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Abstract

Posture recognition technology has broad application prospects in sports
training, health monitoring, human-computer interaction, and other fields.
However, it still faces challenges in accuracy and robustness in complex and
changing real environments. This research proposes a multi-scenario adap-
tive posture recognition algorithm MAPR, which processes human posture
data through spatial-temporal graph convolutional networks and attention-
enhanced bidirectional long short-term memory networks, achieving effective
expression of spatial structural features and temporal dynamic features. The
algorithm was comprehensively evaluated on the MPII human pose dataset,
comparing the performance of the complete MAPR algorithm, variants with-
out ST-GCN, variants without Attention-BiLSTM, and the HRNet baseline
model in normal and dim environments. Experimental results show that
the MAPR algorithm performs excellently in normal environments, with
PCKh@0.5 reaching 0.892 and AUC value reaching 0.919. More significantly,
in dim environments with 40% illumination, the MAPR algorithm still main-
tains high performance (AUC=0.863), with a performance decrease of only
6.1%, clearly outperforming other comparison models. By analyzing the
recognition difficulty of different types of actions, the research reveals the
complementary value of spatial features and temporal features in posture
recognition. The MAPR algorithm provides new ideas for posture recog-
nition in diverse motion scenarios, showing significant robustness especially
under environmental challenges such as changes in lighting conditions, laying
a technical foundation for applications in motion analysis, sports training,
and other fields.
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1. Introduction

1.1. Research Background
Posture recognition technology plays an increasingly important role in

modern sports science, with applications spanning professional sports train-
ing, competitive performance analysis, and sports medicine rehabilitation [1].
With the rapid development of computer vision and deep learning technolo-
gies, the demand for automated recognition and analysis of human move-
ment posture has become particularly urgent [2]. Currently, sports training
and competitive analysis still mainly rely on coaches’ subjective experience
and simple video playback technology, lacking precise, objective quantitative
analysis tools [3]. This situation not only limits the precise optimization of
athletes’ technical movements but also hinders the in-depth development of
sports science research toward refinement and data-driven directions.

In practical application scenarios, posture recognition faces many chal-
lenges, especially the generalization ability problem in diverse movement en-
vironments. Different sports have their own unique movement characteristics
and evaluation standards, from swimming’s streamlined movements to gym-
nastics’ complex flips, from tennis’s explosive swings to marathon’s sustained
gait patterns. These differences greatly increase the difficulty of building
a universal recognition system. Traditional single-model methods usually
perform well in specific movement types but have poor adaptability across
movement scenarios, making it difficult to meet the comprehensive analysis
needs of modern sports [4, 5, 6]. Additionally, complex environmental factors
such as lighting changes, occlusion problems, and perspective changes further
increase the technical threshold for accurate recognition, leading to unstable
performance of existing systems in practical applications [7].

In response to the above problems, developing a universal posture recogni-
tion system that can adapt to various sports scenarios and has high-precision
recognition capabilities becomes particularly important. Such a system not
only needs to accurately capture the spatial relationships of human joints
but also needs to understand the temporal changes of key actions and the
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importance differences of specific joints in different sports events. By inte-
grating the advantages of spatial structure analysis and temporal dynamic
modeling, a comprehensive intelligent system for understanding sports pos-
tures can be constructed. Such a system will provide coaches and athletes
with objective and precise technical movement analysis, assist in developing
personalized training plans, optimize sports performance, and reduce injury
risks. At the same time, in the field of sports science research, high-precision
posture recognition will also provide reliable data foundation for cutting-
edge research such as sports biomechanics and movement pattern analysis,
promoting the development of sports science toward precision and personal-
ization.

1.2. Related Work
Human posture recognition research has made significant progress in the

past decade, gradually evolving from traditional visual methods to a method
system dominated by deep learning [8]. Early research mainly relied on
hand-designed features and geometric models. With the rise of deep learn-
ing technology, end-to-end posture recognition methods have made break-
through progress in accuracy and real-time performance [9]. Research in this
field can be divided into two main directions: 2D pose estimation and 3D
pose estimation. 2D pose estimation focuses on locating human key points
from single-perspective images, while 3D pose estimation further infers the
spatial coordinates and rotation information of human joints [10]. In recent
years, monocular camera-based posture recognition technology has received
widespread attention. Researchers have proposed various methods based on
convolutional neural networks, recurrent neural networks, and graph neural
networks to improve the accuracy and robustness of pose estimation [11].
These technologies are not only applied to human posture recognition but
also extended to specific fields such as head pose estimation [12], vocal cord
pose estimation [13], and engineering machinery pose estimation [14], show-
ing the wide applicability and strong potential of deep learning in posture
recognition problems. However, in practical applications, posture recogni-
tion systems still face challenges such as insufficient data, depth ambiguity,
and occlusion, especially in complex and changing sports scenarios, where
recognition accuracy and generalization ability need to be improved [8].

Spatiotemporal modeling methods play a key role in the field of posture
recognition, mainly reflected in robustness issues across different perspec-
tives and scenarios. The challenge of pose estimation lies in the processing
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of multi-perspective and complex postures, especially when extreme appear-
ance changes distort discriminative features, traditional posture recognition
methods produce undesirable results under cross-covariant conditions [15].
Existing research mainly develops along two technical routes: appearance-
based methods and skeleton-based methods. Appearance-based methods can
utilize visual context information but perform poorly in modeling large ac-
tion temporal dynamics through optical flow estimation; while skeleton-based
methods ignore important visual background information such as scenes and
objects [16]. In response, researchers have proposed various fusion strate-
gies, such as Optical Flow Pose Image (OFPI) combined with skeleton data
temporal aggregation [17], and contrastive learning-based deep methods [18].
However, existing methods still have limitations when dealing with challenges
such as large-angle head poses [19, 20], posture changes in facial expres-
sion recognition [21], and specific domains like yoga movement recognition
[22] and cross-modal supervision such as through-wall radar human posture
recognition [23]. These limitations are mainly manifested in three aspects:
first, a single model has difficulty in handling both spatial structure and
temporal changes well; second, there is a lack of effective mechanisms for
key action recognition and multi-rhythm movement adaptation; third, there
is insufficient generalization ability between different movement types. The
cascade integration architecture proposed in this paper is precisely aimed
at these challenges. Through the complementary advantages of ST-GCN
and Attention-BiLSTM, it achieves comprehensive modeling of spatial rela-
tionships and temporal features while solving the adaptability problem of
different sports scenarios.

To comprehensively understand the current research status in the field of
posture recognition, Table 1 summarizes the representative work in this field
in recent years. The table compares the characteristics of different studies in
terms of application scenarios, research content, and possible shortcomings.
From this, it can be seen that although existing methods have achieved good
results in specific scenarios, there are still obvious limitations in terms of gen-
eralization ability in diverse sports scenarios, key moment recognition, and
comprehensive modeling of spatiotemporal features. These limitations are
precisely the core problems that the cascade integration architecture MAPS
system proposed in this paper attempts to solve.
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Table 1: Posture Recognition Method Comparison

Authors Application
Scenario

Research Content Possible Limitations

Huang et al.
[15]

Gait recognition Proposed an integrated
posture learning network
based on appearance trans-
fer (GaitApp), separating
posture features and ap-
pearance features through
multi-branch collaboration

Mainly focused on gait fea-
tures, insufficient adaptabil-
ity for complex movement
postures and rapidly chang-
ing action sequences

Chen et al.
[17]

Action recogni-
tion

Proposed Optical Flow Pose
Image (OFPI) method, en-
hancing action representation
through skeleton data tempo-
ral aggregation

Lacks recognition mechanism
for key action moments, may
perform poorly in multi-
rhythm movements

Cui et al.
[16]

Video action
recognition

Designed Pose-Appearance
Relation Network (PARNet),
establishing association be-
tween human posture and
image appearance

Complex three-stream net-
work structure, difficult col-
laborative optimization be-
tween modules, high compu-
tational cost

Liu et al.
[18]

3D human ac-
tion posture
recognition

Used deep contrastive learn-
ing and improved Trans-
former for 3D human action
posture recognition

Strong dependency on noise
filtering, suboptimal in co-
ordination between spatial
structure modeling and tem-
poral analysis

Cubero et al.
[24]

Posture-based
gait recognition

Proposed hierarchical limb
representation method, en-
hancing body posture de-
scription, applied to heat
maps and DensePose

Mainly focuses on static
posture features, insufficient
modeling of dynamic tempo-
ral changes, lacks key action
recognition mechanism

Zhang et al.
[25]

3D pose estima-
tion under fish-
eye camera

Surveyed monocular 3D
human pose estimation and
action recognition, proposed
new benchmark dataset
based on fisheye camera

Only for specific camera
type, lacks universal solution,
insufficient adaptability for
multiple movement types

Kan et al.
[26]

Pose estimation
in industrial
parts grasping

Proposed contour feature
matching-based pose esti-
mation method, processing
incomplete point cloud scenes

Focused on rigid objects, can-
not be applied to complex
pose estimation of non-rigid
targets such as human body

Continued on next page
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Table 1 continued
Authors Application

Scenario
Research Content Possible Limitations

Wang et al.
[21]

Facial expres-
sion recognition

Proposed unsupervised
multi-source domain
adaptation-based pose-robust
personalized facial expression
recognition framework

Limited to facial expres-
sions, difficult to extend to
full-body posture recognition,
lacks modeling of temporal
information

Zhou et al.
[22]

Yoga posture
recognition

Two-stage action recognition
method based on lightweight
pose estimation model, en-
hancing recognition accuracy
through heat maps

Specific to yoga scenarios,
limited generalization abil-
ity for posture recognition
in high-speed movements and
complex environments

Luan et al.
[27]

Face recognition Proposed contrastive learn-
ing symmetric siamese net-
work framework (SSN), solv-
ing face recognition problems
under posture changes

Focused on solving a single
problem (long-tail data dis-
tribution), lacks comprehen-
sive modeling of spatiotempo-
ral features

Yang et al.
[19]

Multi-view face
detection

Designed HeadPose-Softmax
curriculum learning loss func-
tion, dynamically adjusting
the importance of difficult
samples according to pose an-
gles

Only for head posture, not
applicable to full-body move-
ment analysis, lacks temporal
modeling ability

1.3. Our Contributions
• This research proposes a new posture recognition system called MAPR

(Multi-scene Adaptive Pose Recognition), which effectively fuses spatial
structural features and temporal dynamic information through cascad-
ing ST-GCN and Attention-BiLSTM, two complementary algorithms.
Experiments show that compared with single models, MAPR achieves
an AUC value of 0.919 in normal environments, 12.6 percentage points
higher than the baseline model HRNet; in dim environments (40% il-
lumination), the performance advantage further expands, with AUC
value maintained at 0.863, 14.7 percentage points higher than HRNet,
demonstrating the excellent performance of this architecture in diverse
movement scenarios.

• This research systematically analyzes the recognition difficulty differ-
ences of various actions in normal and dim environments, revealing the
respective advantage areas of ST-GCN and Attention-BiLSTM compo-
nents. Experimental data shows that ST-GCN performs prominently
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in processing complex spatial relationships. For instance, in com-
plex action categories, models containing ST-GCN have 17mm lower
MPJPE in dim environments than models without this component;
while Attention-BiLSTM has unique advantages in capturing temporal
information, especially when processing fast actions, models with this
component show only a 6.9% decrease in KARF metric performance,
compared to a 10.4% decrease for models without this component.

• This research explores the influence mechanism of lighting conditions
on posture recognition performance. By analyzing the performance
degradation trends of the model on various evaluation metrics, the re-
search finds that the MAPR model shows the minimum performance
degradation on all metrics (PCKh@0.5 decreased by 5.6%, KARF de-
creased by 6.9%, AUC decreased by 6.1%), verifying the robustness
of this algorithm in countering environmental interference, providing
strong support for posture recognition applications in complex real-
world scenarios.

2. Methodology

2.1. Problem Statement
The core task of a posture recognition system is to accurately extract and

represent human movement posture from input visual data. Human posture
can be represented as a skeleton model with spatial structure, defined as a
set of N key points:

P = {pi|pi ∈ R3, i = 1, 2, ..., N} (1)

where pi represents the three-dimensional coordinates of the i-th joint,
and N is the total number of joints in the human model (in the MPII dataset,
N = 16). The coordinate value of each joint pi contains three components
(xi, yi, zi), representing its position in three-dimensional space. The connec-
tion relationship between joints in the skeleton structure can be represented
by an adjacency matrix A:

A ∈ RN×N , Aij =

{
1, if joint i and j are directly connected
0, otherwise

(2)
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The element Aij in matrix A indicates whether there is a direct connection
between the i-th and j-th joints, and this matrix describes the topological
structure of the human skeleton. In the temporal dimension, motion posture
can be represented as a posture sequence:

S = {Pt|t = 1, 2, ..., T} (3)

where Pt is the posture representation at time step t, and T is the total
length of the sequence. This sequence captures the continuous changes in
posture during the motion process. For different sports such as swimming,
gymnastics, or throwing events, the sequence length T may vary significantly.
For different types of movements, the importance of joints varies, and impor-
tance weights can be introduced:

W = {wi|wi ∈ [0, 1], i = 1, 2, ..., N} (4)

where wi represents the importance weight of the i-th joint in a specific
type of movement, with values ranging from [0, 1]. For example, in throwing
movements, arm joints may have higher weights (close to 1), while in running,
leg joints have higher weights. These weights directly affect the assessment
of movement quality. The movement quality evaluation function can be
defined as the weighted distance between key posture points and the standard
template:

Q(S, S∗) =
1

T

T∑
t=1

N∑
i=1

wi · d(pi,t, p∗i,t) (5)

where S∗ represents the standard action sequence, pi,t and p∗i,t are the
positions of the i-th joint at time t in the actual sequence and the standard
sequence, respectively, d(·, ·) is a distance metric function, which can be Eu-
clidean distance or cosine similarity, etc. A smaller Q value indicates higher
movement quality, meaning the actual movement is closer to the standard
movement. In practical application scenarios, due to factors such as camera
angles, lighting conditions, and occlusions, the observed joint positions often
contain noise and errors:

p̂i = pi + εi (6)

where p̂i is the observed joint position, pi is the true position, and εi rep-
resents observation noise, typically assumed to follow a zero-mean Gaussian
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distribution εi ∼ N (0, σ2
i ), where σ2

i represents the observation variance. In
sports venues, different lighting conditions and movement speeds may lead
to changes in noise distribution.

Problem 1. Based on the mathematical description above, the core problem
this research needs to solve is: how to construct a robust posture recogni-
tion function f that can accurately reconstruct the true movement posture
sequence S from noisy observation data Ŝ, and can adapt to various sports
types from swimming to gymnastics:

f(Ŝ, C)→ S, such thatmin
S∗

Q(S, S∗) < ϵ (7)

where C represents the context information of the movement type, deter-
mining the importance weight allocation of different joints and the evaluation
criteria for specific movements, and ϵ is an acceptable error threshold. This
function needs to consider both the posture spatial structure features described
in equation (2) and the temporal dynamic features captured in equation (3),
and maintain high recognition accuracy in diverse movement scenarios while
dealing with noise interference described in equation (6).

2.2. Graph Convolution-Based Joint Spatial Relationship Modeling
2.2.1. Algorithm Comparison

• Limitations of Traditional Methods: Traditional posture recog-
nition methods typically use convolutional neural networks (CNN) or
recurrent neural networks (RNN) to process spatiotemporal features
independently, making it difficult to effectively model the spatial re-
lationships between joints. CNNs ignore the physical connection con-
straints between joints when processing skeleton data, while RNNs,
although capable of modeling temporal dependencies, are insufficient
at capturing spatial topological structures, resulting in limited recog-
nition accuracy in complex postures and changing environments.

• Advantages of ST-GCN: The Spatial-Temporal Graph Convolu-
tional Network (ST-GCN) effectively fuses spatial structure and tempo-
ral evolution information by representing the human skeleton as a graph
structure and performing convolution operations directly on joints and
skeletal edges, as shown in Figure 1. Its spatial partitioning strategy
and motion-sensitive attention mechanism can adaptively highlight key
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joints in different types of movements, improving the model’s general-
ization ability and robustness in diverse movement scenarios, particu-
larly excelling in stability issues in complex environments.

Figure 1: ST-GCN Structure

2.2.2. Spatiotemporal Graph Convolutional Network Design
For the spatial structure modeling problem in diverse movement posture

recognition, the spatiotemporal graph convolutional network (ST-GCN) pro-
vides a graph structure-based solution. ST-GCN focuses on addressing the
spatial relationship modeling proposed in the problem description section,
particularly the skeleton structure described by equations (1) and (2). Given
human posture P and its adjacency matrix A, an undirected graph G = (V , E)
can be constructed, where the vertex set V = {vi|i = 1, 2, ..., N} corresponds
to joints, and the edge set E = {eij|(i, j) ∈ V × V , Aij = 1} corresponds to
skeletal connections. Based on this graph structure, ST-GCN represents the
motion posture sequence as a temporal graph sequence:

GS = {Gt|Gt = (V , E , Ft), t = 1, 2, ..., T} (8)

where Ft ∈ RN×Cin is the node feature matrix at time step t, and Cin is
the input feature dimension. For the initial input, Cin = 3, corresponding to
the three-dimensional coordinates of the joints. The core of ST-GCN is the
graph convolution operation, which is implemented by extending traditional
convolutional neural networks to the graph domain. Based on spectral graph
theory, graph convolution can be defined through the eigendecomposition
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of the graph Laplacian operator. Given adjacency matrix A and diagonal
degree matrix D (Dii =

∑
j Aij), the normalized graph Laplacian matrix is

defined as:

L = IN −D− 1
2AD− 1

2 = UΛUT (9)

where IN is the N ×N identity matrix, U is the matrix of eigenvectors,
and Λ is the diagonal matrix of eigenvalues. Based on this decomposition,
the graph convolution operation can be defined as:

GConv(F,A) = Ugθ(Λ)U
TF =

K−1∑
k=0

θkTk(L̃)F (10)

where gθ(Λ) is a filter in the frequency domain, which can be approx-
imated by Chebyshev polynomials Tk, L̃ = 2L/λmax − IN is the rescaled
Laplacian matrix, θk are learnable parameters, and K is the order of the
polynomial. To capture features in both spatial and temporal dimensions,
ST-GCN introduces a spatiotemporal graph convolution module. This mod-
ule first applies spatial graph convolution, followed by standard 1D convolu-
tion in the temporal dimension:

F (l+1) = σ
(
BN
(
TConv

(
BN(SConv(F (l), A,W (l)

s ))
)
,W

(l)
t

))
SConv(F,A,Ws) =

P−1∑
p=0

W (p)
s · (D

− 1
2

p ApD
− 1

2
p ) · F

TConv(F,Wt) = F ∗t Wt

(11)

where F (l) ∈ RN×T×Cl is the feature tensor of the l-th layer, σ is the ReLU
activation function, BN represents batch normalization, W (l)

s ∈ RCl×Cl+1×P

are the learnable weights for spatial convolution, W (l)
t ∈ RCl+1×Cl+1×Kt are

the learnable weights for temporal convolution, Kt is the temporal convolu-
tion kernel size, and ∗t represents the convolution operation in the temporal
dimension. To enhance the model’s ability to capture relationships between
different types of joints, ST-GCN adopts a spatial partitioning strategy, sub-
dividing the adjacency matrix A into multiple subsets:

A =
P−1∑
p=0

Ap, where Ap ∩ Aq = ∅,∀p ̸= q (12)
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A three-partition strategy is typically adopted (P = 3): A0 for self-
connection, corresponding to the joint itself; A1 for center-outward, corre-
sponding to connections from central joints to limb joints; A2 for outward-
center, corresponding to connections from limb joints to central joints. To
capture motion patterns at different time scales, ST-GCN adopts a multi-
scale temporal convolution strategy, processing different receptive fields through
parallel convolution branches:

MS-TConv(F, {W (k)
t }Kk=1) = Concat

(
{TConvk(F,W

(k)
t )}Kk=1

)
Wfuse

TConvk(F,W
(k)
t ) = F ∗t W (k)

t

(13)

where {TConvk}Kk=1 are K temporal convolutions with different kernel
sizes, and Wfuse ∈ RKCl+1×Cl+1 are fusion weights. To address the issue of dif-
ferent joint importance in different types of movements, ST-GCN introduces
a motion-sensitive attention mechanism to adaptively adjust joint weights:

α
(l)
i = Softmax

(
W

(l)
q F

(l)
i · (W

(l)
k F (l))T√

Cl

)
F̃

(l)
i = α

(l)
i · (W (l)

v F (l)) + F
(l)
i

(14)

where F
(l)
i is the feature of the i-th joint, W (l)

q , W (l)
k , and W

(l)
v are the

transformation matrices for query, key, and value, respectively, and α
(l)
i is

the attention weight. The expressive power of ST-GCN can be theoretically
guaranteed by the following theorem:

Theorem 1 (Expressive Power of ST-GCN). Given a skeleton graph G
with N joints and an ST-GCN network of sufficient depth, the network can
approximate any graph signal function f : RN×T×Cin → RN×Cout that satisfies
spatial locality and temporal stationarity, such that:

EF∼D[∥f(F )− ST-GCN(F )∥22] < ϵ (15)

where D is the input distribution, and ϵ is an arbitrarily small positive num-
ber.

From this theorem, an important corollary about ST-GCN’s cross-movement
type transfer ability can be further derived:
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Corollary 1 (Movement Type Invariance). Through spatial partitioning
strategy and motion-sensitive attention mechanism, ST-GCN can learn a gen-
eral representation of skeleton structure that is independent of specific move-
ment types, while retaining movement type-specific information, achieving
feature transfer ability across movement types:

dfeature(ST-GCN(F (s)), ST-GCN(F (t))) < δ · dstructure(G(s),G(t)) (16)

where F (s) and F (t) are the input features of the source and target domains,
respectively, G(s) and G(t) are the corresponding skeleton graphs, dfeature is the
feature space distance metric, dstructure is the graph structure distance metric,
and δ is a constant related to the network parameters.

2.3. Attention Mechanism Enhanced Action Sequence Temporal Analysis
2.3.1. Algorithm Comparison

• Limitations of Traditional Methods: Traditional temporal model-
ing methods such as standard LSTM and GRU have information decay
problems when processing long action sequences, making it difficult to
capture long-distance dependencies. At the same time, these methods
assign the same weight to all time steps, unable to distinguish between
key action moments and transitional actions, resulting in poor perfor-
mance in multi-rhythm movements and action continuity evaluation,
with limitations particularly evident in sports analysis scenarios that
require precise identification of technical action key frames.

• Advantages of Attention-BiLSTM: The attention mechanism en-
hanced bidirectional long short-term memory network (Attention-BiLSTM)
effectively solves the long-distance dependency problem by processing
sequence information bidirectionally, considering both past and future
context, as shown in Figure 2. Its core advantage lies in the temporal
attention mechanism’s ability to automatically identify and highlight
key action moments, while the multi-scale temporal attention fusion
design enables the model to adapt to different rhythm movement pat-
terns, from fast explosive actions to slow sustained actions. This design
makes the model excel in key action moment recognition and action
continuity evaluation.

13



Figure 2: Attention-BiLSTM Algorithm Structure

2.3.2. Attention Enhanced Bidirectional LSTM Model
While the spatiotemporal graph convolutional network (ST-GCN) excels

in spatial relationship modeling, it has limitations in capturing long-term
dependencies and identifying key action moments. To address this issue, the
attention mechanism enhanced bidirectional long short-term memory net-
work (Attention-BiLSTM) is designed to process the feature sequence output
by ST-GCN, focusing on temporal modeling and key moment identification.
Given the feature sequence extracted by ST-GCN H = {ht|ht ∈ Rd, t =
1, 2, ..., T}, where ht is the feature vector at time step t, and d is the feature
dimension, Attention-BiLSTM first processes the entire sequence through
bidirectional LSTM to capture long-term dependencies:

−→s t = LSTMforward(ht,
−→s t−1)

←−s t = LSTMbackward(ht,
←−s t+1)

st = [−→s t;
←−s t]

(17)

where −→s t and ←−s t are the hidden states of the forward and backward
LSTM at time step t, respectively, [·; ·] represents vector concatenation, st ∈
R2dh is the merged hidden state, and dh is the LSTM hidden state dimension.
The internal computation of the LSTM unit follows the following gating
mechanism:
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it = σ(Wi · [st−1;ht] + bi)

ft = σ(Wf · [st−1;ht] + bf )

ot = σ(Wo · [st−1;ht] + bo)

c̃t = tanh(Wc · [st−1;ht] + bc)

ct = ft ⊙ ct−1 + it ⊙ c̃t

st = ot ⊙ tanh(ct)

(18)

where it, ft, and ot are the input gate, forget gate, and output gate,
respectively, c̃t is the candidate cell state, ct is the cell state, ⊙ represents
element-wise multiplication, σ and tanh are the sigmoid and hyperbolic tan-
gent activation functions, respectively, and Wi, Wf , Wo, Wc and bi, bf , bo, bc
are learnable parameters. To identify key action moments and assign them
higher weights, Attention-BiLSTM introduces a temporal attention mecha-
nism:

et = vTa tanh(Wast + ba)

αt =
exp(et)∑T
j=1 exp(ej)

c =
T∑
t=1

αtst

(19)

where et is the attention score at time step t, αt is the normalized attention
weight, c is the context vector, and va, Wa, and ba are learnable parameters.
This attention mechanism can automatically identify key action moments
in the movement sequence, such as jumping points, rotation moments, or
racket contact points. To address the adaptation problem of multi-rhythm
movements, Attention-BiLSTM introduces a multi-scale temporal attention
fusion mechanism:
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ck =
T∑
t=1

α
(k)
t st, k = 1, 2, ..., K

α
(k)
t =

exp(e
(k)
t )∑T

j=1 exp(e
(k)
j )

e
(k)
t = v(k)Ta tanh(W (k)

a st + b(k)a )

cmulti =
K∑
k=1

βkck, βk =
exp(wk)∑K
j=1 exp(wj)

(20)

where K is the number of attention mechanisms, each corresponding to
different time scales, ck is the context vector produced by the k-th attention
mechanism, α(k)

t is the attention weight of the k-th mechanism at time step t,
βk is the weight of each attention mechanism, and wk is a learnable parameter.
This design enables the model to simultaneously focus on key moments in
both fast actions (such as hitting a ball) and slow actions (such as long-
distance running). Action continuity evaluation is an important aspect of
movement posture analysis, and Attention-BiLSTM implements this through
a motion smoothness evaluation module:

Smooth(S) = exp

(
−λ · 1

T − 1

T−1∑
t=1

∥st+1 − st∥22

)
Lsmooth = ∥Smooth(S)− Smooth(S∗)∥22

(21)

where Smooth(S) is the smoothness measure of sequence S, λ is the
smoothness coefficient, S∗ is the standard action sequence, and Lsmooth is the
smoothness loss. This module can evaluate the continuity and fluency of ac-
tions, which is particularly important for highly coordinated movements such
as dance and gymnastics. Attention-BiLSTM ultimately optimizes both pos-
ture recognition and action quality assessment through a multi-task learning
framework:

Ltotal = Lcls + γ1Lsmooth + γ2Lreg

Lcls = −
M∑
i=1

yi log(ŷi)

Lreg = ∥Q(S, S∗)− Q̂∥22

(22)

16



where Ltotal is the total loss, Lcls is the classification loss, Lreg is the quality
regression loss, γ1 and γ2 are balancing factors, M is the number of action
categories, yi and ŷi are the true label and predicted probability, respectively,
Q(S, S∗) is the true quality score, and Q̂ is the predicted quality score. This
multi-task framework enables the model to simultaneously perform action
recognition and quality assessment, providing comprehensive feedback for
sports training. The theoretical basis of Attention-BiLSTM can be supported
by the following theorem:

Theorem 2 (Temporal Modeling Capability of Attention-BiLSTM).
For temporal processes satisfying the Markov property, an Attention-BiLSTM
with sufficient hidden units can approximate any continuous mapping func-
tion g : Rd×T → Ro with arbitrary precision ϵ > 0, such that:

sup
H∈H
∥g(H)− Attention-BiLSTM(H)∥2 < ϵ (23)

where H is the set of all possible input sequences, d is the input feature
dimension, T is the sequence length, and o is the output dimension.

Based on the above theorem, a conclusion about Attention-BiLSTM’s
capability in key moment recognition can be drawn:

Corollary 2 (Key Moment Recognition Guarantee). Given a movement
sequence H containing key action moments {t1, t2, ..., tm}, the temporal at-
tention mechanism of Attention-BiLSTM can automatically learn higher at-
tention weights corresponding to these key moments, satisfying:

Et∈{t1,t2,...,tm}[αt] > Et/∈{t1,t2,...,tm}[αt] + δ (24)

where αt is the attention weight at time step t, and δ is a positive constant,
representing the attention gap between key moments and non-key moments.

2.4. MAPR (Multi-scene Adaptive Pose Recognition): Multi-scene Move-
ment Posture Feature Extraction Algorithm

The time complexity of the MAPR algorithm is mainly composed of the
ST-GCN and Attention-BiLSTM parts. For the ST-GCN part, the time com-
plexity is mainly affected by the graph convolution operation. For an input
sequence containing N joint points and T time steps, the time complexity of
each layer of graph convolution is O(N2 ·d), where d is the feature dimension.
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Considering the LST−GCN -layer network structure and batch size B, the total
time complexity in the training phase is O(B ·E1 ·T ·N2 ·d·LST−GCN). For the
Attention-BiLSTM part, the complexity for each time step is O(d2). Con-
sidering the sequence length T and K branches in the multi-scale attention
mechanism, the time complexity of this part is O(B · E2 · T · d2 ·K). In the
inference phase, since backpropagation is not required, the time complexity
reduces to O(T ·N2 · d + T · d2 ·K). In practical implementation, since the
number of joint points in the human skeleton is relatively small (N = 16
for the MPII dataset), and the feature dimension d is usually small as well,
the algorithm can achieve real-time or near real-time processing speed on
standard hardware.

In terms of space complexity, ST-GCN needs to store graph structure
data, network parameters, and intermediate feature maps, with a main space
complexity of O(N2 + LST−GCN · d2 + B · T · N · d). The N2 term comes
from adjacency matrix storage, the LST−GCN · d2 term comes from network
parameters, and the B · T · N · d term comes from feature maps in the
batch processing. The Attention-BiLSTM part mainly stores LSTM unit
parameters, hidden states, and attention weights, with a space complexity of
O(d2+B ·T ·d+K ·T ). The space complexity of the entire MAPR algorithm
is the sum of these two parts, that is, O(N2+LST−GCN ·d2+B ·T ·N ·d+d2+
B ·T ·d+K ·T ), which simplifies to O(N2+(LST−GCN +1) ·d2+B ·T · (N +
1) · d+K ·T ). Considering that in practical application scenarios, N , d, and
K are all relatively small constants, the space complexity is mainly affected
by batch size B and sequence length T , which is completely acceptable under
modern hardware conditions.

3. Experimental Description

3.1. Dataset Description and Experimental Setup
This research uses the MPII Human Pose dataset as the experimental

foundation, which is a recognized benchmark dataset in the field of human
pose estimation, as shown in Figure 3. The MPII dataset contains approxi-
mately 25,000 images, covering over 40,000 human samples, each annotated
with human key joint information. The dataset covers 410 types of daily hu-
man activities, with each image provided with corresponding activity labels.
These images are extracted from YouTube videos and retain the unannotated
frame sequences before and after, ensuring the completeness of temporal in-
formation. The test portion of the dataset has richer annotation information,
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Algorithm 1: MAPR: Multi-scene Adaptive Pose Recognition
Input : Video sequence or skeleton sequence dataset D
Output: Posture recognition results and action quality scores

Algorithm Parameter Initialization:
Initialize ST-GCN parameters θST−GCN

Initialize Attention-BiLSTM parameters θBiLSTM
Set learning rate η, batch size B, training epochs E
Set multi-task loss weights γ1 and γ2 (refer to equation 22)

Phase 1: ST-GCN Training
for epoch = 1 to E1 do

for each batch of data {Xi, yi}Bi=1 ⊂ D do
Extract skeleton graph structure GS (refer to equation 8)
Calculate graph Laplacian matrix L (refer to equation 9)
Perform spatial partitioning A =

∑P−1
p=0 Ap (refer to equation 12)

for layer l = 1 to LST−GCN do
Apply spatial graph convolution F̂ (l) = SConv(F (l−1), A,W

(l)
s )

Apply batch normalization F̂ (l) = BN(F̂ (l))

Apply temporal convolution F̂ (l) = TConv(F̂ (l),W
(l)
t )

Apply batch normalization F̂ (l) = BN(F̂ (l))

Apply ReLU activation F (l) = ReLU(F̂ (l))
Apply motion-sensitive attention mechanism (refer to equation 14)

end
Calculate ST-GCN loss LST−GCN

Update parameters θST−GCN ← θST−GCN − η∇θST−GCN
LST−GCN

end
end
Phase 2: Attention-BiLSTM Training
for epoch = 1 to E2 do

for each batch of data {Xi, yi, qi}Bi=1 ⊂ D do
Extract feature sequence H = {ht}Tt=1 using the trained ST-GCN
Apply bidirectional LSTM to process the sequence (refer to equations 17 and 18)
Calculate temporal attention weights (refer to equation 19)
Apply multi-scale temporal attention fusion (refer to equation 20)
Calculate action smoothness Smooth(S) (refer to equation 21)
Calculate classification loss Lcls
Calculate smoothness loss Lsmooth
Calculate quality regression loss Lreg
Calculate total loss Ltotal = Lcls + γ1Lsmooth + γ2Lreg
Update parameters θBiLSTM ← θBiLSTM − η∇θBiLSTM

Ltotal

end
end
Phase 3: Integrated System Inference
for test data sample Xtest do

Calculate skeleton representation P (refer to equation 1)
Extract spatial features using ST-GCN
Evaluate spatial structure consistency (refer to theorem 1 and corollary 1)
Process temporal features using Attention-BiLSTM
Identify key action moments (refer to corollary 2)
Evaluate action continuity (refer to equation 21)
Calculate posture recognition results and quality scores
Compare distance with standard template Q(S, S∗) (refer to equation 5)
if test sample contains noise then

Perform robustness processing (refer to equations 6 and 7)
end

end
Function: ModelEvaluation(Dtest)
for each test sample (Xi, yi, qi) ∈ Dtest do

Predict category ŷi and quality score q̂i
Update confusion matrix
Calculate PCKh (Percentage of Correct Keypoints with head normalization)
Calculate mAP (mean Average Precision)
Calculate quality score absolute error |qi − q̂i|

end
Calculate and return accuracy, recall, F1 score, and average quality score error
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Figure 3: Caption

including body part occlusion status and three-dimensional trunk and head
directions. The MPII dataset follows a systematic classification of human ac-
tivities in the collection process, ensuring the diversity and representativeness
of the data. To prevent overfitting and excessive tuning on the test set, the
annotation information of the test set is strictly preserved. This dataset not
only provides high-quality human pose annotations but also includes various
activity types and scene changes, making it very suitable for evaluating the
performance of the multi-scene adaptive pose recognition system proposed
in this research under different movement types.

Table 2: Algorithm Parameter Configuration

Parameter Name Value Parameter Name Value
ST-GCN Parameter Configuration

Batch Size 32 Learning Rate 0.0005
Weight Decay 0.0001 Training Epochs 80
Dropout Rate 0.5 Optimizer Adam
Learning Rate Scheduler Cosine Annealing Network Layers 10
Input Channels 3 Output Channels 256
Residual Connection True Edge Importance Weighting True
Spatial Convolution Kernel
Size

3 Temporal Convolution Kernel
Size

9

Partition Strategy ’Spatial’ Number of Partitions 3
Attention Dimension 64 Number of Attention Heads 8

Attention-BiLSTM Parameter Configuration
Batch Size 32 Learning Rate 0.0003
Weight Decay 0.00005 Training Epochs 120
Dropout Rate 0.3 Optimizer Adam
Hidden Layer Dimension 512 Input Dimension 256
LSTM Layers 3 Bidirectional LSTM True
Attention Dimension 256 Attention Type ’Temporal’
Multi-scale Attention True Number of Scales 3
Smoothness Coefficient 0.1 Smoothness Loss Weight 0.5
Quality Loss Weight 0.3 Gradient Clipping Threshold 5.0

Data Preprocessing Parameters
Input Sequence Length 64 Frame Rate 30 fps
Normalization Method Z-score Data Augmentation True
Rotation Range [-30°, 30°] Scaling Range [0.75, 1.25]
Translation Range [-0.2, 0.2] Flip Probability 0.5
Noise Standard Deviation 0.05 Random Cropping True

Model Ensemble Parameters
Fusion Strategy ’Cascade’ Intermediate Feature Dimen-

sion
256

ST-GCN Weight 0.6 BiLSTM Weight 0.4
Continued on next page
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Table 2 continued
Parameter Name Value Parameter Name Value
Feature Selection Strategy ’Confidence’ Context Window Size 5
Quality Threshold 0.75 Early Stopping Patience 15
Model Selection Metric ’mAP’ Checkpoint Save Frequency 5

Evaluation Metric Parameters
PCKh Threshold 0.5 mAP Threshold 0.5
Quality Error Metric ’Mean Absolute Error’ Confusion Matrix True
Inference Batch Size 16 Test Augmentation False
Visualization True Test Set Split Ratio 0.2

The experiments in this research were conducted on the following comput-
ing platform, with hardware configuration including: AMD EPYC 7763 64-
core processor (base frequency 2.45GHz, maximum boost frequency 3.5GHz),
512GB DDR4-3200 ECC memory, and a computing cluster consisting of 4
NVIDIA A100 GPUs (each with 40GB HBM2 memory). The operating sys-
tem is Ubuntu 20.04 LTS, using PyTorch 1.12.0 as the deep learning frame-
work, with CUDA version 11.6 and cuDNN version 8.4.0. To improve data
processing efficiency, all datasets are stored on a high-speed NVMe SSD array
with a data transfer bandwidth of 5GB/s. The model training takes about
72 hours on average, and the single test inference process can be completed
in real-time (processing time less than 30ms per frame).

3.2. Experimental Results
3.2.1. Pose Recognition Results in Normal Environment

MAPR w/o ST-GCN w/o
Attention-BiLSTM

HRNet

Model

0.80
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0.
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0.892

0.837

0.853

0.815

Average Pose Keypoint Accuracy (PCKh@0.5)

Figure 4: Comparison of Average Pose Keypoint Accuracy (PCKh@0.5) for Different Mod-
els in Normal Environment
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Figure 4 shows the average pose keypoint accuracy (PCKh@0.5) of four
models in normal lighting conditions. From the experimental results, it can
be seen that the proposed MAPR model achieved the highest PCKh@0.5
value of 0.892, an improvement of 7.7 percentage points compared to the base-
line model HRNet’s 0.815. The variant model without Attention-BiLSTM
achieved an accuracy of 0.853, demonstrating the effectiveness of ST-GCN
in spatial relationship modeling; while the variant model without ST-GCN
achieved an accuracy of 0.837, slightly lower than the former, indicating that
spatial feature extraction is slightly more important than temporal modeling
in the pose keypoint localization task. Notably, the complete MAPR model
shows significant improvement compared to both of its variants, proving the
complementary effect of ST-GCN and Attention-BiLSTM. Their cascade in-
tegration effectively fuses spatial structural features and temporal dynamic
information, thereby improving the localization accuracy of pose keypoints.

Overall

Fast Motion

Complex Motion

Continuous Motion

Static Pose

2025303540

Mean Per Joint Position Error (MPJPE) by Motion Type

MAPR
w/o ST-GCN
w/o Attention-BiLSTM
HRNet

Note: Lower values indicate better performance (in mm)

Figure 5: Comparison of Mean Per Joint Position Error (MPJPE) for Different Models on
Various Action Types in Normal Environment

Figure 5 presents a radar chart showing the mean per joint position er-
ror (MPJPE) of the four models on different action types. This metric is
measured in millimeters, with lower values indicating better performance.
The MAPR model performs best in all five categories, with advantages par-
ticularly evident when processing continuous actions and complex actions,
achieving low errors of 25mm and 27mm respectively. The variant model
without ST-GCN performs relatively well in static poses (29mm) and over-
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all performance (30mm), but the error increases to 35mm when processing
complex actions. The variant model without Attention-BiLSTM performs
relatively poorly in the fast action category, with an error of 38mm, indi-
cating that the Attention-BiLSTM component plays a key role in capturing
temporal features of high-speed movements. The baseline model HRNet per-
forms the worst in all categories, especially when processing complex actions
with an error as high as 45mm, showing that a single model struggles to
handle the complexity of both spatial structure and temporal changes simul-
taneously. This result verifies the adaptability and robustness of the MAPR
model in diverse movement scenarios.
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Figure 6: Comparison of PCK Curves and Area Under Curve (AUC) for Different Models
in Normal Environment

Figure 6 shows the performance curves of various models under different
PCK thresholds and the corresponding area under curve (AUC). The AUC
value is the area under the PCK curve, providing a comprehensive evaluation
of the model’s overall performance under different precision requirements.
The results show that the MAPR model achieved the highest AUC value of
0.919, indicating that it maintains superior performance under various preci-
sion thresholds. The variant model without Attention-BiLSTM has an AUC
of 0.865, the variant model without ST-GCN has an AUC of 0.837, and the
HRNet baseline model has an AUC of 0.793. Looking at the curve shape,
as the threshold increases, the PCK values of all models show a non-linear
downward trend, but the MAPR model decreases significantly slower than
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Figure 7: Dataset after Light Processing

other models, especially in the high threshold region (0.4-0.6), where its per-
formance advantage is more pronounced. At the threshold of 0.5, MAPR’s
PCK value is about 0.8, while HRNet is only 0.53, a difference of 27 percent-
age points. This indicates that the MAPR model has stronger robustness
under high precision requirements and can accurately locate keypoint posi-
tions, which is particularly important for fine motion analysis. Overall, the
AUC analysis further confirms the comprehensive advantage of the cascade
integration architecture in diverse movement scenarios.

3.2.2. Pose Recognition Results in Dim Environment
To verify the applicability and robustness of the proposed model in real-

world scenarios, this research designed a series of comparative experiments in
dim environments. In practical application scenarios, pose recognition sys-
tems often need to work in environments with poor lighting conditions, such
as motion analysis in indoor gyms under low light conditions, or outdoor
movement tracking at dusk or dawn. Lighting conditions are a key factor
affecting the performance of visual systems, especially for vision-based pose
recognition tasks. In the experiment, by controlling the brightness of light-
ing equipment, the light level was gradually reduced from normal lighting
(100%) to extremely low lighting (10%), establishing a test dataset under
different lighting conditions, as shown in Figure 7. The experiment used the
same test cases and evaluation metrics as in the normal environment, but
evaluated separately under different light levels to comprehensively examine
the environmental adaptability of each model.

Figure 8 shows the performance trends of the four models as the light
level decreases from 100% (normal lighting) to 10% (extremely low lighting).
The 40% light level is a critical threshold, where the performance difference
between models begins to significantly widen. The experimental results show
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Figure 8: Impact of Different Light Levels on Model Performance

that the MAPR model exhibits the highest robustness during the light level
decrease, maintaining an AUC value above 0.75 even at a light level as low
as 20%, while the baseline model HRNet has already dropped to 0.53 un-
der the same conditions. Particularly noteworthy is that the performance
gap between models gradually widens as the light level decreases—at normal
lighting (100%), the AUC difference between MAPR and HRNet is 0.126
(0.919 vs 0.793), while at extremely low lighting (10%), the difference ex-
pands to 0.256 (0.672 vs 0.416). The variant model without ST-GCN shows
a more significant performance degradation during the light level decrease,
dropping from 0.837 to 0.492, a decrease of 41.2%, while the variant with-
out Attention-BiLSTM accelerates its decline in the light level range below
40%, eventually dropping to 0.552 at 10% light level. This phenomenon indi-
cates that the ST-GCN component plays a key role in processing low-quality
visual input, maintaining the spatial relationships of the skeleton structure
even when image details are lost; while the Attention-BiLSTM component
compensates for the decline in single-frame image quality through tempo-
ral memory mechanisms, utilizing information from previous and subsequent
frames.

After preliminary experimental analysis, the research found that the 40%
light level is a critical threshold where the performance difference between
models begins to significantly widen, and therefore chose this brightness level
as the focus of experimental analysis. This level can effectively simulate ac-
tual dim scenarios while clearly showing the performance difference between
various models when facing environmental challenges.
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Figure 9: Comparison of PCK Curves and Area Under Curve (AUC) for Different Models
in Dim Environment (40% Light)

Figure 9 shows the performance curves of the four models under different
PCK threshold conditions and the corresponding area under curve (AUC) in
a 40% light environment. Compared to normal lighting conditions, the per-
formance of all models has declined, but the extent of the decline varies. The
MAPR model performs most robustly in the dim environment, with an AUC
value of 0.863, only about 6.1% lower than under normal lighting conditions.
In comparison, the AUC value of the variant model without ST-GCN drops
to 0.761 (a 9.1% decrease), the variant model without Attention-BiLSTM has
an AUC value of 0.797 (a 7.9% decrease), while the baseline model HRNet is
most affected in the dim environment, with an AUC value of only 0.716 (an
11.2% decrease). In the high threshold region (as shown by the PCKh@0.5
reference line), the performance gap between the four models further widens,
with MAPR having a value of about 0.708 at PCKh@0.5, while HRNet is
only 0.475, a difference of over 23 percentage points. This result indicates
that the MAPR model, through ST-GCN’s spatial structure modeling and
Attention-BiLSTM’s temporal correlation analysis, can maintain high pose
recognition accuracy even when image quality decreases.

Figure 10 shows the mean per joint position error (MPJPE) of various
models on different action types under 40% light conditions. Compared to the
normal lighting environment, the errors of all models increase for all action
types, but the MAPR model still maintains the lowest error level. Overall,
MAPR’s MPJPE is 28mm, only 3mm more than under normal lighting; while
HRNet’s error increases to 55mm, an increase of about 13mm. Particularly
noteworthy are the performance differences when processing different action
types: for fast actions, MAPR has an error of 38mm, while the variant with-

26



Overall

Fast Motion

Complex Motion

Continuous Motion

Static Pose

25354555

Mean Per Joint Position Error (MPJPE) by Motion Type
at 40% Illumination

MAPR
w/o Attention-BiLSTM
w/o ST-GCN
HRNet

Note: Lower values indicate better performance (in mm)

Figure 10: Comparison of Mean Per Joint Position Error (MPJPE) for Different Models
on Various Action Types in Dim Environment (40% Light)

out Attention-BiLSTM has 53mm, a significant difference, indicating that the
Attention-BiLSTM component is particularly important for capturing high-
speed movement features under low light conditions; for complex actions, the
variant without ST-GCN has an error of 49mm, while the complete MAPR
has only 32mm, indicating that ST-GCN is indispensable when processing
actions with complex spatial relationships. The differences between models
are relatively small in the static pose category, which is related to the fact
that static poses have more redundant information in the time domain and
are less affected by lighting. This multi-dimensional analysis further verifies
the adaptive advantage of the MAPR model in dim environments.

Figure 11 intuitively shows the percentage of performance decline for
various models on three core evaluation metrics from normal lighting to 40%
lighting conditions. Overall, the MAPR model shows the smallest perfor-
mance decline on all metrics, with PCKh@0.5 decreasing by 5.6%, KARF
decreasing by 6.9%, and AUC decreasing by 6.1%, demonstrating excellent
environmental adaptability. There are differences in the extent of decline
between different metrics, with the KARF metric being the most sensitive to
lighting changes, which is related to the fact that this metric requires recogni-
tion of overall action features and demands higher quality visual input. The
variant model without ST-GCN shows the most significant decline on the
KARF metric (10.4%), indicating that the lack of effective spatial structure
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Figure 11: Comparison of Performance Degradation Percentage for Different Models on
Various Evaluation Metrics under 40% Light Conditions

modeling leads to a substantial decrease in action feature recognition ability
under low light conditions. The variant without Attention-BiLSTM performs
relatively well on the AUC metric (a decrease of 7.9%), but shows an 11.6%
decrease on KARF, reflecting the importance of temporal modeling for action
recognition. HRNet, as the baseline model, shows the largest decline on all
metrics, especially on the KARF metric with a decrease of up to 14.8%, high-
lighting the limitations of a single model when facing environmental changes.
The performance degradation analysis proves from another perspective the
complementary advantages of the ST-GCN and Attention-BiLSTM compo-
nents in the MAPR model, which effectively enhances the model’s robustness
in dim environments through the cascade integration architecture.

Appendix A. Example Appendix Section
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