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STNet: a small moving target localization and tracking

network for badminton

Zhong Liang, Ou Qiaofeng’, Shen Minjie, Xiong Bangshu
School of Information Engineering , Nanchang Hangkong University , Nanchang 330063, China

Abstract: Objective Badminton has become one of the most popular sports in the world today. Badminton match videos
contain a wealth of useful information, and extracting this information can provide data support for precise analysis of
sports. Among various types of information, badminton trajectory information is particularly important, as it can extract
ball speed, athlete explosiveness, and shuttlecock trajectory data from the positioning information of the shuttlecock. Com-
pared with general video object detection and tracking tasks, real-time localization tracking in badminton videos faces two
major challenges: 1) Shuttlecocks are small targets with severe motion blur and interference from similar objects. The accu-

racy of object detection and tracking methods based on rectangular bounding boxes is low and can cause centroid estimation
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errors. 2) Locating the shuttlecock target accurately in a single-frame image is difficult, but its position can be tracked
using temporal features from adjacent video frames. However, existing network modules for extracting temporal features are
complex and struggle to meet real-time requirements. Early research on badminton localization and tracking mainly
included threshold-based methods and feature learning-based methods, which performed well in specific scenarios. How-
ever, these methods focused only on target information during model construction, making it difficult to utilize background
information. As a result, their localization and tracking performance suffer in complex environments. Currently, most deep
learning-based object detection and tracking methods are based on rectangular bounding box algorithms. However, shuttle-
cocks exhibit severe motion blur in single-frame images, making it difficult for the rectangular box algorithm to accurately
locate the shuttlecock target’s pixel coordinates. Subsequently, a localization method based on heatmap contour detection
emerged, which overcame the limitations of rectangular bounding box methods by directly determining the pixel position of
the shuttlecock’ s head center by using segmentation and morphological detection methods. However, current approaches
based on heatmap contour detection have weak capabilities in extracting spatiotemporal features for video object localization
and tracking, making them inadequate for real-world requirements. To enhance the network’ s ability to extract temporal
and spatial features from video frames, we propose a new badminton localization tracking network algorithm named shuttle-
cock track net (STNet) based on heatmap contour detection. Method The backbone of the STNet network adopts a “U”
-shaped encoder-decoder structure. To tackle the issue of limited pixel information in small targets, we design an efficient
feature extraction module based on squeeze and excitation (SE) channel attention and residual structure called SE channel
attention and residual (SECAR). This module facilitates efficient extraction and transmission of spatial information,
improving the network’ s localization performance. To tackle the challenges of target loss and interference from similar
objects, we design a temporal network (TPN) structure for extracting and memorizing temporal features , enhancing the net-
work ” s tracking performance. The STNet network consists of four main parts: input layer, encoder, decoder, and output
layer. The input layer introduces the TPN structure, enabling the network to achieve neural network-style Kalman filtering
effects. The encoder and decoder utilize SECAR feature extraction modules, which use multi-level residual bypass chan-
nels to improve the network ’s spatial feature extraction capability and mitigate the problem of information loss for small tar-
gets. The output layer is responsible for restoring the output heat map to the predetermined size. After contour detection on
the output heat map, pixel coordinate information of the shuttlecock can be obtained. Stable tracking of the shuttlecock is
achieved by locating the pixel coordinates of the shuttlecock frame by frame. Result Experiments conducted on the open
data set TrackNetv2 and a home-brewed data set demonstrated that the STNet network achieved an accuracy of 92. 0%, a
precision of 96. 7%, and an F1 score of 95. 0%. Compared with the shuttlecock positioning trajectory method TrackNetv2,
our method improved accuracy, precision, and F1 by 7. 5%, 15.7%, and 7. 5%, respectively, while significantly reduc-
ing the parameter count to meet real-time processing requirements (54 frames per second). Conclusion This paper pro-
poses a badminton localization tracking algorithm based on SECAR and a temporal encoder—decoder network. The network
algorithm employs the SE channel attention mechanism and a residual bypass structure to design the SECAR feature extrac-
tion unit, which effectively improves the network’ s capability to extract spatial features. To extract temporal information
from video frames and achieve neural network-style Kalman filtering effects, we introduce the TPN structure. Experimental
results demonstrate that even in low-frame-rate badminton match videos with severe motion blur, our proposed network can
accurately locate the pixel coordinates of the shuttlecock and achieve stable tracking.

Key words: shuttlecock localization and tracking; small target; heatmap; contour detection; encoder-decoder network;
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((a) basic convolution; (b) SE channel attention module ; (¢) SECAR feature extraction module )
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Fig. 6 Schematic diagram of thermal diagram contour detection

effect ((a) thermal diagram output from the network ;
(b) enlarged area in (a); (¢) minimum rectangle fit;

(d) obtain badminton pixel coordinates )
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Fig. 7 Examples of images within the TrackNetv2 dataset

((a)green court with blue perimeter; (b)green court with red
perimeter; (¢)green court with cyan perimeter;

(d)red court with gray perimeter)
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Fig. 8 Examples of self-made dataset images

((a)light reflection and adjacent field interference ;
(b) adjacent field interference; (c¢)multi target interference ;

(d)natural light reflection interference )
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Table 1 Results of ablation experiments
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Table 2 Experimental results of STNet on the validation

set with different strides
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Table 3 Comparison results of different networks

Jrik Acc/%  Prec/%  F1/%  Params/M
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DeepBall-Large 368 595 506 1.0
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Table 4 Experimental results with sliding windows of
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Table 6 Experimental results for different

different lengths allowable errors
1% /%
WHEHKE  Ace Prec Rec F1 FRVFREM/MER Acc Prec Rec Fl

1 84.7 92.0 88.4 90.1 6 92.6 97.5 93.3 95.4
2 91.0 95.9 93.0 94.4 5 92.5 97.4 93.4 95.4
3 92.0 96.7 93.3 95.0 4 92.0 96.7 93.3 95.0
4 90.4 93.4 94.7 94.1 3 88.7 92.5 93.0 92.8
5 91.0 93.7 95.2 94.4 2 71.7 71.0 91.1 79.7
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Table 5 Experimental results of the impact of

different TPN lengths

/%
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Table 7 Experimental results of self-made dataset
1%

Tk Ace Prec F1
TrackNetv2 57.6 84.0 68.1
MonoTrack 65.7 90.4 75.5
STNet(A3L) 91.0 94.0 94.7
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Fig. 9 Partial image frames and thermal map positioning

(d) HFRTEAS T4

results ((a) light reflection interference ;
(b) natural light interference; (¢) multi target interference ;

(d) target deformation interference )
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