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ABSTRACT

Previous research on darts was limited to capturing the movements of dart players, and no systematic
auxiliary evaluation of players was established. In this study, a data-driven assisted darts training
system is developed based on kinematic analysis and machine learning. In the first part of this study,
the study explores the four factors that affect dart scoring. From these four factors, it extends to 12
static features and 6 dynamic features of dart throwing movements, making the evaluation criteria of
dart sports digital and quantifiable. Moreover, this study establishes a GDA model by collecting:1,048
dart throwing data from professional athletes and 1,348 non-professional athletes. The established
GDA model is used to verify the effectiveness of 18 dart throwing action features and established a
solid feature foundation. In the second part of the study, based on the analysis of human kinematics,
this study uses machine learning to establish a best dart throwing.curve model, so that dart players
have an intuitive learning object for dart movements. Based on the 18 features of the first part, the
study establishes a set of athlete recommendation models based/on z-score scoring standards, which
can provide personalized and professional guidance programs for.athletes. With the help of this system,
athletes can adjust their movements during the training process, thereby enhancing the scientific basis
of darts and improving the overall training effect.

KEYWORDS
Dart training, Human pose recognition, Dart throwing force assessment; Stability analysis, Release
timing analysis, Trajectory fitting
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1. Introduction

With the implementation of the national fitness strategy [1], sports scientific research has received
more and more attention. In recent years, the focus of sports has expanded from traditional physical
training to movement mechanics, technique assessment, and sports injury prevention. The develop-
ment of motion capture and gesture recognition technology has provided valuable tools for these
efforts[2], allowing sports performance to be recorded and analyzed in a more objective and quanti-
tative way.

Computer-based human movement recognition and analysis systems are increasingly used in sports
training and have been verified by many scholars. Practical applications include motion assistance
systems relying on technologies such as video observation[3], template matching[4] .and wearable
sensors[5]. For example, video-based observation methods are widely used in sports training-and
rehabilitation, with coaches analyzing slow-motion replays to identify performance details. Althoeugh
useful, these methods are limited by subjectivity, reliance on observer experience, andsthe lack of
standardized evaluation metrics.

Darts, a precision target-based sport, exemplifies the potential of such a'system. Darts originated
in medieval England as a military exercise and later evolved into an entertainment-and competitive
sport governed by international organizations such as the Professional Darts: Corporation (PDC)
and the World Darts Federation (WDF). In China, darts has-gained increasing recognition since
it was officially included in the national sports program in 1999"and was recently included in the
education curriculum[6]. The establishment of darts associations.and school-level training activities
further promoted its development, transforming the sport from leisure and /entertainment into an
organized and educational sport.

However, there are two shortcomings in current research omn.dartsports. The first is that the
factors that affect dart players’ scores have not been~determined from kinematic characteristics, and
the influencing factors have been numerically quantified and their/validity verified. Second, existing
training methods mainly rely on video observations technology, template matching technology and
wearable technology. These technologies mainly.rely on the experience of professional coaches, making
the guidance and suggestions given subjectivity affected by humans, and fail to perform personalized
analysis of athletes and establish standard. evaluation indicators.

To address these deficiencies, the objective of this/study is to establish a darts player auxiliary
training system that uses data-driven' methods based on human kinematics and machine learning. The
objective is divided into two parts. Thefirst isto.establish a complete set of feature engineering. This
study explores the scoring factors/influencing darts'and provides a complete and accurate analysis of
the sport. Then, key indicator features that.can quantify the darts throwing process are established.
These features can reflect the characteristics of the quality of darts movements and are used for
the establishment of an _auxiliary training system for darts players. Secondly, improve the existing
athlete training assistance systemand make up for the subjective and empirical problems existing
in the current system. Establish a new type of darts action training improvement method that can
achieve automation, standardization and personalization. This makes the training of darts players
more scientific and encourages théem to improve their performance.

2. Literature Review

Darts originated in medieval England, where soldiers initially inserted short arrows into wooden boards
of wine barrels for training purposes. Over time, this practice gradually evolved into a recreational
activity. By theend of the 19th century, darts had become an important part of British tavern culture.
In _the early. 20th century, with the introduction of sisal dartboards and the standardization of the
"1-207/dartboard layout, the rules governing the sport of darts became increasingly formalized. The
establishment of the British Darts Organisation (BDO) in 1973 and the World Darts Federation
(WDF)uin 1974 laid the groundwork for the international development of the sport. Since the 1990s,
the rise of the Professional Darts Corporation (PDC) has contributed to the transformation of darts
from a recreational activity into a professional competitive sport|7]. Today, darts is widely practiced
in Europe, North America, Asia, and other regions. With the increasing diversity of sports events
and activities, darts classes have been incorporated into physical education curricula for primary and



secondary school students[6]. As a result, an increasing number of experts have conducted research
into the biomechanics and techniques of dart throwing.

Huang (2024) et al. used an optical motion capture system to compare the differences in throwing
mechanics between professional and intermediate players at different target positions (high, medium
and low targets), and found that intermediate players had significant changes in shoulder internal
rotation speed and elbow rotation speed, while the professional group was relatively stable. In addition;
it was found that when the accuracy requirements were high or when using light darts, the elbow
pronation angle was larger and the wrist palm flexion velocity was higher[8].Letournel (2025), studied
the use of Xsens wearable IMU system to monitor the opponent, forearm, upper arm and shoulder in
real time, collect data such as angular velocity and acceleration, and analyze the differences in action
patterns and performance between the main hand and the non-main hand (lateralized lateralization),
providing empirical support for action control and training intervention[5]. Wolfe (2006) et al-showed
that the proximal carpal arrangement remains relatively stationary in dart movement,forming a stable
support platform; this biomechanical structure is of fundamental significance for, understanding the
wrist movement control mechanism.[9]

Predecessors used biomechanical and kinetic analysis methods to point out the key factors in dart
movement. It shows that factors such as hand joint movement trajectory; body stability, and throwing
speed are crucial to throwing performance, which provides a solid.theoretical=basis for subsequent
research.

However, previous research methods still have certain limitations)in dart sports: on the one hand,
in feature engineering, previous research focused on a certain problem in“dart sports, and lacked
analysis of interrelations among performance factors and failed to propose a quantitative evaluation
framework. And in terms of data collection, most of them use optical cameras to shoot athletes, and
the data obtained have large errors, making it impossible te obtain accurate data on athletes throwing
darts. There are also studies using human body wearable.devices to collect action data from athletes,
but this collection method also affects the results of dart players’ throwing.

On the other hand, there are limitations in the methods of darts training and coaching. The first is
that traditional dart player training relies on image observation methods. This is done manually by
the darts coach to analyze the darts players, and is greatly affected by the experience and ability of the
darts coach. Second, in traditional training methods, the features of movements cannot be quantified,
precise errors can be given, and it cannot,intuitively.show in which direction the athletes’ movements
need to be adjusted, and how much/movement adjustment can achieve a higher score. Usually just
some vague reminder. Third, some studies use template matching for training, but template matching
usually only adapts templates to most people and-cannot perform personalized analysis for individuals.

In general, this study was carried out from two aspects: the limitations of dart movement character-
istics and the shortcomings of training metheds. The purpose of the research is to build a data-driven
dart player assistance system based onsskeleton analysis and machine learning.

3. Methodology

The purpose ‘of this research is to improve the limitations of dart movement characteristics and
training methods, and.build a data-driven dart player assistance system based on skeleton analysis
and machiné learning. In the first part, this study will explore the factors that affect dart players’
scores, obtain comprehensive and complete dart characteristics, and establish a feature engineering for
dart sports. And a set of high-precision dart motion data sets were constructed through the kinect2.0
human posture sensor. This data set was used to verify the effectiveness of dart features, and also
provided a’data basis for the improvement of dart player training methods. In the second part, this
research will‘use a data-driven approach, combining kinematics and machine learning methods to
construct, a set of training methods that can help dart players improve their performance. Among
them, one-is to fit the athletes’ personalized optimal dart throwing trajectories, which allows dart
players to match their own movements and target movements, find the differences between them, and
thereby improve their performance. The second is to use the dart motion characteristics obtained in the
first part to analyze the errors in the athletes’ movements through z-scores, and to give personalized
improvement suggestions for these errors, so that the athletes can understand their own shortcomings.
This research will establish an automated, standardized, and personalized training system for athletes,



thereby providing scientific basis and technical support for athlete training. The overall idea of this
research is shown in Figurel.

Part 2: Model-to-Coaching Method: Fitted Optimal
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Figure 1. Methodology Flow Chart

3.1. Factors of Dart-Throwing Accuracy

In the first part of the research, it is necessary to determine the scoring factors that affect the dart
movement, quantify the scoring factors, and establish” feature engineering for the dart movement.
To this end, this study reviewed a large number of. literature and materials in related fields, and
conducted in-depth research based on the practical experience of professional darts coaches. Through
this process, the study summarized several important:factors that have a decisive influence on throwing
performance, including the three-link kinematiesmodel;the speed of throwing darts, body stability
and action angle.

3.1.1. Three-Link Kinematic Model

The Three-Link Kinematic Model, as shown in Fig.2, is a crucial action model in the darts movement.
In the technical analysis of dart throwing, the.throwing arm is often abstracted into a three-link
mechanism to use mechanical kinematics principles to model and explain the movement[10].
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Aiming position Backward move Backward move

Acceleration Acceleration - release Follow - through

Figure 2. The Three-Link Kinematic Model

The three-link kinematic model consists of three parts: the upper arm, forearm and hand. The
shoulder joint is the fixed point, and the elbow joint and wrist joint are two hinges respectively. During
the throwing process, the shoulders are usually relatively stable, serving as a support and reference
point throughout the motion. When the arm swings backward, the elbow joint should remain relatively
fixed to ensure the stability of the throwing action; only when the arm swings forward and the dart
accelerates, the elbow joint will rise with the trend, extending the acceleration path of the dart,
improving the guidance of the action, and thereby improving the accuracy of throwing. Through the



coordination of the three-link mechanism, the throwing arm can achieve efficient power transmission,
allowing the dart to obtain stable and controllable speed and direction[11].

Based on the three-link kinematic model theory, the research quantifies the joint motion of the
throwing arm and selects key motion indicators for time series curve analysis. Specifically, it is divided
into shoulder joint, elbow joint and wrist joint. The variation curve of shoulder joint pitch angle
over time reflects the movement pattern of the shoulder throughout the throwing motion, thereby
validating its role as a proximal stable fulcrum in the three-link system. The curve of the elbow
joint bending angle changing with time reveals the complete dynamic process of the elbow joint from
flexion to extension and finally release, highlighting its power transmission and acceleration function
as an intermediate link. Finally, the curve of the wrist extension angle changing with'time is used to
examine whether the wrist is unstable at the moment of release. The reverse control of the wrist helps
to accelerate and control the throwing direction.

3.1.2. Speed of Throwing Darts

In dart throwing, the throwing speed of the player is one of the key factors affecting-the-throwing
effect. The entire movement should reflect the coherence and controllability of rapid-delivery. Usually,
from the back swing of the arm to the release, the speed passes through the.shoulder joint, elbow
joint and wrist joint in sequence. The shoulder provides the overall driving force as the initial force,
and then the force gradually transitions to the elbow and reaches-aipeak.at the wrist.

This gradual power transmission method helps ensure the stability and coordination of movement,
allowing the dart to obtain the ideal initial speed and direction at the'moment of release, thereby
improving the accuracy of throwing. At the moment when the dart/takes off, the rapid ”shaking”
or "swinging” of the wrist joint can further give the dart-additional aceeleration, which not only
increases the speed of the dart, but also enhances the.stability of'the flight process. Especially for
skilled players, correct and effective use of the wrist can significantly improve the hit rate of darts.
However, if there is a lack of precise control of wrist movements, it may cause throwing deviations.
Therefore, its training and application needto be individualized and gradual[12].

Based on these theories, this study established a dynamic/indicator of the speed versus time curve
and a static indicator of the moment when.the dart was released. This helps us learn the force patterns
of accelerating, decelerating, and releasing torque. Fig:3.is the speed versus time curve.

0 50 100 150 200 250 300 0 50 100 150 200 250 300 350
() Speed of Throwing Darts for S1 (b) Speed of Throwing Darts for S2

Figure 3. Speed of Throwing Darts.

3.1.8. Body Stability

In the sport of darts throwing, movement stability is a core factor affecting performance and perfor-
mance. First of all, from a kinematic perspective, stable joint motion patterns (especially the coor-
dination of shoulders, elbows, and wrists) can ensure the repeatability of hand trajectories, thereby
reducing unnecessary energy loss and improving throwing accuracy[12]. The study found that high-



level players showed consistent joint angular velocities and trajectories across multiple throws, while
low-level players were more prone to fluctuations in shoulder and elbow joint control[8].

Based on these theories, this study established a series of quantitative indicators. Including grip
stability, head stability, trunk core stability and footstep stability. Grip stability reflects whether the
dart remains stable in the hand, and large fluctuations indicate unstable grip. Head stability evaluates
whether the head remains stable and whether the eyesight moves during the throw. Core stability
measures the stability of the body’s core throughout the throwing process. Finally, foot stability
assesses whether the lower body maintains a correct and stable posture to support overall movement.

8.1.4. The Angle of The Action

During dart throwing, joint angles are an important factor in determining the accuracy and stability of
the throwing. First of all, the angle changes of the shoulders, elbows, wrists and other joints determine
the trajectory of the hands and darts. Studies have shown that high-level throwers can maintain
relatively stable and repeatable angle control during the elbow joint flexion and wrist dorsiflexion,
thereby achieving a more accurate throwing trajectory|8].

Secondly, the angle selection of the moment of release directly affects the speediand direction of the
dart. For example, the extension angle of the elbow joint and the palm flexion.velocity of the wrist
are closely related to the release speed of the dart, and a slight difference in the release angle can lead
to a significant deviation of the landing point[12].Therefore, the action angle.notronly determines the
directionality of the power output, but also affects the stability and final landing point of the dart
flight.

(a) The the elbow anger of S2 (b) The the elbow anger of S3

Figure 4. The Elbow Joint Angle of The Action.

Finally, action angles alsoiplay an important role in different throwing strategies. Expert throwers
often compensate for-action timing errors by adjusting the angular acceleration of the elbow and
wrist, thereby maintainingsa high hit rate in high frequency throws[13].

Based on these theories, the study defines the following quantitative indicators. The instantaneous
shoulder joint pitch angle at release characterizes the elevation of the upper arm, which directly affects
the-release trajectory of the dart. The instantaneous elbow joint flexion angle at release reflects
the_degree of extension of the forearm, where excessive or insufficient values may impair throwing
efficiency. The instantaneous wrist extension angle at release describes wrist motion at the moment of
release, influencing both the release speed and directional control of the dart. The instantaneous trunk
yaw angle around the vertical axis at release evaluates whether the torso rotates in synchrony with
the throwing arm. In addition, the time-varying curve of trunk rotation about the vertical axis serves
as an indicator of core stability and the underlying force generation pattern. The instantaneous angle
between hand speed direction and the target direction at release quantifies the alignment between
the release motion and the intended target. Finally, the time-varying curve of the hand-to-bullseye
angle assesses whether the throwing trajectory remains accurately aligned with the dartboard center



or shows deviations.For example, the instantaneous elbow joint flexion angle at release is shown in
Fig.4

In general, through literature surveys and inquiries of professional dart coaches, this paper summa-
rizes four factors that influence dart throwing, and the study establishes 12 static indicators as shown
in Table. 1 and 6 dynamic indicators as shown in Table. 2.

3.2. Methods for Collecting Data.

The study uses Kinect 2.0 human posture recognition sensor and a dart target image acquisition device
as hardware system. In software systems, the study designs based on python program:-It can‘also
synchronize the athlete’s throwing video and dart landing position information, thereby realizing‘the
linkage analysis of scores and action postures. And a data foundation was established for subsequent
athlete assisted training systems.

3.2.1. Selection of Data Collection Equipment

Kinect is the XBOX360 somatosensory peripheral device officially announced by Microsoft on June
2, 2009. Kinect completely subverts the single operation of the game; making the'concept of human-
computer interaction more thoroughly. It is a 3D somatosensory, camera, and/t alsosimports functions
such as instant dynamic capture, image recognition, microphone input, veice recognition, and com-
munity interaction,as shown in Fig. 5.

Figure 5. Kinect:2:0<based human pose recognition sensor

The Kinect 2.0 sensor integrates multiple hardware modules, including a color camera capable of
capturing 1920x1080 RGB images; an'infrared camera for acquiring video images within its field of
view, and a depth camera that analyzesinfrared signals to generate depth maps of human subjects
and surrounding objects. Owing to these features, Kinect has been widely applied in research areas
such as medicine, biomechanics; robotics, meteorology, and optical control. In the study, Kinect 2.0
was primarily’employed to acquire both high-resolution color images and human joint data, enabling
accurate posture detection and/motion analysis of dart athletes.

Kinect has.a wide range.of applications in the field of scientific research, covering medicine, biome-
chanics; robotics, meteorological, and optical control. In the study, the study mainly uses kinect2.0
to obtain color image data and human joint node data to realize posture detection of dart athletes.

To obtain dartdanding data, the study was configured with a 1080p HD camera based on CMOS
sensor. Considering avoiding interference with athlete throwing movements, the camera is installed
under the’ dart' machine for shooting. In order to achieve subsequent image geometric correction, a
9x6 checkerboard calibration plate was pasted under the dart target to facilitate perspective trans-
formation and precise correction of the target image, as shown in Fig. 6.

3.2.2. Construction of Data Acquisition Software

In terms of the connection between Kinect2.0 hardware and information systems, the study intro-
duced the PyKinect open source library as an intermediate bridge to open up the technical interface
between the sensor layer and the application layer. The software systems is shown in Fig.7. With this
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Figure 6. Dart image acquisition equipment and the data acquisition scene

design, real-time collection, transmission and processing of motion data‘are realized, which not only
reduces the coupling between hardware and software, but.also/providées<a stable and scalable operating

environment for subsequent data management and analysis.

Figure 7. The Software Systems for Data Collection

3.3. Data Collection and Preprocessing
Data acquisition and preprocessing are a crucial part of scientific research, and data is the cornerstone

of artificial intelligence research.
During the entire data collection process, our collection objects were students from Zhongshan

Xiaolan Middle School, and they were conducted in the school’s dart training room. We run the
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acquisition system built in the previous article in our laptop, and use the USB interface to connect
the kinect2.0 device and the high-definition camera.

In the process of data processing, the study uses a combination of manual processing and automatic
processing to process video and image data using the opencv-python library, and enhance and propose
images information, which is conducive to the establishment of subsequent machine learning models.

3.3.1. Data Collection

The data for the study are from the student group of Xiaolan Middle School in Zhongshan City,
Guangdong Province, including four professional dart athletes from the dart team and.three ordinary
students, as shown in table 3. By systematically collecting the movement process of thesubjects, the
study obtains a large amount of original data with research value.

Table 3. Participant information and data collection summary

Category Subject Gender Height Weight Arm Span Num.

S1  Female 170 cm 58 kg ~165.cm 237

. S2  Female 168 cm 57 kg /170 cm', 251
Professional athletes S3 Male 168 cm 55ke 172 ¢ | V255
S4 Male 175 ¢cm 70 kg~ 180 cm 305

S5 Male 176 cm 55 kg 173 cm + 696

Non-professional athletes S6 Male 173'¢cm 55 kg, _165'¢cm 430
S7 Male 170-¢my. 60 kg - 168 cm 222

These data not only cover the normative and stable characteristics of professional athletes in throw-
ing movements, but also reflect the movement patterns, of ordinary students under non-professional
training conditions, providing a solid data basis for subsequent comparative analysis and model con-
struction.

To ensure the high-definition image quality and depth information accuracy of the collected data,
this article uses Kinect human posture sensor to record the movements of dart athletes during throw-
ing. In terms of data types, the system mainly collects color high-definition video data during athlete
throwing, and also obtains informationton'each’ node. Specifically, each frame of the image contains
25 skeletal joint nodes, and each joint.node«comes with three-dimensional spatial coordinates (x, vy,
z), as shown in Fig. 8.

Head
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ShoulderLeft ShoulderRight

SpineMid Elbow Left
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KneelLeft KneeRight
AnkleLeft AnkleRight
FootLeft FootRight

Figure 8. 25 skeletal joint points[14]

In order to achieve the quantitative analysis of the throwing action of dart athletes, the data of

12



the athlete’s throwing process are collected, and the relevant data of the dartboard are collected, as
shown in Fig. 9. By obtaining target data, the distance between the dart landing point and the target
center can be accurately calculated, thereby providing objective evaluation indicators for the athlete’s
throwing action. This indicator can not only be used as a direct measure of throwing accuracy, but also
can establish a unified reference for subsequent action feature extraction and performance analysis.

Figure 9. Dart image example

3.3.2. Data Preprocessing

Data processing is an important part-of scientifictexperiments. Through reasonable data processing,
some abnormal data can be filtered out to ensure the accuracy of the data and the effectiveness of
the experiment.

In the manual processing stage, the study first classified the data, which is divided into professional
athlete data and non-professional data. We'filtered out data that were unclear, incomplete, obstructed
in the middle and there were unrelated personnel entering during the shooting process. We conducted
a comprehensive screeningof the integrity-of the data.

During the collection 'of dart-throwing motions, variations in the duration of each throw among
athletes lead to incomnsistencies in“themumber of acquired skeletal joints points frames. Such discrep-
ancies in frame counts adversely affect subsequent motion comparison, temporal feature extraction,
and model training. To address.this issue, the study employs cubic spline interpolation to perform
time-domain resampling and completion of the joints points trajectories for each throwing motion.

Specifically, the joint point sequences collected during each throw were first normalized to a fixed
temporal length (120 frames in the study). On this basis, cubic spline interpolation was applied
separately to the three-dimensional coordinates of each joint points to generate trajectory sequences
of equallength. /This approach not only ensures smooth transitions while preserving the original
variation trends.in the data, but also effectively retains the temporal characteristics of the motion,
thereby providing a consistent and reliable data foundation for subsequent analysis and modeling.

3.8.8. Dart-to-Bullseye Distance Measurement Method

Since the camera needs to avoid interference with the athlete’s normal throwing movements during
installation, the shooting angle cannot face the surface of the dart machine, so the collected images
have obvious tilt and perspective distortions. If not corrected, the dart landing points will deviate
between the image coordinate system and the actual physical coordinate system, thereby affecting
the accuracy of landing point detection.
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To solve this problem, the study pasted a chessboard calibration plate to the surface of the dart
machine before the experiment began, and obtained the camera’s internal and external parameters
and distortion coeflicients through the camera calibration process. In the image processing stage, the
obtained calibration parameters are used to perform inverse projection operations on the original
image, eliminating the distortion and perspective effects, thereby realizing geometric restoration’ of
the image.

Algorithm 1: Dart tip detection and distance to bullseye (short)

Input: Video V; chessboard (9x6); bin. threshold T’; resample N

Output: Tip pyp, center c, distance d
Read final frame I and a pre-final Iy from V;
forTe {I, I }:
L if chessboard found = warpPerspective to canvas;

Denote rectified Fq, Fo;

Detect bullseye on F; via HSV (red+black) + morphology = best circle center c; if fail = HoughCircles
+ black-fill check;

6 Crop square ROI around ¢ from Fp, Fy; D« |blur(Rgz) — blur(R;)|; percentile bandpass = binary mask

M=(D>T)

7 Extract largest contour C; PCA axis v, centroid X; Resample C to N points, smooth, compute curvature
ki; Score outer candidates s; = &; - (1 + w [(p; — X)-v]4+); if maxs; invalid then

L (i) skeleton endpoints farthest from x; else

(oL

©

| (ii) farthest contour point from x;

ggi) and refine locally;
(ro

11 Restore to full image: pyip = pt,-pi) + (20, 0); d = ||Ptip — cll2; return (piiy, cid).

10 Pick best p

For the dart plane (i.e., the checkerboard calibration plane), a homography transformation matrix
H between the world coordinate system and the image.coordinate system can be established, and the
relationship is as follows:

U X
s |vf'=H [¥ (1)
1 1

where (X,Y') represents the real physical.coordinates on the dart plane, (u,v) represents the corre-
sponding image coordinates, and s:is thesscale factor. By calculating and obtaining the inverse matrix
of H, the image obtained by tilting can beremapped into an ideal orthogonal projection image. The
image comparison before and after correction is shown in Fig. 10.

(a) Before calibration and cropping (b) After calibration and cropping

Figure 10. Dartboard images before(a)/after(b) chessboard-based correction and cropping.
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After the perspective correction is completed, the restored image is equivalent to the result collected
from the camera’s position facing the dart machine. This not only ensures the one-to-one correspon-
dence between the image coordinates and physical coordinates of the dart, but also lays a reliable
geometric foundation for subsequent landing detection and accuracy evaluation.

To achieve high-precision recognition of the distance between the dart landing point and the bulls-
eye, the study develops a set of image processing and object recognition algorithms based on OpenCV:
The process of identifying darts is shown in Fig.11 and the algorithm1.

High-precision Recognition of

The Distance

1.Chessbo \4’
Perspeci orrection
a a Coe el

2.Bullseye Localization
Identification

The HSV color space conversion { .
3.Dart Tip)Detection

Confidence Rating Selection

Shape matching

4.Distance Calculation Mask filtering

Difference filtering

Figure 11. Distance measurement flow chart

The image data are first corrected using a chessboard calibration method. After completing the
perspective correction of.dartboard/images, the system compares the final frame of the throwing video
with the 18th frame(captured before and after the dart is released, thereby filtering out redundant
information. This process facilitates the accurate identification of the dart.

For bullseye localization, the algorithm first utilizes the HSV color space to extract the red outer
ring and the black inner region from the geometrically corrected image. Candidate regions that do
not meet the requirements are discarded by filtering based on the area and circularity of the red ring.
The minimum enclosing circle of the red ring is then used to determine the candidate center and
radius..Subsequently, the proportion of black pixels in the inner region is calculated for verification,
thereby ensuringtheaccuracy of bullseye detection. When multiple candidate regions are obtained, the
algorithmassigns scores according to circularity, area, proportion of inner black pixels, and proximity
to_ the image center, selecting the highest-scoring region as the final bullseye position. If red ring
detection fails, the method falls back to Hough circle detection for small circle identification, combined
with inner black ratio verification to confirm the bullseye position, as shown in Fig.12.
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(a) Enclosing circle of the red ring (b) Bullseye’s recognition results

Figure 12. (a) is the Enclosing circle of the red ring obtained through the color mask, and (b) is the result of bull’s eye recognition.

For dart tip detection, the system applies frame differencing between two selected images, followed
by blurring, normalization, threshold segmentation, and morphological.operations to generate a mask
containing only the dart. The largest external contour is.extracted from.the mask, and its contour
points are resampled with equal arc length and smoothed. Prineipal component analysis is then
employed to calculate the orientation of the contour’s major. axis, after which the curvature and
outward projection intensity of each contour point are computed. Among the outer contour points
and convex hull points, the most probable tip position is determined through a comprehensive scoring
process,which is shown in Fig. 13 . If this procedure fails; a skeletonization algorithm is applied to
identify the endpoint farthest from the conteur centroid. as the candidate tip; if this also fails, the
point on the external contour most distant from’the centroid is directly selected as the dart tip.

(a) Mask of the dart tip (b) Bullseye’s recognition results

Figure 13. (a) is the Mask of the dart tip obtained through frame differencing, and (b) is the result of dart tip recognition.
Finally, map the position of the dart tip in the local coordinate system back to the global image

coordinate~system. Then, the FKuclidean distance between the detected dart tip and the identified
bullseye.is calculated to obtain a final measure of dart landing.
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3.4. Use GDA to verify the effectiveness of 18 features

In order to verify the effectiveness of the 18 features, this study used the Gaussian discriminant model
and shap Value methods for verification. The reason why this article uses the Gaussian distribution is
because the score distribution of dart players conforms to the Gaussian distribution,as shown in the
Fig.14. Using the Gaussian discriminant model can determine whether the 18 features can distinguish
professional athletes from non-professional athletes. If the dart action can be successfully distinguished
whether the dart action is correct or not, it proves that these 18 features are effective. This/study
also used shap value verification. Shap value can determine the impact of each feature on the\scoring
factors, thereby determining which dart movement features should be emphasized.Next isthe specific
experimental method.

Motion data were acquired using a Kinect 2.0 body posture sensor from both professional and
non-professional dart players. Following data acquisition, preprocessing was performed by resampling
the joint trajectories to 120 frames via cubic spline interpolation within a temporal'window of 250
ms around the release instant, identified by peak hand velocity. From the normalized trajectories, 18
biomechanical features were extracted. These features were subsequently: used to train a Gaussian
Discriminant Analysis (GDA) model. Once trained, the model enabled automatic scoring of new mo-
tion data by computing the same set of features and evaluating them against the learned discriminant
function.

100

80

60 1

Score (0-100)

40 A R

20 A

0 L

T T
Non-Pro Pro

Figure 14. Distribution of shooting data

8.4.1. Two-class Gaussian Discriminant Model

When usingthe Gaussian classification model for verification, this study first extracted 18 character-
istic sports features of professional athletes and non-professional athletes, converted these 18 features
into 18-dimensional vectors, and then input the vector into the Gaussian model. Gaussian fitting was
performed om.professional athletes and non-professional athletes respectively. The fitting results were
two types of/distribution probabilities. The model judgment method is to bring the data into the
two Gaussian'models that have been fitted, subtract the probabilities of the two models, and use the
obtained, values to determine which type the data belongs to. If the obtained value can success-
fully distinguish the type of data, it means that the Gaussian discriminant model is effective, further
indicating that these 18 features can effectively represent the characteristics of the dart throwing
action. The training process of the Gaussian discriminant model is shown in the algorithm?2.
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Algorithm 2: GDA-based scoring for dart-throwing motion

Input : Professional set X, = {xi}fy:pl, Non-professional set X,, = {x;} X", regularizer € > 0,

feature dim d=18, (optional) priors 7,, 7,, new sample z("°W)
Output: Predicted label § € {pro,non}, calibrated score sg.199 € [0, 100]
1 Stage A: Train GDA;
2 for c € {p,n} do
1
3 He < ﬁ ZiEC L
4 Ye + cov(X,) + €l // diagonal regularization
5 end for Optional
— Ne
N, + N,’
7 Stage B: Calibrate raw margin on train set;
8 Strain — @;
9 foreach z € X, U X,, do
10 for c € {p,n} do

6 T,

11 | le(z) «+ =% [(z — pe) TS (@ — pe) + log det S + dlog(2m)]:
12 end for
13 m(x) < ly(x) — Ly (2); //_discriminant margin

14 Append m(x) to Sirain;
15 end foreach
16 Compute Mmin, Mmax rom Sirain ;
17 Stage C: Inference for z("e");
18 for c € {p,n} do
19 ‘ b+ —2[(x0) — p) TR (2™ — ) + log det B, + dlog(2r)];
20 end for
21 m Uy — Up; // raw discriminant score
22 § < argmax{{y, {, };
23 Stage D: Map margin to [0, 100];
T Moin g, 100);
Mmax — Minin

24 S0-100 < chp(lOO X

25 return (9, S0.100);

For the set of professional samples X, = {:ch}fvzpl and non-professional samples X,, = {xi}f\’:"l, an
18-dimensional multivariate‘Gaussian distribution was fitted for each class:

fe = — T4 Y. =cov(X,) +el, c € {p,n}. (2)

where € = 1075 is a‘diagonalregularization term introduced to ensure the invertibility of the covariance
matrix . and to improve numerical stability. Each feature vector x € R'® consisted of 18 indicators,
including throwing velocity, joint angles, and stability metrics.

Log-likelihood:The log-likelihood of any sample x under class ¢ was computed as

log pe(z) = =% |(z — o) ' 27N x — pe) 4 log det ¥, 4 dlog(2r) (3)

where/d = 18 ‘denotes the feature dimension.
The discriminant function was defined using the log-likelihood difference:

score(x) = log py(x) — log pn () (4)

Finally, the scores in this article are mapped to 0 to 100 by using the method of max-min.
In short, this study is based on the joint point action data obtained through the Kinect 2.0 sensor,
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and based on four factors that affect the dart score: the link model, the throwing speed of the dart,
the angle and stability of the dart when throwing, 18 biomechanical features were extracted and a
Gaussian discriminant analysis model was trained. The results of the Gaussian discriminant model
were used to verify the effectiveness of the four factors that affect the dart score and the 18 extracted
features.

3.5. Trajectory Fitting Method for Dart Throws

After completing the validity verification of the four factors that affect the dart scorewand the 18
extracted features. The second part of this research has begun, establishing a data-driven darts sports
auxiliary training system based on skeleton analysis and machine learning. Traditionally, darts playets
have relied primarily on the experience and demonstration of coaches for technical'guidance.. However,
this approach makes it difficult for coaches to clearly communicate their intentions, and athletes
often have considerable challenges in fully mastering the basic elements of the technique. Moreover,
many training standards are determined by the personal characteristics of the.coach rather than the
personal characteristics of the athlete. Therefore, personalized training guidelines that are developed
based on the athlete’s own performance data and adapted to increasing skill levels will greatly increase
training efficiency. To this end, this study uses a large number of dart motion recording data sets to
conduct trajectory fitting experiments, aiming to obtain personalizedroptimal trajectories. To achieve
this goal, this study first proposes to identify a high-quality 'subset of throwing trajectories from
athletes’ historical data. The selection of these superior trajectories is based on a weighting scheme
that combines trajectory stability and the distance betweensthe dart’s landing point and the target.
Weighted fitting and coordinate translation are then applied to obtain‘an initial fitted trajectory,
which is subsequently refined using a minimum jerk model to proeduce the final optimal trajectory.
As athletes’ skills improve, the quality of data collected is expected to improve, allowing for further
refinement of optimal trajectories.The framework-is shownin the Fig.15.

Fitting by changing hyperparameters and kinematics

Fit the optimal trajectory

— Ha

Use jerk rating and dart score to- make selections

Figure 15. Flow chart of optimal trajectory fitting

To achieve this. objective, the study first proposes identifying high-quality subsets of throwing
trajectories from the athlete’s historical data. The selection of these superior trajectories is based
on a weighting‘scheme that incorporates both trajectory stability and the distance between the dart
landing pointiand the target. Weighted fitting and coordinate translation are then applied to obtain
an initial fitted trajectory, which is subsequently refined using a minimum-jerk model to produce
the final optimal trajectory. As the athlete’s skill improves, the quality of the collected data is also
expected to increase, thereby enabling further refinement of the optimal trajectory.

It'should be emphasized that the ultimate goal of dart training is to achieve precise control such that
the dart.lands exactly on the intended target. However, in this experiment, for reasons of feasibility
and optimization of the experimental protocol, athletes were instructed to aim specifically at the
bullseye. The experiment was therefore conducted under this assumption.
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3.5.1. Selection of Optimal Dart-Throwing Trajectories

The research needs to use reasonable methods to filter out the 200 latest historical throwing data and
select higher quality trajectories from them.

In terms of selection method, the selection algorithm of this study can combine the distance between
the dart’s landing point and the dart’s bull’s-eye to select a better throwing trajectory with high scores
and throwing action. Specifically, this study first performed data standardization operations. Select
the manual speed peak positioning of the release frame, intercept the 250ms clips before and after
the release, and resample to a fixed length of 120 frames after cubic spline interpolation. Only the 6
joints of the right arm (shoulder, elbow, wrist, hand, fingertips, thumb) are retained and samples with
off-target abnormalities are eliminated. In terms of judging the quality of an action, the’goodness”
of each sample is weighted w. This weight contains information about the distance from the dart to
the bullseye and information about the stability of the action. The specific calculation formula is as
follows:

exp(—a - distance)

- vV1+0b-jerk
jerk = ZHAghk‘
k

()

2
27

where the distance between the dart landing point and the bullseye and the jetk is‘defined as the sum
of squared third-order derivatives of the hand trajectory, which serves as a_quantitative measures of
motion smoothness. A smaller distance corresponds to a higher weight./Aslower jerk value indicates
smoother motion and is therefore assigned a higher weight.

Parameters:

a=025 b=1x104 (6)

where b is used to control the penalty strength of jerk. Finally, the weight w is selected from the
first 30 best curves in order from large to small:

3.5.2. Fitting of Throwing Trajectory

In optimal curve fitting, the study.uses minimum-jerk fitting, a kinematic smoothing method derived
from human motion control theory. Natural human movements (such as stretching and throwing)
tend to follow the minimum jerk principle[15].And our optimal curve fitting process is shown in the
algorithm3.

In the updated weighting scheme, a‘two-stage strategy was employed. In the first stage, a prelimi-
nary ranking of all trajectories was'performed by assigning weights that jointly considered throwing
accuracy and motion-smoothness..Specifically, each sample’s weight was defined as

exp( —a di)

VI+b-J

where d;ydenotesthe’dart—bullseye distance of sample 4, J; is the hand jerk cost, and b > 0 is a scaling
factor. In‘this formulation, throws landing closer to the target (d; small) and exhibiting smoother
kinematics (Jpsmall) are assigned larger weights. The jerk cost J; is explicitly computed as

Ji =Y || A%ptAN|%, (8)
t

wi(a) = i €S, (7)

where AgngAND) is the third-order finite difference of the hand trajectory at frame t. The top-K
trajectories were then selected based on (7).

In the second stage, rather than using a fixed parameter, the weighting parameter a was treated
as a tunable hyperparameter and optimized directly on the fixed top-K set. The objective was to
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Algorithm 3: Optimal Throwing Trajectory Fitting

© ® N O Uk W

10
11
12

13
14

15

16
17

18
19
20
21
22
23

24

25

Input: RawTrials = {trialy, ..., trialy }; PRE_MS= 250, POST_MS= 250, N=120, K=30;
a0=0.25, b=10"*, A>0; JointsUsed=[Shoulder R, Elbow_R, Wrist R, Hand:R,
HandTip_R, Thumb_R|, TrunkJoint=SpineShoulder.

Output: A* (smoothed reference), a* (optimized weight).

// Stage 0: preprocess all trials

S <+ 1]

foreach trial € RawTrials do

r < locate_release_by_manual _speed _peak(trial)
seg < clip_window(trial, center = r, pre_-ms = PRE_MS, postams = POST:-MS)
A < seg.positions|[JointsUsed]; ¢ <— seg.positions[TrunkJoint]
A cubic_spline_resample(A4, N);
t cubic_spline_resample(t, N)
if is_off-target(seg.meta) then
L continue
d < seg.meta.dart_to_bull_distance;
T 5 A%
append (ﬁ,a d,J) to S

/7 Stage 1: initial ranking with fixed qg
foreach (ﬁ(i)f("), d;,J;) € S do
L w; +— exp(—apd;)/v/1+ bJ;
Sort S by w; (desc); Sk « first K items
// Stage 2: learn a on Top-K and build template
foreach (A\(i),f(i), d;, J;) € Sgndo
L w;(a) < exp(—ad;)/v/14.bJ;
Normalize {w;(a)} so that > . w;(a) =1
A« ZiesK w;(a) A(i)§ t < ZieSK w;(a) t@

8 Yies, wila) (A!

0 )

-,shoulder

./Z((a)lﬁj — ﬁk,j == (Ek + —gk < Zk,shoulder)

a* < argmin, »
Set A « A(a*)

1€ESK

MSE(A(a), A1)

// Stage 3:'minimum-jerk smoothing
Form D3 (third-order difference); solve along time

(In +AD{ D3) A* = A

for each joint.j=0..5 and coordinate ¢=0..2 (banded SPD solver)

return 4%, a

E3
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minimize the total mean squared error (MSE) between the weighted template curve and the selected
trajectories,

a* = argmain ZMSE(Q(a), .Zl\(i)), (9)

1€S

where Q(a) denotes the weighted template trajectory constructed using weights {w;(a)}.

This two-stage weighting process integrates accuracy and naturalness while allowing data-driven
adjustment of the weighting parameter, resulting in a more robust and physiologically meaningful
reference trajectory.

The weighted averaging process was applied to obtain representative trajectories of the right arm
and trunk. Specifically, the weighted mean trajectory of the six right-arm points was computed-as

A= wi(a®) A e RNX6x3, (10)

i€S

while the weighted mean trajectory of the SpineShoulder point was t-=23", s w;i(a*) t e RN*3 To
account for the relative displacement between the shoulder and-SpineShoulder, the weighted mean
offset was defined as

5 = Y wila) (A feer 38 (11)

1€S

To prevent drift of the averaged shoulder position, each frame k/was translated such that

Avk:,j = Zk,j + (Ek + Sk - ]k,shoulder>7 j = 17 v 367 (12)

thereby ensuring that the averaged shoulder position/follows the SpineShoulder trajectory with the
mean offset. This alignment guarantees that the‘shoulder consistently follows SpineShoulder motion
throughout the trajectory. B

Subsequently, minimum-jerk smoothingwas applied to the aligned trajectory A to obtain the refined
curve A*. The optimization was formulated-as

. 21 ~12 A 2
a0 i La- AP + 2 Ipaal. 13

where the first term keeps/the final trajectory close to the weighted, trunk-aligned mean .Z, and
the second térm penalizes-the third-order finite difference (jerk) along the temporal axis to enforce
smoothness, with A > 0 the smoothing weight. The associated normal equations are

(In +ADJ D3) A* = A, (14)

with Iy the N x N identity. The left-multiplication acts along the time dimension and is broadcast
over the 6'x 3 channels, so the resulting symmetric positive-definite banded system can be solved
efficiently (e.g., via Cholesky factorization) to yield A* € RV*6x3,

In summary, the 30 most accurate and stable trajectories were first selected from the recent 200
movements. The form of changing the hyperparameter a will be used to fit the trajectory with the
smallest MSE of the 30 better trajectories, and further refined using minimum jerk optimization to
enhance smoothness. The resulting trajectory not only reflects the athlete’s individual movement pat-
tern, but also retains a natural and physiologically reasonable form, thereby providing a more effective
imitation learning reference for darts players and ultimately promoting performance improvement.
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3.6. Guidance and Recommendations for Athletes

To achieve scientific evaluation and provide personalized feedback for dart-throwing performance,
the study designed a function-driven assessment framework. Motion data were first collected from
the target athletes. After selecting the 30 most representative throwing actions from the 200 newest
actions, the data were preprocessed and 18 fundamental kinematic features were extracted, which
were then used to design and train the evaluation model. Once trained, the model was capable. of
assessing athletes’ throwing actions and providing targeted feedback. Furthermore, subsequent motion
data from athletes were continuously updated into the database and incorporated into theaxefinement
of the evaluation model. Through this iterative optimization, the model adapts in parallel\with the
athlete’s skill development, thereby ensuring progressive improvements in both evaluation accuracy:
and training efficiency.

3.6.1. Selection of Optimal Throwing Trajectories

In selecting the most representative dart-throwing actions, the distance between.the dart landing point
and the bullseye was adopted as the primary evaluation criterion. Initially; unreasonable actions were
manually excluded. Subsequently, the landing distances were automatically computed ‘and ranked
in ascending order. From the most recent 200 throws, the top 30 actions with the smallest landing
distances were selected as the representative high-quality samples.

3.6.2. Recommendation Model

In constructing the recommendation model, this study uses the mean and standard deviation of each
key feature to evaluate whether an athlete’s movement is standard, and to calculate the deviation
between the athlete’s movement and the optimal.movement. If the deviation is large, corresponding
improvement suggestions are provided.

During the evaluation of a new motion, the same 18 features were computed. The deviation between
the new action and the high-quality reference distribution-was then quantified using the z-score. Based
on the magnitude of the z-score, tailored recommendations were provided to guide the athlete in
correcting and refining their technique. The whole process is shown in algorithm4.

For a new sample feature of the motion, denoted as x&new), the z-score was computed as

(new) —

L 7 1
= O']‘—f-E (5)

wheree is a small positive constant’ introduced to prevent division by zero.
Based on the absolute/magnitude‘of z;, performance was categorized into three levels:

e |z;| < 1.0: acceptable;
e 1.0 < |zj] < 2.0: slight deviation;
e |z;| >2.0: significant deviation.

In summary, the most recent 200 motion records of each athlete were analyzed, from which 30 high-
quality dart<throwing actions were selected. For these actions, 18 motion features were extracted, and
the mean_ and standard deviation of each feature were computed to serve as reference values. New
actions weresthen evaluated by calculating the deviations of their features from these references.
Finally, based on the magnitude of these deviations, appropriate recommendations were provided for
each feature.

4. Result
After two parts of the systematic research methodology, this experiment realized the exploration of

the factors that affect dart scores, and successfully established the static characteristics of 12 dart
movements and the dynamic characteristics of 6 dart movements. Then, by establishing dart player
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Algorithm 4: Baseline-guided recommendation via z-score (BRZ)

ECT- YIS TS CR R
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Input: Recent motion records R = {r;}}4 ; feature extractor ®(-)— R!8; hit-distahee.d(r;) or

quality score; K: number of high-quality motions; €: small constant; thresholds
T = {1.0,2.0}.
Output: Per-feature verdicts and suggestions S, and overall verdict.

Step 0. Candidate selection
Initialize candidate pool C' < (;
foreach record r; € R do
if r; is valid then
T; < (I)(T’Z‘);
q; < quality from d(r;);
C <« CU{(ri,zi,q)};

Filter C' with IQR on ¢;;
H < top-K instances from C by ¢;; // high-quality set

Step 1. Baseline distribution
for j =1 to 18 do
pj < mean({z; | (-, z,) € H});
oy std({z; | (.)€ H})

Step 2. New motion evaluation
pmew) D (Tpew);
for j =1 to 18 do
L iIj(new) o
g K
Zj e —

o;+¢

Step 3. Per-feature grading
S+ 0;
for j =1 to 18 do
if |z;] < 1.0 then
verdict; «=-“acceptable”;
suggestion; <— “keep current technique”;
Ise if {z;| < 2.0 then
verdiet; < “slight deviation”;
suggestion; <= small adjustment for feature j;
else
verdict; <= “significant deviation”;
suggestion j<— strong correction for feature j;

]

| S S UL, 2, verdict;, suggestion;) };
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shooting hardware based on kinect2.0 and using the pyKinect library in Python, the shooting software
was established, achieving the shooting of 1048 videos of 4 professional athletes and 1348 videos of 3
non-professional athletes. Next, based on the data, the GDA model and the shap value method are
trained to verify the effectiveness of the 18 features. In the second part, this experiment established
a machine learning model by extracting 18 dart movement features verified in the first part basedon
the data captured from professional and non-professional dart players, and implemented a data-driven
dart player auxiliary training system based on bone analysis and machine learning. One is to fit. the
best throwing trajectory for the dart movement, and the other is to generate personalized suggestions
for movement improvement. Used together, these two methods can help significantly improve athletes’
performance and realize the automation, standardization and personalization of darts-training.

4.1. Accuracy of Dart-to-Bullseye Distance Detection

In the measurement of the distance between the dart and the bullseye, the study ‘achieved promising
results. Across 2,396 test samples, the experiment yielded a Pearson correlation'coefficient of 0.917 and
a mean absolute error (MAE) as low as 7.77, as illustrated in the Fig.16:These findings demonstrate
that the dart image processing and recognition algorithm developed in«this work can accurately detect
both the dart and the bullseye, thereby enabling precise distance measurement.
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Figure 16. The result of Distance measurement

4:2. Result.of GDA Model

In.the process of verification using the GDA model, this study fittes Gaussian models to the sports
data of professional athletes and non-professional athletes respectively. By comparing the results of
the two models to distinguish the types of data, the results show that the model can effectively
determine the type of dart player, which also proves that the 18 features of dart movement can well
represent the quality of dart movement, and has established a complete feature engineering for dart
movement. Regarding the score limits for distinguishing the two athletes, this experiment verified
various value limits and found that when 78.2 is used as the threshold, the model has the highest
accuracy in distinguishing the two athletes, reaching an accuracy of 90.6%, as shown in Figure 17.
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During the verification process, we used the model to evaluate each athlete, and averaged the results
of each athlete’s 10 action evaluations. The table below4 shows the evaluation results produced by
applying the scoring model to each athlete. The evaluation results verified the accuracy of the model in
distinguishing professional athletes from non-professional athletes, and also verified the effectiveness
of 18 dart throwing action features.
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Figure 17. Accuracyof the dart action scoring model.

Table 4. Results of the scoring model(use 78.2 as the threshold)

Category Participant  score result

S1 80.202 good

fossi S2 83.889 good
Professional athletes 93 79.433  good
S4 81.280 good

S5 75.966  bad

Non-professional athletes S6 59.965  bad
ST 67.221  bad

4.3. Shap Value Analysis Results of 18 Motion Features

Inthis study, based on the GDA model analysis, 18 dart throwing characteristics were analyzed using
the shap value method. The SHAP analysis is shown in Figurel8. By performing shap value analysis
on 18 dart throwing features, we can explore the importance proportion of the 18 features that affect
dart scoring. Shap value results show that release speed, release alignment angle and trunk
yaw are the most influential motion features for motion quality. This result is consistent with previous
biomechanical studies that have highlighted throwing speed, alignment control and trunk stability as
decisive determinants of dart performance
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Figure 18. 18 feature analysis figures of GDA model

444. Trajectory Fitting Results and Performance FEvaluation

Insthe second part of this study, in order to establish a data-driven auxiliary training system for dart
players based on bone analysis and machine learning, this study carried out personalized optimal tra-
jectory fitting for athletes. By selecting 30 high-quality throwing movements from the athlete’s recent
200 throwing attempts, and using the minimum acceleration fitting method, the optimal throwing
movement of athlete S3 was successfully derived. The obtained fitting trajectory is as shown in the
corresponding figurel9 shown.

It can be observed that in the fitted throwing trajectory, the athlete’s shoulder remains relatively
stable. During the backward swing of the arm, the elbow joint is maintained in a relatively fixed
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position to ensure the stability of the throwing motion. It is only during the forward swing and dart
acceleration phase that the elbow joint rises in response'to the need for extending the acceleration
path. This behavior is in full accordance with the principles of the three-link kinematic model.

In terms of stability, the throwing trajectory.exhibits a smooth.and continuous profile. Apart
from the forward and backward arm swings observed during the dart preparation phase—which are
characteristic of the aiming process in dart throwing—no excessive tremors or unnecessary fluctuations
are present. This indicates that the trajectory also satisfies the'stability requirements of effective dart-
throwing motion.

Through analysis of the three-link«kinematic struecture and motion stability within the optimal
throwing trajectory, the effectivenesscand success ‘of the optimal dart-throwing trajectory fitting
method are substantiated.

4.5. FEwvaluation of the Personalized’ Training Recommendation System

In the final stage of the experiment, to further support athletic training and assist athletes in optimiz-
ing their movements, a recommendation. medel was successfully established based on 18 extracted kine-
matic features. This model provides personalized guidance by generating intuitive, conversational-style
suggestions, offering athletes with*meaningful and actionable feedback. An example of the athlete-
specific guidance generated by the.system is presented. A suboptimal dart-throwing motion, as shown
in Fig. 20, from a non-professional athlete was input into the model, which subsequently returned a
set of targeted recommendations for movement improvement.
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Figure 20. One of Not'standard action from S6

Abnormal elbow behavior in the three-link mechanism (|z|max = 9.72): During the backward
swing, the elbow should remain largely sstationary. It should rise naturally only at a specific
point during the forward swing and acceleration phase, enabling a fully extended, linear release.
Significant deviation in trunk stability during motion (|z|max = 8.11): Emphasize consistency
training for movements within the 100 ms‘ptrior. to release.

Irregular acceleration curve (|2fmax = 6.18): Maintain a continuous and uniform acceleration
rhythm; avoid the “pause<re-accelerate ~7pattern.

Excessive release velocity (z'= 5.94):. Reduce the amplitude of the backswing, keep the motion
relaxed, and ensure thatithe speed results from steady acceleration rather than abrupt force.
Insufficient trunk stability at'the release moment (z = 5.82): Engage the core, minimize body
sway, and keep'thelcenter of gravity stable over the supporting foot.

Inadequate head, stability at.release (z = 1.53): Maintain steady gaze on the target; avoid
nodding or lateral moyvement to preserve a consistent visual axis before and after release.
Deviation in aiming angle (z = 1.52): Ensure a straight release path with minimal wrist supina-
tion or pronation.

Forward shoulder rotation at release (z = 1.11): Stabilize the shoulder angle to serve as a
consistent support point throughout the motion.

Premature release (z = —1.54): Complete stable acceleration before finger release. Use verbal
timing cuesSuch as “pull-hold-release ?to reinforce rhythm.

Abnormal elbow extension at the moment of release (z = —2.63): Ensure full extension of the
elbow during the release phase.

These recommendations comprehensively integrate multiple dimensions of analysis-including the
three-link kinematic structure, motion stability, throwing speed, and joint angles-resulting in well-
roundediand rational feedback for the athlete. Moreover, the suggestions are articulated in an intuitive
and accessible manner, making them both accurate and actionable. The model-generated guidance
has been positively recognized by professional dart coach for its clarity and practical value.
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5. Discussion

The experimental results of the study show that this study explored four factors that affect dart scores,
namely the three-link kinematic model, the speed of dart throwing, the athlete’s body stability and
the angle of dart throwing, and summarized 18 quantifiable dart movement characteristics. Through
the GDA model verification and shap value verification established with a large amount of data, the
effectiveness of the 18 features was proved, and a feature basis was established for dart movement.
In the second part, this research successfully established a data-driven auxiliary training system for
dart players based on bone analysis and machine learning. Two auxiliary training methods, optimal
trajectory fitting and personalized recommendation, are implemented. Together, thesetraining meths
ods enable accurate analysis of dart throwing motion and provide athletes with scientifically based
feedback.

However, although this experiment has established a relatively complete feature éngineering.for;the
sport of darts and verified these features, these features are not comprehensive. The features are’only
based on human kinematics and do not take into account the environmentalfactors and/psychological
factors of dart players. These factors will also have a greater impact on athletes.

The optimal trajectory fitting model can derive personalized throwing motions and-can be gradually
improved as the athlete improves. However, this model has certain limitations. Specifically, it currently
only supports trajectory fitting for fixed targets (i.e. bullseyes), whereas players!typically aim at
various designated areas on the dart board. Furthermore, the model lacks sensitivity to fine-grained
motion details and requires high-quality input data for reliable performance. Moreover, displaying the
optimal curve through a two-dimensional throwing process cannot allow dart players to intuitively
understand the action. In the future, we hope to combine the augmented reality technology (AR) to
establish a three-dimensional visualization of the optimal curve.fitting to facilitate dart players to
understand the action and improve the training effeet.

The recommendation model provides personalized, data-driven feedback that is both scientifically
based and easy for athletes to understand. By integrating specific biomechanical indicators, the system
can help athletes identify and correct specific mevement-deficiencies. However, the types of feedback
suggestions are still limited, and the language expression of/guidance is relatively uniform. In future
work, this research aims to integrate large.language models to enhance the richness and adaptability
of recommendation outputs.

In future work, this study aims, to/address the/identified limitations and further enhance the func-
tionality of the system. Specifically; the research.plans to extend the trajectory fitting model to
support user-defined positions of the entire dartboard, rather than just the bullseye, and use AR
technology for visualization. Finally, the study envisions combining recommendation models with
large-scale language models“to achieve more accurate, diverse, and context-aware feedback, thereby
further improving system adaptability and user experience.

6. Conclusion

In summaryy this study explores the four factors that affect dart scores, and summarizes 18 quantifiable
dart motion features. Through GDA model verification and shap value verification, the effectiveness
of the 18 features was proved, and a feature basis was established for dart motion. In the second part,
this research'successfully established a data-driven auxiliary training system for dart players based on
bone analysis and machine learning. Two auxiliary training methods, optimal trajectory fitting and
personalized/trecommendation, are implemented. Together, these training methods enable accurate
analysis of dart throwing motion and provide athletes with scientifically based feedback.

In the first’' part of the study, the study explored four factors that affect dart scoring, namely the
three-link kinematic model, the speed of dart throwing, the player’s body stability and the angle of
dart throwing, and summarized 18 quantifiable dart movement characteristics.

Subsequently, in the construction of the data set, this study used kinect2.0-based shooting equip-
ment and python to write data shooting software, and collected 1048 data of professional athletes and
1348 data of non-professional athletes. Based on the data processing method of chessboard calibra-
tion, the study used OpenCV to implement a computer vision algorithm to automatically calculate
the distance between the dart landing point and the bullseye. The experiment yielded a Pearson
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correlation coefficient of 0.917 and a mean absolute error (MAE) as low as 7.77. The identification
system has high accuracy and reliability. Finally, a data set was constructed for factor validation and
improved dart training methods.

Next is the verification of 18 dart movement characteristics. In order to verify the effectiveness
of the 18 features, this study used the Gaussian discriminant model and shap Value methods for
verification. Use 18 features to train the Gaussian discriminant model. If the Gaussian discriminant
model can successfully distinguish whether the dart action is correct or not, it proves that these 18
features are effective. This study also used shap value verification. Shap value can determine the
impact of each feature on the scoring factors, thereby determining which dart movement features
should be emphasized. The results of the study partly show that the dart motion feature engineering
established in this study is effective.

In the second part of the research, this study successfully established a data-driven dart-player
auxiliary training system based on bone analysis and machine learning. The auxiliary training-system
consists of two parts, namely the fitting of the optimal throwing trajectory of dart motion and the
personalized recommendation model for dart players.

In terms of fitting the optimal throwing trajectory of darts, this study first selected-the 30 most
accurate and stable trajectories from the recent 200 movements. Using the form—of changing the
hyperparameter a, the trajectory with the smallest MSE of the 30 better trajectories was fitted, and
further refined using minimum jerk optimization to enhance smooethness. Thewresulting trajectory not
only reflects the athlete’s individual movement pattern, but also retains anatural and physiologically
reasonable form, thereby providing a more effective imitation learning reference for darts players and
ultimately promoting performance improvement. As for the personalized recommendation model for
dart players, this study uses the 18 motion features in the first part/.to’ determine the quality of the
action by calculating the z-score score. Appropriate recommendations are provided for each feature
based on the z-score score. This makes the suggestions.given by.the suggestion model automated,
standardized, and personalized, establishing a scientific training system for darts players.

In future work, this study aims to address the identified limitations and further enhance the func-
tionality of the system. Specifically, the research plans. to’extend the trajectory fitting model to
support user-defined positions of the entire dartboard, rather than just the bullseye, and use AR
technology for visualization. Finally, the.study envisions combining recommendation models with
large-scale language models to achieve more accurate; diverse, and context-aware feedback, thereby
further improving system adaptability and user experience.

7. Project Outcome

Under the guidance of both.the HPR-DATS system and professional darts coaches, the Zhongshan
Xiaolan Senior High Schooldarts team achieved remarkable success in the 2025 Guangdong Provin-
cial Darts Championship for Primary and Secondary Schools. The eight team members demonstrated
composure, determination, andresilience in the face of strong opponents, ultimately securing 2 cham-
pionships, 2 runner-up titles, 3 third-place finishes, and several individual top-six rankings, which is
shown in Fig.21 and Fig222: The team was further awarded the first prize in the overall team stand-
ings for the senior high school division[16]. The effectiveness of HPR-DATS in supporting training
was fully recognized and affirmed by the professional coaches.
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