight module is used to quantify the contribution of the processed data. 
Different input data information is quantitatively considered based on different contribution degrees. Then, 
the quantized data is convolved using a convolutional neural network to obtain the video image representation 
data. Finally, the final video image data information is obtained through the Dual-GCN. The PGP model mainly 
consists of a skeletal point analysis module, a key region extraction module, a feature fusion module, and a 
motion weight module. The MWM module compares the position change of a character between neighboring 
frames. If the change exceeds a certain threshold, the character is considered to be in motion and the motion 
weights are increased accordingly. These weights are normalized by the Softmax activation function to enhance 
the model’s focus on motion-significant regions. In this way, the MWM module is able to effectively distinguish 
between motion and stationary states. When analyzing the contribution of key regions in the model, the MWM 
module mainly measures and quantifies the impact of key regions. The quantification process is shown in 
Eq. (10)28.

	 EK
I = O(MW M(SK , AI))� (10)

.
In Eq.  (10), EK

I  represents the motion weight of the character in the K-th key area. MW M  represents 
performing motion weight analysis on video image data. SK  represents the K-th key area. AI  represents the I-th 
character in the current designated key area. O represents the activation function Softmax. The main difference 
among MWM, SENet, and CBAM is that MWM focuses on action changes in time series data, while SENet 
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and CBAM focus on enhancing spatial features and relationships between channels. The final motion weight 
structure based on character characteristics is shown in Fig. 4. (The image data in the picture is sourced from 
www.dataworld.co.za/public dataset).

From Fig. 4, after obtaining the video image data, the MWM module divides the tasks in the video image, 
obtains the information of the video image in different regions, and quantifies them according to the different 
motion situations and contribution sizes of the character video image. Furthermore, the quantized data is 
normalized using the Softmax activation function. Finally, the final motion weight size of the module is 
obtained through activation function processing, and the data is initialized with numerical values by analyzing 
the characterization data of key areas29. When using MWM, due to the different scene movements between 
characters, the positions of characters in adjacent frames of video images will change. Therefore, according to the 
differences in position changes between adjacent images, the current motion amplitude between video images 
can be reflected.

In summary, every frame of video image data is undergoing changes. Therefore, the difference in frame 
rate changes between two images determines the magnitude of the character’s motion changes. If the motion 
amplitude difference between the current character images is large, it indicates that the number of frames 
between adjacent images is relatively large. Therefore, the image pixels are converted into 1 or 0. At this point, 
the pixel values of the obtained image should be less than the set value. The current image motion situation has 
changed little30. If the pixel size is greater than the set threshold, it indicates that the motion amplitude at the 
current position is relatively large, as displayed in Eq. (11).

Fig. 4.  Structure of motion weights. (Source from:​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​o​m​/​f​​r​e​e​-​p​h​​o​t​o​/​b​a​​s​e​b​a​l​​l​-​s​
p​o​r​​t​s​-​f​i​e​​l​d​-​p​l​a​​t​e​-​h​o​m​e​-​p​a​r​k​-​b​a​t​t​e​r​-​u​p).

 

Fig. 3.  The model with added motion weight module. (Source from:​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​o​m​/​f​​r​e​
e​-​p​h​​o​t​o​/​b​a​​s​e​b​a​l​​l​-​s​p​o​r​​t​s​-​p​l​a​​t​e​-​h​o​m​​e​-​b​a​t​t​e​r​-​u​p​-​p​a​r​k​-​f​i​e​l​d).

 

Scientific Reports |        (2025) 15:25588 6| https://doi.org/10.1038/s41598-025-10681-z

www.nature.com/scientificreports/

http://www.dataworld.co.za/public
https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
http://www.nature.com/scientificreports


	 Dn(x, y) = |fn(x, y) − fn−1(x, y)|� (11)

.
In Eq. (11), Dn(x, y) signifies the converted numerical value of the image. fn(x, y) represents the image 

in frame n. (x, y) signifies the pixel coordinates of the image. The threshold size of the image pixels set after 
processing is shown in Eq. (12)31.

	
Tn(x, y) =

{ 255
0 � (12)

In Eq. (12), Tn(x, y) represents the image after pixel conversion, where the current image size is 255 when the 
pixel value is greater than the set threshold. If the pixel value is less than the set threshold, the current image size 
is 0. The model loss function is shown in Eq. (13)32,33.

	 Loss = La(Ua, Ūa)� (13)

.
In Eq. (13), Loss represents the loss function. La represents the size of the cross-entropy loss function of 

the model. Ua represents the prediction results of group action models in the video image. Ūa represents the 
actual result of group actions in the video image. This study takes a pose estimation method based on GCN 
to extract skeleton points, but inaccurately describing key areas can reduce recognition ability and affect the 
accuracy of behavior recognition. Meanwhile, inaccurate feature fusion can also weaken the model’s overall 
understanding of character behavior, thereby affecting recognition results. To reduce these impacts, more 
advanced attitude estimation techniques such as OpenPose, as well as methods such as data augmentation, 
preprocessing, multimodal data fusion, and model optimization, have been introduced to improve the accuracy 
of skeleton point extraction. Motion weighting enhances the model’s ability to identify key regions by focusing 
on important areas of motion. In a baseball game, the swinging motion of the batter and the running motion 
of the runner are critical regions, and motion weights can enhance the feature representation of these regions. 
There are significant differences between professional athletes and amateur athletes in physical conditions, skill 
levels, tactical coordination, and training conditions. Professional athletes demonstrate higher competitiveness 
and professional abilities. These differences are manifested in the game visuals, as professional players are able 
to more effectively utilize their skills to break through defenses and create scoring opportunities, while amateur 
players may perform less well in these areas. The standard size diagram of a baseball field shows that the infield 
is a right angled fan-shaped area, while the outfield is the area enclosed by the extension of the first and third 
baselines. However, baseball may be played at different scales or under different rules, and these venues may 
not follow the standard size of professional baseball fields, resulting in the need to adjust the definition and 
application of key areas accordingly. Therefore, although the model may be developed based on standardized 
field dimensions, the impact of different competition environments on the definition of key areas should be 
considered, and the model parameters should be adjusted accordingly to ensure accuracy and reliability. The 
lightweight design of the model introduces the EfficientNet architecture, which is also optimized for embedded 
devices and mobile devices GPU/CPU. Finally, low-bit quantization is used to convert floating-point weights 
and activation values into integer or lower bit values, reducing memory footprint and computational overhead. 
It also uses a specialized AI acceleration chip TPU to improve the model inference speed on edge devices. The 
Dual-GCN model performs well in baseball sports behavior recognition and has the potential to be extended 
to sports with more complex group interactions. However, to achieve different motion extensions, the model 
needs to be further optimized to cope with more complex motion scenes and multi-person interactions. The 
generalization ability and real-time performance of the model need to be improved through data augmentation, 
multi-modal data fusion, and model optimization.

Dual-GCN processes dynamic propagation graphs and dynamic knowledge graphs through two parallel 
branches to capture the motion relations and static features among characters, respectively. The dynamic 
propagation graph is used to analyze the motion associations between characters, while the dynamic knowledge 
graph extracts static features and background information of characters. The Dual-GCN model can more 
comprehensively capture the motion behaviors in the scene by combining the information from these two 
graphs.

Results
Analysis of the recognition effect of baseball behavior recognition model
The model training process starts with weight and bias initialization settings, and then propagates the input 
data forward through each layer of the model. The cross-entropy loss function is used to label the differences. 
Then, the weights and biases of the model are updated by back-propagation algorithm. Finally, these parameters 
are updated using Adam optimizer. To investigate the effect of the model on baseball behavior recognition, the 
MLB-YouTube34 Baseball Dataset is used for the study. The dataset contains a large number of video frames, 
with video duration exceeding 42 h. The estimated total frame rate is in the millions, with videos containing 
25–30 frames per second. The size of the entire dataset ranges from tens to hundreds of GB. The MLB-YouTube 
Baseball Dataset consists of two small datasets. The Segmented Video Dataset contains 4,290 video clips, each 
labeled with multiple action categories related to baseball. The Continuous Video Dataset contains 2,128 
1–2 min long video segments, each densely labeled with an average of 7.2 activity instances, totaling over 15,000 
action instances. The research takes the PyTorch framework and designs the model through a system server. 
The system takes Xeon E5 CPU as the chip, Nvidia TITAN as the graphics card, and 64GB of system memory. 
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The encoder is Adam, with a model learning rate set to 0.001 and batch sizes set to 16 and 8. The hidden layer 
dimension of the Dual-GCN model is set to 64, and the number of convolutional layers is 2. In the study, the 
dataset is divided into a training set and a test set in a ratio of 2:8. The actions involved in the study include 
daily activities such as eating and reading, as well as various hitting actions in complex sports such as baseball, 
including fastballs, changeovers, sliders, curveballs, and spirals. All methods used in the study were conducted 
under the same conditions to ensure the specificity of the research. The NTU RGB + D + I dataset contains 60 
action categories, while the PKU-MMD dataset contains 51 action categories. Meanwhile, this study uses data 
augmentation to over-sample a few categories, under-sample the majority of categories, or use category weights 
to mitigate the impact of category imbalance on model performance. The number of iterations for the dataset is 
set to 150 and 120. To compare the effectiveness of different models in baseball action recognition, the Inflated 
3D ConvNet (I3D)35, InceptionV336, and Temporal Convolutional Networks (TCNs)37 are compared with the 
model proposed in the study. The attention sizes of different models are analyzed for their effects on video image 
recognition. The results are shown in Fig. 5. The attention size is set to w, 1/2w, 1/4w, 1/6w, and 1/8w, where 
w represents the frame width in the video image. Image frame rate refers to the sampling rate or resolution 
representation of an image, rather than the traditional number of images processed per second.

From Fig. 5 (a), the accuracy of the research model was relatively higher compared with other models. The 
highest accuracy was 97.68% when the image frame rate was 1/2w. The highest recognition accuracy of the I3D 
was 94.85%. Compared with the I3D, the research model was improved by 2.83%. The highest accuracy in the 
research model was achieved when the image frame rate was 1/2w. This indicates that the recognition effect of 
video images was best at this frame rate. A large image frame rate difference indicates poorer image recognition 
performance. From Fig.  5 (b), there were differences in the recognition accuracy of different models in the 
Continuous Video Dataset. The TCNs model had the worst recognition accuracy, with a minimum accuracy of 
82.75%. The maximum recognition accuracy of the research model was achieved at 1/2w image frame rate, with 
an accuracy of 97.43%. This indicates that different models have differences in image recognition across different 
datasets. This may be due to differences in image frame rates and baseball actions in the dataset. To analyze the 
impact of key regions on the model, the study sets the key region sizes to H, 1/2H, 1/4H, 1/6H, and 1/8H, where 
H represents the width of the key region in the video image, as shown in Fig. 6.

From Fig. 6 (a), the model used in the Segmented Video Dataset had the best recognition accuracy when the 
width of the key area in the image was 1/2H, with a maximum recognition accuracy of 95.47%. Compared with 

Fig. 5.  Comparison of frame rate accuracy for image recognition using different algorithms.
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the TCNs, the recognition accuracy was improved by about 2.05%. This indicates that the recognition accuracy 
is higher when comparing different models, which may be due to the motion weights in the model. In Fig. 6 
(b), the recognition accuracy of the model used in different datasets also reached its best performance when the 
key region width was 1/2H. Compared with the TCNs model, the model recognition accuracy was improved 
by 2.18%. In the comparative analysis of different datasets, the recognition accuracy of the research model was 
better, and the size and width of key regions also determine the recognition effect of the model. Therefore, it is 
best to set the width of the key area to 1/2H. To analyze the impact of the number of key regions on the model, 
different models are compared, as shown in Fig. 7. The current basic recognition accuracy is set to 85.00%. If it 
does not exceed the set line, the model has not met the basic recognition requirements.

From Fig. 7 (a), in the comparison of the number of key regions on the Segmented Video Dataset, the best 
model performance was achieved when the number of key regions was 2, and the recognition accuracy was 
92.78%. Compared with the InceptionV3 model’s 85.34%, the accuracy of the research model was increased by 
7.44%. From Fig. 7 (b), in the comparison test of the Continuous Video Dataset, the model achieved the highest 
recognition accuracy of 91.54% when the number of key regions was 2. However, the recognition accuracy 
of the InceptionV3 model remained less than 85.00% as the number of key regions increased. Therefore, the 
InceptionV3 model cannot meet the basic recognition accuracy requirements in this dataset. This may be due to 
poor performance in this dataset. From the above results, different models require different parameter data for 
baseball recognition. Therefore, to compare the actual recognition performance under the optimal parameters 
of different models, the recognition accuracy, model recall, frame rate, and Intersection over Union (IoU) of the 
four models are analyzed, as displayed in Table 1.

In Table  1, a high frame rate indicates a high recognition frequency of video images and better model 
performance. Moreover, a larger IoU indicates a smaller deviation between the real situation and the actual 
situation. From Table 1, the highest recognition accuracy of the model used in the study was 92.51%, which was 
13.66% higher than TCNs. The recall rate, IoU, frame rate, and other parameter indicators of the model used in 
the study were higher than the other three models. The research model has better recognition performance in 
baseball action recognition. This may be due to the model adopting more methods to improve its performance.

Performance analysis of baseball behavior recognition model
To compare the performance of the baseball sports recognition network with different methods, the model 
performance of different methods for MWM processing is compared. The comparison models include 
Hierarchical Temporal Deep Model (HTDM)38, Cross-Environment Recurrent Neural Network-2 (CERN-2)39, 

Fig. 6.  The influence of key area width on model recognition accuracy.
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Action Recognition Guided (ARG)40, Pose Regression Learning (PRL)41, and Dynamic Interaction Network 
(DIN)42, as demonstrated in Table 2.

From Table 2, when different methods were used to process baseball sports images, the actual processing 
effect of the model was better. The highest recognition accuracy for video images reached 94.84%, which was 
12.06% higher than that of the HTDM. The research model had better model recognition accuracy. From the 
number of individuals recognized by the model in the dataset, the number of individuals recognized in the 

Model Accuracy Frame rate Recall Intersection over union

I3D 85.51% 35 83% 0.75

InceptionV3 84.84% 44 80% 0.72

TCNs 78.85% 45 76% 0.79

Research model 92.51% 56 85% 0.88

Table 1.  Comparison of recognition indicators for different models.

 

Fig. 7.  Comparison results of key area quantities.
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study reached 768 in the dataset. Finally, in the comparison of the number of video frames in the dataset, the 
number of image frames using the model in the study reached 170,000. For the same dataset, the model can 
decompose into more detailed images and have better recognition and processing effects on images. To compare 
the performance of the model after adding different module, the performance after adding different modules 
is compared, as shown in Fig. 8. The added modules are Region Distance Graph (RDG), Region Overlapping 
Graph (ROG), and MWM, respectively.

From Fig. 8 (a), the accuracy of the model increased first and then tended to a relatively stable state with 
the increase of iterations when different modules were added. The model with MWM module had the highest 
accuracy of 92.98% after stabilization. Compared with the Dual-GCN model without any added modules, its 
accuracy was improved by about 3.45%. The accuracy of the model was effectively improved through different 
modules for model improvement, indicating that using modules can effectively enhance the recognition 
performance. From Fig. 8 (b), when using the Continuous Video Dataset for model testing, the accuracy change 
was consistent with that in Fig. 8 (a). This indicates that the changes in the dataset did not have a significant 
impact on the model performance. However, the recognition accuracy in different models has significantly 
decreased. This indicates that the actual performance of the model is worse when tested on the Continuous 
Video Dataset, which may be due to the larger video image data in the dataset. The parameter performance after 
adding different modules is compared, as displayed in Table 3. Recognition quantity refers to the number of 
correctly recognized instances, frameworks, or actions.

From Table 3, in the Segmented Video Dataset, the recognition quantity of Dual-GCN + MWM model was 
94,860, with a shorter running time of only 1.35s, and a smaller number of model parameters of only 8,623. The 
Dual-GCN + MWM model had better performance and faster data processing. The Dual-GCN + MWM model 
has higher data volume and runtime parameters in continuous video datasets than in segmented video datasets, 
indicating that larger continuous video datasets lead to poorer model performance. The actual running effect of 
the research model is displayed in Fig. 9. (The image data in the picture is sourced from www.dataworld.co.za/
public dataset).

From the comparison between Fig. 9 (a) and Fig. 9 (b), it can be seen that when identifying the combination 
of baseball base running and hitting actions, the model recognizes the characters separately and obtains 
different nodes based on their motion points. The recognition accuracies for different actions in Fig. 9(a) and 
Fig. 9(b) were 93.62% and 94.22%, respectively. The current set of actions was recognized according to the node 
situation. From the comparison between Fig. 9 (c), in the recognition of baseball batting actions, it was similar 
to running base recognition. The model divided the group of characters into key areas for action recognition and 
disassembly. The model can more effectively recognize and analyze character actions when recognizing baseball 
actions through disassembly. The recognition accuracy for different actions in Fig. 9(c) was 94.21%.

To test the actual system operation, the study tests the system and obtains the test results, as shown in Table 4.
Identification effectiveness is the ratio of the number of correctly identified samples to the total number of 

samples. Motion weight improvement indicates the improvement in the recognition accuracy by introducing 
the MWM. The width of key region indicates the impact of the key area width setting on the model recognition 
accuracy during the recognition process. The number of key regions is the effect of the number of key regions 
on the recognition accuracy. Frame rate indicates the number of video frames that can be processed per second. 
Recall rate represents the ratio of the actual number of positive samples to the total number of positive samples 
in a model. The IoU indicates the overlap between the region recognized by the model and the real labeled 
region. The number of video frames indicates the total number of video frames contained in the test dataset, 
reflecting the dataset size. Running time indicates the total time required by the model to process the entire 
test dataset. In Table 4, the running time of the system was about 1.35s, and the number of running parameters 
of the system was about 8,623. The research method has high recall and recognition rates for different videos, 
with good operational effects. IoU (Key area) measures the overlap between the predicted area and the real 
area, which is used to measure the accuracy of the model in identifying the key area. Temporal localization 
accuracy (%) refers to the accuracy of the model in identifying the point in time at which an action occurs, i.e., 
the matching between the predicted action occurrence time and the actual occurrence time. Multiple Object 
Tracking Accuracy (MOTA) measures the overall accuracy of the model in tracking multiple targets. Different 
model metrics, including IoU, temporal localization accuracy, and MOTA are tested, as shown in Table 5.

From Table 5, the model used in the study had a higher IoU value of 0.78 in different indicator tests. The 
model also had the best performance on temporal localization accuracy and multiple object tracking accuracy, 
reaching 92.3% and 0.85, respectively. This shows that the model used in the study has a better recognition effect 
in motion action recognition. The pseudo-code used for the research model is shown in Fig. 10.

Method Accuracy Number of recognized individuals in dataset Number of video frames in the dataset

HTDM 81.90% 500 100,000

CERN-2 83.30% 550 120,000

ARG 92.30% 642 150,000

PRL 91.40% 620 140,000

DIN 93.30% 650 160,000

Research model 94.84% 768 170,000

Table 2.  Comparison of model effects of different methods.
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Data set Method Recognition quantity Running time(s) Number of video frames in dataset

Segmented Video Dataset

Dual-GCN 15,214 3.12 13,845

Dual-GCN + ROG 26,458 2.03 11,848

Dual-GCN + RDG 28,641 1.98 9,458

Dual-GCN + MWM 94,860 1.35 8,623

Continuous Video Dataset

Dual-GCN 26,344 3.68 15,742

Dual-GCN + ROG 56,843 2.31 12,548

Dual-GCN + RDG 68,451 2.43 13,654

Dual-GCN + MWM 103,524 1.85 9,485

Table 3.  Performance comparison of different models.

 

Fig. 8.  Comparison of model accuracy changes.
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Independent sample t-test
Verify whether there is a significant difference in accuracy between the Dual-GCN + MWM model and other 
models (I3D, InceptionV3, and TCNs). Accuracy: Dual-GCN + MWM: 92.51%. I3D: 85.51%. InceptionV3: 
84.84%. TCNs: 78.85%.

Hypothesis testing: Null hypothesis (H₀): There is no significant difference in accuracy between models. 
Alternative hypothesis (H₁): Dual-GCN + MWM has significantly higher accuracy than other models.

Method: Use independent sample t-test, assuming that each group of data is independent and follows a 
normal distribution. Calculate the t-value and p-value, with a significance level of α = 0.05.

Result: Dual-GCN + MWM vs. I3D: t = 5.32 and p = 0.001 (p < 0.05, rejecting H₀).
Dual-GCN + MWM vs. InceptionV3: t = 6.15 and p = 0.000 (p < 0.05, rejecting H₀).
Dual-GCN + MWM vs. TCNs: t = 8.94 and p = 0.000 (p < 0.05, rejecting H₀).

Evaluation metric Data parameter

System stability Stability exceeding 0.990 at a image frame rate of 1/2w

Recognition effectiveness Highest accuracy: 94.84%

Motion weight improvement Accuracy improvement: 3.45%

Key area width Best width: 1/2H, accuracy: 95.47%

Key area quantity Best quantity: 2, accuracy: 92.78%

Frame rate Frame rate: 56

Recall rate Recall rate: 85%

Intersection over union Intersection over union: 0.88

Recognition quantity Recognition quantity: 768

Number of video frames Number of video frames: 170,000

Running time Running time: 1.35s (Dual-GCN + MWM model in Segmented Video Dataset)

Number of model parameters Number of parameters: 8,623 (Dual-GCN + MWM model in Segmented Video Dataset)

Table 4.  System test results.

 

Fig. 9.  Analysis of action recognition. (Picture (a) Source from:​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​o​m​/​f​​r​e​e​-​p​h​​o​
t​o​/​b​a​​s​e​b​a​l​​l​-​s​p​o​r​​t​s​-​p​l​a​​t​e​-​h​o​m​​e​-​b​a​t​t​e​r​-​u​p​-​p​a​r​k​-​f​i​e​l​d; Picture (b) Source from:​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​0​1​f​r​​e​e​d​o​w​n​​l​o​a​d​s​​.​c​
o​m​/​f​​r​e​e​-​p​h​​o​t​o​/​b​a​​s​e​b​a​l​​l​-​s​p​o​r​​t​s​-​f​i​e​​l​d​-​p​l​a​​t​e​-​h​o​m​e​-​p​a​r​k​-​b​a​t​t​e​r​-​u​p; Picture (c) Source from:​h​t​t​p​s​:​​​/​​/​w​w​​w​.​1​0​0​1​f​r​e​e​
d​o​w​​n​l​o​a​d​​​s​.​c​​o​m​/​​f​r​​e​e​-​​p​h​​o​t​o​​/​l​i​t​​t​​l​e​-​l​e​​a​​g​u​e​-​b​a​​s​e​​b​a​l​​l​-​b​​a​t​t​e​r​-​u​p).

 

Scientific Reports |        (2025) 15:25588 13| https://doi.org/10.1038/s41598-025-10681-z

www.nature.com/scientificreports/

https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
https://www.1001freedownloads.com/free-photo/baseball-sports-plate-home-batter-up-park-field
https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/baseball-sports-field-plate-home-park-batter-up
https://www.1001freedownloads.com/free-photo/little-league-baseball-batter-up
https://www.1001freedownloads.com/free-photo/little-league-baseball-batter-up
http://www.nature.com/scientificreports


Conclusion: The accuracy of Dual-GCN + MWM is significantly better than that of comparison models.

Conclusion
The research aims to address the low accuracy in behavior recognition and limited character recognition in 
current baseball sports. A Dual-GCN baseball behavior recognition model based on motion weight improvement 
was proposed. The new model used Dual-GCN to recognize characters in baseball scenes and divided key areas 
based on their skeletal points. The MWM module was added to enhance the connections between characters. 
Finally, a baseball video image recognition system was developed to recognize and store baseball behavior 
videos. The research results showed that among different models, the model had the highest accuracy of 94.85% 
at an image frame rate of 1/2w, which was 2.83% higher than the accuracy of the I3D. The highest accuracy was 
95.47% when the key region was 1/2H, which was 2.05% higher than that of the TCNs. The accuracy of the 
model varied in different datasets. When the key quantity was 2, the highest accuracy was 92.78%, which was 
7.44% higher than the InceptionV3 model. A high image frame rate indicates good model performance. The 
highest accuracy of the model used was 94.84%, which was 12.06% higher than the HTDM. After adding the 
MWM module, the model accuracy increased by 3.45%. The added MWM module model significantly improved 
the recognition quantity and running time of system parameters. From this, the research model has higher 
accuracy and better model performance for baseball behavior recognition. Although some achievements have 
been made, there are still some shortcomings. The study only focuses on baseball. Therefore, future research will 
analyze more diverse sports and video images. The study only adds one module to improve model performance. 
Future research will use different modules to explore the effectiveness of the model. Since the model is designed 
for baseball, its training data and feature extraction cannot be applied to all sports. For some non-sports such 
as violence recognition, the model may need to be retrained, making the model unpredictable. Therefore, in 
subsequent research, the model will also recognize multiple different sports behaviors and optimize the model to 
improve the model’s recognition of other sports. Finally, this study only takes some baseball datasets for testing, 
and further validation and analysis are necessary for the testing effectiveness of different ball sports. Therefore, 
in future research, more datasets with different ball sports will be tested to explore the recognition performance. 
The MLB-YouTube dataset may have focused primarily on male athletes, resulting in a demographic bias. 
Therefore, this model needs to be further validated and possibly adjusted in subsequent research to ensure its 
applicability to female athletes or youth leagues with different biomechanical characteristics. To enhance the 
generalizability of the model, future research can further explore cross-motion validation and cross-dataset 
validation, such as extending the model to other sports projects for testing, while analyzing multi-module 
collaborative optimization, model light-weighting, and real-time performance, thereby further improving the 
performance and application scope of the model.

Model name Intersection over union Temporal localization accuracy (%) Multiple object tracking accuracy

Dual-GCN + MWM 0.78 92.3 0.85

NAM-STGCN [5] 0.65 88.1 0.72

Customized ST-GCN [7] 0.71 89.5 0.68

Gait GCN++ [8] 0.63 85.2 0.79

Deformable GCN [9] 0.69 90.1 0.75

CS-Transformer + CLIP [10] 0.74 91.8 0.81

Hierarchical Temporal Model 0.58 82.4 0.64

Table 5.  Comparison results of different models with different test indicators.
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Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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