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ABSTRACT 

This research investigates an image-based method for supporting edge and side classification in table 
tennis using a camera arrangement intended to reduce interference with play. Ball contacts generated 

under controlled conditions were recorded using two synchronized high-speed cameras. Images 

from one camera were used for classification, whereas the second view was used to confirm the 
contact position and assign the ground-truth label. A frame visually judged to be closest to the 

contact moment was selected for each contact. The ball region was estimated using YOLO11s-based 

instance segmentation, and the primary evaluation used a white-line region manually specified from 
the visible table geometry. Each contact was classified according to the proportion of the ball region 

overlapping the white-line region. Five repeated holdout evaluations compared the normalized 

overlap ratio with the raw number of overlapping pixels and examined the influence of alternative 
white-line definitions. The normalized overlap ratio achieved a mean accuracy of 84.2%, with edge 

and side recalls of 86.0% and 82.4%, respectively. These results indicate that the local spatial 

relationship between the ball and the white line can support edge and side classification when an 
appropriate contact frame is available. Automatic contact-frame extraction and a physically 

consistent automatic white-line reference remain necessary for practical deployment. 

© 2026 The Author(s). Published by The Society of Artificial Life and Robotics. 
This is an open access article distributed under the CC BY-NC 4.0 license 

(http://creativecommons.org/licenses/by-nc/4.0/). 

 

1. Introduction 

According to the Laws of Table Tennis, the upper 

surface of the table constitutes the playing surface, whereas 

the vertical sides of the tabletop are not included in the 

playing surface [1]. Therefore, a ball that contacts the 

upper surface near the table boundary is classified as an 

edge ball and constitutes a valid bounce. In contrast, a ball 

that contacts the vertical side is classified as a side ball and 

does not constitute a valid bounce. Figure 1 shows 

examples of edge and side contacts. 

Although edge and side contacts are clearly 

distinguished under the rules, reliably classifying them 

during actual play is not always straightforward. Some 

contacts can be recognized relatively easily, whereas 

others are difficult to distinguish because the ball travels 

rapidly and the possible contact points on the upper and 

side surfaces are close to each other. The appearance of the 

contact also varies depending on the viewing direction and 

imaging conditions. Consequently, classification based on 

visual observation may become uncertain when the contact 

position is not clearly visible. 

 

 

Figure 1 Examples of Edge and Side Contacts 

Several approaches have been investigated to support 

the classification of difficult contacts in table tennis. 

Video-based methods track the ball across consecutive 

frames and analyze changes in its motion before and after 

contact, whereas sensor-based methods use physical 

responses such as impact-induced vibrations. Although 
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both approaches provide useful information, trajectory 

analysis requires stable ball tracking across multiple 

frames, while sensor-based systems require dedicated 

hardware to be installed and calibrated on the table. 

Therefore, an image-based classification method that does 

not rely on table-mounted devices may provide a more 

practical alternative. 

In our previous research, edge and side contacts were 

classified using the overlap between the ball and white-line 

regions [2]. Both regions were estimated using YOLOv8-

based instance segmentation, and classification was 

performed according to the raw number of overlapping 

pixels. The results indicated that the positional relationship 

between the ball and the white line could be used for edge 

and side classification without reconstructing the complete 

ball trajectory. However, the camera was positioned close 

to the table and could interfere with play. In addition, the 

effects of the classification measure and the estimated 

shape of the white-line region on classification 

performance were not examined in detail. 

This paper extends that research in four respects: (1) the 

classification camera is positioned farther from the 

immediate playing area to reduce interference with play, 

(2) a normalized overlap ratio is compared with the raw 

overlap count, (3) the influence of different white-line 

region definitions is examined, and (4) the feasibility of 

applying the same classification approach to frames 

recorded with a consumer-grade GoPro camera is 

evaluated. 

For the primary experiment, ball contacts were recorded 

using two synchronized high-speed cameras positioned at 

different viewpoints. Images from one camera were used 

for classification, whereas the video from the other camera 

was used to select the contact frame and assign the ground-

truth label. Frames identified as being closest to the contact 

moment were extracted from the recorded videos and used 

as input images. This configuration allows the proposed 

method to perform classification using a single-view 

image while using the other viewpoint only to prepare the 

evaluation data. 

The ball region is estimated using YOLO11s-based 

instance segmentation [3]. The white-line region is defined 

before classification and serves as a reference 

corresponding to the boundary of the upper playing surface. 

A normalized overlap ratio is calculated by dividing the 

number of pixels shared by the ball and white-line regions 

by the total number of pixels in the ball region. A contact 

is classified as an edge when the normalized overlap ratio 

is equal to or greater than a specified threshold; otherwise, 

it is classified as a side. Normalization by the ball-region 

area is used because the raw overlap count may vary 

depending on the apparent size of the ball and the area of 

the estimated ball mask. 

The evaluation consists of four parts corresponding to 

the extensions described above. First, classification 

performance is evaluated using high-speed-camera images 

recorded from a position designed to reduce interference 

with play. Second, the normalized overlap ratio is 

compared with the raw overlap count. Third, the influence 

of the white-line region definition is examined using 

manually specified regions, YOLO11s-estimated regions, 

and vertically expanded regions. Finally, the feasibility of 

applying the proposed classification approach to frames 

recorded with a consumer-grade GoPro camera is 

investigated. 

The purpose of this research is to determine whether the 

local spatial relationship between the ball region and the 

white-line reference can support edge and side 

classification using a single image captured near the 

moment of contact. This research also evaluates a camera 

arrangement designed to reduce interference with play and 

examines how the classification measure and white-line 

region definition affect classification performance. 

2. Related Work 

Sports decision-support systems use different types of 

information depending on the target event. Video-based 

methods analyze the motion of players and balls, sensor-

based methods measure physical responses generated by 

contact, and segmentation-based methods convert image 

regions into quantitative values. This section reviews these 

approaches and clarifies the position of the present 

research. 

2.1. Video-Based Officiating Support in Sports 

Video-based systems have been introduced to support 

decisions that are difficult to make through direct 

observation. In soccer, multi-view footage has been used 

to analyze foul situations [4]. In tennis, Hawk-Eye 

estimates ball trajectories and bounce positions from 

multiple cameras and compares them with court lines [5]. 

A monocular-camera method has also been proposed to 

determine whether a ball lands inside or outside the court 

[6]. 

These examples demonstrate the value of video 

evidence for rapid events and incidents outside the 

referee’s direct view. Most existing systems primarily 

assess motion or landing locations over a comparatively 

broad area. Edge and side decisions in table tennis concern 

a much smaller zone, so the present work examines the 

local spatial relationship between the ball and the table 

boundary at contact. 

2.2. Research on Table Tennis Video Analysis 

Table tennis video analysis has been applied to service-

fault detection, rally analysis, scoring, and event 

recognition. Service-fault detection methods estimate the 

ball and racket positions and examine the height and 

motion of the ball toss [7], [8]. Other methods track the ball 

using background subtraction and Kalman filtering [9]. 

Multi-view systems reconstruct three-dimensional 

trajectories and detect events such as bounces, net 

crossings, and repeated bounces [10]. Real-time tracking 

has also been developed for robotic table tennis [11]. 
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Such approaches depend on ball locations obtained 

across consecutive frames, and reliable tracking can 

deteriorate when the ball moves rapidly, occupies only a 

limited image area, appears blurred, or becomes 

temporarily occluded. The present work avoids 

reconstructing an entire trajectory: a frame judged visually 

to be nearest to contact is selected, and classification is 

based on the spatial arrangement observed in that frame. 

2.3. Classification Based on Contact Information 

Obtained Using Sensors 

Ball contact can also be detected from physical signals. 

Accelerometers installed on a table or its supports have 

been used to estimate contact positions from vibration 

waveforms [12]. A practical system has also been 

developed to distinguish edge and side contacts by 

analyzing vibrations measured on the side of the table [13]. 

Collision signals provide direct evidence of impact and 

are relatively insensitive to the visual appearance of the 

ball. Their use nevertheless requires sensors to be attached 

and maintained, and a different table or mounting 

configuration may require recalibration. The image-based 

method considered here avoids dedicated contact sensors, 

although accurate identification of the contact frame and 

image regions remains necessary. 

2.4. Officiating Support Using Ball Trajectories and 

Landing Points 

Research by Fujiwara and colleagues introduced a 

monocular-camera approach that detects table tennis balls 

with Mask R-CNN and determines in-or-out decisions 

from their post-bounce trajectories [14], [15]. Tennis line-

calling methods have also classified balls using the 

relationship between court lines and landing positions [16]. 

Ball and line information is also used in these 

officiating-support approaches, but their decisions are 

derived from temporal trajectory changes or landing 

coordinates. The present method instead evaluates the 

pixel-level intersection between the ball region and the 

white-line reference within a single image near contact. 

2.5. Deep Learning Based Object Detection and 

YOLO11s 

Deep learning-based methods have been developed to 

estimate object locations and regions in images. Faster R-

CNN is a two-stage object detection method that first 

generates region proposals and then performs 

classification and localization [17]. TTNet is a multi-task 

network developed for real-time analysis of table tennis 

videos. It performs ball detection, semantic segmentation 

of the table, players, and scoreboard, and event spotting 

for ball bounces and net hits [18]. 

Since the proposed method requires the shape of the ball 

at the pixel level rather than only its center coordinates or 

bounding box, instance segmentation is used to estimate 

the ball region. YOLO11s supports multiple computer 

vision tasks, including object detection, instance 

segmentation, image classification, pose estimation, and 

oriented object detection. In this research, a YOLO11s-

based instance segmentation model is used to estimate the 

ball region. The effect of the white-line region definition 

on classification performance is also examined. 

2.6. Quantitative Evaluation Using Region 

Information 

Estimated image regions have been converted into 

quantitative measures such as area, proportion, span, and 

length. In fruit analysis, detected regions have been used 

to estimate fruit diameter, visible ratio, and size [19], [20]. 

Similar approaches have been applied to quantify diseased 

plant regions and cracks in infrastructure [21], [22]. 

The present work applies the same concept of 

converting segmented regions into numerical information 

by computing the overlap between the YOLO11s-

estimated ball region and the white-line reference. Here, 

the resulting value is used for edge and side classification 

rather than for measuring object dimensions or damage 

severity. 

2.7. Positioning of This Research 

Video analysis, trajectory reconstruction, contact 

sensors, and deep-learning-based region estimation have 

all been studied for sports officiating. Within this literature, 

relatively little attention has been given to edge and side 

classification from the region relationship visible in a 

single table-tennis contact image. 

The proposed setup uses two synchronized high-speed 

cameras to verify the timing and location of contact, while 

the image from one viewpoint is supplied to the classifier. 

YOLO11s estimates the ball region, and the white-line 

reference is provided explicitly. Edge and side decisions 

are then obtained from the proportion of the ball region 

intersecting that reference. The distinguishing feature is 

the use of spatial region information at contact rather than 

complete trajectories or vibration signals. 

3. Methodology 

This section describes a method for classifying edge and 

side contacts using a single image captured near the 

moment of contact. The ball region is estimated using the 

YOLO11s-based instance segmentation model, and its 

overlap ratio with a predefined white-line region is 

compared with a threshold. The processing flow is shown 

in Figure 2. 

An edge contact is expected to produce a larger overlap 

with the white-line reference than a side contact. Camera 

perspective can nevertheless make a side ball appear to 

cross the line in the image. The decision is therefore based 

on the normalized amount of overlap rather than on a 

simple binary check for any intersection. 
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Figure 2 Processing Flow of the Proposed Method 

3.1. Image Preparation 

Two synchronized high-speed cameras are used to 

record ball contacts near the table boundary from different 

viewpoints. Images from one camera are used for edge and  

side classification, whereas the second camera is used to 

confirm the contact moment and the actual contact position. 

The verification video was inspected frame by frame by 

a single evaluator. After the ball approached the table 

boundary, the first frame showing a change in its motion 

was identified, and the immediately preceding frame was 

regarded as the frame closest to the contact moment. The 

temporally corresponding frame from the classification 

camera was then selected as the input image. The ground-

truth label was assigned by visually examining the contact 

state using the frames immediately before and after the 

selected moment in the verification video. An example of 

an input image is shown in Figure 3. 

This configuration allows classification to be performed 

using a single-view image while improving the reliability 

of the assigned labels. 

3.2. Acquisition of the Ball and White-Line Region 

The ball region is estimated using a YOLO11s-based 

instance segmentation model. Each input image is 

processed by the trained model to obtain an instance mask 

corresponding to the table tennis ball. Center coordinates 

and bounding boxes do not preserve the pixel-level shape 

required to evaluate the intersection between the ball and 

the white line. Therefore, the proposed method uses the 

estimated ball mask for classification. 

The white-line region serves as a reference for 

evaluating the spatial relationship between the ball region 

and the boundary of the upper playing surface. Because 

this research focuses on the effectiveness of overlap-based 

classification rather than the accuracy of automatic white-

line detection, the white-line region is specified before 

classification and supplied to the classification procedure. 

This setup allows the classification method to be evaluated 

without directly incorporating errors caused by automatic 

white-line detection. 

Slight changes in the camera position made it difficult 

to apply a single white-line mask consistently to all images. 

Therefore, a separate white-line region was manually 

delineated for each image using the same annotation rule 

based solely on the visible geometry of the table and white 

line. The ground-truth class label, estimated ball mask, and 

ball position were not referenced during annotation. This 

procedure was applied consistently to all images to avoid 

adjusting the white-line region according to the contact 

class or ball location. Automatically correcting the white-

line region to compensate for camera displacement 

remains a subject for future research. 

3.3. Overlap-Based Edge and Side Classification 

After the ball and white-line regions are obtained, their 

spatial overlap is quantified. Let 𝐵  and 𝑊  denote the 

binary masks of the ball region and the white-line region, 

respectively. The normalized overlap ratio 𝑟 is defined as 

𝑟 =
|𝐵 ∩ 𝑊|

|𝐵|
 (1) 

where |𝐵 ∩ 𝑊| denotes the number of pixels contained in 

both regions, and |𝐵| denotes the total number of pixels 

in the ball region. Thus, 𝑟 represents the proportion of the 

estimated ball region that overlaps the white-line region. 

Figure 4 shows a visualization example, in which the ball 

region is displayed in blue, the white-line region in yellow, 

and the overlapping region in red. 

For an image in which the ball region is successfully 

detected, the predicted class 𝑦̂ is determined as follows 

𝑦̂ = {
𝑒𝑑𝑔𝑒,   𝑟 ≥ 𝑇
𝑠𝑖𝑑𝑒,    𝑟 < 𝑇

 (2) 

where T is the classification threshold. If the ball region is 

not detected, the image is treated as undetected and 

counted as an incorrect classification in the evaluation. 

The raw number of overlapping pixels may vary 

depending on the apparent size of the ball and the area of 

the ball mask estimated by YOLO11s. Normalizing the 

overlap by the total number of pixels in the ball region is 

therefore expected to reduce the influence of these 

variations. For this reason, the normalized overlap ratio is 

used as the primary classification measure. 

3.4. Threshold Determination 

The classification threshold is determined using only the 

tuning set. For the normalized overlap ratio, threshold 

candidates ranging from 0.000 to 1.000 are tested at 

intervals of 0.001. For the raw overlap count, integer 

thresholds ranging from 0 to the maximum overlap count 

observed in the tuning set are tested at one-pixel intervals. 

 

Figure 3 Example of a High-Speed Camera Frame with 

an Enlarged Ball Region 

Input

Output

Ball region estimation by YOLO11s

White-line region extraction by a predefined mask

Overlap ratio calculation

Comparison of overlap ratio and classification threshold
Reference

Images

Edge/Side classification

Classification threshold determination

using tuning images

System

Examples of high-speed-camera frame 

with enlarged ball region
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Figure 4 Visualization of the Ball Region, White-Line 

Region, and Overlapping Region 

For each decision variable, the threshold yielding the 

highest classification accuracy on the tuning set is selected. 

When multiple thresholds achieve the same accuracy, the 

threshold with the highest mean of the edge and side recalls 

is preferred. If multiple candidates remain, the threshold 

with the smallest absolute difference between the edge and 

side recalls is selected. If the candidates are still tied, the 

smallest threshold is selected. The same tie-breaking rule 

is applied to both the normalized overlap ratio and the raw 

overlap count. The selected threshold is then applied 

unchanged to the evaluation set. 

4. Experimental Design and Performance 

Assessment 

This section presents the experimental design and 

performance assessment. Classification is evaluated with 

high-speed-camera images, followed by a comparison 

between the normalized overlap and the raw overlap count. 

Additional experiments examine the effect of the white-

line definition and test whether the same principle can be 

applied to GoPro images. 

4.1. Recording Environment 

Two monochrome HAS-EF high-speed cameras 

manufactured by DITECT were used for recording [23]. 

The image resolution was set to 1600 × 480 pixels, and the 

frame rate was 1000 fps. The cameras were connected 

using BNC cables and a synchronization master cable. 

Recording was started simultaneously with a trigger button. 

The recording environment is shown in Figure 5. Camera 

1, which was used for classification, was positioned at a 

horizontal distance of 2.28 m from the table edge, with the 

lens center at a height of 1.63 m above the floor. The 

physical tilt angle of the camera was not measured 

separately. Instead, the elevation angle defined by the 

horizontal direction and the line connecting the camera 

lens center to the table edge was 20.9°. Camera 2, which 

was used for contact confirmation, was positioned at a 

horizontal distance of 2.82 m from the table edge, with the 

lens center at a height of 1.06 m above the floor. The angle 

between the horizontal and the line connecting the camera 

lens center and the table edge was 6.07°. The ball 

launching machine was positioned at a horizontal distance 

of 1.46m from the table edge, and its height was set to 

0.94m. Lens distortion correction was not applied to the 

recorded images before calculating the overlap ratio. 

A JOOLA iPong Pro table tennis training robot was used 

to launch the balls [24]. The iPong Pro used in this 

experiment is shown in Figure 6. The height of the training 

robot was set to 0.94 m. The height and distance of the 

training robot from the table, as well as its launch direction 

and operating settings, were adjusted so that the balls 

contacted areas near the boundary between the upper 

playing surface and the side surface. The use of the training 

robot reduced the variability associated with balls struck 

by a human player and enabled repeated trials under 

consistent conditions. An example of the robot settings is 

shown in Figure 7. 

4.2. Images Used for Classification 

The synchronized videos recorded by the two high-

speed cameras were visually inspected, and frames judged 

to represent the moment when the ball contacted the table 

boundary were extracted. Images from one camera were 

used for classification, whereas the video from the other 

camera was used to verify the contact moment and position. 

Each image was assigned an edge or side ground-truth 

label according to the confirmed contact position. 

A total of 140 images were used for edge and side 

classification, consisting of 70 edge images and 70 side 

images. None of these 140 images was included in the 

training, validation, or test sets used to develop the 

YOLO11s-based ball segmentation model. For each 

repetition, 20 images from each class were randomly 

selected as the tuning set, and the remaining 50 edge and 

50 side images were used as the evaluation set. The random 

division and evaluation were repeated five times. 

 

Figure 5 Recording Environment 

 

Figure 6 iPong Pro 
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Figure 7 Control Settings used for the iPong Pro 

4.3. Ball Segmentation Model 

For the high-speed-camera images, a YOLO11s-based 

instance segmentation model was used to estimate the ball 

region. The dataset contained 400 annotated images. It was 

split in a 7:2:1 ratio into 280 training, 80 validation, and 40 

test images. 

Training used 1280 × 1280-pixel inputs, four images per 

batch, and an upper limit of 200 epochs. Early stopping 

was triggered after 60 epochs without improvement. The 

resulting model detected the ball in every image used for 

classification. 

4.4. Threshold Selection and Evaluation Metrics 

Repeated holdout evaluation was performed using 

different data divisions. For a given repetition, the 

classification threshold was selected using the tuning data 

and was then kept fixed when evaluating the remaining 

images. Threshold candidates from 0.000 to 1.000 were 

tested at intervals of 0.001, and the value that produced the 

highest tuning accuracy was selected. 

Classification accuracy, edge recall, and side recall were 

calculated. Accuracy represents the proportion of all 

images classified correctly, while edge recall and side 

recall represent the proportions of correctly classified 

images within each class. The final results are reported as 

the mean and standard deviation over five trials. 

4.5. Classification Experiment Using High-Speed 

Camera Images 

The proposed method was first evaluated using ball 

regions estimated by YOLO11s and white-line regions 

manually defined for each image. Because slight camera 

shifts occurred during recording, a common white-line 

region was not applied to all images. Table 1 summarizes 

the five repetitions. The mean classification accuracy was 

84.2 ± 2.3%, while edge recall and side recall were 86.0 ± 

6.0% and 82.4 ± 1.7%, respectively. The selected 

thresholds ranged from 0.350 to 0.370, with a mean of 

0.362 ± 0.011. These results suggest that edge and side 

contacts can be distinguished to some extent when an 

appropriate image of the contact moment is available. 

4.6. Comparison of Classification Criteria 

The overlap ratio was compared with the raw number of 

overlapping pixels. The results obtained using the pixel 

count are shown in Table 2. The mean accuracy was 81.4± 

1.8%, while edge recall and side recall were 84.4 ± 10.1% 

and 78.4 ± 11.5%, respectively. The mean selected 

threshold was 810.0 ± 119.0 pixels. 

The normalized overlap produced a mean accuracy of 

84.2 ± 2.3%, exceeding the result obtained from the raw 

pixel count. Because a pixel count varies with the apparent 

ball size and the predicted ball-region area, it may fluctuate 

even under similar contact conditions. Expressing the 

intersection as a fraction of the entire ball region is 

expected to moderate these effects. Under the present 

conditions, the normalized overlap was therefore the more 

suitable decision variable. 

4.7. Effects of White-Line Region Definitions 

The effect of the white-line definition was examined by 

comparing manually defined regions with regions 

estimated using YOLO11s. A separate segmentation 

network for the white line was trained using 250 annotated 

images. The data were divided into training, validation, 

and test sets at a ratio of 7:2:1. Training was performed 

using input images of 1280 × 1280 pixels, a batch size of 

four, a maximum of 200 epochs, and early stopping after 

30 epochs without improvement. 

Table 1 Classification Results of the Proposed Method 

Trial Threshold 
Accuracy 

[%] 

Edge 

Recall [%] 

Side 

Recall [%] 

1 0.350 84.0 86.0 82.0 

2 0.350 88.0 96.0 80.0 

3 0.370 82.0 80.0 84.0 

4 0.370 83.0 84.0 82.0 

5 0.370 84.0 84.0 84.0 

Mean 

± SD 

0.362 

± 0.011 

84.2 

± 2.3 

86.0 

± 6.0 

82.4 

± 1.7 

Table 2 Classification Results using the Number of 

Overlapping Pixels 

Trial 
Threshold 

[pix] 

Accuracy 

[%] 

Edge 

Recall [%] 

Side 

Recall [%] 

1   780 81.0 82.0 80.0 

2   690 79.0 98.0 60.0 

3   780 82.0 84.0 80.0 

4 1,010 81.0 70.0 92.0 

5   790 84.0 88.0 80.0 

Mean 

± SD 

810.0 

± 119.0 

81.4 

± 1.8 

84.4 

± 10.1 

78.4 

± 11.5 

The results obtained using the YOLO11s-estimated 

white-line regions are shown in Table 3. The mean 

accuracy was 89.8 ± 2.3%, while the edge and side recalls 

were 95.6 ± 3.8% and 84.0 ± 7.1%, respectively. Although 

these values were higher than those obtained using the 

manually defined regions, visual inspection showed that 

the estimated white-line regions often extended beyond the 

actual boundaries of the white line. This observation 
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indicates that the higher classification accuracy did not 

necessarily correspond to a more accurate representation 

of the physical white line. 

To examine the influence of this expansion, the 

manually defined white-line regions were dilated by 0, 3, 

5, and 10 pixels in the vertical direction of the image. In 

Table 4, “Dilation” denotes the amount of vertical dilation 

applied to the manually defined white-line region. Table 4 

summarizes the results of these dilation tests. A dilation of 

3 pixels increased the mean accuracy from 84.2 ± 2.3% to 

87.8 ± 1.8%. The accuracies for dilations of 5 and 10 pixels 

were 84.8 ± 0.8% and 75.4 ± 2.5%, respectively. Edge 

recall increased as the white-line region became wider, 

whereas side recall decreased to 51.2 ± 5.4% at a dilation 

of 10 pixels. These results suggest that excessive vertical 

dilation causes more side contacts to be classified as edge 

contacts. 

Table 3 Classification Results using White-Line 

Detection with YOLO11s 

Trial Threshold 
Accuracy 

[%] 

Edge 

Recall [%] 

Side 

Recall [%] 

1 0.420 90.0 96.0 84.0 

2 0.370 86.0 100.0 72.0 

3 0.460 90.0 90.0 90.0 

4 0.440 92.0 98.0 86.0 

5 0.460 91.0 94.0 88.0 

Mean 

± SD 

0.430 

± 0.037 

89.8 

± 2.3 

95.6 

± 3.8 

84.0 

± 7.1 

 

Table 4 Classification Results with Dilation of the 

Manually Defined White-Line Region 

Dilation 

[pix] 
Threshold 

Accuracy 

[%] 

Edge 

Recall [%] 

Side 

Recall [%] 

0 
0.362 

± 0.011 

84.2 

± 2.3 

86.0 

± 6.0 

82.4 

± 1.7 

3 
0.420 

± 0.030 

87.8 

± 1.8 

92.0 

± 6.9 

83.6 

± 5.2 

5 
0.464 

± 0.025 

84.8 

± 0.8 

91.2 

± 7.7 

78.4 

± 7.3 

10 
0.470 

± 0.035 

75.4 

± 2.5 

99.6 

± 0.9 

51.2 

± 5.4 

4.8. Evaluation of Classification Feasibility Using 

GoPro Images 

The feasibility of using a general-purpose camera was 

examined with a GoPro HERO12 [25]. The area near the 

table boundary was recorded at a resolution of 2.7K and a 

frame rate of 240 fps. The videos were converted into 

individual frames, and images visually judged to be close 

to the contact moment were selected. All images were 

cropped to 1600 × 480 pixels using the same crop position. 

The white-line definition was equivalent to that used in the 

high-speed-camera experiment. A separate YOLO11s-

based ball-segmentation model was trained for the GoPro 

images under conditions equivalent to those used for the 

high-speed-camera model. The GoPro model was trained 

using 400 annotated images, none of which were among 

the 60 images used for edge and side classification. 

The dataset consisted of 30 edge images and 30 side 

images. For each split, 10 edge and 10 side images were 

assigned to the tuning set, and 20 edge and 20 side images 

were assigned to the evaluation set. Five different splits 

were evaluated. The results are summarized in Table 5. The 

mean accuracy was 90.0 ± 2.5%, while edge recall and side 

recall were 95.0 ± 5.0% and 85.0 ± 9.4%, in that order. 

These results indicate that overlap-based classification was 

possible for the selected GoPro images. 

Table 5 Classification Results using GoPro Images 

Trial Threshold 
Accuracy 

[%] 

Edge 

Recall [%] 

Side 

Recall [%] 

1 0.170 87.5 100.0 75.0 

2 0.140 87.5 100.0 75.0 

3 0.200 92.5 95.0 90.0 

4 0.230 92.5 90.0 95.0 

5 0.220 90.0 90.0 90.0 

Mean 

± SD 

0.192 

± 0.037 

90.0 

± 2.5 

95.0 

± 5.0 

85.0 

± 9.4 

Because the GoPro recorded at 240 fps, the ball 

displacement between consecutive frames was larger than 

that in the 1000 fps high-speed camera recordings. A 

visually selected image may therefore have been captured 

immediately before or after the actual contact. Severe 

motion blur was also observed during fast ball motion in 

the GoPro recordings, and the ball sometimes appeared as 

multiple separated regions. Examples of the GoPro and 

high-speed camera images are shown in Figure 8 and 

Figure 9, in that order. Although classification was possible 

for selected GoPro images, high-speed cameras were 

considered more suitable for reliably capturing the contact 

moment during high-speed play. 

4.9. Discussion 

The experiment using high-speed camera images and 

manually defined white-line regions achieved a mean 

accuracy of 84.2%. This result suggests that the positional 

relationship between the ball and the white line can be used 

to distinguish edge and side contacts when an appropriate 

image of the contact moment is available. The segmented 

ball region also enables the relationship with the white line 

to be evaluated at the pixel level, which is difficult when 

the ball is represented only by its center coordinate or 

bounding box. Since small differences in the contact 

position near the table boundary may affect the 

classification result, preserving the shape and extent of the 

ball region is considered useful for this task. 

Using the raw overlap count yielded a mean accuracy of 

81.4%, whereas normalization by the ball-region area 

increased the value to 84.2%. The unnormalized count 

changes with both the apparent ball size and the area 

predicted by YOLO11s. A ratio referenced to the entire ball 

region is less dependent on those variations, which may 

explain the observed improvement. This benefit is not  
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independent of segmentation quality, because 

overestimation or underestimation of the ball region also 

changes the ratio. Stable ball-region estimation therefore 

remains necessary. 

YOLO11s-estimated white-line regions unexpectedly 

produced higher accuracy than the manually specified 

references. Inspection of the estimated white-line regions 

revealed that the network frequently included pixels 

outside the physical white line. The numerical gain should 

thus not be interpreted as evidence of more accurate line 

localization. A wider reference region increased the 

measured overlap and biased the decision toward the edge 

class. 

 

Figure 8 Example of a GoPro Frame with an Enlarged Ball 

Region 

 

 

Figure 9 Example of a High-Speed Camera Frame with 

an Enlarged Ball Region 

The dilation experiment supports this interpretation. A 

3-pixel enlargement improved accuracy, but the benefit did 

not continue as the reference became wider. At 10 pixels, 

edge recall rose while side recall fell markedly, showing 

that excessive enlargement converts additional side cases 

into edge decisions. The higher score obtained with the 

YOLO11s-estimated white-line region is therefore not a 

desirable improvement if it results from a physically 

inaccurate reference. The white-line reference has a 

specific physical role: it represents the boundary between 

the upper playing surface and the side surface and should 

not be expanded merely to maximize accuracy. Future 

work should retain that physical meaning while 

automatically compensating for small camera shifts. 

Although the GoPro experiment produced a higher score 

than the high-speed-camera experiment, this result does 

not indicate that the GoPro provided superior imaging 

performance. The GoPro frames were visually selected 

from moments when the ball could be confirmed near 

contact, which may have made the dataset less challenging. 

In addition, the GoPro recorded at 240 fps, resulting in 

larger ball displacement between consecutive frames than 

in the 1000-fps high-speed-camera recordings. During 

rapid ball motion, some GoPro frames contained elongated 

or fragmented ball regions due to motion blur. Therefore, 

the result demonstrates the feasibility of the proposed 

method for the selected GoPro frames, rather than 

equivalent performance across a wide range of high-speed 

playing conditions. 

Manual selection of the frame closest to the contact 

moment may involve an error of approximately ±1 frame. 

In the 1000-fps high-speed-camera recordings, one frame 

corresponds to 1ms, whereas in the 240-fps GoPro 

recordings, one frame corresponds to approximately 

4.17ms. Therefore, assuming a similar ball velocity, the 

ball displacement associated with a one-frame selection 

error is expected to be approximately 4.17 times as large at 

240 fps as at 1000 fps. Because the proposed method 

classifies each contact according to the overlap ratio 

between the ball region and the white-line region in a 

single image near the contact moment, selecting a frame 

immediately before or after the actual contact may change 

the calculated overlap ratio. In particular, when the overlap 

ratio is close to the classification threshold, even a small 

change in the ball position may change the classification 

result. For example, if the overlap ratio of an edge contact 

becomes smaller than that at the actual contact moment, it 

may fall below the classification threshold and be 

classified as a side contact. Conversely, an increase in the 

overlap ratio may cause a side contact to be classified as 

an edge contact. In addition, if such frame-selection errors 

are included in the tuning data, the overlap ratios of both 

edge and side contacts may become more variable, which 

may make the classification threshold less stable. 

Therefore, the effect of a ±1-frame selection error is 

expected to be greater in the 240-fps GoPro recordings 

than in the 1000-fps high-speed-camera recordings. 

However, because the present study did not explicitly 

evaluate frames shifted by ±1 frame, the resulting change 

in classification accuracy cannot be quantified from the 

current results. 

The principal obstacle to a practical decision-support 

system is the manual selection of the contact frame. The 

current pipeline automates classification only after a 

human has chosen the image to be examined. Contact 

candidates must ultimately be identified directly from 

video. One possible route is to estimate the ball trajectory 

and search for changes in displacement, velocity 

magnitude, and heading across successive frames. 

Once trajectory information is available, restricting it to 

frame selection may leave useful evidence unused. Motion 

before and after impact may itself help distinguish an edge 

contact from a side contact. Future experiments should 

compare three alternatives: overlap-only classification, 

trajectory-only classification, and a fusion of both. In the 

fused design, trajectory changes could locate candidate 

frames, after which the overlap ratio and near-contact 

changes in speed and direction would be evaluated together. 

This would combine spatial evidence of the contact 

location with temporal evidence from the surrounding 

motion. 

Generalization should be tested across changes in 

camera position, viewing angle, illumination, ball speed, 

Examples of GoPro frame with enlarged ball region

Examples of high-speed-camera frame 

with enlarged ball region
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scene composition, and table appearance. Because the 

high-speed cameras used here produce monochrome 

images, ball color is not the central issue. More relevant 

are illumination-driven changes in brightness and contrast, 

which may alter ball-region estimation. The highest 

priority is automatic contact-frame extraction, alongside 

more reliable ball segmentation, a stable physically 

meaningful white-line reference, broader environmental 

evaluation, and comparison of overlap-based and 

trajectory-based evidence. 

5. Conclusion 

This research examined an image-based method for 

supporting edge and side classification in table tennis. The 

proposed method estimates the ball region using 

YOLO11s-based instance segmentation and measures the 

proportion of the ball region that overlaps a predefined 

white-line region. The calculated overlap ratio is compared 

with a threshold selected from tuning data to classify each 

contact as either edge or side. 

The experiment using high-speed camera images and 

manually defined white-line regions achieved a mean 

accuracy of 84.2%, with an edge recall of 86.0% and a side 

recall of 82.4%. When the raw number of overlapping 

pixels was used, the mean accuracy was 81.4%. The higher 

mean accuracy obtained with the overlap ratio suggests 

that normalization may reduce the influence of differences 

in apparent ball size and estimated ball-region area. 

Automatic white-line estimation with YOLO11s yielded 

a higher classification score than manual specification, but 

the predicted white-line regions commonly extended 

outside the physical line. The enlarged reference increased 

overlap values and favored edge decisions. A similar 

pattern appeared in the dilation test: a slight enlargement 

improved accuracy, whereas excessive enlargement 

sharply reduced side recall. The numerical improvement 

from the YOLO11s-estimated white-line region should 

therefore not be interpreted as accurate white-line 

detection or as an inherently preferable result. The 

reference must remain consistent with the actual boundary 

between the upper and side surfaces. 

Selected GoPro images produced a mean accuracy of 

90.0%, but the 240-fps frame rate made the exact impact 

frame harder to obtain during fast shots. Motion blur also 

distorted or split the apparent ball region in some images. 

The experiment consequently demonstrates classification 

feasibility for usable selected frames, rather than 

superiority of a general-purpose camera over high-speed 

imaging. 

Manual selection of the contact frame remains the main 

limitation. A practical decision-support system will require 

automatic detection of contact candidates from frame-to-

frame variation in ball location and motion. Because 

trajectory information may also improve the final decision, 

future evaluation should compare overlap-only, trajectory-

only, and fused classification schemes. 

Robustness must also be examined under varied camera 

positions, viewing angles, illumination, ball speeds, 

backgrounds, and table appearances. With monochrome 

high-speed images, changes in brightness and contrast are 

more relevant than ball color because they can affect ball-

region estimation. Subsequent work will therefore 

emphasize automatic contact-frame extraction, a stable 

physically grounded white-line reference, improved ball 

segmentation, and evaluation across a broader range of 

recording conditions. 
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