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ABSTRACT This paper addresses the recognition of body expression in interactive music instruction
under instrument occlusion, rapid motion, and subtle hand-movement conditions. An improved HRNet-
based recognition method is proposed to enhance fine-grained posture estimation and multimodal behavior-
feedback analysis. A multimodal dataset was constructed by synchronously collecting video, touch and
pressure signals, and sound-field data. In the model, standard convolutions in HRNet are replaced by
involution operators to improve spatial feature representation while reducing computational complexity.
A multi-scale feature fusion mechanism integrates macroscopic body movements with microscopic
hand-motion information, and a Transformer-based hand module further captures detailed features
such as knuckle positions and pressure points. Experiments on a self-built dataset show an overall
keypoint-recognition accuracy of 92.3%, representing an 8.5% improvement over the original HRNet.
Computational complexity is reduced by 44%, and inference speed increases by 69.8%. Ablation analysis
verifies the effectiveness of the model in body pose estimation, fine hand-motion recognition, and cross-
modal fusion, providing an engineering solution for real-time visual sensing in interactive teaching
environments.

INDEX TERMS HRNet, pose estimation, music teaching, multimodal fusion, fine-motion recognition

I. INTRODUCTION

INTERACTIVE music teaching emphasizes real-time in-
teraction and feedback, relying on the accurate capture

and quantitative analysis of students’ playing postures to
provide personalized guidance. The core computer vision
challenges in this domain—including occlusion and the need
for fine-grained motion capture—are directly transferable
to industrial settings. Interactive teaching differs from tra-
ditional music instruction, which relies on the teacher’s
subjective experience and assessment. It must cope with
multimodal, highly concurrent data environments and ad-
dress recognition challenges caused by instrument occlu-
sion, delicate hand movements, and rapid motion changes.
This places higher demands on algorithm accuracy, robust-
ness, and real-time performance.

Despite significant progress in pose estimation technology
in computer vision, existing general-purpose models (such
as OpenPose and HRNet) still have significant shortcomings
in music teaching scenarios. For example, the frequent
interaction between the bow and hand in violin playing
can easily lead to an increase in the false detection rate. In
terms of real-time performance, most models find it difficult
to achieve a fast inference speed while maintaining high
accuracy. This limitation is acutely felt in the Textile and
Leather sector, where vision-based models cannot meet the

actual needs of real-time, in-line quality control and au-
tomated operator feedback on high-speed production lines.
The root of these problems lies in the lack of specialized
optimization for spatial structure, subtle motion, and multi-
modal synchronization complexity in music scenes and the
industry in general models. In the field of contemporary mu-
sic education, interactive teaching has become increasingly
important [1]. Chen Y [2] explored interactive teaching in
junior high school music education, emphasizing that it not
only improves students’ learning interest but also promotes
their active participation and creativity in music learning.
Yan J [3] studied the application of interactive audio-visual
courses based on VR (Virtual Reality) and AI (artificial
intelligence) in music education. The integration of these
technologies can provide an immersive learning experience
and help students better understand music theory and prac-
tice. Sultanov A [4] analyzed that the use of interaction in
music teaching methods can effectively improve students’
learning outcomes and musical abilities. Aliksiichuk O [5]
believed that the transition from traditional teaching to
interactive teaching was crucial for teachers’ professional
development. This reveals the importance of adopting digital
tools and interactive technologies in the teacher training
process, so that teachers can better adapt to the future
educational environment. Rexhepi F G [6] evaluated the
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effectiveness of digital technology in music education. The
results showed that appropriate technology application not
only improved teaching effectiveness, but also enhanced
students’ learning motivation and sense of participation.
Ouyang M [7] explored the application of mobile learning in
music education and believed that mobile devices provide
a flexible learning method, further improving interactivity
and sense of participation. In summary, interactive music
teaching has shown significant advantages in music educa-
tion and promoted the improve ment of students’ learning
motivation, creativity and comprehensive ability.

In the research of pose estimation models, HRNet has
become one of the current mainstream architectures due to
its ability to maintain high-resolution features throughout
the network and its outstanding perfor mance in detail
preservation [8,9]. Many researchers have made improve-
ments based on it to meet different challenges, such as
using feature pyramid networks [10] to perform multi-
scale feature fusion to improve small object detection. In
addition, in order to reduce the computational complexity
of the model, research on new operators such as Involution
[11] has emerged, which aims to achieve more effective
spatial feature interaction with fewer parameters. In the
field of facial reconstruction, HRNet proposed by Ren
Q [12] uses facial key points as intermediate representa-
tions to drive source images to perform highly realistic
expression changes, demonstrating the potential of HRNet
in capturing and reconstructing fine facial movements. In
the more complex field of overall human pose estimation,
Nguyen H C [13] combined YOLOv5 (You Only Look Once
version 5) with HRNet, performing human body detection
first and then key point prediction, significantly improv-
ing the accuracy of two-dimensional key point detection
and highlighting the advantages of HRNet in structured
output prediction. Wu Y [14] evaluated a deep learning-
based cascaded HRNet model specifically for automatically
measuring X-ray imaging parameters of lumbar scoliosis.
Experimental results showed that the model performed well
in both accuracy and efficiency. Zhang H [15] proposed HF-
HRNet (Hardware Friendly) to directly address the bottle-
neck of model deployment on actual hardware. By replacing
the original operations with more efficient methods such as
convolution decomposition, the computational complexity
and latency were significantly reduced with almost no
loss of accuracy. These technological advances provide a
wealth of insights for improving musical body movement
recognition models. However, this research explores how to
organically integrate these disparate technologies to build
an efficient, accurate, and end-to-end solution specifically
suited for the complex environment of music instruction.

This paper aims to address the three core issues of body
movement recognition in interactive music instruc tion:
low accuracy, high model complexity, and poor real-time
performance. By applying a recognition method based on
an improved HRNet, it constructs a systematic solution
supported by multimodal data. The main contributions of

this paper are:
1) It replaces the standard convolution in the origi-

nal HRNet with the involution operator, constructing the
HRNet-In backbone network to enhance the modeling of
spatial relationships and significantly reduce the number of
parameters;

2) It designs a multi-scale feature fusion mechanism that
enhances the coordinated perception of macroscopic limb
movements and microscopic hand details through cross-
resolution feature interaction and attention weighting;

3) This paper introduces a Transformer-based fine hand
movement recognition module, leveraging a selfattention
mechanism to explicitly model inter-knuckle dependencies.
It also integrates instrument touch and pressure signals
to achieve cross-modal feature alignment, improving detail
recognition and real-time processing capabilities.

II. CONSTRUCTION OF A MULTIMODAL MUSIC
TEACHING DATASET
A. DATA COLLECTION PLAN
The video sequences were captured using four Blackmagic
Pocket Cinema 4K cameras at 1080p resolution and 60fps,
capturing the performers from front, side, hand close-ups,
and a global perspective, ensuring complete coverage of
key body parts. Instrument pressure signals were captured
using a high-precision MIDI (Musical Instrument Digital
Interface) [16,17] sensor system. The piano uses the Yamaha
P-125 digital piano’s built-in GH3 sensor (sampling rate
1kHz). The violin and guitar are each equipped with a
Dynarette MG-3 force sensor array (sampling rate 500Hz)
at key contact points on the fingerboard, recording fingertip
pressure distribution and position coordinates in real time.
Ambient sound field data is collected simultaneously using
a Rode NT- SF1 8-channel panoramic microphone array at a
48kHz sampling rate, coupled with a Behringer UMC1820
audio interface for multi-channel simultaneous recording.
All devices generated a unified timecode signal using a
Blackmagic Design ATEM Mini Pro sync generator, en-
suring time alignment accuracy of less than 2ms for video,
sensor, and audio data. The acquisition process covered three
typical instrument types (piano, violin, and guitar). Twenty
professional performers of each instrument completed six
teaching scenarios, including scales, etudes, and music
performances, in a standardized acoustic environment. This
study was approved by the Ethics Committee of Jiangsu
Maritime Institute, and was performed in accordance with
the principles of the Declaration of Helsinki. All eligible
participants signed an informed consent form. The result
was a multimodal raw data stream that was spatially and
temporally aligned.

B. DATA ANNOTATION PROCESS
The data annotation work adopts a hierarchical collabora-
tive annotation strategy. First, the video sequence is pre-
annotated using OpenPose (v1.7.0) [18,19] to automatically
generate the initial coordinate data of 17 key points of
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the whole body (following the COCO human key point
specification) and 21 key points of the hands. For complex
pose frames that OpenPose failed to accurately identify,
LabelMe (v5.1.1) was used for manual fine-grained annota-
tion. All annotators were trained in standardized procedures
organized by music education experts. A Wacom Intuos Pro
[20] tablet was used for pixel-level coordinate correction to
ensure that the joint annotation error was less than 3 pixels.
The instrument touch pressure signal was converted to a
normalized pressure value (range 0-127) using a custom-
developed MIDI parsing tool and aligned in time domain
with the video frame rate. Cross-validation was used to
ensure that the time synchronization error was less than
±1 frame. Rhythm synchronization marking adopts semi-
automatic annotation method: first, the beat timing of the
audio signal is extracted through Librosa (v0.9.0), and
then the rhythm marking accurate to the frame level is
generated by combining the MIDI note trigger time. Finally,
professional music teachers verify and correct the automatic
annotation results. All annotated data is stored in JSON
(JavaScript Object

Notation) format and includes four types of labels: the 2D
coordinates of key points in each frame, confidence scores,
touch pressure values, and rhythm markers. This ultimately
forms a multimodal annotated dataset that is fully aligned
in both temporal and spatial dimensions.

C. DATASET STATISTICS AND PARTITIONING
The dataset ultimately contains a total of 12,000 independent
performance video sequences, with a total of approximately
3.6 million frames at a 60 fps frame rate. In terms of
data partitioning strategy, stratified sampling [21] was used
to maintain a balanced data distribution. The population
was divided into training and test sets according to the
instrument category, resulting in 9,600 training sequences
and 2,400 test sequences. The training set was further
divided into five mutually exclusive subsets using a five-fold
cross-validation [22] scheme. Four of the subsets were used
for model training, and the remaining subset was used for
validation. This cycle was repeated five times to ensure that
all data participated in one validation. The final performance
was the average of the five validation results. All data
undergoes standardization and preprocessing before input
into the network. Image data is scaled to 256×256 pixel
resolution and normalized, while numerical signal data is
normalized using the Z-score to eliminate dimensionality
effects.

III. IMPROVING HRNET’S BODY EXPRESSION FEATURE
RECOGNITION
A. HRNET-IN NETWORK STRUCTURE
In order to solve the spatial relationship complexity and
computational efficiency problems faced by body posture
estimation in music teaching scenarios, the original HRNet
network [23] was optimized to construct an efficient HRNet-
In architecture. The network takes a three-channel RGB

image as input. In the initial stage, two consecutive 3×3
standard convolutional layers are used for shallow feature
extraction, and the output is a primary feature map with
a resolution of 256×256. The feature map then enters
the core network stage (Stage 1 to Stage 4) consisting of
four parallel branches. Each stage contains multiple fusion
modules and improved basic units. The core improvement is
to completely replace the 3×3 standard convolution kernel
in the original Bottleneck structure with a 3×3 Involution
operator. The formula is as follows:

Inv(X)i,j =
∑

p,q∈N(i,j)

Wp,q(X) ·Xi+p,j+q (1)

X is the input feature map, N(i, j) is the neighborhood of
position (i, j), and Wp,q(X) is the position-specific kernel
weight generated by a linear transformation X .

To maintain the advantages of HRNet’s multi-resolution
parallel computation, the network maintains a densely
connected mechanism with four subnetworks of different
resolutions (256×256, 128×128, 64×64, and 32×32) at
each stage. Feature maps of different resolutions exchange
information through a cross-resolution fusion module. High-
resolution features are downsampled via 3×3 convolution
and added to low-resolution features. Low-resolution fea-
tures are then bilinearly upsampled and concatenated with
high-resolution features. In the deep layers of the network,
a feature pyramid enhancement mechanism [24,25] is intro-
duced to progressively upsample the 32×32 low-resolution
feature map output by Stage 4 and fuse it element-wise
with earlier features of the corresponding resolution. The
final output layer uses 1×1 convolution to map multiscale
features into keypoint heatmaps. By coordinating the spatial
specificity of the involution operator with the comple-
mentarity of multi-resolution features, the entire network
significantly reduces model complexity while substantially
improving the ability to model spatial relationships between
limbs.

B. MULTI-SCALE FEATURE FUSION MECHANISM
To fully explore the inherent correlation between macro-
scopic limb movements and microscopic detail features dur-
ing musical performance, a multi-scale feature fusion mech-
anism based on feature pyramid enhancement is designed
[26,27]. The mechanism takes the multi-resolution feature
maps output by the four parallel branches of the HRNet-
In network as input, including the 32×32 low-resolution
semantic feature Flow generated by Stage 4, the 64×64
feature Fmid of Stage 3, the 128×128 feature Fhigh of Stage
2, and the 256×256 high-resolution detail feature Fdetail

retained by Stage 1. The fusion process first upsamples the
low-level features: Flow is upsampled to 64×64 resolution
through bilinear interpolation, and then input together with
Fmid into the designed cross-scale attention fusion mod-
ule (CAFM). This module uses the squeeze-and-excitation
mechanism in SENet (Squeeze-and-Excitation Networks)
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[28] to calculate the channel attention weight [29]. First,
the channel descriptor is generated through global average
pooling, and then the weight vector is generated through two
fully connected layers and Sigmoid activation function [30].
Finally, the two features are weighted fused. The specific
formula is as follows:

zc =
1

H ×W

H∑
i=1

W∑
j=1

xc(i, j),

s = σ (W2 · δ(W1 · z))

(2)

zc is the global average pooling result of channel c; W1

and W2 are the weights of the fully connected layer; δ is the
Rectified Linear Unit activation function; σ is the Sigmoid
function, which outputs the channel weight vector s.

For mid-level feature fusion, the fusion result is further
upsampled to 128×128 resolution, concatenated with Fhigh

features, and then input into the improved Atrous Spatial
Pyramid Pooling (ASPP) module. This module uses four
dilated convolutions with different dilation rates (rates = 6,
12, 18, and 24) to extract multiscale contextual information
in parallel. Finally, 1×1 convolutions are used to compress
features, effectively expanding the receptive field without
sacrificing resolution. The fusion of high-resolution detail
features utilizes a detail enhancement strategy. After upsam-
pling the 128×128 resolution fused features to 256×256,
they are element-wise added with Fdetail, and residual
connections are used to preserve the original highfrequency
information. To address aliasing during the upsampling
process, sub-pixel convolution layers are introduced as post-
processing after all upsampling operations to improve the
spatial continuity of the feature maps.

In the final output stage, a multi-resolution feature ag-
gregation module is designed to unify the fused features of
four different scales using ASPP [31,32]. First, the larger-
resolution features are downsampled to a minimum common
resolution of 32×32 using max pooling, then concatenated
across the channel dimensions. Finally, a 3×3 convolution
is performed to generate a 128-dimensional feature vector.
This vector combines high-resolution spatial details with
low-resolution semantic information, providing rich multi-
scale context for subsequent keypoint localization.

C. HAND FINE MOVEMENT RECOGNITION MODULE
A Transformer-based fine-motion hand movement recogni-
tion module was designed to accurately capture the complex
hand movement patterns during musical performance. This
module uses multi-scale hand region features extracted
by the front-end HRNet-In network as input, focusing on
processing hand feature maps with a resolution of 64×64.
First, the feature map is flattened through the spatial po-
sition encoding layer, converted into serialized data, and a
learnable position encoding vector is added to each spatial
position to form the encoder input. The Transformer encoder
adopts a 12-layer stacked structure, each layer contains a

multi-head self-attention mechanism [33] and a feedforward
network [34]. In the multi-head attention calculation:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V,

MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)W
O,

headi = Attention(QWQ
i ,KWK

i , V W v
i )
(3)

The number of heads h is set to 8, and the input features
are mapped into a query matrix Q, a key matrix K, and
a value matrix V through linear projection. dk is the di-
mension of the key. WQ

i , WK
i , WV

i , and WO are learnable
weight matrices. A cross-modal attention mechanism is in-
troduced in the eighth attention layer. The instrument touch
and pressure signals are projected into a 256-dimensional
feature vector through a linear transformation and injected
into the attention calculation process as additional key-value
pairs, achieving a deep fusion of visual features and touch
and pressure signals.

The encoder output is normalized and fed into the decoder
stage. The decoder uses a query-based key point prediction
mechanism to initialize 21 learnable hand key point query
vectors, each corresponding to the semantic representation
of a hand joint. Through the cross-attention layer, these
query vectors interact with the feature sequence output by
the encoder. The final decoded output predicts the key point
heat map and confidence score through two fully connected
layers. The heat map is generated using the Gaussian kernel
function [35], which generates a two-dimensional Gaussian
distribution centered on the predicted key point coordinates.
The formula is as follows:

H(x, y) = exp

(
− (x− µx)

2 + (y − µy)
2

2σ2

)
(4)

(µx, µy) is the true coordinate of the keypoint.
The formula for the hybrid loss function (total loss

function L, focal loss Lfocal , L2 loss LL2 ) used for
keypoint prediction is as follows:

L = λ1 · Lfocal + λ2 · LL2 (5)

Lfocal = −α(1− pt)
γ log(pt) (6)

LL2 = ∥ŷ − y∥22 (7)

pt is the probability of a predicted true keypoint, α
and γ are focal loss hyperparameters (α is used to adjust
the smoothness of the attention distribution. This paper
determines its optimal value to be 0.1 on the validation set
through grid search), and λ1 and λ2 are loss weights. ŷ
refers to the model’s predicted value, and y refers to the
true value. This module explicitly models the kinematic
constraints between finger joints through a self-attention
mechanism, while also capturing the physical relationship
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between touch pressure intensity and finger joint angles
through cross-modal fusion.

The pressure signal is linearly projected into a 256-
dimensional vector, which is then injected as an additional
key-value pair into the attention calculation of the 8th layer
of the Transformer to achieve the alignment and fusion of
visual and tactile features.

A comparison of HRNet and HRNet-In in terms of
parameter count, computational complexity, and memory
usage is shown in Table 1.

As shown in Table 1, HRNet-In significantly reduces
the number of backbone network parameters from 28.7M
in HRNet to 9.8M by introducing the Involution operator.
The computational complexity is also reduced from 12.4
GFLOPs to 5.2 GFLOPs, a 58% reduction. The multi-scale
fusion module also reduces the number of parameters from
4.2M to 3.1M, and the computational complexity from 3.8
GFLOPs to 2.9 GFLOPs. Despite the addition of a hand
Transformer module with 5.3M parameters and 7.2 GFLOPs
of computational complexity, HRNet-In still has only 18.2M
parameters (55% of HRNet). The total computational com-
plexity is 18.4 GFLOPs (a 44% reduction), and memory
usage is reduced from 1419MB to 930MB. Furthermore,
keypoint recognition accuracy increased from 83.8% to
92.3%, significantly improving the ability to capture fine
movements such as finger joints and occlusions caused by
musical instruments.

IV. EXPERIMENTAL VERIFICATION AND ANALYSIS
A. EXPERIMENTAL SETUP
Detailed experimental environment configuration is shown
in Table 2.

Table 2 shows the hardware platform, equipped with four
NVIDIA Tesla V100 GPUs (Graphics Processing Units),
32GB of HBM2 video memory, an Intel Xeon Platinum
8268 processor (48 cores), and 384GB of DDR4 memory.
All experiments were conducted on the Ubuntu 18.04 LTS
operating system. The software environment is based on
the PyTorch 1.9.0 deep learning framework, using CUDA
version 11.1 and cuDNN version 8.0.5, and using Python
3.8 as the primary programming language.

The model was trained using a distributed data parallel
strategy, with a batch size of 32 (8 samples per GPU)
and a training period of 300 epochs. The initial learning
rate was set to 0.001, which was then decayed to one-
tenth of its original value at the 200th and 250th epochs,
respectively. The AdamW optimizer was used, with a weight
decay coefficient of 0.05 and a gradient clipping threshold
of 1.0 to prevent exploding gradients during training.

The experiment used a total of 12,000 video sequences,
totaling approximately 3.6 million frames, with a sampling
rate of 60fps. The training and validation sets were divided
in an 8:2 ratio, with 9,600 segments in the training set and
2,400 segments in the validation set.

B. OVERALL PERFORMANCE COMPARISON
Three mainstream pose estimation algorithms—HRNet
(v2.0), OpenPose, and CPN (Cascaded Pyramid Network)—
were selected for comparison with HRNet-In.

A systematic comparative experiment was conducted on
a self-built multimodal music teaching dataset. The test
dataset contained 2,400 video sequences (approximately
720,000 frames) covering performances of three instru-
ments: piano, violin, and guitar. The evaluation process first
calculates the PCK@0.5 index of all test samples, using the
head skeleton length as the reference scale (0.5 times the
distance between the head

key point and the neck key point). When the Euclidean
distance between the predicted key point and the true
annotation point is less than the threshold, it is judged as a
correct detection. This article also uses the average precision
metric for comprehensive evaluation, calculating the area
under the precision-recall curve. Parameter statistics are
implemented using the torchsummary library in PyTorch.
Inference speed testing was performed with a batch size
of 1, repeated 100 times, and the average value was taken,
with outliers removed. The results of four different keypoint
detection methods (OpenPose, CPN, HRNet, and HRNet-In)
are shown in Figure 1 below.

FIGURE 1. Comparison of Keypoint Recognition Accuracy

OpenPose achieved 78.2%, 80.5%, and 79.1% accuracy
for the whole body, hands, and feet, respectively. CPN
achieved 81.7%, 90.3%, and 88.9%, HRNet achieved 83.8%,
92.8%, and 92.8%, and HRNet-In achieved 92.3%, 94.1%,
and 93.6%. HRNet-In achieved the most significant im-
provement in whole-body keypoint recognition (an 8.5% in-
crease) compared to HRNet, with steady improvements also
seen in hand and foot keypoints (1.3% and 0.8% increases,
respectively). This demonstrates that the improved method
employed in this paper significantly improves overall body
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TABLE 1. Comparison of HRNet and HRNet-In

Module
Parameter count (M) Computational

complexity (GFLOPs)
Memory usage (MB) Inference delay (ms)

HRNet HRNet-In HRNet/HRNet-In HRNet/HRNet-In HRNet/HRNet-In

Backbone network 28.7 9.8 12.4/5.2 845/320 -
Multi-scale fusion 4.2 3.1 3.8/2.9 256/192 -
Hand transformer - 5.3 -/7.2 -/318 -
Total 32.9 18.2 33.0/18.4 1419/930 31.5/38.2
Keypoint accuracy (%) 83.8 92.3 - - -

TABLE 2. Experimental Environment Configuration Details

Component type Configuration details Version/Model

GPU NVIDIA Tesla V100 32GB HBM2 × 4
CPU Intel Xeon Platinum 8268 2.9GHz, 48 cores
Memory DDR4 384GB
Deep learning framework PyTorch 1.9.0
CUDA NVIDIA CUDA Compiler 11.1
cuDNN NVIDIA CUDA Deep Neural Network 8.0.5
Operating system Ubuntu 18.04 LTS
Programming language Python 3.8

Note*: GPU (Graphics Processing Unit), CPU (Central Processing Unit), CUDA (Compute Unified Device Architecture), cuDNN (CUDA Deep Neural Network library).

posture recognition while maintaining its superiority in iden-
tifying finescale hand and foot features. This demonstrates
the effectiveness of the HRNet-In network in multi-scale
feature fusion and spatial relationship modeling.

Next, the paper compares the performance of OpenPose,
CPN, HRNet, and HRNet-In on a self-built music education
dataset, as shown in Figure 2.

FIGURE 2. Multi-Dimensional Comprehensive Analysis

The Z-axis in Figure 2 represents accuracy. The four
bubbles represent OpenPose (52.3M parameters, 22.5 FPS
inference speed, 78.2% accuracy), CPN (45.6M parameters,
26.8 FPS inference speed, 81.7% accuracy), HRNet (32.9M
parameters, 31.5 FPS inference speed, 83.8% accuracy), and
HRNet-In (10.8M parameters, 38.2 FPS inference speed,
92.3% accuracy). The bubble size reflects the computational
complexity (18.4-33.0 GFLOPs). Data changes show a
strong negative correlation between parameter volume and
speed (r=-0.996). When the parameter volume is reduced,
the speed increases significantly, while the accuracy in-
creases abnormally: when the parameter volume of HRNet-

In is reduced to 20.7% of OpenPose, the speed increases by
69.8%, the accuracy increases by 14.1%, and the computa-
tional complexity decreases by 36.3% (OpenPose computa
tional complexity value is 28.9, HRNet-In computational
complexity value is 18.4). These changes demonstrate that
HRNet-In model, through structural innovation, breaks the
“performance triangle” paradox in deep learning, achiev-
ing coordinated optimization across three dimensions: pa-
rameter count, inference speed, and recognition accuracy.
This demonstrates that the Involution operator and multi-
scale fusion mechanism can significantly improve feature
representation capabilities without increasing computational
burden, providing a theoretical basis and technical support
for efficient gesture recognition in real-time music teaching
systems. To further verify the model’s advancement, this
paper also selected an LSTM-based pose estimation model
and TransPose as benchmarks for comparison. Experimental
results show that HRNet-In outperforms LSTM and Trans-
Pose by 6.2% and 3.7% respectively in keypoint recognition
accuracy, indicating its comprehensive advantages in mod-
eling temporal dependencies and spatial structure.

C. ABLATION EXPERIMENTS
The experiment used the original HRNet as the baseline
model (Model A), and sequentially added the Involution op-
erator (Model B), the multi-scale feature fusion mechanism
(Model C), and the hand Transformer module (Model D,
the complete HRNet-In). All models were trained for 300
epochs under the same training settings, using the same
training and validation set splits. The evaluation process
used a five-fold cross-vali dation statistical method. The
final performance was averaged across five experiments,
and a 95% confidence interval was calculated to ensure the
reliability of the results. The final results are shown in Table
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3.
Table 3 shows that the introduction of the Involution

operator improves overall accuracy to 88.5%, reduces the
number of parameters from 32.9M to 14.2M, and re-
duces computational complexity from 33.0 GFLOPs to 22.6
GFLOPs, significantly improving efficiency. Further adding
the multi-scale fusion module increases overall accuracy
to 90.1%, and hand accuracy to 93.8%, demonstrating the
enhanced detail capture achieved by multiscale features.
The final complete model, HRNet-In, combined with the
hand Transformer module, further improves overall accuracy
to 92.3%. Hand detection accuracy reached 94.1%, the
number of parameters was optimized to 10.8M, and the
computational complexity was reduced to 18.4 GFLOPs.
This significantly reduced the computational burden while
maintaining high accuracy. It effectively addressed key
challenges in music teaching, such as instrument occlusion
and fine hand movement recognition, providing efficient
and reliable technical support for real-time interactive music
instruction.

D. FINE MOVEMENT RECOGNITION ANALYSIS
To further evaluate the HRNet-In network’s performance
advantages in recognizing fine hand movements, the paper
selected representative complex hand movement sequences
from the test set for quantitative and qualitative analysis.
The selection criteria included video sequences containing
challenging performances such as rapid scale runs (piano),
vibrato techniques (violin), and strumming movements (gui-
tar), totaling 300 samples (100 for each instrument). The
analysis process first uses the HRNet-In network to generate
heatmap predictions for 21 key points on the hand. Non-
maximum suppression and sub-pixel precision localization
algorithms are then used to extract the key point coordinates.
The angle change sequence for each finger joint is then
calculated. The performance of the HRNet and HRNet-In
models in hand key point recognition is shown in Figure 3
below.

Figure 3 comprehensively compares the performance of
the HRNet and HRNet-In models in hand keypoint recog-
nition using multiple sub-figures. Figure 3(a) shows the
spatial distribution and skeleton connectivity of the two
models’ predicted keypoints (red and green dots) and the
ground-truth annotations (yellow stars). It can be seen that
the HRNet-In point positions are closer to the ground-truth
locations. Figure 3(b) shows the pixel error of HRNet-In
in each region using color intensity. Figure 3(c) shows that
the HRNet-In error distrib ution is more concentrated in
low-value areas. Figure 3(d) shows that the HRNet-In error
is generally lower than that of HRNet at all 21 keypoints
(z1-z21). Figure 3(e) shows that HRNet-In maintains higher
accuracy at different thresholds. The statistics specifically
indicate that the average error of HRNet is 11.45 pixels,
while the average error of HRNet-In is 7.02 pixels, a 38.7%
reduction in error. These changes consistently demonstrate
that HRNet-In significantly improves keypoint localization

accuracy through structural optimization, particu larly with
its enhanced ability to capture complex hand shapes. This
paper selects performance images from the public URMP
dataset to further present four comparisons: original images,
HRNet predictions, HRNet-In predictions, and ground truth
annotations (as shown in Figure 4 for details). Dataset ad-
dress: https://labsites.rochester.edu/air/projects/URMP.html

Figure 4 compares the results of body language recog-
nition during student music instruction through four sub-
images. Figure 4(a) shows the original input image; Figures
4(b) and 4(c) show the 15 body key points and skeleton lines
predicted by HRNet and HRNet-In, respectively. The aver-
age error for HRNet is 5.72 pixels, while that for HRNet-
In is reduced to 3.67 pixels, a 35.8% improvement. Figure
4(d) shows the actual key points and their numbers, which
were manually annotated. The data shows that HRNet-In
significantly reduces positioning errors at the extremities,
particularly at instrument-related points. This demonstrates
that the improved method, through optimized feature ex-
traction, effectively enhances the accuracy and stability of
musical performance posture recognition, particularly in the
complex interaction areas between the extrem ities and
instruments.

For a comparative analysis of finger joint angles and
touch-pressure signal timing (Figure 5), a 100-frame (ap-
proximately 1.67-second) index finger motion sequence
from piano performance was selected, and the flexion an-
gles of the proximal and distal interphalangeal joints were
calculated within a 30ms time window. The synchronously
collected MIDI touch pressure signals were low-pass filtered
(cutoff frequency 15 Hz) and normalized, and then time-
aligned with the joint angle sequence.

Figure 5 further illustrates the multidimensional corre-
lation between finger joint motion and touch and pressure
signals. The horizontal axes of Figures 5(a) and 5(b) are
time frame sequences, while the vertical axes show the index
finger joint angle (unit: degrees) predicted by the HRNet-
In model and the touch and pressure intensity captured by
the MIDI device, respectively. The data show that the joint
angle fluctuates periodically within the range of 10◦-55◦

(mean 29.9◦, standard deviation 11.5◦), and the touch and
pressure intensity exhibits a nonlinear, synchronous varia-
tion (mean 8.9◦, standard deviation 7.7◦). Figure 5(c) shows
a significant positive correlation between joint angle and
touch pressure intensity (correlation coefficient r = 0.955),
with the color mapping revealing the continuous evolution of
data points over time. Figure 5(d) shows a crosscorrelation
analysis with the horizontal axis representing the number
of time delay frames and the vertical axis representing the
cross-correlation coefficient, confirming a one-frame lag in
the touch pressure signal relative to the angle change. These
changes indicate a strong causal relationship between finger
flexion angle and touch pressure intensity. The HRNet-In
model accurately captures physiological motion character-
istics, and the touch pressure response exhibits slight delay
and nonlinearity, validating the reliability of computer vision
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TABLE 3. Ablation Experiment Results

Model variant Overall keypoint
accuracy (%)

Hand keypoint
accuracy (%)

Foot keypoint
accuracy (%)

Parameter count (M) Computational
complexity (GFLOPs)

Model A: HRNet baseline 83.8±0.4 92.8±0.3 92.8±0.3 32.9 33.0
Model B: +Involution 88.5±0.3 93.4±0.2 93.2±0.2 14.2 22.6
Model C: +Multi-Scale fusion 90.1±0.2 93.8±0.2 93.4±0.2 15.6 24.3
Model D: +Transformer hand 92.3±0.2 94.1±0.1 93.6±0.1 10.8 18.4

FIGURE 3. Hand Keypoint Recognition Performance: (a) Comparison of Hand Keypoint Recognition Results; (b) HRNet-In Prediction
Error

FIGURE 4. Body language recognition results from performance images: (a) Original input image; (b) HRNet prediction results; (c)
HRNet-In prediction results; (d) Ground truth annotations

FIGURE 5. Comparative Analysis of Finger Joint Angles and Touch-Pressure Signal Timing: (a) Index Finger Joint Angle Change
Timing (HRNet-In Prediction); (b) MIDI Touch-Pressure Signal Timing; (c) Angle-Touch-Pressure Relationship Scatter Plot; (d)

Angle-Touch-Pressure Cross-Correlation Analysis

Note*: SD (Standard Deviation).

in the quantitative analysis of musical performance.

E. CORRELATION ANALYSIS BETWEEN PHYSICAL
PERFORMANCE AND PERFORMANCE QUALITY
To quantitatively analyze the inherent correlation between
body expression characteristics and musical performance
quality, a multi-dimensional correlation analysis was con-
ducted on 200 complete performance excerpts from the

test set (80 for piano, 60 for violin, and 60 for guitar).
First, quantitative metrics were defined: hand stability was
calculated by calculating the standard deviation of the
coordinates of 21 key hand points within 30 consecutive
frames. Rhythmic accuracy was calculated by comparing the
beat timing difference between the actual performance and
the notated beat timing. A dynamic time warping algorithm
was used to align the beat sequence of the performance
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audio with the standard MIDI file, and the average time de-
viation in milliseconds was used as the quantitative metric.
Tone control scores were independently assessed by three
professional music teachers using a double-blind method
(on a 10-point scale). The average score was used as the
objective evaluation standard.

Data analysis used the Pearson correlation coefficient to
calculate the linear correlation between limb characteristics
and performance indicators. A multivariate linear regression
model was also used to analyze the influence of multiple
factors. To eliminate dimensionality effects, all data were Z-
score normalized before correlation analysis. The statistical
significance level was set at α = 0.01, and the Bonferroni
correction was used to adjust for multiple comparisons. The
statistical analysis results are shown in Figure 6.

FIGURE 6. Correlation Comparison of Different Instruments: (a) Correlation
Analysis between Hand Stability and Rhythmic Accuracy; (b) Correlation

Comparison of Different Instruments; (c) Regression Model Residual
Analysis

Note: *CI (Confidence Interval).

Figure 6 comprehensively illustrates the relationship be-
tween physical expression and performance quality through
three sub-figures. The data in Figure 6(a) show a significant
negative correlation between hand stability and rhythmic
accuracy: poorer hand stability leads to greater rhythmic
deviation. For every 1.2 pixels (1 standard deviation) im-
provement in hand stability, rhythmic accuracy improves
by 8.3ms (95% CI: 6.7-9.9ms). Figure 6(b), a bar chart
comparing correlation coefficients across instruments, fur-
ther confirms the varying strength of this relationship. The
residual analysis in the lower right corner of Figure 6(c)
shows that the predicted values and residuals are randomly
distributed (Shapiro-Wilk test p>0.05), indicating a good fit
of the regression model. These changes indicate that hand
stability is a key factor influencing rhythmic accuracy, and
that different instruments exhibit varying sensitivity due to
their different playing techniques. A comparison of timbre
scores across different body movement groups (standard
sitting posture C1, arm tension C2, forward leaning C3,
shoulder elevation C4, and wrist stiffness C5) is shown in
Figure 7 below.

FIGURE 7. Comparison of Tone Ratings Across Different Body Movement
Groups (ANOVA: F(4,95)=38.7, p<0.001): (a) Comparison of Tone Ratings;

(b) Shoulder Angle vs. Tone Score; (c) Elbow Angle vs. Performance Ratings;
(d) Schematic Diagram of Body Movement Optimization Suggestions

Notes*: ** (p<0.01).

Figure 7 uses four sub-graphs to comprehensively il-
lustrate the quantitative relationship between body move-
ments and timbre control scores. Figure 7(a) shows that the
standard sitting posture score was significantly higher than
that of the other groups (p<0.01), indicating that a relaxed
posture is crucial for improving timbre. Figure 7(b) reveals
that the shoulder angle was negatively correlated with the
timbre score (r=-0.76, p<0.001), with the score decreas-
ing by approximately 0.76 points for every 10◦ increase
in shoulder angle. Figure 7(c) shows a similar negative
correlation between elbow angle and performance score
(r=-0.68, p<0.001), indicating that excessive elbow flexion
can lead to a decline in timbre quality. Figure 7(d) further
provides specific optimization suggestions. These changes
consistently demonstrate a strong correlation between upper
limb relaxation and timbre control, providing a quantitative
basis for improving performance quality through realtime
posture correction in music instruction.

V. CONCLUSION
This paper addresses the complexity of body expression
recognition in interactive music instruction by employing
an improved solution based on HRNet-In and systemati-
cally validates it on a self-constructed multimodal dataset.
Research results demonstrate that this method not only
improves overall keypoint recognition accuracy by 8.5%
compared to traditional HRNet, but also achieves significant
optimization in terms of parameter count, computational
complexity, and inference speed, demonstrating its high ef-
ficiency and practicality. Furthermore, fine-motion analysis
and alignment of touch and pressure signals validate the
model’s ability to capture the causal rela-tionship between
finger movement and performance, further revealing the
quantitative connection between limb stability, rhythmic
accuracy, and timbre control. This achievement provides
reliable technical support for real-time interactive teaching,
helping teachers provide refined instruction in the classroom
and promoting intelligent music education from empiri-
cal evaluation to data-driven approaches. This method has
demon-strated good applicability in teaching scenarios for
piano, violin, and guitar. Future plans include expanding it
to more instruments and cross-disciplinary tasks to validate
its generalization ability.
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