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Abstract 
In table tennis, the spin of the ball is crucial to the game and yet hard to observe either in 
court or on TV. A vision system that can track the table tennis ball position is the first step 
toward a system that can track the ball with spin direction and strength information, which 
can be used to enhance the viewing experience. Accurate, real-time 3D tracking of 
high-speed ping pong balls is difficult due to their velocity, spin, and frequent occlusions. 
In this paper, we present a complete pipeline utilizing a four-camera setup. We employ 
chessboard-based calibration for precise 3D space reconstruction.  A custom-trained 
YOLO11-Oriented Bounding Boxes (OBB) model detects the ball in each 2D camera feed. 
These 2D detections are then triangulated to reconstruct the ball's 3D position. A Kalman 
filter is applied to the resulting 3D trajectory data to smooth noise, predict state, and 
robustly handle tracking through occlusions. Our system demonstrates high-fidelity 3D 
tracking, showing significant improvement in trajectory smoothness and consistency due 
to the Kalman filter. The YOLO11-OBB model achieves 97.6% mAP on our test dataset. This 
combined approach provides a robust and scalable solution for advanced ping pong 
analytics.  
 
Keywords: Electrical Engineering; signal and image processing; computer vision; machine 
learning; AI model; fast object detection and tracking, table tennis, trajectory tracking, 
sport analytics  
 
1. Introduction  

• 1.1 Motivation & Background   

In recent years, advancements in computer vision and motion sensing have been applied in 
various sports. For example, video analysis for tennis performance and sensor-based 
intelligent Inertial Measurement Unit for golf self-coaching (Renò et al., 2017; MTA, 2025). 
There is growing interest in applying these technologies to table tennis, as it is well 
anticipated that motion data on the ball and/or player can improve the viewing experience, 
provide data-backed tactical analysis, improve training efficiency, and ultimately benefit 
the athlete's competition performance. Ball tracking is an essential enabling technology for 
all the above improvements. 
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Hardware and software improvements over the past decade have made it possible for 
student researchers to implement such systems. Convolutional Neural Networks (CNN), a 
type of deep learning neural network architecture, are commonly used for object 
classification and detection.  CNNs evolved from Artificial Neural Networks (ANN) and 
received the name “Convolutional Neural Network” when Yann LeCun proposed a 
convolutional structure for handwritten zip code recognition (Le 1990). However, the 
traditional activation function with the back-propagation training algorithm faced 
convergence and overfitting issues with deep CNN models. The leap came when Krizhevsky 
et al. (2012) proposed an architecture, AlexNet, with ReLU activation functions, dropout 
techniques, and data augmentation, which enabled the existing back-propagation 
algorithm to successfully train an unprecedentedly deep and large CNN.  The training of 
such a CNN model required a large training dataset, considering it contained 60 million 
parameters. Consequently, the training would have been computationally slow and long on 
CPUs. The breakthrough came when NVIDIA’s GPU, which consists of a large amount of 
computing units that can operate in parallel to efficiently compute complex matrices and 
other calculations essential for AI model training, was repurposed, accelerating the training 
speed by many orders of magnitude. TensorFlow’s release by Google in 2015 enabled 
CUDA-accelerated tensor multiplication (Abadi et al. 2016). In addition to the success of 
hardware advancements, increasingly capable CNNs were developed. The You Only Look 
Once (YOLO) model was proposed by Redmon et al. (2016) for object detection. Unlike 
traditional detection methods of region proposal followed by classification, YOLO reframed 
object detection as a single regression problem, reaching real-time performance with high 
accuracy. Starting from these models, transfer learning is often applied so that models with 
pretrained weights from large-scale datasets can be trained with a much smaller dataset. 
 
Furthermore, the availability of open-source vision libraries, such as OpenCV, allows 
researchers to quickly implement well-known camera calibration algorithms where 
multiple cameras can be used jointly for 3D imaging. Zhang’s Camera Calibration Method 
acquires each camera’s intrinsic parameters and the relationships between the cameras 
(Zhang 2000). With these parameters, the same points from multiple camera views are 
merged into a single point in 3D space by triangulation; a 3D point can be mapped to any 
camera’s image by using these parameters (Carey et al. ??).   

 
• 1.2 The Problem: Challenges in Ping Pong Tracking  

The above technologies have been applied successfully for object tracking in other papers 
(Zhang et al. 2020; JRTIP 2025; Hu et al. 2010). However, tracking table tennis balls presents 
the following challenges: 1) High-Speed: the ball travels at extreme velocities; 2) Small size: 
it is a small object in a large vision field; 3) Spin: the ball's spin (topspin, backspin) affects its 
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trajectory, and its high rotation can cause motion blur: 4) Occlusion: frequent and abrupt 
occlusion by the players' bodies, paddles, and the net. 
 
• 1.3. Related Work  
There is some research on table tennis ball tracking, yet robust tracking in complex 
scenarios remains limited. The study by K. C. P. Wong and Laurence S. Dooley (2010) used 
color-segmentation thresholding techniques along with spatial and temporal evaluations to 
detect and track a table tennis ball for umpiring in table tennis. While some 
heuristics-based ball detection methods, which typically look for features such as ball 
shape, color, and rapid movement characteristics, perform well in controlled imaging 
conditions, they lack the generalizability and robustness of CNN models like YOLO, which 
use many layers of learned convolutional filters to detect objects with varied background 
conditions (Huang et al. 2015; Gomez-Gonzalez et al. 2016). In Zou Tianjian's (2024) study of 
table tennis ball tracking, he used the unique movement pattern of the ball and combined it 
with detection and discrimination methods to perform the tracking. This approach 
reportedly achieved certain success in terms of accuracy and robustness for different 
scenarios; however, there were many manually tuned empirical parameters, which made it 
difficult to translate to different use case scenarios. Furthermore, the system was 
computationally expensive, which resulted in slow processing speeds. Another study by 
Sebastian Gomez-Gonzalez et al. (2019) utilized multiple cameras to detect and track the 
trajectory of a table tennis ball in real time. It was intended to support a robot table tennis 
system. The proposed vision system uses semantic segmentation to return a pixelwise 
classification of object versus background by running a small convolutional unit. The 
authors use a simple algorithm to post-process the classification image: the point with the 
highest probability of being the target is found first, and its neighbors with probability 
scores above a certain threshold are also identified as part of the target. The object 
detection is fast and computationally efficient. However, the tradeoff for the high speed is 
that with training done on small segments of the images, it is more prone to false 
detections and will need information from more cameras to eliminate the impact of false 
positive detections. 
 
• 1.4. Our Contribution  
To address these problems, this study proposes a table tennis ball tracking vision system, 
which leverages YOLO11 oriented bounding box models and the open-source image 
processing library OpenCV for ball detection in images from multiple cameras (IEEE CP 
2025). The detected balls, in each time frame from multicamera views, are fused to form a 
3D point. To incorporate temporal information, Kalman filtering, a linear prediction 
algorithm first introduced by Rudolf E. Kálmán in 1960, which provides an estimation of a 
system’s state and uses past data to update this state, is applied on the series of detected 
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3D points, such that, in the absence of YOLO detections, the predicted value can be used 
for trajectory tracking (Welch 1997).  
 
• 1.5. Paper Structure  
Section 2 details our data acquisition and camera calibration method. Section 3 describes 
the detection and tracking models. Section 4 presents our experimental results, followed by 
a discussion in Section 5 and our conclusion in Section 6.   
 
2. Methodology: System and Data  

This project was developed using python 3.10.16 with the following key packages: ultralytics 
8.3.185, opencv-python 4.11.0.86, and shapely 2.1.1.  
 
• 2.1. Hardware and System Setup   
The data collection for this research was conducted at a local table tennis club with court 
use consent from the club manager. Four cameras with a resolution of 1280x720 pixels, 
running at 60 frames per second (FPS), were set up at each corner of the table. Two 
participants were given table tennis paddles and balls and stood on opposite sides of the 
table. Participants were allowed to move freely as long as they didn't step out of the 
cameras’ ranges. A 6x8 chessboard was also placed on the table for each camera to capture 
it before playing. Due to the table setup, the net on the table could not be removed; 
therefore, the chessboard view from cam1 and cam2 is partially occluded by the net. The 
setup is illustrated in Figure 1. 

 
Figure 1. A diagram showing the capture setup with camera, chessboard and player 
locations.  

 
• 2.2. Data Acquisition & Labeling  
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Recorded two sets of 5-minute videos from each camera. In total, 8 sets of videos were 
collected. The recorded videos were split into individual image files through frame 
extraction. Table 1 shows the details of the data sets generated. QuPath, an open-source 
software for image analysis, was used for generating the labels using oriented bounding 
boxes (Bankhead et al. 2017). 

 
Table 1. Table with details about the data sets used for training, interference and tracking.    
Data Set 
Name 

Number of 
images (from 
each camera) 

Image 
characteristics 

Usage 

Train_set 100 random Hand-labeled with 
oriented bounding box, 
used for YOLO model 
training. Randomly split 
into train-validate-test 
with ratio 7:2:1 

Inference_s
et 

25 random Hand-labeled with 
oriented bounding box, 
used for YOLO model 
detection validation 

Tracking_s
et 

200 consecutive Hand-labeled the center 
of the ball, used for 
tracking 
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• 2.3 Multi-Camera Calibration  
A precise spatial relationship between all cameras is essential for 3D reconstruction. 
Functions in OpenCV: findChessboardCorners and calibrateCamera were used to find 
intrinsic (focal length, principal point) and extrinsic (rotation, translation) parameters for 
each camera relative to a world coordinate system (e.g., a corner of the table). Standard 
planar patterns such as chessboard patterns with known dimensions are often used for the 
calculation of these parameters.  
However, findChessboardCorners is very sensitive to the quality and size of the chessboard. 
Since the chessboard used was drawn on cardboard, the function failed to detect the inner 
corners in the image. To resolve this, the inner-corner coordinates of the chessboard 
image were hand labeled using QuPath. Only three rows of inner corners were labeled to 
avoid using data occluded by the net. The coordinates were further adjusted to align more 
precisely using linear fitting. The adjusted coordinates were then used in the camera 
calibration algorithm to generate intrinsic, rotation, and translation matrices for each 
camera, with respect to one camera as the reference camera. The images from each 
camera with hand-labeled inner corners are shown in Figure 2. 

 

Camera 1​                 Camera 2​                Camera 3​                      Camera 4 

 
Figure 2. Hand-labeled inner-corner of the chessboard from different cameras.  
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3. Methodology: 3D Tracking Pipeline  

• 3.1. 2D Ball Detection: YOLO11-OBB  

The Ultralytics YOLO11m-OBB model with 20.9 million pretrained weights was used to 
perform transfer learning on the Train_set data. The Ultralytics YOLO models by default 
apply image augmentation techniques (e.g., mosaic, HSV adjustment, etc.) during training. A 
high-level graphical representation of the architecture of YOLO11 is shown in Figure 3. We 
chose the oriented bounding box model over a standard, axis-aligned one because it 
provided a tighter fit to the ball, which was often blurred into an ellipse due to high spin 
and velocity. The images and their labels in Train_set for each camera were randomly 
separated into three sets, training, validation, and testing, for training and validating of the 
YOLO11m-OBB model to detect table tennis balls. As a result, four models were obtained at 
the end. This training method is referred to as the one-fold method in the rest of the paper. 
Additionally, a five-fold-cross-validation method was used to obtain a single model by 
training with images from all four cameras. All images in Train_set were randomly split into 
five equal folds. Four of the folds were used to train the model, while the remaining fold 
was used to validate the training. This process iterates five times until each fold has been 
used to validate. Prior to training, the images needed to be resized to the model’s input 
dimensions. 

 
Figure 3. YOLO11 architecture adapted (Khanam and Hussain 2024).  

• 3.2. Model Validation  

After training, images from Inference_set, extracted from the same videos, were used to run 
inference with the trained model. The detected bounding box was compared with the 
human-labeled bounding box to determine the model’s performance. The models were evaluated 
using standard metrics such as Dice Score, Precision, Recall, F1-score, and Mean Average Precision 
(mAP), as shown in equations 1, 2, 3, 4, and 5. 

 𝐷𝑖𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 = 2×|𝐴∩𝐵|
( 𝐴| |+ 𝐵| |) ,  ⟦𝑤ℎ𝑒𝑟𝑒 𝐴| |𝑖𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎,  𝐵| |𝑖𝑠 𝑎𝑐𝑡𝑢𝑎𝑙 𝑎𝑟𝑒𝑎,  𝑎𝑛𝑑 𝐴∩𝐵| |𝑖𝑠 𝑡ℎ𝑒 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎. ⟧

Equation 1. Dice score quantifies the overlap between the predicted bounding box and the 
actual bounding box.  

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃+𝐹𝑃 ,  ⟦𝑤ℎ𝑒𝑟𝑒 𝑇𝑃 𝑖𝑠 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠,  𝐹𝑃 𝑖𝑠 𝑓𝑎𝑙𝑢𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠. ⟧



8 

Equation 2. Precision reflects model’s ability to identify correct objects, is the proportion of 
correct positive detection out of all detections by the model. 
 

 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃+𝐹𝑁 , ⟦𝑤ℎ𝑒𝑟𝑒 𝑇𝑃 𝑖𝑠 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠,  𝐹𝑃 𝑖𝑠 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠. ⟧

Equation 3: Recall reflects model’s ability to find all relevant objects, and it’s the fraction of 
true positives to all objects. 

 𝐹
1
 𝑠𝑐𝑜𝑟𝑒 = 2∙ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∙𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙

Equation 4: F1-score evacuates the accuracy of the model’s detection by combining 
precision and recall into a single value. It’s only high when both precision and recall are 
high. 

𝑚𝐴𝑃 = 1
𝑄 •

𝑞=1

𝑄

∑ 𝐴𝑃 𝑞( ),   ⟦𝑤ℎ𝑒𝑟𝑒 𝑄 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠𝑒𝑠,  𝑎𝑛𝑑 𝐴𝑃 𝑞( ) 𝑖𝑠 𝑡ℎ𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑓𝑜𝑟 𝑎 𝑠𝑝𝑒

Equation 5: Mean Average Precision is derived from precision and recall with a set 
counfidence threshold for IoU, and it’s calculated as the area under the precision-recall 
curve.  

• 3.3. 3D Position Triangulation  

The models trained from both one-fold and five-fold-cross-validation methods were used 
to detect the ball @ 0.25 confidence threshold in images originating from the four different 
cameras in Tracking_set. For each frame, if the ball was detected, the location of the ball 
(x,y) was calculated as the average of the bounding box coordinates along the x and y axes. 
Among the four images from different cameras captured at the same time, if more than 
two images contained detections, triangulation was run on each pair of images with 
detected balls to merge their detected 2D coordinates into a 3D position. The triangulation 
algorithm used the intrinsic, rotation, and translation matrices for each camera from the 
camera calibration algorithm. The results of these 3D positions were averaged as the final 
3D position of the detected ball. A 3D trajectory of the ball was obtained by concatenating 
the 3D positions over the consecutive frames, overlaying them on camera four.  

• 3.4. Temporal Smoothing: The Kalman Filter  

The raw triangulated 3D points contained noise from detection inaccuracies and 
calibration errors. Furthermore, occlusions created gaps in the data. To address these 
issues, a Kalman filter was adopted to filter out the detection noise and predict the ball 
location for missing detections. The state vector was defined assuming a constant velocity 
model since, most of the time, the ball was traveling at a constant velocity. The state model 
first predicted the ball’s next position, then a new 3D point from triangulation was used to 
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update the internal state. When no 3D point was measured (i.e., the ball was occluded), the 
filter's state was propagated using only the prediction step, allowing the system to 
maintain a valid track and reacquire the ball post-occlusion. 

4. Experiments and  Results 

• 4.1 2D Detection Performance 

We experimented with labeling the table tennis ball with a standard bounding box but 
found the detection result was poor, and using the OBB model with oriented bounding 
boxes yielded greater than 90% mAP.  We believe that when the ball is stretched and 
diagonal (with respect to the image axes), an axis-aligned box contains much more of the 
background than the oriented bounding box. Therefore, in such conditions, the 
axis-aligned bounding box model is trained with information mixed with ball and 
background and will require more training samples to reach the same F1 score as the OBB, 
which, on the other hand, is trained with just the ball information.  
With the five-fold-cross-validation method, the model was trained for 50 epochs in each 
fold, and the performances across epochs are displayed in Figure 4; all metrics reached 
asymptote with 50 epochs. The performance metrics are displayed in Figure 5. The same 
metrics for one-fold trained models are illustrated in Figure 6-10.  
The five-fold-cross-validation training method demonstrated strong performance. It 
achieved an F1 score of 0.94 at a confidence threshold of 0.266 and a mean Average 
Precision (mAP) of 0.976 at a 0.5 Intersection over Union (IoU) threshold. The model 
correctly identified and classified 64 balls with 5 false negative and 3 false positive 
detections. In comparison, the one-fold method resulted in varied models’ performance. 

 
Figure 4. Training and validation performance curves across epochs for model trained with 
five-fold-cross-validation: mean Average Precision averaged over IoU thresholds from 0.5 
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to 0.95(top-left), mean Average Precision averaged at IoU thresholds of 0.5(top-right), 
precision(bottom-left), and recall(bottom-right).  

  
Figure 5. Precision-Recall Curve(top-left), Recall-Confidence(top-middle), Precision-Recall 

Curve(top-right), F1-Confidence Curve(bottom-left), and Confusion Matrix(bottom-right) 
for model trained with five-fold-cross-validation method. 
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Figure 6. The Precision-Recall Curve for each camera model trained with one-fold method 
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Figure 7. The Precision-Confidence Curve for each camera model trained with one-fold 
method 

 
Figure 8. The Recall-Confidence Curve for each camera model trained with one-fold 
method 
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Figure 9. The F1-Confidence Curve for each camera model trained with one-fold method 

​
Figure 10. The Confusion Matrix for each camera model trained with one-fold method 
 
Example images of successful detection of clear shot, ball with motion blur, and partial 
occlusion are shown in Figure 11. 
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Figure 11: The images demonstrate success detections from images of clear view(left most), 
motion blur(middle), and partial occlusion(rightmost). 

4.2 Model Inference Result 

To evaluate the model’s performance, inference was ran on Inference_set to test the model 
trained with five-fold-cross-validation method; accuracy score and dice score were listed 
in Table 2.  
 
Table 2. Detection accuracy and dice score for five-fold cross-validation for inference.   

 Accuracy Score Dice Score 

Five-Fold-Cro
ss-Validation 

0.7200 0.7651 

 

• 4.3 Camera Calibration Result 

The reconstructed 3D coordinates of the chessboard inner-corners using the camera 
calibration result were converted to 2D coordinates and overlaid on camera four in Figure 
12 to validate the intrinsic, rotational, and translation matrix generated by the camera 
calibration algorithm. The reconstructed coordinates align very well with the chessboard 
inner-corners, showing the accuracy of the calibration results.  

  
Figure 12. Reconstructed chessboard inner-corner through camera calibration and 
triangulation algorithms on camera 4 image.   
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• 4.3 3D Tracking Performance 
Examples of detected ball locations and Kalman filter predicted ball locations are shown in 
Figure 13.The white circles are the trajectory points from the Kalman Filter prediction. 
Without applying the Kalman Filter, the trajectory would be jittery with gaps. 
The tracking performance is defined by the detection accuracy and tracking error. For each 
frame, the tracking error is calculated by finding the distance between the actual ball 
location, obtained from hand label, and the detected or predicted ball location. The 
detection accuracy comparison between the models trained by one-fold and 
five-fold-cross-validation methods is shown in Table 3. The maximum, minimum, mean, 
and RMS of the detection and prediction errors are calculated and listed in Table 4. The 
histograms of detection error and prediction error distribution are shown in Figure 14. 

 
Figure 13. Tracked trajectory with ten balls, Kalman Filter predicted balls are in white 
circles. the detected balls are in green circles.  
 
Table 3. Ball tracking performance comparison between models trained by one-fold and 
five-fold-cross-validation methods out of 200 consecutive frames in Tracking_set. 

 Detected Frames Total​ Frames Detection 
Accuracy 

One-fold 116 200 58% 

Five-Fold-Cro
ss-Validation 

135 200 67.5% 
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Table 4. Statistics of detection error for the model detected and Kalman filter predicted 
coordinates against actual ball coordinates in 200 consecutive 1280x720 frames in 
Tracking_set, using five-fold-cross-validation method trained model.   

 Maximum 
error  
(pixel) 

Minimum 
error (pixel) 

Mean error 
(pixel) 

RMS error 
(pixel) 

Detected (135 frames) 78.118 2.550 16.439 13.444 

Kalman filter 
Predicted (65 frames) 27.973 0.707 5.872 5.163 

Combined 78.118 0.707 8.759 9.529 

 

  
Figure 14. Histogram displaying the error distribution of the detection error for the model 
detected and Kalman filter predicted coordinates in 200 consecutive 1280x720 frames in 
Tracking_set, using five-fold-cross-validation trained model.   

5. Discussion 
5.1 Interpolation of Results 

The combination of a high-precision OBB detector (to get accurate 2D centers), a 
well-calibrated camera, and a robust temporal filter (to handle 3D noise) was key to 
tracking the fast-moving table tennis ball trajectory.  
Using the one-fold method to train the model from four cameras resulted in different 
model performance: models for cameras 1 and 4 have a better F1 score, precision, recall, 
mAP, and detection result, as shown in Figures 6-10. This could come from the different 
angles of each camera. Cameras 1 and 4 both have the better view with minimum 
occlusion, while cameras 2 and 3 both have more than half of the table blocked. It is also 
possible that due to the small training set, the training data for cameras 2 and 3 are more 
difficult compared to that of cameras 1 and 4.  
The five-fold-cross-validation method trained all four cameras' data into a single model, 
and all images were used in four iterations of the training, resulting in a better-performing 
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model compared to the one-fold training method with a single iteration on fewer training 
images.  
For camera calibration, we found that the reconstruction result was affected by the choice 
of reference camera. Since the images of the chessboard in cameras 1 and 2 are further 
away and behind the net, using cameras 1 and 2 as the reference led to poor results. So 
instead, the calibration used camera 4 as the reference frame.  
For the final tracking implementation, the five-fold-cross-validation-trained YOLO11-obb 
model was chosen for its superior performance on the testing.  
Due to the non-ideality of the camera calibration, the only reliable 3D position detection 
came from the triangulation result of cameras 1 and 4. Including all camera views led to 
degraded detection performance. Thus, for the final ball tracking, we only used the 3D 
position triangulated from cameras 1 and 4 and filled in the gaps with the Kalman filter 
predictions.   
 

5.2 Limitations 

The system's accuracy is highly dependent on the quality of the initial calibration. Tracking 
can still be lost during prolonged occlusions. The camera’s frame rate (FPS) is another 
limitation; performance could be improved with higher FPS, though with the tradeoff of 
increased computing power. In addition, the size of the training set is relatively small due 
to the time constraint. The training data size can be increased to achieve a better model 
performance.   

6. Conclusion and Future Work  
​6.1 Conclusion 

We have demonstrated a highly effective pipeline for 3D tracking of ping pong balls, 
combining the YOLO11-OBB detector with a Kalman filter for temporal consistency. Our 
results show a reliable tracking system that consistently tracks the movement of the table 
tennis ball in the field of view.  

​6.2 Future Work 

●​ Camera Calibration: the chessboard for camera calibration could be optimized in position 
and size. 

●​ AI modeling training on a stream of images: investigate the possibilities to incorporate 
temporal information in the AI model training for a more robust ball detection. 

●​ Spin Analysis: investigate a direct correlation between the OBB's orientation angle (θ) and the 
ball's physical spin, potentially enabling real-time spin-rate detection. 

●​ Player Tracking: integrate this ball-tracking pipeline with a 2D/3D pose estimation model to 
track player movements for full-game analysis. 
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●​ Speed optimization: run on NVIDIA GPU to fully leverage the speed advantage of YOLO11 
detector, further optimization for deployment on edge devices for on-site, low-latency 
analytics.  
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Title: 3D Trajectory Reconstruction of Table Tennis Balls Using a Multi-Camera 
YOLO11-OBB Pipeline with Kalman Filtering 

Final Recommendation: Accept with Minor Revisions 

This paper presents a well-structured and methodologically sound study on 3D 
trajectory reconstruction of table tennis balls using a multi-camera setup, 
YOLO11-OBB for detection, and Kalman filtering for temporal smoothing. The work is 
highly relevant to the fields of computer vision and sports analytics, demonstrating 
both technical rigor and practical applicability. The author has clearly articulated the 
problem, contextualized it within existing literature, and provided a comprehensive 
description of the methodology, experiments, and results. The use of oriented 
bounding boxes (OBB) for detecting elliptical ball images under motion blur is 
particularly innovative and well justified. The integration of Kalman filtering effectively 
addresses issues of noise and occlusion, resulting in a robust tracking pipeline. The 
paper is well-organized, and the writing is generally clear and professional and 
making a valuable contribution to the field. 

Review Feedback and Recommendations: 

The paper is logically structured in general, and most sections are easy to follow. The 
use of figures and tables to illustrate results, setup, and performance metrics is very 
helpful. However, to achieve the standard as an accepted Convergence Journal 
paper, some revisions are required: 

1.​ Clarify the Contribution in the Introduction (Section 1.4): 

While the contribution is stated, it could be more sharply differentiated from prior 
work. The author can briefly but explicitly summarize what specific gap in the related 
work (Section 1.3), such as adding some context for the combination of OBB for 
shape accuracy on a fast-spinning object with a Kalman filter in 3D space for 
occlusion handling. 

2.​ Expand on the Kalman Filter Implementation (Section 3.4): 

The description of the Kalman filter is currently quite high-level. To enhance 
reproducibility and depth, the author can add a brief mention of the state vector 
dimensions (e.g., [x, y, z, vx, vy, vz]) and the values chosen for the process and 
measurement noise covariance matrices, even if they were empirically tuned. This 
adds clarity to the "constant velocity model" assumption. 

3.​ Refine the Results and Discussion Sections: 

In Section 4.3, the detection accuracy is 67.5%. This is a good result given the 
challenges, but the discussion should briefly address the 32.5% of frames where 
detection failed. Were these primarily due to occlusion, motion blur, or other factors? 
A sentence or two analyzing the main causes of missed detections would strengthen 
the critical analysis. 

4.​ Revision for the Reference section: 



There are several areas in the reference part where accuracy, consistency, and 
relevance need to be improved to meet academic publication standards. The author 
should diligently search for the complete details of the incomplete or incorrectly 
formatted references (Carey et al., the 2025 papers). A standard citation style (e.g., 
APA, IEEE) is required to follow (Check the Convergence Journal submission 
guidelines) and apply it consistently to every reference. This includes the order of 
elements (Author, Year, Title, Journal/Conference, Volume, Issue, Pages, DOI) and 
the use of italics. 

5.​ Formatting: 

Some minor problems need to be improved, such as figure titles need be remain on 
the same pages, the figures need to be checked with higher resolution quality, and 
remain the same size. 

Keep the title on the same page as the figure: 

 

Remain the same size/higher resolution quality: 

 



Decision: Accept with major revisions (if lack of generalizability cannot be explained) or accept 
with minor revisions (if lack of generalizability can be explained well in the Discussion section) 
 
Overall, the paper is technically quite strong with a robust literature review, but I have some 
concerns about the generalizability of the model to other datasets (as seen by performance 
drops in Tables 2 and 3). I would recommend an "Accept with revisions" decision, leaning 
towards major revisions since the lack of generalizability is a big concern, but also if the authors 
add a satisfactory explanation to the Discussion I could be convinced it should be accepted 
without any new analyses. 
 
This paper presents an original computer vision approach to modeling the movement of physical 
objects in 3D space, and benefits from a very robust discussion of previous literature as well as 
discussion of tradeoffs between training/measurement strategies.Their tracking pipeline is well 
thought out and the use of a custom-trained YOLO11-OBB detector, and Kalman filtering is 
novel.  

My primary concern is that the authors highlight an impressive 97.6% mAP on the test split, but 
performance drops significantly on the on the inference set (72% detection accuracy, Table 2) 
and during 3D tracking (58–67% frame-level detection accuracy, Table 3).  

This suggests the model may be overfitted, the training set doesn’t generalize to other datasets, 
or perhaps the real-world video tracking may have blurring or resolution issues. The authors 
should explicitly address this performance drop in order to better show whether “this combined 
approach provides a robust and scalable solution for advanced ping pong analytics” (as they 
argue in their abstract).  

Furthermore, the discussion section is rather short and it would be helpful to expand on some of 
the initial discussion of the contributions of this paper that they set up in the Intro, as well as 



adding a section to discuss the performance drop and generalizability of the model. 



ީ￦

bǗƣɲڷtɑɽǗ￦ޫ￬￦tʦƣɨǗƽˀʋʦ̕￦bǗƽʋɾʭˀʦ˵ƽˀɑʋɾ￦ʋǪ￦tƣƼɲǗ￦tǗɾɾɑʭ￦￠ƣɲɲʭ￦{ʭɑɾȹ￦ƣ￦;˵ɲˀɑڷ￡ƣɽǗʦƣ￦�G0GީީڷG￠￠￦ީ￦

^ɑʢǗɲɑɾǗ￦̋ɑˀɌ￦-ƣɲɽƣɾ￦�ɑɲˀǗʦɑɾȹ￦￦￦ު￦

￦ޫ￦

￦ެ￦

ￇƼʭˀʦƣƽˀ￦ޭ￦

�ɾ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭپ￦ˀɌǗ￦ʭʢɑɾ￦ʋǪ￦ˀɌǗ￦Ƽƣɲɲ￦ɑʭ￦ƽʦ˵ƽɑƣɲ￦ˀʋ￦ˀɌǗ￦ȹƣɽǗ￦ƣɾǐ￦̕Ǘˀ￦Ɍƣʦǐ￦ˀʋ￦ʋƼʭǗʦ̊Ǘ￦ǗɑˀɌǗʦ￦ɑɾ￦ƽʋ˵ʦˀ￦ʋʦ￦ʋɾ￦ޮ￦

tڂ�￦ￇ￦̊ɑʭɑʋɾ￦ʭ̕ʭˀǗɽ￦ˀɌƣˀ￦ƽƣɾ￦ˀʦƣƽɭ￦ˀɌǗ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ʢʋʭɑˀɑʋɾ￦ɑʭ￦ˀɌǗ￦Ǫɑʦʭˀ￦ʭˀǗʢ￦ˀʋ̋ƣʦǐ￦ƣ￦ʭ̕ʭˀǗɽ￦ˀɌƣˀ￦ƽƣɾ￦ޯ￦

ˀʦƣƽɭ￦ˀɌǗ￦Ƽƣɲɲ￦̋ɑˀɌ￦ʭʢɑɾ￦ǐɑʦǗƽˀɑʋɾ￦ƣɾǐ￦ʭˀʦǗɾȹˀɌ￦ɑɾǪʋʦɽƣˀɑʋɾپ￦̋ɌɑƽɌ￦ƽƣɾ￦ƼǗ￦˵ʭǗǐ￦ˀʋ￦ǗɾɌƣɾƽǗ￦ˀɌǗ￦̊ɑǗ̋ɑɾȹ￦ް￦

Ǘ̔ʢǗʦɑǗɾƽǗڂ￦ￇƽƽ˵ʦƣˀǗپ￦ʦǗƣɲڷˀɑɽǗ￦ޫ￬￦ˀʦƣƽɭɑɾȹ￦ʋǪ￦ɌɑȹɌڷʭʢǗǗǐ￦ʢɑɾȹ￦ʢʋɾȹ￦Ƽƣɲɲʭ￦ɑʭ￦ǐɑǪǪɑƽ˵ɲˀ￦ǐ˵Ǘ￦ˀʋ￦ˀɌǗɑʦ￦̊Ǘɲʋƽɑˀ̕ޱ￦پ￦

ʭʢɑɾپ￦ƣɾǐ￦ǪʦǗʥ˵Ǘɾˀ￦ʋƽƽɲ˵ʭɑʋɾʭڂ￦�ɾ￦ˀɌɑʭ￦ʢƣʢǗʦپ￦̋Ǘ￦ʢʦǗʭǗɾˀ￦ƣ￦ƽʋɽʢɲǗˀǗ￦ʢɑʢǗɲɑɾǗ￦˵ˀɑɲɑ̞ɑɾȹ￦ƣ￦Ǫʋ˵ʦڷƽƣɽǗʦƣ￦ީި￦

ʭǗˀ˵ʢڂ￦�Ǘ￦Ǘɽʢɲʋ̕￦ƽɌǗʭʭƼʋƣʦǐڷƼƣʭǗǐ￦ƽƣɲɑƼʦƣˀɑʋɾ￦Ǫʋʦ￦ʢʦǗƽɑʭǗ￦ޫ￬￦ʭʢƣƽǗ￦ʦǗƽʋɾʭˀʦ˵ƽˀɑʋɾڂ￦￦ￇ￦ƽ˵ʭˀʋɽڷˀʦƣɑɾǗǐ￦ީީ￦

�G0GީީڷGʦɑǗɾˀǗǐ￦￠ʋ˵ɾǐɑɾȹ￦￠ʋ̔Ǘʭ￦۔G￠￠ە￦ɽʋǐǗɲ￦ǐǗˀǗƽˀʭ￦ˀɌǗ￦Ƽƣɲɲ￦ɑɾ￦ǗƣƽɌ￦ު￬￦ƽƣɽǗʦƣ￦ǪǗǗǐڂ￦tɌǗʭǗ￦ު￬￦ީު￦

ǐǗˀǗƽˀɑʋɾʭ￦ƣʦǗ￦ˀɌǗɾ￦ˀʦɑƣɾȹ˵ɲƣˀǗǐ￦ˀʋ￦ʦǗƽʋɾʭˀʦ˵ƽˀ￦ˀɌǗ￦Ƽƣɲɲ܅ʭ￦ޫ￬￦ʢʋʭɑˀɑʋɾڂ￦ￇ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ɑʭ￦ƣʢʢɲɑǗǐ￦ˀʋ￦ˀɌǗ￦ީޫ￦

ʦǗʭ˵ɲˀɑɾȹ￦ޫ￬￦ˀʦƣɨǗƽˀʋʦ̕￦ǐƣˀƣ￦ˀʋ￦ʭɽʋʋˀɌ￦ɾʋɑʭǗپ￦ʢʦǗǐɑƽˀ￦ʭˀƣˀǗپ￦ƣɾǐ￦ʦʋƼ˵ʭˀɲ̕￦ɌƣɾǐɲǗ￦ˀʦƣƽɭɑɾȹ￦ˀɌʦʋ˵ȹɌ￦ީެ￦

ʋƽƽɲ˵ʭɑʋɾʭڂ￦G˵ʦ￦ʭ̕ʭˀǗɽ￦ǐǗɽʋɾʭˀʦƣˀǗʭ￦ɌɑȹɌڷǪɑǐǗɲɑˀ̕￦ޫ￬￦ˀʦƣƽɭɑɾȹپ￦ʭɌʋ̋ɑɾȹ￦ʭɑȹɾɑǪɑƽƣɾˀ￦ɑɽʢʦʋ̊ǗɽǗɾˀ￦ɑɾ￦ީޭ￦

ˀʦƣɨǗƽˀʋʦ̕￦ʭɽʋʋˀɌɾǗʭʭ￦ƣɾǐ￦ƽʋɾʭɑʭˀǗɾƽ̕￦ǐ˵Ǘ￦ˀʋ￦ˀɌǗ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦڂ￦tɌǗ￦�G0GީީڷG￠￠￦ɽʋǐǗɲ￦ƣƽɌɑǗ̊Ǘʭ￦ࡍޮڂޯޱ￦ީޮ￦

ɽￇ^￦ʋɾ￦ʋ˵ʦ￦ˀǗʭˀ￦ǐƣˀƣʭǗˀڂ￦tɌɑʭ￦ƽʋɽƼɑɾǗǐ￦ƣʢʢʦʋƣƽɌ￦ʢʦʋ̊ɑǐǗʭ￦ƣ￦ʦʋƼ˵ʭˀ￦ƣɾǐ￦ʭƽƣɲƣƼɲǗ￦ʭʋɲ˵ˀɑʋɾ￦Ǫʋʦ￦ƣǐ̊ƣɾƽǗǐ￦ީޯ￦

ʢɑɾȹ￦ʢʋɾȹ￦ƣɾƣɲ̕ˀɑƽʭڂ￦￦ީް￦

-Ǘ̋̕ʋʦǐʭٴ￦￳ɲǗƽˀʦɑƽƣɲ￦￳ɾȹɑɾǗǗʦɑɾȹٱ￦ʭɑȹɾƣɲ￦ƣɾǐ￦ɑɽƣȹǗ￦ʢʦʋƽǗʭʭɑɾȹٱ￦ƽʋɽʢ˵ˀǗʦ￦̊ɑʭɑʋɾٱ￦ɽƣƽɌɑɾǗ￦ɲǗƣʦɾɑɾȹٱ￦ￇ�￦ީޱ￦

ɽʋǐǗɲٱ￦Ǫƣʭˀ￦ʋƼɨǗƽˀ￦ǐǗˀǗƽˀɑʋɾ￦ƣɾǐ￦ˀʦƣƽɭɑɾȹپ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭپ￦ˀʦƣɨǗƽˀʋʦ̕￦ˀʦƣƽɭɑɾȹپ￦ʭʢʋʦˀ￦ƣɾƣɲ̕ˀɑƽʭ￦￦ުި￦

￦ީު￦￦�ɾˀʦʋǐ˵ƽˀɑʋɾ￦ڂީ

￦ީީڂ￦;ʋˀɑ̊ƣˀɑʋɾ￦܊￦￠ƣƽɭȹʦʋ˵ɾǐ￦￦￦ުު￦

�ɾ￦ʦǗƽǗɾ ￦ˀ̕Ǘƣʦʭپ￦ƣǐ̊ƣɾƽǗɽǗɾˀʭ￦ɑɾ￦ƽʋɽʢ˵ˀǗʦ￦̊ɑʭɑʋɾ￦ƣɾǐ￦ɽʋˀɑʋɾ￦ʭǗɾʭɑɾȹ￦Ɍƣ̊Ǘ￦ƼǗǗɾ￦ƣʢʢɲɑǗǐ￦ɑɾ￦̊ƣʦɑʋ˵ʭ￦ުޫ￦

ʭʢʋʦˀʭڂ￦�ʋʦ￦Ǘ̔ƣɽʢɲǗپ￦̊ɑǐǗʋ￦ƣɾƣɲ̕ʭɑʭ￦Ǫʋʦ￦ˀǗɾɾɑʭ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ƣɾǐ￦ʭǗɾʭʋʦڷƼƣʭǗǐ￦ɑɾˀǗɲɲɑȹǗɾˀ￦�ɾǗʦˀɑƣɲ￦ުެ￦

;Ǘƣʭ˵ʦǗɽǗɾˀ￦{ɾɑˀ￦Ǫʋʦ￦ȹʋɲǪ￦ʭǗɲǪڷƽʋƣƽɌɑɾȹ￦۔bǗɾȊ￦Ǘˀ￦ƣɲٱޯީިު￦پڂ￦;tￇ￡Ɍ˵ɾپ￦iڂ￦Ǘˀ￦ƣɲڂەޭުިު￦پڂ￦tɌǗʦǗ￦ɑʭ￦ȹʦʋ̋ɑɾȹ￦ުޭ￦

ɑɾˀǗʦǗʭˀ￦ɑɾ￦ƣʢʢɲ̕ɑɾȹ￦ˀɌǗʭǗ￦ˀǗƽɌɾʋɲʋȹɑǗʭ￦ˀʋ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭپ￦ƣʭ￦ɑˀ￦ɑʭ￦̋Ǘɲɲ￦ƣɾˀɑƽɑʢƣˀǗǐ￦ˀɌƣˀ￦ɽʋˀɑʋɾ￦ǐƣˀƣ￦ʋɾ￦ˀɌǗ￦ުޮ￦

Ƽƣɲɲ￦ƣɾǐکʋʦ￦ʢɲƣ̕Ǘʦ￦ƽƣɾ￦ɑɽʢʦʋ̊Ǘ￦ˀɌǗ￦̊ɑǗ̋ɑɾȹ￦Ǘ̔ʢǗʦɑǗɾƽǗپ￦ʢʦʋ̊ɑǐǗ￦ǐƣˀƣڷƼƣƽɭǗǐ￦ˀƣƽˀɑƽƣɲ￦ƣɾƣɲ̕ʭɑʭپ￦ɑɽʢʦʋ̊Ǘ￦ުޯ￦

ˀʦƣɑɾɑɾȹ￦ǗǪǪɑƽɑǗɾƽ̕پ￦ƣɾǐ￦˵ɲˀɑɽƣˀǗɲ̕￦ƼǗɾǗǪɑˀ￦ˀɌǗ￦ƣˀɌɲǗˀǗ܅ʭ￦ƽʋɽʢǗˀɑˀɑʋɾ￦ʢǗʦǪʋʦɽƣɾƽǗڂ￦￠ƣɲɲ￦ˀʦƣƽɭɑɾȹ￦ɑʭ￦ƣɾ￦ުް￦

ǗʭʭǗɾˀɑƣɲ￦ǗɾƣƼɲɑɾȹ￦ˀǗƽɌɾʋɲʋȹ̕￦Ǫʋʦ￦ƣɲɲ￦ˀɌǗ￦ƣƼʋ̊Ǘ￦ɑɽʢʦʋ̊ǗɽǗɾˀʭޱު￦ڂ￦

￦ޫި￦

�ƣʦǐ̋ƣʦǗ￦ƣɾǐ￦ʭʋǪˀ̋ƣʦǗ￦ɑɽʢʦʋ̊ǗɽǗɾˀʭ￦ʋ̊Ǘʦ￦ˀɌǗ￦ʢƣʭˀ￦ǐǗƽƣǐǗ￦Ɍƣ̊Ǘ￦ɽƣǐǗ￦ɑˀ￦ʢʋʭʭɑƼɲǗ￦Ǫʋʦ￦ʭˀ˵ǐǗɾˀ￦ޫީ￦

ʦǗʭǗƣʦƽɌǗʦʭ￦ˀʋ￦ɑɽʢɲǗɽǗɾˀ￦ʭ˵ƽɌ￦ʭ̕ʭˀǗɽʭڂ￦￡ʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦<Ǘ˵ʦƣɲ￦<Ǘˀ̋ʋʦɭʭ￦پە>>￡۔￦ƣ￦ˀ̕ʢǗ￦ʋǪ￦ǐǗǗʢ￦ɲǗƣʦɾɑɾȹ￦ޫު￦

ɾǗ˵ʦƣɲ￦ɾǗˀ̋ʋʦɭ￦ƣʦƽɌɑˀǗƽˀ˵ʦǗپ￦ƣʦǗ￦ƽʋɽɽʋɾɲ̕￦˵ʭǗǐ￦Ǫʋʦ￦ʋƼɨǗƽˀ￦ƽɲƣʭʭɑǪɑƽƣˀɑʋɾ￦ƣɾǐ￦ǐǗˀǗƽˀɑʋɾڂ￦￦￡<<ʭ￦Ǘ̊ʋɲ̊Ǘǐ￦ޫޫ￦

Ǫʦʋɽ￦ￇʦˀɑǪɑƽɑƣɲ￦<Ǘ˵ʦƣɲ￦<Ǘˀ̋ʋʦɭʭ￦۔ￇ<<ە￦ƣɾǐ￦ʦǗƽǗɑ̊Ǘǐ￦ˀɌǗ￦ɾƣɽǗ￦￡ʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦<Ǘ˵ʦƣɲ￦<Ǘˀ̋ʋʦɭ￦̋ɌǗɾ￦ޫެ￦

�ƣɾɾ￦0Ǘ￡˵ɾ￦ʢʦʋʢʋʭǗǐ￦ƣ￦ƽʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦ʭˀʦ˵ƽˀ˵ʦǗ￦Ǫʋʦ￦Ɍƣɾǐ̋ʦɑˀˀǗɾ￦̞ɑʢ￦ƽʋǐǗ￦ʦǗƽʋȹɾɑˀɑʋɾ￦0۔Ǘڂەިޱޱީ￦پ￦ޫޭ￦
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ɲɑɽɑˀǗǐڂ￦tɌǗ￦ʭˀ˵ǐ̕￦Ƽ̕￦-ڂ^￦ڂ￡￦ڂ￦�ʋɾȹ￦ƣɾǐ￦0ƣ˵ʦǗɾƽǗ￦iڂ￦￬ʋʋɲǗ̕￦ەިީިު۔￦˵ʭǗǐ￦ƽʋɲʋʦڷʭǗȹɽǗɾˀƣˀɑʋɾ￦ˀɌʦǗʭɌʋɲǐɑɾȹ￦ޮް￦

ˀǗƽɌɾɑʥ˵Ǘʭ￦ƣɲʋɾȹ￦̋ɑˀɌ￦ʭʢƣˀɑƣɲ￦ƣɾǐ￦ˀǗɽʢʋʦƣɲ￦Ǘ̊ƣɲ˵ƣˀɑʋɾʭ￦ˀʋ￦ǐǗˀǗƽˀ￦ƣɾǐ￦ˀʦƣƽɭ￦ƣ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦Ǫʋʦ￦ޮޱ￦

˵ɽʢɑʦɑɾȹ￦ɑɾ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭڂ￦�ɌɑɲǗ￦ʭʋɽǗ￦ɌǗ˵ʦɑʭˀɑƽʭڷƼƣʭǗǐ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦ɽǗˀɌʋǐʭپ￦̋ɌɑƽɌ￦ˀ̕ʢɑƽƣɲɲ̕￦ɲʋʋɭ￦Ǫʋʦ￦ޯި￦

ǪǗƣˀ˵ʦǗʭ￦ʭ˵ƽɌ￦ƣʭ￦Ƽƣɲɲ￦ʭɌƣʢǗپ￦ƽʋɲʋʦپ￦ƣɾǐ￦ʦƣʢɑǐ￦ɽʋ̊ǗɽǗɾˀ￦ƽɌƣʦƣƽˀǗʦɑʭˀɑƽʭپ￦ʢǗʦǪʋʦɽ￦̋Ǘɲɲ￦ɑɾ￦ƽʋɾˀʦʋɲɲǗǐ￦ޯީ￦

ɑɽƣȹɑɾȹ￦ƽʋɾǐɑˀɑʋɾʭپ￦ˀɌǗ̕￦ɲƣƽɭ￦ˀɌǗ￦ȹǗɾǗʦƣɲɑ̞ƣƼɑɲɑˀ̕￦ƣɾǐ￦ʦʋƼ˵ʭˀɾǗʭʭ￦ʋǪ￦￡<<￦ɽʋǐǗɲʭ￦ɲɑɭǗ￦�G0Gپ￦̋ɌɑƽɌ￦˵ʭǗ￦ޯު￦

ɽƣɾ̕￦ɲƣ̕Ǘʦʭ￦ʋǪ￦ɲǗƣʦɾǗǐ￦ƽʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦ǪɑɲˀǗʦʭ￦ˀʋ￦ǐǗˀǗƽˀ￦ʋƼɨǗƽˀʭ￦̋ɑˀɌ￦̊ƣʦɑǗǐ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦ƽʋɾǐɑˀɑʋɾʭ￦۔�˵ƣɾȹ￦ޯޫ￦

Ǘˀ￦ƣɲٱޭީިު￦پڂ￦�ʋɽǗ̞ڷ�ʋɾ̞ƣɲǗ̞￦Ǘˀ￦ƣɲڂەޮީިު￦پڂ￦�ɾ￦¤ʋ˵￦tɑƣɾɨɑƣɾ￦Ǘˀ￦ƣɲ܅ڂʭ￦ەެުިު۔￦ʭˀ˵ǐ̕￦ʋǪ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ޯެ￦

ˀʦƣƽɭɑɾȹپ￦ɌǗ￦˵ʭǗǐ￦ˀɌǗ￦˵ɾɑʥ˵Ǘ￦ɽʋ̊ǗɽǗɾˀ￦ʢƣˀˀǗʦɾ￦ʋǪ￦ˀɌǗ￦Ƽƣɲɲ￦ƣɾǐ￦ƽʋɽƼɑɾǗǐ￦ɑˀ￦̋ɑˀɌ￦ǐǗˀǗƽˀɑʋɾ￦ƣɾǐ￦ޯޭ￦

ǐɑʭƽʦɑɽɑɾƣˀɑʋɾ￦ɽǗˀɌʋǐʭ￦ˀʋ￦ʢǗʦǪʋʦɽ￦ˀɌǗ￦ˀʦƣƽɭɑɾȹڂ￦tɌɑʭ￦ƣʢʢʦʋƣƽɌ￦ʦǗʢʋʦˀǗǐɲ̕￦ƣƽɌɑǗ̊Ǘǐ￦ƽǗʦˀƣɑɾ￦ʭ˵ƽƽǗʭʭ￦ɑɾ￦ޯޮ￦

ˀǗʦɽʭ￦ʋǪ￦ƣƽƽ˵ʦƣƽ̕￦ƣɾǐ￦ʦʋƼ˵ʭˀɾǗʭʭ￦Ǫʋʦ￦ǐɑǪǪǗʦǗɾˀ￦ʭƽǗɾƣʦɑʋʭٱ￦Ɍʋ̋Ǘ̊Ǘʦپ￦ˀɌǗʦǗ￦̋ǗʦǗ￦ɽƣɾ̕￦ɽƣɾ˵ƣɲɲ̕￦ˀ˵ɾǗǐ￦ޯޯ￦

Ǘɽʢɑʦɑƽƣɲ￦ʢƣʦƣɽǗˀǗʦʭپ￦̋ɌɑƽɌ￦ɽƣǐǗ￦ɑˀ￦ǐɑǪǪɑƽ˵ɲˀ￦ˀʋ￦ˀʦƣɾʭɲƣˀǗ￦ˀʋ￦ǐɑǪǪǗʦǗɾˀ￦˵ʭǗ￦ƽƣʭǗ￦ʭƽǗɾƣʦɑʋʭڂ￦�˵ʦˀɌǗʦɽʋʦǗپ￦ޯް￦

ˀɌǗ￦ʭ̕ʭˀǗɽ￦̋ƣʭ￦ƽʋɽʢ˵ˀƣˀɑʋɾƣɲɲ̕￦Ǘ̔ʢǗɾʭɑ̊Ǘپ￦̋ɌɑƽɌ￦ʦǗʭ˵ɲˀǗǐ￦ɑɾ￦ʭɲʋ̋￦ʢʦʋƽǗʭʭɑɾȹ￦ʭʢǗǗǐʭڂ￦ￇɾʋˀɌǗʦ￦ʭˀ˵ǐ̕￦Ƽ̕￦ޯޱ￦

iǗƼƣʭˀɑƣɾ￦�ʋɽǗ̞ڷ�ʋɾ̞ƣɲǗ̞￦Ǘˀ￦ƣɲەޱީިު۔￦ڂ￦˵ˀɑɲɑ̞Ǘǐ￦ɽ˵ɲˀɑʢɲǗ￦ƽƣɽǗʦƣʭ￦ˀʋ￦ǐǗˀǗƽˀ￦ƣɾǐ￦ˀʦƣƽɭ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕￦ʋǪ￦ƣ￦ްި￦

ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ɑɾ￦ʦǗƣɲ￦ˀɑɽǗڂ￦�ˀ￦̋ƣʭ￦ɑɾˀǗɾǐǗǐ￦ˀʋ￦ʭ˵ʢʢʋʦˀ￦ƣ￦ʦʋƼʋˀ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦ʭ̕ʭˀǗɽڂ￦tɌǗ￦ʢʦʋʢʋʭǗǐ￦̊ɑʭɑʋɾ￦ްީ￦



ޫ￦

ʭ̕ʭˀǗɽ￦˵ʭǗʭ￦ʭǗɽƣɾˀɑƽ￦ʭǗȹɽǗɾˀƣˀɑʋɾ￦ˀʋ￦ʦǗˀ˵ʦɾ￦ƣ￦ʢɑ̔Ǘɲ̋ɑʭǗ￦ƽɲƣʭʭɑǪɑƽƣˀɑʋɾ￦ʋǪ￦ʋƼɨǗƽˀ￦̊Ǘʦʭ˵ʭ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦Ƽ̕￦ްު￦

ʦ˵ɾɾɑɾȹ￦ƣ￦ʭɽƣɲɲ￦ƽʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦˵ɾɑˀڂ￦tɌǗ￦ƣ˵ˀɌʋʦʭ￦˵ʭǗ￦ƣ￦ʭɑɽʢɲǗ￦ƣɲȹʋʦɑˀɌɽ￦ˀʋ￦ʢʋʭˀڷʢʦʋƽǗʭʭ￦ˀɌǗ￦ƽɲƣʭʭɑǪɑƽƣˀɑʋɾ￦ްޫ￦

ɑɽƣȹǗٴ￦ˀɌǗ￦ʢʋɑɾˀ￦̋ɑˀɌ￦ˀɌǗ￦ɌɑȹɌǗʭˀ￦ʢʦʋƼƣƼɑɲɑˀ̕￦ʋǪ￦ƼǗɑɾȹ￦ˀɌǗ￦ˀƣʦȹǗˀ￦ɑʭ￦Ǫʋ˵ɾǐ￦Ǫɑʦʭˀپ￦ƣɾǐ￦ɑˀʭ￦ɾǗɑȹɌƼʋʦʭ￦̋ɑˀɌ￦ްެ￦

ʢʦʋƼƣƼɑɲɑˀ̕￦ʭƽʋʦǗʭ￦ƣƼʋ̊Ǘ￦ƣ￦ƽǗʦˀƣɑɾ￦ˀɌʦǗʭɌʋɲǐ￦ƣʦǗ￦ƣɲʭʋ￦ɑǐǗɾˀɑǪɑǗǐ￦ƣʭ￦ʢƣʦˀ￦ʋǪ￦ˀɌǗ￦ˀƣʦȹǗˀڂ￦tɌǗ￦ʋƼɨǗƽˀ￦ްޭ￦

ǐǗˀǗƽˀɑʋɾ￦ɑʭ￦Ǫƣʭˀ￦ƣɾǐ￦ƽʋɽʢ˵ˀƣˀɑʋɾƣɲɲ̕￦ǗǪǪɑƽɑǗɾˀڂ￦�ʋ̋Ǘ̊Ǘʦپ￦ˀɌǗ￦ˀʦƣǐǗʋǪǪ￦Ǫʋʦ￦ˀɌǗ￦ɌɑȹɌ￦ʭʢǗǗǐ￦ɑʭ￦ˀɌƣˀ￦̋ɑˀɌ￦ްޮ￦

ˀʦƣɑɾɑɾȹ￦ǐʋɾǗ￦ʋɾ￦ʭɽƣɲɲ￦ʭǗȹɽǗɾˀʭ￦ʋǪ￦ˀɌǗ￦ɑɽƣȹǗʭپ￦ɑˀ￦ɑʭ￦ɽʋʦǗ￦ʢʦʋɾǗ￦ˀʋ￦ǪƣɲʭǗ￦ǐǗˀǗƽˀɑʋɾʭ￦ƣɾǐ￦̋ɑɲɲ￦ɾǗǗǐ￦ްޯ￦

ɑɾǪʋʦɽƣˀɑʋɾ￦Ǫʦʋɽ￦ɽʋʦǗ￦ƽƣɽǗʦƣʭ￦ˀʋ￦ǗɲɑɽɑɾƣˀǗ￦ˀɌǗ￦ɑɽʢƣƽˀ￦ʋǪ￦ǪƣɲʭǗ￦ʢʋʭɑˀɑ̊Ǘ￦ǐǗˀǗƽˀɑʋɾʭڂ￦ްް￦

￦ީڂެڂ￦G˵ʦ￦￡ʋɾˀʦɑƼ˵ˀɑʋɾ￦￦ްޱ￦

tʋ￦ƣǐǐʦǗʭʭ￦ˀɌǗʭǗ￦ʢʦʋƼɲǗɽʭپ￦ˀɌɑʭ￦ʭˀ˵ǐ̕￦ʢʦʋʢʋʭǗʭ￦ƣ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ˀʦƣƽɭɑɾȹ￦̊ɑʭɑʋɾ￦ʭ̕ʭˀǗɽپ￦̋ɌɑƽɌ￦ިޱ￦

ɲǗ̊ǗʦƣȹǗʭ￦�G0Gީީ￦ʋʦɑǗɾˀǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔￦۔G￠￠ە￦ɽʋǐǗɲʭ￦ƣɾǐ￦ˀɌǗ￦ʋʢǗɾڷʭʋ˵ʦƽǗ￦ɑɽƣȹǗ￦ʢʦʋƽǗʭʭɑɾȹ￦ɲɑƼʦƣʦ̕￦ީޱ￦

GʢǗɾ￡�￦Ǫʋʦ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦ɑɾ￦ɑɽƣȹǗʭ￦Ǫʦʋɽ￦ɽ˵ɲˀɑʢɲǗ￦ƽƣɽǗʦƣʭ￦۔�￳￳￳￦￡^￡˵ɲɨƣɭ￦Ǘˀ￦ƣɲڂەޭުިު￦پڂ￦tɌǗ￦ǐǗˀǗƽˀǗǐ￦ުޱ￦

Ƽƣɲɲʭپ￦ɑɾ￦ǗƣƽɌ￦ˀɑɽǗ￦ǪʦƣɽǗ￦Ǫʦʋɽ￦ɽ˵ɲˀɑƽƣɽǗʦƣ￦̊ɑǗ̋ʭپ￦ƣʦǗ￦Ǫ˵ʭǗǐ￦ˀʋ￦Ǫʋʦɽ￦ƣ￦ޫ￬￦ʢʋɑɾˀڂ￦tʋ￦ɑɾƽʋʦʢʋʦƣˀǗ￦ˀǗɽʢʋʦƣɲ￦ޫޱ￦

ɑɾǪʋʦɽƣˀɑʋɾپ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦɑɾȹپ￦ƣ￦ɲɑɾǗƣʦ￦ʢʦǗǐɑƽˀɑʋɾ￦ƣɲȹʋʦɑˀɌɽ￦Ǫɑʦʭˀ￦ɑɾˀʦʋǐ˵ƽǗǐ￦Ƽ̕￦b˵ǐʋɲǪ￦ڂ￳￦-ħɲɽħɾ￦ɑɾ￦ީެޱ￦پިޮޱ￦

̋ɌɑƽɌ￦ʢʦʋ̊ɑǐǗʭ￦ƣɾ￦Ǘʭˀɑɽƣˀɑʋɾ￦ʋǪ￦ƣ￦ʭ̕ʭˀǗɽʭ￦ʭˀƣˀǗ￦ƣɾǐ￦˵ʭǗʭ￦ʢƣʭˀ￦ǐƣˀƣ￦ˀʋ￦˵ʢǐƣˀǗ￦ˀɌɑʭ￦ʭˀƣˀǗپ￦ɑʭ￦ƣʢʢɲɑǗǐ￦ʋɾ￦ޭޱ￦

ˀɌǗ￦ʭǗʦɑǗʭ￦ʋǪ￦ǐǗˀǗƽˀǗǐ￦ޫ￬￦ʢʋɑɾˀʭپ￦ʭ˵ƽɌ￦ˀɌƣˀپ￦ɑɾ￦ˀɌǗ￦ƣƼʭǗɾƽǗ￦ʋǪ￦�G0G￦ǐǗˀǗƽˀɑʋɾʭپ￦ˀɌǗ￦ʢʦǗǐɑƽˀǗǐ￦̊ƣɲ˵Ǘ￦ƽƣɾ￦ޮޱ￦

ƼǗ￦˵ʭǗǐ￦Ǫʋʦ￦ˀʦƣɨǗƽˀʋʦ̕￦ˀʦƣƽɭɑɾȹ￦۔�ǗɲƽɌڂەޯޱޱީ￦پ￦￡ʋɽʢƣʦǗǐ￦ˀʋ￦ˀɌǗ￦ɽʋǐǗɲʭ￦˵ʭǗǐ￦ɑɾ￦ʢʦǗ̊ɑʋ˵ʭ￦̋ʋʦɭʭپ￦ʋ˵ʦ￦ޯޱ￦

ƽɌʋɑƽǗ￦ʋǪ￦�G0GީީڷG￠￠￦ɽʋǐǗɲ￦ƼǗˀˀǗʦ￦ʭ˵ɑˀʭ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ʋǪ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲʭ￦ɑɾ￦ɽʋˀɑʋɾڂ￦￡ʋɾʭɑǐǗʦɑɾȹ￦ˀɌǗ￦ްޱ￦

ʭɌƣʢǗ￦ʋǪ￦ˀɌǗ￦ƽƣʢˀ˵ʦǗǐ￦Ƽƣɲɲ￦ɑʭ￦ʋǪˀǗɾ￦Ƽɲ˵ʦʦǗǐ￦ɑɾˀʋ￦ƣɾ￦ǗɲɲɑʢʭǗ￦̋ɑˀɌ￦̊ƣʦ̕ɑɾȹ￦ʋʦɑǗɾˀƣˀɑʋɾʭ￦ǐ˵Ǘ￦ˀʋ￦ɌɑȹɌ￦ʭʢǗǗǐ￦ޱޱ￦

ƣɾǐ￦ʭʢɑɾپ￦G￠￠￦Ǫɑˀʭ￦ˀɌǗ￦ƽʋɾˀʋ˵ʦ￦ɽʋʦǗ￦ʢʦǗƽɑʭǗɲ̕پ￦ɲǗƣǐɑɾȹ￦ˀ ʋ￦ƣ￦ƼǗˀˀǗʦƼǗˀˀǗʦ￦ǐǗˀǗƽˀɑʋɾڂ￦ￇǐǐɑˀɑʋɾƣɲɲ̕پ￦˵ɾɲɑɭǗ￦ީިި￦

ˀɌǗ￦ɌǗ˵ʦɑʭˀɑƽ￦ɽǗˀɌʋǐʭ￦ʋǪ￦ˀǗɽʢʋʦƣɲ￦ʭɽʋʋˀɌɑɾȹپ￦ˀɌǗ￦ƣʢʢɲɑƽƣˀɑʋɾ￦ʋǪ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦɑɾȹ￦ǗǪǪǗƽˀɑ̊Ǘɲ̕￦ީިީ￦

ƣʢʢʦʋ̔ɑɽƣˀǗʭ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕￦Ǘ̊Ǘɾ￦̋ɌǗɾ￦ˀɌǗ￦Ƽƣɲɲ￦ɑʭ￦ʋƽƽɲ˵ǐǗǐˀɌǗ￦ƣʢʢɲɑƽƣˀɑʋɾ￦ʋǪ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦɑɾȹ￦ǗǪǪǗƽˀɑ̊Ǘɲ̕￦ީިު￦

ˀʦƣƽɭʭ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕￦ƣˀ￦ˀɌǗ￦ʢʦǗʭǗɾƽǗ￦ʋǪ￦ʋƽƽɲ˵ʭɑʋɾ￦̋ɑˀɌʋ˵ˀ￦ɲʋʭɑɾȹ￦ȹǗɾǗʦƣɲɑ̞ƣˀɑʋɾپ￦ʭ˵ɑˀƣƼɲǗ￦Ǫʋʦ￦ƣ￦̋ɑǐǗ￦ʦƣɾȹǗ￦ީިޫ￦

ʋǪ￦ʭƽǗɾƣʦɑʋʭ￦ƣɾǐ￦Ƽƣƽɭȹʦʋ˵ɾǐʭڂ￦ީިެ￦

￦ީڂޭڂ￦^ƣʢǗʦ￦iˀʦ˵ƽˀ˵ʦǗ￦￦ީިޭ￦

iǗƽˀɑʋɾ￦ު￦ǐǗˀƣɑɲʭ￦ʋ˵ʦ￦ǐƣˀƣ￦ƣƽʥ˵ɑʭɑˀɑʋɾ￦ƣɾǐ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ɽǗˀɌʋǐڂ￦iǗƽˀɑʋɾ￦ޫ￦ǐǗʭƽʦɑƼǗʭ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ީިޮ￦

ƣɾǐ￦ˀʦƣƽɭɑɾȹ￦ɽʋǐǗɲʭڂ￦iǗƽˀɑʋɾ￦ެ￦ʢʦǗʭǗɾˀʭ￦ʋ˵ʦ￦Ǘ̔ʢǗʦɑɽǗɾˀƣɲ￦ʦǗʭ˵ɲˀʭپ￦Ǫʋɲɲʋ̋Ǘǐ￦Ƽ̕￦ƣ￦ǐɑʭƽ˵ʭʭɑʋɾ￦ɑɾ￦iǗƽˀɑʋɾ￦ޭ￦ީިޯ￦

ƣɾǐ￦ʋ˵ʦ￦ƽʋɾƽɲ˵ʭɑʋɾ￦ɑɾ￦iǗƽˀɑʋɾ￦ޮڂ￦￦￦ީިް￦

￦ޱިީ￦￦i̕ʭˀǗɽ￦ƣɾǐ￦￬ƣˀƣ￦ٴǗˀɌʋǐʋɲʋȹ̕;￦ڂު

tɌɑʭ￦ʢʦʋɨǗƽˀ￦̋ƣʭ￦ǐǗ̊ǗɲʋʢǗǐ￦˵ʭɑɾȹ￦ʢ̕ˀɌʋɾ￦ޫޮީڂިީڂ￦̋ɑˀɌ￦ˀɌǗ￦Ǫʋɲɲʋ̋ɑɾȹ￦ɭǗ̕￦ʢƣƽɭƣȹǗʭٴ￦˵ɲˀʦƣɲ̕ˀɑƽʭ￦ްپޭްީڂޫڂ￦ީީި￦

ʋʢǗɾƽ̊ڷʢ̕ˀɌʋɾ￦ެپޮްڂިڂީީڂ￦ƣɾǐ￦ʭɌƣʢǗɲ̕￦ުڂީڂީڂ￦￦ީީީ￦

￦ުڂީڂ￦�ƣʦǐ̋ƣʦǗ￦ƣɾǐ￦i̕ʭˀǗɽ￦iǗˀ˵ʢ￦￦￦ީީު￦



ެ￦

tɌǗ￦ǐƣˀƣ￦ƽʋɲɲǗƽˀɑʋɾ￦Ǫʋʦ￦ˀɌɑʭ￦ʦǗʭǗƣʦƽɌ￦̋ƣʭ￦ƽʋɾǐ˵ƽˀǗǐ￦ƣˀ￦ƣ￦ɲʋƽƣɲ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦ƽɲ˵Ƽ￦̋ɑˀɌ￦ƽʋ˵ʦˀ￦˵ʭǗ￦ƽʋɾʭǗɾˀ￦ީީޫ￦

Ǫʦʋɽ￦ˀɌǗ￦ƽɲ˵Ƽ￦ɽƣɾƣȹǗʦڂ￦�ʋ˵ʦ￦ƽƣɽǗʦƣʭ￦̋ɑˀɌ￦ƣ￦ʦǗʭʋɲ˵ˀɑʋɾ￦ʋǪ￦ީުްި̔ޯުި￦ʢɑ̔Ǘɲʭپ￦ʦ˵ɾɾɑɾȹ￦ƣˀ￦ޮި￦ǪʦƣɽǗʭ￦ʢǗʦ￦ީީެ￦

ʭǗƽʋɾǐ￦۔�^iپە￦̋ǗʦǗ￦ʭǗˀ￦˵ʢ￦ƣˀ￦ǗƣƽɌ￦ƽʋʦɾǗʦ￦ʋǪ￦ˀɌǗ￦ˀƣƼɲǗڂ￦t̋ʋ￦ʢƣʦˀɑƽɑʢƣɾˀʭ￦̋ǗʦǗ￦ȹɑ̊Ǘɾ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦ʢƣǐǐɲǗʭ￦ީީޭ￦

ƣɾǐ￦Ƽƣɲɲʭ￦ƣɾǐ￦ʭˀʋʋǐ￦ʋɾ￦ʋʢʢʋʭɑˀǗ￦ʭɑǐǗʭ￦ʋǪ￦ˀɌǗ￦ˀƣƼɲǗڂ￦^ƣʦˀɑƽɑʢƣɾˀʭ￦̋ǗʦǗ￦ƣɲɲʋ̋Ǘǐ￦ˀʋ￦ɽʋ̊Ǘ￦ǪʦǗǗɲ̕￦ƣʭ￦ɲʋɾȹ￦ƣʭ￦ީީޮ￦

ˀɌǗ̕￦ǐɑǐɾ܅ˀ￦ʭˀǗʢ￦ʋ˵ˀ￦ʋǪ￦ˀɌǗ￦ƽƣɽǗʦƣʭ￦ʦƣɾȹǗʭڂ￦ￇ￦ޮ̔ް￦ƽɌǗʭʭƼʋƣʦǐ￦̋ƣʭ￦ƣɲʭʋ￦ʢɲƣƽǗǐ￦ʋɾ￦ˀɌǗ￦ˀƣƼɲǗ￦Ǫʋʦ￦ǗƣƽɌ￦ީީޯ￦

ƽƣɽǗʦƣ￦ˀʋ￦ƽƣʢˀ˵ʦǗ￦ɑˀ￦ƼǗǪʋʦǗ￦ʢɲƣ̕ɑɾȹڂ￦￬˵Ǘ￦ˀʋ￦ˀɌǗ￦ˀƣƼɲǗ￦ʭǗˀ˵ʢپ￦ˀɌǗ￦ɾǗˀ￦ʋɾ￦ˀɌǗ￦ˀƣƼɲǗ￦ƽʋ˵ɲǐ￦ɾʋˀ￦ƼǗ￦ʦǗɽʋ̊Ǘǐٱ￦ީީް￦

ˀɌǗʦǗǪʋʦǗپ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦̊ɑǗ̋￦Ǫʦʋɽ￦ƽƣɽީ￦ƣɾǐ￦ƽƣɽު￦ɑʭ￦ʢƣʦˀɑƣɲɲ̕￦ʋƽƽɲ˵ǐǗǐ￦Ƽ̕￦ˀɌǗ￦ɾǗˀڂ￦tɌǗ￦ʭǗˀ˵ʢ￦ɑʭ￦ީީޱ￦

ɑɲɲ˵ʭˀʦƣˀǗǐ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީڂ￦ީުި￦

￦ީުީ￦

�ɑȹ˵ʦǗ￦ީڂ￦ￇ￦ǐɑƣȹʦƣɽ￦ʭɌʋ̋ɑɾȹ￦ˀɌǗ￦ƽƣʢˀ˵ʦǗ￦ʭǗˀ˵ʢ￦̋ɑˀɌ￦ƽƣɽǗʦƣپ￦ƽɌǗʭʭƼʋƣʦǐ￦ƣɾǐ￦ʢɲƣ̕Ǘʦ￦ɲʋƽƣˀɑʋɾʭڂ￦￦ީުު￦

￦ީުޫ￦

￦ުڂުڂ￦￬ƣˀƣ￦ￇƽʥ˵ɑʭɑˀɑʋɾ￦0￦܊ƣƼǗɲɑɾȹ￦￦ީުެ￦

￦ީުޭ￦

bǗƽʋʦǐǗǐ￦ˀ̋ʋ￦ʭǗˀʭ￦ʋǪ￦ޭڷɽɑɾ˵ˀǗ￦̊ɑǐǗʋʭ￦Ǫʦʋɽ￦ǗƣƽɌ￦ƽƣɽǗʦƣڂ￦�ɾ￦ˀʋˀƣɲپ￦ް￦ʭǗˀʭ￦ʋǪ￦̊ɑǐǗʋʭ￦̋ǗʦǗ￦ƽʋɲɲǗƽˀǗǐڂ￦tɌǗ￦ީުޮ￦

ʦǗƽʋʦǐǗǐ￦̊ɑǐǗʋʭ￦̋ǗʦǗ￦ʭʢɲɑˀ￦ɑɾˀʋ￦ɑɾǐɑ̊ɑǐ˵ƣɲ￦ɑɽƣȹǗ￦ǪɑɲǗʭ￦ˀɌʦʋ˵ȹɌ￦ǪʦƣɽǗ￦Ǘ̔ˀʦƣƽˀɑʋɾڂ￦tƣƼɲǗ￦ީ￦ʭɌʋ̋ʭ￦ˀɌǗ￦ީުޯ￦

ǐǗˀƣɑɲʭ￦ʋǪ￦ˀɌǗ￦ǐƣˀƣ￦ʭǗˀʭ￦ȹǗɾǗʦƣˀǗǐڂ￦a˵^ƣˀɌپ￦ƣɾ￦ʋʢǗɾڷʭʋ˵ʦƽǗ￦ʭʋǪˀ̋ƣʦǗ￦Ǫʋʦ￦ɑɽƣȹǗ￦ƣɾƣɲ̕ʭɑʭپ￦̋ƣʭ￦˵ʭǗǐ￦Ǫʋʦ￦ީުް￦

ȹǗɾǗʦƣˀɑɾȹ￦ˀɌǗ￦ɲƣƼǗɲʭ￦˵ʭɑɾȹ￦ʋʦɑǗɾˀǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔Ǘʭ￦۔￠ƣɾɭɌǗƣǐ￦Ǘˀ￦ƣɲޱުީ￦ڂەޯީިު￦پڂ￦

tƣƼɲǗ￦ީڂ￦tƣƼɲǗ￦̋ɑˀɌ￦ǐǗˀƣɑɲʭ￦ƣƼʋ˵ˀ￦ˀɌǗ￦ǐƣˀƣ￦ʭǗˀʭ￦˵ʭǗǐ￦Ǫʋʦ￦ˀʦƣɑɾɑɾȹپ￦ɑɾˀǗʦǪǗʦǗɾƽǗ￦ƣɾǐ￦ˀʦƣƽɭɑɾȹڂ￦￦￦￦ީޫި￦

￬ƣˀƣ￦iǗˀ￦

<ƣɽǗ￦

<˵ɽƼǗʦ￦ʋǪ￦

ɑɽƣȹǗʭ￦۔Ǫʦʋɽ￦

ǗƣƽɌ￦ƽƣɽǗʦƣە￦

�ɽƣȹǗ￦ƽɌƣʦƣƽˀǗʦɑʭˀɑƽʭ￦ {ʭƣȹǗ￦

tʦƣɑɾڕʭǗˀ￦ ީިި￦ ʦƣɾǐʋɽ￦ �ƣɾǐڷɲƣƼǗɲǗǐ￦̋ɑˀɌ￦ʋʦɑǗɾˀǗǐ￦

Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔پ￦˵ʭǗǐ￦Ǫʋʦ￦�G0G￦

ɽʋǐǗɲ￦ˀ ʦƣɑɾɑɾȹڂ￦bƣɾǐʋɽɲ̕￦

ʭʢɲɑˀ￦ɑɾˀʋ￦ˀʦƣɑɾ̊ڷƣɲɑǐƣˀǗڷˀǗʭˀ￦

̋ɑˀɌ￦ʦƣˀɑʋ￦ޯީٴުٴ￦

�ɾǪǗʦǗɾƽǗڕʭǗˀ￦ ުޭ￦ ʦƣɾǐʋɽ￦ �ƣɾǐڷɲƣƼǗɲǗǐ￦̋ɑˀɌ￦ʋʦɑǗɾˀǗǐ￦

Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔پ￦˵ʭǗǐ￦Ǫʋʦ￦�G0G￦

ɽʋǐǗɲ￦ǐǗˀǗƽˀɑʋɾ￦̊ƣɲɑǐƣˀɑʋɾ￦



ޭ￦

tʦƣƽɭɑɾȹڕʭǗˀ￦ ުިި￦ ƽʋɾʭǗƽ˵ˀɑ̊Ǘ￦ �ƣɾǐڷɲƣƼǗɲǗǐ￦ˀɌǗ￦ƽǗɾˀǗʦ￦ʋǪ￦

ˀɌǗ￦Ƽƣɲɲپ￦˵ʭǗǐ￦Ǫʋʦ￦ˀʦƣƽɭɑɾȹ￦

￦ީޫީ￦

￦ުޫڂ￦;˵ɲˀɑڷ￡ƣɽǗʦƣ￦￡ƣɲɑƼʦƣˀɑʋɾ￦￦ީޫު￦

ￇ￦ʢʦǗƽɑʭǗ￦ʭʢƣˀɑƣɲ￦ʦǗɲƣˀɑʋɾʭɌɑʢ￦ƼǗˀ̋ǗǗɾ￦ƣɲɲ￦ƽƣɽǗʦƣʭ￦ɑʭ￦ǗʭʭǗɾˀɑƣɲ￦Ǫʋʦ￦ޫ￬￦ʦǗƽʋɾʭˀʦ˵ƽˀɑʋɾڂ￦�˵ɾƽˀɑʋɾʭ￦ɑɾ￦ީޫޫ￦

GʢǗɾ￡ٴ�￦Ǫɑɾǐ￡ɌǗʭʭƼʋƣʦǐ￡ʋʦɾǗʦʭ￦ƣɾǐ￦ƽƣɲɑƼʦƣˀǗ￡ƣɽǗʦƣ￦̋ ǗʦǗ￦˵ʭǗǐ￦ˀʋ￦Ǫɑɾǐ￦ɑɾˀʦɑɾʭɑƽ￦۔Ǫʋƽƣɲ￦ɲǗɾȹˀɌپ￦ʢʦɑɾƽɑʢƣɲ￦ީޫެ￦

ʢʋɑɾˀە￦ƣɾǐ￦Ǘ̔ˀʦɑɾʭɑƽ￦۔ʦʋˀƣˀɑʋɾپ￦ˀʦƣɾʭɲƣˀɑʋɾە￦ʢƣʦƣɽǗˀǗʦʭ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ʦǗɲƣˀɑ̊Ǘ￦ˀʋ￦ƣ￦̋ʋʦɲǐ￦ƽʋʋʦǐɑɾƣˀǗ￦ީޫޭ￦

ʭ̕ʭˀǗɽ￦۔Ǘڂȹپڂ￦ƣ￦ƽʋʦɾǗʦ￦ʋǪ￦ˀɌǗ￦ˀƣƼɲǗڂە￦iˀƣɾǐƣʦǐ￦ʢɲƣɾƣʦ￦ʢƣˀˀǗʦɾʭ￦ʭ˵ƽɌ￦ƣʭ￦ƽɌǗʭʭƼʋƣʦǐ￦ʢƣˀˀǗʦɾʭ￦̋ɑˀɌ￦ɭɾʋ̋ɾ￦ީޫޮ￦

ǐɑɽǗɾʭɑʋɾʭ￦ƣʦǗ￦ʋǪˀǗɾ￦˵ʭǗǐ￦Ǫʋʦ￦ˀɌǗ￦ƽƣɲƽ˵ɲƣˀɑʋɾ￦ʋǪ￦ˀɌǗʭǗ￦ʢƣʦƣɽǗˀǗʦʭڂ￦￦ީޫޯ￦

�ʋ̋Ǘ̊Ǘʦپ￦Ǫɑɾǐ￡ɌǗʭʭƼʋƣʦǐ￡ʋʦɾǗʦʭ￦ɑʭ￦̊Ǘʦ̕￦ʭǗɾʭɑˀɑ̊Ǘ￦ˀʋ￦ˀɌǗ￦ʥ˵ƣɲɑˀ̕￦ƣɾǐ￦ʭɑ̞Ǘ￦ʋǪ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐڂ￦iɑɾƽǗ￦ˀɌǗ￦ީޫް￦

ƽɌǗʭʭƼʋƣʦǐ￦˵ʭǗǐ￦̋ƣʭ￦ǐʦƣ̋ɾ￦ʋɾ￦ƽƣʦǐƼʋƣʦǐپ￦ˀɌǗ￦Ǫ˵ɾƽˀɑʋɾ￦ǪƣɑɲǗǐ￦ˀʋ￦ǐǗˀǗƽˀ￦ˀɌǗ￦ɑɾɾǗʦ￦ƽʋʦɾǗʦʭ￦ɑɾ￦ˀɌǗ￦ɑɽƣȹǗޱޫީ￦ڂ￦

tʋ￦ʦǗʭʋɲ̊Ǘ￦ˀɌɑʭپ￦ˀɌǗ￦ɑɾɾǗʦڷƽʋʦɾǗʦ￦ƽʋʋʦǐɑɾƣˀǗʭ￦ʋǪ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦ɑɽƣȹǗ￦̋ǗʦǗ￦Ɍƣɾǐ￦ɲƣƼǗɲǗǐ￦˵ʭɑɾȹ￦a˵^ƣˀɌڂ￦ީެި￦

Gɾɲ̕￦ˀɌʦǗǗ￦ʦʋ̋ʭ￦ʋǪ￦ɑɾɾǗʦ￦ƽʋʦɾǗʦʭ￦̋ǗʦǗ￦ɲƣƼǗɲǗǐ￦ˀʋ￦ƣ̊ʋɑǐ￦˵ʭɑɾȹ￦ǐƣˀƣ￦ʋƽƽɲ˵ǐǗǐ￦Ƽ̕￦ˀɌǗ￦ɾǗˀڂ￦tɌǗ￦ƽʋʋʦǐɑɾƣˀǗʭ￦ީެީ￦

̋ǗʦǗ￦Ǫ˵ʦˀɌǗʦ￦ƣǐɨ˵ʭˀǗǐ￦ˀʋ￦ƣɲɑȹɾ￦ɽʋʦǗ￦ʢʦǗƽɑʭǗɲ̕￦˵ʭɑɾȹ￦ɲɑɾǗƣʦ￦Ǫɑˀˀɑɾȹڂ￦tɌǗ￦ƣǐɨ˵ʭˀǗǐ￦ƽʋʋʦǐɑɾƣˀǗʭ￦̋ǗʦǗ￦ˀɌǗɾ￦ީެު￦

˵ʭǗǐ￦ɑɾ￦ˀɌǗ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ƣɲȹʋʦɑˀɌɽ￦ˀʋ￦ȹǗɾǗʦƣˀǗ￦ɑɾˀʦɑɾʭɑƽپ￦ʦʋˀƣˀɑʋɾپ￦ƣɾǐ￦ˀʦƣɾʭɲƣˀɑʋɾ￦ɽƣˀʦɑƽǗʭ￦Ǫʋʦ￦ީެޫ￦

ǗƣƽɌ￦ƽƣɽǗʦƣپ￦̋ɑˀɌ￦ʦǗʭʢǗƽˀ￦ˀʋ￦ʋɾǗ￦ƽƣɽǗʦƣ￦ƣʭ￦ˀɌǗ￦ʦǗǪǗʦǗɾƽǗ￦ƽƣɽǗʦƣڂ￦tɌǗ￦ɑɽƣȹǗʭ￦Ǫʦʋɽ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦̋ɑˀɌ￦ީެެ￦

ɌƣɾǐڷɲƣƼǗɲǗǐ￦ɑɾɾǗʦ￦ƽʋʦɾǗʦʭ￦ƣʦǗ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ުڂ￦ީެޭ￦

￡ƣɽǗʦƣ￦ީ￦ ￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￡ƣɽǗʦƣ￦ު￦ ￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￡ƣɽǗʦƣ￦ޫ￦ ￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￦￡ƣɽǗʦƣ￦ެ￦ީެޮ￦

￦ީެޯ￦

�ɑȹ˵ʦǗ￦ުڂ￦�ƣɾǐڷɲƣƼǗɲǗǐ￦ɑɾɾǗʦڷƽʋʦɾǗʦ￦ʋǪ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦Ǫʦʋɽ￦ǐɑǪǪǗʦǗɾˀ￦ƽƣɽǗʦƣʭڂ￦￦ީެް￦

￦



ޮ￦

￦ޱެީ￦￦tʦƣƽɭɑɾȹ￦^ɑʢǗɲɑɾǗ￦￬ޫ￦ٴǗˀɌʋǐʋɲʋȹ̕;￦ڂޫ

￦ޫڂީڂ￦ު￬￦￠ƣɲɲ￦￬ǗˀǗƽˀɑʋɾٴ￦�G0GީީڷG￠￠￦￦ީޭި￦

tɌǗ￦{ɲˀʦƣɲ̕ˀɑƽʭ￦�G0GީީɽڷG￠￠￦ɽʋǐǗɲ￦̋ɑˀɌ￦ުިޱڂ￦ɽɑɲɲɑʋɾ￦ʢʦǗˀʦƣɑɾǗǐ￦̋ǗɑȹɌˀʭ￦̋ƣʭ￦˵ʭǗǐ￦ˀʋ￦ʢǗʦǪʋʦɽ￦ˀʦƣɾʭǪǗʦ￦ީޭީ￦

ɲǗƣʦɾɑɾȹ￦ʋɾ￦ˀɌǗ￦tʦƣɑɾڕʭǗˀ￦ǐƣˀƣڂ￦tɌǗ￦{ɲˀʦƣɲ̕ˀɑƽʭ￦�G0G￦ɽʋǐǗɲʭ￦Ƽ̕￦ǐǗǪƣ˵ɲˀ￦ƣʢʢɲ̕￦ɑɽƣȹǗ￦ƣ˵ȹɽǗɾˀƣˀɑʋɾ￦ީޭު￦

ˀǗƽɌɾɑʥ˵Ǘʭ￦۔Ǘڂȹپڂ￦ɽʋʭƣɑƽپ￦�i�￦ƣǐɨ˵ʭˀɽǗɾˀپ￦Ǘˀƽەڂ￦ǐ˵ʦɑɾȹ￦ˀ ʦƣɑɾɑɾȹڂ￦ￇ￦ɌɑȹɌڷɲǗ̊Ǘɲ￦ȹʦƣʢɌɑƽƣɲ￦ʦǗʢʦǗʭǗɾˀƣˀɑʋɾ￦ʋǪ￦ީޭޫ￦

ˀɌǗ￦ƣʦƽɌɑˀǗƽˀ˵ʦǗ￦ʋǪ￦�G0Gީީ￦ɑʭ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ޫڂ￦�Ǘ￦ƽɌʋʭǗ￦ˀɌǗ￦ʋʦɑǗɾˀǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔￦ɽʋǐǗɲ￦ʋ̊Ǘʦ￦ƣ￦ީޭެ￦

ʭˀƣɾǐƣʦǐپ￦ƣ̔ɑʭڷƣɲɑȹɾǗǐ￦ʋɾǗ￦ƼǗƽƣ˵ʭǗ￦ɑˀ￦ʢʦʋ̊ɑǐǗǐ￦ƣ￦ˀɑȹɌˀǗʦ￦Ǫɑˀ￦ˀʋ￦ˀɌǗ￦Ƽƣɲɲپ￦̋ɌɑƽɌ￦̋ƣʭ￦ʋǪˀǗɾ￦Ƽɲ˵ʦʦǗǐ￦ɑɾˀʋ￦ƣɾ￦ީޭޭ￦

ǗɲɲɑʢʭǗ￦ǐ˵Ǘ￦ˀʋ￦ɌɑȹɌ￦ʭʢɑɾ￦ƣɾǐ￦̊Ǘɲʋƽɑˀ̕ڂ￦tɌǗ￦ɑɽƣȹǗʭ￦ƣɾǐ￦ˀɌǗɑʦ￦ɲƣƼǗɲʭ￦ɑɾ￦tʦƣɑɾڕʭǗˀ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦̋ǗʦǗ￦ީޭޮ￦

ʦƣɾǐʋɽɲ̕￦ʭǗʢƣʦƣˀǗǐ￦ɑɾˀʋ￦ˀɌʦǗǗ￦ʭǗˀʭپ￦ˀʦƣɑɾɑɾȹپ￦̊ƣɲɑǐƣˀɑʋɾپ￦ƣɾǐ￦ˀǗʭˀɑɾȹپ￦Ǫʋʦ￦ˀʦƣɑɾɑɾȹ￦ƣɾǐ￦̊ƣɲɑǐƣˀɑɾȹ￦ʋǪ￦ˀɌǗ￦ީޭޯ￦

�G0GީީɽڷG￠￠￦ɽʋǐǗɲ￦ˀʋ￦ǐǗˀǗƽˀ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲʭڂ￦ￇʭ￦ƣ￦ʦǗʭ˵ɲˀپ￦Ǫʋ˵ʦ￦ɽʋǐǗɲʭ￦̋ǗʦǗ￦ʋƼˀƣɑɾǗǐ￦ƣˀ￦ˀɌǗ￦Ǘɾǐڂ￦ީޭް￦

tɌɑʭ￦ˀʦƣɑɾɑɾȹ￦ɽǗˀɌʋǐ￦ɑʭ￦ʦǗǪǗʦʦǗǐ￦ˀʋ￦ƣʭ￦ˀɌǗ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ɑɾ￦ˀɌǗ￦ʦǗʭˀ￦ʋǪ￦ˀɌǗ￦ʢƣʢǗʦڂ￦ￇǐǐɑˀɑʋɾƣɲɲ̕پ￦ƣ￦Ǫɑ̊Ǘޱޭީڷ￦

Ǫʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐ￦̋ƣʭ￦˵ʭǗǐ￦ˀʋ￦ʋƼˀƣɑɾ￦ƣ￦ʭɑɾȹɲǗ￦ɽʋǐǗɲ￦Ƽ̕￦ˀʦƣɑɾɑɾȹ￦̋ɑˀɌ￦ɑɽƣȹǗʭ￦Ǫʦʋɽ￦ƣɲɲ￦Ǫʋ˵ʦ￦ީޮި￦

ƽƣɽǗʦƣʭڂ￦ￇɲɲ￦ɑɽƣȹǗʭ￦ɑɾ￦tʦƣɑɾڕʭǗˀ￦̋ǗʦǗ￦ʦƣɾǐʋɽɲ̕￦ʭʢɲɑˀ￦ɑɾˀʋ￦Ǫɑ̊Ǘ￦Ǘʥ˵ƣɲ￦Ǫʋɲǐʭڂ￦�ʋ˵ʦ￦ʋǪ￦ˀɌǗ￦Ǫʋɲǐʭ￦̋ǗʦǗ￦˵ʭǗǐ￦ˀʋ￦ީޮީ￦

ˀʦƣɑɾ￦ˀɌǗ￦ɽʋǐǗɲپ￦̋ɌɑɲǗ￦ˀɌǗ￦ʦǗɽƣɑɾɑɾȹ￦Ǫʋɲǐ￦̋ƣʭ￦˵ʭǗǐ￦ˀʋ￦̊ƣɲɑǐƣˀǗ￦ˀɌǗ￦ˀʦƣɑɾɑɾȹڂ￦tɌɑʭ￦ʢʦʋƽǗʭʭ￦ɑˀǗʦƣˀǗʭ￦Ǫɑ̊Ǘ￦ީޮު￦

ˀɑɽǗʭ￦˵ɾˀɑɲ￦ǗƣƽɌ￦Ǫʋɲǐ￦Ɍƣʭ￦ƼǗǗɾ￦˵ʭǗǐ￦ˀʋ￦̊ƣɲɑǐƣˀǗڂ￦^ʦɑʋʦ￦ˀʋ￦ˀʦƣɑɾɑɾȹپ￦ˀɌǗ￦ɑɽƣȹǗʭ￦ɾǗǗǐǗǐ￦ˀʋ￦ƼǗ￦ʦǗʭɑ̞Ǘǐ￦ˀʋ￦ˀɌǗ￦ީޮޫ￦

ɽʋǐǗɲʭ￦ɑɾʢ˵ˀ￦ǐɑɽǗɾʭɑʋɾʭڂ￦ީޮެ￦

￦ީޮޭ￦

�ɑȹ˵ʦǗ￦ޫڂ￦�G0Gީީ￦ƣʦƽɌɑˀǗƽˀ˵ʦǗ￦ƣǐƣʢˀǗǐ￦۔-Ɍƣɾƣɽ￦ƣɾǐ￦�˵ʭʭƣɑɾڂەެުިު￦پ￦￦ީޮޮ￦

￦ޫڂުڂ￦;ʋǐǗɲ￦�ƣɲɑǐƣˀɑʋɾ￦￦ީޮޯ￦

After training, images from Inference_set, extracted from the same videos, were used to run inference ީޮް￦

with the trained model. The detected bounding box was compared with the human-labeled bounding ީޮޱ￦

box to determine the model’s performance. The models were evaluated using standard metrics such as ީޯި￦

Dice Score, Precision, Recall, F1-score, and Mean Average Precision (mAP), as shown in equations 1, 2, ީޯީ￦

3, 4, and 5. ީޯު￦

㨕㨴㨮㨰￦㨤㨮㨺㨽㨰 ᩛ ڶ ᦹ Ά㨒  㨓Ά
⑌Ά㨒Ά ᩟ Ά㨓Ά⑍ Ζ 㩂㨰㨽㨰￦Ά㨒Ά㨴㨾￦㨻㨽㨰㨯㨴㨮㨿㨴㨺㨹￦㨬㨽㨰㨬Ζ Ά㨓Ά㨴㨾￦㨬㨮㨿㩀㨬㨷￦㨬㨽㨰㨬Ζ㨬㨹㨯￦Ά㨒ީޯޫ￦

 㨓Ά㨴㨾￦㨿㨰￦㨴㨹㨿㨰㨽㨾㨰㨮㨿㨴㨺㨹￦㨬㨽㨰㨬Κ ީޯެ￦

Equation 1. Dice score quantifies the overlap between the predicted bounding box and the ީޯޭ￦

actual bounding box.  ީޯޮ￦

㨡㨽㨰㨮㨴㨾㨴㨺㨹 ᩛ 㨥㨡
㨥㨡 ᩟ 㨗㨡 Ζ㩂㨰㨽㨰￦㨥㨡￦㨴㨾￦㨿㨽㩀㨰￦㨻㨺㨾㨴㨿㨴㩁㨰￦㨯㨰㨿㨰㨮㨿㨴㨺㨹㨾Ζ 㨗㨡￦㨴㨾￦㨱㨬㨷㨾㨰￦㨻㨺㨾㨴㨿㨴㩁㨰￦㨯㨰㨿㨰㨮㨿㨴㨺㨹㨾Κ  ީޯޯ￦



ޯ￦

Equation 2. Precision reflects the model's ability to identify correct objects, is the proportion of ީޯް￦

correct positive detection out of all detections by the model. ީޯޱ￦

 ީްި￦

㨣㨰㨮㨬㨷㨷 ᩛ 㨥㨡
㨥㨡 ᩟ 㨗㨟 Ζ 㩂㨰㨽㨰￦㨥㨡￦㨴㨾￦㨿㨽㩀㨰￦㨻㨺㨾㨴㨿㨴㩁㨰￦㨯㨰㨿㨰㨮㨿㨴㨺㨹㨾Ζ 㨗㨡￦㨴㨾￦㨱㨬㨷㨾㨰￦㨹㨰㨲㨬㨿㨴㩁㨰￦㨯㨰㨿㨰㨮㨿㨴㨺㨹㨾Κ  ީްީ￦

Equation 3: Recall reflects the model's ability to find all relevant objects, and it’s the fraction of ީްު￦

true positives to all objects. ީްޫ￦

㨗ଵ ￦㨾㨮㨺㨽㨰 ᩛ ڶ  㨻㨽㨰㨮㨴㨾㨴㨺㨹  㨽㨰㨮㨬㨷㨷㨻㨽㨰㨮㨴㨾㨴㨺㨹 ᩟ 㨽㨰㨮㨬㨷㨷￦ީްެ￦

Equation 4: F1-score evacuates the accuracy of the model’s detection by combining precision ީްޭ￦

and recall into a single value. It’s only high when both precision and recall are high. ީްޮ￦

㨸㨒㨡 ᩛ ڵ
㨢 ෍
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Equation 5: Mean Average Precision is derived from precision and recall with a set confidence ީްޱ￦

threshold for IoU, and it’s calculated as the area under the precision-recall curve.  ީިޱ￦

￦ޫڂޫڂ￦ޫ￬￦^ʋʭɑˀɑʋɾ￦tʦɑƣɾȹ˵ɲƣˀɑʋɾ￦￦ީީޱ￦

tɌǗ￦ɽʋǐǗɲʭ￦ˀʦƣɑɾǗǐ￦Ǫʦʋɽ￦ƼʋˀɌ￦ʋɾǗڷǪʋɲǐ￦ƣɾǐ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐʭ￦̋ǗʦǗ￦˵ʭǗǐ￦ˀʋ￦ǐǗˀǗƽˀ￦ˀɌǗ￦ީުޱ￦

Ƽƣɲɲ￦۶￦ިޭުڂ￦ƽʋɾǪɑǐǗɾƽǗ￦ˀɌʦǗʭɌʋɲǐ￦ɑɾ￦ɑɽƣȹǗʭ￦ʋʦɑȹɑɾƣˀɑɾȹ￦Ǫʦʋɽ￦ˀɌǗ￦Ǫʋ˵ʦ￦ǐɑǪǪǗʦǗɾˀ￦ƽƣɽǗʦƣʭ￦ɑɾ￦tʦƣƽɭɑɾȹڕʭǗˀޫޱީ￦ڂ￦

�ʋʦ￦ǗƣƽɌ￦ǪʦƣɽǗپ￦ɑǪ￦ˀɌǗ￦Ƽƣɲɲ￦̋ƣʭ￦ǐǗˀǗƽˀǗǐپ￦ˀɌǗ￦ɲʋƽƣˀɑʋɾ￦ʋǪ￦ˀɌǗ￦Ƽƣɲɲ￦ە̕پ̔۔￦̋ƣʭ￦ƽƣɲƽ˵ɲƣˀǗǐ￦ƣʭ￦ˀɌǗ￦ƣ̊ǗʦƣȹǗ￦ʋǪ￦ީެޱ￦

ˀɌǗ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔￦ƽʋʋʦǐɑɾƣˀǗʭ￦ƣɲʋɾȹ￦ˀɌǗ￦̔￦ƣɾǐ￦̕￦ƣ̔Ǘʭڂ￦ￇɽʋɾȹ￦ˀɌǗ￦Ǫʋ˵ʦ￦ɑɽƣȹǗʭ￦Ǫʦʋɽ￦ǐɑǪǪǗʦǗɾˀ￦ƽƣɽǗʦƣʭ￦ީޭޱ￦

ƽƣʢˀ˵ʦǗǐ￦ƣˀ￦ˀɌǗ￦ʭƣɽǗ￦ˀɑɽǗپ￦ɑǪ￦ɽʋʦǗ￦ˀɌƣɾ￦ˀ̋ʋ￦ɑɽƣȹǗʭ￦ƽʋɾˀƣɑɾǗǐ￦ǐǗˀǗƽˀɑʋɾʭپ￦ˀʦɑƣɾȹ˵ɲƣˀɑʋɾ￦̋ƣʭ￦ʦ˵ɾ￦ʋɾ￦ީޮޱ￦

ǗƣƽɌ￦ʢƣɑʦ￦ʋǪ￦ɑɽƣȹǗʭ￦̋ɑˀɌ￦ǐǗˀǗƽˀǗǐ￦Ƽƣɲɲʭ￦ˀʋ￦ɽǗʦȹǗ￦ˀɌǗɑʦ￦ǐǗˀǗƽˀǗǐ￦ު￬￦ƽʋʋʦǐɑɾƣˀǗʭ￦ɑɾˀʋ￦ƣ￦ޫ￬￦ʢʋʭɑˀɑʋɾڂ￦tɌǗ￦ީޯޱ￦

ˀʦɑƣɾȹ˵ɲƣˀɑʋɾ￦ƣɲȹʋʦɑˀɌɽ￦˵ʭǗǐ￦ˀɌǗ￦ɑɾˀʦɑɾʭɑƽپ￦ʦʋˀƣˀɑʋɾپ￦ƣɾǐ￦ˀʦƣɾʭɲƣˀɑʋɾ￦ɽƣˀʦɑƽǗʭ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦Ǫʦʋɽ￦ˀɌǗ￦ީްޱ￦

ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ƣɲȹʋʦɑˀɌɽڂ￦tɌǗ￦ʦǗʭ˵ɲˀʭ￦ʋǪ￦ˀɌǗʭǗ￦ޫ￬￦ʢʋʭɑˀɑʋɾʭ￦̋ǗʦǗ￦ƣ̊ǗʦƣȹǗǐ￦ƣʭ￦ˀɌǗ￦Ǫɑɾƣɲ￦ޫ￬￦ʢʋʭɑˀɑʋɾ￦ީޱޱ￦

ʋǪ￦ˀɌǗ￦ǐǗˀǗƽˀǗǐ￦Ƽƣɲɲڂ￦ￇ￦ޫ￬￦ˀʦƣɨǗƽˀʋʦ̕￦ʋǪ￦ˀɌǗ￦Ƽƣɲɲ￦̋ƣʭ￦ʋƼˀƣɑɾǗǐ￦Ƽ̕￦ƽʋɾƽƣˀǗɾƣˀɑɾȹ￦ˀɌǗ￦ޫ￬￦ʢʋʭɑˀɑʋɾʭ￦ʋ̊Ǘʦ￦ˀɌǗ￦ުިި￦

ƽʋɾʭǗƽ˵ ɑˀ̊Ǘ￦ǪʦƣɽǗʭپ￦ʋ̊Ǘʦɲƣ̕ɑɾȹ￦ˀɌǗɽ￦ʋɾ￦ƽƣɽǗʦƣ￦Ǫʋ˵ʦڂ￦￦ުިީ￦

￦ޫڂެڂ￦tǗɽʢʋʦƣɲ￦iɽʋʋˀɌɑɾȹٴ￦tɌǗ￦-ƣɲɽƣɾ￦�ɑɲˀǗʦ￦￦ުިު￦

tɌǗ￦ʦƣ̋￦ˀʦɑƣɾȹ˵ɲƣˀǗǐ￦ޫ￬￦ʢʋɑɾˀʭ￦ƽʋɾˀƣɑɾǗǐ￦ɾʋɑʭǗ￦Ǫʦʋɽ￦ǐǗˀǗƽˀɑʋɾ￦ɑɾƣƽƽ˵ʦƣƽɑǗʭ￦ƣɾǐ￦ƽƣɲɑƼʦƣˀɑʋɾ￦Ǘʦʦʋʦʭڂ￦ުިޫ￦

�˵ʦˀɌǗʦɽʋʦǗپ￦ʋƽƽɲ˵ʭɑʋɾʭ￦ƽʦǗƣˀǗǐ￦ȹƣʢʭ￦ɑɾ￦ˀɌǗ￦ǐƣˀƣڂ￦tʋ￦ƣǐǐʦǗʭʭ￦ˀɌǗʭǗ￦ɑʭʭ˵Ǘʭپ￦ƣ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦̋ƣʭ￦ƣǐʋʢˀǗǐ￦ުިެ￦

ˀʋ￦ǪɑɲˀǗʦ￦ʋ˵ˀ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ɾʋɑʭǗ￦ƣɾǐ￦ʢʦǗǐɑƽˀ￦ˀɌǗ￦Ƽƣɲɲ￦ɲʋƽƣˀɑʋɾ￦Ǫʋʦ￦ɽɑʭʭɑɾȹ￦ǐǗˀǗƽˀɑʋɾʭڂ￦tɌǗ￦ʭˀƣˀǗ￦̊Ǘƽˀʋʦ￦ުިޭ￦

￦ޮިު￦ˀɌǗ￦Ƽƣɲɲ￦̋ƣʭ￦پɽʋʭˀ￦ʋǪ￦ˀɌǗ￦ˀɑɽǗ￦پƣʭ￦ǐǗǪɑɾǗǐ￦ƣʭʭ˵ɽɑɾȹ￦ƣ￦ƽʋɾʭˀƣɾˀ￦̊Ǘɲʋƽɑˀ̕￦ɽʋǐǗɲ￦ʭɑɾƽǗ̋￦ڥ̞̊پ̊̕پ̔̊پ̞پ̕پ̔ڥ

ˀʦƣ̊Ǘɲɑɾȹ￦ƣˀ￦ƣ￦ƽʋɾʭˀƣɾˀ￦̊Ǘɲʋƽɑˀ̕ڂ￦�Ǘ￦˵ʭǗǐ￦ʢʦʋƽǗʭʭ<ʋɑʭǗ￡ʋ̊۔aޫިڂި￦ࡅ￦ە￦ƣɾǐ￦ɽǗƣʭ˵ʦǗɽǗɾˀ<ʋɑʭǗ￡ʋ̊۔bࡅ￦ە￦ުިޯ￦

￦ްިު￦tɌǗ￦ʭˀƣˀǗ￦ڂɽƣɭɑɾȹ￦a￦ɲƣʦȹǗʦ￦ʭʋ￦ˀɌƣˀ￦ˀɌǗ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ʦǗʭʢʋɾǐʭ￦ǪƣʭˀǗʦ￦ˀʋ￦Ƽƣɲɲ￦ɽʋ̊ǗɽǗɾˀ￦ƽɌƣɾȹǗʭ￦پީިڂި

ɽʋǐǗɲ￦Ǫɑʦʭˀ￦ʢʦǗǐɑƽˀǗǐ￦ˀɌǗ￦Ƽƣɲɲʭ￦ɾǗ̔ˀ￦ʢʋʭɑˀɑʋɾپ￦ˀɌǗɾ￦ƣ￦ɾǗ̋￦ޫ￬￦ʢʋɑɾˀ￦Ǫʦʋɽ￦ˀʦɑƣɾȹ˵ɲƣˀɑʋɾ￦̋ƣʭ￦˵ʭǗǐ￦ˀʋ￦ުިޱ￦

˵ʢǐƣˀǗ￦ˀɌǗ￦ɑɾˀǗʦɾƣɲ￦ʭˀƣˀǗڂ￦�ɌǗɾ￦ɾʋ￦ޫ￬￦ʢʋɑɾˀ￦̋ƣʭ￦ɽǗƣʭ˵ʦǗǐ￦۔ɑڂǗپڂ￦ˀɌǗ￦Ƽƣɲɲ￦̋ƣʭ￦ʋƽƽɲ˵ǐǗǐپە￦ˀɌǗ￦ǪɑɲˀǗʦ܅ʭ￦ުީި￦



�

ʭˀƣˀǗ￦̋ƣʭ￦ʢʦʋʢƣȹƣˀǗǐ￦˵ʭɑɾȹ￦ʋɾɲ̕￦ˀɌǗ￦ʢʦǗǐɑƽˀɑʋɾ￦ʭˀǗʢپ￦ƣɲɲʋ̋ɑɾȹ￦ˀɌǗ￦ʭ̕ʭˀǗɽ￦ˀʋ￦ɽƣɑɾˀƣɑɾ￦ƣ￦̊ƣɲɑǐ￦ˀʦƣƽɭ￦ƣɾǐ￦ުީީ￦

ʦǗƣƽʥ˵ɑʦǗ￦ˀɌǗ￦Ƽƣɲɲ￦ʢʋʭˀڷʋƽƽɲ˵ʭɑʋɾڂ￦ުީު￦

￦ޫީު￦ʢǗʦɑɽǗɾˀʭ￦ƣɾǐ￦￦bǗʭ˵ɲˀʭ̔￳￦ڂެ

￦ެީڂ￦ު￬￦￬ǗˀǗƽˀɑʋɾ￦^ǗʦǪʋʦɽƣɾƽǗ￦ުީެ￦

�Ǘ￦Ǘ̔ʢǗʦɑɽǗɾˀǗǐ￦̋ɑˀɌ￦ɲƣƼǗɲɑɾȹ￦ˀɌǗ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦̋ɑˀɌ￦ƣ￦ʭˀƣɾǐƣʦǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔￦Ƽ˵ˀ￦Ǫʋ˵ɾǐ￦ˀɌǗ￦ުީޭ￦

ǐǗˀǗƽˀɑʋɾ￦ʦǗʭ˵ɲˀ￦̋ƣʭ￦ʢʋʋʦپ￦ƣɾǐ￦˵ʭɑɾȹ￦ˀɌǗ￦G￠￠￦ɽʋǐǗɲ￦̋ɑˀɌ￦ʋʦɑǗɾˀǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔Ǘʭ￦̕ɑǗɲǐǗǐ￦ȹʦǗƣˀǗʦ￦ˀɌƣɾ￦ުީޮ￦

￦ޯީު￦ƣɾ￦پەɑˀɌ￦ʦǗʭʢǗƽˀ￦ˀʋ￦ˀɌǗ￦ɑɽƣȹǗ￦ƣ̔Ǘʭ̋۔￦�Ǘ￦ƼǗɲɑǗ̊Ǘ￦ˀɌƣˀ￦̋ɌǗɾ￦ˀɌǗ￦Ƽƣɲɲ￦ɑʭ￦ʭˀʦǗˀƽɌǗǐ￦ƣɾǐ￦ǐɑƣȹʋɾƣɲ￦￦ڂ^ɽￇ￦ࡍިޱ

ƣ̔ɑʭڷƣɲɑȹɾǗǐ￦Ƽʋ̔￦ƽʋɾˀƣɑɾʭ￦ɽ˵ƽɌ￦ɽʋʦǗ￦ʋǪ￦ˀɌǗ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦ˀɌƣɾ￦ˀɌǗ￦ʋʦɑǗɾˀǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔ڂ￦tɌǗʦǗǪʋʦǗپ￦ɑɾ￦ުީް￦

ʭ˵ƽɌ￦ƽʋɾǐɑˀɑʋɾʭپ￦ˀɌǗ￦ƣ̔ɑʭڷƣɲɑȹɾǗǐ￦Ƽʋ˵ɾǐɑɾȹ￦Ƽʋ̔￦ɽʋǐǗɲ￦ɑʭ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ɑɾǪʋʦɽƣˀɑʋɾ￦ɽɑ̔Ǘǐ￦̋ɑˀɌ￦Ƽƣɲɲ￦ƣɾǐ￦ުީޱ￦

Ƽƣƽɭȹʦʋ˵ɾǐ￦ƣɾǐ￦̋ɑɲɲ￦ʦǗʥ˵ɑʦǗ￦ɽʋʦǗ￦ˀʦƣɑɾɑɾȹ￦ʭƣɽʢɲǗʭ￦ˀʋ￦ʦǗƣƽɌ￦ˀɌǗ￦ʭƣɽǗ￦�ީ￦ʭƽʋʦǗ￦ƣʭ￦ˀɌǗ￦G￠￠پ￦̋ɌɑƽɌپ￦ʋɾ￦ުުި￦

ˀɌǗ￦ʋˀɌǗʦ￦Ɍƣɾǐپ￦ɑʭ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ɨ˵ʭˀ￦ˀɌǗ￦Ƽƣɲɲ￦ɑɾǪʋʦɽƣˀɑʋɾڂ￦￦ުުީ￦

�ɑˀɌ￦ˀɌǗ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐپ￦ˀɌǗ￦ɽʋǐǗɲ￦̋ƣʭ￦ˀʦƣɑɾǗǐ￦Ǫʋʦ￦ޭި￦ǗʢʋƽɌʭ￦ɑɾ￦ǗƣƽɌ￦Ǫʋɲǐپ￦ƣɾǐ￦ˀɌǗ￦ުުު￦

ʢǗʦǪʋʦɽƣɾƽǗʭ￦ƣƽʦʋʭʭ￦ǗʢʋƽɌʭ￦ƣʦǗ￦ǐɑʭʢɲƣ̕Ǘǐ￦ɑɾ￦�ɑȹ˵ʦǗ￦ެٱ￦ƣɲɲ￦ɽǗˀʦɑƽʭ￦ʦǗƣƽɌǗǐ￦ƣʭ̕ɽʢˀʋˀǗ￦̋ɑˀɌ￦ޭި￦ǗʢʋƽɌʭڂ￦ުުޫ￦

tɌǗ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ɽǗˀʦɑƽʭ￦ƣʦǗ￦ǐɑʭʢɲƣ̕Ǘǐ￦ɑɾ￦�ɑȹ˵ʦǗ￦ޭڂ￦tɌǗ￦ʭƣɽǗ￦ɽǗˀʦɑƽʭ￦Ǫʋʦ￦ʋɾǗڷǪʋɲǐ￦ˀʦƣɑɾǗǐ￦ɽʋǐǗɲʭ￦ƣʦǗ￦ުުެ￦

ɑɲɲ˵ʭˀʦƣˀǗǐ￦ɑɾ￦�ɑȹ˵ʦǗ￦ޮڂިީڷ￦￦ުުޭ￦

tɌǗ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ˀʦƣɑɾɑɾȹ￦ɽǗˀɌʋǐ￦ǐǗɽʋɾʭˀʦƣˀǗǐ￦ʭˀʦʋɾȹ￦ʢǗʦǪʋʦɽƣɾƽǗڂ￦�ˀ￦ƣƽɌɑǗ̊Ǘǐ￦ƣɾ￦�ީ￦ުުޮ￦

ʭƽʋʦǗ￦ʋǪ￦ިެޱڂ￦ƣˀ￦ƣ￦ƽʋɾǪɑǐǗɾƽǗ￦ˀɌʦǗʭɌʋɲǐ￦ʋǪ￦ިޮޮުڂ￦ƣɾǐ￦ƣ￦ɽǗƣɾ￦ￇ̊ǗʦƣȹǗ￦^ʦǗƽɑʭɑʋɾ￦۔ɽￇ^ە￦ʋǪ￦ިޮޯޱڂ￦ƣˀ￦ƣ￦ިޭڂ￦ުުޯ￦

�ɾˀǗʦʭǗƽˀɑʋɾ￦ʋ̊Ǘʦ￦{ɾɑʋɾ￦۔�ʋ{ە￦ˀɌʦǗʭɌʋɲǐڂ￦tɌǗ￦ɽʋǐǗɲ￦ƽʋʦʦǗƽˀɲ̕￦ɑǐǗɾˀɑǪɑǗǐ￦ƣɾǐ￦ƽɲƣʭʭɑǪɑǗǐ￦ޮެ￦Ƽƣɲɲʭ￦̋ɑˀɌ￦ޭ￦ުުް￦

ǪƣɲʭǗ￦ɾǗȹƣˀɑ̊Ǘ￦ƣɾǐ￦ޫ￦ǪƣɲʭǗ￦ʢʋʭɑˀɑ̊Ǘ￦ǐǗˀǗƽˀɑʋɾʭڂ￦�ɾ￦ƽʋɽʢƣʦɑʭʋɾپ￦ˀɌǗ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ʦǗʭ˵ɲˀǗǐ￦ɑɾ￦̊ƣʦɑǗǐ￦ުުޱ￦

ɽʋǐǗɲʭ￦ʢǗʦǪʋʦɽƣɾƽǗڂ￦ުޫި￦

￦ުޫީ￦

￦ުޫު￦

�ɑȹ˵ʦǗ￦ެڂ￦tʦƣɑɾɑɾȹ￦ƣɾǐ￦̊ƣɲɑǐƣˀɑʋɾ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ƽ˵ʦ̊Ǘʭ￦ƣƽʦʋʭʭ￦ǗʢʋƽɌʭ￦Ǫʋʦ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦Ǫɑ̊ǗڷǪʋɲǐޫޫުڷ￦

ƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾٴ￦ɽǗƣɾ￦ￇ̊ǗʦƣȹǗ￦^ʦǗƽɑʭɑʋɾ￦ƣ̊ǗʦƣȹǗǐ￦ʋ̊Ǘʦ￦�ʋ{￦ˀɌʦǗʭɌʋɲǐʭ￦Ǫʦʋɽ￦ިޭڂ￦ˀʋ￦ި۔ޭޱڂˀʋʢڷɲǗǪˀپە￦ɽǗƣɾ￦ުޫެ￦

ￇ̊ǗʦƣȹǗ￦^ʦǗƽɑʭɑʋɾ￦ƣ̊ǗʦƣȹǗǐ￦ƣˀ￦�ʋ{￦ˀɌʦǗʭɌʋɲǐʭ￦ʋǪ￦ި۔ޭڂˀʋʢڷʦɑȹɌˀپە￦ʢʦǗƽɑʭɑʋɾ۔ƼʋˀˀʋɽڷɲǗǪˀپە￦ƣɾǐ￦ުޫޭ￦

ʦǗƽƣɲɲ۔ƼʋˀˀʋɽڷʦɑȹɌˀڂە￦￦ުޫޮ￦



￦ޱ

￦ ￦ުޫޯ￦

￦ުޫް￦

�ɑȹ˵ʦǗ￦ޭڂ￦^ʦǗƽɑʭɑʋɾڷbǗƽƣɲɲ￦￡˵ʦ̊Ǘ۔ˀʋʢڷɲǗǪˀپە￦bǗƽƣɲɲڷ￡ʋɾǪɑǐǗɾƽǗ۔ˀʋʢڷɽɑǐǐɲǗپە￦^ʦǗƽɑʭɑʋɾڷbǗƽƣɲɲ￦￡˵ʦ̊Ǘ۔ˀʋʢޱޫުڷ￦

ʦɑȹɌˀڷީ�￦پە￡ʋɾǪɑǐǗɾƽǗ￦￡˵ʦ̊Ǘ۔ƼʋˀˀʋɽڷɲǗǪˀپە￦ƣɾǐ￦￡ʋɾǪ˵ʭɑʋɾ￦;ƣˀʦɑ̔۔ƼʋˀˀʋɽڷʦɑȹɌˀە￦Ǫʋʦ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ުެި￦

Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐڂ￦ުެީ￦

￦￦ުެު￦

￦ުެޫ￦

�ɑȹ˵ʦǗ￦ޮڂ￦tɌǗ￦^ʦǗƽɑʭɑʋɾڷbǗƽƣɲɲ￦￡˵ʦ̊Ǘ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ުެެ￦

￦ުެޭ￦

ޮެ￦ ޫ￦

ޭ￦
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ީި￦

￦ުެޮ￦

�ɑȹ˵ʦǗ￦ޯڂ￦tɌǗ￦^ʦǗƽɑʭɑʋɾڷ￡ʋɾǪɑǐǗɾƽǗ￦￡˵ʦ̊Ǘ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ުެޯ￦

￦ުެް￦
�ɑȹ˵ʦǗ￦ްڂ￦tɌǗ￦bǗƽƣɲɲڷ￡ʋɾǪɑǐǗɾƽǗ￦￡˵ʦ̊Ǘ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ުެޱ￦



ީީ￦

￦ުޭި￦

�ɑȹ˵ʦǗ￦ڂޱ￦tɌǗ￦�ީڷ￡ʋɾǪɑǐǗɾƽǗ￦￡˵ʦ̊Ǘ￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ުޭީ￦

￦ުޭު￦
�ɑȹ˵ʦǗ￦ީިڂ￦tɌǗ￦￡ʋɾǪ˵ʭɑʋɾ￦;ƣˀʦɑ̔￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦̋ɑˀɌ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ުޭޫ￦

￳̔ƣɽʢɲǗ￦ɑɽƣȹǗʭ￦ʋǪ￦ʭ˵ƽƽǗʭʭǪ˵ɲ￦ǐǗˀǗƽˀɑʋɾ￦ʋǪ￦ƽɲǗƣʦ￦ʭɌʋˀپ￦Ƽƣɲɲ￦̋ɑˀɌ￦ɽʋˀɑʋɾ￦Ƽɲ˵ʦپ￦ƣɾǐ￦ʢƣʦˀɑƣɲ￦ʋƽƽɲ˵ʭɑʋɾ￦ƣʦǗ￦ުޭެ￦

ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީީڂ￦ުޭޭ￦

￦ުޭޮ￦

�ɑȹ˵ʦǗ￦ީީٴ￦tɌǗ￦ɑɽƣȹǗʭ￦ǐǗɽʋɾʭˀʦƣˀǗ￦ʭ˵ƽƽǗʭʭ￦ǐǗˀǗƽˀɑʋɾʭ￦Ǫʦʋɽ￦ɑɽƣȹǗʭ￦ʋǪ￦ƽɲǗƣʦ￦̊ɑǗ̋۔ɲǗǪˀ￦ɽʋʭˀپە￦ɽʋˀɑʋɾ￦ުޭޯ￦

Ƽɲ˵ʦ۔ɽɑǐǐɲǗپە￦ƣɾǐ￦ʢƣʦˀɑƣɲ￦ʋƽƽɲ˵ʭɑʋɾ۔ʦɑȹɌˀɽʋʭˀڂڂە￦￦￦￦￦￦ުޭް￦



ީު￦

￳̔ƣɽʢɲǗ￦ɑɽƣȹǗʭ￦ʋǪ￦ǪƣɑɲǗǐ￦ǐǗˀǗƽˀɑʋɾ￦ǐ˵Ǘ￦ˀʋ￦ʋƽƽɲ˵ʭɑʋɾ￦ƣɾǐ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦ɑɾˀǗʦǪǗʦǗɾƽǗ￦ƣʦǗ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ުޭޱ￦

￦ިޮު￦ڂުީ

￦ުޮީ￦

￦ުޮު￦

￦ުޮޫ￦

￦ުޮެ￦

￦ުޮޭ￦

￦ުޮޮ￦

￦ުޮޯ￦

￦ުޮް￦

�ɑȹ˵ʦǗ￦ީުٴ￦tɌǗ￦ɑɽƣȹǗʭ￦ǐǗɽʋɾʭˀʦƣˀǗ￦ǪƣɑɲǗǐ￦ǐǗˀǗƽˀɑʋɾ￦Ǫʦʋɽ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦ɑɾˀǗʦǪǗʦǗɾƽǗ۔ɲǗǪˀ￦ުޫە￦ƣɾǐ￦Ƽƣɲɲ￦ުޮޱ￦

ʋƽƽɲ˵ʭɑʋɾ۔ʦɑȹɌˀ￦ɽʋʭˀڂە￦tɌǗ￦ʦǗǐ￦ƣɾǐ￦Ƽɲƣƽɭ￦ɽƣʦɭʭ￦ɑɾǐɑƽƣˀǗ￦̋ɌǗʦǗ￦ˀɌǗ￦Ƽƣɲɲ￦ɑʭ￦ɑɾ￦ǗƣƽɌ￦ǪʦƣɽǗڂ￦￦ުޯި￦

￦￦￦￦￦￦ުޯީ￦

�ʋʦ￦tʦƣƽɭɑɾȹڕʭǗˀپ￦ˀɌǗ￦ƽʋɾǪɑǐǗɾƽǗڕˀɌʦǗʭɌʋɲǐ￦̋ƣʭ￦ʭǗˀ￦ˀʋ￦ިپޭުڂ￦ˀɌǗ￦ɾ˵ɽƼǗʦ￦ʋǪ￦ǪʦƣɽǗʭ￦̋ɑˀɌ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦ުޯު￦

Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ɑʭ￦ɲɑʭˀǗǐ￦ɑɾ￦tƣƼɲǗ￦ުڂ￦iɑɾƽǗ￦ˀɌǗ￦ޫڷ￬￦ʦǗƽʋɾʭˀʦ˵ƽˀɑʋɾ￦ɾǗǗǐʭ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦Ǫʦʋɽ￦ˀ̋ʋ￦ƽƣɽǗʦƣʭپ￦ުޯޫ￦

ˀɌǗ￦ɾ˵ɽƼǗʦ￦ʋǪ￦ǪʦƣɽǗʭ￦̋ɑˀɌ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦ɑɾ￦ɽʋʦǗ￦ˀɌƣɾ￦ˀ̋ʋ￦ƽƣɽǗʦƣʭ￦ƣɾǐ￦ˀɌƣˀ￦ɑɾ￦ƼʋˀɌ￦ƽƣɽǗʦƣ￦ެ￦ƣɾǐ￦ުޯެ￦

ƽƣɽǗʦƣ￦ީ￦ƣʦǗ￦ƣɲʭʋ￦ɲɑʭˀǗǐڂ￦�ɑˀɌ￦ިޭުڂ￦ƽʋɾǪɑǐǗɾƽǗ￦ˀɌʦǗʭɌʋɲǐپ￦ˀɌǗʦǗ￦̋ƣʭ￦ɾʋ￦ǪƣɲʭǗ￦ǐǗˀǗƽˀɑʋɾ￦ƣƽʦʋʭʭ￦ƣɲɲ￦ުޯޭ￦

ƽƣɽǗʦƣʭ0￦ڂʋ̋Ǘʦɑɾȹ￦ˀɌǗ￦ƽʋɾǪɑǐǗɾƽǗ￦ˀɌʦǗʭɌʋɲǐ￦ˀʋ￦ިީڂ￦̋ɑɲɲ￦ʦǗʭ˵ɲˀ￦ɑɾ￦ޭࡍ￦ɽʋʦǗ￦ǪʦƣɽǗʭ￦̋ɑˀɌ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾپ￦ުޯޮ￦

Ɍʋ̋Ǘ̊Ǘʦپ￦ˀɌǗʦǗ￦̋ɑɲɲ￦ƼǗ￦ƣ￦ިࡍޭڂ￦ƽɌƣɾƽǗ￦ʋǪ￦ǪƣɲʭǗ￦ǐǗˀǗƽˀɑʋɾڂ￦�ɑˀɌ￦ˀɌǗ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ɑɾ￦ˀɌǗ￦ʢɑʢǗɲɑɾǗ￦ˀʋ￦ުޯޯ￦

ǗǪǪǗƽˀɑ̊Ǘɲ̕￦Ǫɑɲɲڷɑɾ￦ˀɌǗ￦ɽɑʭʭǗǐ￦ʢʋɑɾˀʭ￦ɑɾ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕ޭުڂި￦پ￦ƽʋɾǪɑǐǗɾƽǗ￦ˀɌʦǗʭɌʋɲǐ￦̋ƣʭ￦˵ʭǗǐڂ￦￦ުޯް￦

￦ޱޯު￦

tƣƼɲǗ￦ުڂ￦<˵ɽƼǗʦ￦ʋǪ￦ǪʦƣɽǗʭ￦̋ɑˀɌ￦￠ƣɲɲ￦ǐǗˀǗƽˀɑʋɾٴ￦ǗƣƽɌ￦ƽƣɽǗʦƣپ￦ƼʋˀɌ￦ƽƣɽǗʦƣ￦ީ￦ƣɾǐ￦ƽƣɽǗʦƣ￦ެپ￦ƣɾǐ￦ɽʋʦǗ￦ުްި￦

ˀɌƣɾ￦ˀ̋ʋ￦ƽƣɽǗʦƣʭڂ￦ުްީ￦

￦ ￡ƣɽެ￦ ￡ƣɽީ￦ ￡ƣɽު￦ ￡ƣɽޫ￦ ￡ƣɽެ￦܊￦

ƽƣɽީ￦

;ʋʦǗ￦ˀɌƣɾ￦

ˀ̋ʋ￦

ƽƣɽǗʦƣʭ￦

<˵ɽƼǗʦ￦ʋǪ￦

ǪʦƣɽǗʭ￦

̋ɑˀɌ￦Ƽƣɲɲ￦

ǐǗˀǗƽˀɑʋɾ￦

ީޮް￦ ީޭް￦ ީޫޫ￦ ީޫް￦ ީޫޭ￦ ީޯޭ￦

tʋˀƣɲ￦

ɾ˵ɽƼǗʦ￦ʋǪ￦

ǪʦƣɽǗʭ￦

̋ɑˀɌ￦Ƽƣɲɲʭ￦

ɾʋˀ￦

ʋƽƽɲ˵ǐǗǐ￦

￦ިޱީ ުިި￦ ީޮީ￦ ީޮެ￦ ￦ￇک> ￦ￇک>

￬ǗˀǗƽˀɑʋɾ￦

bƣˀǗ￦

￦ࡍްް ￦ࡍޱޯ ￦ࡍޫް ￦ࡍެް ￦ ￦

￦ުްު￦

￠ƣɲɲ￦

￠ƣɲɲ￦



ީ

￦ޫްު￦ʋǐǗɲ￦�ɾǪǗʦǗɾƽǗ￦bǗʭ˵ɲˀ;￦ުڂެ

tʋ￦Ǘ̊ƣɲ˵ƣˀǗ￦ˀɌǗ￦ɽʋǐǗɲʭ￦ʢǗʦǪʋʦɽƣɾƽǗپ￦ɑɾǪǗʦǗɾƽǗ￦̋ƣʭ￦ʦƣɾʦ˵ɾ￦ʋɾ￦�ɾǪǗʦǗɾƽǗڕʭǗˀ￦ˀʋ￦ˀǗʭˀ￦ˀɌǗ￦ɽʋǐǗɲ￦ˀʦƣɑɾǗǐ￦ުްެ￦

̋ɑˀɌ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐڂ￦�ʋʦ￦ީިި￦ɑɽƣȹǗʭ￦ɑɾ￦�ɾǪǗʦǗɾƽǗڕʭǗˀپ￦ˀɌǗʦǗ￦̋ǗʦǗ￦ޯެ￦ˀʦ˵Ǘ￦ʢʋʭɑˀɑ̊Ǘ￦ުްޭ￦

ǐǗˀǗƽˀɑʋɾʭپ￦ޫ￦ǪƣɲʭǗ￦ʢʋʭɑˀɑ̊Ǘ￦ǐǗˀǗƽˀɑʋɾʭ￦ƣɾǐ￦ޯ￦ǪƣɲʭǗ￦ɾǗȹƣˀɑ̊Ǘ￦ǐǗˀǗƽˀɑʋɾʭٱڂ￦ƣƽƽ˵ʦƣƽ̕�ީ￦ʭƽʋʦǗ￦ƣɾǐ￦ǐɑƽǗ￦ʭƽʋʦǗ￦ުްޮ￦

̋ǗʦǗ￦ɲɑʭˀǗǐ￦ɑɾ￦tƣƼɲǗ￦ުڂ￦￦ުްޯ￦

tƣƼɲǗ￦ޫުڂ￦￬ǗˀǗƽˀɑʋɾ￦ƣƽƽ˵ʦƣƽ̕�ީ￦ƣɾǐ￦ǐɑƽǗ￦ʭƽʋʦǗ￦Ǫʋʦ￦Ǫɑ̊ǗڷǪʋɲǐ￦ƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦Ǫʋʦ￦ɑɾǪǗʦǗɾƽǗڂ￦￦￦ުްް￦

￦ �ީￇƽƽ˵ʦƣƽ̕￦iƽʋʦǗ￦ ￬ɑƽǗ￦iƽʋʦǗ￦

�ɑ̊Ǘڷ�ʋɲǐڷ￡ʦʋʭʭڷ

�ƣɲɑǐƣˀɑʋɾ￦

￦ިިުޯޯޮޫޱڂި ￦ީޭޮޯڂި

￦ޱްު￦

￦ެޫڂ￦￡ƣɽǗʦƣ￦￡ƣɲɑƼʦƣˀɑʋɾ￦bǗʭ˵ɲˀ￦ުިޱ￦

tɌǗ￦ʦǗƽʋɾʭˀʦ˵ƽˀǗǐ￦ޫ￬￦ƽʋʋʦǐɑɾƣˀǗʭ￦ʋǪ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦ɑɾɾǗʦڷƽʋʦɾǗʦʭ￦˵ʭɑɾȹ￦ˀɌǗ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ʦǗʭ˵ɲˀ￦ުީޱ￦

̋ǗʦǗ￦ƽʋɾ̊ǗʦˀǗǐ￦ˀʋ￦ު￬￦ƽʋʋʦǐɑɾƣˀǗʭ￦ƣɾǐ￦ʋ̊Ǘʦɲƣɑǐ￦ʋɾ￦ƽƣɽǗʦƣ￦Ǫʋ˵ʦ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީޫު￦ˀʋ￦̊ƣɲɑǐƣˀǗ￦ˀɌǗ￦ɑɾˀʦɑɾʭɑƽުޱު￦پ￦

ʦʋˀƣˀɑʋɾƣɲپ￦ƣɾǐ￦ˀʦƣɾʭɲƣˀɑʋɾ￦ɽƣˀʦɑ̔￦ȹǗɾǗʦƣˀǗǐ￦Ƽ̕￦ˀɌǗ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ƣɲȹʋʦɑˀɌɽڂ￦tɌǗ￦ʦǗƽʋɾʭˀʦ˵ƽˀǗǐ￦ުޫޱ￦

ƽʋʋʦǐɑɾƣˀǗʭ￦ƣɲɑȹɾ￦̊Ǘʦ̕￦̋Ǘɲɲ￦̋ɑˀɌ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦ɑɾɾǗʦڷƽʋʦɾǗʦʭپ￦ʭɌʋ̋ɑɾȹ￦ˀɌǗ￦ƣƽƽ˵ʦƣƽ̕￦ʋǪ￦ˀɌǗ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ުެޱ￦

ʦǗʭ˵ɲˀʭޭޱު￦￦ڂ￦

￦ޮޱު￦￦
�ɑȹ˵ʦǗ￦ީޫުڂ￦bǗƽʋɾʭˀʦ˵ƽˀǗǐ￦ƽɌǗʭʭƼʋƣʦǐ￦ɑɾɾǗʦڷƽʋʦɾǗʦ￦ˀɌʦʋ˵ȹɌ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾ￦ƣɾǐ￦ˀʦɑƣɾȹ˵ɲƣˀɑʋɾ￦ުޯޱ￦

ƣɲȹʋʦɑˀɌɽʭ￦ʋɾ￦ƽƣɽǗʦƣ￦ެ￦ɑɽƣȹǗްޱު￦￦￦ڂ￦

￦ޱޱު￦

￦ެޫޫڂ￦ޫ￬￦tʦƣƽɭɑɾȹ￦^ǗʦǪʋʦɽƣɾƽǗ￦ޫިި￦

￳̔ƣɽʢɲǗʭ￦ʋǪ￦ǐǗˀǗƽˀǗǐ￦Ƽƣɲɲ￦ɲʋƽƣˀɑʋɾʭ￦ƣɾǐ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ʢʦǗǐɑƽˀǗǐ￦Ƽƣɲɲ￦ɲʋƽƣˀɑʋɾʭ￦ƣʦǗ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީެޫڂ￦ޫިީ￦

tɌǗ￦̋ɌɑˀǗ￦ƽɑʦƽɲǗʭ￦ƣʦǗ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕￦ʢʋɑɾˀʭ￦Ǫʦʋɽ￦ˀɌǗ￦-ƣɲɽƣɾ￦�ɑɲˀǗʦ￦ʢʦǗǐɑƽˀɑʋɾڂ￦�ɑˀɌʋ˵ˀ￦ƣʢʢɲ̕ɑɾȹ￦ˀɌǗ￦ޫިު￦

-ƣɲɽƣɾ￦�ɑɲˀǗʦپ￦ˀɌǗ￦ˀʦƣɨǗƽˀʋʦ̕￦̋ʋ˵ɲǐ￦ƼǗ￦ɨɑˀˀǗʦ̕￦̋ɑˀɌ￦ȹƣʢʭڂ￦ޫިޫ￦

tɌǗ￦ˀʦƣƽɭɑɾȹ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ɑʭ￦ǐǗǪɑɾǗǐ￦Ƽ̕￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ƣƽƽ˵ʦƣƽ̕￦ƣɾǐ￦ˀʦƣƽɭɑɾȹ￦Ǘʦʦʋʦڂ￦�ʋʦ￦ǗƣƽɌ￦ǪʦƣɽǗپ￦ˀɌǗ￦ޫިެ￦

ˀʦƣƽɭɑɾȹ￦Ǘʦʦʋʦ￦ɑʭ￦ƽƣɲƽ˵ɲƣˀǗǐ￦Ƽ̕￦Ǫɑɾǐɑɾȹ￦ˀɌǗ￦ǐɑʭˀƣɾƽǗ￦ƼǗˀ̋ǗǗɾ￦ˀɌǗ￦ƣƽˀ˵ƣɲ￦Ƽƣɲɲ￦ɲʋƽƣˀɑʋɾپ￦ʋƼˀƣɑɾǗǐ￦Ǫʦʋɽ￦Ɍƣɾǐ￦ޫިޭ￦

ɲƣƼǗɲپ￦ƣɾǐ￦ˀɌǗ￦ǐǗˀǗƽˀǗǐ￦ʋʦ￦ʢʦǗǐɑƽˀǗǐ￦Ƽƣɲɲ￦ɲʋƽƣˀɑʋɾڂ￦tɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ƣƽƽ˵ʦƣƽ̕￦ƽʋɽʢƣʦɑʭʋɾ￦ƼǗˀ̋ǗǗɾ￦ˀɌǗ￦ޫިޮ￦

ɽʋǐǗɲʭ￦ˀʦƣɑɾǗǐ￦Ƽ̕￦ʋɾǗڷǪʋɲǐ￦ƣɾǐ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐʭ￦ɑʭ￦ʭɌʋ̋ɾ￦ɑɾ￦tƣƼɲǗ￦ޫڂ￦tɌǗ￦ɽƣ̔ɑɽ˵ɽپ￦ޫިޯ￦

ɽɑɾɑɽ˵ɽپ￦ɽǗƣɾپ￦ƣɾǐ￦b;i￦ʋǪ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ƣɾǐ￦ʢʦǗǐɑƽˀɑʋɾ￦Ǘʦʦʋʦʭ￦ƣʦǗ￦ƽƣɲƽ˵ɲƣˀǗǐ￦ƣɾǐ￦ɲɑʭˀǗǐ￦ɑɾ￦tƣƼɲǗ￦ެڂ￦ޫިް￦

tɌǗ￦Ɍɑʭˀʋȹʦƣɽʭ￦ʋǪ￦ǐǗˀǗƽˀɑʋɾ￦Ǘʦʦʋʦ￦ƣɾǐ￦ʢʦǗǐɑƽˀɑʋɾ￦Ǘʦʦʋʦ￦ǐɑʭˀʦɑƼ˵ˀɑʋɾ￦ƣʦǗ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީޭެޱިޫ￦ڂ￦



ީެ￦

￦ޫީި￦

�ɑȹ˵ʦǗ￦ީެޫڂ￦tʦƣƽɭǗǐ￦ˀʦƣɨǗƽˀʋʦ̕￦̋ɑˀɌ￦ˀǗɾ￦Ƽƣɲɲʭپ￦-ƣɲɽƣɾ￦�ɑɲˀǗʦ￦ʢʦǗǐɑƽˀǗǐ￦Ƽƣɲɲʭ￦ƣʦǗ￦ɑɾ￦̋ɌɑˀǗ￦ƽɑʦƽɲǗʭڂپ￦ˀɌǗ￦ޫީީ￦

ǐǗˀǗƽˀǗǐ￦Ƽƣɲɲʭ￦ƣʦǗ￦ɑɾ￦ȹʦǗǗɾ￦ƽɑʦƽɲǗʭڂ￦￦ޫީު￦

￦ޫީޫ￦

tƣƼɲǗ￦ެޫڂ￦￠ƣɲɲ￦ˀʦƣƽɭɑɾȹ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ƽʋɽʢƣʦɑʭʋɾ￦ƼǗˀ̋ǗǗɾ￦ɽʋǐǗɲʭ￦ˀʦƣɑɾǗǐ￦Ƽ̕￦ʋɾǗڷǪʋɲǐ￦ƣɾǐ￦Ǫɑ̊ǗڷǪʋɲǐެީޫڷ￦

ƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐʭ￦ʋ˵ˀ￦ʋǪ￦ުިި￦ƽʋɾʭǗƽ˵ˀɑ̊Ǘ￦ǪʦƣɽǗʭ￦ɑɾ￦tʦƣƽɭɑɾȹڕʭǗˀڂ￦ޫީޭ￦

￦ ￬ǗˀǗƽˀǗǐ￦�ʦƣɽǗʭ￦ tʋˀƣɲ￦ �ʦƣɽǗʭ￦ ￬ǗˀǗƽˀɑʋɾ￦ￇƽƽ˵ʦƣƽ̕￦

GɾǗڷǪʋɲǐ￦ ީީޮ￦ ުި ￦ި ￦ࡍްޭ

�ɑ̊Ǘڷ�ʋɲǐڷ￡ʦʋʭʭڷ

�ƣɲɑǐƣˀɑʋɾ￦

ީޫޭ￦ ުި ￦ި ￦ࡍޭڂޯޮ

￦ޫީޮ￦

tƣƼɲǗ￦ޭެڂ￦iˀƣˀɑʭˀɑƽʭ￦ʋǪ￦ǐǗˀǗƽˀɑʋɾ￦Ǘʦʦʋʦ￦Ǫʋʦ￦ˀɌǗ￦ɽʋǐǗɲ￦ǐǗˀǗƽˀǗǐ￦ƣɾǐ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ʢʦǗǐɑƽˀǗǐ￦ƽʋʋʦǐɑɾƣˀǗʭ￦ޫީޯ￦

ƣȹƣɑɾʭˀ￦ƣƽˀ˵ƣɲ￦Ƽƣɲɲ￦ƽʋʋʦǐɑɾƣˀǗʭ￦ɑɾ￦ުިި￦ƽʋɾʭǗƽ˵ˀɑ̊Ǘ￦ީުްި̔ޯުި￦ǪʦƣɽǗʭ￦ɑɾ￦tʦƣƽɭɑɾȹڕʭǗˀپ￦˵ʭɑɾȹ￦Ǫɑ̊ǗڷǪʋɲǐްީޫڷ￦

ƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐ￦ˀʦƣɑɾǗǐ￦ɽʋǐǗɲޱީޫ￦￦￦ڂ￦

￦ ;ƣ̔ɑɽ˵ɽ￦Ǘʦʦʋʦ￦￦

￦ەʢɑ̔Ǘɲ۔

;ɑɾɑɽ˵ɽ￦Ǘʦʦʋʦ￦

￦ەʢɑ̔Ǘɲ۔

;Ǘƣɾ￦Ǘʦʦʋʦ￦

￦ەʢɑ̔Ǘɲ۔

b;i￦Ǘʦʦʋʦ￦

￦ەʢɑ̔Ǘɲ۔

￬ǗˀǗƽˀǗǐ￦ޭޫީ۔￦ǪʦƣɽǗʭە￦ ￦ްީީڂްޯޫޯޱڂޯު ￦ިޭޭڂުޯިޯڂި ￦ޱޫެڂޮީުޯްڂޭ ￦ެެެڂޫީޫޮީڂޭ

-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦^ʦǗǐɑƽˀǗǐ￦

￦ەǪʦƣɽǗʭ￦ޭޮ۔ ￦ޫޯޱڂޯުްީީڂްޯ ￦ޯިޯڂިިޭޭڂު ￦ުޯްڂޭޱޫެڂޮީ ￦ޫޮީڂޭެެެڂޫީ

￡ʋɽƼɑɾǗǐ￦ ￦ްީީڂްޯ ￦ޯިޯڂި ￦ޱޭޯڂް ￦ޱުޭڂޱ

￦ޫުި￦



ީޭ￦

￦￦ޫުީ￦
�ɑȹ˵ʦǗ￦ީޭެڂ￦�ɑʭˀʋȹʦƣɽ￦ǐɑʭʢɲƣ̕ɑɾȹ￦ˀɌǗ￦Ǘʦʦʋʦ￦ǐɑʭˀʦɑƼ˵ˀɑʋɾ￦ʋǪ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦Ǘʦʦʋʦ￦Ǫʋʦ￦ˀɌǗ￦ɽʋǐǗɲ￦ǐǗˀǗƽˀǗǐ￦ޫުު￦

ƣɾǐ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ʢʦǗǐɑƽˀǗǐ￦ƽʋʋʦǐɑɾƣˀǗʭ￦ɑɾ￦ުިި￦ƽʋɾʭǗƽ˵ˀɑ̊Ǘ￦ީުްި̔ޯުި￦ǪʦƣɽǗʭ￦ɑɾ￦tʦƣƽɭɑɾȹڕʭǗˀپ￦˵ʭɑɾȹ￦Ǫɑ̊Ǘޫުޫڷ￦

Ǫʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ˀʦƣɑɾǗǐ￦ɽʋǐǗɲڂ￦￦￦ޫުެ￦

￦ޭުޫ￦ɑʭƽ˵ʭʭɑʋɾ￬￦ڂޭ

￦ޮުޫ￦�ɾˀǗʦʢʋɲƣˀɑʋɾ￦ʋǪ￦bǗʭ˵ɲˀʭ￦ީڂޭ

tɌǗ￦ƽʋɽƼɑɾƣˀɑʋɾ￦ʋǪ￦ƣ￦ɌɑȹɌڷʢʦǗƽɑʭɑʋɾ￦G￠￠￦ǐǗˀǗƽˀʋʦ￦۔ˀʋ￦ȹǗˀ￦ƣƽƽ˵ʦƣˀǗ￦ު￬￦ƽǗɾˀǗʦʭپە￦ƣ￦̋ǗɲɲڷƽƣɲɑƼʦƣˀǗǐ￦ޫުޯ￦

ƽƣɽǗʦƣپ￦ƣɾǐ￦ƣ￦ʦʋƼ˵ʭˀ￦ˀǗɽʢʋʦƣɲ￦ǪɑɲˀǗʦ￦۔ˀʋ￦ɌƣɾǐɲǗ￦ޫ￬￦ɾʋɑʭǗە￦̋ƣʭ￦ɭǗ̕￦ˀʋ￦ˀʦƣƽɭɑɾȹ￦ˀɌǗ￦Ǫƣʭˀڷɽʋ̊ɑɾȹ￦ˀƣƼɲǗ￦ޫުް￦

ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ˀʦƣɨǗƽˀʋʦ̕ޱުޫ￦￦ڂ￦

�ɌǗɾ￦̋Ǘ￦ʦƣɾ￦ˀɌǗ￦ɑɾǪǗʦǗɾƽǗ￦̋ɑˀɌ￦�ɾǪǗʦǗɾƽǗڕʭǗˀپ￦ˀɌǗ￦ǐɑƽǗ￦ʭƽʋʦǗک￦�G{￦̋ƣʭ￦ޯޮپࡍީޭڂ￦̋ɌɑƽɌ￦ɑɾǐɑƽƣˀǗǐ￦ˀɌƣˀ￦ޫޫި￦

ˀɌǗ￦ƣʦǗƣ￦ʋǪ￦ǐǗˀǗƽˀǗǐ￦Ƽƣɲɲ￦ɽʋʭˀɲ̕￦ʋ̊ǗʦɲƣʢʢǗǐ￦̋ɑˀɌ￦ˀɌǗ￦Ƽƣɲɲʭ￦ɲʋƽƣˀɑʋɾڂ￦￦ޫޫީ￦

{ʭɑɾȹ￦ˀɌǗ￦ʋɾǗڷǪʋɲǐ￦ɽǗˀɌʋǐ￦ˀʋ￦ˀʦƣɑɾ￦ˀɌǗ￦ɽʋǐǗɲ￦Ǫʦʋɽ￦Ǫʋ˵ʦ￦ƽƣɽǗʦƣʭ￦ʦǗʭ˵ɲˀǗǐ￦ɑɾ￦ǐɑǪǪǗʦǗɾˀ￦ɽʋǐǗɲ￦ޫޫު￦

ʢǗʦǪʋʦɽƣɾƽǗٴ￦ɽʋǐǗɲʭ￦Ǫʋʦ￦ƽƣɽǗʦƣʭ￦ީ￦ƣɾǐ￦ެ￦Ɍƣ̊Ǘ￦ƣ￦ƼǗˀˀǗʦ￦�ީ￦ʭƽʋʦǗپ￦ʢʦǗƽɑʭɑʋɾپ￦ʦǗƽƣɲɲپ￦ɽￇ^پ￦ƣɾǐ￦ǐǗˀǗƽˀɑʋɾ￦ޫޫޫ￦

ʦǗʭ˵ɲˀپ￦ƣʭ￦ʭɌʋ̋ɾ￦ɑɾ￦�ɑȹ˵ʦǗʭ￦ޮڂިީڷ￦tɌɑʭ￦ƽʋ˵ɲǐ￦ƽʋɽǗ￦Ǫʦʋɽ￦ˀɌǗ￦ǐɑǪǪǗʦǗɾˀ￦ƣɾȹɲǗʭ￦ʋǪ￦ǗƣƽɌ￦ƽƣɽǗʦƣڂ￦￡ƣɽǗʦƣʭ￦ީ￦ޫޫެ￦

ƣɾǐ￦ެ￦ƼʋˀɌ￦Ɍƣ̊Ǘ￦ˀɌǗ￦ƼǗˀˀǗʦ￦̊ɑǗ̋￦̋ɑˀɌ￦ɽɑɾɑɽ˵ɽ￦ʋƽƽɲ˵ʭɑʋɾپ￦̋ɌɑɲǗ￦ƽƣɽǗʦƣʭ￦ު￦ƣɾǐ￦ޫ￦ƼʋˀɌ￦Ɍƣ̊Ǘ￦ɽʋʦǗ￦ˀɌƣɾ￦ޫޫޭ￦

ɌƣɲǪ￦ʋǪ￦ˀɌǗ￦ˀƣƼɲǗ￦ƼɲʋƽɭǗǐڂ￦�ˀ￦ɑʭ￦ƣɲʭʋ￦ʢʋʭʭɑƼɲǗ￦ˀɌƣˀ￦ǐ˵Ǘ￦ˀʋ￦ˀɌǗ￦ʭɽƣɲɲ￦ˀʦƣɑɾɑɾȹ￦ʭǗˀپ￦ˀɌǗ￦ˀʦƣɑɾɑɾȹ￦ǐƣˀƣ￦Ǫʋʦ￦ޫޫޮ￦

ƽƣɽǗʦƣʭ￦ު￦ƣɾǐ￦ޫ￦ƣʦǗ￦ɽʋʦǗ￦ǐɑǪǪɑƽ˵ɲˀ￦ƽʋɽʢƣʦǗǐ￦ˀʋ￦ˀɌƣˀ￦ʋǪ￦ƽƣɽǗʦƣʭ￦ީ￦ƣɾǐ￦ެڂ￦￦ޫޫޯ￦

tɌǗ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾ￦ɽǗˀɌʋǐ￦ˀʦƣɑɾǗǐ￦ƣɲɲ￦Ǫʋ˵ʦ￦ƽƣɽǗʦƣʭ܅￦ǐƣˀƣ￦ɑɾˀʋ￦ƣ￦ʭɑɾȹɲǗ￦ɽʋǐǗɲپ￦ƣɾǐ￦ƣɲɲ￦ɑɽƣȹǗʭ￦ޫޫް￦

̋ǗʦǗ￦˵ʭǗǐ￦ɑɾ￦Ǫʋ˵ʦ￦ɑˀǗʦƣˀɑʋɾʭ￦ʋǪ￦ˀɌǗ￦ˀʦƣɑɾɑɾȹپ￦ʦǗʭ˵ɲˀɑɾȹ￦ɑɾ￦ƣ￦ƼǗˀˀǗʦڷʢǗʦǪʋʦɽɑɾȹ￦ɽʋǐǗɲ￦ƽʋɽʢƣʦǗǐ￦ˀʋ￦ˀɌǗ￦ޫޫޱ￦

ʋɾǗڷǪʋɲǐ￦ˀʦƣɑɾɑɾȹ￦ɽǗˀɌʋǐ￦̋ɑˀɌ￦ƣ￦ʭɑɾȹɲǗ￦ɑˀǗʦƣˀɑʋɾ￦ʋɾ￦ǪǗ̋Ǘʦ￦ˀʦƣɑɾɑɾȹ￦ɑɽƣȹǗʭڂ￦￦ޫެި￦

�ʋʦ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾپ￦̋Ǘ￦Ǫʋ˵ɾǐ￦ˀɌƣˀ￦ˀɌǗ￦ʦǗƽʋɾʭˀʦ˵ƽˀɑʋɾ￦ʦǗʭ˵ɲˀ￦̋ƣʭ￦ƣǪǪǗƽˀǗǐ￦Ƽ̕￦ˀɌǗ￦ƽɌʋɑƽǗ￦ʋǪ￦ʦǗǪǗʦǗɾƽǗ￦ޫެީ￦

ƽƣɽǗʦƣڂ￦iɑɾƽǗ￦ˀɌǗ￦ɑɽƣȹǗʭ￦ʋǪ￦ˀɌǗ￦ƽɌǗʭʭƼʋƣʦǐ￦ɑɾ￦ƽƣɽǗʦƣʭ￦ީ￦ƣɾǐ￦ު￦ƣʦǗ￦Ǫ˵ʦˀɌǗʦ￦ƣ̋ƣ̕￦ƣɾǐ￦ƼǗɌɑɾǐ￦ˀɌǗ￦ɾǗˀپ￦ޫެު￦

˵ʭɑɾȹ￦ƽƣɽǗʦƣʭ￦ީ￦ƣɾǐ￦ު￦ƣʭ￦ˀɌǗ￦ʦǗǪǗʦǗɾƽǗ￦ɲǗǐ￦ˀʋ￦ʢʋʋʦ￦ʦǗʭ˵ɲˀʭڂ￦iʋ￦ɑɾʭˀǗƣǐپ￦ˀɌǗ￦ƽƣɲɑƼʦƣˀɑʋɾ￦˵ʭǗǐ￦ƽƣɽǗʦƣ￦ެ￦ƣʭ￦ޫެޫ￦

ˀɌǗ￦ʦǗǪǗʦǗɾƽǗ￦ǪʦƣɽǗڂ￦￦￦ޫެެ￦

�ʋʦ￦ˀɌǗ￦Ǫɑɾƣɲ￦ˀʦƣƽɭɑɾȹ￦ɑɽʢɲǗɽǗɾˀƣˀɑʋɾپ￦ˀɌǗ￦Ǫɑ̊ǗڷǪʋɲǐڷƽʦʋʭʭ̊ڷƣɲɑǐƣˀɑʋɾڷˀʦƣɑɾǗǐ￦�G0GީީɽڷG￠￠ʋƼƼ￦ɽʋǐǗɲ￦ޫެޭ￦

̋ƣʭ￦ƽɌʋʭǗɾ￦Ǫʋʦ￦ɑˀʭ￦ʭ˵ʢǗʦɑʋʦ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ʋɾ￦ˀɌǗ￦ˀǗʭˀɑɾȹڂ￦�Ǘ￦Ǫʋ˵ɾǐ￦ˀɌƣˀ￦ˀɌǗ￦ɲʋʭʭ￦ʋǪ￦Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾ￦ɽƣɑɾɲ̕￦ޫެޮ￦

ƽʋɽǗʭ￦Ǫʦʋɽ￦ˀɌǗ￦ʋƽƽɲ˵ʭɑʋɾ￦̋ɌɑƽɌ￦̋ƣʭ￦ɲɑʭˀǗǐ￦ɑɾ￦tƣƼɲǗ￦ު￦Ǫʋʦ￦ǗƣƽɌ￦ƽƣɽǗʦƣڂ￦tɌǗ￦ʋˀɌǗʦ￦ʦǗƣʭʋɾ￦Ǫʋʦ￦ǪƣɑɲǗǐ￦ޫެޯ￦

ǐǗˀǗƽˀɑʋɾ￦̋ƣʭ￦Ƽƣƽɭȹʦʋ˵ɾǐ￦ɑɾˀǗʦǪǗʦǗɾƽǗپ￦ǐɑʭʢɲƣ̕Ǘǐ￦ɑɾ￦�ɑȹ˵ʦǗ￦ީުڂ￦�ɌǗɾ￦ˀɌǗ￦Ƽƣɲɲ￦ʋ̊ǗʦɲƣʢʢǗǐ￦̋ɑˀɌ￦ʭɑɽɑɲƣʦ￦ޫެް￦

ƽʋɲʋʦǗǐ￦ʢƣˀˀǗʦɾʭپ￦ƣʦɽپ￦ɾǗˀ￦ʋʦ￦ˀƣƼɲǗ￦ǗǐȹǗʭپ￦ˀɌǗ￦ɽʋǐǗɲ￦ʋǪˀǗɾ￦ǪƣɑɲǗǐ￦ˀʋ￦ǐǗˀǗƽˀ￦ˀɌǗ￦Ƽƣɲɲڂ￦�Ǘ￦ƽƣɲƽ˵ɲƣˀǗǐ￦ˀɌǗ￦ޫެޱ￦

ǐǗˀǗƽˀɑʋɾ￦ʦƣˀǗ￦ʋǪ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦̋ɑˀɌʋ˵ˀ￦ʋƽƽɲ˵ʭɑʋɾ￦ƣʭ￦ʭɌʋ̋ɾ￦ɑɾ￦tƣƼɲǗ￦ުپ￦ǗƣƽɌ￦ƽƣɽǗʦƣ￦ƣƽɌɑǗ̊Ǘǐ￦ޫޭި￦

ƣʢʢʦʋ̔ɑɽƣˀǗɲ̕￦ްިࡍ￦ǐǗˀǗƽˀɑʋɾ￦ʦƣˀǗپ￦ǐǗɽʋɾʭˀʦƣˀɑɾȹ￦ˀɌǗ￦ǗǪǪǗƽˀɑ̊ǗɾǗʭʭ￦ʋǪ￦�G0GީީɽڷG￠￠￦ɽʋǐǗɲ￦ޫޭީ￦

ƽʋɾʭɑǐǗʦɑɾȹ￦ʋɾɲ̕￦ƣ￦ʭɽƣɲɲ￦ʭǗˀ￦̋ɑˀɌ￦ެިި￦ɑɽƣȹǗʭ￦̋ƣʭ￦˵ʭǗǐ￦Ǫʋʦ￦ˀʦƣɑɾɑɾȹڂ￦￠̕￦ɑɾƽʦǗƣʭɑɾȹ￦ˀɌǗ￦ʭɑ̞Ǘ￦ʋǪ￦ˀɌǗ￦ˀʦƣɑɾɑɾȹ￦ޫޭު￦

ʭɑ̞Ǘپ￦ˀɌǗ￦ɽʋǐǗɲ￦̋ɑɲɲ￦ƼǗ￦ɽʋʦǗ￦ʦʋƼ˵ʭˀڂ￦￦￦ޫޭޫ￦

￦



ީޮ￦

￬˵Ǘ￦ˀʋ￦ˀɌǗ￦ɾʋɾڷɑǐǗƣɲɑˀ̕￦ʋǪ￦ˀɌǗ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾپ￦ˀɌǗ￦ʋɾɲ̕￦ʦǗɲɑƣƼɲǗ￦ޫ￬￦ʢʋʭɑˀɑʋɾ￦ǐǗˀǗƽˀɑʋɾ￦ƽƣɽǗ￦Ǫʦʋɽ￦ˀɌǗ￦ޫޭެ￦

ˀʦɑƣɾȹ˵ɲƣˀɑʋɾ￦ʦǗʭ˵ɲˀ￦ʋǪ￦ƽƣɽǗʦƣʭ￦ީ￦ƣɾǐ￦ެڂ￦�ɾƽɲ˵ǐɑɾȹ￦ƣɲɲ￦ƽƣɽǗʦƣ￦̊ɑǗ̋ʭ￦ɲǗǐ￦ˀʋ￦ǐǗȹʦƣǐǗǐ￦ǐǗˀǗƽˀɑʋɾ￦ޫޭޭ￦

ʢǗʦǪʋʦɽƣɾƽǗڂ￦tɌ˵ʭپ￦Ǫʋʦ￦ˀɌǗ￦Ǫɑɾƣɲ￦Ƽƣɲɲ￦ˀʦƣƽɭɑɾȹپ￦̋Ǘ￦ʋɾɲ̕￦˵ʭǗǐ￦ˀɌǗ￦ޫ￬￦ʢʋʭɑˀɑʋɾ￦ˀʦɑƣɾȹ˵ɲƣˀǗǐ￦Ǫʦʋɽ￦ƽƣɽǗʦƣʭ￦ީ￦ޫޭޮ￦

ƣɾǐ￦ެ￦̋ɑˀɌ￦ޮޯࡍޭڂ￦ǐǗˀǗƽˀɑʋɾ￦ƣƽƽ˵ʦƣƽ̕￦ƣɾǐ￦ǪɑɲɲǗǐ￦ɑɾ￦ˀɌǗ￦ȹƣʢʭ￦̋ɑˀɌ￦ˀɌǗ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦ʢʦǗǐɑƽˀɑʋɾʭڂ￦￦�ʋ̋Ǘ̊Ǘʦپ￦ޫޭޯ￦

ƣʭʭ˵ɽɑɾȹ￦ʢǗʦǪǗƽˀ￦ƽƣɽǗʦƣ￦ƽƣɲɑƼʦƣˀɑʋɾپ￦ˀɌǗ￦ɾ˵ɽƼǗʦ￦ʋǪ￦ǪʦƣɽǗʭ￦̋ɑˀɌ￦ޫ￬￦ʢʋʭɑˀɑʋɾ￦ǐǗˀǗƽˀǗǐ￦̋ɑɲɲ￦ɑɾƽʦǗƣʭǗ￦ˀʋ￦ޫޭް￦

ީޯޭ￦ƣʭ￦ʭɌʋ̋ɾ￦ɑɾ￦tƣƼɲǗ￦ުڂ￦iɑɾƽǗپ￦ɑǐǗƣɲɲ̕پ￦ˀɌǗ￦ޫ￬￦ʢʋʭɑˀɑʋɾ￦ƽƣɾ￦ƼǗ￦ˀʦɑƣɾȹ˵ɲƣˀǗǐ￦Ǫʦʋɽ￦ƣɾ̕￦ˀ̋ʋ￦ƽƣɽǗʦƣʭ￦̋ɑˀɌ￦ޫޭޱ￦

Ƽƣɲɲ￦ǐǗˀǗƽˀɑʋɾپ￦ˀɌǗ￦ǐǗˀǗƽˀɑʋɾ￦ƣƽƽ˵ʦƣƽ̕￦̋ɑɲɲ￦ɑɾƽʦǗƣʭǗ￦ˀʋ￦ްޯڂࡍޭڂ￦tɌǗ￦Ǫɑɾƣɲ￦ˀʦƣɨǗƽˀʋʦ̕￦Ǘʦʦʋʦ￦ɑɾ￦tƣƼɲǗ￦ޭ￦̋ɑˀɌ￦ޫޮި￦

ɽǗƣɾ￦ƣˀ￦ްްڂ￦ʢɑ̔Ǘɲ￦ƣɾǐ￦b;i￦ƣˀ￦ޭڂޱ￦ʢɑ̔Ǘɲ￦ɑɾ￦ƣ￦ީުްި̔ޯުި￦ɑɽƣȹǗ￦ʭɌʋ̋ʭ￦ˀɌǗ￦ǗǪǪǗƽˀɑ̊ǗɾǗʭʭ￦ʋǪ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦɑɾȹڂ￦￦ޫޮީ￦

￦ޫޮު￦

￦ޫޮޫ￦

￦ެޮޫ￦0ɑɽɑˀƣˀɑʋɾʭ￦ުڂޭ

tɌǗ￦ʭ̕ʭˀǗɽ܅ʭ￦ƣƽƽ˵ʦƣƽ̕￦ɑʭ￦ɌɑȹɌɲ̕￦ǐǗʢǗɾǐǗɾˀ￦ʋɾ￦ˀɌǗ￦ʥ˵ƣɲɑˀ̕￦ʋǪ￦ˀɌǗ￦ɑɾɑˀɑƣɲ￦ƽƣɲɑƼʦƣˀɑʋɾڂ￦tʦƣƽɭɑɾȹ￦ƽƣɾ￦ʭˀɑɲɲ￦ƼǗ￦ޫޮޭ￦

ɲʋʭˀ￦ǐ˵ʦɑɾȹ￦ʢʦʋɲʋɾȹǗǐ￦ʋƽƽɲ˵ʭɑʋɾʭڂ￦tɌǗ￦ƽƣɽǗʦƣʭ￦ǪʦƣɽǗ￦ʦƣˀǗ￦۔�^iە￦ɑʭ￦ƣɾʋˀɌǗʦ￦ɲɑɽɑˀƣˀɑʋɾٱ￦ʢǗʦǪʋʦɽƣɾƽǗ￦ޫޮޮ￦

ƽʋ˵ɲǐ￦ƼǗ￦ɑɽʢʦʋ̊Ǘǐ￦̋ɑˀɌ￦ɌɑȹɌǗʦ￦�^iپ￦ˀɌʋ˵ȹɌ￦̋ɑˀɌ￦ˀɌǗ￦ˀʦƣǐǗʋǪǪ￦ʋǪ￦ɑɾƽʦǗƣʭǗǐ￦ƽʋɽʢ˵ˀɑɾȹ￦ʢʋ̋Ǘʦڂ￦�ɾ￦ƣǐǐɑˀɑʋɾپ￦ޫޮޯ￦

ˀɌǗ￦ʭɑ̞Ǘ￦ʋǪ￦ˀɌǗ￦ˀʦƣɑɾɑɾȹ￦ʭǗˀ￦ɑʭ￦ʦǗɲƣˀɑ̊Ǘɲ̕￦ʭɽƣɲɲ￦ǐ˵Ǘ￦ˀʋ￦ˀɌǗ￦ˀɑɽǗ￦ƽʋɾʭˀʦƣɑɾˀڂ￦tɌǗ￦ˀʦƣɑɾɑɾȹ￦ǐƣˀƣ￦ʭɑ̞Ǘ￦ƽƣɾ￦ƼǗ￦ޫޮް￦

ɑɾƽʦǗƣʭǗǐ￦ˀʋ￦ƣƽɌɑǗ̊Ǘ￦ƣ￦ƼǗˀˀǗʦ￦ɽʋǐǗɲ￦ʢǗʦǪʋʦɽƣɾƽǗޱޮޫ￦￦￦ڂ￦

￦ިޯޫ￦￦ʋɾƽɲ˵ʭɑʋɾ￦ƣɾǐ￦�˵ˀ˵ʦǗ￦�ʋʦɭ￡￦ڂޮ

￦ޮ ￦ީޯޫ￦ʋɾƽɲ˵ʭɑʋɾ￡￦ީڂ

�Ǘ￦Ɍƣ̊Ǘ￦ǐǗɽʋɾʭˀʦƣˀǗǐ￦ƣ￦ɌɑȹɌɲ̕￦ǗǪǪǗƽˀɑ̊Ǘ￦ʢɑʢǗɲɑɾǗ￦Ǫʋʦ￦ޫ￬￦ˀʦƣƽɭɑɾȹ￦ʋǪ￦ʢɑɾȹ￦ʢʋɾȹ￦Ƽƣɲɲʭپ￦ƽʋɽƼɑɾɑɾȹ￦ˀɌǗ￦ޫޯު￦

�G0GީީɽڷG￠￠￦ǐǗˀǗƽˀʋʦ￦̋ɑˀɌ￦ƣ￦-ƣɲɽƣɾ￦ǪɑɲˀǗʦ￦Ǫʋʦ￦ˀǗɽʢʋʦƣɲ￦ƽʋɾʭɑʭˀǗɾƽ̕ڂ￦G˵ʦ￦ʦǗʭ ɲ˵ˀʭ￦ʭɌʋ̋￦ƣ￦ʦǗɲɑƣƼɲǗ￦ޫޯޫ￦

ˀʦƣƽɭɑɾȹ￦ʭ̕ʭˀǗɽ￦ˀɌƣˀ￦ƽʋɾʭɑʭˀǗɾˀɲ̕￦ˀʦƣƽɭʭ￦ˀɌǗ￦ɽʋ̊ǗɽǗɾˀ￦ʋǪ￦ˀɌǗ￦ˀƣƼɲǗ￦ˀǗɾɾɑʭ￦Ƽƣɲɲ￦ɑɾ￦ˀɌǗ￦ǪɑǗɲǐ￦ʋǪ￦̊ɑǗ̋ڂ￦￦ޫޯެ￦

￦ޮ ￦ޭޯޫ￦ˀ˵ʦǗ￦�ʋʦɭ˵�￦ުڂ

● Camera Calibration: the chessboard for camera calibration could be optimized in position and ޫޯޮ￦

size.￦ޫޯޯ￦

● AI modeling training on a stream of images: investigate the possibilities to incorporate temporal ޫޯް￦

information in the AI model training for a more robust ball detection.￦ޫޯޱ￦

● Spin Analysis: investigate a direct correlation between the OBB's orientation angle (θ) and the ޫްި￦

ball's physical spin, potentially enabling real-time spin-rate detection.￦ޫްީ￦

● Player Tracking: integrate this ball-tracking pipeline with a 2D/3D pose estimation model to track ޫްު￦

player movements for full-game analysis.￦ޫްޫ￦

● Speed optimization: run on NVIDIA GPU to fully leverage the speed advantage of YOLO11 ޫްެ￦

detector, further optimization for deployment on edge devices for on-site, low-latency analytics. ￦ޫްޭ￦

ￇƽɭɾʋ̋ɲǗǐȹǗɽǗɾˀʭ￦￦ޫްޮ￦

tɌǗ￦ʭ˵ʢʢʋʦˀ￦ƣɾǐ￦ȹ˵ɑǐƣɾƽǗ￦ʋǪ￦ˀɌɑʭ￦ʦǗʭǗƣʦƽɌ￦Ǫʦʋɽ￦ ￦ޯްޫ￦ɑʭ￦ȹʦǗƣˀɲ̕￦پ

ƣʢʢʦǗƽɑƣˀǗǐڂ￦�ɑʭ￦ǐɑʦǗƽˀɑʋɾʭ￦ʋɾ￦Ɍʋ̋￦ˀʋ￦Ǫʋʦɽ￦ˀɌǗ￦ʦǗʭǗƣʦƽɌ￦ǪʦƣɽǗ̋ʋʦɭ￦ƣɾǐ￦Ɍʋ̋￦ˀʋ￦˵ʭǗ￦ʋɾɲɑɾǗ￦ˀʋʋɲʭ￦ˀʋ￦ޫްް￦

ɽƣɭǗ￦ˀɌǗ￦ʦǗʭǗƣʦƽɌ￦ʢʦʋƽǗʭʭ￦ɽʋʦǗ￦ǗǪǪɑƽɑǗɾˀ￦ƣʦǗ￦ʋǪ￦ȹʦǗƣˀ￦ɌǗɲʢ￦ˀʋ￦ɽǗڂ￦�￦ƣɽ￦ƣɲʭʋ￦ǐǗǗʢɲ̕￦ȹʦƣˀǗǪ˵ɲ￦Ǫʋʦ￦ɽ̕￦ޫްޱ￦

ʢƣʦǗɾˀʭ܅￦ʭ˵ʢʢʋʦˀ￦ʋɾɑɾ￦ˀɌǗ￦ɲʋȹɑʭˀɑƽʭ￦ʋǪ￦ɽ̕￦ʦǗʭǗƣʦƽɌިޱޫ￦ڂ￦



ީޯ￦

bǗǪǗʦǗɾƽǗʭ￦￦ޫީޱ￦

ￇƼƣǐɑپڂ;￦پ￦￠ƣʦɌƣɽپڂ^￦پ￦￡ɌǗɾپڂ*￦پ￦￡ɌǗɾپڂ¤￦پ￦￬ƣ̊ɑʭپ￦ￇپڂ￦￬Ǘƣɾپڂ*￦پ￦￬Ǘ̊ɑɾپڂ;￦پ￦�ɌǗɽƣ̋ƣˀپ￦iپڂ￦�ʦ̊ɑɾȹپڂ�￦پ￦�ʭƣʦǐުޱޫ￦پ￦

￦ޫޱޫ￦پڂ^￦پt˵ƽɭǗʦ￦پڂ￠￦پiˀǗɑɾǗʦ￦پڂ�￦ڂ￬￦پʦʦƣ̕˵;￦پڂi￦پʋʋʦǗ;￦پڂb￦پʋɾȹƣ;￦پڂ*￦پ0Ǘ̊ǗɾƼǗʦȹ￦پڂ;￦پǐɲ˵ʦ˵-￦پڂ;

�ƣʭ˵ǐǗ̊ƣɾپڂ�￦پ￦�ƣʦǐǗɾڂڂڂ￦پڂ^￦پ￦¤ɌǗɾȹڂەޮީިު۔￦ڂ�￦پ￦tǗɾʭʋʦ�ɲʋ̋ٴ￦ￇ￦ʭ̕ʭˀǗɽ￦Ǫʋʦ￦ɲƣʦȹǗڷʭƽƣɲǗ￦ɽƣƽɌɑɾǗ￦ޫެޱ￦

ɲǗƣʦɾɑɾȹ￦۔<ʋڂ￦ƣʦ�ɑ̊ڂەޭޱޮްިڂޭިޮީٴ￦ƣʦ�ɑ̊ڂ￦Ɍˀˀʢʭککٴǐʋɑڂʋʦȹکިޭޭްެڂިީکƣʦ�ɑ̊ޭޱޫ￦ޭޱޮްިڂޭިޮީڂ￦

￦ޮޱޫ￦

￠ƣɾɭɌǗƣǐ0￦پڂ^￦پʋ˵ȹɌʦǗ̕پڂ￠￦ڂ;￦پ￦�ǗʦɾħɾǐǗ̞ڂ*￦پ￦ￇپڂ￦￬ʋɽƼʦʋ̋ʭɭɑپڂ�￦پ￦;ƽￇʦˀپڂ�￦ڂ￬￦پ￦￬˵ɾɾǗپڂ￬￦ڂ^￦پ￦;ƽa˵ƣɑǐپ￦iޯޱޫ￦پڂ￦

�ʦƣ̕پ￦bڂ￦tپڂ￦;˵ʦʦƣ̕پڂ*￦ڂ0￦پ￦￡ʋɲǗɽƣɾپڂ�￦ڂ�￦پ￦*ƣɽǗʭڂ*￦پ￦ￇپڂ￦iƣɲˀʋڷtǗɲɲǗ̞܊￦پڂ;￦پ￦�ƣɽɑɲˀʋɾڂەޯީިު۔￦ڂ�￦ڂ^￦پ￦a˵^ƣˀɌްޱޫ￦ٴ￦

GʢǗɾ￦ʭʋ˵ʦƽǗ￦ʭʋǪˀ̋ƣʦǗ￦Ǫʋʦ￦ǐɑȹɑˀƣɲ￦ʢƣˀɌʋɲʋȹ̕￦ɑɽƣȹǗ￦ƣɾƣɲ̕ʭɑʭڂ￦iƽɑǗɾˀɑǪɑƽ￦bǗʢʋʦˀʭޱޱޫ￦پޯ￦پ￦

￦ިިެ￦ޭڷެިުޯީڷޯީިڷްޱʭެީޭکްޫިީڂިީکʋʦȹڂǐʋɑککٴɌˀˀʢʭ￦ڂްޯްޮީ

￦ެިީ￦

￡ƣʦǗ̕ڂ;￦پ￦bپڂ￦*ʋɌɾʭƽɽڂ￬￦پ￦i܊￦پڂ￦tƣʦɨƣɾپ￦b۔￦ڂ￳￦ڂɾڂǐڂەڂ￦tb�ￇ<�{0ￇt�<�￦ￇ￦i�;^0￳￦^G0��G<ڂ￦ެިު￦

￦ެިޫ￦
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￦ޱީ

�ʋɽǗ̞ڷ�ʋɾ̞ƣɲǗ̞پ￦iٱڂ￦<Ǘ˵ɽƣɾɾٱڂ�￦پ￦iƽɌȎɲɭʋʢǪٱڂ￠￦پ￦^ǗˀǗʦʭڂ*￦پ￦{ʭɑɾȹ￦^ʦʋƼƣƼɑɲɑʭˀɑƽ￦;ʋ̊ǗɽǗɾˀ￦^ʦɑɽɑˀɑ̊Ǘʭ￦Ǫʋʦ￦ެޯޫ￦

iˀʦɑɭɑɾȹ￦;ʋ̊ǗɽǗɾˀʭڂ￦�ɾ￦ުިީޮ￦ڷ￳￳￳�bￇi￦ީޮˀɌ￦�ɾˀǗʦɾƣˀɑʋɾƣɲ￦￡ʋɾǪǗʦǗɾƽǗ￦ʋɾ￦�˵ɽƣɾʋɑǐ￦bʋƼʋˀʭ￦ެޯެ￦

￦ޭޯެ￦ުުޫޫިްޯڂޮީިުڂￇ<G�￬i;}�کޱިީީڂިީکʋʦȹڂǐʋɑککٴɌˀˀʢʭ￦ڂʢʢ￦ޭިުޭިް￦ٱޮީިު￦ٱەɽƣɾʋɑǐʭ˵�۔

�ʋɽǗ̞ڷ�ʋɾ̞ƣɲǗ̞پ￦iٱڂ￦<Ǘɽɽʋ˵ʦٱڂ�￦پ￦iƽɌȎɲɭʋʢǪٱڂ￠￦پ￦^ǗˀǗʦʭڂ*￦پ￦bǗɲɑƣƼɲǗ￦bǗƣɲڷtɑɽǗ￦￠ƣɲɲ￦tʦƣƽɭɑɾȹ￦Ǫʋʦ￦bʋƼʋˀ￦ެޯޮ￦

tƣƼɲǗ￦tǗɾɾɑʭڂ￦bʋƼʋˀɑƽʭ￦ުިީڂިޱ￦پەެ۔￦ް￦پޱ￦ɌˀˀʢʭککٴǐʋɑڂʋʦȹکިޱޫޫڂިީکʦʋƼʋˀɑƽʭްިެިިިޱ￦ެޯޯ￦

￦ްޯެ￦bʋƼ˵ʭˀ￦￡ƣɽǗʦƣ￦￡ƣɲɑƼʦƣˀɑʋɾ￦ƣɾǐ￦^ɲƣ̕Ǘʦ￦tʦƣƽɭɑɾȹ￦ɑɾ￦￠ʦʋƣǐƽƣʭˀ￦ڂ0￦پɌɑ￡￦ٱڂ0ڷڂ*￦پ˵�￦ٱڂ�ڷڂ;￦پɌƣɾȹ￡￦ٱڂ￡ڷڂ;￦پ˵�

￠ƣʭɭǗˀƼƣɲɲ￦�ɑǐǗʋڂ￦�￳￳￳￦tʦƣɾʭƣƽˀɑʋɾʭ￦ʋɾ￦;˵ɲˀɑɽǗǐɑƣ￦ުިީީپەު۔￦ޫީ￦پ￦ުޮޮުޯޱޯެ￦ڂޱ￦

Ɍˀˀʢʭککٴǐʋɑڂʋʦȹکޱިީީڂިީکt;;ޫޯޫިިީުڂިީިުڂ￦ެްި￦

�˵ƣɾȹٱڂ�￦پ￦iƽɌʋɲɭʋʢǪٱڂ￠￦پ￦^ǗˀǗʦʭ0￦ڂ*￦پǗƣʦɾɑɾȹ￦Gʢˀɑɽƣɲ￦iˀʦɑɭɑɾȹ￦^ʋɑɾˀʭ￦Ǫʋʦ￦ƣ￦^ɑɾȹڷ^ʋɾȹ￦^ɲƣ̕ɑɾȹ￦bʋƼʋˀڂ￦�ɾ￦ެްީ￦

￦ުްެ￦ٴ￳￳￳�￦ٱە�bGi۔￦bi*￦�ɾˀǗʦɾƣˀɑʋɾƣɲ￦￡ʋɾǪǗʦǗɾƽǗ￦ʋɾ￦�ɾˀǗɲɲɑȹǗɾˀ￦bʋƼʋˀʭ￦ƣɾǐ￦i̕ʭˀǗɽʭک￳￳￳�￦ޭީިު

�ƣɽƼ˵ʦȹپ￦�Ǘʦɽƣɾ̕ٱޭީިު￦پ￦ʢʢ￦ެޭްޯެޭڂުޱ￦Ɍˀˀʢʭککٴǐʋɑڂʋʦȹکޱިީީڂިީک�bGiިޫިެޭޫޯڂޭީިުڂ￦ެްޫ￦

�￳￳￳￦￡ʋɾǪǗʦǗɾƽǗ￦^˵Ƽɲɑƽƣˀɑʋɾ￦٠￦�￳￳￳￦�ʢɲʋʦǗڂ￦ￇ￦ƼʦɑǗǪ￦ɑɾˀʦʋǐ˵ƽˀɑʋɾ￦ˀʋ￦GʢǗɾ￡�￦￦ެްެ￦

ɌˀˀʢʭککٴɑǗǗǗ̔ʢɲʋʦǗڂɑǗǗǗڂʋʦȹکǐʋƽ˵ɽǗɾˀ۔￦ޱޭްިެުޮکƣƽƽǗʭʭǗǐ￦ުިުޭڂەީިڷީީڷ￦￦ެްޭ￦

*ʋ˵ʦɾƣɲ￦ʋǪ￦bǗƣɲڷtɑɽǗ￦�ɽƣȹǗ￦^ʦʋƽǗʭʭɑɾȹ￦ڂەޭުިު۔￦￦bǗƣɲڷˀɑɽǗ￦�^{￦ƽʋɲʋʦڷƼƣʭǗǐ￦ʭǗȹɽǗɾˀƣˀɑʋɾ￦ʋǪ￦ǪʋʋˀƼƣɲɲ￦ެްޮ￦

ʢɲƣ̕Ǘʦʭڂ￦ɌˀˀʢʭککٴɲɑɾɭڂʭʢʦɑɾȹǗʦڂƽʋɽکƣʦˀɑƽɲǗکޯިިީڂިީکʭީީޭޭެ۔￦ޱڷެޱީިڷީީިڷƣƽƽǗʭʭǗǐ￦ުިުޭەީޫڷިީڷ￦ެްޯ￦

-Ɍƣɾƣɽپ￦bٱڂ￦�˵ʭʭƣɑɾڂ;￦پ￦�G0G̊ީީٴ￦ￇɾ￦G̊Ǘʦ̊ɑǗ̋￦ʋǪ￦ˀɌǗ￦-Ǘ̕￦ￇʦƽɌɑˀǗƽˀ˵ʦƣɲ￦￳ɾɌƣɾƽǗɽǗɾˀʭڂ￦ƣʦ�ɑ̊￦GƽˀʋƼǗʦ￦ެްް￦

￦ޱްެ￦ޭުޯޯީڂިީެުڂƣʦ�ɑ̊کިޭޭްެڂިީکʋʦȹڂǐʋɑککٴɌˀˀʢʭ￦ڂެުިު￦پޫު

-ʦɑ̞ɌǗ̊ʭɭ̕پ￦ￇٱڂ￦i˵ˀʭɭǗ̊Ǘʦٱڂ�￦پ￦�ɑɾˀʋɾڂ￳￦ڂ�￦پ￦�ɽƣȹǗ<Ǘˀ￦￡ɲƣʭʭɑǪɑƽƣˀɑʋɾ￦̋ɑˀɌ￦￬ǗǗʢ￦￡ʋɾ̊ʋɲ˵ˀɑʋɾƣɲ￦<Ǘ˵ʦƣɲ￦ެިޱ￦

<Ǘˀ̋ʋʦɭʭڂ￦�ɾ￦ￇǐ̊ƣɾƽǗʭ￦ɑɾ￦<Ǘ˵ʦƣɲ￦�ɾǪʋʦɽƣˀɑʋɾ￦^ʦʋƽǗʭʭɑɾȹ￦i̕ʭˀǗɽʭٱ￦￡˵ʦʦƣɾ￦ￇʭʭʋƽɑƣˀǗʭپ￦�ɾƽީޱެ￦ٱުީިު￦پڂ￦

�ʋɲުޱެ￦ޭު￦ڂ￦

0Ǘ￦￡˵ɾٱڂ�￦پ￦;ƣˀƣɾپ￦Gٱڂ￦￠ʋʭǗʦٱڂ￠￦پ￦￬ǗɾɭǗʦڂ*￦پ￦iٱڂ￦�ǗɾǐǗʦʭʋɾٱڂ￬￦پ￦�ʋ̋ƣʦǐپ￦bٱڂ￳￦ڂ￦�˵ƼƼƣʦǐٱڂ�￦پ￦*ƣƽɭǗˀޫޱެ￦ٱڂ￬￦ڂ0￦پ￦

￠ƣɑʦǐڂ�￦پ￦iڂ￦�ƣɾǐ̋ʦɑˀˀǗɾ￦¤ɑʢ￦￡ʋǐǗ￦bǗƽʋȹɾɑˀɑʋɾ￦̋ɑˀɌ￦;˵ɲˀɑɲƣ̕Ǘʦ￦<Ǘˀ̋ʋʦɭʭڂ￦�ɾ￦ީިˀɌ￦�ɾˀǗʦɾƣˀɑʋɾƣɲ￦ެެޱ￦

￡ʋɾǪǗʦǗɾƽǗ￦ʋɾ￦^ƣˀˀǗʦɾ￦bǗƽʋȹɾɑˀɑʋɾ￦ڥިޱޱީڥ￦^ʦʋƽǗǗǐɑɾȹʭٱިޱޱީ￦ٱ￦�ʋɲڂ￦ɑɑپ￦ʢʢ￦ޫޭެި￦̊ʋɲޭޱެ￦ڂުڂ￦

Ɍˀˀʢʭککٴǐʋɑڂʋʦȹکޱިީީڂިީک�￡^bޮޱެ￦ޭުޫޱީީڂިޱޱީڂ￦

;˵ɲˀɑɽǗǐɑƣ￦tʋʋɲʭ￦ƣɾǐ￦ￇʢʢɲɑƽƣˀɑʋɾʭ￦ڂەޭުިު۔￦ￇ￦ʭǗɾʭʋʦڷƣɑǐǗǐ￦ʭǗɲǪ￦ƽʋƣƽɌɑɾȹ￦ɽʋǐǗɲ￦Ǫʋʦ￦˵ɾƽʋƽɭɑɾȹ￦ެޯޱ￦

ɑɽʢʦʋ̊ǗɽǗɾˀ￦ɑɾ￦ȹʋɲǪ￦ʭ̋ɑɾȹ￦ɌˀˀʢʭککٴɲɑɾɭڂʭʢʦɑɾȹǗʦڂƽʋɽکƣʦˀɑƽɲǗکޯިިީڂިީکʭީީިެުްޱެ￦ުڷޱޭޫީڷޫީިڷ￦

￦ޱޱެ￦ڂەިީڷޯިڷޭުިު￦ƣƽƽǗʭʭǗǐ۔

bǗǐɽʋɾٱڂ*￦پ￦￬ɑ̊̊ƣɲƣپ￦iٱڂ￦�ɑʦʭɌɑƽɭپ￦bٱڂ￦�ƣʦɌƣǐɑپ￦ￇڂ￦�ʋ˵￦Gɾɲ̕￦0ʋʋɭ￦GɾƽǗٴ￦{ɾɑǪɑǗǐپ￦bǗƣɲڷtɑɽǗ￦GƼɨǗƽˀ￦ޭިި￦

￬ǗˀǗƽˀɑʋɾڂ￦�ɾ￦ުިީޮ￦�￳￳￳￦￡ʋɾǪǗʦǗɾƽǗ￦ʋɾ￦￡ʋɽʢ˵ˀǗʦ￦�ɑʭɑʋɾ￦ƣɾǐ￦^ƣˀˀǗʦɾ￦bǗƽʋȹɾɑˀɑʋɾ￦۔￡�^bٴ￳￳￳�￦ٱە￦ޭިީ￦

0ƣʭ￦�Ǘȹƣʭپ�>￦پ￦{iￇٱޮީިު￦پ￦ʢʢ￦ޯޯޱޯްްڂ￦Ɍˀˀʢʭککٴǐʋɑڂʋʦȹکޱިީީڂިީکƽ̊ʢʦީޱڂޮީިުڂ￦ޭިު￦

bǗɾȊٱڂ�￦پ￦;ʋʭƽƣٱڂ>￦پ￦<ɑˀˀɑٱڂ;￦پ￦￬Gʦƣ̞ɑʋپ￦tٱڂ￦�˵ƣʦƣȹɾǗɲɲƣٱڂ￡￦پ￦￡ƣɽʢƣȹɾʋɲɑٱڂ￬￦پ￦^ʦƣˀɑپ￦ￇٱڂ￦iˀǗɲɲƣڂ￳￦پ￦ￇ￦ޭިޫ￦

tǗƽɌɾʋɲʋȹ̕￦^ɲƣˀǪʋʦɽ￦Ǫʋʦ￦ￇ˵ˀʋɽƣˀɑƽ￦�ɑȹɌ0ڷǗ̊Ǘɲ￦tǗɾɾɑʭ￦�ƣɽǗ￦ￇɾƣɲ̕ʭɑʭڂ￦￡ʋɽʢ˵ˀǗʦ￦�ɑʭɑʋɾ￦ƣɾǐ￦ޭިެ￦
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Response to review feedbacks and Recommendations: 

Thank you so much for your encouraging review on my paper and helpful recommendations for 

improvement, here are the actions I have taken to address each recommendation: 

1.​ Clarify the Contribution in the Introduction (Section 1.4): 

Added explicit summarization on the contribution of current work in Section 1.4 

2.​ Expand on the Kalman Filter Implementation (Section 3.4): 

Added state vector dimension in the description of Kalman filter, and the values of process and 

measurement noise covariance with a brief explanation of why the process noise covariance is higher. 

3.​ Refine the Results and Discussion Sections: 

I went over my result and revised the result for inference, as in my original paper, the pictures with no 

ball were not taken out from the accuracy score calculation, so Table 3 was updated with F1-score. For 

the detection loss cases, I added Table 2 with number of frames with ball detection for each camera, as 

well as explanations on the causes for detection failure. I added several images to illustrate the cases of 

ball occlusion and background interference. I have also calculated the number of frames with more than 

two camera detection, and stated that with ideal camera calibration, the detection accuracy will be 20% 

better than 67.5% which only used camera 1 and camera 4 for 3D reconstruction. 

4.​ Revision for the Reference section: 

Corrected all my citations in the paper as well as the reference section. 

5.​ Formatting: 

Figure titles are made sure to be on the same page as the Figure, and figures are kept as the same size. 



Response to review feedbacks and Recommendations: 

Thank you so much for your encouraging review on my paper and insightful feedback, here are the 

actions I have taken to address your primary concern: 

I went over my result and revised the result for inference, as in my original paper, the pictures with no 

ball were not taken out from the accuracy score calculation, so Table 3(Table 2 in the original paper) was 

updated with F1-score of 94.6%. For the detection loss cases, I added Table 2 with number of frames 

with ball detection for each camera, as well as explanations on the causes for detection failure. I added 

several images to illustrate the cases of ball occlusion and background interference. I have also 

calculated the number of frames with more than two camera detection, and stated in the discussion 

section that with ideal camera calibration, the detection accuracy will be 20% better than 67.5% which 

only used camera 1 and camera 4 for 3D reconstruction. The main contributing factor for lower detection 

rate was ball occlusion, which should be mitigated by images from 4 cameras by design. However, due to 

the non-ideal condition for camera calibration, which is one of the main things for future improvement, I 

can only use data from camera 1 and 4 for reliable 3 reconstruction. 

 



As before, this paper takes a novel and original approach to tracking motion of an object in a 
real-world scenario, with wide ranging potential applications to both table tennis itself and other 
types of real-world motion tracking objectives. The primary contribution is the use of 
YOLO11-OBB detector and Kalman filtering to predict object location. Additionally, the authors 
have done a good job addressing some of the concerns from prior reviews, including detailing 
how their unique contributions improve on previous work, updating references and tables, and 
addressing some weaknesses in their analyses (e.g., results excluding occlusion). 
 
While the approach is novel and the conclusions seem appropriate, there are a few issues that 
the authors should address prior to accepting this paper for publication: 
 

1.​ The authors provide a solid explanation for why their approach should be better than 
previous approaches, but they don’t actually directly compare their approach versus 
previous methods. Ideally, they would apply previous methods OR have a baseline 
performance from a simplistic model applied to their dataset to directly show that their 
method is better. In the absence of that, though, a more rigorous discussion of how the 
results compare to results in past papers (Is F1 score on the inference set better? Are 
there other ways this method could be quantified as “better”?) could address this issue. 
Without a baseline it’s hard to evaluate how “good” these results are. 

2.​ The authors note that a major limitation is the poor calibration of the cameras, but don’t 
actually go into much detail about why their calibration was insufficient or how they 
would improve on this in the future. What could be done differently to address this 
limitation? For instance, they mention that “the chessboard for camera calibration could 
be optimized in position and size”. Optimized in what way? 

3.​ The data acquisition summary is incomplete and confusing. Table 1 shows that there 
were 325 images used, but two 5 minute videos with 60 frames per second should yield 
tens of thousands of images. The image characteristics column indicates that some of 
the images were selected at “random” and some were “consecutive”. Could the authors 
provide more details on how these images were selected, why they didn’t use the full 
dataset (split into train_set and inference_set), and whether there was any overlap in 
which images were randomly selected to be part of the train_set and inference_set (e.g., 
random selection without replacement). 
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