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Abstract: This paper investigates human posture recognition methods in tennis
sports and develops a tennis motion correction approach, which is capable of
rectifying non-standard movements. Traditional tennis player posture detection
methods suffer from several limitations, including insufficient robustness in
complex backgrounds, high self-occlusion in tennis motions, and slow processing
speeds for video-based action analysis. To address these issues, this paper proposes
an integrated approach combining ensemble learning with the MediaPipe pose
detection algorithm to address these challenges. This approach utilizes training data
collected by an indoor motion capture system to train a tennis fundamental motion
classification model based on Gradient Boosting Decision Trees (GBDT).
MediaPipe is employed to perform human skeleton analysis, extracting eight key
body joints. This paper evaluates tennis motions based on eight tennis-specific
kinematic features and ultimately provides tailored corrective recommendations
according to identified deficiencies. Experimental results demonstrate that this
motion correction approach effectively delivers reasonable corrections for tennis
players across different skill levels.

Keywords: intelligent sports training; human pose estimation; ensemble learning;
MediaPipe; motion correction

1. Introduction

The advent of machine learning and artificial neural networks has driven significant advancements in motion
capture systems, thereby propelling the extensive application of motion correction systems. Tennis is a sport that
demands highly standardized movements, as the correctness of motions directly impacts hitting effectiveness and
overall athletic performance. During the learning process, if various incorrect movements are not promptly corrected,
they may not only hinder players’ mastery of proper tennis techniques but could also lead to accumulated physical
damage over time, such as skeletal injuries or muscle strains [1,2]. Traditional tennis instruction relies heavily on
coaches’ demonstrations and on-site guidance, where they visually assess students’ postures based on personal
experience [3]. Although this method has been widely used for an extended period, it suffers from several limitations:

(1) Subjectivity and lack of real-time feedback: Coaches’ visual assessments tend to be inherently subjective and
not real-time. Human observation is incapable of precisely quantify angular deviations in tennis motions,
making it difficult to provide immediate feedback or accurate evaluation results.

(2) Inconsistency due to varying coach expertise: Different coaches may assess the same movement differently
based on their individual experience and skill levels, leading to inconsistent guidance.

(3) Scalability issues in group training: In physical education class, a single coach ineffectively monitors and
corrects the movements of multiple trainees simultaneously.
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Current mainstreams of pose estimation methods are categorized into traditional feature-based approaches and
deep learning-based approaches [4-9]. Traditional methods typically employ graph structures and deformable part
models to design 2D human body part detectors. These methods model human joints as graph structures and
incorporate kinematic constraints or geometric relationships between joints to optimize the graph model for pose
estimation. For instance, Fischler et al. [10] proposed the Pictorial Structures model, which represents the human body
as rigid parts connected by spring-like joints to form a tree-structured graph. However, this approach suffers from high
computational complexity and poor performance in handling self-occlusion scenarios. P. Felzenszwalb et al. [11]
employed a Deformable Part Model (DPM) that represents the human body using a root filter and multiple part
filters, where parts are allowed elastic deformation relative to the root position through deformation cost
constraints. However, this model similarly suffers from high computational complexity and demonstrates limited
effectiveness in handling self-occlusion and complex backgrounds. In Zhang et al.’s work [12], local shape features
were utilized for human pose estimation. However, this approach fails when body self-occlusion causes missing
corner features, leading to joint localization errors. While traditional methods offer strong interpretability, their
reliance on handcrafted features—primarily Histogram of Oriented Gradients (HOG) and SIFT features [13], and
dependence on prior knowledge for skeletal length constraints prevents them from fully leveraging image
information. Consequently, their accuracy degrades significantly when faced with appearance variations,
viewpoint changes, occlusion, or cluttered backgrounds. Furthermore, many traditional approaches extract pose
features from depth images. However, the requirement for specialized depth-sensing equipment makes these
methods prohibitively expensive, limiting their applicability across diverse real-world scenarios.

Deep learning-based pose estimation methods [14—19] primarily leverage convolutional neural networks
(CNNps) to automatically extract key human pose features from image data. Through data-driven feature learning,
these approaches significantly improve both the accuracy and robustness of pose estimation. Researchers in [20,21]
proposed a DNN-based pose estimation method that employs multiple neural networks to localize and analyze
human keypoints frame-by-frame. While demonstrating strong performance on static images, this approach shows
limitations when processing dynamic motion videos and remains susceptible to complex background interference.
To enhance pose estimation, researchers in [22-24] developed a CNN-based method that extracts multi-scale
features for keypoint detection, outputting probability heatmaps of keypoints. This method captures multi-scale,
diverse human joint feature vectors across different receptive fields while comprehensively integrating contextual
information for each feature. Although this CNN-based approach improves feature extraction and achieves higher
precision through coordinate regression analysis of refined feature vectors, it fails to effectively model temporal
continuity of motions. Researchers in [25,26] proposed a bottom-up approach utilizing Part Affinity Fields (PAFs)
to associate body parts with individuals in images, achieving both high precision and real-time pose detection in
still images. However, this method demonstrates slower processing speeds when handling video sequences.
Researchers in [27,28] developed a multi-scale high-resolution network that maintains high-resolution
representations for human pose estimation throughout deep networks. While these analytical methods show
promising results for general pose estimation, they still exhibit limitations when applied to the precise motion
analysis required for tennis techniques.

When performing pose recognition indoors, motion capture equipment can obtain human keypoint position
information accurate to the millimeter level, which can reduce the impact of lighting and human self-occlusion on
experimental results. However, motion capture equipment is bulky and inconvenient to transport, making the use
of motion capture systems in outdoor scenarios unfeasible. When performing pose recognition outdoors, the human
pose data obtained using ordinary cameras lacks sufficient accuracy, and experimental results are affected by
changes in sunlight intensity and angle over time. This paper uses a combined approach using motion capture
systems and Kinect cameras to balance the accuracy differences between indoor and outdoor environments while
mitigating the impact of lighting conditions on experiments. By using GBDT to extract high-level motion features
from raw pose keypoints and enhance the discriminative capability of temporal actions through gradient boosted
tree ensembles, thereby improving the robustness of video-based pose estimation and detail capture performance.
To address tennis-specific challenges including frequent self-occlusion and high real-time requirements, the
MediaPipe pose recognition framework is utilized. This solution significantly improves both real-time
performance and detection accuracy of motion analysis while maintaining recognition precision. The approach
achieves fast response times and, when encountering occluded areas, can accurately predict the positions of
obscured joints, minimizing their impact on final results.

The main contributions of this work include:

(1) Integration of indoor motion capture systems and outdoor cameras. By combining their respective advantages,
the limitations of single-sensor solutions in cross-scenario applications are addressed, achieving consistent
performance across indoor and outdoor environments.
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(2) Ensemble learning for reduced annotation cost and enhanced motion detail capture. For the fast strokes and
footwork in tennis, which are detail-oriented actions, the generalization ability of the model for subtle
motions is improved through the combination of strong supervision from motion capture data and weak
supervision from outdoor data.

(3) Enhanced MediaPipe framework for tennis-specific pose detection. While ensuring real-time performance,
the prediction robustness under self-occlusion scenarios in tennis movements is enhanced.

The remaining of this paper is organized as follows. In Section 2, the proposed algorithm is detailed. Both
the MediaPipe pose recognition algorithm and the Gradient Boosting Decision Trees (GBDT) algorithm are
introduced. Section 3 presents research methodology, describing the composition of three subsystems in the tennis
correction approach. Section 4 conducts the ablation experiments using the hyperparameters of GBDT and
analyses the experimental results of tennis motion correction for trainees. Section 5 summarizes the experimental
results and presents future prospects.

2. Problem Description

This section briefly introduces the research tasks in tennis motion correction methods and present the
fundamental principles of MediaPipe and Gradient Boosted Decision Tree (GBDT) algorithms to facilitate the
subsequent approach design.

2.1. Research Task

This paper aims to develop a tennis posture correction approach that reconstructs normalized 2D human
keypoint coordinates from input videos of tennis trainees, computes relevant features, and compares them with
standard tennis player movements to generate corresponding corrective guidance. Each fundamental tennis motion
is decomposed into a series of basic sub-actions, including serve, forehand stroke, and backhand stroke. The
MediaPipe algorithm is employed to identify the human skeleton in real-time motion capture videos. This allows
for comparison with data from professional athletes collected by motion capture systems, thereby achieving motion
correction. Given the extended learning curve in tennis training, our approach adapts to players at different skill
levels, ensuring accurate corrective feedback for all trainees, thereby significantly improving training effectiveness.
A complete tennis motion correction task in this paper involves the following steps:

(1) Data collection: After entering the data capture area at specified angles, tennis trainees perform serves,
forehand strokes, and backhand strokes in sequence, striving to execute movements according to standard
specifications. On-site cameras must capture and save video recordings of entire motion sequence.

(2) Keypoint detection: Upon completion of each motion, the system immediately applies the MediaPipe
algorithm to identify the human skeleton and keypoints, obtaining normalized coordinates of keypoints.

(3) Motion quality evaluation: The system assesses the trainee’s performance based on eight specialized features
and ultimately provides corrective recommendations.

2.2. MediaPipe Algorithm

MediaPipe is a pose detection framework developed by Google for machine learning applications [29],
specializing in efficient, low-latency multimedia data processing with particular emphasis on computer vision. It
adopts a modular design and provides a series of ready-to-use solutions, including face detection, gesture
recognition, and human pose estimation. In its human pose estimation module, the algorithm separates human
subjects from the background in images or videos, detects and localizes human keypoints, thereby enabling the
reconstruction of human postures, movements, or motion trajectories. MediaPipe supports both 2D and 3D pose
estimation, and the standard 33-keypoint human body positions it predicts are shown in Figure 1. The 33 key points
in Mediapipe are used to recognize the skeleton of tennis players to be detected in the motion correction subsystem.

2.3. Gradient Boosted Decision Tree

Gradient Boosting Decision Tree (GBDT) is an iterative decision tree algorithm [30]. This algorithm needs
to build trees step by step and correct the errors produced by previous trees to provide new performance
optimizations. The conclusions drawn by all the trees are eventually added together to form the final result. GBDT
has strong generalization ability. It adapts to the characteristics of the dataset by applying hyperparameters and
fine-tuning the model. It can automatically discover a variety of distinctive features and feature combinations. For
example, through the tree structure, it can automatically capture complex rules such as “deduct points when
shoulder-hip rotation > 45° and knee flexion < 120°”.
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The GBDT classifier is employed to assess the quality of movements, enabling it to learn combined features
to determine whether a tennis stroke is standard. Assumed input: Training dataT = {(xq, 1), (X2, ¥2),
(X, Yn)} xi € X € R™, y; € X € R™. The loss function L(y, f(x)) is as

N C
1
LOWFE) = =1 ) D e yie - og(pie) M

i=1c=1

where w, is the weight of action category; N is the number of samples; C is the number of action categories;
Yic 1s the true label of sample i in category c; p;. is the probability predicted by the model that sample i
belongs to category ¢, which must satisty Y;p; . = 1.

The initial learner f;, is established as shown as

m
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where ¢ represents the number of tree layers. The corresponding leaf node regions are R;;, where j = 1,2,...,]

and ] denotes the number of leaf nodes.
For one possible leaf nodes, the optimal fitting values are calculated using

c;j = arg min Z Ly, fe-1(x) +©) 4

c xiERij

where ¢;; is the minimum loss of R;;.
The updated strong learner f;(x) is shown in

]
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where [ is the indicator function, when x; € R;;, [ = 1 in this Equation, otherwise I = 0.
The final GBDT learner obtained is shown in

T J
f(x) = fo(x) +zz c.jl(x; € Ryj). (6)
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Figure 1. Standard 33-keypoint human body positions in Mediapipe.
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The GBDT schematic diagram is shown in Figure 2, r;, denotes the residual error, while w,, signifies the
weight. Through the hierarchical splitting of GBDT decision tree, it achieves intersections of pose features which
are more interpretable. By loading the labeled standard action positive sample videos of professional tennis players
and the common tennis error action negative sample videos, and training the model after feature extraction, the
final output features are the tennis action categories determined by the judgment: such as serving, forehand stroke,
and backhand stroke.

Input Features

Base Classifier Base Classifier Base Classifier
"

77
learning learning learning

! ! !

Transformed Transformed Transformed
Features Features Features

Gradient Boosting Model

Figure 2. Gradient Boosted Decision Tree schematic diagram.

3. Research Methodology

This section presents a novel tennis motion correction approach which consists of three subsystems: a
standard motion library subsystem, motion real-time collection subsystem, and motion correction subsystem.

3.1. Research Framework Design

The implementation framework of tennis motion correction approach established in this paper is shown in
Figure 3. In the standard motion library subsystem, the Nokov motion capture system is used to collect data on six
basic tennis postures from multiple professional tennis players, and the MediaPipe pose recognition algorithm is
employed to identify and extract key features of each motion to construct a standard tennis motion dataset. In the
motion real-time collection subsystem, Kinect cameras are used to capture and store real-time training videos of
trainees for tennis motion detection. In the motion correction subsystem, an ensemble learning approach is
employed to construct a keyframe matching model. Based on the established standard tennis motion dataset, the
approach trains an ensemble learning model to perform frame-by-frame pose estimation on the trainee’s real-time
motion videos. This process completes the extraction of key kinematic features from tennis motions. The extracted
features are matched with keyframes from the standard motion database subsystem and output both assessment
results and specific corrective suggestions.
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Figure 3. Implementation framework of tennis motion correction approach.

3.2. Standard Motion Database

NOKOV Optical 3D Motion Capture System as shown in Figure 4a, is a high-precision motion tracking
technology solution. It consists of 12 multi-view NOKOV high-speed infrared motion capture cameras as shown
in Figure 4b. This system captures the 3D coordinates of reflective markers, as shown in Figure 4c. When a tennis
player wears a motion capture suit, the system’s built-in efficient data processing engine ensures the immediate
processing and 3D feedback of the reflective markers’ data, as illustrated in Figure 5. It captures the standard
movements of professional tennis players without delay.

XYZ-axis coordinate variation curves of 53 points captured by the NOKOV motion capture system are shown
in Figure 5a, where one curve represents the position changes attached to one body point. The 53 key points in the
Nokov motion capture system are used to recognize the human body key points of professional athletes during the
production process of the BTAD dataset.The illustration for 53 body points and their corresponding color in Figure
5ais given in Figure 5b.

Compared with the posture recognition of simple actions such as handshaking and standing, the tennis
movement pattern is complex, and the degree of self-occlusion is high, making its analysis more challenging. To
make the tennis motion correction approach designed in this paper more valuable for use, reflective markers were
attached to the standard locations of motion capture markers as shown in Figure 6a. The basic tennis actions of a
professional tennis player from our university’s Physical Education Department as shown in Figure 6b were
captured to create the Basic Tennis Action Datasets (BTAD).

To enhance the generalization ability and robustness of dataset, the basic tennis actions of eight athletes of
different genders, heights, and weights from our university’s Physical Education Department were captured. Each
athlete performed 15 repetitions of three basic tennis actions: serving, forehand stroke, and backhand stroke. The
final dataset comprises a total of 720 s of various tennis action video images and 10,800 frames. Using the BTAD
dataset as the target dataset, it was divided into training and testing datasets in 7:3 ratio. The structure table of the
BTAD dataset is presented in Table 1.
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(a) NOKOV Optical 3D Motion Capture System

(b) NOKOV high-speed infrared motion capture camera (¢) Reflective markers

Figure 4. NOKOV optical 3D motion capture system.

Number Name Color Number Name Col Number Name

adTop 9 37 LKnee

(b) Color labeling of curves

Figure 5. Nokov software (version 3.4.0.4088) export image.
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Table 1. BTAD dataset structure table.

Number Attribute Statistical Value Supplementary Explanation
1 Number of athletes 8 4 males and 4 females
) Height range 158-178 cm The average height is 173.2 cm
3 Weight range 48-78 kg The average weight is 63.5 kg
4 Action category Serve, forehand, backhand 15 times per person for each category
5 Total Frames 10,800 120 Hz

The key to establishing the dataset is to obtain the sequence information of human keypoints in the standard
videos. Therefore, in the program of this paper, the MediaPipe human pose estimation algorithm is utilized to
predict the keypoints of the human body in the dataset videos and output the sequence of human keypoints in the
videos. In the dataset, taking the completion of a forehand stroke as an example, considering every frame in the
complete stroke video of the same professional athlete to be of equivalent importance would lead to redundant
information, as adjacent frames typically contain similar spatial and motion information in actual sports activities.
Equally considering each frame would also result in the loss of temporal feature extraction. On the other hand,
selecting keyframes at fixed time intervals to identify spatial and motion information would lead to the loss of
local dynamic information. Moreover, keyframes selected at fixed intervals are not representative of coherent
actions in terms of semantics and lack contextual information. Therefore, keyframes are selected based on the
characteristics of the forehand stroke: Since a forehand stroke involves the player first rotating the body to draw
the racket back and then swinging the racket to hit the ball, keyframes can be identified based on the extreme
positions of human body keypoints. Taking a right-handed grip as an example, the player needs to spread both
hands during the backswing, which ends when the distance between the right wrist and the body center is
maximized. Thus, the frame corresponding to this moment is selected as one of the keyframes. During the forward
swing, the player swings the racket above the shoulder, which ends when the distance between the left and right
wrists is minimized and the distance from the body center is maximized. Therefore, the frame corresponding to
this moment is selected as another keyframe. After selecting the keyframes, the angles of the thighs and knees of
the lower body are calculated. The extraction of action keyframes is shown in Figure 7.

3.3. Real-Time Motion Acquisition

The real-time motion acquisition subsystem is the core data input module of tennis motion correction
approach. It is mainly responsible for collecting the trainee’s motion posture data and synchronously storing the
tennis training video to be detected. To reduce the self-occlusion of swing action and facilitate real-time action
acquisition of trainee, the Kinect camera is deployed in the manner shown in Figure 8. It is placed about 3 m away
from the data acquisition area on the right side of trainee parallel to the net, with the camera tilted downward by
about 5 degrees. The data acquisition area should be the clean background middle area collected by the camera,
which is conducive to camera focusing and acquisition.

After the deployment of tennis motion correction approach, the trainee is instructed to enter the acquisition
area facing the net. Then the evaluation is started. The camera continuously collects video data from the test area
and saves it to a folder, preparing for the subsequent comparison of differences between the standard tennis posture
and the posture to be corrected.

3.4. Motion Correction

The motion correction subsystem comprises two core components: a pose detector based on MediaPipe and
an motion evaluation model based on a gradient boosting classifier.

3.4.1. Pose Detection

In this paper, the MediaPipe Pose model is used to detect human body keypoints in the input video on a per-
frame basis, outputting the 3D coordinates of 33 keypoints. These 3D coordinates are normalized based on the
width and height of original image, ensuring that the normalized coordinates of each keypoint (x, y, z) fall within
the range of (0~1). The time point of current frame is also recorded. The eight core keypoints obtained by the Pose
model are shown in Table 2. Both the detection confidence threshold and the tracking confidence threshold are set
to 0.7.
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Figure 7. Key frame extraction for forehand stroke.
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Camera tilts down about 5° 7

The camera is about 3m
away from the data
acquisition area

Data acquisition area

Figure 8. Deployment diagram for real-time motion acquisition on site.

Table 2. The eight core keypoints obtained by the Pose model.

Number Joint Name MediaPipe Pose Name Example of Normalized Coordinates
1 Left shoulder left_shoulder (0.35, 0.60)
2 Right shoulder right shoulder (0.65, 0.60)
3 Left elbow left_elbow (0.30,0.75)
4 Right elbow right_elbow (0.70, 0.75)
5 Left wrist left wrist (0.25, 0.85)
6 Right wrist right wrist (0.75, 0.85)
7 Left hip left hip (0.40, 0.90)
8 Right hip right hip (0.60, 0.90)

Using the eight core keypoints obtained, the following eight kinematic features of tennis action are calculated,
as shown in Table 3.

Table 3. Kinematic features of tennis actions.

Number Feature Name Calculation Method Function
Assess the degree of body twisting and
1 Shoulder hip rotation angle get rotation_angle() determine whether the core force is sufficient
when hitting the ball
Quantify the body stability during hitting,
2 Ealancelbeuie Boaluncelseorcl) reflecting lower limb control ability
3 Forehand hitting elbow angle calculate angle() LRSS WG U G LI peRi e i

correct when hitting the forehand ball
Evaluate wrist force posture and its impact on
face control
Analyze the degree of elbow extension during

4 Forehand hitting wrist joint angle calculate angle()

5 Backhand stroke elbow angle calculate angle() backhand stroke
. Detecting the locked state of the wrist during
6 Backhand stroke wrist angle calculate angle() backhand stroke
i Wrist movement speed _get wrist_speed() QuanHiyiswing acci}zf;l;lron andiaffeodhiving
Assess the level of lower limb energy storage
8 Knee curvature _get knee bend() and its impact on the efficiency of force
transmission
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The function “calculate_angle” is implemented in Python: calculate angle (a, b, c), which can calculate the
angle 6 between three points a = (ay, a,), b = (by, b)), c = (cy,¢,) with b as the center. The equations are

as follows:
_ {360° — |a|,if |¢| > 180°
~ |||, otherwise O
180°
a= (arctanZ(cy —by,c — bx) - arctanZ(ay = [y Uy = bx)) X — ®)

In the function, the points a, b, and ¢ need to be converted to NumPy arrays first. In Equation (7), taking the
absolute value can yield an angle within the range of (0~360°), and the final result obtained is the smallest angle
between two points, which is 8 < 180°. In Equation (8), a represents the rotation angle from ba to bc.

The function “ get rotation angle” is implemented in Python and is capable of computing the body rotation
angle. It involves four key points: left shoulder = (xq, y;5), right shoulder = (x,, ¥s), left_hip = (g, yin),
right_hip = (x4, ¥,)- The calculation process is divided into the following three steps:

X;s + X +
(xs’ys) — ( ls rs'YIs yrs) (9)
2 2
Xip T+ X +
Cayir) = ( lh rh’ylh yrh) (10)
2 2
B = calculate_angle(shoulder_center, hip_center, right_hip). (11)

In Equations (9) and (10), the midpoints of shoulders and hips are calculated using the method of averaging.
In Equation (11), B represents the body rotation angle. When S = 0°, it indicates that the line connecting the
shoulders is completely parallel to the line connecting the hips, and the body has not rotated. The larger the value
of [, the greater the trunk rotation angle, and the more fully the body twists, which allows for better force
generation during a swing.

The function “ get knee bend” is implemented in Python to calculate the degree of knee bending. This paper
select four key points: left hip = (x;, yin), right_hip = (%, V), left knee = (xy, y;,) and right knee =
(%y1, Yri)- Additionally, to reduce the differences in ankle positions caused by toeing off during a swing and to
better mitigate the accuracy drop due to self-occlusion during the swing, virtual points virtual Ipoint= (X, Y —
0.1) and virtual rpoint= (x,, ¥, — 0.1) were introduced. These points are located 10% below the knees in the
image frame, based on gravity.

YL = calculate_angle(left_hip, left_knee, virtual_lpoint) (12)
yr = calculate_angle(right_hip, right_knee, virtual_rpoint) (13)
y = min(y,, yg) (14)

In Equation (12), y, represents the calculated left knee bending angle. The calculate angle calculates the
angle between left_hip and virtual lpoint with left knee as the center. Similarly, with right knee as the center, the
right knee bending angle yr between right hip and virtual rpoint can be calculated using Equation (13). In
Equation (14), the minimum value between y; and yy better represents the degree of leg bending in the human
body. The minimum value between y; and Yy is taken as the knee bending angle y. The ideal range of ¥y during
the human body’s energy storage phase is 120° to 140°. When y < 110°, it affects the rapid movement of human
body, and when y > 150°, it is usually considered insufficient force exertion by the human body.

The function “_get wrist_speed” is implemented in Python to calculate the two-dimensional instantaneous
velocity vy, of hand in the screen coordinate system. This paper selects two joint points: left wrist=(x,, Vi)
and right_wrist = (%, ¥rw)- The calculation process is divided into five steps as follow:

By =[G = Y2 (T = Y (1)
A drw = \/(xrcwﬂrent — xf‘/’l’/e”)z + (yfx”e"f _ yf‘;e")z (16)
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Ady,
Vi = 17
w At ( )
A dTW
Vpy = ———— 18
=t (18)
Vrise = Max(Vyy, Vpy) (19)
in Equation (15), A d,, represents displacement of left wrist over At, xf%""¢" is the normalized x-axis
coordinate of left wrist at the end of action, xlp‘;ev is the normalized x-axis coordinate of left wrist at the start of
action, and y-axis coordinates are similar. In Equation (16), A d,.,, represents the displacement of right wrist over

At, x§Tent is the normalized x-axis coordinate of right wrist at the end of action, x-,°” is the normalized x-

axis coordinate of right wrist at the start of action, and y-axis coordinates are similar. In Equation (17), v,
represents the speed of left wrist over A t; In Equation (18), v, represents the wrist speed of right hand during A
t. In Equation (19), the maximum value between v;,, and v,,, better represents the wrist speed of racket-holding
hand, allowing for the determination of swing speed based on the wrist speed. The maximum value between v;,, and
Uy 1s used to determine the wrist speed v,,,.;5.. However, it is important that the wrist speed is determined based on
screen coordinate system, and the actual physical speed should also consider the size of video pixels.

The function “ get balance score” is implemented in Python, which calculates the human balance score ¢.
This paper select the center points of left and right shoulders as shown in Fomula (9); the center points of left and
right hip joints derived from Equation (10); and the left and right ankles, left ankle = (x;4,¥;4) and right ankle
= (Xya Yra)- There are four key points in total, and the calculation process is divided into three steps as follow:

Lalignment = |xs - xhl (20)
Lankie = |xla - xral (2D
q Lalignment
{=1-min(————,1). (22)
ankle

In Equation (20), L alignment represents the horizontal offset between center of shoulders and center of hips
when a person stands, reflecting the degree of trunk tilt. In Equation (21), Lgnxe is the horizontal distance between
two ankles, indicating the width of support base. A smaller ratio of Lyignment 10 Lankie indicates a more
balanced trunk position. In Equation (22), & represents the human body balance score, with a range from 0 to 1,
where 1 indicates perfect balance and 0 indicates complete imbalance.

3.4.2. Motion Assessment and Suggestion

At the end of each training epoch, the loss value on the dataset was calculated and recorded. The cross-
entropy loss function, as shown in Equation (1), was employed. This function evaluates the model’s performance
by measuring the difference between the model’s predicted values and the true values. Figure 9 illustrates how the
loss function varies with the training epochs for different combinations of learning rate and max_depth on the
same dataset. It shows that the model gradually converges during training. When the learning_rate is set to 0.2 and
max_depth is set to 7, the loss function decreases most rapidly, indicating the best fitting effect of the GBDT
model. When the number of trees reaches 125, the loss function converges and becomes stable.

Training Loss Curve
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Figure 9. Training Loss Curve.
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4. Results and Analysis

The hardware facilities and software environment used in the tennis motion correction approach of this paper
are shown in Table 4.

Table 4. Hardware Facilities and Software Environment.

Name Model
CPU Intel i5 13490f
Hardware Facilities GPU RTX 4060 8G
RAM 32 GB
Operating System Windows 11
Software Environment Development Environment Python 3.11
Dependency Libraries Mediapipe and OpenCV

4.1. GBDT Hyper Parameter Ablation Study

This paper conducts ablation study on three hyper parameters in the model, namely the number of trees
(n_estimators), maximum depth of trees (max_depth), and learning rate (learning_rate), to study their impact on
classification accuracy. The results of ablation study are shown in Figure 10a. Different combinations of hyper
parameters are selected for training over 200 generations. When trained up to 125 generations, the model with a
learning rate of 0.2 and a tree depth of 7 achieves the highest accuracy and tends to stabilize. However, the model
with a learning rate of 0.2 and a tree depth of 5 has the fastest increase in accuracy in the early stages of training
when the number of training generations is small, but later on, due to overfitting, the accuracy shows a downward
trend. To more intuitively present the experimental results, this paper also draws an ablation study heatmap, as
shown in Figure 10b. The heatmap shows the coherent changes in model accuracy under different combinations
of max_depth and learning_rate. The heatmap illustrates that changes in accuracy are coherent with parameters.
The combination of max_depth = 7 and learning_rate = 0.2 generally achieves better and more stable performance
in most cases, with higher model prediction accuracy.

The influence of hyperparameters on accuracy
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(a) Result of ablation study (b) Heatmap of ablation study

Figure 10. Result of ablation study under different hyperparameters.

4.2. Results of Tennis Stroke Correction Experiment

As shown in Figure 11, considering the impact of various uncertain factors in real scenarios, this paper selects
a tennis court with soft lighting to conduct experimental verification of motion correction approach. The figure
displays test interface for forehand stroke. The test video is demonstrated in Supplementary Material section. The
skeleton and keypoints of trainee’s body are identified by Mediapipe. Based on the identified skeleton and keypoints,
the feature angles of tennis stroke are calculated, and correction approaches for forehand stroke process are provided
through suggestions. Trainees are able to adjust their tennis actions in accordance with the provided suggestions.
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Figure 11. Forehand stroke test.

5. Conclusions and Future Work

This paper proposes a tennis stroke correction approach based on ensemble learning, which effectively
identifies and corrects non-standard actions in tennis. A tennis basic action classification model is successfully
constructed to reduce labeling costs by using Gradient Boosting Decision Tree (GBDT). In addition, this motion
correction approach integrates the advantages of indoor motion capture systems and outdoor Kinect cameras to
improve the applicability and accuracy of motion capture. Mediapipe is used to analyze the human skeleton in
real-time tennis action videos captured by the outdoor Kinect camera, enhancing the real-time nature of tennis
posture detection and the ability to handle self-occlusion. By extracting eight key joints of the human body and
combining them with eight tennis action features, the actions are evaluated, and reasonable correction suggestions
are provided based on deficiencies of actions. Experiments show that the poposed motion correction approach
provides effective action guidance for tennis trainees at different learning stages. In terms of model optimization,
this paper systematically compares and verifies hyperparameters of GBDT model through ablation experiments.

In the future work, the tennis motion correction approach will be advanced by deeply integrating the Dynamic
Time Warping (DTW) algorithm with deep learning. This integration forms a more efficient and accurate temporal
model, significantly boosting correction accuracy and real-time capabilities.

Supplementary Materials

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/25
08251422384091/video.mp4.
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