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Abstract: To address the difficulties in hitting timing judgment, ambiguous conventional
verbal feedback, and low training efficiency in table tennis service reception training, this
paper develops a hitting timing recognition and real-time visual feedback system. The
system adopts a high-speed camera to capture ball motion trajectories, and constructs target
detection and hitting recognition algorithms based on OpenCV. It detects the hitting moment
through inter-frame coordinate changes of the ball center and divides motion stages by
combining the ball’s vertical motion trend and height proportion. A real-time visual
feedback mechanism is established to provide dynamic visual prompts for hitting timing and
automatically record training data. Three comparative experimental groups of no feedback,
verbal feedback and visual feedback are set for validation. The experimental results show
that the visual feedback mode increases service reception accuracy by 43.1%, which is
significantly superior to traditional training modes. The proposed system can effectively
enhance beginners’ timing judgment ability, reduce cognitive load during training, and
provide a reference for the design of intelligent table tennis training systems and the
application of computer vision in intelligent sports.

1. Introduction

Table tennis demands rapid responses under extreme time pressure, with ball speeds reaching 20—
30 m/s and athletes facing diverse spin, speed, and placement variations [1-2].Service reception
serves as a key link connecting service and rally, and directly determines the initiative of competition
rounds. Athletes need to quickly judge the spin, speed, landing point and trajectory of the incoming
ball within a very limited time and select a reasonable hitting timing to complete the return [3]. Hitting
timing directly affects return quality, stability and subsequent technical connection, which is the core
focus of table tennis service reception training [4].

Current service reception training mainly relies on coaches’ verbal guidance and repetitive
empirical training, which suffers from abstract feedback, insufficient quantification and obvious
dependence on coaches’ experience [5]. Most beginners lack mature perception of hitting timing and
struggle to understand abstract professional concepts such as hitting at the highest point and pressing
forward at the rising stage, resulting in a long training cycle and low efficiency of movement
correction. Therefore, developing an intelligent training system that can identify hitting timing in real
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time and provide visual feedback is of great practical significance for improving service reception
training efficiency [6-8].

With the continuous development of computer vision, inertial sensing and intelligent interaction
technology, sports auxiliary training has become a research hotspot in the field of intelligent sports.
Existing studies mainly focus on motion posture recognition, racket trajectory analysis and hitting
action evaluation. Erwin Wu et al. [9] adopted virtual reality for table tennis spin perception training
and optimized beginners’ spin judgment ability through temporal and velocity distortion. Yiming Guo
et al.[10] analyzed upper limb force characteristics based on the neuromusculoskeletal model. Zhang
H et al. [11] realized racket trajectory recognition using inertial data from smart watches. Guo Tian
et al.[12] completed hitting position detection via embedded piezoelectric sensors. Li et al.[13]
achieved real-time accurate localization of table tennis ball and stroke effectiveness evaluation based
on computer vision and deep learning. Wang et al.[14] proposed a table tennis trajectory tracking
method by fusing YOLOV8 detection and binocular vision system. Chen et al.[15] designed a vision-
based table tennis action recognition model using TL-CStrans Net and CS-Transformer mechanism.
Although existing achievements have been made in motion behavior recognition, most studies focus
on hitting movements, racket postures and force rules, while real-time recognition and visual
feedback of hitting timing are insufficient. Meanwhile, most systems have cumbersome equipment
deployment, unintuitive feedback forms and lack of real-time visual guidance, which limits their
application in actual training scenarios.

To solve the above problems, this paper proposes a hitting timing recognition and visual feedback
system for table tennis service reception training. Based on monocular vision, the system collects ball
motion trajectories through a high-speed camera, detects hitting events according to ball coordinate
changes, divides motion stages combined with vertical motion trend and height proportion, and
constructs a real-time visual feedback mechanism to dynamically prompt hitting timing, helping
trainees build timing perception and improve training efficiency.

This paper makes four main contributions. First, a hitting event detection method is developed
based on sudden lateral displacement mutations between frames. Second, a timing division model is
built by fusing vertical motion trend with normalized height ratio. Third, these algorithms are
integrated into a real-time visual feedback system for training scenarios. Finally, the system's
effectiveness is validated through controlled experiments with novice players. [16-21]

2. Overall System Architecture
2.1 System Composition

To realize real-time recognition and feedback of hitting timing in table tennis service reception
training, this system constructs an intelligent training hardware platform based on monocular vision.
The hardware consists of four modular units: image acquisition, data processing, display feedback,
and power supply & structural support.

The image acquisition module adopts a high-speed industrial camera as the core sensor to capture
continuous image sequences of fast-moving table tennis balls. Given that the ball speed can reach 20—
30 m/s, a camera with a frame rate no lower than 120 FPS is selected to ensure sampling continuity
and temporal accuracy. The camera is mounted on the side of the table with a fixed bracket to reduce
errors caused by viewing angle deviation. The data processing module is composed of an embedded
computing unit or an external host computer, undertaking core tasks such as video stream decoding,
image preprocessing, ball detection, trajectory analysis and hitting timing evaluation. The display
feedback module adopts an independent screen or external display device to output real-time
visualized results, including trajectory curves, hitting moment markers and training status prompts.
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2.2 Image Acquisition Scheme

The camera is placed 1.0-1.5 m away from the side of the table, with an shooting angle of 30<=
45°<relative to the table plane, so as to acquire both horizontal and vertical motion information of the
ball. To suppress interference from ambient light and complex backgrounds, fixed exposure
parameters and white balance locking are adopted. A high shutter speed is applied to reduce motion
blur and improve edge definition of high-speed targets.

The collected original video stream is transmitted to the processing module in the form of frame
sequences. Each frame contains the spatial position of the ball at the corresponding moment. All
image frames are numbered in chronological order to establish a discrete trajectory model, providing
basic data support for subsequent hitting event detection.

2.3 Real-Time Feedback Architecture

To output recognition results instantly and provide training assistance, a closed-loop real-time
feedback architecture of “visual perception — algorithm analysis — result feedback” is established. It
supports low-latency processing and dynamic information updating during ball movement, enabling
timely motion correction in training.

The overall feedback procedure is shown in the corresponding figure. Firstly, continuous frame
data is obtained by the image acquisition module and then sent for image preprocessing and target
detection. In the algorithm analysis layer, hitting events are detected via coordinate variation of the
ball center, and the whole motion process is divided into different timing stages according to
trajectory characteristics.

In the feedback layer, recognition results are converted into visual output, including three main
forms:

(1) Hitting moment marker: pinpoints the contact frame on the time axis or trajectory curve.

(2) Timing stage indicator: labels the hit as rising phase, peak phase, or falling phase.

(3) Deviation gauge: shows the offset between actual hitting moment and the optimal hitting
window.

Hardware Acquisition Layer | High-frame-rate Camera Equipment Bracket Fixation |

Display Terminal Preparation |

Data Pracessing Layer

Algorithm Recogrition Layer | —  Hit Instant Detection (Based an X-axis Coordinate Mutatidn) { Extract the current frame’s ball center X coordinate and the previous frame’s ball center X coordinate

icant negative jump- occurs (direction change caused by racket hitting the ball)

| ® Combined with the hit detected flag — Determine the [hit event] and record the frame number

Motion Stage Judgment (Based on Y-sxis Trend + Height Ratic) Trend Judgment
- ttive frames of ¥ coordinates: third_previous_y — second_previous_y — current_y
sacond previous y > third previous y — the ballis rising; otherwise — the ball is falling |

oordinate In the bounce cycle (min y)
rent y - min_y
aximum bounce height — Divide the trajectory into segments

{Fused Judgment —Qutput Moticn Stage (Take-off / Rising / Peak / Falling)

{Map the actual hitting timing to the standard hitting timing range

Feedbacic Presentation Layer | —Display the actual hitting timing point on the simulated motion jrajectory  +—

Display the optimal hitting timing range on the simulated motior) trajectory

Figure 1. Overall algorithm flowchart of the proposed system
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The overall workflow of the proposed system is illustrated in Figure 1, covering the complete
closed loop from visual acquisition to real-time feedback.

3. Hitting Timing Recognition Method
3.1 Table Tennis Target Detection

Table tennis target detection is the fundamental prerequisite of the hitting timing recognition
system, which aims to steadily acquire the spatial position coordinates of the ball in continuous video
frames and provide basic input data for subsequent trajectory analysis and hitting event identification.
Characterized by small size, fast motion speed and inevitable motion blurring during high-speed
movement, table tennis targets are difficult to detect stably. Traditional detection methods based on
complex deep learning models are limited in real-time performance and practical deployment cost.
Accordingly, this paper adopts a lightweight visual detection approach based on color feature analysis
and morphological constraints, which can achieve reliable target extraction while ensuring high real-
time performance.

The input image is firstly converted into the HSV color space, and the initial candidate regions are
segmented by setting a reasonable color threshold range corresponding to table tennis. Morphological
opening and closing operations are subsequently adopted to eliminate background noise and
interference. Connected regions in the image are further screened according to preset area and
circularity constraints to retain valid ball targets. The two-dimensional coordinates of the table tennis
ball in each frame are calculated by extracting the centroid of the qualified target region. The obtained
coordinate sequence can be used as the fundamental data for subsequent trajectory modeling and
analysis.

3.2 Hitting Event Recognition

Hitting event recognition focuses on accurately locating the moment when the racket makes
contact with the table tennis ball within frame sequences.

Under normal flight conditions, the lateral displacement of the table tennis ball changes
continuously and smoothly. When hitting occurs, the external force exerted by the racket will cause
a sharp mutation in the horizontal motion state of the ball. The change in the ball’s X-axis coordinate
between consecutive frames is calculated as shown in Equation (1):

Axy = X — X¢q (1)

where x; denotes the ball center’s X-coordinate at the current frame, and x,_, denotes the X-
coordinate at the previous frame. Hitting behavior can be preliminarily judged when the variation of
lateral displacement exceeds the empirical threshold. To suppress false detection caused by
background occlusion or detection jitter, temporal consistency constraint is introduced to verify the
continuity of candidate hitting states in adjacent frames. Only the frames that satisfy both the
displacement mutation rule and temporal consistency constraint are defined as the effective hitting
moment, and the corresponding frame index is recorded for subsequent timing analysis.

3.3 Motion Stage Division
After completing hitting event detection, it is necessary to divide the complete bouncing process
of the table tennis ball into refined motion stages, so as to realize the semantic description of hitting

timing. The stage division model is established based on the vertical motion trend and height variation
characteristics of the ball.
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The motion trend judgment rule based on three consecutive frames is defined as shown in Equation
(2):

Rising, yi—2 < Yi—1 <Yt (2)
Falling, Yi—3 >Yt—1 > Yt

where y;, y:_1, and y,_, denote the vertical coordinates of the ball center at the current frame,
previous frame, and frame before the previous one, respectively. By analyzing the positive and
negative changes of vertical velocity, the rising and falling trends of the ball can be distinguished.
Combined with the maximum bouncing height in the whole motion process, the normalized height
ratio is defined to describe the relative position of the ball in the bouncing trajectory. The relative
height and height ratio of the ball center at the current frame are calculated as shown in Equations (3)
and (4):

Trend = {

he = Yt = Ymin (3)
Ratio, = L 4)
Ymax — Ymin

where y,,in and y,, 4, denote the minimum and maximum vertical coordinates of the ball center in

the bounce cycle, respectively. Integrating the vertical motion trend and normalized height

information, the entire bouncing process is divided into five complete motion phases, including the

take-off stage, early rising stage, peak stage, early falling stage and late falling stage. The bouncing

process of the table tennis ball is divided into five consecutive phases, with its trajectory and

characteristics visualized in Figure 2. In particular, the peak stage is defined as the stable interval

where the vertical velocity of the ball approaches zero. The refined five-stage division provides a

reliable theoretical basis for subsequent quantitative evaluation and semantic recognition of hitting
timing.

Hitting Timing Phases - Parameter Definition

HEIGHT:10%
HEIGHT:40%

Figure 2. Schematic diagram of the five motion stages of a table tennis ball
3.4 Timing Classification Logic

Combined with the results of hitting event detection and motion stage division, this paper further
constructs a hitting timing classification model to map actual hitting behavior into standardized
technical semantic categories. The motion phase of the ball corresponding to the hitting moment is
taken as the core basis for timing classification.

To improve the robustness of classification and avoid misjudgment caused by single-frame
detection error, a time window constraint mechanism is adopted in this study. The final hitting timing
category is determined by evaluating the motion stage stability within the adjacent time window. The
standardized classification results are output in the form of unified labels, which can be directly
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invoked by the subsequent real-time visual feedback module.
4. Training Feedback System Design
4.1 Real-Time Visual Feedback Mechanism

To realize the immediate application of hitting timing recognition results in the training process, a
real-time feedback mechanism based on visual coding is constructed in this paper. The core goal of
this mechanism is to transmit the system recognition results to trainees in a low cognitive load way
without interfering with their normal hitting actions, thereby improving the efficiency of timing
correction.

Recognition results are mapped into three visual information types: hitting moment marking
locates key event frames on the trajectory diagram; timing stage prompt displays the current motion
stage as rising, peak, or falling; deviation feedback quantifies the gap between actual and ideal hitting
moments.

Let the ideal hitting timing interval be T* = [ta, tb] and the actual hitting moment be th, then the
timing deviation is defined as D = min(]th - ta|, |th - tb|). The system divides the feedback into three
levels according to the deviation value: the optimal hitting (green prompt) when D <el, the acceptable
range (yellow prompt) when €l < D <e2, and the deviated hitting (red prompt) when D >¢2. This
grading mechanism realizes real-time quantitative feedback on hitting quality.

In addition, to avoid visual information overload, the system adopts a local dynamic highlighting
strategy, which only displays feedback information within the key time window and keeps the
interface simplified at other times, so as to ensure the concentration of visual attention during training.

4.2 Human-Computer Interaction Design

A low-interference human-computer interaction process is designed around four stages:
preparation, execution, feedback acquisition, and correction. During preparation, users configure
training mode, difficulty, and feedback intensity, after which camera calibration completes. During
execution, ball trajectory is captured and hitting events trigger feedback automatically. During
feedback acquisition, recognition results display timing stage, deviation level, and trajectory playback.
During correction, trainees adjust subsequent strokes based on feedback, forming a closed
"perception-feedback-correction” loop.

4.3 System Deployment Structure

The system supports deployment in three typical scenarios: standard gymnasium environment,
teaching and training environment and temporary training environment. In the standard gymnasium
environment, the system is fixedly installed on the side of the table, and the relative position between
the camera and the table is ensured to be stable through the bracket structure; in the teaching and
training environment, the system can be shared with multiple tables, and equipment rotation is
realized through the quick disassembly and assembly structure; in the temporary training environment,
the system supports portable deployment, and rapid construction is realized through mobile brackets
and external power supply.

In addition, the system adopts a modular design at the hardware interface level, enabling fast
connection and replacement between the visual acquisition unit, computing unit and display unit, thus
improving the system expandability and maintenance efficiency.
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5. Experimental Results and Analysis
5.1 Experimental Platform Establishment

To verify the effectiveness of the proposed hitting timing recognition and visual feedback system,
an experimental platform for table tennis service reception training was constructed. The platform
mainly consists of a high-speed visual acquisition module, a computational processing unit, an
automatic serving device and a training display terminal.

All experiments were carried out in a standard indoor table tennis venue. The camera was fixed at
approximately 1.2 meters beside the table, with the shooting angle maintained at about 35<relative
to the table plane, so that the complete motion trajectory of the table tennis ball could be fully recorded.
To eliminate environmental interference and ensure the reliability of experimental data, all tests were
conducted under unified illumination conditions and fixed equipment parameters. The experimental
platform configuration and typical training scenarios are illustrated in Figure 3.

(a) Typical training scenarios of different participants; (b) Overview of the experimental platform,
including the high-frame-rate acquisition device and display terminal.

Figure 3. Experimental setup and training scenarios.
5.2 Comparative Experimental Design

A single-factor controlled experiment was designed to explore the influence of different feedback
modes on the training performance of table tennis beginners. Taking feedback mode as the
independent variable, three training conditions were set, including conventional training without
feedback, manual verbal feedback, and real-time visual feedback provided by the proposed system.
Hitting timing accuracy and training stability were adopted as core evaluation indicators to
quantitatively compare the training improvement under different conditions.

A total of 15 beginners without professional table tennis training experience were recruited as
participants and randomly divided into three groups with five members in each group. All participants
received unified adaptive basic training before the formal experiment to ensure a consistent initial
skill level. The overall experimental procedure included baseline pre-training test, grouped
differential training, post-training performance evaluation, and experimental data statistical analysis.
During the training process, the system automatically recorded the classification result of each hitting
timing and quantitatively calculated the deviation between the actual hitting moment and the ideal
time window, providing fundamental data support for subsequent comparative analysis.
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5.3 System Recognition Performance Analysis

The system recognition performance was quantitatively evaluated from two aspects: hitting event
detection and motion stage classification. The overall detection accuracy is calculated as shown in
Equation (5):

| ~ TP + TN
CCUracY = TP ¥ TN + FP + FN

where TP, TN, FP, and FN represent the number of true positives, true negatives, false positives,
and false negatives, respectively. With manually labeled video frames as the ground truth, the system
exhibited favorable detection stability and recognition accuracy. The proposed stage division method
based on motion trajectory and height ratio achieved satisfactory engineering practicability and
operational stability, with the overall average classification accuracy maintained above 92%.

The computational efficiency of the system also meets the requirement of real-time training. The
average processing time per frame was controlled within 8-12 ms, corresponding to a stable operating
frame rate of 80-120 FPS. The system can complete target detection, timing recognition and result
output with extremely low latency, which is suitable for the application scenario of real-time auxiliary
training in daily table tennis practice. The key performance indicators of the system in hitting event
detection and motion stage classification are summarized in Table 1.

x 100% (5)

Table 1. System recognition performance indicators

Task Value (%)
Hitting event detection accuracy 92.8
False negative rate 4.2
False positive rate 3.0
Early rising stage classification accuracy 91.5
Late rising stage classification accuracy 90.8
Peak stage classification accuracy 93.2
Early falling stage classification accuracy 91.0
Late falling stage classification accuracy 90.5

5.4 User Training Effect Analysis

The statistical results of hitting timing accuracy before and after training for the three groups under
different feedback modes are presented in Table 2.Statistical comparison of hitting timing accuracy
before and after training was conducted among the three groups. The visual feedback group achieved
a performance improvement of 43.1% after training, which was remarkably higher than that of the
verbal feedback group and the non-feedback group. The comparison of hitting timing accuracy under
three different feedback modes is presented in Figure 4.The non-feedback group relied mainly on
self-perception and trial-and-error adjustment, resulting in limited training improvement. In contrast,
the presented visual feedback mode provides real-time intuitive quantitative prompts, achieving faster
training convergence and higher movement stability.

In terms of the changing trend of average accuracy throughout the training process, the visual
feedback group showed a smoother convergence curve, which effectively restrained the accumulation
of incorrect movements and accelerated the learning process of technical skills. Statistical
significance analysis indicated that the training effect of the visual feedback group was significantly
different from the other two groups at the level of \(p < 0.05\). The results further confirm that the
designed real-time visual feedback system can effectively improve the training quality and learning
efficiency of hitting timing for table tennis beginners.
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Table 2. Comparison of training effects under different feedback modes

Pre-training Accuracy | Post-training Accuracy | Improvement Rate
Group 0 0 0
(%) (%) (%)
No-feedback Group 42.5 48.3 13.6
Verbal-feedback Group 43 56.1 30.5
Visual-feedback Group 42.8 61.2 43.1
0 Comparison of Hitting Timing Accuracy Before and After Training
—@— Before Training
After Training
65
61.2%
60
§ 56.1%
% 55
®
é 501 48.3%
E
7 s2% 43.0% 42.8%
— —e °
40 4
35 ‘ . T
{No-feedback Group) Verbal-feedback Group Visual-feedback Group

Figure 4. Comparison of hitting timing accuracy under different feedback modes

6. Conclusion

This paper proposed and implemented a hitting timing recognition and visual feedback system that
addresses the quantitative evaluation gap in service reception training. Hitting events are detected
from spatial coordinate variations of the ball, and timing stages are automatically classified by
combining vertical motion trend with normalized height ratio.

A hitting event detection method was developed using sudden displacement changes between
adjacent frames, improving recognition robustness. A timing division model fused motion direction
with normalized height features to classify the rising, peak, and falling stages.

Comparative experiments across no-feedback, verbal feedback, and visual feedback modes
demonstrated that visual feedback achieved a 43.1% improvement in hitting timing accuracy. The
system maintained high recognition accuracy throughout, confirming its effectiveness and
engineering feasibility.

In summary, the proposed hitting timing recognition and visual feedback system can effectively
improve the ability of timing judgment in table tennis service reception training, and provides a
feasible engineering implementation scheme for computer vision assisted sports training systems.
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