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ABSTRACT: As an essential tool for quantitative analysis of lower limb coordination, optical motion capture systems
with marker-based encoding still suffer from inefficiency, high costs, spatial constraints, and the requirement for
multiple markers. While 3D pose estimation algorithms combined with ordinary cameras offer an alternative, their
accuracy often deteriorates under significant body occlusion. To address the challenge of insufficient 3D pose estimation
precision in occluded scenarios—which hinders the quantitative analysis of athletes’ lower-limb coordination—this
paper proposes a multimodal training framework integrating spatiotemporal dependency networks with text-semantic
guidance. Compared to traditional optical motion capture systems, this work achieves low-cost, high-precision motion
parameter acquisition through the following innovations: (1) spatiotemporal dependency attention module is designed
to establish dynamic spatiotemporal correlation graphs via cross-frame joint semantic matching, effectively resolving
the feature fragmentation issue in existing methods. (2) noise-suppressed multi-scale temporal module is proposed,
leveraging KL divergence-based information gain analysis for progressive feature filtering in long-range dependencies,
reducing errors by 1.91 mm compared to conventional temporal convolutions. (3) text-pose contrastive learning
paradigm is introduced for the first time, where BERT-generated action descriptions align semantic-geometric features
via the BERT encoder, significantly enhancing robustness under severe occlusion (50% joint invisibility). On the
Human3.6M dataset, the proposed method achieves an MPJPE of 56.21 mm under Protocol 1, outperforming the
state-of-the-art baseline MHFormer by 3.3%. Extensive ablation studies on Human3.6M demonstrate the individual
contributions of the core modules: the spatiotemporal dependency module and noise-suppressed multi-scale temporal
module reduce MPJPE by 0.30 and 0.34 mm, respectively, while the multimodal training strategy further decreases
MPJPE by 0.6 mm through text-skeleton contrastive learning. Comparative experiments involving 16 athletes show
that the sagittal plane coupling angle measurements of hip-ankle joints differ by less than 1.2○ from those obtained
via traditional optical systems (two one-sided t-tests, p < 0.05), validating real-world reliability. This study provides an
AI-powered analytical solution for competitive sports training, serving as a viable alternative to specialized equipment.

KEYWORDS: Graph convolutional networks; lower limb coordination quantification; 3D pose estimation

1 Introduction
With the rapid advancement of deep learning technology, it has become possible to use artificial intel-

ligence as a replacement for traditional human motion parameter acquisition [1]. In many sports, excellent
lower-limb coordination is crucial, such as in soccer, basketball, fencing, and other athletic disciplines. It
not only significantly impacts the fluidity and precision of movements but also influences athletes’ reaction
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speed and technical stability, thereby becoming a critical factor in achieving success in competitive sports.
During training, if athletes’ lower-limb coordination can be analyzed based on data, training efficiency
can be substantially enhanced [2]. Moreover, data-driven technical guidance can effectively reduce the risk
of injuries caused by improper movements. In competitive settings, analyzing lower-limb coordination
enables coaches to make real-time tactical adjustments, extending the advantages observed in training
scenarios [3]. Thus, assessing athletes’ lower-limb coordination is essential for optimizing sports performance
and mitigating injury risks.

Quantitative analysis of lower limb coordination is one of the key steps. It can accurately calculate key
indicators such as speed and joint angles and analyze lower limb coordination, thus contributing to a safer
training and competition environment and improving training efficiency [4]. There are currently several
methods for quantifying coordination. Continuous relative phase (CRP) [5] pioneered the quantification of
dynamic coordination by calculating the phase difference between two joint angles and angular velocities
in the phase plane. For the first time, it achieved a continuous description of the coordination mode within
the motion cycle. However, this method relies on a strict assumption of periodic motion and is sensitive to
changes in motion speed. It is easy to produce phase drift errors in non-periodic motion. Cross-correlation
analysis (CCA) [6] improves on the timing limitations of CRP. By calculating the correlation coefficient of
two joint angle sequences and their maximum correlation lag time, it effectively captures the timing coupling
relationship between joints. Vector coding technology (VC) [7] breaks through the limitations of the first two.
By constructing a polar coordinate mapping of joint angle pairs, it captures the instantaneous coordination
mode switching through the angle change vectors of adjacent frames. Recent studies have shown that
vector coding techniques offer significant advantages over other methods. This technique quantifies motor
coordination patterns at each time point, provides a more comprehensive analysis, and produces more
interpretable results.

Traditional vector coding-based lower limb coordination analysis methods mainly rely on optical
motion capture systems to collect kinematic parameters. This method is not suitable for analyzing the lower
limb coordination of athletes during training and competition. Optical motion capture devices require the
human body to wear a large number of markers, which may cause discomfort to athletes and affect their
performance. In addition, the high cost of optical motion capture systems limits their widespread adoption
in sports competitions and training programs. With the rapid development of deep learning technology, it
has become possible to use artificial intelligence to replace traditional human kinematic parameter collection
methods for lower limb coordination quantification [8]. Pose estimation algorithms, which use ordinary
cameras as data collection devices, effectively address the limitations of optical motion capture systems.
By applying pose estimation algorithms to video data captured by ordinary cameras, the same kinematic
parameters can be obtained without additional equipment. However, pose estimation algorithms often have
difficulty in providing accurate data under occlusion conditions, which limits their practical application. In
order to improve the performance of 3D pose estimation in predicting occluded poses, current methods
use independent modules to process spatial and temporal information, respectively. However, this approach
ignores the intrinsic relationship between spatiotemporal data. In addition, competitive sports video data
has a high amount of information in the local time window. Due to motion blur or instantaneous occlusion,
the aggregation of information in the long-range time series often introduces a lot of noise, thereby reducing
the accuracy of the model [9]. The key point is that 3D pose estimation is a regression task, which cannot
capture high-level contextual information related to human motion poses. This semantic information can
help the model understand the intention of the current action, the correlation between body parts and
physical constraints, and is crucial to improving the performance of the model in predicting occluded poses.
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In order to improve the performance of pose estimation under occlusion and overcome the limitations
of traditional data collection methods, a pose estimation algorithm combined with a multimodal training
strategy is proposed. This method combines text descriptions of body parts to assist model training, and
introduces various new modules to effectively deal with occlusion problems in pose estimation. These
modules use multimodal information to improve the robustness of the algorithm in complex scenes. This
method can accurately capture human kinematic parameters in natural environments and provide strong
support for the quantification of athlete coordination. The main contributions of this paper are summarized
as follows:

• In the pose estimation algorithm, we proposed a spatiotemporal dependency module, which aims to
capture the spatiotemporal relationship in a unified framework. This module adopts an attention mech-
anism to select semantically related nodes, thereby effectively capturing the spatiotemporal dependency.
The noise compression multi-scale time series module we proposed innovatively introduces information
gain analysis and channel compression mechanism. In the process of long-range time series feature
fusion, this module dynamically evaluates the information value of different time windows through KL
divergence, suppresses redundant noise, and retains key motion patterns.

• We propose an innovative multimodal training strategy that integrates a spatiotemporal dependency
network with a BERT pre-trained language model. This method can effectively solve the problems of
semantic association loss caused by the separation of spatial-temporal processing modules in occlusion
scenarios, noise interference caused by long-range temporal information aggregation, and insufficient
action semantic expression capabilities inherent in the regression task paradigm. It not only significantly
improves the accuracy of pose estimation under occlusion, but also enhances the generalization ability
and robustness of the model.

• We conducted comparative experiments and ablation studies on the Human3.6M dataset to verify
the effectiveness of the proposed module. Experimental results show that the algorithm has good
performance under severe occlusion conditions. We recruited several athletes and conducted a compre-
hensive comparison between the optical motion capture system and our AI-based approach in terms of
data acquisition accuracy. The results show that the AI-based solution cannot only accurately capture
the lower limb motion parameters, but also effectively address the limitations of the optical motion
capture system.

2 Related Work

2.1 Quantitative Analysis Methods for Lower Limb Coordination
Motor coordination refers to the ability of the human body to control and coordinate limb movements

through the regulation of the nervous, muscular and joint systems while integrating multiple degrees of
freedom. Motor coordination has a wide range of applications in medical rehabilitation, sports training,
injury prevention and other fields [10]. In order to evaluate motor coordination in more detail, researchers
and sports experts have developed a series of quantitative methods. Currently, vector coding technology
has become a standard analysis tool in the field of sports science due to its pattern interpretability and
computational robustness.

Based on vector coding technology, Cen et al. [11] proposed the dynamic coupling index (DCI) and
developed a multi-joint dynamic coupling analysis framework. In recent years, Needham et al. [12] improved
the coordination pattern classification standard and achieved a more refined gait cycle division. Vector
coding can not only capture the movement coordination patterns between related segments in the whole
movement process, but also identify the dominant segments driving the coordination process. This helps
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to classify the coordination patterns in more detail. Therefore, in this study, we will conduct a quantitative
analysis of the lower limb coordination of athletes based on vector coding technology.

2.2 3D Pose Estimation Based on Graph Convolutional Networks
In recent years, significant research progress has been made in 2D pose estimation algorithms. However,

compared with 2D pose estimation, 3D pose estimation can overcome the depth ambiguity problem and
provide 3D spatial coordinates of joint points, which is of decisive significance for sports biomechanics
analysis [13]. In particular, when quantifying the coordination of lower limbs, the accurate calculation of
parameters such as 3D joint angles and motion trajectory length requires complete spatial information sup-
port [4]. By introducing temporal dimension modeling, 3D methods can also effectively solve the problem
of coordinate jumps caused by self-occlusion, and show stronger robustness in multi-angle video analysis
scenarios of competitive sports [14]. 3D human pose estimation methods based on graph convolutional
networks (GCNs) have made significant progress in occlusion processing. The dynamic graph convolutional
network (DGCN) proposed by Qiu et al. [15] realizes end-to-end spatiotemporal modeling of 2D sequences
to 3D poses by dynamically adjusting the joint connection weights. On this basis, Cai et al. [16] constructed a
multi-scale spatiotemporal graph and significantly improved the estimation accuracy in complex occlusion
scenes through hierarchical feature fusion. In response to the challenge of multi-person pose estimation,
Cheng et al. [17] innovatively proposed a dual-channel skeleton-joint collaborative modeling framework,
which effectively solved the limb confusion problem in dense interaction scenarios through interactive
learning of joint graph networks and skeleton graph networks.

ARHPE [18] innovatively adopts the two-dimensional Lorentz distribution and cosquare difference
pooling strategy, combining the soft label learning of head poses with asymmetric relationship modeling,
significantly improving the pose estimation accuracy of complex label data in industrial human-computer
interaction scenarios. In terms of industrial scene optimization, the LDCNet proposed by Liu et al. [19]
improves the robustness of pose estimation through the limb direction cue perception mechanism. This
method innovatively designs a differentiated Cauchy coordinate coding strategy, adjusts the Cauchy distri-
bution pattern of heat map labels according to the directions of adjacent key points, and simultaneously
introduces Jeffreys divergence as a distribution similarity measure. The capture of second-order statistical
features through the cosquare differential layer provides a more reliable basis for behavioral biometrics.
EHPE [20] effectively solved the problem of positioning ambiguity in occlusion and complex backgrounds
by adjusting the direction of the Gaussian covariance matrix to adapt to the change of limb angles and
combining the KL divergence and L2 loss constraint models. The latest research [21] introduces the neural
modulation mechanism into muscle co-analysis. By decoding the signals of the motor cortex and dynamically
adjusting the connection weights of the graph network, it provides a new paradigm for biomechanic-inspired
pose estimation.

PoseFormer [22] introduces a pure Transformer architecture into the spatiotemporal modeling of video
sequences. Its core idea is to learn the spatial joint relationship within a single frame and the temporal
motion pattern between multiple frames through hierarchical Transformer modules. This separate design
can capture the global spatiotemporal context, but does not explicitly model the spatiotemporal joint
dependencies. Although this method is effective for the global environment, it has difficulty in handling
occluded joint recovery due to its uniform attention distribution. The P-STMO (Pre-trained Spatiotemporal
Motion Optimization) framework [23] extracts spatiotemporal features of different scales through a multi-
branch network and integrates local and global information using a progressive fusion strategy. However,
its multi-scale temporal aggregation relies on simple feature splicing and does not consider the problem of
noise accumulation in long-range temporal information [24].
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3 Problem Description
In the current study, the positions of human body joints are primarily captured using conventional

motion capture devices to enable vector coding-based quantitative analysis of lower limb coordination [25].
Optical motion capture systems require athletes to wear numerous markers to collect kinematic parameters
of the body. The discomfort associated with wearing these markers can impair athlete performance, com-
plicating the quantification and analysis of lower limb coordination during competitions and training [26].
The 3D pose estimation algorithm can also capture the positions of human joints using a normal camera
and compensate for the above problems. Moreover, compared to optical motion capture systems, cameras
offer a more cost-effective solution [27]. Therefore, the use of pose estimation algorithms as well as camera
acquisition of the joint positions of the human body is a more appropriate choice compared to optical motion
capture devices. However, significant occlusion often occurs during competitions and training. For instance,
in multi-player competitive events, inter-individual occlusion is common, while in single-player training
scenarios, self-occlusion frequently occurs [17]. As a result, suitable 3D pose estimation algorithms need to
be carefully designed to improve model accuracy under occlusion.

Currently, 3D pose estimation algorithms employ two independent modules to capture temporal and
spatial information, aiming to address occluded challenges. However, temporal and spatial information are
inherently interrelated. To address this issue, we propose a spatial-temporal dependency module to mitigate
the impact of anomalous joints on the results. Additionally, most existing studies integrate long-range and
short-range temporal information to enhance performance [28]. However, the aggregation of long-range
temporal information often introduces significant noise. To mitigate this issue, we propose a noise-
compressed multi-scale temporal module designed to filter out irrelevant information during long-range
temporal information aggregation. Furthermore, 3D pose estimation is a regression task, and traditional
regression methods fail to leverage semantic information to eliminate the impact of occluded joints on the
prediction results. To address this limitation, we propose a multimodal training framework that integrates
semantic information from textual descriptions to improve 3D pose estimation performance. Currently, few
studies have proposed such training approaches to enhance the accuracy of occluded pose estimation.

4 Spatial Temporal Dependency Network with Textual Prompt-Assisted Training

4.1 Spatiotemporal Dependency Module
A limitation of existing research is the use of independent modules to process spatial and temporal

information separately. Although this approach has improved the model’s accuracy in estimating occluded
poses to some extent, it fails to capture the inherent spatial-temporal relationships of human movements.
The spatial-temporal inherent relationship is crucial because when the human body’s posture changes, the
movement of each body part occurs simultaneously in both spatial and temporal dimensions. Therefore, if
this information can be captured, the model’s performance will be significantly improved.

To address this limitation, inspired by [29], we propose a spatiotemporal dependency module that can
capture intrinsic spatiotemporal relationships. Reference [29] uses the KNN algorithm based on the position
of samples in the feature space to define similarity and select the semantically closest nodes. We establish
cross-frame node connections through dynamic dependency curves, generate node dependencies based on
feature similarity and attention weights, and build a dynamic semantic graph of non-anatomical connections,
thereby capturing more comprehensive and flexible spatiotemporal semantic relationships. We represent all
joints in the 2D skeleton sequence data as, where represents the total number of joints in each frame and
represents the length of the skeleton sequence. Each joint on the first frame will be used as the starting joint of
the dependency curve. For each joint in the coordinate system, there is a semantically closest joint connected
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to it, as shown in Fig. 1. Taking the nodes in frame t as an example, we will explain how to select the nearest
node in the frame and update its features at the same time.

Figure 1: (a) Attention cross-frame operation mechanism. (b) Aggregation module

We perform three linear transformations on all joints in frame t + 1 and the joint vti in frame t. After
applying the linear transformations in Eqs. (1)–(3), we obtain three vectors: Qti , Kti and Vti .

Qti = vti W Q
ti (1)

Kti = vti W K
ti (2)

Vti = vti W V
ti . (3)

Here, W Q
ti , W K

ti , W V
ti are three trainable parameter matrices.

Using the above-calculated Qti and Kti , we calculate the similarity between the jointvti and each joint
in frame t + 1. The similarity between vti and v(t+1)i in frame t + 1 is computed as shown in Eq. (4).

Attention(Qti , K(t+1)i) = Softmax
⎛
⎝

Qti KT
(t+1)i√
dk

⎞
⎠

, (4)

where dk is the dimension of K(t+1)i . We select the joint with the highest similarity as the semantically closest
joint to vti in frame t + 1.

Next, we calculate the updated feature ṽt i for vti as shown in Eq. (5).

ṽt i =
N
∑
i=1

Attention(Qti , K(t+1)i) × V(t+1)i + vti . (5)

Finally, we obtain the dependency curve set: dependenc ycurve = [ṽ1 → ṽ2 → . . . → ṽT] ∈ RC×(T−1)×N.
We use the aggregation module from [29] to effectively apply the dependency curves to the input feature

map. The structure of the aggregation module is shown in Fig. 1. The feature of each dependency curve is
represented as Fintra , and the features between each dependency curve are represented as Finter . We construct
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curveintra ∈ RCmid×(T−1) using an attention pooling layer and a simple multi-layer perceptron (MLP) layer
that reduces the number of channels. The feature Fintra is calculated as:

F̃intra = so f tmax(Fin × curveintra), (6)
Fintra = curveintraWintra × F̃intra , (7)

where Wintra ∈ RCmid×Cmid is a linear transformation matrix in the MLP layer for curve features. Similarly,
Finter is also obtained using Eqs. (6) and (7). We then aggregate Finter and Fintra as shown in Eq. (8).

Fout = (Finter ∣∣Fintra)wag g ∈ RC×T×V , (8)

where wag g ∈ R2Cmid×C combines Finter and Fintra .

4.2 Noise Compression Multi-Scale Temporal Module
We propose a temporal module designed to suppress noise during the aggregation of long-range

temporal information. The aggregation of long-range temporal information is carried out using the
following approach:

First, we represent the shape of the input feature map X as [C , T , V]. Next, we divide the feature map
along the channel dimension into s segments, denoted as xi , where i ∈ 1, 2, 3, . . . , s. Each segment has the
shape [C/s, T , V]. Feature extraction is performed using the following operations, as shown in Eq. (9).

x̃i =
⎧⎪⎪⎨⎪⎪⎩

Conv2D [Kt × 1] (xi) i = 1
Conv2D [Kt × 1] (xi + x̃i−1) i > 1

. (9)

The output of the i-th segment, denoted as x̃i ∈ R C
s ×T×V , is shown in Fig. 2.

In terms of noise suppression methods, reference [29] relies on dilated convolution to expand the
receptive field. Inspired by [9], after aggregating the information of the previous segments, we apply
Kullback-Leibler (KL) divergence to the output of the segment to measure the information gain, quantify
the information gain attenuation through KL divergence, and adaptively truncate redundant temporal noise.
The analysis results show that the information gain IG at is closely related to the function and is greater than
0. This reveals an exponential decay pattern, indicating that the information gain gradually decreases as the
number of aggregated fragments increases.

To aggregate long-range temporal receptive fields while suppressing irrelevant information, we use the
function in Eq. (10) to determine the output channels of the i-th segment:

Ci ,out = d(k−s)∗Cin , (10)

where d ∈ [0, 1] represents the channel compression ratio, and k ∈ [2, s]. The output channels of the first
segment are the same as its input channels to preserve useful information.

The channel compression ratio d ∈ [0, 1] in Formula (11) is determined by grid search on the validation
set. The optimal parameter interval is experimentally measured to be d ∈ [0.5, 0.7], which is highly consistent
with the theoretical expectations of module design.

Among them, the formula for long-range information retention rate is:

Retain_Rate = (∑∣W ⊙ F∣)/∑ ∣F∣ . (11)
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Noise interference formula:

Noise_Level = std(F − F_cl ean). (12)

W is the effective feature mask, F is the original feature, and F_cl ean is the noise-free feature.

Figure 2: Noise compressed multi-scale temporal module

4.3 Multimodal Training Method
Inspired by [30], we propose a multimodal training method to capture the semantic information of

actions to address the limitations of existing 2D-to-3D lifting methods. Since 2D-to-3D lifting is a regression
task, it is difficult to capture the semantic information of actions. In the case of occlusion, the core challenge
of 3D pose estimation is that the lack of local visual information makes it difficult for the regression model
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to accurately infer the spatial position of the occluded joint. The multimodal training method proposed in
this paper effectively solves this problem by introducing action semantic information to provide the model
with strong semantic constraints and biomechanical priors. For example, when predicting the body joints
of a soccer player kicking a ball, the prediction task becomes particularly challenging if the lower half of
the body is occluded by another player. However, if information describing the semantics of the action is
available, such as “the knee is slightly bent outward, the inner side of the foot is aligned with the ball, and the
back half of the ball is kicked,” it can significantly help the prediction task. We use the pre-trained BERT-base
model to extract high-dimensional semantic vectors from action description texts, and obtain global features
from the output of the spatiotemporal dependency module through temporal average pooling, which are
further aligned with the skeleton features under the contrastive learning framework. This alignment enables
the model to implicitly learn the correlation between action categories and joint movement patterns during
training. The structure of the modality training method is shown in Fig. 3.

Figure 3: Multimodal training approach

The text encoder processes the text descriptions of various body parts to generate text features. These
features are then aligned with the corresponding part features output by the skeleton encoder using a multi-
node contrastive loss mechanism, ensuring accurate alignment.

The method in [30] has difficulty in solving the temporal incoherence problem in long-term occlusions,
so we propose a multi-joint contrastive loss to force the model to maintain the semantic coherence of adjacent
frames in the feature space. Compared with the method in [30], this loss function captures more fine-grained
local features, effectively preserves the relative positions between joints, and reduces the impact of joint
occlusion on pose estimation. The semantic information of the text prompt guides the model to maintain
the monotonicity of angle changes in consecutive frame predictions, avoiding sudden changes that violate
the laws of motion.

The formula for the multi-joint contrastive loss is as shown in Eq. (13).

L joint
con = 1

M

M
∑
m=1

1
K

K
∑
k=1

Lk
con . (13)
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Here, M represents the total number of body parts in the human body, and K denotes the number of
nodes in each body part. Lcon is the contrastive loss between the skeleton and the text, which is computed
using the KL divergence. The detailed formula is provided in Eq. (14).

Lcon =
1
2

Es ,t∼D [KL (ps2t (s) , ys2t) + KL (pt2s (t) , yt2s)] . (14)

Here, D represents the entire dataset, ys2t and yt2s represent the true similarity scores. For negative
sample pairs, their probability is 0, while for positive sample pairs, their probability is 1. ps2t

i and pt2s
i are

used within a batch to contrast the skeleton-text pairs from two directions, jointly optimizing the model. The
calculation formulas are given in Eqs. (15) and (16).

ps2t
i (si) =

ex p(sim (si , ti) /τ)
∑B

j=1 ex p(sim(si , t j)/τ)
(15)

pt2s
i (ti) =

exp( s im(t i ,s i)
τ )

∑B
j=1 exp( s im(t i ,s j)

τ )
. (16)

Here, s and t represent the encoded features of the skeleton and text, respectively, sim(s, t) denotes the
cosine similarity, τ is the temperature parameter, and B is the batch size.

By combining the aforementioned multi-joint contrastive loss with the 3D pose estimation loss function,
we obtain the overall loss function for the multimodal training method. The calculation formula is shown
in Eq. (17).

Ltotal = Lpe (Es(S)) + λL joint
con (Et (T) , Es (S)) . (17)

L joint
con is the multi-joint contrastive loss, λ is a learnable balancing parameter, T is the text description

generated by a large language model. The 3D pose estimation loss function, Lpe , is given in Eq. (18).

Lpe =
1
T

1
N

T
∑
t=1

N
∑
i=1
∣∣ ...

pti−pti ∣∣2. (18)

Here,
...
pti is the 3D position of the i-th node at frame t in the ground truth sequence, pti is the estimated

3D position of the i-th joint at frame t.

4.4 Quantitative Analysis of Hip-Ankle-Knee Joint Coordination Patterns in the Gait Cycle
To analyze the coordination pattern of the hip, knee, and ankle joints during the gait cycle, we selected

five continuous gait cycles, starting 2 min after the subject began running. A complete gait cycle is defined
as the period from the right heel strike to the next right heel strike. For gait phase segmentation, we adopted
the method uesd by Yen et al. [13] in their study on hip-ankle coordination during the CAI gait process.
The entire gait cycle is segmented into five phases, further divided into ten regions, specifically: (1) Loading
Response (LR): 10% of the gait cycle; (2) Midstance (MS): 20% of the gait cycle (divided into the front and
back halves); (3) Terminal Stance (TS): 20% of the gait cycle (divided into the front and back halves); (4)
Pre-swing (PS): 10% of the gait cycle; (5) Swing Phase (SW): 40% of the gait cycle.

The data collected by the Qualisys Track Manager software were exported as C3D files and processed
using Visual 3D 4.0 software. The collected data points were smoothed using a zero-lag, fourth-order
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Butterworth low-pass filter with a cutoff frequency of 8 Hz. Each gait cycle was interpolated to 101 points,
and the three-dimensional joint angles for the hip, knee, and ankle were calculated.

By establishing a coordinate system based on landmark point coordinates, we used the Euler angle
method to calculate the 3D joint angles for the hip, knee, and ankle. The definitions of the lower limb joint
angles were consistent withthose in the study of Needham et al. [12].

Finally, custom MATLAB R2018b code (MathWorks Inc., USA) was used to compute the coupling
angles between the hip-knee, hip-ankle, and knee-ankle joints, as well as their standard deviations, as shown
in Eqs. (19) and (20).

γi = arctan (
θD(i+1) − θD(i)

θP(i+1) − θP(i)
) ⋅ 180

π
, θP(i+1) − θP(i) > 0, (19)

γi = arctan(
θD(i+1) − θD(i)

θP(i+1) − θP(i)
) ⋅ 180

π
+ 180, θP(i+1) − θP i < 0. (20)

The coupling angle (γi) is adjusted to lie within the range of 0○ to 360○ using Eq. (21).

γi = {
γi + 360, γi < 0
γi , γi ⩾ 0 (21)

where γi is the coupling angle, θP(i+1) and θP(i) are the consecutive proximal joint angles, and θD(i+1) and
θD(i) are the consecutive distal joint angles. Based on the position of the coupling angle on the 0○ to 360○
polar plot, the corresponding moment of the coupling angle can be defined as a specific coordination pattern.
This study adopts the modified coordination pattern classification method proposed by Needham et al. [12],
with the specific classification shown in Fig. 4 below.

Figure 4: Coordination pattern classification
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5 Experiments

5.1 Human3.6M Dataset
The Human3.6M [31] dataset is widely used in 3D pose estimation tasks under both single-view and

multi-view scenarios. It was captured in a controlled indoor environment using four cameras from different
viewpoints to record human poses. A high-speed motion capture system was also used to accurately capture
and record the 3D positions of body joints. The dataset contains 3.6 million images, capturing 15 different
actions of 11 people. For privacy reasons, only the data of 7 subjects (S1, S5, S6, S7, S8, S9, S11) are made public,
with a total of 840 videos.

5.2 Experimental Setup
The proposed solution was implemented using the PyTorch framework on a GeForce RTX 4060 Ti

GPU. For the Human3.6M dataset, we employed a 2D pose detection method based on the Cascade Pyramid
Network [32]. The input 2D pose sequence S for the Human3.6M dataset has the shape 351 × 17 × 3. During
evaluation, we used the Mean Per Joint Position Error (MPJPE) under Protocol 1 and Protocol 2. Protocol 1
refers to the MPJPE between the real and estimated 3D joints. In Protocol 2, we first align the estimated 3D
poses with the real poses using scaling, translation, and rotation, and then calculate the MPJPE. Following
previous work [33,34], we used subjects {1, 5, 6, 7, 8} for training and subjects {9, 11} for testing.

5.3 Ablation Experiment
In this section, we combine various modules to validate the effectiveness of the spatial-temporal

dependency module, noise-compressed multi-scale temporal module, and the multi-modal training
method. Table 1 presents the MPJPE results under Protocol 1 for different combinations of modules. For
fairness, we first tested the model with the spatial-temporal curve module from [29], the noise-compressed
multi-scale temporal module without the noise compression mechanism, and the model without the
multi-modal training method. Then, we replaced the spatial-temporal curve module with our proposed
spatial-temporal dependency module, and the model’s MPJPE decreased by 0.3 mm. This demonstrates the
effectiveness of the attention mechanism in the spatial-temporal dependency module for selecting nodes with
spatial-temporal dependencies, which significantly enhances the model performance. To process temporal
information, we employed the noise-compressed multi-scale temporal module, which further reduced the
MPJPE by 0.34 mm. This suggests that the noise-compressed multi-scale temporal module effectively filters
out irrelevant data from long-range information. Although this module introduces additional computation
due to its multi-scale branch parallel processing, which increases the time cost of model training to a certain
extent (36.8%), its effective denoising capability can also provide an option for practical application scenarios
that balance computational cost and prediction error. Finally, we used our proposed multi-modal training
approach to train the model, which combined the noise-compressed multi-scale temporal module and
the spatial-temporal dependency module, resulting in an experimental MPJPE of 56.21 mm. Experimental
results show that the spatiotemporal dependencies of non-anatomical connections, the adaptive denoising
module and the multimodal fusion of textual semantic information can effectively improve the performance
of the model.



Comput Mater Contin. 2025;85(1) 1971

Table 1: Performance test of various module combinations on the Human3.6M dataset under protocol 1

Spatial-
temporal

curve
module

Spatial-
temporal

depen-
dency

module

No
noise

Noise
com-

pression

Multi-
modal
train-

ing
method

MPJPE
(mm)

Params
(M)

FLOPs
(G)

Train
time

(h/epoch)

Inference
FPS

√
–

√
– – 57.45 10.2 5.8 1.25 28

–
√ √

– – 57.15 10.5
(+2.9%)

5.3
(−8.6%)

1.42
(+13.6%)

31
(+10.7%)

–
√

–
√

– 56.81 11.1
(+8.8%)

5.9
(+1.7%)

1.71
(+36.8%)

24
(−14.2%)

–
√

–
√ √

56.21 12.7
(+24.5%)

6.4
(+10.3%)

2.29
(+91.2%)

22
(−21.4%)

5.4 Comparison with State-of-the-Art Methods
In order to verify the performance of the model in the occluded scene, we randomly occlude the joints of

some action category samples in the Human3.6M dataset according to a certain ratio to compare and analyze
the performance of each mainstream model and our proposed model. Specifically, we generated a binary
occluded mask with a 50% occluded ratio, where half of the input joints were treated as occluded. Table 2
gives the mean joint position errors (MPJPE) for specific action categories calculated under Protocol 1 and
Protocol 2, as well as the average MPJPE for all actions in the Human3.6M dataset.

Table 2: MPJPE for certain action categories, as well as the average MPJPE across all actions, evaluated using Protocol 1
and Protocol 2, in the case where 50% of the input joints are considered occluded joints in samples from the Human3.6M
dataset

Protocol 1.

Method Disc Eat Greet Phone Photo Pose Purch Sit Smoke Wait AVG.

STCFormer 80.90 75.11 83.26 74.02 93.63 66.96 83.42 65.93 68.22 70.53 76.20
STE 76.49 76.33 84.54 74.45 92.31 68.63 79.87 65.76 68.26 85.67 77.23

PoseFormer 83.09 69.60 79.29 70.10 87.13 65.59 80.23 62.78 65.83 69.60 73.32
Att-3D 75.37 74.96 82.99 76.22 86.33 66.20 88.09 65.36 65.65 70.31 75.15

VideoPose3D 75.96 74.24 81.13 76.16 91.27 68.17 84.12 66.42 66.96 71.19 75.56
PoseFormer-

V2
60.00 57.64 64.20 60.22 73.76 58.74 59.59 67.58 63.04 57.00 62.18

Uplift-
Upsample

74.35 74.63 82.52 71.69 83.36 66.48 85.07 64.46 66.37 70.35 73.93

P-STMO 73.92 73.15 79.14 70.50 86.50 64.28 85.18 64.96 65.43 80.77 74.38
T3D-CNN 73.98 78.15 80.1 83.25 108.33 72.86 70.94 93.21 80.83 78.58 82.02
MHFormer 55.03 51.77 59.62 54.45 71.24 55.92 59.27 62.95 54.61 60.01 58.34

Ours 53.15 50.00 57.40 53.00 70.59 53.19 55.76 61.18 53.21 56.80 56.43

Protocol 2.

Method Disc Eat Greet Phone Photo Pose Purch Sit Smoke Wait AVG

(Continued)
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Table 2 (continued)

STCFormer 66.15 60.96 68.34 57.85 68.82 53.56 65.21 53.74 55.27 55.58 60.55
STE 62.72 60.99 69.12 58.11 70.23 55.20 63.28 53.86 55.09 62.02 61.06

PoseFormer 62.01 56.53 64.67 54.20 64.42 51.57 59.78 50.80 52.34 53.17 56.95
Att-3D 59.36 59.17 67.37 56.86 64.62 51.33 64.05 52.77 52.41 54.68 58.26

VideoPose3D 58.25 57.79 64.46 56.29 65.88 52.23 61.24 52.51 52.36 54.58 57.56
PoseFormer-

V2
47.24 46.55 52.59 46.95 54.04 45.24 44.25 54.32 49.53 43.65 48.44

Uplift-
Upsample

57.34 58.69 65.49 54.54 62.81 51.01 62.43 52.63 52.81 54.23 57.20

P-STMO 58.80 57.56 64.66 54.35 64.68 51.02 61.56 52.39 52.31 61.89 57.92
T3D-CNN 57.06 62.03 63.37 62.12 76.37 57 52.39 73.14 61.55 60.37 62.54
MHFormer 43.79 42.35 47.39 42.33 51.02 43.51 43.66 50.55 43.82 45.86 45.43

Ours 43.10 42.30 45.70 42.10 46.01 43.22 42.50 48.10 42.10 44.7 43.98

The experimental results in Table 2 demonstrate that the proposed algorithm achieves the lowest
MPJPE values of 56.21 mm under Protocol 1 and 43.84 mm under Protocol 2 across all actions. These
results surpass all comparative methods, indicating that our approach—effectively combining the spatial-
temporal dependency module, noise-compressed multi-scale temporal module, and multi-modal training
method—excels in addressing severe occlusion, significantly outperforming other methods.

It is worth noting that under Protocol 1, the “Photo” action of almost all comparison methods shows
higher MPJPE than other actions. This is because compared with other actions (such as “Walk” and “Eat”),
the “Photo” action has more unique periodic dynamic characteristics, and its accompanying postures such as
“center of gravity biased towards the supporting leg half squat” and “front step static standing” may destroy
the mechanical transmission relationship of the motion chain, thereby leading to incorrect predictions based
on the temporal graph neural network model. To further analyze the specific impact of occluded factors
on the model’s performance with 2D pose data, we conducted a series of experiments on the Human3.6M
dataset. In these experiments, we strictly adhered to the protocols outlined in Protocol 1 and Protocol 2
and carefully designed occluded masks with varying occluded ratios to simulate occluded scenarios. The
experimental results are presented in Table 3. Upon examining the results, we find that they align with our
expectations: as the occluded ratio increases, the MPJPE of all the compared 3D pose estimation methods
also increases.

Table 3: Comparison of MPJPE values of different models under Protocol 1 and Protocol 2 at various occluded scenarios
on the Human3.6M dataset

Method 0% 25% 50%
PoseFormer-V2 41.2 54.3 62.1
Uplift-Upsample 64.56 69.79 82.69

P-STMO 64.8 70.48 82.48
T3D-CNN 64.2 68.97 81
MHFormer 41.8 46.6 58.34

Ours 41.6 44.71 56.21
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In the extreme case where 50% of the joints are occluded, our method demonstrates excellent per-
formance, with the model’s MPJPE being only 56.21 mm under Protocol 1, reducing the error by 2.13 mm
compared to the next best method. Under Protocol 2, our model’s MPJPE is only 43.84 mm, reducing the
error by 1.65 mm compared to the next best method. In cases with 0% and 25% occlusion, our method
outperforms the other methods, proving to be the best performing approach. The MPJPE values of our
method remain relatively stable across different occluded ratios, which strongly demonstrates the robustness
of our method in handling various occluded situations.

5.5 Comparison of AI and Traditional Methods for Lower Limb Coordination Quantification
5.5.1 Experimental Design

To verify that our proposed pose estimation algorithm produces results comparable to those obtained
using motion capture equipment to analyze lower limb coordination,

To validate that our proposed pose estimation algorithm produces results comparable to those obtained
using motion capture equipment for analyzing lower limb coordination, we conducted a controlled study on
16 male athletes. Inclusion criteria were: height 170 cm, weight 55 kg, age 22 years. We collected the lower limb
kinematic parameters from these 16 participants using both traditional and AI-based methods to calculate
the average coupling angles in the sagittal plane for the hip-ankle joint, hip-knee joint, knee-ankle joint,
as well as the average coupling angle of the hip-ankle joint in the coronal plane. In order to minimize the
impact of marker discomfort on movement execution, we chose running movements that were not affected
by marker placement, and compared the average coupling angles of 10 groups of sub-gait phases between the
two methods.

Traditional Method Data Collection: Participants wore sports shoes and ran along a marked ground
path at their preferred running speed until instructed to stop. During the running process, the Qualisys
infrared high-speed optical motion capture system (Oqus300, Qualisys, Sweden) was used to collect lower
limb kinematic data at a sampling frequency of 100 Hz. Reflective markers (14 mm in diameter) were placed
on the following anatomical landmarks: left and right anterior superior iliac spines, left and right anterior
inferior iliac spines, left and right posterior superior iliac spines, left and right medial and lateral epicondyles,
left and right medial and lateral malleoli, left and right heels, left and right first metatarsals, left and right
second metatarsals, and left and right fifth metatarsals. A T-shaped thermoplastic plate with a reflective
marker ball was affixed to each side of the left and right thighs and left and right calves.

AI Method Data Collection: Participants wore sports shoes and ran along a circular path marked on the
ground at a self-selected pace until instructed to stop by the experimenter. During the running process, a
standard camera was used to capture the positions of the hip, knee, and ankle joints at a sampling frequency
of 100 Hz.

Finally, we utilized self-developed code in Matlab R2018b, along with the formulas from Eqs. (19)
and (20), to compute the mean coupling angles for both the traditional method and the AI method. These
calculations included the mean coupling angle of the hip-ankle joint in the sagittal plane, the mean coupling
angle of the hip-knee joint in the sagittal plane, the mean coupling angle of the knee-ankle joint in the sagittal
plane, and the mean coupling angle of the hip-ankle joint in the coronal plane. The results are shown in Fig. 5.
From the figure, it is evident that the average coupling angles between the AI and traditional methods are
virtually identical for the hip-ankle joint in the sagittal plane, the hip-knee joint in the sagittal plane, the knee-
ankle joint in the sagittal plane, and the hip-ankle joint in the coronal plane. This clearly demonstrates that
the pose estimation algorithm we proposed produces results that are highly consistent with those obtained
using traditional methods.
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Figure 5: Comparison of average coupling angles between AI-based methods and traditional methods for the hip-ankle
joint, hip-knee joint, knee-ankle joint in the sagittal plane, and the hip-ankle joint in the coronal plane. (a) hip-ankle
joint in the sagittal plane; (b) hip-knee joint in the sagittal plane; (c) knee-ankle joint in the sagittal plane; (d) hip-ankle
joint in the coronal plane

5.5.2 Equivalence Testing
Hypothesis Definition:

• Null Hypothesis (H0): The difference between the two methods exceeds the equivalence margin.

H0∶ ∣μAI − μTraditional∣ ≥ Δ, whereΔ = 1.2○. (22)

• Alternative Hypothesis (H1): The difference between the two methods falls within the equivalence
margin.

H1∶ ∣μAI − μTraditional∣ < Δ. (23)

Test Statistics:
For the differences di = AIresul ti − Traditionalresul ti , the following calculations are performed:
1. mean difference:

−
d = 1

n ∑ di . (24)
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2. standard deviation:
$
%%&sd =

1
n − 1 ∑(di −

−
d)

2
. (25)

3. standard error:

SE = sd/
√

n. (26)

Two One-Sided Tests (TOST):
Two separate tests are conducted to determine whether the difference is less than Δ and greater than

−Δ:

• Upper Bound Test:

t1 =
−
d + Δ

SE
corresponding to H0∶ μAI − μTraditional ≤ −Δ. (27)

• Lower Bound Test:

t2 =
Δ − d

SE
corresponding to H0∶ μAI − μTraditional ≥ Δ (28)

Decision Criteria:
If t1 > tα ,n−1 and t2 > tα ,n−1 (α = 0.05), the null hypothesis is rejected, supporting equivalence.
Equivalence Condition:
Equivalence is established if the 90% confidence interval of the mean difference

(CI90% =
−
d ± t0.95,15 ⋅ SE) lies entirely within [−Δ, Δ].

5.5.3 Efficacy Analysis
Power analysis is used to evaluate the probability of correctly rejecting the null hypothesis when the

true difference is zero.
Non-Central Distribution Parameters:

• Non-centrality parameter:

λ = Δ
SE

. (29)

• Degrees of freedom:

d f = n − 1 = 15. (30)

Statistical Power (SP) Calculation:

SP = 1 − β = P (td f ,λ > tα ,d f ) − P (td f ,−λ < −tα ,d f ) . (31)

Here, td f ,λ represents a non-central t-distributed variable, which must be computed using numerical
methods or statistical software.
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5.5.4 Statistical Analysis Summary
According to the results of the equivalence test, the 90% confidence interval of the difference between

the AI method and the traditional method (CI90% = 0.26○ ± 0.93○) completely fell within the interval
[−1.2○, 1.2○], indicating that under this equivalent interval condition, the AI method is equivalent to the
traditional method.

The power analysis showed that the current sample size (n = 160) has sufficient statistical power
(78%~95%) under a reasonable standard deviation. However, under the condition of low effect (Cohen’s d <
0.2), the results of the t-test can still detect statistical differences (p < 0.01), because the large sample size may
amplify the statistical significance of small differences. As shown in Table 4, AI and traditional methods do
have significant differences in all indicators (p < 0.01). However, statistical significance is not equivalent to
practical significance. The current data analysis results support that there are small but significant differences
between AI and traditional methods in the measurement of lower limb kinematic parameters, but the
difference <1.2○ is acceptable in the field, which means that the AI algorithm still has application value.

Table 4: Statistical power analysis based on t-test

Measuring Indicators t-value p-value Cohen’s d Statistical power
Hip-ankle sagittal angle 3.40 0.001 0.15 82%
Hip-knee sagittal angle 4.48 <0.001 0.19 95%

Knee-ankle sagittal angle 3.72 <0.001 0.16 87%
Hip-ankle coronal angle 3.12 0.002 0.14 78%

5.6 Parameter Sensitivity Analysis
We verified the robustness effects of compression ratio d and the number of attention heads through

systematic parameter ablation experiments. On the Human3.6M validation set, we tested the MPJPE changes
from d 0.1 to 0.9 (step size 0.1). As shown in Fig. 6, the noise compression parameter d has a significant
impact on model accuracy. When the d value is too small (d < 0.5), the channel is over-compressed, resulting
in the loss of long-range motion features and a rapid increase in MPJPE; when the d value is too large (d >
0.7), the long-term noise suppression is insufficient, causing the error to rebound. The effectiveness of the
exponential decay gating mechanism in Eq. (10) is verified.

The Goldilocks effect of the number of attention heads (Fig. 7) further reveals the balance mechanism
between model capacity and generalization. When 4 attention heads are used, MPJPE reaches the lowest
value of 56.21 ± 0.8 mm (standard deviation of 3 experiments). When the number of heads is too small (1–
2 heads), the insufficient spatial dependency modeling leads to the decoupling of the joint motion chain,
while the number of heads is too large (8 heads) due to parameter redundancy leads to overfitting (the
loss of the validation set increased by 19.2%). Experimental data show that when d ∈ [0.5, 0.7] and the
number of attention heads = 4, the model reaches the Pareto optimality between noise suppression and
kinematic consistency.
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Figure 6: The influence curve of compression ratio d on MPJPE

Figure 7: The influence curve of the number of attention heads on MPJPE

6 Conclusion and Outlook
This paper proposes a new method for quantitatively analyzing lower limb coordination in athletes. The

approach utilizes AI-based motion analysis techniques, overcoming the limitations of optical motion capture
systems, and enables the quantification of lower limb coordination during athlete training and competition,
thus enhancing training efficiency and safety. To address occluded issues during training and competition,
a new pose estimation model and a multimodal training method are introduced. The model incorporates
a spatial-temporal dependency module and a noise-compressed multi-scale time module. Additionally,
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the multi-modal training method, which integrates skeletal and textual information, enhances prediction
performance. Experimental results on the Human3.6M dataset demonstrate that the method outperforms
other mainstream methods, particularly excelling in occluded scenarios. This method allows for precise
quantification of lower limb coordination without negatively impacting athlete performance during training
or competition. Since the model has strong generalization ability and robustness, in actual deployment, there
are no excessive requirements for common issues such as lighting conditions and camera angles. Compared
to traditional optical motion capture systems, it offers significant cost savings, making it a more accessible
and efficient solution for motion analysis.

Although this method performs well in the athlete group, its generalization ability in non-athlete
groups (such as rehabilitation patients or the general population) still needs to be verified. The lower limb
coordination patterns of athletes are usually highly repeatable and standardized after long-term professional
training; while the movements of the general population may show higher individual differences and
irregularities. Future work needs to perform transfer learning on cross-group data or introduce an adaptive
feature decoupling module to improve the model’s ability to interpret different coordination patterns. In
addition, the model in this paper does not have good prediction ability in extreme occlusion challenges.
When the occlusion ratio exceeds 70%, the overall error increases by 87.0% (56.21→105.12 mm). The next
work can introduce an occlusion adaptive reasoning module. By designing a cascade network based on
dynamic adjustment of the occlusion ratio, a high-precision single-frame model is used for low-occlusion
areas, and a kinematic chain physical constraint model is used for high-occlusion areas.
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