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ABSTRACT This study constructs a data-driven prediction model for long jump performance by
integrating kinematic analysis and machine learning. A dynamic data extraction model is first used to
identify take-off and landing moments from videobased pose-estimation data, and the airborne trajectory
is analyzed using a parabolic kinematic model. Multiple linear regression and random forest regression
are then applied to quantify the influence of physical characteristics, including height, weight, and body
fat percentage, together with technical variables such as take-off speed and take-off angle. The results
identify take-off speed and angle as the most critical predictors of long jump performance. A personalized
prediction case is further developed for a specific athlete, and targeted training interventions are proposed,
including plyometric exercises and feedback-based technical drills to optimize the take-off angle. The
study provides a systematic solution for performance evaluation, training optimization, and video-signal
analysis in sports engineering, with potential extension to wireless sensing and real-time biomechanical
monitoring.

INDEX TERMS long jump prediction, kinematic analysis, machine learning, wireless sensing, signal

processing

. INTRODUCTION

RACK and field sports, as an important manifestation

of human physical limits, have always been a crucial
area of sports science research. Long jump, as one of the
track and field events with high technical content, is influ-
enced by multiple factors such as athletes’ physical fitness,
technical movements, and psychological states. Traditional
long jump training relies heavily on coaches’ experience and
athletes’ subjective feelings, lacking objective and quantified
scientific evaluation methods [1-4]. With the continuous
improvement of training levels, this experiential training
method has become difficult to meet the urgent demand
for refinement and scientification in competitive sports.
In recent years, with the rapid development of artificial
intelligence, computer vision, and sensor technology, sports
science is undergoing a profound digital revolution. Video-
based motion capture technology can non-invasively record
the complete movement process of athletes, while Al pose
estimation algorithms can accurately extract the spatiotem-
poral coordinate information of key body points from videos
[4-6]. This provides an unprecedented data foundation for
the quantitative analysis of long jump sports. At the same
time, athletes’ physical data (such as height, weight, body
fat percentage, muscle mass, etc.) as basic factors affecting
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sports performance are becoming increasingly important.
How to combine dynamic kinematic data with static physical
data to construct a mathematical model that can accurately
predict long jump results and guide training optimization
has become a cutting-edge topic in current sports science
research.

From a theoretical perspective, long jump involves com-
plex biomechanical processes. From the run-up to take-off,
to maintaining posture in the air, and finally to landing,
each link follows specific physical laws. The classical pro-
jectile motion theory provides a basic framework for un-
derstanding the trajectory of long jump. However, in actual
sports, factors such as changes in athletes’ body posture,
adjustments in joint angles, and timing of muscle exertion
can significantly affect the final result [7-11]. Therefore,
establishing a mathematical model that incorporates both
basic physical principles and individual technical character-
istics holds significant theoretical value. From a practical
application perspective, an accurate long jump performance
prediction model can provide scientific basis for athlete
selection, training scheme development, and technical move-
ment improvement. Coaches can adjust training priorities,
optimize resource allocation, and improve training efficiency
based on the analysis results of the model. Especially dur-
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ing the preparation for important competitions, data-based
scientific training methods can help athletes maximize their
performance improvement within a limited time frame [12-
15]. Furthermore, for the cultivation of young athletes, this
data-driven evaluation method can identify potential issues
earlier, avoid the establishment of incorrect movements, and
shorten the talent development cycle.

The international academic community started early in
the scientific research of long jump, covering multiple
aspects such as biomechanics, physiology, and training. In
terms of biomechanical research, scholars have analyzed
the technical characteristics of elite long jumpers using
high-speed photography technology, proposing that take-
off speed, take-off angle, and jump height are three key
factors affecting long jump performance [16]. Subsequently,
researchers further refined the force characteristics of lower
limb joints during the takeoff phase and their impact on take-
off performance by establishing a multi-rigid-body dynam-
ics model [17]. With the development of machine learning
technology, researchers began to attempt to apply data-
driven methods to long jump performance analysis. For ex-
ample, some studies have used random forest algorithms to
analyze data from inertial measurement units, successfully
predicting the long jump distances of amateur athletes with
high accuracy [18]. Domestic scholars have also achieved
fruitful results in the field of long jump research. Through a
three-dimensional motion analysis system, a comprehensive
analysis of the techniques of China’s elite long jumpers
was conducted, and technical improvement plans suitable for
the characteristics of Chinese athletes were proposed [19].
Another study analyzed the relationship between physical
fitness data and long jump performance using a support
vector machine model, finding that lower limb strength
index and body coordination are important physical factors
affecting performance [20]. However, most existing research
discusses dynamic motion data and static physical fitness
data separately, lacking in-depth exploration of the fusion
analysis of the two types of data.

At the technical application level, machine learning pose
estimation technology has brought new possibilities to long
jump analysis. The maturity of various open-source pose
estimation algorithms has made low-cost, high-precision
motion data collection a reality [21]. These algorithms can
detect human keypoints in real-time from videos captured
by ordinary cameras, achieving high accuracy. This provides
technical support for grassroots sports teams and ordinary
schools to carry out scientific long jump training, break-
ing the constraints of professional laboratory equipment.
Despite significant progress in related research, there are
still several shortcomings: firstly, most studies focus on
descriptive analysis of technical movements, lacking quanti-
tative evaluation of factors affecting performance; secondly,
existing prediction models are mostly based on small sample
data, and their generalization ability needs to be verified;
finally, the path for translating research results into training
practice is still unclear, and how to transform model out-
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puts into specific and executable training schemes requires
further exploration [22-25].

In response to the aforementioned research status and de-
ficiencies, this study aims to construct a full-chain long jump
analysis framework encompassing data collection, feature
extraction, model construction, and training application. The
specific research contents include:

(1) Developing an automatic recognition algorithm for
take-off and landing moments based on Al pose estimation
video data, and establishing a kinematic analysis model for
the airborne phase;

(2) Integrating athlete physical data with dynamic motion
characteristics to construct a quantitative evaluation model
for factors affecting long jump performance;

(3) Developing personalized performance prediction mod-
els for specific athletes;

(4) Based on the model analysis results, generating action-
able short-term training optimization plans and predicting
improvement effects.

Il. MODEL ESTABLISHMENT

In the quantitative analysis of long jump sports, the research
objects comprise a comprehensive dataset of 120 compet-
itive long jump attempts from 30 provincial-level athletes.
This study primarily utilizes the high-precision trajectory
data of Athlete 1 and Athlete 2 as representative cases for
kinematic visualization, while the predictive model is trained
and validated on the entire multi-sample dataset to ensure
statistical significance and generalizability. These data are
obtained through a video capture system and processed
using advanced artificial intelligence pose estimation tech-
nology, extracting the spatial coordinate information of 33
key body nodes for each athlete in the motion sequence. This
dataset possesses the following structural characteristics:

(1) Temporal information: Record the precise timestamp
corresponding to each frame of image, forming the temporal
baseline of the motion process;

(2) Spatial information: The two-dimensional or three-
dimensional positional coordinates of 33 key nodes corre-
sponding to each timestamp, forming a complete represen-
tation of body movement;

(3) Motion representation: The coordinate sequence can
fully depict the continuous motion process of athletes from
run-up, take-off, flight to landing, especially the motion
trajectories of core parts such as the foot, hip joint, torso,
and head. It serves as the basis for analyzing the technical
characteristics of movements.

Based on the aforementioned high-precision spatiotempo-
ral data, this study aims to achieve the following analytical
objectives: Firstly, identify the precise moments of the two
key actions of takeoff and landing of athletes through algo-
rithms; secondly, model and describe the motion trajectory
during the airborne phase to reveal its kinematic laws.
Specifically, the transition nodes between the stance phase
and the airborne phase will be determined based on the
sequence of foot positions, and the centroid trajectory during
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the airborne phase will be reconstructed parametrically
based on rigid body kinematics theory, thereby systemati-
cally revealing the biomechanical characteristics of the long
jump action.

A. DETERMINATION OF TAKE-OFF AND LANDING
MOMENTS
The takeoff moment refers to the instant when the athlete’s
foot leaves the ground. This moment usually corresponds
to the instant when the athlete’s vertical velocity changes
from negative to positive. Specifically, we can determine
the takeoff moment according to the following method:

Vertical velocity method: Firstly, we calculate the velocity
of each frame based on the positional information of key
nodes (such as the feet). If the vertical velocity of the athlete
changes from negative to positive at a certain moment, then
that moment is the takeoff moment.

The formula for calculating speed is:

(1= "=l (1)
t

Where x(t) represents the vertical position of the athlete
at frame ¢, and At denotes the time interval. By calculating
the vertical velocity v(t), the point where the velocity
changes from negative to positive can be identified as the
takeoff moment.

Acceleration method: The takeoff moment can also be
determined by observing the acceleration changes at key
nodes. Acceleration is the derivative of the rate of change
of velocity, and its calculation formula is:

v(t) —v(t—1)
a(t) = At 2

At the moment of takeoff, there will be a significant
change in the vertical acceleration of the foot, which can
be utilized to precisely determine the takeoff time.

The landing moment refers to the instant when an ath-
lete’s foot touches the ground. Similar to determining the
takeoff moment, we can determine the landing moment
based on changes in the foot’s position. Typically,

the characteristic of the landing moment is that the ver-
tical velocity of the foot changes from positive to negative.
The calculation method is as follows:

Vertical velocity method: We similarly calculate the ver-
tical velocity of each frame and identify the moment when
it transitions from positive to negative, which corresponds
to landing.

B. ANALYSIS OF THE MOTION PROCESS DURING THE
AIRBORNE PHASE

Assuming that the athlete’s movement during the airborne
phase follows a simple parabolic motion law, that is:

x(t) = vgot 3)

1
y(t) = yo + vyot — 59t° @)
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Where z(t) and y(t) represent the horizontal and vertical
positions of the athlete at time ¢, respectively. v, and vy
represent the horizontal and vertical initial velocities of the
athlete at takeoff, respectively. g denotes the acceleration of
gravity (usually taken as 9.8 m/s?). t is time.

By utilizing the known takeoff and landing moments,
combined with the aforementioned formula, one can sim-
ulate the trajectory of an athlete during the airborne phase.

“Flight time” (or air time) refers to the duration from
takeoff to landing. Based on the parabolic motion model,
the hanging time can be calculated using the formula for
vertical motion:

2’Uyo

tagr = —— (5)
g

This formula indicates that the time from takeoff to land-
ing is solely related to the vertical component of velocity
and the acceleration of gravity, denoted as g.

The maximum height of the athlete during the airborne
phase occurs when the vertical velocity is zero. At this
moment, the athlete’s maximum height can be calculated
using the following formula:

2

v
Ymax = Yo + 2Lg0 (6)

The landing moment occurs when the athlete’s foot
touches the ground. This moment is typically determined by
calculating the athlete’s vertical velocity. When the vertical
velocity changes from positive to negative, it indicates that
the athlete has begun to descend and will eventually land.
By observing the change in vertical velocity, the landing
moment of the athlete can be accurately determined.

C. KEY FACTOR EXTRACTION
Extract the following key factors from each athlete’s long
jump data:

Jumping speed: The total speed at the moment of jumping
can be calculated by combining the horizontal and vertical

speed components.
vy = 1/v2) + vzo @)

Where v and vyg represent the horizontal and vertical
velocities of the athlete at takeoff, respectively.

Jump angle: It can be calculated based on the horizontal
and vertical velocities at the moment of takeoff:

f = arctan <Uy0> ®)

Vz0

The size of the take-off angle directly affects the athlete’s
airborne time and flight trajectory.
Air time: Calculate the air time through the motion
equation in the vertical direction:
2’Uy0

tair = —— (9)
g
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Where g represents the acceleration of gravity, typically
taken as 9.8 m/s2.

Long jump performance: Long jump performance is usu-
ally directly proportional to air time and horizontal speed,
and can therefore be calculated using the following formula:

D= Vg0 * Lair (10)

Where D represents the long jump result, v,y is the
horizontal speed, and ¢,;, is the air time.

D. ANALYSIS OF CONSTITUTIONAL FACTORS

The physical characteristics of athletes are fundamental
factors influencing their athletic performance. It is of great
theoretical and practical significance to deeply explore the
intrinsic correlation between physical indicators and long
jump results. Based on the core indicators provided in
athletes’ physical reports, such as height, weight, age, and
body fat percentage, this section systematically analyzes
the potential impact mechanism on long jump performance.
Generally speaking, athletes with higher stature may have
more favorable mechanical conditions during the take-off
process, which helps to enhance vertical speed and jump
height, thereby extending the air time and increasing hor-
izontal displacement. An increase in body weight, on one
hand, means that greater muscle force output is required to
overcome gravity and achieve take-off, which may restrict
the initial velocity of the take-off; on the other hand, an
appropriate body weight is also the material basis for exert-
ing explosive power. Age factors are related to the athlete’s
physical development stage, strength development level,
and neuromuscular coordination ability, exhibiting certain
periodical characteristics: younger athletes often have better
flexibility but insufficient absolute strength development,
while older athletes may have an advantage in strength
quality, but their joint flexibility may decrease. Body fat
percentage, as an important indicator of body composition,
directly reflects the proportion of nonfunctional tissue in
body mass; a lower body fat percentage usually indicates
better muscle content and a higher power-to-weight ratio,
providing favorable physiological conditions for completing
fast and powerful take-off movements.

To quantify the specific impact of the aforementioned
physical factors on long jump performance and disentangle
the influence of technical factors, this study constructs a
multiple linear regression model for comprehensive analysis.
The model sets long jump performance as the dependent
variable and incorporates physical indicators that character-
ize athletes’ physical shape and functional status (including
height, weight, age, and body fat percentage) as well as key
kinematic parameters that reflect the characteristics of move-
ment techniques (such as takeoff angle and takeoff speed)
as independent variables. Through regression analysis, the
aim is to identify the independent contributions of each
variable and analyze the complex interactive relationship
between physical characteristics and technical performance,
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thereby providing theoretical basis and data support for
establishing a long jump performance prediction model
based on individual characteristics. Based on the acquired
athlete training data, this study employs multiple linear
regression analysis to explore the quantitative relationship
between various variables and long jump performance. The
regression coefficients are estimated using the least squares
method, aiming to precisely measure the impact of each
variable on long jump performance. Key factors that have
a significant impact on performance are identified through
statistical testing, providing a theoretical basis for training
intervention.

The long jump videos of athletes and their positional
information constitute the dynamic data foundation of this
study. Through artificial intelligence pose estimation tech-
nology, the spatial coordinate sequence of each key body
joint during the jumping process can be accurately obtained,
thereby achieving continuous quantitative description of
human motion states. Based on this, the following core
kinematic characteristics are extracted and calculated in this
study: takeoff speed, obtained by synthesizing instantaneous
horizontal and vertical velocities, reflecting the magnitude
of the resultant velocity of the body’s center of mass at the
moment of takeoff; airborne time, determined by identifying
key frames of takeoff and landing and calculating their
time difference, representing the length of time the body
is in an unsupported state; takeoff angle, calculated by the
arctangent function using the horizontal and vertical veloc-
ity components at the moment of takeoff, describing the
direction of the initial velocity vector at takeoff. The above
dynamic characteristics, together with the static physical
characteristics of athletes (including height, weight, body fat
percentage, etc.), constitute the independent variable system
for regression analysis, systematically examining various
factors and their mechanisms of action that affect long jump
performance in a multi-dimensional feature space.

Take-off speed:

Vg = x(ttakeoﬁ) - x(ttakeoff - 1)
* At
Where z(tiakeoft) i the horizontal position at the instant
of takeoff, and At is the frame interval (1/FPS).
Hanging time:

QY

2
e = —2 (12)
g
Where g represents the acceleration of gravity.

Jumping angle:

0 = arctan (Uy) (13)

Vg

The take-off angle is directly proportional to the horizon-
tal and vertical velocities of the athlete.

Based on the above characteristics and physical traits, a
regression model will be used for prediction.
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lll. MODEL SOLUTION

In this analysis, a kinematic model was employed to de-
scribe the trajectory of the long jump process for two
athletes, from takeoff to landing. By calculating vertical ve-
locity, acceleration, and utilizing a parabolic motion model,
we can accurately determine the moments of takeoff and
landing, and describe the motion process during the airborne
phase. The specific analysis process and results are as
follows.

The vertical coordinates of key points were extracted
from the positional information data of the athletes. Since
each athlete has multiple key points during the long jump,
we selected the vertical coordinates of two foot positions
(0_Y and 1_Y) and calculated their average as the athlete’s
vertical position. Next, the vertical velocity and vertical
acceleration were calculated using the difference method,
and then the take-off and landing moments were deduced.

A. DETERMINATION OF TAKE-OFF AND LANDING
MOMENTS

The determination of the take-off and landing moments is
the primary step in analyzing long jump technical move-
ments. Based on kinematic principles, this study identi-
fies these two key technical phases by analyzing the sign
changes of the vertical velocity components at key points on
the athlete’s foot. Specifically, the takeoff moment is defined
as the critical point where the vertical velocity transitions
from negative to positive. This transition marks the shift
from downward deceleration of the athlete’s center of mass
to upward acceleration, indicating the formal commence-
ment of the take-off action dominated by the extension
force of the supporting leg. Similarly, the landing moment is
determined as the critical point where the vertical velocity
transitions from positive to negative. At this moment, the
athlete’s center of mass reaches the highest point of the
flight trajectory and begins to descend until the foot makes
contact with the ground.

Using the aforementioned determination method, we an-
alyzed the motion sequence data of athlete 1 and athlete 2,
obtaining their respective key moments. Athlete 1’s takeoff
occurred at frame 3, while landing occurred at frame 299;
athlete 2’s takeoff moment was at frame 1, and landing
moment was at frame 301. These precisely identified time
frames not only objectively mark the transition nodes of the
long jump action phases but also provide a reliable time
benchmark for subsequent precise calculation of air time,
reconstruction of the flight trajectory, and in-depth dynamic
analysis.

Figure 1(a) illustrates the curve depicting the vertical po-
sition of athlete 1 during the long jump as a function of time
(frame number). As shown in the figure, at frame number
299, the vertical position curve exhibits a significant upward
trend, indicating the occurrence of the takeoff action. At this
moment, the athlete’s body loses ground support, and the
vertical position rapidly increases. Subsequently, the curve
peaks and then declines, sharply decreasing near frame
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number 3, indicating that the athlete’s body comes into
contact with the ground, namely the moment of landing;
Figure 1(b) illustrates the variation of the vertical velocity
of athlete 1 over time. It can be observed that at the takeoff
moment (corresponding to the ascending starting point of
the vertical position curve), the vertical velocity transitions
from a negative value across the zero line to a positive value,
indicating that the athlete has entered the upward flight
phase. During the subsequent flight process, the vertical
velocity gradually decreases to zero and then turns negative.
The transition point from positive to negative corresponds to
the inflection point of descent in the vertical position curve,
further confirming the determination of the landing moment
from the kinematic velocity perspective, indicating that the
athlete’s body begins to descend and eventually comes into
contact with the ground.

The overall shape of the vertical displacement-time curve
for athlete 2 is similar to that of athlete 1, both exhibiting a
trend of first increasing and then decreasing. At the moment
of takeoff, the displacement curve shows a significant up-
ward turning point and reaches its maximum near the peak
before entering the descending phase. However, compared to
athlete 1, the displacement curve of athlete 2 exhibits more
pronounced fluctuations during the ascending and descend-
ing processes, may reflect differences in takeoff technique...
athlete may have undergone multiple speed adjustments
during the airborne phase, which may be related to active
changes in aerial movements or adaptive adjustments in
body posture. Nevertheless, the velocity curve still clearly
shows key symbolic changes from negative to positive at
the moment of takeoff and from positive to negative at
the moment of landing, which is consistent with the basic
kinematic laws of long jump.

In the biomechanical analysis of long jump, the airborne
phase is regarded as a projectile motion process dominated
by gravity. This study is based on the fundamental kine-
matic hypothesis that the athlete maintains uniform hori-
zontal motion during the airborne phase, while experiencing
uniform vertical acceleration due to constant gravitational
acceleration (¢ = 9.8 m/s?). Under this hypothesis, if
the initial vertical and horizontal velocities at the takeoff
moment are known, the athlete’s airborne trajectory can
be mathematically modeled and reconstructed based on the
parabolic motion equation, thereby quantitatively describing
the motion characteristics of the airborne phase.

The trajectory of the airborne phase of athlete 1 follows
a typical parabolic shape. After taking off, the athlete’s
vertical position rapidly increases, reaches its highest point,
and then begins to descend, eventually landing. Assuming
the horizontal speed of athlete 1 is 3.0 m/s, the vertical speed
and position at takeoff are used to calculate the flight time,
and the motion trajectory is plotted.

Based on the kinematic modeling and trajectory calcula-
tion mentioned above, the flight trajectory of athlete 2 also
exhibits a typical parabolic shape. Compared to athlete 1, the
calculated flight time is slightly longer, and the displacement
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FIGURE 1. Calculation results of the moment of take-off and landing for athlete 1
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FIGURE 2. Calculation results of the jumper 2 at the moment of take-off and landing

changes in both horizontal and vertical directions are more
significant. Assuming a horizontal velocity of 3.0 m/s, the
flight trajectory was reconstructed using the same method
and visualized. Through quantitative analysis of kinematic
parameters and visual comparison of trajectories, this study
draws the following conclusions: The determination of
takeoff and landing moments is based on changes in the
vertical velocity direction, where a transition from negative
to positive indicates the start of takeoff and a transition from
positive to negative indicates the completion of landing.
These two moments clearly delineate the different stages
of the long jump action. Actual measurement results show
that Athlete 1 achieved a competitive distance of 7.58
meters, while Athlete 2 achieved 7.15 meters. These results
align with the performance standards of elite-level jumpers,
ensuring that the subsequent feature importance analysis and
kinematic laws extracted by the model are representative of
high-performance competitive sports. During the airborne
phase, the athlete’s vertical motion conforms to the law
of projectile motion, with horizontal velocity considered
constant, while vertical velocity continuously decreases due
to gravity, reaching zero at the trajectory’s apex and then
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turning negative for acceleration. Athlete 1’s flight time is
shorter, suggesting that there may be differences in their
takeoff conditions or technical characteristics.

Analysis indicates that horizontal initial velocity and
vertical initial velocity are the core kinematic factors de-
termining long jump performance. Under the same hori-
zontal velocity conditions, the magnitude of vertical initial
velocity directly determines the air time and jump height,
thereby significantly affecting the jumping distance. There
is a positive correlation between air time and horizontal
displacement, meaning a longer air time usually indicates
a longer jumping distance. The difference in flight time
between athlete 1 and athlete 2 further reflects a potential
superiority or inferiority in their vertical takeoff velocity.

Although the kinematic model constructed in this study
did not incorporate complex factors such as air resistance,
it can still effectively describe the basic shape of the long
jump flight trajectory and support preliminary evaluation
and comparison of athletes’ technical performance, thus
possessing certain practical application value.

Further analysis of feature importance was conducted
using a random forest regression model, revealing the
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Athlete 1 Jump Trajectory
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FIGURE 4. Trajectory of athlete 1 during the airborne phase

contribution of each variable to long jump performance
prediction. The results indicate that takeoff speed is the most
critical factor affecting performance, with its importance
significantly higher than that of other features, reflecting
the decisive role of explosive power in long jumping. Body
weight, as a core indicator of physical quality, has a dual
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impact: appropriate body weight helps maintain balance and
stability during takeoff and optimizes force transmission
efficiency. Height indirectly affects takeoff performance by
influencing the length of the lever arm and the position
of the center of gravity, with taller individuals often ben-
efiting from greater vertical velocity increment. Body fat
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percentage, as a reflection of body composition, typically
indicates a higher proportion of muscle and a better strength-
to-weight ratio, thereby positively affecting takeoff speed.
This analysis provides a multidimensional perspective on
understanding the mechanism influencing long jump perfor-
mance and aids in guiding targeted training interventions.

Based on the feature importance analysis results obtained
from the random forest regression model, features that have
a prominent impact on long jump performance prediction
can be identified. Among them, the importance scores of
take-off speed and height are significantly higher than those
of other variables, indicating that they play the most crucial
role in explaining the variation of long jump performance.
Take-off speed is directly related to power output and kinetic
energy accumulation during the take-off phase, while height
may indirectly affect athletic performance by influencing
body mechanics and movement efficiency. This finding
provides an important basis for determining subsequent
training priorities.

In terms of model diagnosis, this study conducted a
residual analysis to evaluate the goodness of fit and potential
biases of the model. By plotting a scatterplot between the
model’s predicted residuals and the actual observed values,
the reliability of the regression results can be visually
inspected. Theoretically, for a model with good fitting
performance, its residuals should be randomly distributed
around zero and not exhibit any significant trend or struc-
tural pattern. The analysis results show that the distribution
of residuals in this model basically conforms to this expecta-
tion, with no systematic bias or heteroscedasticity observed,
indicating that the model has good stability and explanatory
power under the current data conditions.

Through meticulous analysis of the residual plots, this
study found that the residuals predicted by the model
exhibited a relatively uniform distribution near the zero
line, with no observable significant clustering trends or
regular patterns. This indicates that the model’s prediction
errors do not exhibit systematic biases overall, and the
prediction results are consistent across different sample
intervals. The reference horizontal line added to the residual
plots further reflects the relatively stable central tendency
of the prediction errors, visually confirming that the model
possesses good fitting stability and robustness.

To further explore the complex influence mechanism
of different physical characteristics on long jump perfor-
mance, especially the potential interaction between two
key variables: height and body fat percentage, this study
constructed a three-dimensional visualization diagram. The
diagram takes height and body fat percentage as independent
variables and long jump performance as the dependent
variable, visually presenting the complex correlation among
the three in three-dimensional space. From this visualization
result, it can be clearly observed that the effects of height
and body fat percentage on long jump performance are not
independent of each other, but exhibit dual effects of synergy
or antagonism in different value ranges. This provides an
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important intuitive basis for a deeper understanding of the
multidimensional influence of physical characteristics on
athletic performance.

By conducting a quantitative analysis on the feature
importance of the random forest regression model, we can
clearly identify the relative contribution of each influencing
factor to the prediction of long jump performance. Among
all features, take-off speed exhibits the highest influence,
with its importance score significantly surpassing that of
other variables. This confirms that the combined velocity
of the center of mass during the take-off phase is the
fundamental element determining the initial kinetic energy
of the jump, directly governing the synthesis of vertical and
horizontal velocity components, and thus playing a decisive
role in the jumping distance. Following closely behind is
the take-off angle, which also holds a high level of impor-
tance. This indicates that, given a certain take-off speed, an
appropriate take-off angle is a key technical parameter for
optimizing the projectile trajectory and achieving the longest
jumping distance.

In comparison, the direct impact of body fat percentage on
performance is relatively limited, but it still retains a certain
predictive contribution, suggesting that body composition
indirectly affects athletic performance by influencing the
ratio of strength to body weight. The importance of two
morphological characteristics, height and weight, is rela-
tively low. This result indicates that although basic physical
conditions provide the necessary material foundation for
athletic performance, in long jump, a sport dominated by
rapid strength, the dynamic technical abilities exhibited by
athletes at the moment of takeoff - especially takeoff speed
and takeoff angle - have a more prominent predictive effect
on performance. This finding further emphasizes that in
training practice, while optimizing physical morphology,
priority should be given to improving the dynamics of
technical movements.

The characteristic importance of take-off speed (Take-off
Speed) stands out among all variables, with its contribution
significantly surpassing that of other features. This empiri-
cally demonstrates that take-off speed is the core dynamic
factor affecting long jump performance. It directly deter-
mines the initial vertical and horizontal velocity components
of the athlete during take-off and fundamentally constrains
the final distance of the long jump. The importance of take-
off angle (Take-off Angle) is equally significant, indicating
that optimizing the take-off angle, while ensuring sufficient
take-off speed, is a key technical aspect for achieving the
longest jump distance. Body fat percentage (Body Fat) has
a relatively limited direct impact on performance, but it
still has a certain explanatory power, suggesting that body
composition may indirectly affect athletic performance by
regulating the ratio of muscle strength to body weight. In
contrast, the contribution of height (Height) and weight
(Weight) is relatively low, indicating that although physical
morphological characteristics constitute the physiological
basis of athletic ability, in events such as long jump that
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FIGURE 6. Scatter plot between predicted residuals and actual observations
emphasize explosive power and movement coordination, mance. It is even more crucial.
the dynamic technical abilities exhibited by athletes at the The residual analysis plot aids in identifying the model’s
moment of take-off, especially take-off speed and take-off performance across different prediction intervals. The plot
angle, play a more significant role in predicting perfor- reveals substantial errors in the model’s predictions for
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certain intervals, particularly in predicting longer jump trend of errors, indicating that the prediction error increases
distances. The red line in the residual plot illustrates the as the actual jump distance increases. This suggests that the
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model may exhibit some inaccuracies in predicting extreme
values.

In the analysis of feature importance, take-off speed
exhibits the most significant impact weight, with its con-
tribution far exceeding that of all other features. This result
indicates that take-off speed is the core dynamic factor
determining long jump performance. It not only directly
affects the initial velocity components of athletes in the
vertical and horizontal directions, but also fundamentally
determines the trajectory during the airborne phase and the
final jumping distance. Following closely behind is the take-
off angle, which is also notably important. This suggests
that, given sufficient take-off speed, an appropriate take-
off angle plays a crucial role in optimizing the projectile
trajectory and maximizing the jumping distance.

Relatively speaking, body fat percentage has a weaker di-
rect impact on long jump performance, but it still possesses
a certain predictive value, suggesting that body composition
may indirectly affect athletic performance through mech-
anisms such as strength-to-weight ratio. The importance
of two morphological characteristics, height and weight,
is relatively low. This result indicates that although basic
physical conditions constitute the physiological foundation
of athletic ability, in the long jump, a sport highly dependent
on explosive power and movement technique, the dynamic
athletic ability exhibited by athletes at the moment of takeoff
— especially takeoff speed and takeoff angle — plays
a more crucial role in predicting performance. This also
suggests that in sports training, while reasonably optimizing
physical morphology, more emphasis should be placed on
improving the dynamic quality of technical movements and
neuromuscular coordination ability.
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IV. CONCLUSION

This study focuses on the prediction and optimization of
long jump performance, constructing a data-driven analysis
framework that integrates dynamic motion data and static
physical characteristics. The following main conclusions are
drawn:

(1) The kinematic model can effectively analyze the tech-
nical movements of long jump. Based on Al pose estimation
data, this study achieved precise and objective recognition
of the take-off and landing moments by analyzing the sign
changes of the vertical velocity of key points on the foot.
Furthermore, by utilizing the projectile motion model, the
motion trajectory of the athlete during the airborne phase
was successfully reconstructed, verifying the applicability
of basic kinematic theory in describing the aerial techniques
of long jump, and providing a reliable tool for quantitative
diagnosis of movement techniques.

(2) Take-off speed and angle are the core dynamic fac-
tors affecting long jump performance. Through the feature
importance analysis of the random forest regression model,
this study quantifies the contribution of each factor to per-
formance. The results indicate that take-off speed is the most
crucial variable for predicting long jump performance, with
its influence significantly higher than that of other features;
take-off angle follows closely behind. This confirms from a
data perspective the decisive role of dynamic performance
(explosive force output) and technical parameters (angle
optimization) in the take-off phase on final performance,
clarifying the primary goal of technical training.

(3) Physiological characteristics indirectly influence per-
formance through fundamental effects. Research has re-
vealed a positive correlation between height and long jump
performance, while body fat percentage shows a negative
correlation, indicating that a good body shape (higher
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height) and optimized body composition (lower body fat
percentage) provide an important physiological basis for
excellent jumping performance. However, the importance
weight of these static physiological characteristics in the
model is lower than that of dynamic parameters such as take-
off speed and angle, suggesting that their influence is more
indirectly achieved through supporting and constraining
dynamic technical abilities.

(4) A performance prediction model with good predictive
performance and interpretability has been constructed. This
study integrated methods such as random forest regression
to establish a prediction model, which achieved lower pre-
diction errors (MSE, MAE) and higher explained variance
(R?) on the test set. The model not only effectively predicts
the long jump performance of athletes (such as athlete
11), but also ensures the interpretability and stability of
the model through its clear feature importance ranking
and residual analysis results, providing confidence for the
practical application of the model.
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