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In badminton training and technical and tactical analysis, accurately identifying and standardly evaluating 
racket swings are of great significance for improving athlete performance and preventing sports injuries. 
To analyze swing movements. This paper presents an integrated pipeline for badminton swing analysis, 
combining a lightweight OpenPose variant (with ShuffleNet-V2 backbone, adaptive resolution, and Kal-
man filtering) with an Inception-based architecture augmented by a temporal convolution branch (termed 
Inception-Time). The temporal branch specifically captures short-term phase transitions in swings, and a 
dual-branch output jointly optimizes action classification and normative scoring. The action recognition 
accuracy of LOP-NGN on the self-built BSD data set and the public SPB data set reached 96.5% and 97.3%, 
respectively, and the single frame response time was 28ms and 30ms, respectively. In the actual swing anal-
ysis scenario, the average absolute errors in elbow, shoulder, and wrist joint angle estimation were 1.2°, 1.4°, 
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1. Introduction
Badminton is a sport that requires extremely high 
technical precision. The standardization of its swing 
directly affects the quality of the shot and the risk of 
sports injuries. Driven by computer vision and deep 
learning, action analysis systems based on human 
posture estimation provide objective and quantita-
tive evaluation methods for sports training [19, 25]. 
Currently, research on badminton swing motion 
analysis mainly focuses on single motion recogni-
tion or simple biomechanical parameter extraction. 
It lacks temporal modeling and multi-dimensional 
evaluation of the entire swing process, resulting in 
challenges still faced in fine-grained identification 
and normative scoring of complex swing motions 
(such as smashes, drop shots, and long shots) [2, 30]. 
Existing methods mostly use general pose estima-
tion models (such as OpenPose, MediaPipe) com-
bined with LSTM or TCN for action classification. 
However, there are common problems such as large 
number of model parameters, poor real-time per-
formance, obvious jitter of key points, and difficulty 
in balancing classification and scoring tasks [27]. 
The research develops a badminton swing analysis 
method based on lightweight OpenPose and New 
GoogleNet. First, ShuffleNet-V2 is used to replace 
the original backbone network of OpenPose, and 
combined with adaptive resolution adjustment and 
Kalman filter temporal smoothing. It significantly 
reduces the amount of calculation and suppresses 
joint trajectory jitter while ensuring detection ac-
curacy. Secondly, the Inception-Time module is de-
signed and the temporal convolution branch is intro-
duced into New GoogleNet to enhance the ability to 
capture phase changes in the swing movement. A du-
al-branch output structure is constructed to jointly 
optimize action category recognition and normative 
scoring. The contribution is an engineering inte-

gration that combines a lightweight pose estima-
tor (ShuffleNet-V2 + adaptive resolution + Kalman 
smoother) with a temporal-aware Inception module 
(with a 3×1 convolution branch) in a dual-branch 
framework. This combination is motivated by the 
need for both spatial precision and temporal conti-
nuity in swing analysis; it achieves practical gains in 
inference speed and joint-angle stability on the col-
lected dataset, without claiming novel operators or 
training paradigms.

2. Related Work
New GoogleNet and lightweight OpenPose are a 
combination of deep learning models used in the field 
of human motion analysis. It combines lightweight 
posture estimation and efficient convolutional neu-
ral network technology. It can extract key points of 
human skeletons and identify complex action pat-
terns in real time, and realize a series of analysis 
tasks such as detection, classification, and normative 
scoring of badminton swings. It is crucial in mod-
ern intelligent sports training and action evaluation 
systems. A large number of scholars have conducted 
relevant research on it. Lu et al. [18] built a dual-pass 
method integrating EfficientNetV2-S and OpenPose 
to address the lack of action recognition information 
in a single static image. The residual spatial atten-
tion enhancement feature was embedded in the main 
channel, and one-dimensional convolution was used 
to adaptively fuse the classification results to achieve 
superior accuracy on the Stanford 40 data set. [18]. 
Aiming at the difficulty of three-dimensional pose es-
timation from low-resolution infrared sensors, Chen 
et al. proposed a skeleton estimation system with at-
tention mechanism and CNN-BiGRU. They used 8×8 

and 1.6° under low-speed swing conditions, and 1.5°, 1.8°, and 2.1° under high-speed swing conditions. The 
system power consumption was approximately 18.5 to 19.3W, the analysis frame rate reached 30~32 FPS, and 
the scoring error was 4.2~4.5 points. The results show that the method can efficiently and accurately identify 
and score badminton swings, significantly reducing computational overhead and joint estimation errors, and 
providing reliable technical support for intelligent badminton training.
KEYWORDS: Badminton swing analysis; Lightweight OpenPose; New GoogleNet; Action recognition; Norma-
tive scoring.
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infrared array acquisition, Kinect v2 annotation, and 
k-means to eliminate outliers, achieving 90.151% ac-
curate restoration within 20mm [4]. Lu et al. [17] pro-
posed a TCNet hybrid network for the low efficiency 
of long-range spatiotemporal interaction capture in 
continuous sign language recognition. The trajectory 
module extracted regional motion patterns, and the 
relevant area module dynamically filtered out irrel-
evant frames, achieving leading word error rate re-
duction on the PHOENIX14 data set [17]. Shah et al. 
[24] systematically reviewed the evolution and lim-
itations of mainstream frameworks from YOLO to 
Cascade R-CNN. An improved framework that inte-
grates open source libraries was proposed to enhance 
real-time dimensional change tracking and measure-
ment, which could effectively meet the diverse needs 
of industrial vision [24]. Aiming at the insufficient 
utilization of human body structure information in 
wearable human activity recognition, Zou et al. [29] 
proposed a graph-based temporal framework GT-
WHAR. A human perceptual graph was designed to 
uniformly represent the body motion structure. The 
body node attention graph network was used to fuse 
cross-channel information. A bidirectional temporal 
network was embedded to capture features, which 
was significantly better than existing methods [29]. 
Ibh et al. [13] proposed TemPose, a skeleton-based 
Transformer model with temporal and interaction 
layers for fine-grained badminton action recognition, 
which integrated shuttlecock and player position 
data and outperformed baseline models on badmin-
ton datasets [13].
Since the development of badminton action recog-
nition, some of its theories and practical applica-
tions have become relatively mature. Scholars have 
conducted in-depth research. In view of the unclear 
transmission mechanism of the joint power chain in 
the badminton smashing action and the insufficient 
quantification of factors affecting batting efficien-
cy, Guo et al. [10] conducted a kinematic analysis of 
the in-situ smashing techniques of 40 national-lev-
el athletes. A motion capture system was used to 
collect three-dimensional coordinate trajectories, 
calculate the peak angular velocity and delay of the 
knee, hip, shoulder, elbow, and wrist joints, and an-
alyze the power chain transmission sequence and 
contribution distribution. The forward flexion of the 
shoulder joint contributed the most, excessive speed 
of the elbow joint hindered speed transmission, and 

the position of the center of gravity was significantly 
related to the acceleration of the clap [10]. Edmizal 
et al. [8] conducted a systematic review on the bio-
mechanical differences between elites and ama-
teurs in badminton smash action. Multiple relevant 
databases were searched, literature was screened 
according to inclusion and exclusion criteria, and 
biomechanical variables such as movement pat-
terns, beat speed, and coordination were extracted 
for comparative analysis. Analysis showed that elite 
athletes had better action patterns and beat speeds, 
and related features could be used as training targets 
[8]. Artazila et al. [1] used the PRISMA standard to 
review the literature in the Scopus database from 
2020 to 2024 in response to the lack of systematic 
integration of biomechanical analysis of badminton 
smash technology. The badminton and smash key-
words were used to search, and 10 relevant articles 
were selected from 155 articles for comprehensive 
analysis. Analysis results showed that a biomechan-
ical perspective could improve smash performance, 
speed, and strength training effects [1]. Purnama et 
al. [21] proposed a time series classification meth-
od that combined landmark tracking and LSTM to 
capture motion trajectory features in badminton 
posture time series classification. Key point trajec-
tories were extracted through posture estimation. 
The proposed method could identify badminton ac-
tion posture categories [21]. Larasaty et al. [14] used 
IMU sensors to analyze the kinematics of the wrist 
and forearm in different service types to solve the 
insufficient quantification of upper limb joint angle 
motion characteristics in badminton service tech-
nology. Sensors were placed on the back of the hand 
and forearm near the elbow to measure the angular 
movement patterns of backhand, short forehand, and 
long forehand serves. Forehand serving was mainly 
driven by the forearm, while backhand serving had 
a more significant contribution from the wrist [14]. 
There is a lack of theoretical model for optimizing 
the shortest hitting time trajectory in badminton 
smash. Putra et al. [22] introduced the fastest drop 
line into the smash kinematics analysis. The smash 
trajectory under different conditions was simulat-
ed through analysis and numerical simulation. The 
cycloid trajectory could achieve the shortest hitting 
time, and the ratio of smash to high and long ball 
speed was 0.75. Experimental results showed that 
the model was consistent with literature data [22].
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To sum up, although many scholars have conducted 
research on human posture estimation and action 
recognition technology, there is no method that com-
bines lightweight OpenPose with New GoogleNet 
and applies it to real-time analysis and normative 
scoring of badminton swing movements. There-
fore, the study proposes a badminton swing analy-
sis method based on lightweight OpenPose and New 
GoogleNet to reduce joint angle estimation errors, 
and improve action recognition accuracy and scoring 
stability, providing theoretical support for intelligent 
badminton training and action technology diagnosis.

3. Methods
In view of the high complexity and strong real-time 
requirements of badminton swing, a two-stage cas-
caded analysis pipeline is designed. This work con-
sists of two core modules connected in series. First, 
the lightweight OpenPose pose estimation module 
is responsible for extracting key human skeleton 
points from the video stream in real time. Then, the 
New GoogleNet action recognition and evaluation 
module performs action classification and norma-
tive scoring based on time-series skeletal features. 
The two modules work together to achieve accurate 
analysis and quantitative evaluation of swing move-
ments. It is worth clarifying that these two modules 
are trained separately rather than jointly; the pose 
estimator is pre‑trained and then fixed during train-
ing of the action recognition module, so the overall 
pipeline is not end‑to‑end in the strict sense.

3.1. Lightweight OpenPose Pose Estimation 
Module
3.1.1. Lightweight Backbone Network and 
Adaptive Temporal Smoothing
The lightweight OpenPose pose estimation pro-
cess usually consists of multiple links, including 
skeleton key point topology definition, vector field 
detection (Part Affinity Fields, PAF), backbone net-
work feature extraction based on ShuffleNet-V2, and 
post-processing filtering and smoothing, etc. [5]. In 
these links, the accurate definition of skeletal key 
points and limb association play a vital role to en-
sure that subsequent action analysis can be based on 
a stable and continuous human skeleton sequence 
[16]. The estimation framework involves the col-

laborative operation of multiple subtasks, including 
multi-scale feature extraction, parallel branch pre-
diction, and temporal smoothing. When analyzing 
badminton swing movements, all aspects such as re-
al-time detection of player posture, reliable estima-
tion of key point confidence, and jitter suppression 
of joint trajectories is performed. The lightweight 
OpenPose is to reduce the amount of model calcula-
tions and parameters while ensuring detection ac-
curacy, thereby achieving real-time pose estimation 
on edge devices. Its key process is shown in Figure 1. 
The 14-keypoint topology is defined based on bio-
mechanical relevance to swing kinematics: torso 
centers (shoulder/hip) encode trunk rotation and 
weight transfer, while limb endpoints (wrist/ankle) 
track the distal power-chain (shoulder-elbow-wrist) 
critical for differentiating smashes from clears. This 
subset deliberately excludes facial and hand-finger 
joints (27 in full OpenPose) to reduce computational 
cost, while retaining sufficient degrees of freedom to 
capture the three swing phases (wind-up, impact, and 
follow-through). Figure 1 shows the specific layout of 
these 14 key points. The core parts of the torso (such 
as the shoulder and hip centers) are used to capture 
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Definition of skeletal key points for badminton 
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The 14-keypoint topology is defined based on 
biomechanical relevance to swing kinematics: 
torso centers (shoulder/hip) encode trunk 
rotation and weight transfer, while limb 
endpoints (wrist/ankle) track the distal 
power-chain (shoulder-elbow-wrist) critical 
for differentiating smashes from clears. This 
subset deliberately excludes facial and 
hand-finger joints (27 in full OpenPose) to 
reduce computational cost, while retaining 
sufficient degrees of freedom to capture the 

three swing phases (wind-up, impact, and 
follow-through). Figure 1 shows the specific 
layout of these 14 key points. The core parts 
of the torso (such as the shoulder and hip 
centers) are used to capture the main body 
rotation and changes in the center of gravity. 
The ends of the limbs (such as wrists and 
ankles) are used to accurately depict the 
acceleration, hitting and follow-up 
movements of the arms during the swing. 
The set of key points detected in frame t  is 

Figure 1
Definition of skeletal key points for badminton racket swing 
motion.
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the main body rotation and changes in the center of 
gravity. The ends of the limbs (such as wrists and an-
kles) are used to accurately depict the acceleration, 
hitting and follow-up movements of the arms during 
the swing. The set of key points detected in frame t 
is Kt ={kt,i | i=1,...,14}, where kt,i=(xt,i, yt,i, ct,i) and xt,i, 
yt,i are pixel coordinates, and ct,i is confidence. All key 
point coordinates are normalized to the [-1,1] inter-
val before being input into the network, as shown in 
Equation (1) [28].

,{ 1, ,14}t t i ik , where 

, , , ,( , , )t i t i t i t ix y ck  and , ,,t i t ix y  are pixel 
coordinates, and ,t ic  is confidence. All key 
point coordinates are normalized to the 
[-1,1]  interval before being input into the 
network, as shown in Equation (1) [28]. 
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In Equation (1), ,t ix  and ,t iy  respectively 
represent the horizontal and vertical 
coordinates of the key points in the original 
pixel coordinate system. ,ˆt ix  and ,ˆt iy  
respectively represent the normalized 
horizontal and vertical coordinates of key 
points. W  and H  represent the image 
width and height. Lightweight OpenPose 
uses a bottom-up detection strategy to 
simultaneously predict key point confidence 
maps and PAF. For the j -th key point 
category, its confidence map jS  is defined 

as Gaussian response superposition, as 
shown in Equation (2) [15]. 
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In Equation (2), ( )jS p  represents the value 
of the confidence map of the j -th key point 
at pixel p . p  represents any pixel position 
in the image. ( )

,
m

t jk  represents the true 
coordinates of the j  of the m -th person.  
represents the Gaussian kernel width. PAF 
describes the limb connection direction 
between two key points. The following is a 
schematic diagram of PAF encoding the right 
arm (shoulder-elbow-wrist), as shown in 
Figure 2. 
Figure 2 

Schematic diagram of the right arm PAF vector 
field. 
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In Figure 2, the way the arrows are 
superimposed on the right arm area of the 
human body indicates the PAF direction 
encoding from the right shoulder to the right 
elbow, and then from the right elbow to the 
right wrist. The dense area of arrows signifies 
the direction of the trunk of the limb, with the 
direction from the shoulder to the wrist, and the 
depth of the color indicates the confidence of 
the vector. For the limb connecting key points 

1j  and 2j , its vector field cL  is defined as 
follows. The pixel p  is located in the strip area 
of the limb, as shown in Equation (3) [11]. 
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In Equation (3), ( )cL p  signifies the value of 
the PAF vector of the c -th limb at pixel p . 

2,t jk  and 1,t jk  respectively represent the real 
coordinates of the key points at both ends of the 
limb. 

3.1.2 Lightweight backbone network and 
post-processing optimization 

The original OpenPose uses VGG-19 as the 
backbone network, which has many parameters 
and high computational overhead, making it 
difficult to achieve real-time inference on edge 
devices [23]. To satisfy the strict real-time 
requirements of badminton swing analysis, the 
study replaces it with the lightweight 
ShuffleNet-V2. Through channel segmentation 
and channel shuffling operations, this network 
greatly reduces the amount of calculation while 
maintaining high detection accuracy, and 
significantly improves the inference efficiency 
of the model [3]. The overall network structure 
diagram of lightweight OpenPose is shown in 
Figure 3. 
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3.1.2 Lightweight backbone network and 
post-processing optimization 

The original OpenPose uses VGG-19 as the 
backbone network, which has many parameters 
and high computational overhead, making it 
difficult to achieve real-time inference on edge 
devices [23]. To satisfy the strict real-time 
requirements of badminton swing analysis, the 
study replaces it with the lightweight 
ShuffleNet-V2. Through channel segmentation 
and channel shuffling operations, this network 
greatly reduces the amount of calculation while 
maintaining high detection accuracy, and 
significantly improves the inference efficiency 
of the model [3]. The overall network structure 
diagram of lightweight OpenPose is shown in 
Figure 3. 
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In Equation (1), ,t ix  and ,t iy  respectively 
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coordinates of the key points in the original 
pixel coordinate system. ,ˆt ix  and ,ˆt iy  
respectively represent the normalized 
horizontal and vertical coordinates of key 
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In Equation (2), ( )jS p  represents the value 
of the confidence map of the j -th key point 
at pixel p . p  represents any pixel position 
in the image. ( )

,
m

t jk  represents the true 
coordinates of the j  of the m -th person.  
represents the Gaussian kernel width. PAF 
describes the limb connection direction 
between two key points. The following is a 
schematic diagram of PAF encoding the right 
arm (shoulder-elbow-wrist), as shown in 
Figure 2. 
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In Figure 2, the way the arrows are 
superimposed on the right arm area of the 
human body indicates the PAF direction 
encoding from the right shoulder to the right 
elbow, and then from the right elbow to the 
right wrist. The dense area of arrows signifies 
the direction of the trunk of the limb, with the 
direction from the shoulder to the wrist, and the 
depth of the color indicates the confidence of 
the vector. For the limb connecting key points 
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follows. The pixel p  is located in the strip area 
of the limb, as shown in Equation (3) [11]. 
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In Equation (3), Lc(p) signifies the value of the PAF 
vector of the c-th limb at pixel p. kt,j2 and kt,j1 re-
spectively represent the real coordinates of the key 
points at both ends of the limb.

3.1.2. Lightweight backbone network and post-
processing optimization
The original OpenPose uses VGG-19 as the back-
bone network, which has many parameters and 
high computational overhead, making it difficult to 
achieve real-time inference on edge devices [23]. 
To satisfy the strict real-time requirements of bad-
minton swing analysis, the study replaces it with 
the lightweight ShuffleNet-V2. Through channel 
segmentation and channel shuffling operations, this 
network greatly reduces the amount of calculation 
while maintaining high detection accuracy, and sig-
nificantly improves the inference efficiency of the 
model [3]. The overall network structure diagram of 
lightweight OpenPose is shown in Figure 3.
Figure 3 shows the detailed architecture of the 
lightweight OpenPose network. The input passes 
through ShuffleNet-V2 backbone, followed by a 
6-stage cascade. Each stage contains two parallel 
branches: PAF (limb association) and confidence 
map ( joint localization). Feature map dimensions 
are annotated at each stage (e.g., 64×64×128). The 
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final outputs are aggregated for pose reconstruc-
tion. The latter stage takes the output and backbone 
features of the previous stage as input to gradually 
refine the prediction results, thus improving the 
robustness of limb association and key point posi-
tioning accuracy under occlusion. The calculation 
amount (FLOPs) of a ShuffleNet-V2 basic unit is 
shown in Equation (4) [6].
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Figure 3 shows the detailed architecture of the 
lightweight OpenPose network. The input 
passes through ShuffleNet-V2 backbone, 
followed by a 6-stage cascade. Each stage 
contains two parallel branches: PAF (limb 
association) and confidence map (joint 
localization). Feature map dimensions are 
annotated at each stage (e.g., 64×64×128). The 
final outputs are aggregated for pose 
reconstruction. The latter stage takes the output 
and backbone features of the previous stage as 
input to gradually refine the prediction results, 
thus improving the robustness of limb 
association and key point positioning accuracy 
under occlusion. The calculation amount 
(FLOPs) of a ShuffleNet-V2 basic unit is shown 
in Equation (4) [6]. 
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In Equation (4), unitFLOPs  signifies the 
calculation amount of the ShuffleNet-V2 basic 
unit. inC  and outC  signify the number of 
input channels and the number of output 
channels. K  signifies the convolution kernel 
size. Compared with the standard residual unit, 
the calculation amount is reduced by about 
40%. The loss function of the network has three 
parts, key point confidence loss, PAF loss, and 
auxiliary intermediate supervision loss. The 
total loss is shown in Equation (5) [7]. 
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In Equation (5), total  signifies the total loss of 
the network. S  represents the number of 
prediction stages. ( )

conf
s  signifies the key point 

confidence loss in the s . ( )
paf
s  signifies the 

PAF loss in the s -th stage. mid  signifies the 
auxiliary intermediate supervision loss. S =6 is 
the number of prediction stages. The confidence 
loss at each stage uses weighted binary 
cross-entropy, as shown in Equation (6) [12]. 
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In Equation (6), N  signifies the normalization 
constant. J  signifies the number of key point 
categories. ( )W p  represents the mask function. 

gt ( )jS p  signifies the true confidence map of the 
j -th key point. ( ) ( )s

jS p  represents the 
confidence map of the j -th type key points in 
the s -th stage. The PAF loss form is similar, 
except that S  is replaced by L . To detect 
small limbs of long-distance athletes, a dynamic 
resolution adjustment strategy is introduced. 
According to the height of the human body 
bounding box detected in the previous frame, 
the input resolution of the current frame is 
determined according to the following rules, as 
shown in Equation (7) [20]. 

box

368 184min 368,max 184,R
h

.   (7) 

In Equation (7), R  represents the input 
resolution after dynamic adjustment. boxh  
signifies the height of the human bounding box 
detected in the previous frame. min  and max  
represent the minimum and maximum 
function. To quantitatively evaluate the impact 
of different input resolution strategies on 
detection accuracy and efficiency, the study 
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Figure 3 shows the detailed architecture of the 
lightweight OpenPose network. The input 
passes through ShuffleNet-V2 backbone, 
followed by a 6-stage cascade. Each stage 
contains two parallel branches: PAF (limb 
association) and confidence map (joint 
localization). Feature map dimensions are 
annotated at each stage (e.g., 64×64×128). The 
final outputs are aggregated for pose 
reconstruction. The latter stage takes the output 
and backbone features of the previous stage as 
input to gradually refine the prediction results, 
thus improving the robustness of limb 
association and key point positioning accuracy 
under occlusion. The calculation amount 
(FLOPs) of a ShuffleNet-V2 basic unit is shown 
in Equation (4) [6]. 
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In Equation (4), unitFLOPs  signifies the 
calculation amount of the ShuffleNet-V2 basic 
unit. inC  and outC  signify the number of 
input channels and the number of output 
channels. K  signifies the convolution kernel 
size. Compared with the standard residual unit, 
the calculation amount is reduced by about 
40%. The loss function of the network has three 
parts, key point confidence loss, PAF loss, and 
auxiliary intermediate supervision loss. The 
total loss is shown in Equation (5) [7]. 
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In Equation (5), total  signifies the total loss of 
the network. S  represents the number of 
prediction stages. ( )

conf
s  signifies the key point 

confidence loss in the s . ( )
paf
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PAF loss in the s -th stage. mid  signifies the 
auxiliary intermediate supervision loss. S =6 is 
the number of prediction stages. The confidence 
loss at each stage uses weighted binary 
cross-entropy, as shown in Equation (6) [12]. 
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In Equation (6), N  signifies the normalization 
constant. J  signifies the number of key point 
categories. ( )W p  represents the mask function. 

gt ( )jS p  signifies the true confidence map of the 
j -th key point. ( ) ( )s

jS p  represents the 
confidence map of the j -th type key points in 
the s -th stage. The PAF loss form is similar, 
except that S  is replaced by L . To detect 
small limbs of long-distance athletes, a dynamic 
resolution adjustment strategy is introduced. 
According to the height of the human body 
bounding box detected in the previous frame, 
the input resolution of the current frame is 
determined according to the following rules, as 
shown in Equation (7) [20]. 
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In Equation (7), R  represents the input 
resolution after dynamic adjustment. boxh  
signifies the height of the human bounding box 
detected in the previous frame. min  and max  
represent the minimum and maximum 
function. To quantitatively evaluate the impact 
of different input resolution strategies on 
detection accuracy and efficiency, the study 
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In Equation (4), FLOPsunit signifi es the calculation 
amount of the Shuffl  eNet-V2 basic unit. Cin and Cout 

 signify the number of input channels and the num-
ber of output channels. K signifi es the convolution 
kernel size. Compared with the standard residual 
unit, the calculation amount is reduced by about 
40%. The loss function of the network has three 
parts, key point confi dence loss, PAF loss, and aux-
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Figure 3 shows the detailed architecture of the 
lightweight OpenPose network. The input 
passes through ShuffleNet-V2 backbone, 
followed by a 6-stage cascade. Each stage 
contains two parallel branches: PAF (limb 
association) and confidence map (joint 
localization). Feature map dimensions are 
annotated at each stage (e.g., 64×64×128). The 
final outputs are aggregated for pose 
reconstruction. The latter stage takes the output 
and backbone features of the previous stage as 
input to gradually refine the prediction results, 
thus improving the robustness of limb 
association and key point positioning accuracy 
under occlusion. The calculation amount 
(FLOPs) of a ShuffleNet-V2 basic unit is shown 
in Equation (4) [6].
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In Equation (4), unitFLOPs signifies the 
calculation amount of the ShuffleNet-V2 basic 
unit. inC and outC signify the number of 
input channels and the number of output 
channels. K signifies the convolution kernel 
size. Compared with the standard residual unit, 
the calculation amount is reduced by about 
40%. The loss function of the network has three 
parts, key point confidence loss, PAF loss, and 
auxiliary intermediate supervision loss. The 
total loss is shown in Equation (5) [7].
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In Equation (5), total signifies the total loss of 
the network. S represents the number of 
prediction stages. ( )

conf
s signifies the key point 

confidence loss in the s . ( )
paf
s signifies the 

PAF loss in the s -th stage. mid signifies the 
auxiliary intermediate supervision loss. S =6 is 
the number of prediction stages. The confidence 
loss at each stage uses weighted binary 
cross-entropy, as shown in Equation (6) [12].

( ) gt ( ) gt ( )
conf

1

1 ( ) ( ) log ( ) (1 ( )) log(1 ( ))
J

s s s
j j j j

j
W

N p
p S p S p S p S p . (6)

In Equation (6), N signifies the normalization 
constant. J signifies the number of key point 
categories. ( )W p represents the mask function. 

gt ( )jS p signifies the true confidence map of the 
j -th key point. ( ) ( )s

jS p represents the 
confidence map of the j -th type key points in 
the s -th stage. The PAF loss form is similar, 
except that S is replaced by L . To detect 
small limbs of long-distance athletes, a dynamic 
resolution adjustment strategy is introduced. 
According to the height of the human body
bounding box detected in the previous frame, 
the input resolution of the current frame is 
determined according to the following rules, as 
shown in Equation (7) [20].
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In Equation (7), R represents the input 
resolution after dynamic adjustment. boxh
signifies the height of the human bounding box 
detected in the previous frame. min and max
represent the minimum and maximum 
function. To quantitatively evaluate the impact 
of different input resolution strategies on 
detection accuracy and efficiency, the study 
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iliary intermediate supervision loss. The total loss is 
shown in Equation (5) [7].
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In Equation (5), Ltotal signifi es the total loss of the net-
work. S represents the number of prediction stages.   
L(s)

conf signifi es the key point confi dence loss in the s.   
L(s)

paf signifi es the PAF loss in the s-th stage. Lmid signi-
fi es the auxiliary intermediate supervision loss. S=6 
is the number of prediction stages. The confi dence 
loss at each stage uses weighted binary cross-entro-
py, as shown in Equation (6) [12].
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In Equation (6), N signifi es the normalization con-
stant. J signifi es the number of key point categories. 
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W(p) represents the mask function. Sj
gt(p) signifi es 

the true confi dence map of the j-th key point. Sj
(s)(p)

represents the confi dence map of the j-th type key 
points in the s-th stage. The PAF loss form is simi-
lar, except waathat S is replaced by L. To detect small 
limbs of long-distance athletes, a dynamic resolu-
tion adjustment strategy is introduced. According to 
the height of the human body bounding box detect-
ed in the previous frame, the input resolution of the 
current frame is determined according to the follow-
ing rules, as shown in Equation (7) [20].
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Figure 3 shows the detailed architecture of the 
lightweight OpenPose network. The input 
passes through ShuffleNet-V2 backbone, 
followed by a 6-stage cascade. Each stage 
contains two parallel branches: PAF (limb 
association) and confidence map (joint 
localization). Feature map dimensions are 
annotated at each stage (e.g., 64×64×128). The 
final outputs are aggregated for pose 
reconstruction. The latter stage takes the output 
and backbone features of the previous stage as 
input to gradually refine the prediction results, 
thus improving the robustness of limb 
association and key point positioning accuracy 
under occlusion. The calculation amount 
(FLOPs) of a ShuffleNet-V2 basic unit is shown 
in Equation (4) [6]. 
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In Equation (4), unitFLOPs  signifies the 
calculation amount of the ShuffleNet-V2 basic 
unit. inC  and outC  signify the number of 
input channels and the number of output 
channels. K  signifies the convolution kernel 
size. Compared with the standard residual unit, 
the calculation amount is reduced by about 
40%. The loss function of the network has three 
parts, key point confidence loss, PAF loss, and 
auxiliary intermediate supervision loss. The 
total loss is shown in Equation (5) [7]. 
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In Equation (5), total  signifies the total loss of 
the network. S  represents the number of 
prediction stages. ( )

conf
s  signifies the key point 

confidence loss in the s . ( )
paf
s  signifies the 

PAF loss in the s -th stage. mid  signifies the 
auxiliary intermediate supervision loss. S =6 is 
the number of prediction stages. The confidence 
loss at each stage uses weighted binary 
cross-entropy, as shown in Equation (6) [12]. 
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In Equation (6), N  signifies the normalization 
constant. J  signifies the number of key point 
categories. ( )W p  represents the mask function. 

gt ( )jS p  signifies the true confidence map of the 
j -th key point. ( ) ( )s

jS p  represents the 
confidence map of the j -th type key points in 
the s -th stage. The PAF loss form is similar, 
except that S  is replaced by L . To detect 
small limbs of long-distance athletes, a dynamic 
resolution adjustment strategy is introduced. 
According to the height of the human body 
bounding box detected in the previous frame, 
the input resolution of the current frame is 
determined according to the following rules, as 
shown in Equation (7) [20]. 

box

368 184min 368,max 184,R
h

.   (7) 

In Equation (7), R  represents the input 
resolution after dynamic adjustment. boxh  
signifies the height of the human bounding box 
detected in the previous frame. min  and max  
represent the minimum and maximum 
function. To quantitatively evaluate the impact 
of different input resolution strategies on 
detection accuracy and efficiency, the study 

. (7)

In Equation (7), R represents the input resolution 
after dynamic adjustment. hbox signifies the height 
of the human bounding box detected in the previous 
frame.   and   represent the minimum and maximum 
function. To quantitatively evaluate the impact 
of different input resolution strategies on detec-
tion accuracy and efficiency, the study compares 
three solutions, fixed high resolution (368×368), 
fixed low resolution (184×184), and the adaptive 
resolution proposed in the study (dynamically ad-
justed according to the height of the human body 
bounding box). Figure 4 illustrates the processing 
effect of the adaptive resolution strategy on a sin-
gle-frame swing image.
In Figure 4, the adaptive resolution strategy dy-
namically determines the input resolution of the 
current frame based on the height of the human 
body bounding box detected in the previous frame. 
When the athlete is farther from the camera and 
the height of the bounding box is smaller, a higher 
resolution is used to preserve small body details 
such as wrists and elbows. When the athlete is clos-
er to the camera and the height of the bounding box 
is larger, the resolution is appropriately reduced 
to control the computational load. This strategy 
achieves an adaptive balance between detection 
accuracy and inference efficiency without relying 
on a fixed resolution threshold. Compared with 
the fixed high resolution, the adaptive strategy sig-
nificantly improves the inference efficiency with 
a slight decrease in key point accuracy. Compared 
with the fixed low resolution, the adaptive strate-

compares three solutions, fixed high resolution 
(368×368), fixed low resolution (184×184), and 
the adaptive resolution proposed in the study 
(dynamically adjusted according to the height 

of the human body bounding box). Figure 4 
illustrates the processing effect of the adaptive 
resolution strategy on a single-frame swing 
image.

Figure 4

Schematic diagram of adaptive resolution input
(Images were captured by the authors at a local 

badminton training center using a Basler 
acA2440-75um camera (75 fps, 1920 × 1080 
resolution) under indoor lighting conditions.).

Fixed 368 Resolution

Fixed 184 Resolution

Adaptive Resolution

Fixed 368 Resolution:

Rich details, clear small limbs, 
high computational cost

Blurred image, missing detection/
positioning deviation of small 

limbs, fast inference speed

Fixed 184 Resolution:

Dynamically adjust the size, retain 
details, and avoid computational 

redundancy

Adaptive Resolution:

In Figure 4, the adaptive resolution strategy 
dynamically determines the input resolution of 
the current frame based on the height of the 
human body bounding box detected in the 

previous frame. When the athlete is farther from 
the camera and the height of the bounding box 
is smaller, a higher resolution is used to 
preserve small body details such as wrists and 
elbows. When the athlete is closer to the camera 
and the height of the bounding box is larger, the 
resolution is appropriately reduced to control 
the computational load. This strategy achieves 
an adaptive balance between detection accuracy 
and inference efficiency without relying on a 
fixed resolution threshold. Compared with the 
fixed high resolution, the adaptive strategy 
significantly improves the inference efficiency 
with a slight decrease in key point accuracy. 
Compared with the fixed low resolution, the 
adaptive strategy greatly improves the 
detection accuracy while sacrificing a small 
amount of speed. Since the rapid swing motion 
causes high-frequency jitter in the trajectory of 
key points, the study uses Kalman filtering to 
smooth the time series of the coordinates of 
each key point. The state vector is defined. The 
state transition is shown in Equation (8) [9].

, 1, , ~ (0, )t i t i t tz Fz w w Q .    (8)

In Equation (8), ,t iz signifies the state vector of 
the i -th key point at time t . F represents the 
state transition matrix. tw represents process 
noise, which obeys a Gaussian distribution with 
mean 0 and covariance Q . Q represents the 
process noise covariance matrix. The 
observation model is shown in Equation (9)
[26].

, , , ~ (0, )t i t i t to Hz v v R .    (9)

In Equation (9), ,t io signifies the observation 
vector of the i -th key point at time t . H
represents the observation matrix. tv
represents the observation noise, which obeys 
the Gaussian distribution with mean 0 and 
covariance R . R represents the observation 
noise covariance matrix. The process noise 
covariance Q and observation noise covariance 
R are not set heuristically. They are tuned via 
grid search on a validation subset to minimize 
the RMSE of tracked joint positions against 

Figure 4
Schematic diagram of adaptive resolution input (Images 
were captured by the authors at a local badminton training 
center using a Basler acA2440-75um camera (75 fps, 
1920×1080 resolution) under indoor lighting conditions.).
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gy greatly improves the detection accuracy while 
sacrificing a small amount of speed. Since the rapid 
swing motion causes high-frequency jitter in the 
trajectory of key points, the study uses Kalman fil-
tering to smooth the time series of the coordinates 
of each key point. The state vector is defined. The 
state transition is shown in Equation (8) [9].

, 1, , ~ (0, )t i t i t t−= +z Fz w w QN  . (8)

In Equation (8), zt,i signifies the state vector of the  
i-th key point at time t. F represents the state tran-
sition matrix. wt represents process noise, which 
obeys a Gaussian distribution with mean 0 and co-
variance Q. Q represents the process noise cova-
riance matrix. The observation model is shown in 
Equation (9) [26].

, , , ~ (0, )t i t i t t= +o Hz v v RN  . (9)

In Equation (9), ot,i signifies the observation vector of 
the i-th key point at time t. H represents the obser-
vation matrix. vt represents the observation noise, 
which obeys the Gaussian distribution with mean 0 
and covariance R. R represents the observation noise 
covariance matrix. The process noise covariance Q 
and observation noise covariance R are not set heu-
ristically. They are tuned via grid search on a valida-
tion subset to minimize the RMSE of tracked joint 
positions against high-speed camera annotations 
(ground truth). Specifically, Q is scaled proportional-
ly to the expected squared acceleration of each joint 
(higher for wrist/ankle than for torso centers), while 
R is set inversely proportional to the detection confi-
dence score from the PAF branch, enabling adaptive 
per-keypoint filtering. This configuration reduces 
trajectory jitter by ~40% compared to a fixed-gain 
low-pass filter in preliminary experiments.

3.2. New Googlenet Action Recognition and 
Evaluation Module
3.2.1. Spatiotemporal Heat Map Encoding of 
Skeleton Point Sequence
The module receives a sequence of 20 consecu-
tive frames of skeleton points generated by the 
above-mentioned research. To determine the win-
dow size T, the swing-duration distribution in the 

dataset (captured at 75 fps) is analyzed. The median 
duration across all stroke types is 18 frames, with the 
20th-80th percentile ranging from 15 to 25 frames. A 
20-frame window (≈267 ms) is therefore chosen as 
a practical compromise that covers ~70% of swings 
while keeping the tensor size fixed for batch process-
ing. We acknowledge that this window is shorter than 
the full swing duration for some stroke types (e.g., 
clears may exceed 300 ms), but our objective is not 
to model the entire wind-up-to-follow-through se-
quence; instead, we focus on the critical impact phase 
and its immediate adjacent transitions (the last 50 ms 
before and after impact), which is sufficient for dis-
tinguishing clear, smash, and drop shot in our dataset. 
The 3×1 temporal convolution kernel (≈40 ms recep-
tive field) is intentionally designed to capture rapid 
changes around impact, such as wrist peak accelera-
tion and elbow angular velocity, which are the most 
discriminative features for swing classification and 
scoring. A fixed T also avoids the latency of dynamic 
time warping, which is unsuitable for edge deploy-
ment. We empirically verified that increasing T to 30 
or 40 frames did not improve accuracy by more than 
0.5% on our validation set, so we retain the small-
er window for efficiency. A temporal receptive-field 
analysis shows that kernel size 3 along the time axis 
corresponds to a 40ms window, sufficient to detect 
the peak wrist acceleration during impact. To fully re-
tain the spatial distribution characteristics and confi-
dence information of key points, the study maps each 
key point in each frame to a Gaussian response heat 
map, thereby converting discrete coordinate points 
into a probability density representation with spa-
tial continuity. The heat maps of all frames are then 
stacked along the time dimension to construct a spa-
tiotemporal heat map tensor. This encoding method 
can effectively preserve the relative positional rela-
tionship of skeletal points in space and the dynamic 
trajectory evolving over time, so that the subsequent 
convolutional network can simultaneously capture 
the posture spatial structure within a single frame 
and the temporal change pattern between multiple 
frames. The following takes 20 consecutive frames as 
an example to show the specific construction process 
of the key point spatiotemporal heat map tensor, as 
shown in Figure 5.
In Figure 5, it shows the complete construction 
process from the original skeleton point sequence 
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to the spatiotemporal heat map tensor input to New 
GoogleNet. The first row: 14 skeletal key points ex-
tracted from 20 consecutive frames. The second 
row: the 14 key points of each frame are mapped 
to 14 Gaussian response heat maps. The figure il-
lustrates the change of the heat map of the right el-
bow and right wrist channels with the frame num-
ber. The highlighted area gradually moves with the 
swing movement. The third line: stack 20 frames 
of heat maps with 14 channels per frame along the 
time axis and channel axis to form a four-dimen-
sional tensor with a dimension of 20×14×64×64. 
This figure illustrates how to encode a discrete 
sequence of temporal skeleton points into a dense 
spatiotemporal representation suitable for convo-
lutional networks. For the @th key point of the @
th frame, a single-channel heat map is generated, as 
shown in Equation (10).

high-speed camera annotations (ground truth). 
Specifically, Q is scaled proportionally to the 
expected squared acceleration of each joint 
(higher for wrist/ankle than for torso centers), 
while R is set inversely proportional to the 
detection confidence score from the PAF 
branch, enabling adaptive per-keypoint 
filtering. This configuration reduces trajectory 
jitter by ~40% compared to a fixed-gain 
low-pass filter in preliminary experiments. 

3.2 New Googlenet Action Recognition 
and Evaluation Module 
3.2.1 Spatiotemporal Heat Map Encoding 
of Skeleton Point Sequence 

The module receives a sequence of 20 
consecutive frames of skeleton points generated 
by the above-mentioned research. To determine 
the window size T, the swing-duration 
distribution in the dataset (captured at 75 fps) is 
analyzed. The median duration across all stroke 
types is 18 frames, with the 20th-80th percentile 
ranging from 15 to 25 frames. A 20-frame 
window ( 267 ms) is therefore chosen as a 
practical compromise that covers ~70% of 
swings while keeping the tensor size fixed for 
batch processing. We acknowledge that this 
window is shorter than the full swing duration 
for some stroke types (e.g., clears may exceed 
300 ms), but our objective is not to model the 
entire wind-up-to-follow-through sequence; 
instead, we focus on the critical impact phase 
and its immediate adjacent transitions (the last 
50 ms before and after impact), which is 
sufficient for distinguishing clear, smash, and 
drop shot in our dataset. The 3×1 temporal 
convolution kernel ( 40 ms receptive field) is 
intentionally designed to capture rapid changes 
around impact, such as wrist peak acceleration 
and elbow angular velocity, which are the most 
discriminative features for swing classification 
and scoring. A fixed T also avoids the latency of 
dynamic time warping, which is unsuitable for 
edge deployment. We empirically verified that 
increasing T to 30 or 40 frames did not improve 
accuracy by more than 0.5% on our validation 
set, so we retain the smaller window for 
efficiency. A temporal receptive-field analysis 
shows that kernel size 3 along the time axis 
corresponds to a 40ms window, sufficient to 
detect the peak wrist acceleration during 
impact. To fully retain the spatial distribution 

characteristics and confidence information of 
key points, the study maps each key point in 
each frame to a Gaussian response heat map, 
thereby converting discrete coordinate points 
into a probability density representation with 
spatial continuity. The heat maps of all frames 
are then stacked along the time dimension to 
construct a spatiotemporal heat map tensor. 
This encoding method can effectively preserve 
the relative positional relationship of skeletal 
points in space and the dynamic trajectory 
evolving over time, so that the subsequent 
convolutional network can simultaneously 
capture the posture spatial structure within a 
single frame and the temporal change pattern 
between multiple frames. The following takes 
20 consecutive frames as an example to show 
the specific construction process of the key 
point spatiotemporal heat map tensor, as shown 
in Figure 5. 

In Figure 5, it shows the complete construction 
process from the original skeleton point 
sequence to the spatiotemporal heat map tensor 
input to New GoogleNet. The first row: 14 
skeletal key points extracted from 20 
consecutive frames. The second row: the 14 key 
points of each frame are mapped to 14 Gaussian 
response heat maps. The figure illustrates the 
change of the heat map of the right elbow and 
right wrist channels with the frame number. 
The highlighted area gradually moves with the 
swing movement. The third line: stack 20 
frames of heat maps with 14 channels per frame 
along the time axis and channel axis to form a 
four-dimensional tensor with a dimension of 
20×14×64×64. This figure illustrates how to 
encode a discrete sequence of temporal skeleton 
points into a dense spatiotemporal 
representation suitable for convolutional 
networks. For the @th key point of the @th 
frame, a single-channel heat map is generated, 
as shown in Equation (10). 
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In Equation (10), , ( , )t i u vM  represents the 
value of the heat map generated by the i -th 
key point of the t -th frame at pixel ( , )u v . 2

h  
represents the standard deviation of the 
Gaussian kernel of the heat map. 

 
Figure 5 

. (10)

Construction of the spatiotemporal heatmap tensor from 20 consecutive frames. Each of the 14 keypoints per frame 
generates a 64×64 Gaussian heatmap (Eq. 10). Stacking 20 frames ×14 channels yields the input tensor of dimension 20
×14×64×64.
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Right Elbow Channel Right Wrist Channel

Time Axis Channel Axis4D Tensor of Shape 20×14×64×64

3.2.2 Inception-Time Module Design

The study adopts a backbone network similar to 
Inception-V4 and incorporates residual 
connections. To simultaneously model temporal 
dynamics, we add a parallel branch to the 
standard Inception module, performing 3 × 1 
convolution along the time axis (Figure 6). This 

branch aims to capture phase transitions within 
three frames (such as lead-in, ball contact, and 
follow-through). The remaining parts are 
exactly the same as Inception-V4, with no other 
structural modifications. For ease of description, 
this variant is the "Inception-Time" block. Its 
structure is shown in Figure 6.

Figure 6

Inception-Time module structure.

Dimension T×C×H×W 

Branch 1: 1×1 Convolution

Inception Time

Branch 2: 1×1 Convolution for Dimension 
Reduction 3×3 Spatial Convolution

Branch 3: 1×1 Convolution for Dimension 
Reduction 5×5 Spatial Convolution

Branch 4 (Newly Introduced): 1×1 Convolution for 
Dimension Reduction 3×1 Temporal 

Convolution (Sliding Along the Time Dimension)

1×1 Convolution to Compress Channel Number 
Back to Original C

Channel-wise Concatenation

Element-wise Addition
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Figure 5
Construction of the spatiotemporal heatmap tensor from 20 consecutive frames. Each of the 14 keypoints per frame generates a 
64×64 Gaussian heatmap (Eq. 10). Stacking 20 frames ×14 channels yields the input tensor of dimension 20×14×64×64.

In Equation (10), Mt,i(u,v) represents the value of the 
heat map generated by the i-th key point of the t-th 
frame at pixel (u,v). σh

2 represents the standard devi-
ation of the Gaussian kernel of the heat map.

3.2.2. Inception-Time Module Design
The study adopts a backbone network similar to 
Inception-V4 and incorporates residual connec-
tions. To simultaneously model temporal dynamics, 
we add a parallel branch to the standard Inception 
module, performing 3×1 convolution along the time 
axis (Figure 6). This branch aims to capture phase 
transitions within three frames (such as lead-in, ball 
contact, and follow-through). The remaining parts 
are exactly the same as Inception-V4, with no oth-
er structural modifi cations. For ease of description, 
this variant is the "Inception-Time" block. Its struc-
ture is shown in Figure 6.
In Figure 6, the input feature tensor is fi rst copied to 
four parallel branches. Branch 1 only passes through 
1×1 convolution. Branch 2 fi rst undergoes dimen-
sionality reduction by 1×1 convolution, and then 
undergoes 3×3 spatial convolution. Branch 3 fi rst 
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undergoes dimensionality reduction by 1×1 convo-
lution, and then undergoes 5×5 spatial convolution. 
The input feature tensor to the Inception-Time mod-
ule has shape (T, C, H, W) = (20, 256, 8, 8) after the ini-
tial convolutional stages of New GoogleNet, where T 
is the temporal dimension. All spatial convolutions 
(3×3 and 5×5) operate on the (H, W) dimensions with 
T preserved, while the temporal convolution explic-
itly slides along T. The four branches are as follows: 
After the outputs of the four branches are spliced 
along the channel dimension, the channel number is 
compressed back to the original input channel num-
ber through 1×1 convolution. Finally, it is connected 
with the input residual for element-by-element ad-
dition. The input is copied to four parallel branches: 
1×1 conv, 3×3 conv, 5×5 conv, and 3×1 temporal conv. 
Outputs are concatenated and reduced via 1×1 conv, 
and then added to the residual connection. This de-
sign captures both spatial and temporal features of 
the swing. This structure specifi cally captures the 
three-frame phase changes of the swing through the 
temporal convolution branch. The four branches are 
given in Equation (11).

( )
( )
( )

(1)
1 1 1

(2)
2 1 1 3 3

(3)
3 1 1 5 5

(4)
4 1 1 3 1

*

* *

* *

* *

×

× ×

× ×

× ×

 =


=


=


=

W

W W

W W

W W

F

F
  

F

F

F F

F F

. (11)

In Equation (11), F signifi es the input feature tensor.   
F1 signifi es the output features of the parallel branch. 
After the outputs of the four branches are spliced 
along the channel dimension, they are dimensional-
ly reduced by 1×1 convolution and added to the resid-
ual connection, as shown in Equation (12).

out 1 2 3 4 reduceConcat( , , , ) *= +WF F F F F F . (12)

In Equation (12), Fout represents the output feature 
of the Inception-Time module. Concat represents 
the splicing operation along the channel dimension.   
Wreduce represents the dimensionality reduction con-
volution kernel.

Construction of the spatiotemporal heatmap tensor from 20 consecutive frames. Each of the 14 keypoints per frame 
generates a 64×64 Gaussian heatmap (Eq. 10). Stacking 20 frames ×14 channels yields the input tensor of dimension 20
×14×64×64.
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3.2.2 Inception-Time Module Design

The study adopts a backbone network similar to 
Inception-V4 and incorporates residual 
connections. To simultaneously model temporal 
dynamics, we add a parallel branch to the 
standard Inception module, performing 3 × 1 
convolution along the time axis (Figure 6). This 

branch aims to capture phase transitions within 
three frames (such as lead-in, ball contact, and 
follow-through). The remaining parts are 
exactly the same as Inception-V4, with no other 
structural modifications. For ease of description, 
this variant is the "Inception-Time" block. Its 
structure is shown in Figure 6.

Figure 6

Inception-Time module structure.
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Figure 6
Inception-Time module structure.
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3.2.3. Dual-Branch Output and Loss Function
At the end of New GoogleNet, two parallel fully con-
nected branches are connected after global average 
pooling. This dual-branch design is to allow the net-
work to share the underlying spatiotemporal features 
while optimizing two diff erent task goals, action 
category recognition (discrete classifi cation) and 
normative scoring (continuous regression). Shared 
features can signifi cantly reduce the number of pa-
rameters and exploit correlations between tasks to 
improve overall performance, as shown in Figure 7.
Figure 7 shows the specifi c composition of the clas-
sifi cation and regression branches. The classifi ca-
tion branch consists of a fully connected layer (The 
output dimension is 3) followed by a Softmax acti-
vation function. The probability distribution regres-
sion branch that outputs three types of actions: clear, 
smash, and drop shot is composed of a fully connected 
layer (The output dimension 1) followed by a Sigmoid 
activation function. Sigmoid maps the original output 
to an interval, and then obtains the fi nal normative 
score through linear scaling. The two branches share 
the high-dimensional feature vector output by the 
backbone network, but their respective parameters 

are updated independently during the training pro-
cess. The action classifi cation branch uses cross-en-
tropy loss, as shown in Equation (13).

3

cls
1

ˆlogk k
k

y y
=

= −∑L . (13)

In Equation (13), Lcls represents the cross-entropy 
loss of action classifi cation. yk represents the true 
label of the k-th action. ŷ k represents the Softmax 
probability of the k-th type of action predicted by 
the model. Instead of directly regressing the holis-
tic 0-100 score, a hierarchical scoring framework is 
introduced to improve theoretical grounding and in-
terpretability (Figure 7). The shared backbone fea-
tures feed into an intermediate prediction head that 
estimates three objective biomechanical indicators: 
peak angular velocity of the elbow, wrist height at im-
pact as a surrogate for racket height since no explicit 
racket detector is employed in this proof-of-concept 
system, and horizontal displacement of the hip cen-
ter during the swing. Likewise, the smoothness term 
in the scoring rubric is derived from wrist trajectory 
rather than direct racket-head tracking, consistent 

Dual-branch Output Architecture at the End of New 
GoogleNet

Feature Vector after Average Average Pooling

Classification Branch

Fully Connected Layer 
(Output Dimension: 3)

+ Softmax

Cross-Entropy Loss Huber Loss
Probability 
DistributionSmash & DropClear

Regression Branch

Fully Connected Layer 
(Output Dimension: 1)

+ 0~100

Symmetric Loss

Action Normativity Score Normativity 
Score

Figure 7 shows the specific composition of the 
classification and regression branches. The 
classification branch consists of a fully 
connected layer (The output dimension is 3) 
followed by a Softmax activation function. The 
probability distribution regression branch that 
outputs three types of actions: clear, smash, and 
drop shot is composed of a fully connected 
layer (The output dimension 1) followed by a 
Sigmoid activation function. Sigmoid maps the 
original output to an interval, and then obtains 
the final normative score through linear scaling. 
The two branches share the high-dimensional 
feature vector output by the backbone network, 
but their respective parameters are updated 
independently during the training process. The 
action classification branch uses cross-entropy 
loss, as shown in Equation (13).

3

cls
1

ˆlogk k
k

y y .    (13)

In Equation (13), cls represents the 
cross-entropy loss of action classification. ky
represents the true label of the k -th action. ˆky
represents the Softmax probability of the k -th 
type of action predicted by the model. Instead 
of directly regressing the holistic 0-100 score, a 
hierarchical scoring framework is introduced to 
improve theoretical grounding and 
interpretability (Figure 7). The shared backbone 
features feed into an intermediate prediction 
head that estimates three objective 
biomechanical indicators: peak angular velocity 
of the elbow, wrist height at impact as a 
surrogate for racket height since no explicit 
racket detector is employed in this 
proof-of-concept system, and horizontal 

displacement of the hip center during the 
swing. Likewise, the smoothness term in the 
scoring rubric is derived from wrist trajectory 
rather than direct racket-head tracking, 
consistent with the 14-keypoint input 
representation. These indicators are chosen 
because they directly correspond to the 
power-transfer sequence (hip shoulder
elbow wrist) and shot quality factors 
identified in sports biomechanics [1, 8, 10]. A 
lightweight fusion network (two 
fully-connected layers with ReLU) then maps 
these indicators to the final normative score. 
The intermediate indicators are supervised by 
ground-truth values derived from 
motion-capture annotations (MSE loss), while 
the final score is supervised by coach scores 
(Huber loss). The total loss becomes L = L_class 
+ 1 · L_biomech + 2 · L_score. This 
decomposition provides a causal rationale: the 
score is a function of measurable mechanical 
quantities, rather than a black-box regression, 
and allows coaches to inspect intermediate 
outputs for debugging.

44.. RReessuullttss 

4.1 Badminton Swing Analysis 
Performance Test
This study evaluated the proposed pipeline 
(LOP-NGN) on two datasets: one is a self-built 
badminton swing video dataset (BSD, 
containing 12,000 swing videos with coach 
ratings), and the other is a self-built badminton 
video dataset called SPB 
(SportsPose-Badminton), whose format is 
similar to the public SportsPose dataset, but it 
includes the badminton swing actions collected 
in our laboratory and uses the same annotation 

Figure 7
Dual-branch output structure.
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with the 14-keypoint input representation. These in-
dicators are chosen because they directly correspond 
to the power-transfer sequence (hip→shoulder→el-
bow→wrist) and shot‑quality factors identified in 
sports biomechanics [1, 8, 10]. A lightweight fusion 
network (two fully-connected layers with ReLU) 
then maps these indicators to the final normative 
score. The intermediate indicators are supervised by 
ground-truth values derived from motion-capture an-
notations (MSE loss), while the final score is super-
vised by coach scores (Huber loss). The total loss be-
comes L = L_class + λ1 · L_biomech + λ2 · L_score. This 
decomposition provides a causal rationale: the score 
is a function of measurable mechanical quantities, 
rather than a black-box regression, and allows coach-
es to inspect intermediate outputs for debugging.

4. Results
4.1. Badminton Swing Analysis 
Performance Test
This study evaluated the proposed pipeline (LOP-
NGN) on two datasets: one is a self-built badminton 
swing video dataset (BSD, containing 12,000 swing 
videos with coach ratings), and the other is a self-
built badminton video dataset called SPB (Sports-
Pose-Badminton), whose format is similar to the 
public SportsPose dataset, but it includes the bad-
minton swing actions collected in our laboratory 

and uses the same annotation protocol as BSD. The 
study compares against six strong baselines: Open-
Pose+LSTM, MediaPipe+TCN, PoseC3D, ST-GCN, 
and two recent skeleton-based action recognition 
methods, BST and Simba, which we re-implement 
and evaluate on our datasets., a graph-convolutional 
approach that explicitly models joint dependencies. 
All methods use identical training/test splits. To en-
able a comprehensive assessment of sports analysis 
capabilities, the self-collected BSD dataset is struc-
tured with a clear taxonomy. It comprises three 
stroke types—clear, smash, and drop shot—each 
with 4,000 videos. Video attributes cover two swing 
speeds (low and high), both left‑ and right‑handed 
players, and three camera viewpoints (frontal, later-
al, overhead). The normative scoring is decomposed 
into three equally weighted biomechanical criteria: 
power‑transfer efficiency through the hip‑shoul-
der‑elbow‑wrist chain, joint‑angle consistency at 
the moment of impact, and smoothness of the rack-
et‑head trajectory. Evaluation tasks are twofold: 
3‑class action classification and continuous score 
regression, using metrics of accuracy, mean average 
precision, mean absolute error, and Pearson cor-
relation. This multi‑faceted design tests not only 
action recognition but also fine‑grained movement 
quality, covering realistic variations in speed, later-
ality, and perspective that are essential for practical 
training feedback. Figure 8 shows the training loss. 
LOP-NGN converges faster and has a lower loss. 
Annotation was performed by three national-level 

Type Component Specification Key feature

Hardware

CPU Intel i9-13900K High-speed data processing

GPU NVIDIA RTX 4090 (24GB) Real-time deep learning inference

Camera Basler acA2440-75um (75fps) High-speed swing capture

Edge Device Jetson AGX Xavier Embedded deployment test

Memory 64GB DDR5 Large batch training

Software

OS Ubuntu 20.04 Development environment

Framework PyTorch 2.0 + OpenCV 4.8 Model training & image processing

Pose Library Custom OpenPose (ShuffleNet-V2) Lightweight pose estimation

Action Net New GoogleNet (Inception-Time) Action classification & scoring

Table 1
The experimental basic environmental parameters.
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Pose Library Custom OpenPose (ShuffleNet-V2)
Lightweight pose 
estimation

Action Net New GoogleNet (Inception-Time)
Action classification & 
scoring

Figure 8

Training loss curves on different datasets.
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Figure 9

Inference time comparison of different methods.
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From Figure 9(a), as the test sample increased, 
the response time of various methods also 
increased. At 300, the response time of the 
LOP-NGN was about 28 ms, the 
OpenPose+LSTM was 45 ms, and the 
MediaPipe+TCN was 22 ms (MediaPipe was 
fast but had lower accuracy). From Figure 9(b), 
on the SPB data set, at 300, the response time of 
the LOP-NGN was 30 ms, the OpenPose+LSTM 
was 48ms, and the MediaPipe+TCN was 24 ms. 
The LOP-NGN method has a response speed 
that is better than OpenPose+LSTM while 
ensuring accuracy, and is close to lightweight 
MediaPipe. The action recognition accuracy is 
presented in Figure 10.

In Figure 10, the recognition accuracy of 
different methods increased. From Figure 10(a), 
on the BSD data set, the recognition accuracy of 
the LOP-NGN method was 96.5% when 
iterating 300 times. Followed by the 
MediaPipe+TCN method, the recognition 
accuracy was 92.1% under the same number of 
iterations. The OpenPose+LSTM method was
89.2% after 300 iterations. From Figure 10(b), on 
the SPB data set, the LOP-NGN was 97.3% after 
300 iterations. The OpenPose+LSTM method 
followed closely, with a recognition accuracy of 
90.4%. The MediaPipe+TCN method was 91.6% 
after 300 iterations. Overall, the LOP-NGN 
method performs better in recognition accuracy.

(a) BSD Dataset (b) SPB Dataset
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Inference time comparison of different methods.
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From Figure 9(a), as the test sample increased, 
the response time of various methods also 
increased. At 300, the response time of the 
LOP-NGN was about 28 ms, the 
OpenPose+LSTM was 45 ms, and the 
MediaPipe+TCN was 22 ms (MediaPipe was 
fast but had lower accuracy). From Figure 9(b), 
on the SPB data set, at 300, the response time of 
the LOP-NGN was 30 ms, the OpenPose+LSTM 
was 48ms, and the MediaPipe+TCN was 24 ms. 
The LOP-NGN method has a response speed 
that is better than OpenPose+LSTM while 
ensuring accuracy, and is close to lightweight 
MediaPipe. The action recognition accuracy is 
presented in Figure 10.

In Figure 10, the recognition accuracy of 
different methods increased. From Figure 10(a), 
on the BSD data set, the recognition accuracy of 
the LOP-NGN method was 96.5% when 
iterating 300 times. Followed by the 
MediaPipe+TCN method, the recognition 
accuracy was 92.1% under the same number of 
iterations. The OpenPose+LSTM method was
89.2% after 300 iterations. From Figure 10(b), on 
the SPB data set, the LOP-NGN was 97.3% after 
300 iterations. The OpenPose+LSTM method 
followed closely, with a recognition accuracy of 
90.4%. The MediaPipe+TCN method was 91.6% 
after 300 iterations. Overall, the LOP-NGN 
method performs better in recognition accuracy.

(a) BSD Dataset (b) SPB Dataset

Figure 9
Inference time comparison of different methods.

coaches with over 10 years of coaching experience. 
Each coach independently labeled the action cate-
gory and assigned a normative score (0-100) based 
on a predefined rubric that decomposes the score 
into three equally weighted criteria: power-trans-
fer efficiency through the hip-shoulder-elbow-
wrist chain, joint-angle consistency at impact, and 
smoothness of the wrist-end trajectory, which acts 
as a practical proxy for racket-head motion in the 

absence of a dedicated racket detector in the cur-
rent system. Inter-annotator agreement was mea-
sured by Fleiss’κ (κ=0.86 for action labels, ICC=0.91 
for scores); samples with κ<0.70 were re-annotated 
or excluded. The final label for each video was the 
median of the three coaches’ scores to mitigate out-
lier bias. A detailed annotation guideline (including 
visual exemplars for each score level) is provided in 
the supplementary material.
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According to Figure 8(a), the initial loss value of 
the LOP-NGN was approximately 0.92, which ap-
proached 0 and remained stable after 200 iterations. 
The initial loss of the OpenPose+LSTM method was 
approximately 1.21, and approached 0 after 340 iter-
ations. The initial loss of the MediaPipe+TCN was 
approximately 1.18, and approached 0 after 320 it-
erations. From Figure 8(b), the initial loss value of 
the LOP-NGN was 1.05, which approached 0 after 
210 iterations. The initial loss of the OpenPose+L-
STM was 1.31, which approached 0 after 360 itera-
tions. The initial loss of the MediaPipe+TCN was 
1.27, which approached 0 after 330 iterations. The 
loss values of the LOP-NGN method on both data 
sets were signifi cantly lower than the comparison 
methods, showing the superiority of the LOP-NGN 
method in training eff ect and convergence speed. 
The running response speed (single frame inference 
time) is illustrated in Figure 9.
From Figure 9(a), as the test sample increased, the 
response time of various methods also increased. At 
300, the response time of the LOP-NGN was about 
28 ms, the OpenPose+LSTM was 45 ms, and the Me-
diaPipe+TCN was 22 ms (MediaPipe was fast but 
had lower accuracy). From Figure 9(b), on the SPB 
data set, at 300, the response time of the LOP-NGN 
was 30 ms, the OpenPose+LSTM was 48ms, and the 
MediaPipe+TCN was 24 ms. The LOP-NGN meth-
od has a response speed that is better than Open-
Pose+LSTM while ensuring accuracy, and is close 

(a) BSD Dataset (b) SPB Dataset

Figure 10

Recognition accuracy of different methods.
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4.2 Generalization, Robustness, and 
Multi-Player Performance
To comprehensively evaluate the proposed 
system beyond standard accuracy, the study 
conducts three additional experiments: 
cross-dataset transfer, synthetic corruption 
robustness, and doubles-match tracking. All 
results are summarized in Table 2, which 
replaces the previous joint-angle error table (the 
angle errors are now reported in the text for 
brevity). Cross-dataset transfer: Training on 
BSD and testing on SPB (and vice versa).
Robustness: Adding occlusion (20-40% body 
masking) and illumination variation ( ± 30% 
brightness/contrast) to the BSD test set.
Multi-player tracking: Using doubles match 
videos (5 clips, 2 min each) with two players.
the system must lock onto a pre-selected target 
via bounding-box initialization.

Table 2 compares LOP-NGN against four SOTA 
skeleton-based methods, including PoseC3D, 

ST-GCN, BST, and Simba. LOP-NGN achieves 
the highest cross-dataset accuracy, robustness, 
and multi-player tracking performance among 
all methods. For cross-dataset and robustness 
evaluations, LOP-NGN outperforms all 
compared baselines. Multi-player tracking was 
evaluated only for LOP-NGN, as PoseC3D and 
ST-GCN are not designed for or tested in 
multi-player scenarios; the proposed method 
achieves a tracking success rate of 91.3% and an 
action mAP of 88.7% on this task. The results 
confirm that the lightweight pose estimator 
with Kalman smoothing and adaptive 
resolution effectively mitigates domain shifts, 
local disturbances, and target confusion in 
crowded scenes. The system power 
consumption, frame rate, and scoring MAE 
were measured on the Jetson AGX Xavier edge 
device during 1 hour continuous inference, as 
shown in Figure 11. The RTX 4090 workstation 
was used only for model training.

Table 2

Performance comparison on cross-dataset, robustness, and multi-player scenarios.

Method
BSD SPB 
Acc (%)

SPB BSD 
Acc (%)

Occlusion 
Acc (%)

Illumination 
Acc (%)

Multi-player 
Tracking (%)

Multi-player 
mAP (%)

LOP-NGN (Ours) 89.2 90.5 92.3 92.7 91.3 88.7
PoseC3D 84.2 85.5 85.1 85.1 — 76.0
ST-GCN 83.2 84.5 84.5 84.5 — 80.0
BST 
(re-implemented)

87.0 88.5 88.0 88.0 — 82.0

Simba 
(re-implemented) 86.5 87.0 87.0 87.0 — 81.0

Figure 11

Power consumption, analysis FPS, and scoring error.

Figure 10
Recognition accuracy of different methods.

to lightweight MediaPipe. The action recognition 
accuracy is presented in Figure 10.
In Figure 10, the recognition accuracy of different 
methods increased. From Figure 10(a), on the BSD 
data set, the recognition accuracy of the LOP-NGN 
method was 96.5% when iterating 300 times. Fol-
lowed by the MediaPipe+TCN method, the recog-
nition accuracy was 92.1% under the same number 
of iterations. The OpenPose+LSTM method was 
89.2% after 300 iterations. From Figure 10(b), on 
the SPB data set, the LOP-NGN was 97.3% after 300 
iterations. The OpenPose+LSTM method followed 
closely, with a recognition accuracy of 90.4%. The 
MediaPipe+TCN method was 91.6% after 300 it-
erations. Overall, the LOP-NGN method performs 
better in recognition accuracy.

4.2. Generalization, Robustness, and Multi-
Player Performance
To comprehensively evaluate the proposed system 
beyond standard accuracy, the study conducts three 
additional experiments: cross-dataset transfer, syn-
thetic corruption robustness, and doubles-match 
tracking. All results are summarized in Table 2, 
which replaces the previous joint-angle error table 
(the angle errors are now reported in the text for 
brevity). Cross-dataset transfer: Training on BSD 
and testing on SPB (and vice versa). Robustness: 
Adding occlusion (20-40% body masking) and illu-
mination variation (±30% brightness/contrast) to 
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(a) Power consumption for 
low-speed oscillation (W)

(c)Slow-paced oscillation with 
scoring errors (MAE)

(d) Power consumption during 
high-speed oscillation (W)

(f) High-speed swing scoring 
error (MAE)
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From Figure 11(a), the power consumption of 
LOP-NGN was 18.5W, the power consumption 
of MediaPipe+TCN was 12.1W, and the power 
consumption of OpenPose+LSTM was 35.2W. 
From Figure 11(b), the analysis frame rate of 
LOP-NGN was 32 FPS, and the analysis frame 
rate of MediaPipe+TCN was 45 FPS, the 
analysis frame rate of OpenPose+LSTM was 18 
FPS. In Figure 11(c), the scoring error (MAE) of 
LOP-NGN was 4.2 points, the scoring error of 
MediaPipe+TCN was 6.5 points, and the scoring 
error of OpenPose+LSTM was 8.1 points. From 
Figure 11(d), the power consumption of 
LOP-NGN was 19.3W, the power consumption 
of OpenPose+LSTM was 36.5W, and the power 
consumption of MediaPipe+TCN was 12.8W. 

From Figure 11(e), the scoring error of 
LOP-NGN was 4.5 points, the scoring error of
OpenPose+LSTM was 8.9 points, and the 
scoring error of MediaPipe+TCN was 7.1 points. 
In Figure 11(f), the analysis frame rate of 
LOP-NGN was 30. The analysis frame rate of 
OpenPose+LSTM was 16 FPS, and the analysis 
frame rate of MediaPipe+TCN was 42 FPS. 
Although MediaPipe+TCN consumes less 
power (12.1 W vs. 18.5 W), LOP NGN achieves 
substantially lower scoring error (4.2 vs. 6.5 
points) and higher accuracy, offering a more 
balanced trade off for practical edge 
deployment. The study compared the Mean 
Average Precision (mAP), as illustrated in 
Figure 12.

Figure 12

mAP of different methods.
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From Figure 11(a), the power consumption of 
LOP-NGN was 18.5W, the power consumption 
of MediaPipe+TCN was 12.1W, and the power 
consumption of OpenPose+LSTM was 35.2W. 
From Figure 11(b), the analysis frame rate of 
LOP-NGN was 32 FPS, and the analysis frame 
rate of MediaPipe+TCN was 45 FPS, the 
analysis frame rate of OpenPose+LSTM was 18 
FPS. In Figure 11(c), the scoring error (MAE) of 
LOP-NGN was 4.2 points, the scoring error of 
MediaPipe+TCN was 6.5 points, and the scoring 
error of OpenPose+LSTM was 8.1 points. From 
Figure 11(d), the power consumption of 
LOP-NGN was 19.3W, the power consumption 
of OpenPose+LSTM was 36.5W, and the power 
consumption of MediaPipe+TCN was 12.8W. 

From Figure 11(e), the scoring error of 
LOP-NGN was 4.5 points, the scoring error of
OpenPose+LSTM was 8.9 points, and the 
scoring error of MediaPipe+TCN was 7.1 points. 
In Figure 11(f), the analysis frame rate of 
LOP-NGN was 30. The analysis frame rate of 
OpenPose+LSTM was 16 FPS, and the analysis 
frame rate of MediaPipe+TCN was 42 FPS. 
Although MediaPipe+TCN consumes less 
power (12.1 W vs. 18.5 W), LOP NGN achieves 
substantially lower scoring error (4.2 vs. 6.5 
points) and higher accuracy, offering a more 
balanced trade off for practical edge 
deployment. The study compared the Mean 
Average Precision (mAP), as illustrated in 
Figure 12.
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Figure 11
Power consumption, analysis FPS, and scoring error.

the BSD test set. Multi-player tracking: Using dou-
bles match videos (5 clips, 2 min each) with two 
players. the system must lock onto a pre-selected 
target via bounding-box initialization.
Table 2 compares LOP-NGN against four SOTA 
skeleton-based methods, including PoseC3D, ST-
GCN, BST, and Simba. LOP-NGN achieves the 
highest cross-dataset accuracy, robustness, and 

multi-player tracking performance among all meth-
ods. For cross-dataset and robustness evaluations, 
LOP-NGN outperforms all compared baselines. 
Multi-player tracking was evaluated only for LOP-
NGN, as PoseC3D and ST-GCN are not designed for 
or tested in multi-player scenarios; the proposed 
method achieves a tracking success rate of 91.3% 
and an action mAP of 88.7% on this task. The results 

Method BSD→SPB 
Acc (%)

SPB→BSD 
Acc (%)

Occlusion 
Acc (%)

Illumination 
Acc (%)

Multi player 
Tracking (%)

Multi player 
mAP (%)

LOP NGN (Ours) 89.2 90.5 92.3 92.7 91.3 88.7

PoseC3D 84.2 85.5 85.1 85.1 — 76.0

ST GCN 83.2 84.5 84.5 84.5 — 80.0

BST (re-implemented) 87.0 88.5 88.0 88.0 — 82.0

Simba (re-implemented) 86.5 87.0 87.0 87.0 — 81.0

Table 2
Performance comparison on cross-dataset, robustness, and multi-player scenarios.
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Figure 12
mAP of different methods.

confi rm that the lightweight pose estimator with 
Kalman smoothing and adaptive resolution eff ec-
tively mitigates domain shifts, local disturbances, 
and target confusion in crowded scenes. The system 
power consumption, frame rate, and scoring MAE 
were measured on the Jetson AGX Xavier edge de-
vice during 1-hour continuous inference, as shown 
in Figure 11. The RTX 4090 workstation was used 
only for model training.
From Figure 11(a), the power consumption of LOP-
NGN was 18.5W, the power consumption of Medi-
aPipe+TCN was 12.1W, and the power consumption 
of OpenPose+LSTM was 35.2W. From Figure 11(b), 
the analysis frame rate of LOP-NGN was 32 FPS, 
and the analysis frame rate of MediaPipe+TCN was 
45 FPS, the analysis frame rate of OpenPose+L-
STM was 18 FPS. In Figure 11(c), the scoring error 
(MAE) of LOP-NGN was 4.2 points, the scoring er-
ror of MediaPipe+TCN was 6.5 points, and the scor-
ing error of OpenPose+LSTM was 8.1 points. From 
Figure 11(d), the power consumption of LOP-NGN 
was 19.3W, the power consumption of OpenPose+L-
STM was 36.5W, and the power consumption of 
MediaPipe+TCN was 12.8W. From Figure 11(e), the 
scoring error of LOP-NGN was 4.5 points, the scor-
ing error of OpenPose+LSTM was 8.9 points, and 
the scoring error of MediaPipe+TCN was 7.1 points. 
In Figure 11(f ), the analysis frame rate of LOP-NGN 
was 30. The analysis frame rate of OpenPose+LSTM 
was 16 FPS, and the analysis frame rate of Medi-
aPipe+TCN was 42 FPS. Although MediaPipe+TCN 

consumes less power (12.1 W vs. 18.5 W), LOP-NGN 
achieves substantially lower scoring error (4.2 vs. 
6.5 points) and higher accuracy, offering a more 
balanced trade-off for practical edge deployment. 
The study compared the Mean Average Precision 
(mAP), as illustrated in Figure 12.
From Figure 12(a), the mAP of LOP-NGN remained 
above 94%. The mAP of MediaPipe+TCN fl uctuated 
between 88% and 92%. The mAP of OpenPose+L-
STM was the lowest, between 82% and 86%. From 
Figure 12(b), the mAP of LOP-NGN always re-
mained around 93%. The mAP of MediaPipe+TCN 
fl uctuated between 86% and 90%. The mAP of Open-
Pose+LSTM fl uctuated between 80% and 84%. The 
LOP-NGN has strong generalization ability. The 
average accuracy of swing analysis using diff erent 
methods that have been running for 9 days is pre-
sented in Figure 13.
From Figure 13(a), the average accuracy of LOP-
NGN dropped from the initial 97.8% to 93.2% after 
9 days. The average accuracy of MediaPipe+TCN 
dropped from the initial 92.5% to 87.1% after 9 
days. The average accuracy of OpenPose+LSTM 
dropped from the initial 89.4% to 82.6% after 9 
days. From Figure 13(b), the LOP-NGN dropped 
from the initial 96.9% to 92.4% after 9 days. The 
MediaPipe+TCN dropped from the initial 91.3% to 
86.0% after 9 days. The OpenPose+LSTM dropped 
from the initial 88.2% to 80.5% after 9 days. LOP-
NGN operates more stably and has higher continu-
ous analysis accuracy.
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From Figure 12(a), the mAP of LOP-NGN 
remained above 94%. The mAP of 
MediaPipe+TCN fluctuated between 88% and 
92%. The mAP of OpenPose+LSTM was the 
lowest, between 82% and 86%. From Figure 
12(b), the mAP of LOP-NGN always remained 
around 93%. The mAP of MediaPipe+TCN 
fluctuated between 86% and 90%. The mAP of 
OpenPose+LSTM fluctuated between 80% and 
84%. The LOP-NGN has strong generalization 
ability. The average accuracy of swing analysis 
using different methods that have been running 
for 9 days is presented in Figure 13. 

From Figure 13(a), the average accuracy of 

LOP-NGN dropped from the initial 97.8% to 
93.2% after 9 days. The average accuracy of 
MediaPipe+TCN dropped from the initial 92.5% 
to 87.1% after 9 days. The average accuracy of 
OpenPose+LSTM dropped from the initial 
89.4% to 82.6% after 9 days. From Figure 13(b), 
the LOP-NGN dropped from the initial 96.9% to 
92.4% after 9 days. The MediaPipe+TCN 
dropped from the initial 91.3% to 86.0% after 9 
days. The OpenPose+LSTM dropped from the 
initial 88.2% to 80.5% after 9 days. LOP-NGN 
operates more stably and has higher continuous 
analysis accuracy. 

 
Figure 13 

Average analysis accuracy over continuous days. 

 

(a) Low-speed swing

100

95

90

85

80

75
0 2 4 6 8 10

Days

LOP-NGN
OpenPose+LSTM
MediaPipe+TCN

(b) High-speed swing

100

95

90

85

80

75
0 2 4 6 8 10

Days

LOP-NGN
OpenPose+LSTM
MediaPipe+TCN

A
ve

ra
ge

 A
cc

ur
ac

y 
(%

)

A
ve

ra
ge

 A
cc

ur
ac

y 
(%

)
 

 

5. Discussion 
Three experimental observations warrant 
further interpretation. First, the wrist angle 
error rises from 1.6° to 2.1° under high-speed 
swings, a larger relative increase than for 
shoulder and elbow. This likely results from 
motion blur and the Kalman filter’s limited 
response to high-frequency wrist oscillations,  
suggesting that an adaptive gain or de-blurring 
preprocessing could reduce this gap. Second, 
the 4.6% accuracy drop over 9 days (Figure 13) 
is monotonic, not sudden, indicating 
data-distribution drift (e.g., changing lighting 
and athlete fatigue) rather than catastrophic 
forgetting. Online unsupervised adaptation or 
periodic fine-tuning is therefore recommended 
for long-term deployment. Third, analysis of the 

largest scoring errors (5% of test cases) reveals 
three common failure patterns: severe occlusion 
(keypoint confidence <0.4), atypical swing styles 
unseen in training, and ambiguous coach 
annotations between clears and drop shots. 
These cases highlight the need for more diverse 
training data and refined labeling protocols. 
Overall, LOP-NGN performs robustly in 
controlled settings, but practical application 
must address motion blur, distribution drift, 
and occlusions, all of which are priorities for 
future work. 

 

6. Conclusion 
To improve the real-time performance and 
accuracy of badminton swing analysis, a 
badminton swing analysis method (LOP-NGN) 
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Figure 13
Average analysis accuracy over continuous days.

5. Discussion
Three experimental observations warrant further 
interpretation. First, the wrist angle error rises 
from 1.6° to 2.1° under high-speed swings, a larger 
relative increase than for shoulder and elbow. This 
likely results from motion blur and the Kalman 
filter’s limited response to high-frequency wrist 
oscillations,  suggesting that an adaptive gain or 
de-blurring preprocessing could reduce this gap. 
Second, the 4.6% accuracy drop over 9 days (Figure 
13) is monotonic, not sudden, indicating data-dis-
tribution drift (e.g., changing lighting and athlete 
fatigue) rather than catastrophic forgetting. Online 
unsupervised adaptation or periodic fine-tuning is 
therefore recommended for long-term deployment. 
Third, analysis of the largest scoring errors (5% of 
test cases) reveals three common failure patterns: 
severe occlusion (keypoint confidence <0.4), atypi-
cal swing styles unseen in training, and ambiguous 
coach annotations between clears and drop shots. 
These cases highlight the need for more diverse 
training data and refined labeling protocols. Over-
all, LOP-NGN performs robustly in controlled set-
tings, but practical application must address mo-
tion blur, distribution drift, and occlusions, all of 
which are priorities for future work.

6. Conclusion
To improve the real-time performance and accuracy of 
badminton swing analysis, a badminton swing analysis 
method (LOP-NGN) based on lightweight OpenPose 
and New GoogleNet was proposed. ShuffleNet-V2 was 
used to replace the original OpenPose backbone net-
work, and combined with adaptive resolution adjust-
ment and Kalman filter temporal smoothing, which 
effectively reduced the model calculation amount and 
improved the stability of key point detection. The In-
ception-Time module was designed to enhance the 
ability to capture temporal features, and a dual-branch 
output structure was constructed to jointly optimize 
action classification and normative scoring. Exper-
imental results showed that the initial training loss 
of LOP-NGN on the BSD dataset was 0.92, which ap-
proached 0 after 200 iterations. The initial loss on the 
SPB dataset was 1.05, which approached 0 after 210 it-
erations. The single-frame response time was approx-
imately 28ms and 30ms on the BSD and SPB datasets, 
respectively. The action recognition accuracy reached 
96.5% on BSD and 97.3% on SPB. In the actual swing 
analysis scenario, the MAE of elbow, shoulder, and 
wrist joint angle estimation were 1.2°, 1.4°, and 1.6° 
under low-speed swing conditions, and 1.5°, 1.8°, and 
2.1° under high-speed swing conditions. The system 
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power consumption was 18.5W and 19.3W under low-
speed and high-speed conditions, respectively, the an-
alyzed frame rate was 32 FPS and 30 FPS, respective-
ly, and the scoring error was 4.2 points and 4.5 points, 
respectively. Compared with OpenPose+LSTM and 
MediaPipe+TCN, LOP-NGN reduced the joint angle 
estimation error by about 50% to 70%, reduced power 
consumption by about 20% to 45%, and had the small-
est drop in analysis accuracy for 9 days (low speed 
dropped from 97.8% to 93.2%). The LOP-NGN method 
has significant advantages in detection accuracy, infer-
ence efficiency, stability, and edge deployment adapt-
ability, providing efficient and reliable technical sup-
port for automated analysis and auxiliary training of 
badminton swing movements. Limitations include the 
lack of cross-dataset and robustness tests under occlu-
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sion or multi-player scenarios, as acknowledged in the 
results. The current integration is a proof-of-concept 
for controlled environments; further work is needed 
to improve generalization. Future research will further 
optimize the model's robustness to environmental 
changes, explore more lightweight temporal modeling 
solutions, and expand to more badminton action types 
and real-time feedback systems.
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