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ABSTRACT Accurate recognition of fine-grained human movements with low-latency feedback is
fundamental to intelligent perception systems and real-time human–machine interaction in modern
engineering applications. This study presents an end-to-end motion recognition and feedback framework
for university instrumental music performance by integrating OpenPose-based pose estimation with a
three-layer bidirectional long short-term memory (BiLSTM) network. The proposed approach extracts
normalized skeletal keypoint sequences from performance videos and exploits bidirectional temporal
modeling to capture both local motion evolution and long-range spatiotemporal dependencies. An
adaptive feedback module further quantifies posture deviations through coordinate distance analysis and
automatically generates structured correction instructions based on predefined performance standards.
Experimental results demonstrate that the three-layer BiLSTM architecture achieves a motion recognition
accuracy of 96.3%, while the optimized system reduces end-to-end latency to 48.3 ms and maintains 98.2%
overall accuracy under standard teaching conditions. The framework also exhibits robust performance
across challenging environments, including low illumination and complex backgrounds. By combining
vision-based sensing with temporal sequence learning, the proposed method provides an effective
solution for objective motion evaluation and intelligent feedback generation, while offering valuable
methodological references for real-time signal interpretation, human-centered electromagnetic sensing,
and next-generation intelligent monitoring systems requiring precise dynamic feature extraction.

INDEX TERMS OpenPose, bidirectional long short-term memory, motion recognition, intelligent
feedback, electromagnetic sensing

I. INTRODUCTION

INSTRUCTION in music performance at the collegiate
and university levels provides the basis for a music-

related profession. Systematic training of instrumental skills
is directly related to the formation and development of
students’ musical expression [1,2]. Music pedagogy theory
states that learning performance skills involves a combina-
tion of muscular memory and neural coordination processes.
Typically, teachers observe and listen to assess progress,
which is subjective and limits the ability to accurately notice
subtle differences in performance movements, including
the assessment of high-frequency, small-amplitude motions
[3-5]. Research on the use of human pose estimation
technology in music performance analysis is growing, but
current methods cannot meet the needs for higher-precision
identification of instrumental motions. OpenPose and other
state-of-the-art pose estimation architectures provide good

performance in human motion recognition tasks [6-8], but
are limited in their ability to represent the continuous
temporal progression of musical performance movements.
With respect to time series analysis, traditional models for
temporal performance evaluation often do not adequately
model the continuous dynamic nature of musical perfor-
mance movements; therefore, accurately assessing rhyth-
mic coherence and general regularity is difficult [9,10].
Instrumental performance movements include complicated
displacement in space and organization of time, and singular
frame of reference analysis approaches cannot represent the
full features of performance technique [11-13].

Scholars have investigated instrumental performance
movements extensively. Traditional computer vision-based
methods can extract ’static’ posture features but cannot
represent the temporal organization of movements. Unidi-
rectional LSTM (Long Short-Term Memory) can represent

VOL. 15, NO. 3, AUGUST 2026 1111



X. Zhou et al.

temporal temporal dependencies in a single direction while
ignoring historical contextual information on the current
motion, which marginally degrades the efficiency of recog-
nizing continuous performance movements [14-16]. Multi-
sensor fusion approaches can provide bigger data dimension,
but are difficult to implement in a typical university teaching
context due to high hardware implementation costs and
complexity of data synchronization [17,18]. In deep learning
applications, the potential of BiLSTM offers a distinct
advantage for motion-recognition tasks; however, there is
still complexity in the theoretical and applied understanding
of optimizing BiLSTM in an informational way for perfor-
mance theory [19,20].

This paper proposes an end-to-end architecture that in-
tegrates spatial action recognition from OpenPose with
BiLSTM temporal modeling. By driving a three-layer BiL-
STM network with a normalized string of coordinates, This
paper provides a collaborative analysis of the spatiotem-
poral characteristics of performance actions. The system
integrates spatial and temporal features to objectively assess
performance movements in university music education. This
fusion architecture not only overcomes the limitations of
existing techniques in separating space and time, but also
provides a scientific and accurate movement assessment
mechanism for instrumental music education.

II. SYSTEMATIC APPROACH IMPLEMENTATION
KEY POINT DETECTION AND DATA STANDARDIZATION
BASED ON OPENPOSE
The system uses the OpenPose framework to perform real-
time human pose estimation on video streams of university
instrumental performances. A CNN (Convolutional Neural
Network) architecture is used to capture the feature repre-
sentations of the performer’s hands and joints [21-23]. Input
video frames undergo multistage convolution processing to
generate keypoint confidence maps and partial affinity fields.
A nonmaximum suppression algorithm is used to locate
keypoints within the confidence map and extract a two-
dimensional coordinate sequence of the performer’s hands
and upper limb joints [24,25].

To address the detection noise present in high-frequency,
small-amplitude performance scenes, an adaptive sliding av-
erage filtering algorithm is applied to perform time-domain
smoothing on the coordinate sequence. This algorithm dy-
namically adjusts the window size according to the action
frequency, and the window width w is calculated using the
following formula:

w = round

(
1

2× f ×∆t

)
(1)

f is the fundamental frequency of the playing action,
obtained through a short-time Fourier transform, ∆t is
the time interval between video frames. While maintaining
the temporal dynamic features of the playing action, the
sliding average technique successfully reduces coordinate
jitter brought on by quick finger movements.

To remove the impact of individual spatial scale dif-
ferences on ensuing time series analysis, the coordinate
sequence is normalized using a standardization technique
based on the performers’ body proportions [26,27]. The
original coordinate (xi, yi) is converted into relative coor-
dinate (x′

i, y
′
i), and the calculation formula is:

x′
i =

xi − xref

dref
, y′i =

yi − yref
dref

(2)

(xref , yref) represents the coordinates of the reference
keypoints, with the wrist joint used as the reference point;
dref represents the reference distance calculated from the
spatial distance between shoulder keypoints detected in the
initial video frames which is continuously updated through
a weighted moving average algorithm to adapt to performer
posture changes while maintaining normalization stability.
To ensure that the movement characteristics of performers
with different body types can be compared, the normalized
coordinate sequence is distributed within the interval [-1, 1].
The coordinate range threshold is set to [-1.2, 1.2] by the
system. Outlier coordinate points are those that fall outside
the threshold and are fixed using linear interpolation.

BILSTM NETWORK BASED ON BIDIRECTIONAL
SPATIOTEMPORAL FEATURE FUSION
The forward LSTM layer captures the temporal charac-
teristics of performance movements in a dynamic fashion
through the collaborative action of the forget gate, input
gate, and output gate. The forget gate determines which
portion of the output from the prior state to remember. The
input gate determines the amount of new information to
input into the model. The output gate is responsible for
modulating how much of the current state output to relate
to the next moment. The backward LSTM layer processes
the sequence in reverse, detecting the impact of historical
context on the current movement while allowing the network
to consider features at past and future time points simulta-
neously. The computation of the forget gate describes the
state update mechanism and is formally represented by:

ft = σ (Wf · [ht−1, xt] + bf ) (3)

ft represents the forget gate activation value at the mo-
ment, σ is the sigmoid activation function, Wf is the forget
gate weight matrix, ht−1 is the hidden state at the previous
moment, xt is the input vector at the current moment, and
bf is the forget gate bias. This gating mechanism enables the
network to dynamically adjust the degree of memory of his-
torical information based on the characteristics of the perfor-
mance action. The three-layer BiLSTM structure processes
the normalized coordinate sequences with standard LSTM
gating mechanisms, while ReLU (Rectified Linear Unit)
activation is applied in the fully connected layers following
the BiLSTM network to enhance nonlinear expressive power
for action recognition. The network handles variable-length
sequences through time-step unfolding [28,29] to ensure
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adaptability to performance action segments of different
lengths. The network is trained using the Adam (Adaptive
Moment Estimation) optimizer with an initial learning rate
of 0.001 and a batch size of 64. The network parameters
are updated through backpropagation to minimize the cross-
entropy loss function. Through systematic parameter ex-
ploration experiments the three-layer architecture with 256
memory cells per layer was determined to achieve opti-
mal spatiotemporal modeling performance while maintain-
ing real-time processing capability demonstrating the best
balance between recognition accuracy and computational
efficiency.

As shown in Figure 1, the keypoint coordinate sequence
output by OpenPose is normalized and then fed into the
forward and backward layers of a three-layer bidirectional
LSTM network. Each layer contains 256 memory cells and
has a dropout rate of 0.3. The features of the forward and
backward layers are integrated in a fusion module through
horizontal concatenation of the hidden state vectors from
both directions, and the action recognition results are output
through a fully connected layer and classifier.

ACCURATE FEEDBACK GENERATION MODULE FOR
INSTRUMENTAL MUSIC TEACHING
After the fully connected layer and the Softmax classifier
output the action category, the feedback module starts the
error type mapping mechanism, and determines the error
type by calculating the difference between the predefined
action error feature vector and the standard playing posture
model. The difference calculation uses the Euclidean dis-
tance to measure the degree of deviation of the coordinate
sequence [30,31].

The distance metric formula is:

d =

√√√√ n∑
i=1

[
(x′

i − xs
i )

2
+ (y′i − ysi )

2
]

(4)

d represents the Euclidean distance between the current
playing posture and the standard model; x′

i and y′i represent
the normalized coordinates of the i-th key point; xs

i and
ysi represent the normalized coordinate values of the corre-
sponding key points in the standard playing posture; and n
is the total number of key points.

The calculated distance is compared with the preset
threshold. Movements exceeding the threshold are judged
as error types. Error types are categorized through a
physics-informed framework mapping movement deviations
to acoustic consequences, incorporating joint angle devia-
tions affecting bow pressure, amplitude variations influenc-
ing dynamic range, timing discrepancies, and instrument-
specific parameters including bow angle, finger curvature,
and contact point precision. The system correlates move-
ment features with sound production through a knowl-
edge base encoding biomechanical relationships between
performer actions and acoustic output. Teaching rules are

retrieved based on error type and acoustic impact, ensur-
ing feedback addresses the relationship between physical
movements and sound quality. The teaching knowledge
base is constructed based on the teaching standards of
college instrumental music and contains standard movement
parameters for playing various instruments and common
error correction strategies [32-34].

The formula for generating teaching language is:

F = α ·A+ β · T (5)

F represents the generated feedback instruction, A repre-
sents the action amplitude parameter, T represents the timing
feature parameter, α and β are weight coefficients, which
respectively reflect the importance of action amplitude and
timing features in the feedback instruction.

The quantitative parameters are fed into the teaching lan-
guage generation model, which outputs structured feedback
instructions containing error descriptions and correction
suggestions. These feedback instructions are directly linked
to the university instrumental music teaching standards
[35,36]. The movement feature data output by the system
is synchronously transmitted to the intelligent performance
costume design module, enabling the coordinated opti-
mization of performance movement analysis and costume
functional parameters.

III. EXPERIMENT AND RESULTS ANALYSIS
DATASET CONSTRUCTION AND EXPERIMENTAL SETUP
As shown in Table 1, the dataset contains 1,200 videos of
five musical instruments at three levels, totaling 420 hours in
length, at 1920 × 1080 resolution and 30 frames per second.
The data serves as the foundation for assessing system per-
formance and is separated into training, validation, and test
sets in a 7:2:1 ratio. The five instruments in the university
instrumental performance video dataset are the cello, flute,
erhu, violin, and piano. Rehearsal room environment data
under various lighting conditions is included in the test set.
The system is running Ubuntu 22.04 and has an Intel Core
i9-11900K processor, 64GB of random access memory, and
an NVIDIA RTX 4090 graphics processor.

TABLE 1. University instrumental music performance experimental dataset

Parameter catalog Specific parameters Numerical

Types of musical
instruments

5 types

Performance level 3 levels
Dataset size Total video volume 1200 paragraphs

Total duration 420 hours
Resolution 1920×1080 pixels
Frame rate 30 frames per

second
Dataset partitioning Training set 70%

Validation set 20%
Test set 10%
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FIGURE 1. BiLSTM-based spatiotemporal feature fusion architecture for instrumental performance movements

PERFORMANCE ANALYSIS OF MULTI-INSTRUMENT
ACTION RECOGNITION
The purpose of this study was to examine BiLSTM’s
capacity to recognize movements from university students’
instrumental performances. Five representative instruments
were used, which were piano, violin, erhu, flute, and cello.
Each instrument exhibits a different mechanism to produce
its sound: keyboard instruments rely on precise keystrokes to
produce music, string instruments require suitably complex
coordination of bowing and stringing, and wind instruments
call for careful finger and breath coordination.

This study systematically evaluated five primary high-
frequency movements: finger keystrokes, wrist oscillations,
arm movements, fingering transitions, and tempo varia-
tions. These movements are relevant to technical challenges,
and movement recognition accuracy matters in determining
feedback system performance. Accuracy was the key metric
reflecting the system’s ability to capture finer gestures
changes. In addition, comparing BiLSTM structures’ per-
formance differences with different layer numbers revealed
effects network depth has on temporal-focusing modeling.
In Figure 2, the flute had the highest recognition rate of
99.1%, making it the best-performing instrument overall.
The key feature of the wind instruments is characterized
by large fingering amplitudes and evident spatial features.
The violin has a much lower recognition rate of 97.9%,
which is largely due to the difficulty of coordinating the
bow-arm to the string as well as dealing with wrist micro-
movements related to playing very quickly. The three-layer
BiLSTM model seemed to perform the best for all types
of movement at 96.3%, an improvement of 7.1% over the
single-layer model. This demonstrates that deep networks
are more effective at managing the coordinate jitter in
OpenPose detection during high-frequency low-amplitude
movements. A wrist swing recognition rate of 98.8% fur-
ther demonstrates the bidirectional nature’s advantage at
modeling the temporal features of continuous movement.
In contrast, the fingering transitions had the lowest rate,
which is likely related to brief frame drops during the
rapid shifts of fingering from note to note. Overall, the
experimental results show that the three-layer BiLSTM
model can effectively leverage the spatial pose and temporal
pose continuity to inform the researcher while assessing an

instrumental musician at the undergraduate level.

VERIFICATION OF SYSTEM REAL-TIME PROCESSING
PERFORMANCE
In the research undertaken to evaluate feedback latency
performance, it systematically decomposed the process,
from acquisition of the video to generating feedback com-
mands, with specifics on the normalization and BiLSTM
methods it developed to compress timing overhead. The
video acquisition and preprocessing stages consist of real-
time acquisition and basic processing of a video stream
captured at 1920×1080 resolution. OpenPose’s keypoint
detection extracts two-dimensional coordinate sequences of
the hands and joints across the video. In the normaliza-
tion, it applies an adaptive sliding average filter to the
coordinate sequences to remove scale differences in space.
Various three-layer BiLSTM networks analyze the data to
exploit both bidirectional temporal dependencies during the
performance movement. During feedback command gen-
eration, it assessed error types by calculating Euclidean
distances, outputting teaching commands accordingly. The
latency of each stage provides a degree of accuracy for
the latency measurements during the real-time evaluation
of performance and comparison. The relative processing
time before optimization and as optimized is presented both
as a quantitative acceptance measure of the overall real-
time feedback system capabilities, as well as capability for
revealing analysis of the actual technical components. The
absolute processing time distribution is presented following
a system optimization on the left, and the latency reduc-
tion impact of the optimizations applied for each stage of
processing on the right in Figure 3.

Figure 3 illustrates how the optimized system’s 48.3 ms
total latency is made up of 3.8 ms for video acquisition,
14.2 ms for OpenPose detection, 6.7 ms for coordinate
normalization, 18.5 ms for BiLSTM analysis, and 5.1 ms for
feedback generation, with the majority of the latency coming
from BiLSTM analysis. During the system optimization
process model compression techniques such as pruning
and quantization were considered for the BiLSTM network
however these approaches were not implemented due to
concerns about potential accuracy degradation in capturing
subtle performance movements critical for music instruc-
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FIGURE 2. Comparison of motion recognition accuracy of different instruments and BiLSTM structures

FIGURE 3. Comparison of delay time at each stage of system processing and analysis of optimization effect

tion The current three-layer BiLSTM architecture main-
tains the necessary spatiotemporal modeling capability while
achieving acceptable latency performance Future work will
investigate hardware acceleration methods and lightweight
network architectures to further optimize the computational
efficiency without compromising recognition accuracy for
fine motor skill analysis. The normalization phase saw a
notable optimization effect, reducing the time from 9.8
ms to 6.7 ms. This has to do with the adaptive sliding
average filter algorithm’s capacity to dynamically modify
the window size in response to the motion’s fundamental
frequency. The latency reduction in BiLSTM analysis from
25.3 ms to 18.5 ms was achieved through optimized CUDA
(Compute Unified Device Architecture) kernel implementa-
tion with memory coalescing and reduced thread divergence.
The network utilized cuDNN’s optimized LSTM primi-
tives with tensor core acceleration on the RTX 4090 GPU
(Graphics Processing Unit). Memory access patterns were
optimized through data layout transformation from NTC to
TNC format, enabling efficient utilization of GPU shared
memory. Batch processing was optimized with a batch
size of 64 to maximize GPU throughput while maintaining
temporal coherence in sequence processing. Kernel fusion
was implemented to combine multiple LSTM operations
into single GPU kernel launches, reducing the number of
kernel invocations required for sequence processing. When
compared to the unoptimized solution, the overall system
latency decreased from 60.2 ms to 48.3 ms, indicating that
normalization and BiLSTM parallel computing effectively
reduced timing overhead and satisfied the strict requirements

for real-time feedback in university instrumental music
instruction.

ADAPTABILITY TEST OF MULTI-ENVIRONMENT
TEACHING SCENARIOS
In order to test the practical efficacy of the proposed
system in university instrumental music instruction, the
present study applied adaptability assessments in five typical
environmental contexts: an ordinary rehearsal room environ-
ment, low-light illumination, high illumination with strong
light interference, complex background, while the setting
includes multiple people as learners. The coordinate stan-
dard deviation, a quantitative measure of keypoint detection
stability, demonstrates the system has successfully captured
small gradient changes in wrist movement velocity; less
can indicate smoother keypoint trajectories. The feedback
commands’ accuracy demonstrate the ability for the system
to effectively provide instructional precision in the context
of two data perspectives: types of error detection and
command generated for the learner. Quality of the feedback
to the learner has a direct relationship to the overall eval-
uation criteria for movement standardization in university
instrumental music instruction. Figure 4 (left) shows the
fluctuations in wrist keypoint coordinates, while the right
shows the accuracy of feedback commands. Together, these
figures demonstrate the robustness of the system in a real-
world university teaching environment.

In Figure 4, the standard deviation of the overall coordi-
nates in a standard rehearsal room environment is 3.2 pixels,
and the overall accuracy reaches 98.2%, demonstrating the
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FIGURE 4. Adaptability of instrumental music teaching environment in colleges and universities: Analysis of wrist key point stability
and feedback instruction accuracy

system’s excellent performance under standard conditions.
Low-light conditions increase the standard deviation to 5.7
pixels, and the overall accuracy drops to 94.7%. This is
due to the principle of optical imaging that insufficient light
reduces keypoint detection accuracy. The overall accuracy
in strong light interference environments is 95.8%, higher
than in low-light environments. This is because excessive
light can actually increase image contrast in some cases. In
complex background environments, the standard deviation
reaches 5.3 pixels, and in scenes with multiple people in
the same frame, the standard deviation increases to 6.2
pixels, with the overall accuracy dropping to 92.3%. The
system implements person tracking IDs to maintain individ-
ual performer identification during multi-person scenarios,
though performance degradation occurs when targets are
closely spaced or occluded. Future implementations will in-
tegrate localized OpenPose runs with spatial partitioning and
performer prioritization protocols to enhance multi-person
scene accuracy through dedicated processing channels for
each performer. These data discrepancies are caused by
the particular lighting and spatial limitations of teaching
instrumental music at a university. They confirm that the
adaptive sliding average filter algorithm is effective at re-
ducing coordinate jitter and that the BiLSTM can manage
the temporal features of intricate learning environments.
The system offers dependable real-time feedback support
for teaching instrumental music while maintaining high
teaching applicability in typical university settings.

IV. CONCLUSION
This research proposes an instrument performance mo-
tion recognition and feedback system, which utilizes the
technologies of OpenPose and BiLSTM, a precise motion
analysis framework that can be adapted to provide objective,
detailed feedback on complex motor skills. This frame-
work extracts sequences of performance postures through
human keypoint detection. After coordinate normalization,
the samples are then input to a three-layer BiLSTM network
(Bi-directional Long Short-Term Memory network) for spa-
tiotemporal feature fusion. The resulting motion recognition
outputs engage the feedback module. Experimental results
show that the finger key recognition accuracy rate is 96.3%,
and the reduced system latency goes from 60.2ms to 48.3ms,

demonstrating that this framework improves motion recog-
nition accuracy and provides real-time feedback. In standard
rehearsal room test conditions, the standard deviation of
the integrated coordinates was 3.2 pixels, achieving 98.2%,
as a total absolute accuracy. Overall, the system produced
stable performance under complex conditions of university
teaching environments, such as low light and strong inter-
ference light. This system tackles the issues of subjective
movement guidance and delayed feedback by providing an
objective, quantitative assessment of motion with timely
feedback to support instrumental performance instruction
in universities. This results in enhancing efficiency in mu-
sic professor training and facilitating the conversion of
instrumental music instruction from the experience-based
practice to data-based practice. Overall, this also offers
valuable technical support for instrumental music instruction
to progress towards the informatization of music education
in universities. The system architecture is able to integrate
with intelligent performance costume design to allow for the
coordinated analysis of the characteristics of performance
motion and garment functional parameters.
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