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Abstract

Action quality assessment (AQA) is vital in sports science and clinical rehabilitation, but
existing methods suffer from data noise sensitivity, weak physical interpretability, and
limited generalization across body types. This study proposes a novel AQA paradigm for
standing long jump to address these limitations. A methodological framework based on
kinematic reconstruction and physical deviation analysis is developed. Ideal trajectories
derived from forward kinematics establish a unified evaluation benchmark. Three devia-
tion features (Peak Deviation, Cumulative Deviation Integral, Phase-Weighted Deviation)
are computed between ideal and experimental samples, then input into a Random Forest
Classifier for automatic grading. Experimental results demonstrate the proposed method
significantly outperforms traditional dynamic-time-warping-based templates in accuracy
and robustness. Ablation studies confirm kinematic trajectory benchmarks are superior to
raw or averaged trajectories. Model decisions show strong consistency with physical char-
acteristics, verifying interpretable assessment capability. This work shifts AQA from “data
similarity comparison” to “physical rationality evaluation”, offering a new perspective for
vision-based automated motion analysis.

Keywords: action quality assessment; kinematic model; deviation characteristics

1. Introduction

Human action quality assessment (AQA) is an interdisciplinary research field, which
combines computer vision, sports science, and rehabilitation medicine. This field aims to
automatically and objectively evaluate human movement execution through algorithms.
The evaluation provides precise quantitative feedback for athlete training, rehabilitation
outcome evaluation, and daily fitness activities [1-5]. In recent years, the increasing
maturity of human pose estimation algorithms (e.g., OpenPose, AlphaPose) has enabled
precise extraction of joint trace from ordinary videos. This technique created a robust data
foundation for vision-based non-contact motion assessment [6—10]. The concern of how to
utilize these pose data for building effective assessment models has become a key focus
that attracted significant attention from both academic and industrial communities.

Existing AQA methods can be broadly categorized into two types: deep learning-based
approaches and handcrafted feature-based approaches. Deep learning-based methods typi-
cally take raw pose sequences as input and learn evaluation score mappings directly [11-20].
Although these methods enable automated feature learning, their “black-box” nature ob-
scures decision logic, and their performance heavily depends on large-scale annotated
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datasets. Handcrafted feature-based methods offer strong interpretability and lower data
demands [21,22], but fundamentally rely on data-driven similarity comparison. However,
this mainstream paradigm relied on a data-driven similarity comparison. Whether the
features were derived from statistical measures of joint coordinate sequences or similarity
metrics with pre-defined templates, their design heavily depended on extracting mathe-
matical patterns directly from observed data, while failing to adequately incorporate the
inherent physical constraints and biological principles of human motion. Furthermore,
many of the constructed features were correlated with the specific build of an individual
and their absolute spatial position in the capture environment, making the resulting assess-
ment models difficult to generalize to subjects with different body types [5,6]. Additionally,
coordinate jitter and detection errors inherent to the pose estimation algorithm were directly
introduced during feature computation, thereby exerting a persistent negative influence on
the robustness of the final assessment model [7,8]. A detailed review and comparison of
these methods is provided in Section 2.

The framework diagram of the method is shown in Figure 1 and the main contributions
of this paper could be summarized as follows:
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Figure 1. Action quality assessment based on kinematic reconstruction and deviation analysis.

A physics-driven evaluation framework is proposed, discarding the conventional
scheme that directly takes expert observation data as static templates. Relying on forward
kinematics and optimal samples, an innovative kinematic reference motion generator is
developed, which fuses root joint trajectories and joint angle changes to solve kinematic
reference trajectories complying with rigid body constraints and physical self-consistency.
The standard ideal motion is thus abstracted into a computable dynamic physical model.

Multi-dimensional deviation features aligned with the physical benchmark are defined.
For quantitative assessment under the new framework, three evaluation indicators are
established: Peak Deviation (PD), Cumulative Deviation Integral (CDI) and Phase-Weighted
Deviation (PWD). They quantify discrepancies between measured motions and the ideal
physical model from instantaneous error amplitude, total error accumulation and temporal
phase importance three physical perspectives separately.
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An interpretable feature engineering workflow is built to convert raw observed data
into high-level semantic features. Starting from joint coordinate data, the workflow sequen-
tially conducts angle computation, time domain smoothing and kinematic reconstruction,
and finally outputs physically interpretable deviation features. This pipeline guarantees
the extracted features are stable, robust and can directly characterize movement quality.

2. Related Work

This section reviews existing AQA methods from three perspectives: deep learning-
based approaches, handcrafted feature-based approaches, and physics-based methods. A
summary comparison is provided in Table 1.

2.1. Deep Learning-Based Methods

Deep learning-based AQA methods model action quality assessment as end-to-end
regression or classification tasks. Parmar and Morris [23] proposed a multi-task learning
framework that simultaneously predicts action categories and quality scores, while their
subsequent work [24] extended this framework to multiple Olympic events. Their earlier
work [25] pioneered the use of video features for scoring Olympic events. Building on these
foundations, recent methods have explored various architectures: Wang et al. [5] designed
partially connected LSTMs with triplet losses for skeleton-based AQA; Zhou et al. [20]
proposed hierarchical graph convolutional networks (HGCNs) for multi-scale motion fea-
ture extraction; Zhang et al. [15] introduced pose-guided transformers for fine-grained
assessment; and Zeng and Zheng [17] developed multimodal frameworks fusing RGB
video and skeletal data. Comprehensive surveys of this field have been provided by
Zhou et al. [1], Lei et al. [3], and Liu et al. [18]. Despite achieving high accuracy on bench-
mark datasets, these methods suffer from limited interpretability, heavy dependence on
large-scale annotations, and sensitivity to pose estimation noise.

2.2. Handcrafted Feature-Based Methods

Handcrafted feature-based methods follow a “coordinate extraction—feature
engineering—model evaluation” pipeline, offering stronger interpretability. Template match-
ing is the dominant paradigm: Su [26] used DTW to align user motion trajectories with
standard templates for rehabilitation assessment. Hou et al. [27] proposed an interpretable
two-stage AQA method combining 3D pose estimation with improved DTW for dynamic
feature alignment. Lei et al. [28] designed effective skeletal representations using joint
displacement sequences and self-similarity feature descriptors. Tao et al. [29] systemati-
cally compared different pose representations for online motion quality assessment. Som
et al. [30] proposed Riemannian geometric approaches for measuring movement quality.
In rehabilitation applications, Kinect-based systems have been widely adopted for gait
measurement [31] and Parkinson’s disease assessment [32,33]. However, these methods
fundamentally rely on data-driven similarity comparison, failing to incorporate physical
constraints of human motion, and are sensitive to individual body type variations and pose
estimation noise.

2.3. Physics-Based Methods

Human motion is governed by strict physical laws and biomechanical constraints,
including bone length invariance and joint angle physiological ranges. Parametric human
body models provide a physical foundation for motion analysis. Bogo et al. [34] proposed
“Keep it SMPL,” which estimates 3D human pose and shape from a single image by
optimizing SMPL parameters. Kanazawa et al. [35] further developed end-to-end recovery
of human shape and pose directly from images. Kocabas et al. [36] proposed VIBE, which
generates kinematically plausible motion sequences using adversarial learning. To improve
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physical plausibility, Choi et al. [37] proposed Pose2Mesh, recovering 3D human meshes
from 2D poses using graph convolutional networks with skeletal topology constraints.
Pavllo et al. [38] leveraged temporal convolutions with semi-supervised training to enforce
temporal consistency in 3D pose estimation. Xie et al. [39] introduced physics-based
constraints and contact force reasoning to refine imperfect pose estimates. However, these
methods primarily focus on pose estimation and motion synthesis tasks, rather than action
quality assessment. The application of kinematic reconstruction and physical deviation
analysis to AQA remains largely unexplored, which motivates our present work.

2.4. Summary

Table 1 summarizes the key characteristics of representative AQA methods.

Table 1. Comparison of representative AQA methods.

Reference Year Feature/Model Dataset Maetrics Limitations
Requires exemplar pairs;
FineParser (SAP + TAP + . .. . 13D backbone fixed;
Xuetal. [14] 2025 SVE + FineReg) FineDiving Spearman p; RMSE limited physical
interpretability
PGT (Pose-guided MTL-AQA; Computationally heavy;
Zhang et al. [15] 2025 Attention + Global-Local / Spearman p lack of robustness to
AQA-7 L .
Feature Extractor) pose estimation noise.
13D-AE-LSTM Complex architecture;
Moodley & van 2025 (two-stream: 13D + MTL-AQA; Spearman lirﬁi ted physical ’
der Haar [16] OpenPose-AE + CricketVision P P inter rftagﬂit
LSTM + MLP) P y
PAMEN (progressive . Audlq-depende.rlt (long
adaptive multimodal Rhythmic video only); no
Zeng & Zheng [17] 2024 . Gymnastics; Spearman p end-to-end training;
fusion: RGB + flow + . .. .
. Fis-V limited physical
audio branches) . -
interpretability
AQA-7; Pre-trained 13D
Gao et al. [19] 2024 EEZE\S;II g&%ﬁ?ﬁg; MTL-AQA; Spearman p; R-L2 dependency; residual
JIGSAWS block complexity
Hirf?rt:}riceﬂtﬁcsljeéflp AQA-7; Computationally heavy
Zhou et al. [20] 2023 . MTL-AQA; Spearman p (I3D backbone); no
graph + action .
) JIGSAWS pose info
aggregation)
Parmar & C3D-AVG, Accel. error; limited anti-interference
Morris [23] 2019 MSCADC (MTL) MTL-AQA P1 error capability
MiE transformer (GCN + Self-built TaiChi D;VIYSRSE a'hlir:lr(n sfnt
Hou et al. [27] 2025 transformer for 3D dataset; Spearman p robus tnes};, to DoSe
pose) + Improved DTW Human3.6M P

estimation noise.

As shown in Table 1, existing methods commonly suffer from three main limita-
tions: (1) limited physical interpretability, (2) being computationally heavy, and (3) lack
of robustness to pose estimation noise. These gaps motivate the development of alterna-
tive approaches that incorporate kinematic constraints and physical plausibility into the
assessment framework.

3. Methods
3.1. Kinematic-Based Rigid Body Trajectory Model

This study employed the standing long jump as the research subject and adopted
a two-dimensional rigid body kinematics assumption as the modeling foundation. The
model described limb movements through rotation angles and their corresponding rotation
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matrices. The model could derive kinematic trajectories using limb length constraints and
angle variations. The following section detailed the specific derivation process.

First, OpenPose provided the raw joint positions in every frame. The study defined
Jpraw(t) as the raw parent joint position and j¢ 4w (t) as the raw child joint position. It
calculated the raw limb vector L4y (t) using Equation (1).

Lruw(t) = jc,ruw(t) - jp,raw(t) (1)

In human motion analysis, the change in relative angle between adjacent limb seg-
ments served as a key parameter. This parameter described the relative motion between
body segments. The model considered two adjacent limb vectors, denoted as Ly 4w (t) and
Ly, rau (f). These vectors represented segments such as the thigh and lower leg. Equation (2)
provided the calculation formula for the angle 6(t).

Lu,mw (t) ' Lh,raw (t)

O(t) = arccos
2 e (O Lo e )

I ) ()

Based on the physiological characteristics of human limbs, this study introduced
physical constraints into the model, positing that each limb segment maintained a constant
length during motion. Accordingly, Ly, (0) was defined as the original limb vector in the
first frame. To ensure the model complied with this physical constraint, the constrained
limb vector was derived by adjusting the direction of the original limb vector.

Lygw(t—1)

Leops(t) = 13" = )
cons(D) = L (E= D]

- Lyaw(0) (©)

The relative rotational angle variation in the parent joint served as the key factor
driving limb movement. The kinematic feature was quantified by computing the angular
change between consecutive frames. The relative rotation angle A0(t) of the parent joint
was derived from the angular difference between the current frame and the previous frame.
Let 0(t) denote the parent joint angle in the current frame and 6(t — 1) represent the parent
joint angle in the previous frame. Equation (4) showed the calculation of the angular

change value.
AB(t) =0(t) —0(t—1) (4)

Based on the angular change, the current kinematic limb vector Ly,;(t) was obtained.
The calculation used a two-dimensional rotation matrix and the constrained limb vector
from the previous frame. Equation (5) defined the two-dimensional rotation matrix.

cos AB(t) —sinAB(t)

R(6(t)) = sinAO(t)  cosAB(t)

(5)

The kinematically corrected limb vector was obtained by applying the rotation matrix.
Equation (6) provided the specific calculation for this vector.

Lyni(t) = R(AB(t)) - Leons(t — 1) (6)

Finally, the kinematically corrected limb vector was added to the parent joint posi-
tion. This addition produced the trajectory coordinate j. x,,;(t) of the kinematic child joint,
represented in Equation (7).

Jejni(t) = Jpkni(t) + Lini(t) 7)
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Under the constant limb length constraint, the reconstruction error of a child joint was
bounded by the linear accumulation of errors from the root. The position error of a child
joint, dp.pi14, could be approximated as:

OPchita = OPparent + L -00 - (8)

where 8pparent Was the parent joint error, L was the limb length, 50 was the angular error,
and t was the unit tangent vector. Taking the norm gave the error bound:

10Pcnitall < H‘SpparentH +L- |50 )

For a kinematic chain with n segments, the total error at the end joint was bounded by:

n
16Pendll < 6prootll + ) Li - |66;] (10)
i

This linear bound guaranteed that moderate pose estimation noise did not cause
exponential divergence, ensuring the robustness of the kinematic reconstruction.

Table 2 detailed the kinematic parameter definitions for the major human limb seg-
ments. It included the parent joint, child joint, reference length and rotation angle pa-
rameters for each segment. These parameters provided the necessary input data for the
subsequent kinematic analysis. Figure 2 presented a schematic diagram of the whole-body
joint kinematics derivation based on a rigid body model. The illustration depicted a com-
plete kinematic chain, starting from the hip joint and connecting through key nodes such
as the knee and ankle joints, thereby visually representing the motion transfer relationships
between the limb segments.

Table 2. Definitions of kinematic parameters for major human limb segments.

Limb Segment Parent Joint Child Joint Reference Limb Vector Rotation Angle
Thigh Hip joint Knee joint Lini tni(£) ABy,; (1)
Lower leg Knee joint Ankle joint Licni jow () A8y (1)
Torso Hip joint Shoulder joint Licni tor (1) ABtor (1)
Upper arm Shoulder joint Elbow joint Liniupp () ABupp(t)
Forearm Elbow joint Wrist joint Lyni, for (£) MOy (1)

0 Direction of upper limb
X —> movement transmission
Direction of lower limb
y movement transmission
Shoulder joint

Wrist joint
W

Elbow joint

Hip joint

/)

Knee joint

N\

Ankle joint

Figure 2. A schematic diagram of the whole-body joint kinematics derivation based on a rigid-
body model.
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All computational procedures described in this section were implemented in Python
(version 3.9) using NumPy (version 1.24) and SciPy (version 1.11). OpenPose (version 1.7.0)
was employed for 2D pose estimation. The DTW alignment was performed using the
fastdtw library (version 0.3.4).

3.2. Boundary Conditions and Physical Constraints

To eliminate unnatural action artifacts such as limb length distortion, joint hyperex-
tension and trajectory discontinuities, physical constraints and boundary conditions were
imposed throughout the kinematic modeling process. The constraint was built to fit the
action characteristics of the side view of standing long jump, and a complete restriction
mechanism was established from three aspects: constant limb length constraint, physio-
logical constraint of joint angle, and temporal smoothing constraint. All constraints were
formulated based on real human structures and rigid body kinematics principles, which
not only ensured the preciseness of mathematical recursion, but also matched the objective
law of the actual human body movement.

The constant limb length constraint was the core constraint to ensure the rationality
of kinematic derivation. Instead of adopting fixed statistical values, the initial length of
each limb segment (thigh, shank, torso, upper arm, forearm) was calculated from the
subject’s upright standard posture in the first frame of the video. The value represented
the true length of the limb in a natural standing state, accurately matching the subject’s
individual limb proportions, as shown in Equation (3). During the forward kinematics
recursion across the entire motion cycle, all limb segments maintained the initial length
constant, with no stretching, compression, or deformation induced by joint rotation or
temporal variation. It should be noted that the constant length constraint applied to the
trunk was an approximation, because the trunk could undergo substantial flexion during
motions such as the standing long jump, leading to noticeable changes in the effective
hip-shoulder distance. In our dataset, the maximum trunk flexion angle (the angle between
the hip—shoulder vector and the vertical direction during the landing preparation phase)
across all samples was 27°. Substituting this value into the error propagation bound of
Equation (10) with a trunk length of 0.45 m yielded a maximum theoretical error at the
shoulder joint of approximately 23 cm. This error was not negligible in absolute terms.
A quantitative robustness analysis of this approximation on action quality grading was
provided in Section 5.1.3.

The physiological constraint of joint angle was a constraint to ensure the action con-
formed to the human body structure. The joint angle constraint was set for flexion and
extension movement, and the constraint range was determined by synthesizing empirical
joint angle ranges calculated from 900 randomly sampled videos in our dataset using
OpenPose and the published normative values of human joint range of motion [40,41], so
as to avoid abnormal posture that violates physiological laws, such as joint hyperextension
and reverse bending. Specifically, 10 subjects were randomly selected from each of the
three proficiency levels (novice, regular fitness enthusiast, and trained individual) in our
dataset, and 30 action videos were randomly sampled from each selected subject, yielding
a total of 900 video samples. The OpenPose pose estimation algorithm was applied to
extract joint coordinates from each frame, and the joint angles in the sagittal plane (i.e., the
included angle between adjacent limb segment vectors) were calculated for the hip, knee,
shoulder, and elbow joints. The resulting empirical angle ranges were then cross-validated
with established normative values reported by Boone and Azen [40] and Macedo [41] to
determine the final constraint boundaries. The specific constraint range was shown in
Table 3.
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Table 3. Physiological range of motion for key human joints in the sagittal plane.
Joint Name 2D Motion Mode Minimum £1m1t Maximum £1m1t Constraint Description
Angle (°) Angle (°)
.. . . Extension limited to <15°,
Hip joint Flexion/extension —15 120 flexion limited to <120°
.. . ) Full extension at 0°,
Knee joint Flexion/extension 0 135 maximum flexion at 135°
. . . . Backward extension <50°,
Shoulder joint Flexion/extension —50 160 forward flexion <160°
3 o
Elbow joint Flexion/extension 0 145 Fl.ﬂl extension at 0% o
maximum flexion at 145
L <150
Hip joint Flexion/extension —15 120 Extension limited to <157,

flexion limited to <120°

It should be particularly noted that the maximum extension angle of the shoulder
joint in the sagittal plane is not an independent physiological parameter, but has a sig-
nificant coupling relationship with the flexion angle of the elbow joint. As pointed out
in reference [41], the long head of the biceps brachii spans both the shoulder and elbow
joints. When the elbow joint is in an extended state, this muscle is passively stretched, and
the tension it generates significantly limits the extension movement of the shoulder joint.
Conversely, when the elbow joint is in a flexed state, the muscle tension is released, and
the extension range of motion of the shoulder joint increases accordingly. Therefore, the
standard measurement specification for human shoulder extension clearly requires the
elbow joint to be maintained in a slightly flexed position.

The shoulder extension constraint range (—50°~160°) set in Table 3 of this study is
precisely based on the normal values of human joint range of motion under this standard
measurement posture, which is consistent with the literature basis for the constraint ranges
of other joints. In the core action of this study, the typical posture during the upper limb
backward swing preparation phase is significant shoulder extension and synchronous
elbow flexion. Our statistical analysis of the full dataset showed that for all samples with
shoulder extension angles less than —30°, the corresponding elbow flexion angles were
all >62°, and 98.7% of the samples had elbow flexion angles > 75°. Therefore, the fixed
constraint range adopted in this study is safe and accurate in the core research scenario
and will not allow anti-physiological abnormal postures.

The temporal smoothing constraint ensured the fluency and rationality of action in the
temporal dimension, aligning with the continuous, non-abrupt nature of real human action.
With a video acquisition frame rate of 60 fps, the study imposed a maximum absolute angle
change limit of 5° between consecutive frames for all joints. It ensured smooth and uniform
joint rotation, free from jitter, distortion, or abrupt posture changes, resulting in temporally
continuous and natural ideal trajectories that were consistent with the dynamic evolution
of real human actions.

These three types of constraints work synergistically to impose full-dimensional restric-
tions on the forward kinematic model, covering limb geometric structure, physiological
joint motion, and temporal motion patterns. This ensures the generated ideal motion
trajectories are physically rigorous, biomechanically rational, and practically executable,
providing a reliable physical foundation for subsequent motion deviation quantification
and motion quality assessment.

3.3. Deviation Feature Construction

The study termed the kinematically derived joint trajectories from Equations (5)—(7) as
kinematic reference trajectories. It quantified the deviation between the tester’s movements
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and the perfect pattern by calculating frame-by-frame differences between the tester’s joint
coordinates and the kinematic reference trajectories. S;(t) was defined as the coordinate
position of joint j of the tester at frame ¢, and its corresponding kinematic reference position
was denoted as K;(t). The Euclidean distance deviation d;(t) was calculated as shown in
Equation (11).

di(t) = ||S;(t) = K;(1)] (11)

where t = 1,2,...,T (T denotes the total number of frames), and T denotes the nor-
malized temporal position of the movement sequence, ranging from 0 (motion onset) to
1 (motion offset).

The following three deviation features were constructed from different dimensions to
comprehensively evaluate action quality from different perspectives.

(1) Peak Deviation (PD)

The PD was used to capture the maximum instantaneous error occurring during the
execution of the motion for the specified joint j, and its mathematical expression was shown
in Equation (12).

PD;j = max (d(t)) (12)

(2) Cumulative Deviation Integral (CDI)

The CDI was used to measure the overall cumulative intensity of deviations of the
specified joint j throughout the entire motion process, and its mathematical expression was

shown in Equation (13).
1

CDI; = / (d(7))2dr (13)
0

(3) Phase-Weighted Deviation (PWD)

The PWD introduced a temporal weight w(t) for the specified joint j to emphasize the
impact of deviations of this joint during the key phases of motion on the final score, and its
mathematical expression was shown in Equation (14). The outcome of the standing long
jump was not equally determined by all movement phases. It was primarily influenced
by the take-off and landing phases, which were critical for achieving greater distance and
a high technical score. In contrast, the preparation and aerial phases allowed for greater
postural variability without significantly compromising the result. To integrate this domain
knowledge into the assessment model while eliminating subjective bias from manual
parameter setting, a grid search optimization strategy was implemented to determine the
phase weight function w(T).

}LU(T) -d(T)dt
0

PWD; = (14)

1
J w(t)dt
0

A grid search method was employed to optimize the phase weights, with pre-defined
candidate value sets for two motion phase categories: core phases with candidate values
{0.7, 0.8, 0.9}, and non-core phases with candidate values {0.2, 0.3, 0.4}. All combinations
of candidate weights were exhaustively evaluated on the standing long jump dataset,
and the combination yielding the highest classification accuracy was selected as the final
weight configuration.

The optimized piecewise constant weight function obtained via grid search was
presented in Equation (15). In this equation, the take-off phase (corresponding to T € [0.3,
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0.5]) and landing phase (corresponding to t € [0.8, 1.0]), which were identified as core
motion phases, were assigned a weight of 0.8, whereas all other non-core phases were

assigned a weight of 0.3.
08 T€/[03,05]
w(t) =408 T€[081.0] (15)
0.3 other

4. Experiments
4.1. Evaluation Dataset

The proposed method was validated using a self-constructed dedicated dataset. Data
collection involved capturing standing long jump motions using a Logitech C920 fixed
camera without a wide-angle lens, which had a resolution of 1080 pixels and a frame rate of
60 fps, in an indoor environment with a plain white background and no clutter. The dataset
consists of 50 subjects aged 19 to 26 years (mean 22.5 & 2.1 years), with an equal gender
distribution (25 males and 25 females), each performing the specified movement 100 times,
yielding a total of 5000 valid samples. The subjects cover diverse physical characteristics
(height ranging from 160 to 190 cm and weight ranging from 50 to 80 kg) and sports
proficiency levels, including novices, regular fitness enthusiasts, and individuals with long
jump or track and field foundations. The optical axis of the camera was positioned parallel
to the ground and perpendicular to the direction of movement, placed 5 m from the take-off
point at a height of 1 m, to fully record the entire movement from the preparatory posture
to landing.

Three physical education coaches with professional referee evaluation experience were
invited to independently assess the action quality of each sample into three grades (A, B,
or C) without knowing the objective indicators and other coaches” annotation results. The
annotation basis included subjective technical indicators such as movement continuity, take-
off explosive force, aerial posture, and landing stability. The Cohen’s Kappa coefficient of
the three coaches” annotation results was calculated to evaluate the annotation consistency.
For samples with a Kappa coefficient lower than 0.7, three coaches re-annotated them
after joint discussion. Finally, the labels of samples with consistent annotations from the
three coaches were directly adopted, and the final labels of inconsistent samples were
determined by the majority voting principle. To avoid data leakage and verify the model’s
cross-subject generalization ability, the strict leave-one-subject-out cross-validation protocol
was adopted. Specifically, the 50 subjects were treated as 50 independent sample groups.
In each round of cross-validation, all 4500 samples from 45 subjects were chosen as the
training set, while the remaining 500 samples from five subjects are selected as the test set.
This procedure was repeated 10 times to ensure that each subject was included in the test
set exactly once. The schematic diagram of standing long jump was shown in Figure 3a.

Given the two-dimensional motion analysis framework adopted in this study, the
original joint data were specifically optimized. Since head motion had minimal influence
on the jumping movement, all redundant head joints were removed, retaining only the
nose joint to represent the head. Furthermore, as left and right body joints overlapped in
the 2D view, only the left-side limb joints (shoulder, elbow, wrist, hip, knee, and ankle)
were selected for subsequent analysis. This simplification maintained the completeness
of kinematic representation while significantly reducing computational cost. The joint
detection diagram of standing long jump was presented in Figure 3b.
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(@) (b)

Figure 3. (a) Schematic diagram of standing long jump; (b) Joint detection diagram of standing
long jump.

4.2. Cross-Action Validation Dataset

To further validate the effectiveness and generalizability of the proposed model across
different action types, the study collected an additional dataset of squat motions, specifically
the overhead squat as defined in the Functional Movement Screen (FMS). The overhead
squat is a fundamental movement pattern that assesses lower limb mobility, core stability,
and upper body coordination. It differs significantly from the standing long jump in several
key aspects:

(1) Movement Pattern: The squat involves vertical weight transfer and controlled de-
scent/ascent, whereas the standing long jump requires horizontal propulsion and
explosive take-off;

(2) Joint Coordination: The squat demands greater knee and hip flexion with a relatively
upright torso, while the jumping action involves sequential extension of hip, knee,
and ankle joints in a ballistic manner;

(38) Key Phase Segmentation: The squat is divided into descent, hold, and ascent phases,
whereas the standing long jump consists of preparation, take-off, aerial, and landing
phases. The key stages of the standing long jump are the take-off and landing phases,
and the key stage of the squat is the hold phase.

These substantial differences provide a more rigorous and comprehensive test of the
proposed method’s ability to generalize beyond a single action type.

The squat dataset was collected following the same protocol as the standing long
jump dataset, comprising 50 subjects each performing 100 trials for a total of 5000 samples.
Quality grades A, B, and C were assigned according to the FMS overhead squat criteria. A
score of 3 (Grade A) requires the subject to squat below parallel with heels on the ground,
torso parallel to the shins, and the bar held stable overhead. A score of 2 (Grade B) indicates
that the same movement pattern can only be achieved with a 5 cm heel lift. A score of
1 (Grade C) is assigned when the subject cannot perform the required depth or trunk
stability even with the heel lift. The annotation process followed the same three-step
procedure described in Section 4.1, using three certified coaches, Cohen’s Kappa agreement
assessment, and majority voting.

By evaluating our method on this squat dataset, we aim to demonstrate that the
proposed physics-driven assessment paradigm is not action-specific but generalizable
across different movement domains.
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4.3. Feature Extraction and Processing

Feature extraction and processing served as the core link between raw motion data
and model training, with its effectiveness directly determining the precision of movement
quality characterization and the performance of the assessment model. This subsection
detailed the feature extraction and optimization procedures performed on the constructed
dataset. The workflow was implemented as follows.

The first step in the workflow involved generating a physically plausible ideal trajec-
tory based on exemplary samples. To overcome the limitations of conventional approaches
that directly use observed data as templates, the study extracted kinematic relationships
from a top-performance sample. Specifically, the method used the raw left hip joint trajec-
tory as the root node input. It iteratively derived the trajectories of five child joints based
strictly on the forward kinematics principles described in Section 3. These child joints
included the left shoulder, left elbow, left wrist, left knee, and left ankle, denoted as Kj(t),
where j € {shoulder, elbow, wrist, knee, ankle}. The trajectories strictly satisfied rigid body
constraints, defining a physically self-consistent dynamic model of the ideal movement
that provided an objective and interpretable benchmark for subsequent evaluation. The
complete kinematic modeling diagram of joint trajectories was shown in Figure 4.

0.0 Hip (original)
® Knee (calculated)
® Ankle (calculated)
Shoulder (calculated)
o8 ® Elbow (calculated)
: ® Wrist (calculated)
- 1.0
E
s
E
L£15
>
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2.5

1.0 1.5 2.0 25 3.0 35 4.0 4.5
X Position (m)

Figure 4. Joint trajectory diagram of standing long jump after kinematic modeling.

Spatio-temporal alignment between the test trajectory and the kinematic reference tra-
jectory was a key step in ensuring valid comparison. To eliminate the impact of differences
in movement speed, the test trajectory was temporally aligned with the ideal trajectory
using the DTW algorithm, enabling comparison at unified movement phases. For spatial
alignment, the position of the left hip joint in the first frame was set as the reference. The
initial position of the test sample was translated to coincide with the kinematic reference
trajectory. This process ensured the subsequent deviation purely reflected differences in
movement patterns.

Deviation feature calculation extracted quantitative indicators from the aligned trajec-
tories. For each joint, the Euclidean distance between the joint’s position and the kinematic
reference position was calculated frame by frame to obtain a deviation sequence d;(t).
Three core features were extracted based on this sequence: Peak Deviation, PD;, Cumula-
tive Deviation Integral, CDI;, and Phase-Weighted Deviation, PWD; of each joint. These
features quantified the degree of deviation between the joint trajectory and the kinematic
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reference pattern from three perspectives, namely the extreme value of error magnitude,
the accumulation of total error, and the weight of errors in key phases.

Finally, each sample was represented as a 15-dimensional feature vector f € R'5,
expressed as: f = [PDshoulderr CDLnoutder» PW Dspoutders -+ =+ PDankies CD Innkies PWDunkle]T'
The feature vector comprehensively characterized the deviation between the test movement
and the ideal physical model from multiple perspectives, providing high-quality input for
subsequent machine learning models.

4.4. Model Training and Evaluation

The study employed the Random Forest algorithm to construct a classification model,
framing the action quality assessment task as a multi-label classification problem. As an en-
semble learning method, Random Forest effectively handled high-dimensional features and
mitigated overfitting by building multiple decision trees and aggregating their predictions.
The experiment was conducted based on the 15-dimensional feature vectors extracted in
the preceding section.

During the model training process, a grid search combined with five-fold cross-
validation was used to optimize the key hyperparameters of the Random Forest. The
parameters specifically tuned included the number of decision trees, the maximum depth
of the trees and the minimum number of samples required to split an internal node. The
optimization objective was to maximize the cross-validation accuracy, thereby identifying
an optimal set of parameters that effectively captured the complex mapping relationship
between the features and action quality grades.

Model performance was evaluated using multiple metrics to comprehensively assess
the classification effectiveness. Accuracy was calculated as the ratio of correctly classified
samples to the total number of samples, i.e., accuracy = (TP + TN)/(TP + TN + FP +
FN), where TP, TN, FP, and FN represent the numbers of true positives, true negatives,
false positives, and false negatives, respectively. In addition to accuracy, three class-level
metrics were specifically reported: macro-average F1-score, weighted-average F1-score, and
Cohen’s Kappa coefficient. The macro-average metric assigned equal importance to each
class, making it suitable for evaluating the model’s ability to recognize minority classes.
The weighted-average metric accounted for the distribution of samples across classes,
providing a better reflection of the model’s overall performance on the dataset. Cohen’s
Kappa coefficient excluded the effect of random agreement, offering a more rigorous
measure of the consistency between the classifier’s predictions and the true labels.

To ensure statistical reliability, rigorous statistical validation was further conducted.
First, the bootstrap method was employed to compute the 95% confidence intervals for
all evaluation metrics, including accuracy, macro-average F1, weighted-average F1, and
Kappa coefficient. Second, paired t-tests were performed on the repeated cross-validation
folds to verify the statistical significance of performance differences between the proposed
method and each baseline. A p-value < 0.05 was considered statistically significant.

4.5. Design of Comparative Experiments and Ablation Experiments

To comprehensively evaluate the advantages of the method proposed in this paper,
this study systematically designed and conducted comparative experiments and abla-
tion experiments. All experiments were carried out on the same dataset to ensure the
comparability of results.

The comparative experiments aimed to evaluate the performance of the proposed
pipeline against existing mainstream methods. For comprehensive evaluation, the proposed
method was compared with three representative open-source skeleton-based action quality
assessment (AQA) models, which are easy to adapt to new datasets. Specifically, three
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baseline models were selected: (1) an LSTM-based AQA model, (2) a graph convolutional
network (GCN)-based AQA model, and (3) a transformer-based AQA model. These three
architectures respectively represent the typical applications of recurrent neural networks,
graph neural networks, and attention mechanisms in AQA tasks. All baseline models were
obtained from public code repositories, with only minor modifications made to adapt to
the dataset in this study. To ensure a fair comparison, the same preprocessing pipeline
and the same leave-one-subject-out cross-validation protocol were adopted for all meth-
ods, using the dataset of this study. Subsequently, systematic performance comparisons
between the proposed method and the three baselines were conducted under exactly the
same conditions.

The ablation experiments were designed to verify the necessity of the core components
in the proposed method. The first ablation experiment removed the kinematic modeling
process and instead used the raw joint trajectories as the reference trajectories (denoted
as original reference), aiming to explore the importance of kinematic reconstruction for
generating physically reasonable and smooth trajectories. The second ablation experiment
assessed the impact of the reference trajectory construction method by replacing the ideal
trajectory derived from an exemplary sample with an average trajectory computed from
multiple expert samples (denoted as average reference). The comparison analyzed whether
deriving a kinematic reference motion pattern based on kinematic principles from a perfect
sample offered advantages over simply integrating statistical averages from multiple
samples. The third ablation experiments were designed to further verify the contribution
of the proposed key deviation features. Specifically, each of the three deviation features
was removed individually to validate the contribution of each single feature to the final
performance. Meanwhile, the synergistic effects of different feature combinations (including
PD + CDI, PD + PWD, and CDI + PWD) were also tested.

Through the above experimental design, the proposed action assessment
framework could be thoroughly validated in terms of both overall performance and
component contributions.

All experiments were conducted on a machine equipped with an NVIDIA GeForce
RTX 4060 (8 GB) GPU, Intel Core i7 CPU, and 32 GB RAM. The operating system was
Windows 10, with CUDA 11.8 and PyTorch 2.1.0 deployed for computation.

5. Results and Discussion

This section systematically presented and analyzed the experimental results detailed
in Section 4. First, the effectiveness of the proposed kinematic modeling was qualitatively
verified via visual analysis of the reconstructed trajectories. Then, quantitative evaluations
and in-depth analyses were carried out from four core dimensions: sensitivity and robust-
ness, assessment model performance, cross-action generalization capability, and deviation
feature characteristics. The experimental results comprehensively validated the feasibility,
robustness, physical interpretability, and cross-action adaptability of the proposed action
quality assessment framework.

5.1. Sensitivity and Robustness Analysis

This section provides a systematic evaluation of the robustness and sensitivity of
the proposed method from two aspects that are essential for practical deployment: the
resistance of kinematic trajectory reconstruction to pose estimation noise, and the stabil-
ity of assessment results under different reference sample selections and subject body
type differences.
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5.1.1. Robustness to Pose Estimation Noise

To validate the anti-noise performance of kinematic modeling in trajectory recon-
struction, Figure 5 compared three trajectory processing schemes under simulated noise
conditions, taking the left shoulder joint as an example: the raw OpenPose joint trajectory,
the trajectory after direct smoothing, and the trajectory generated by the proposed kine-
matic model. Here, the Savitzky—Golay filtering method was selected as a representative
direct smoothing approach for comparison.
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Figure 5. Comparison diagram of trajectories obtained through original trajectory, direct smoothing
method, and kinematic modeling method.

As shown in Figure 5, the noisy raw OpenPose trajectory exhibited obvious random
jitters, which were typical estimation errors introduced by practical pose detection algo-
rithms. Although the Savitzky-Golay filtering method suppressed part of the noise, its
smoothing effects is limited, and residual distortions as well as local over-smoothing remain,
making it difficult to preserve kinematic rationality. In contrast, the proposed kinematic
modeling approach exhibited overwhelming advantages: it effectively eliminated random
noise, preserved smooth trajectory profiles, and reconstructed kinematically reasonable
trajectories consistent with real human action by strictly enforcing rigid body physical
constraints. The experimental results in Figure 5 were consistent with the theoretical error
propagation bound derived in Section 3.1, further confirming that the proposed kinematic
reconstruction method maintained physical plausibility under moderate noise conditions.

The superiority of the kinematic modeling approach originates from its underlying
physical constraint mechanism, which is fundamentally different from conventional math-
ematical smoothing. By establishing rigid kinematic relationships between parent and
child joints, the proposed method reconstructs trajectories that conform to biomechanical
principles. As a result, it can recover high-quality motion curves from noisy observation
data and laying a reliable foundation for subsequent action quality assessment.

5.1.2. Sensitivity to Reference Sample Selection and Body Type Differences

To analyze the influence of reference sample selection and subject body type differences
on assessment performance, all subjects were classified into three body type categories
(large, medium, small) based on height and lower limb length characteristics. Optimal high-
grade samples were selected from each body type category to construct candidate reference
trajectories, and two controlled experiments including same-body-type evaluation and
cross-body-type evaluation were carried out.
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The same-body-type evaluation scheme adopted reference samples from a given body
type to assess test samples within the same-body-type category, while the cross-body-type
evaluation scheme applied reference samples from one body type to test samples belonging
to other body type categories. The two schemes were used to quantify the stability of
model performance under body type matching conditions and the impact of body type
discrepancy on assessment outcomes respectively.

Furthermore, an additional experiment was supplemented to eliminate the contin-
gency brought by single reference selection. All A-grade samples in the dataset were
separately adopted as independent reference trajectories for evaluation, and the final
quantitative results were averaged to obtain stable statistical outcomes. This global aver-
age evaluation further reflects the overall generalization of the proposed method against
random reference sample choices.

Results presented in Table 4 revealed that performance differences among distinct
reference samples were minor in the same-body-type evaluation, which confirmed the
robustness of the proposed method to reference sample selection within the same-body-type
category. A certain degree of performance degradation was observed in the cross-body-
type evaluation, but its performance was still within the acceptable range. Based on these
findings, priority was recommended to be given to reference samples with body types
similar to target subjects in practical applications.

Table 4. Performance analysis of different reference samples.

Evaluation Mode Body Type Accuracy Avl\e/[rzg:-F 1 Avy’Ziigteegi Kappa
Same-body-type Large 0.769 0.760 0.731 0.763
Same-body-type Medium 0.776 0.765 0.732 0.773
Same-body-type Small 0.780 0.782 0.739 0.768
Cross-body-type Large — medium/small 0.719 0.713 0.689 0.710
Cross-body-type Medium — large/small 0.722 0.718 0.693 0.719
Cross-body-type Small — Large/Medium 0.717 0.704 0.688 0.706
Average A samples All body types 0.751 0.749 0.701 0.738

5.1.3. Robustness to Trunk Flexion Condition

To quantitatively evaluate the performance of the rigid body kinematic model under
significant trunk flexion, we performed a subgroup analysis on samples with large trunk
flexion angles. The trunk flexion angle was defined as the maximum angle between the
hip—shoulder vector and the vertical direction during the landing preparation phase. Using
the upper quartile of the trunk flexion angles across all samples (approximately 15°) as
the threshold, the samples were divided into a high-flexion group (>15°) and low-flexion
group (<15°). The already trained Random Forest model was applied to predict the quality
grades for both groups, and the classification accuracies were calculated separately.

The experimental results were summarized in Table 5. The overall accuracy on the
full dataset was 0.775. The low-flexion group (3771 samples) achieved an accuracy of 0.779,
while the high-flexion group (1229 samples) achieved 0.758, a difference of 2.1 percentage
points. The macro-average F1-score was 0.747 for the high-flexion group, lower than the
0.773 observed for the low-flexion group.

These results indicated that although the theoretical error estimated in Section 3.2
(up to 23 cm) was not negligible in absolute terms, the actual degradation in classification
performance was limited (less than 3%). This could be attributed, on the one hand, to the
inherent robustness of the proposed deviation features to smooth, bounded systematic
errors, and on the other hand, to the fact that the quality grading of standing long jump
primarily depended on lower limb performance, with upper limb errors contributing
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relatively little. Therefore, the proposed model exhibited acceptable practical robustness to
trunk flexion.

Table 5. Model performance under different trunk flexion levels.

Group Number of Samples  Accuracy =~ Macro-Average F1 Weighted-Average F1 Kappa
Full dataset 5000 0.775 0.769 0.734 0.768
Low flexion (<15°) 3771 0.779 0.773 0.742 0.770
High flexion (>15°) 1229 0.758 0.747 0.718 0.741

5.2. Performance of the Evaluation Model

The performance of the proposed action quality assessment framework was quanti-
tatively evaluated on the standing long jump dataset and the cross-action squat dataset.
Comparative experiments with mainstream baseline models and ablation experiments of
core components were conducted to verify the superiority of the kinematic reconstruction-
based method, and cross-action tests were implemented to validate the generalization
capability of the proposed paradigm. All experiments adopted the leave-one-subject-out
cross-validation protocol, and four metrics (accuracy, macro-average Fl-score, weighted-
average Fl-score, Cohen’s Kappa coefficient) were used for comprehensive evaluation.

5.2.1. Comparison with Mainstream Baseline Methods

Four representative AQA baseline methods were selected for comparative verification,
covering both traditional template matching methods and mainstream deep learning
architectures, in order to ensure a fair and comprehensive comparison. Specifically, the
baseline methods included the dynamic time warping (DTW) algorithm, an LSTM-based
deep learning model, a GCN-based deep learning model, and a transformer-based deep
learning model.

The proposed kinematic reconstruction-based classification method achieved an ac-
curacy of 0.775, a macro-average Fl-score of 0.769, a weighted-average Fl-score of 0.734,
and a Kappa coefficient of 0.768 on the standing long jump dataset. As shown in Table 6,
the proposed method significantly outperformed both the LSTM-based deep learning
model and the traditional DTW-based method across all evaluation metrics. Specifically,
it improved the classification accuracy by 0.022 (from 0.753 to 0.775) compared with the
LSTM model and by 0.177 (from 0.598 to 0.775) compared with the DTW method. The
macro-average Fl-score was similarly improved by 0.029 (from 0.740 to 0.769) and 0.180
(from 0.589 to 0.769), respectively. Notably, the proposed method achieved competitive
performance against the state-of-the-art transformer-based and GCN-based models, while
additionally providing kinematics-based physical interpretability that these black-box deep
learning methods lack.

All reported results in Table 6 are presented as point estimates with corresponding
95% confidence intervals: [0.762, 0.788] for accuracy, [0.755, 0.783] for macro-average
F1, [0.721, 0.747] for weighted-average F1, and [0.754, 0.782] for the Kappa coefficient.
Paired t-tests confirmed that the performance differences between the proposed method
and each baseline were statistically significant (p < 0.05 for all comparisons with DTW,
LSTM, GCN, and transformer), further demonstrating the reliability and robustness of the
proposed approach.
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Table 6. Model performance comparison results on the standing long jump dataset.
Weighted-
Method Type Method Accuracy Macro-Average F1 Average F1 Kappa
Traditional method DTW 0.598 0.589 0.582 0.573
Deep learning method Based on LSTM 0.753 0.740 0.716 0.745
Deep learning method Based on GCN 0.788 0.774 0.739 0.769
Deep learning method  Based on transformer 0.815 0.806 0.773 0.801
Proposed method Kinematic reference 0.775 0.769 0.734 0.768
5.2.2. Ablation Experiments of Core Components

The necessity and effectiveness of the two core components regarding to the proposed
method were verified: kinematic reference trajectory construction and multi-dimensional
deviation feature fusion. All ablation experiments were conducted on the standing long
jump dataset with the same evaluation protocol.

Three different reference trajectory construction schemes were compared to validate
the superiority of the proposed kinematic reference trajectory: the proposed kinematic
reference trajectory, the raw joint trajectory (original reference) directly extracted by the
pose estimation algorithm, and the average trajectory (average reference) calculated from
multiple expert samples. The experimental results are presented in Table 7.

Table 7. Ablation results of different reference trajectory construction schemes.
Reference Type Accuracy Macro-Average F1 Weighted-Average F1 Kappa
Kinematic reference (proposed) 0.775 0.769 0.734 0.768
Original reference 0.682 0.670 0.661 0.673
Average reference 0.751 0.749 0.701 0.738

According to Table 7, the proposed kinematic reference trajectory achieved the optimal
performance across all evaluation metrics. The original reference scheme suffered from
severe pose estimation noise and trajectory distortion, leading to a significant performance
drop, with a 9.3% decrease in accuracy compared with the proposed method. The average
reference scheme partially suppressed noise through statistical averaging, but it diluted
the key kinematic characteristics of optimal movements, resulting in lower performance
than the proposed method, with a 2.4% decrease in accuracy. These results verified that the
forward kinematics-based trajectory with rigid body constraints and physical rationality
was more suitable as an evaluation benchmark for AQA.

The contribution of three designed deviation features, namely Peak Deviation (PD),
Cumulative Deviation Integral (CDI), and Phase-Weighted Deviation (PWD), was verified
through single-feature ablation and feature combination tests. The experimental results are
shown in Table 8.

Among the single-feature schemes, the PD feature achieved the highest performance,
as it captured the maximum instantaneous error of movements, which was a key indica-
tor of movement quality. The combination of any two features improved performance
compared with single-feature schemes, and the fusion of all three features obtained the
optimal result. This demonstrated that the three features complemented each other in
characterizing movement quality from the perspectives of instantaneous error, cumulative
error, and key phase weighting, and their synergistic effect significantly enhanced the
evaluation accuracy of the model.
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Table 8. Ablation results of multi-dimensional deviation feature combinations.
Feature Combination Accuracy Macro-Average F1 Weighted-Average F1 Kappa
PD only 0.721 0.715 0.692 0.723
CDI only 0.698 0.691 0.673 0.702
PWD only 0.713 0.707 0.685 0.715
PD + CDI 0.748 0.742 0.711 0.745
PD + PWD 0.756 0.750 0.719 0.753
CDI + PWD 0.739 0.733 0.704 0.737
PD + CDI + PWD 0.775 0.769 0.734 0.768

5.2.3. Cross-Action Generalization Performance Validation

To verify the generalization capability of the proposed method across different action
types, the model was tested on the overhead squat dataset with the same experimental
protocol. The cross-action performance results are presented in Table 9.

Table 9. Cross-action generalization performance of the proposed method.

Macro- Weighted-
Dataset Accuracy Average F1 Average F1 Kappa
Standing long jump 0.775 0.769 0.734 0.768
Overhead squat 0.762 0.757 0.723 0.759

The proposed method maintained high evaluation accuracy on the overhead squat
dataset, with an accuracy of 0.762 and a Kappa coefficient of 0.759. The performance
degradation was less than 1.3% compared with that on the standing long jump dataset. The
results indicated that the kinematic reconstruction and deviation analysis framework could
adapt to different movement patterns and key motion phases, which verified the cross-
action generalization capability of the proposed method. Unlike deep learning models that
required retraining for new action types, the proposed method could be directly applied to
the overhead squat dataset without additional training, which further demonstrated its
practical applicability in real-world AQA scenarios.

5.3. Deviation Feature Analysis

To gain deeper insights into the decision-making mechanism of the model and verify
its consistency with human expert assessment logic, the study analyzed the characteristic
deviation patterns in correctly classified cases. Figure 6 showed a comparison of the
deviation features at the ankle joint between Grade B, Grade A and Grade C samples.

As shown in Figure 6a, the Grade A sample exhibited a highly optimized phase
control ability. Although its deviation in some non-critical phases was higher than that
of the Grade B sample, its deviation values were significantly lower than those of the
Grade B sample in key phases that determined technical effectiveness, such as take-off
and landing. This finding highlighted the design value of the PWD feature: its weighting
mechanism effectively emphasized the importance of critical phases, thereby enabling the
model to identify high-quality movements that demonstrated excellence in core technical
components despite minor imperfections in non-critical phases.

The results in Figure 6b further illustrated the significance of the PD. It could be ob-
served that the deviation curve of the Grade C sample exhibited sharp and high-amplitude
abnormal peaks within the key phase interval, while such peaks did not appear in the
Grade A and Grade B samples. It indicated that the PD effectively captured severe, transient
technical errors during action execution, which often served as decisive factors leading to
degraded action quality.
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Figure 6. (a) The deviation comparison between the grade B sample and the grade A sample;
(b) the deviation comparison between the grade B sample and the grade C sample; (c) the deviation
comparison between the grade B sample and the grade C sample.

Figure 6c¢ presented the importance of the CDI. During the key phases, the instan-
taneous deviation amplitudes of the Grade B sample and the Grade C sample might be
similar; however, the Grade C sample exhibited more sustained and frequent minor devia-
tions throughout the entire motion cycle, resulting in a much higher integral value of its
squared deviation than that of the Grade B sample. Therefore, the CDI feature captured the
overall stability of the action, effectively distinguishing between actions that were locally
flawed yet globally controllable (Grade B) and those that were globally unsteady with
continuously accumulating errors (Grade C).

The comprehensive analysis showed that the three features quantify the action quality
from the three orthogonal perspectives of key phase performance, maximum instantaneous
deviation and overall error accumulation, which together constitute a comprehensive and
robust evaluation system.
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6. Conclusions

This study proposed and validated an action quality assessment method based on kine-
matic reconstruction and deviation analysis. By deriving a physically consistent kinematic
trajectory from an exemplary sample as the evaluation benchmark, the method further cal-
culated deviation features between the test sample and the benchmark and finally adopted
a Random Forest model to achieve automated grading. Experimental results showed that
this method outperformed the traditional DTW template matching method in indicators
such as accuracy, Fl-score, and Kappa coefficient. Moreover, ablation experiments con-
firmed the necessity of kinematic modeling in generating kinematic reference trajectories
and its superiority over simple data averaging.

The limitations of this study were mainly reflected in the following five aspects:
First, the construction of the kinematic trajectory relied on a single sample. Although
it ensured kinematic consistency, its generalization ability might be constrained by the
specific individual’s movement style. Second, the weight function in the PWD feature
was set based on the prior knowledge of standing long jumps. While it highlighted the
importance of critical phases, it lacked adaptive adjustment capability and might not meet
the requirements of different sports events. Third, the study was limited to 2D motion
analysis and failed to utilize 3D spatial information, which restricts the ability to fully
characterize complex motion patterns. Fourth, the independent fixed joint angle constraints
currently adopted do not consider the biomechanical coupling relationships between joints,
especially the dependence of shoulder extension angle on elbow flexion angle. Although
this treatment is reasonable and accurate in the core action scenarios of this study, it may
reduce the rigor of kinematic modeling for actions involving complex upper limb postures.
Finally, when the trunk undergoes large flexion, the constant trunk length assumption
introduced a systematic error. Although this error mainly affected the upper limb joint
trajectories and had limited impact on the core joints (hip, knee, ankle) used for evaluation
in our dataset, this aspect remained a direction for improvement.

To address the limitations, future research will explore the following five directions in
depth. First, the study will investigate a multi-expert fusion paradigm for kinematic tra-
jectory generation, employing clustering analysis or generative techniques to derive more
generalized standard movement patterns and reduce reliance on a single reference sample.
Second, the study will develop adaptive weight learning algorithms that automatically opti-
mize phase-specific importance weights in a data-driven manner, enabling the PWD feature
to adapt to diverse sports disciplines. Third, the study will explore multi-view video-based
3D pose reconstruction and evaluation pipelines. By incorporating 3D kinematic con-
straints, the approach will achieve more comprehensive and precise action quantification,
ultimately contributing to a more robust automated action assessment system. Fourth,
introduce a multi-joint coupling constraint mechanism and establish a kinematic model
that considers the biomechanical dependencies between joints, especially improving the
shoulder—elbow coupling constraint, to enhance the model’s adaptability to complex upper
limb movements. Finally, the study will explore the introduction of a flexible trunk model
or a multi-segment spine representation to eliminate or further reduce the systematic error
introduced by this assumption, thereby improving the kinematic reconstruction accuracy
for movements with large trunk flexion.
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