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ABSTRACT Current piano performance training primarily relies on subjective observation and

INDEX TERMS

experience-based assessment, limiting the objective evaluation of posture accuracy and temporal co-
ordination. This study proposes a standardized teaching aid system that integrates an improved posture 

estimation network with temporal feature extraction to achieve intelligent analysis and real-time feedback 

for piano performance movements. The system extracts upper-limb and finger keypoints through a 

lightweight posture estimation framework enhanced by spatial attention mechanisms and constructs 

spatiotemporal representations using a Temporal Transformer with embedded temporal position encoding.
A quantitative evaluation network is further developed to assess spatial coordination, temporal consistency,
and fingering stability, generating standardized scores and dynamic feedback signals in a closed-loop 

teaching framework. Experimental results demonstrate a keypoint localization stability rate of 96.0%,
feedback accuracy of 97.2%, and response delays ranging from 0.48 s to 0.77 s across different    

performance scenarios. The proposed framework exhibits strong robustness and adaptability for complex 

motion analysis. It is particularly applicable to intelligent sensing environments supported by wireless 

communication infrastructures and antenna-enabled edge devices, where reliable real-time transmission 

of visual and motion data is essential for responsive feedback and human–machine interaction. This study 

provides an effective engineering solution for intelligent motion assessment, standardized skill training,
and data-driven interactive learning systems.

posture estimation, temporal transformer, motion analysis, wireless sensing networks

I. INTRODUCTION

IN piano teaching practice, the standardization of per-
formance movements directly affects tone quality and

technical expression. However, current teaching still relies
mainly on teachers’ visual judgment and experience-based
guidance, lacking quantitative basis for the accuracy and
timing coordination of movements. Since performance pos-
ture involves complex multi-joint coordination and high-
speed fingering changes, it is difficult to identify subtle
posture deviations and rhythmic differences through man-
ual analysis alone, affecting the objectivity and systematic
nature of teaching [1,2]. Establishing an intelligent analysis
system based on visual recognition and movement model-
ing is of great significance for realizing the scientification
and standardization of piano teaching [3,4]. At the same
time, the flexibility and stress transmission laws in hu-
man performance movements [5,6] have certain similarities
with the elastic response and deformation distribution of
fiber texture in textile materials. This cross-domain relation
between movement-induced force transmission and texture

deformation patterns provides a clearer basis for posture
modeling.

Several technical challenges exist in the current action
standardization analysis. Variations in lighting, occlusion
interference, and scale differences in local finger movements
in visual input can easily lead to keypoint drift during
posture estimation [7,8]. The time dependence of high-
frequency movements during performance is complex, and
traditional frame-level analysis struggles to characterize
continuity [9,10]. At the evaluation level, the lack of unified
quantitative indicators for action coordination and temporal
consistency makes it difficult for the model to consistently
output reliable teaching feedback [11,12]. These issues
collectively limit the accuracy and adaptability of piano
performance movement analysis systems. Existing research
has improved action recognition performance through pose
detection, skeleton modeling, and deep learning methods.
Convolutional neural networks have been used to extract
features of the upper limbs and fingers of performers, and
heatmap regression methods have improved the accuracy
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of keypoint localization [13,14]. Recurrent neural networks
and long short-term memory structures have been used to
describe temporal changes, and some works have applied
attention mechanisms in the temporal dimension to enhance
cross-frame dependency modeling [15,16]. However, these
methods mostly focus on spatial posture estimation and are
insufficient in capturing the global correlation of temporal
structures, making it difficult to effectively integrate multi-
dimensional features for prescriptive analysis [17,18]. At
the same time, scoring mechanisms often rely on a single
indicator, resulting in a large feedback delay, which can-
not meet the real-time requirements of teaching scenarios
[19,20]. To address these shortcomings, it is necessary
to construct a unified analysis framework that takes into
account both spatial and temporal information to achieve
efficient linkage between action recognition, evaluation, and
feedback [21,22].

The lightweight encoder and spatial attention pipeline are
adjusted to accommodate the fine-grained structural distribu-
tion of piano performance postures. The redesigned texture-
guided refinement layer and the anatomically constrained
attention weighting process form a feature extraction pattern
distinct from existing lightweight pose estimators. These
adjustments establish the actual improvement claimed by
the posture estimation module in this study.

To address the lack of integrated analysis caused by
the separation of posture recognition from temporal feature
modeling, this study proposes a teaching aid system that uni-
fies these two components within a single framework. The
study employs a modified lightweight posture estimation
network to extract upper limb and finger keypoints, while
implementing spatial attention to increase the response of
the hand region. Action sequences are then established
through creating a skeleton topology, then combined to
create a unified posture matrix through temporal interpo-
lation and scale normalization. At the temporal level, this
article adopts Transformer with embedded temporal posi-
tion encoding to model cross-frame dependencies, utilizing
multi-head self-attention to obtain joint spatial-posture and
temporal-rhythm representation. Then, this article uses the
multi-dimensional mapping network to transfer action fea-
tures into specific score evaluation on spatial coordination,
temporal coherence, and fingering stability, respectively.
Moreover, this article maps the rate of change of scores into
dynamic feedback signals, offering more visual feedback
and numerical feedback to reflect the deviation of user’s
performance in certain movement, which provides realtime
correction and detailed guidance in teaching process. In this
way, this article builds a whole closed-loop process from
posture extraction and temporal modeling to score feedback,
and gives quantifiable intelligent support for standardized
teaching of piano performance movements.

II. CONSTRUCTION PRINCIPLES OF STANDARDIZED
PIANO PERFORMANCE MOVEMENT TEACHING AID
SYSTEM

A. PERFORMANCE POSTURE INFORMATION
EXTRACTION BASED ON KEYPOINT DETECTION
The process of extracting piano playing posture information
in this article is based on the detection of keypoints.
The improved lightweight posture estimation network can
accurately identify the upper limb and finger joints in
the spatiotemporal domain [23,24]. The improvement is
reflected in the reconstruction of the lightweight encoder
path and the refinement of the spatial attention process. The
encoder inserts a texture-guided refinement layer that adjusts
the activation distribution according to the gradient density
of local skin and fingertip regions, forming a feature en-
hancement structure that departs from standard lightweight
encoders. The depthwise separable convolution blocks are
arranged in a progressive receptive field expansion chain that
preserves sensitivity to subtle structural variations of narrow
joint areas. The spatial attention mechanism integrates an
anatomical continuity constraint that stabilizes the response
of channels associated with the hand–wrist axis, reducing
fluctuations that often occur when fast fingertip transitions
appear in lightweight architectures. These structural ad-
justments constitute the basis of the improved lightweight
posture estimation network adopted in this study. The input
frame sequence is denoted as I = {It|t = 1, . . . , T}, where
T is the number of video frames. The network structure
consists of a feature encoding module, a spatial attention
module, and a coordinate regression module. The encoding
module extracts local texture and fabric features based on
depthwise separable convolution, enabling the system to
have stronger structural perception ability when recognizing
subtle movements of skin, clothing, and hand surfaces
[25,26]. This texture-sensitive feature extraction method is
also commonly used for surface defect detection and fabric
texture recognition in textiles. Assuming the convolution
kernel weight is Wc, and the input feature is Xt, the output
feature mapping Ft is defined as:

Ft = σ(Wc ∗Xt) (1)

In Formula (1), “*” represents the convolution operation;
σ(·) is a non-linear activation function. The spatial attention
module adaptively weights the channel-dimensional features
to form a saliency map At, and its calculation process is as
follows:

At = softmax

(
QtK

T
t√
d

)
(2)

In Formula (2), Qt = WqFt, and Kt = WkFt. Wq

and Wk are linear mapping matrices, and d is the feature
dimension. Attention weights are applied to Ft to generate
enhanced features F̄t = AtVt, where Vt = WvFt, which are
used to highlight the structural information of the hand and
forearm regions.

The attention mapping incorporates an inter-joint mod-
ulation factor that aligns the saliency response with the
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displacement trends of adjacent anatomical nodes, produc-
ing a stabilized activation pattern that differs from common
lightweight attention formulations.

The coordinate regression module predicts the two-
dimensional coordinates of each keypoint using Gaussian
heatmap regression. Let the actual heatmap of the j-th
keypoint be Hj , and the predicted heatmap be Ĥj . The loss
function is defined as:

Lp =
1

J

J∑
j=1

∥∥∥Hj − Ĥj

∥∥∥2
2

(3)

In Formula (3), J denotes the total number of keypoints,
and the notation ∥·∥2 denotes the Euclidean norm applied to
the pixel-wise difference between the predicted and ground-
truth heatmaps. High-precision joint positioning is achieved
by minimizing Lp. The model outputs a set of keypoints Pt,
describing the attitude structure at time t in two-dimensional
coordinates.

In the skeleton data generation period, the frame key-
points establish a skeleton topology graph G = (V,E)
based on the physiological connections, where V is the
node set corresponding to each keypoint in Pt, and E is
the edge set representing the anatomical constraint con-
nections between keypoints. Finally, the skeleton sequence
S = {Gt|t = 1, . . . , T} is further sampled and normalized
in terms of temporal interpolation and scale normalization to
eliminate the variance of viewpoint and distance, obtaining
a spatiotemporally consistent set of pose representation
matrices.

Although the pose representation is constructed on two-
dimensional keypoint coordinates, the original motion of pi-
ano performance contains vertical displacement during key
pressing and rotation of the wrist around three-dimensional
axes. The projection of these depth-related components onto
a single image plane introduces variations that originate
from changes in perspective and the relative position be-
tween the camera and the performer. These factors alter the
apparent length and orientation of limb segments and com-
press depth cues into planar trajectories, which introduces
structural distortion that is not fully recoverable through nor-
malization. The lightweight encoder extracts spatial texture
information from image regions that have already lost depth
variation, and the subsequent skeleton topology preserves
only the planar joint configuration. This leads to deviations
between the actual spatial configuration and the inferred
representation whenever vertical motion amplitude or wrist
rotation intensity increases. Such deviations influence the
stability of the temporal sequence matrix used for subse-
quent dynamic modeling and form a systematic source of
uncertainty throughout the entire evaluation process.

M = [N(P1), N(P2), . . . , N(Pt)] (4)

N(·) denotes the normalization function that normalizes
the coordinates of keypoints into the same coordinate system

in Formula (4). M represents the input of temporal model-
ing, including the spatial displacement information of arm
and finger during performance, and is also the basic data
representation for the action dynamic modeling.

B. ACTION DYNAMIC MODELING BASED ON
TEMPORAL TRANSFORMER
The dynamic changes in performance movements are mod-
eled using temporal features to achieve global dependency
representation analysis [27,28]. Using the pose matrix M
output from the previous stage as input, a temporal Trans-
former model with embedded temporal position encoding
is constructed to capture the temporal continuity and cross-
frame dependencies of the movements. The input matrix
is linearly mapped to generate a feature sequence Z =
{z1, z2, . . . , zt}, where zt ∈ Rd is the pose feature vector
at time step t, and d represents the feature dimension. To
preserve temporal position information, a learnable position
encoding vector Et is applied and added to the input features
to form a sequence representation Xt = zt + Et.

The temporal dependency modeling process is imple-
mented through a multi-head self-attention mechanism
[29,30]. For the h-th attention head, the calculation process
is as follows:

Hh
t = softmax

(
Qh

t (K
h
t )

T

√
dh

)
V h
t (5)

In Formula (5), Qh
t = Wh

q Xt, Kh
t = Wh

k Xt, and
V h
t = Wh

v Xt. Wh
q , Wh

k , and Wh
v are the linear transfor-

mation matrices of the h-th attention head, and dh is the
feature dimension of a single head. The softmax function
guarantees the normalization of the attention weights so that
the model applies the weights in a global way over the entire
feature sequence. The outputs of several attention heads are
concatenated and linearly transformed to obtain the fused
global temporal feature Ht.

To enhance the nonlinear expressive power of the model,
each coding layer of the Transformer is followed by a feed-
forward network module. This module consists of two linear
transformation layers and an activation function, calculated
as follows:

Yt = σ(W1Ht + b1)W2 + b2 (6)

In Formula (6), W1, W2 represent the weight matrices
of the feedforward network; b1, b2 represent the bias terms;
σ(·) represents the activation function. The residual connec-
tion and layer normalization structure ensure stable gradient
propagation and reduce feature drift.

The temporal Transformer, after being stacked into mul-
tiple layers, outputs a global feature representation F =
{f1, f2, . . . , ft}, where each layer ft ∈ Rd corresponds to
the spatiotemporal joint representation at time t. To extract
the overall dynamic trend of the performance movements,
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the feature sequences are temporally aggregated, and aver-
age pooling is used to obtain a global action description
vector.

f̄ =
1

T

T

t=1

∑
ft (7)

In Formula (7), T is the total number of frames. The
¯vector f represents the comprehensive characteristics of

the performance action in the time dimension, covering the
coordination of arm and finger movements and the rhythmic
change pattern, providing a stable temporal characteristic
basis for subsequent quantitative evaluation of the standard-
ization of the action.

C. DESIGN OF QUANTITATIVE EVALUATION AND
FEEDBACK MECHANISM FOR ACTION
STANDARDIZATION
The quantitative evaluation of action standardization
achieves a comprehensive score for piano performance
movements by constructing an evaluation network based
on deep feature mapping [31,32]. The input is the global

¯action feature vector f ∈ Rd output by the temporal
Transformer. This feature is mapped to the scoring space
through a multilayer perceptron to characterize the degree
of standardization of the action in the dimensions of spatial
coordination and temporal consistency. The computation
process of the evaluation network is defined as follows:

¯s = σ(W3f + b3) (8)

In Formula (8), W3 is the linear mapping matrix; b3 is
the bias vector; σ(·) is the Sigmoid activation function; s ∈
(0, 1) represents the continuous output of the normalization

S = αss
s + αts

t + αfs

score. To achieve multidimensional index fusion, feature 

branches ss, st, sf are established in three subspaces:
spatial pose, temporal coherence, and finger stability. The 

final quantitative score is obtained through weighted fusion.

f (9)

The training objective of the prescriptive evaluation net-
work is to minimize the mean squared error loss between

In Formula (9), αs, αt, αf are empirically determined 

weight coefficients that satisfy αs+αt+αf = 1, which are 

used to balance the contribution ratio of each sub-feature in 

the overall score.

the predicted score and the human expert score, defined as:

Ls =
N

i=1

∑
(Si − Ŝi)

2 (10)

ˆIn Formula (10), N represents the sample size; Si repre-
sents the standard score given by the expert; Si represents
the model prediction value. By minimizing Ls, the system
gradually calibrates the prediction distribution during the

training phase, ensuring that the output score is consistent
with the professional judgment.

In the teaching feedback phase, the system calculates
a dynamic scoring curve S(t) from the real-time input
action feature sequence {f1, f2, . . . , ft} using a model. To
visualize the feedback, the system generates a prompt signal
based on the rate of change of the score ds/dt, defining a
feedback function:

F (t) = sign (ds/dt) · |ds/dt| (11)

In Formula (11), sign(·) represents sign function, which is
used to capture the directional alignment of an individual’s
performance in a scored outcome, and | · | refers to the
magnitude of the change. The sign and magnitude of F (t)
correspond to the trend of improvement and the intensity of
the deviation from the performance action, respectively. The
information is displayed in real time on the user interface,
in color and numbers, so that the performer can receive
directional corrective prompts if and when their performance
action deviates from the standard.

This article combines scoring networks with feedback
to complete the entire closed-loop process from extracting
time features to quantifying action standardization and then
outputting teaching feedback [33]. The model output score
and real-time feedback together constitute the core support
part of standardized action teaching, which can provide a
quantitative basis for the standardization and refinement of
piano playing posture teaching process [34,35].

III. EXPERIMENT AND RESULTS DISCUSSION ON THE
STANDARDIZATION OF PIANO PERFORMANCE
MOVEMENTS
A. EFFECT OF KEYPOINT LOCALIZATION
In piano performance action recognition experiment, to
explore the keypoint localization accuracy and stability of
model under different performance techniques, five kinds of
representative performance postures are randomly chosen
for comparison analysis in this section. According to the
keypoint coordinates output by the posture estimation net-
work, the experiment calculates and analyzes the quartile
of 4 quantitative indexes of recall, precision, F1 score, and
matching stability, to evaluate the completeness of keypoint
detection and the temporal consistency of model keypoint
localization under different action complexity. The test scene
includes various performance modes from normal sitting
postures to rapid fingering, and explores the impact of
movement amplitude, occlusion degree, and finger dexterity
on the keypoint detection results. The experimental results
are shown in Figure 1.

As shown in Figure 1, the model performs stably overall
in the keypoint localization task, with the highest accuracy
under the standard sitting posture condition: recall 94.1%,
precision 95.0%, F1 score 94.5%, and matching stability
96.0%, indicating that the system extracts spatial features
of common performance movements quite effectively. The

(1/N)
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FIGURE 1. Keypoint positioning performance of different piano performance techniques

F1 scores for the right hand raised high and the left hand
crossing keys are 93.8% and 93.0%, respectively, showing a
slight decrease in localization performance. This is mainly
due to keypoint occlusion caused by arm raising and hand
crossing, leading to a decrease in response accuracy during
the heatmap regression stage. When both hands are crossed,
the precision drops to 92.9%, and the matching stability is
94.2%, indicating that overlapping limbs cause confusion
of local keypoints in temporal tracking. The four indicators
are lowest in the rapid fingering scenario: F1 score 91.3%
and matching stability 93.4%, reflecting that the shortened
time interval of high-frequency fingering movements causes
excessively frequent changes in the position of keypoints,
weakening the model’s ability to model continuous fea-
tures. The overall trend shows that the keypoint localization
performance gradually decreases as the complexity of the
performance movement increases, but it still remains at a
stable level above 90%, which verifies the system’s reliable
localization capability in complex piano performance sce-
narios.

The noticeable drop of the F1 score in the rapid fingering
condition arises from limitations that originate at both the
pose estimation stage and the temporal modeling stage.
The shortened displacement interval of fingertip trajectories
introduces motion blur in consecutive frames, which nar-
rows the spatial distinction among adjacent keypoints during
heatmap regression and reduces the discrimination strength
of local textures used by the lightweight encoder. The
temporal Transformer accumulates these frame-level uncer-
tainties in its global attention process, since the attention
weights distribute across a sequence that no longer retains
stable inter-frame correspondences under high-frequency

motion. The temporal position encoding preserves ordering
information, yet the encoder still receives feature sequences
whose short-term continuity is degraded by rapid velocity
fluctuations. These factors jointly restrict the Transformer
from restoring full temporal coherence when fast fingering
movements continuously exceed the temporal resolution
fixed by the frame rate. This interaction explains why the
improved system maintains overall stability but still shows
weakened performance in rapid fingering.

B. PERFORMANCE VERIFICATION OF TEMPORAL
FEATURE MODELING
To verify the temporal feature modeling capability of the
Temporal Transformer in piano performance action analysis,
this section quantitatively evaluates the model performance
based on experimental results from different training rounds,
focusing on four dimensions: temporal relevance, temporal
consistency, action continuity, and temporal structure reten-
tion rate. The model’s performance metrics from training
rounds 10 to 100 are standardized statistically to reflect
its convergence characteristics and dynamic changes during
temporal learning. Figure 2 shows the trend changes of each
performance metric at different training stages.

Figure 2 shows that temporal correlation is 77.3% at
10 epochs, stabilizing at 93.7% at 100 epochs, indicating
that the model quickly establishes temporal dependencies
between action frames in the early training stages and
stabilizes in the later stages. Temporal consistency increases
from 74.0% to 81.6% in the first 20 epochs, then the increase
slows down, reaching 89.3% at 100 epochs, indicating that
the model’s overall coordination of temporal features grad-
ually improves. The growth curves of action continuity and
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FIGURE 2. Convergence curve of time series feature modeling performance

temporal structure retention are relatively flat. The former
maintains a stable increase in the middle stage, eventually
reaching 88.0%, while the latter remains at 86.8% in the
convergence stage. The difference between the two indicates
that there are still slight differences in the model’s represen-
tation of action transitions under complex rhythm changes.
The overall trend reflects that Transformer has high learning
stability and convergence performance in temporal feature
modeling, and the convergence of indicators in the later
training stages verifies that the model has sufficient learning
and stable convergence in temporal feature representation.

The temporal indicators reported in Figure 2 are derived
from the comparison between the temporal embeddings
produced by the Transformer during training and the ref-
erence temporal patterns constructed from expert-annotated
sequences. These reference patterns record the temporal
evolution of joint coordination extracted from expert per-
formance data through the same posture estimation and
skeleton generation pipeline. The indicators quantify the
alignment between the internal temporal representation and
the expert-derived temporal dynamics that serve as super-
visory signals during optimization. The values describe the
stability of the internal representation within the temporal
modeling component and do not correspond to external
behavioral labels of performance quality. Their convergence
reflects the formation of a consistent temporal embedding
space that supports the evaluation network, rather than the
real-world accuracy of the complete system.

The internal temporal metrics record the extent to which
the model has formed stable temporal dependencies during
the training phase and serve as an intermediate measurement
that ensures the reliability of the temporal feature space used
by the scoring module. These metrics do not assess the be-
havior of the full detection, evaluation, and feedback process
in real performance scenarios. The feedback accuracy re-
ported later in the teaching response experiment is computed
from direct comparisons between the system’s output scores

and expert assessments on complete performance sequences.
The two groups of metrics therefore represent distinct stages
of the system, with the temporal indicators reflecting inter-
nal learning stability and the feedback accuracy reflecting
observable performance in real conditions.

C. STABILITY OF ACTION SCORING
To test the system’s spatial pose recognition performance
for different types of piano movements, this article selects
eight typical performance tasks in the same sampling envi-
ronment, including two kinds of movement modes: posture
change and rhythm control. Based on the keypoint coor-
dinates output by the improved pose estimation network,
this article further analyzes the recognition accuracy and
stability of the system under different types of movements.
All the test data are standardized, and the scores of different
types of movements are counted. The range and statistical
dispersion of the scores are calculated. The experimental
results are shown in Figure 3, where the performance change
of the model under different movement complexities can be
visually observed.

From Figure 3, it can be seen that the median value of the
standard sitting posture is 0.941, and the range is relatively
small, indicating that the system output is relatively stable
when the standard posture is adopted. The median value
of right-hand high lifting and left-hand key crossing are
0.917 and 0.900, respectively, and the range is slightly
larger. This indicates that when the height of the limbs
changes and the span of the keys increases, the fluctuation
of the score occurs. The median value of hand crossing
and rapid fingering is 0.891 and 0.874, respectively. The
score drops significantly, indicating that there is a certain
degree of deviation in the modeling of the continuity of the
action of the system. The instability of the system output
is caused by the overlap of hands and the high frequency
of key touches. The median value of arpeggio legato and
broken chords are 0.926 and 0.910, respectively; the score
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FIGURE 3. Stability analysis of piano movement scoring

is concentrated; the dispersion is low, indicating that when
recognizing the continuity of fingering, the system output
is still relatively stable and high. The median value of the
staccato rhythm is 0.883, and the lower limit is slightly low.
This is because the amplitude changes of the staccato key
touch affect the temporal response of the model. From the
distribution characteristics, it can be seen that the fluctuation
range of the system score is not large for most action types;
the output results are relatively stable; the consistency of
cross-action is good.

D. TEACHING FEEDBACK RESPONSE PERFORMANCE
TEST
In the system performance verification experiment, in order
to verify the response characteristic and realtime stability of
the teaching feedback module under different performance
movements, this article chooses eight typical piano per-
formance postures, including various technical movements
from common sitting postures to high-frequency fingerings,
and records the average value of the feedback delay and
feedback accuracy of the system under continuous interac-
tive conditions. In the experiment, the input video frame
rate and model inference parameters are kept unchanged to
eliminate the impact of external variables on the response
results and reflect the dynamic response characteristics of
the system under different action scenarios. The experimen-
tal results are shown in Figure 4.

The feedback delay for normal sitting posture is 0.48s,
and the feedback accuracy is 97.2%, which shows that the
model achieves an ideal output in terms of both delay and
accuracy under the condition of static posture recognition.
The delay for right-hand high-raise and arpeggio legato is
0.55s and 0.53s, respectively, and the accuracy is still larger
than 96%, showing that the computational load is relatively
light when the amplitude of limb movement is light and the
rhythm is continuous. The delay for left-hand key crossing
and staccato rhythms increases to around 0.63 to 0.66s, and
the accuracy decreases to 95.1 % to 94.8 %, respectively.

This shows that when the posture crossing happens and
transient key touches emerge besides main playing actions,
the output accuracy of the system decreases because more
complex information of keypoint recognition is extracted
from the video frame. Therefore, the delay of feedback
generation increases accordingly. The delay for crossed
hands and rapid fingering reaches 0.69s and 0.77s, and
the accuracy decreases to 94.3% and 93.5%, respectively.
This shows that the computational coupling pressure on
the model increases when more occlusions emerge and the
frames are transitioned at a high frequency. The trend of
output delay shows that the system can maintain an stable
output when the delay is smaller than 0.8s and the accuracy
is larger than 93% under different action conditions, and
the real-time performance and recognition reliability of
teaching feedback mechanism show high consistency with
the adaptability.

E. EVALUATION OF THE OVERALL EFFECTIVENESS OF
TEACHING SUPPORT
This section evaluates the applicability and stability of the
integrated posture estimation and temporal feature extraction
model into different piano performance tasks by compre-
hensive evaluation of eight typical performance movements
after training of the system is finished from multiple as-
pects. The experimental evaluation is designed based on
five indicators: posture standardization, rhythm consistency,
fingering stability, feedback responsiveness, and learning
improvement rate. The distribution of normalized score in
different movements is plotted to analyze the synergistic
performance of teaching aid system in handling complex
movement and real-time feedback in Figure 5.

As shown in Figure 5, when executing the standard sitting
posture and arpeggio legato tasks, the overall posture regu-
larity of the system is still above 0.94, which proves that the
feature extraction is accurate for stable posture recognition
and continuous fingering tracking. The rhythmic consistency
of the right-hand high lift and arpeggios are 0.915 and 0.902
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FIGURE 4. Comparison of teaching feedback performance under different performance movements

FIGURE 5. Effect of the integrated teaching support system

at medium tempos, which proves that the system has a
certain ability to resist time deviation for fast fingering and
staccato rhythms. However, the feedback responsiveness of
fast fingering and staccato rhythms is less than 0.82, which
means that when the model infers at a high frequency input,
there is a certain delay in the speed of response, but the
overall speed of response is still acceptable. In summary,
the differences among indicators are consistent with the
influence of performance complexity on the recognition and
feedback performance of the system, which proves that the
constructed model has good robustness and teaching aid
value in multi-action scenarios.

IV. CONCLUSION
In this study, this article builds a teaching tool system
for piano performance movements based on a combined
strategy of posture estimation and temporal Transformer.
This novel integration of spatial and temporal analysis,
while focused on music, offers a methodological template
that could be adapted for other industry to objectively

analyze and standardize complex sequences of manual ac-
tions. With the support of keypoint detection and global
dependency modeling, a common representation of spa-
tial posture attribute and temporal sequence attribute is
learned. In the experiment, compared with standardized
sitting posture situations, F1 score of spatiotemporal col-
laborative analysis and standardized quantitative evaluation
system reaches 94.5%; the degree of temporal continuity
is further enhanced to 89.3% in the global dependency
modeling of temporal feature; standardized score of posture
over 0.94 can be achieved in the comprehensive evaluation
teaching rubric for the same graded tasks, which reflects
certain stability in the multidimensional indicators. This
article conducts spatiotemporal collaborative analysis and
standardized quantitative evaluation of piano performance
movements, and provides real-time feedback and objective
evidence in the teaching process. The limitations observed
in high-frequency fingering originate from the mismatch
between the temporal sampling density of the video input
and the rapid changes of fine-grained joint positions. The
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pose estimation network extracts spatial cues that depend
on stable texture distribution, yet the fast transitions of
fingertip regions compress the valid exposure interval and
induce blurred boundaries, which weakens the reliability of
the heatmap regression stage. The temporal Transformer
receives these unstable spatial features as its input and
forms global dependencies on sequences that carry reduced
local continuity. This reduces the precision of temporal
correlation modeling when motion velocity surpasses the
representational granularity established during training. The
joint effect of motion blur and insufficient temporal resolu-
tion leads to residual errors in the global attention fusion,
which accumulate as the temporal depth increases. However,
when facing the situation of complex movements and slight
fluctuations in feedback accuracy for high-frequency finger-
ing, the problem of model response delay increase exists. In
addition, when there are occlusions, the temporal continuity
representation is to be represented by optimizing scales
of attention mechanisms and skeleton topology modeling.
This article can also explore the introduction of mechanical
parameters and physiological signals, and joint modeling in
the feedback module, to expand its application potential in
personalized teaching and sports health assessment. The use
of two-dimensional keypoints forms a practical framework
for the integrated analysis pipeline, yet the intrinsic three-
dimensional nature of key pressing trajectories and joint
rotations indicates that depth-aware estimation may refine
the reliability of the standardization score. The spatial cues
produced by monocular imaging retain only the projected
contour of the movement, and depth variation is not ex-
plicitly represented. This constraint limits the accuracy of
posture interpretation when vertical displacement changes
the spatial relationship between forearm, wrist, and fingertip
regions. A three-dimensional estimation framework provides
depth-conditioned joint coordinates and reduces ambigu-
ity introduced by viewpoint variance. Such an extension
can support a more faithful reconstruction of performance
movements and strengthen the interpretability of long-term
temporal dependencies during evaluation, thus extending the
system’s utility into occupational health and personalized
training for skilled manual laborers.
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