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SUMMARY: As a cultural subject, traditional music and art are facing the technical problem
of incompatible conversion forms in the inheritance and development of modern society. In
this paper, we take “music score recognition - music visualization - cross-cultural
transmission” as the research idea, and focus on constructing the application framework of
Al technology. The detailed features of musical notes are extracted using Harr wavelet
transform, and the note contour layer is processed by 1D convolution operation, and a
multi-scale feature fusion CRNN framework is established for sheet music recognition. After
completing the transcription of musical notes, the VGGish model is used to process the music
data, and the t-SNE algorithm is used to visualize the music data, forming a cross-cultural
output scheme for traditional music art. In the practical application of this scheme, the effect
of music performance was recognized by 80.00% and above of the subjects, and the
visualization effect was positively evaluated by 67.27% of the subjects, which is an effective
development path for the traditional music art form to fit into the contemporary society under
the Al technology.

KEYWORDS: music score recognition; VGGish model; t-SNE; music visualization;
traditional music

1 Introduction

Traditional music is a valuable treasure of human civilization, carrying unique cultural
connotations and historical memories, and forming a huge and rich system of art forms with
unique oriental aesthetic qualities [1, 2]. In the context of globalization, these traditional
music and art forms are experiencing unprecedented dissemination and exchange, which not
only show the cultural diversity, but also become an important bridge to promote international
understanding [3, 4]. However, unlike calligraphy, painting and other art forms with physical
carriers, traditional music culture is more difficult to preserve, and many musical genres and
pieces suffer from problems such as inheritance faults, decreasing audience groups, and
narrow dissemination channels, which pose formidable challenges for the inheritance and
dissemination of traditional music culture [5-8]. Artificial Intelligence (Al) technology can
effectively revitalize the music cultural heritage, preserve music in digital form, and form
digital resources to provide support for subsequent innovative applications and expansion.
Cao and Park [9] (2022) created an Al-based music visualization system for intangible
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cultural heritage to enhance the visual comprehensibility of traditional music through 3D
animated interactions and music games, expanding musical artistic expression and promoting
its inheritance. Cao and Park [10] (2022) created an Al-based music visualization system for
intangible cultural heritage to enhance the visual comprehensibility of traditional music
through 3D animated interactions and music games, expanding musical artistic expression and
promoting its inheritance. Bosi et al [11] (2024) proposed an Al-driven audio cultural heritage
record preservation method based on Al extracting key information features in audio and its
associated video, automatically correcting errors and creating audio copies, repairing the
audio, and facilitating audio preservation. Kuremoto [12] (2024) recognizes the elemental
features of gugin music, such as rhythm, harmony, and tempo, with the help of machine
learning, and is able to extract musical symbols in the score to optimize the musical
expression. Yao and Liu [13] (2024) constructed a multi-layer deep learning model of
multiple neural networks for extracting the features of Chinese and Japanese traditional opera
tunes, which were used to distinguish the tunes and further analyze the Chinese and Japanese
operas, and were able to fix the music sources for the cross-cultural dissemination of
traditional music. Chinnasamy et al [14] (2025) developed a music lyrics generator and
translator using natural language processing techniques for generating coherent and original
lyrics content, which can be converted between lyrics in multiple languages to facilitate
cross-cultural communication. Wei [15] (2025) combines convolutional neural networks,
which are used to extract audio sample features, and fuzzy logic, which captures user
preferences, to generate personalized song recommendations, and the framework helps in
composing, mixing and generating music. Bi [16] (2025) states that Al and online
collaborative platforms enable musical innovation and cross-cultural forms of expression,
while the combination of virtual and augmented reality technology promotes a musically
immersive experience for the user, enabling music to cross geographical and cultural
boundaries. However, Eraslan [17] (2025) emphasizes the ability of Al to not only mimic
music, but also reshape musical memories, due to the lack of human emotion and cultural
depth in Al-assisted traditional music, and the shortcomings of Al in traditional music
delivery.

In this paper, we first summarize the construction idea of the improved CRNN music
score recognition model under multi-scale features, analyze the operation principle and
content of its four modules of downsampling, note contour refinement, note classification
prediction and sample learning in turn, and establish the music score recognition model based
on multi-scale feature fusion. Then the VGGish model is used as the processing method of
music data, on the basis of which the t-SNE music data visualization method is designed to
explore the value embodiment dimension of music visualization dynamic design.
Subsequently set up the effect comparison and evaluation experiments of music score
transcription to verify the operation effect of the music score recognition model. Output the
results of data processing based on VGGish model and music visualization based on t-SNE
algorithm to demonstrate the effectiveness of both in music data processing and downscaling
visualization. Based on the music score recognition model, music emotion classification and
feature importance ranking are performed. Finally, the experimental data of the model and
algorithm are analyzed from two levels, namely, music performance effect and visualization
effect, to check the overall feasibility and explore the development path of digital music
visualization accordingly.
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2 Music Score Recognition Model Based on Multiscale
Feature Fusion

2.1 Downsampling module

A sampling strategy under the Haar wavelet transform is proposed to address two problems in
the music transcription task: (1) the difficulty of extracting the subtle differences between
notes and symbols, and (2) the possible overlap between the notes and the background of the
pentatonic score.The Haar wavelet transform is a wavelet transform with less loss of spatial
resolution and better information retention.

The base functions ¢ and A are defined in the one-dimensional Haar transform, ¢ is
the smoothing component, which is used to capture the structure and overall contour of the
note, and A is the detail component. The basis functions of different scales are constructed
recursively to correspond to different levels of detail features, and the smoothing component
is shown in Eq. (1):

1 1
¢1(X) = ﬁ%,o (X) +$¢1,1(X) 1)

The detail function A is obtained by differencing neighboring basis functions, increasing
the sensitivity to differences in the subtle structure of notes in the score, in the form of
equation (2):

1 1
A(X) = ﬁ%o(x) —EQ’M(X) 2)

Recursion in the basis function generates basis functions at different scales and locations
by scaling and translation operations, adapting to notes of different sizes. For any integers |

and k, the basis functions are as in equation (3), using j to control the scaling of the
function and k to adjust the translation:

0, () =2 (2 x—k),k =0,1,---,2) -1 3)

The Haar wavelet transform ¢, ,(X) is a Haar basis function defined as 1 in the interval

[O,l) to represent the recognition of the note head.The localization property of the Haar basis

function makes it possible to recognize the note head efficiently in complex musical scenes,
reducing the interference of other notes or quintuplets. The form is shown in equation (4):

0, x<00rx=>1

Po,0(X) = @5 (X) :{1 0<x<1

(4)

The smooth component of the Haar transform preserves the overall framework and
approximate note positions in the score, while the detail component is suitable for detecting
detailed variations in these notes.The structure of the Haar feature extraction module is shown
in Fig. 1.
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Figure 1: Haar feature extraction module architecture

2.2 Note Contour Refinement Layer

The structure of CCRL is shown in Fig. 2, which ensures the accuracy of music score
detection for edge detection.CCRL first goes through a normalization layer, which normalizes
the input feature maps to minimize the distributional differences between the features and
improve the efficiency of the network training process.
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Figure 2: Detail layer of note contour
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The normalized feature map is passed into two parallel 1D convolutional branches. The
first branch of convolution is responsible for processing the horizontal direction of the feature
map, and the second branch of convolution is responsible for processing the vertical direction
of the feature map. The two branches use the 1D convolution to extract different local
structures to capture the local detail structure of the note. The interacted feature maps are
subjected to an addition operation, and the convolved and interacted feature maps are
combined with the original input feature maps using residual concatenation.

2.3 SRU-based note classification prediction

To improve the training and inference speed, the gating mechanism in SRU is optimized and
the gating parameter matrix is pre-computed. In the SRU model, X, denotes the input data,

and X, is nonlinearly transformed by the Sigmoid activation function under the parameter
vectors to get the new output state and internal state. h, denotes the output state and c,
denotes the internal state. v, and v, are the parameter vectors for mapping c, ;.

In the optimization recursion process, the calculation of the gating unit and the hidden
state are adjusted. The hidden state no longer depends on the last time point h,_,, but is based

on the last internal state c, ;. In this process, the forgetting gate is computed as in Eq. (5) and
the reset gate is computed as in Eqg. (6). b, and b, are the bias cells of f, and r,,

respectively. The c, combines the information from the past state and the current input, and
its computation is reduced using Hadamard product as in equation (7):

fo=o (WX +v, ®c_, +b;) (5)
r-t :O-(Wrxt +Vf ®Ct—l+br) (6)
¢, =f®c,+(1-f)®g, (7)

The h, employs a jump connection to optimize the gradient transfer, which is computed
in Eg. (8):

h=r®c+(1-r)®x (8)

2.4 Balanced Sample Learning Based on Focal Loss

Focal Loss is a loss function for the importance of extracting information from a small
number of samples, which enables the neural network to assign balanced weights to the
samples during row channel assignment. The overfitting and underfitting problems are
mitigated after the model learns the inter-class balanced feature channels, reducing the
misrecognition rate of a small number of sample class symbols.The Focal Loss loss function
is defined in equation (9):

LFocaI_Ioss ( pt) =—0, (1_ pt)y |Og( pt) (9)

p, is the prediction probability, «, and y are the adjustable factors, and Lg ., o (P;)
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is the loss function when the prediction probability is p,, which integrally measures the

degree of matching between predicted sequences and real sequences and the difficulty of
prediction.

3 Dimensionality Reduction and Visualization of Music Data

3.1 Data processing based on VGGish modeling
The modeling results for VGGish are shown in Figure 3.
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Figure 3: VGGish model and its later processing

The model is constructed by converting the initial data into MFCC features through the
short-time Fourier transform to get the spectrogram, every 0.96s for a frame of data 96*64
such a feature image as input, the first layer uses 64 3*3 feature detectors, using the Relu
activation function and added a pooling layer, to get the depth of 64 feature maps, the more
feature detectors are used the more features are extracted, the second layer of the
convolutional network uses 128 feature detectors, still performing Relu operations, and finally
also added a pooling layer to get 128 feature maps, the next two layers use 265 feature
detectors. The more feature detectors are used, the more features are extracted, the second
layer of convolutional network uses 128 feature detectors, and still performs Relu operation,
and finally adds a pooling layer to get 128 feature maps, the next two layers use 265 3*3
feature detectors, and a pooling layer is added after these two layers, the next two layers use
512 3*3 feature detectors, and the same as in the first two layers, a pooling layer is added to
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the two layers convolution, and 512 feature maps are obtained, the next two layers use 512
3*3 feature detectors, and the same as in the previous two layers, a pooling layer is added to
get 512 feature maps. The next two layers use 512 3*3 feature detectors, add a pooling layer
with the same two-layer convolution as the previous two layers, and get 512 feature maps,
and finally add three fully-connected layers, the fully-connected layer is the final output layer,
and the fully-connected layer outputs a 128-dimensional feature embedding in this paper. The
later data pre-processing, remove the head and tail of each 6 frames, 0.96s for a frame, try to
15 frames, 18 frames, 30 frames for a splicing for processing.

3.2 Data downscaling visualization

3.2.1 Dimensionality reduction methods

The dimensionality reduction method used in this paper, t-SNE, is the most effective data
dimensionality reduction and visualization method, and its drawbacks are also obvious, such
as: large memory occupation, long running time. However, in the initial determination of the
divisibility of the data the advantages of this method are still greater than the disadvantages,
the uncertainty of high-dimensional data through dimensionality reduction projected to the
2-dimensional or 3-dimensional data visualization, in the specific image to observe whether
the interval between the same class is small, but the interval between different classes is large.
Because of the loss of some information compared with the original data after the
dimensionality reduction, if the data is separable in the low-dimensional space, the dataset is
separable; if it is not separable in the low-dimensional space, it may be that the data itself is
not separable, or it may be that the data can't be projected to the low-dimensional space.
t-SNE is evolved from the SNE algorithm, which maps the data points to the probability
distribution by affine transformation, and it consists of two main steps:

(1) SNE constructs a probability distribution between high-dimensional objects, so that
similar objects have a higher probability of being selected and a lower probability of selecting
dissimilar objects;

(2) SNE in the low-dimensional space in the construction of these points of the probability
distribution, so that the two probability distributions between as similar as possible.

The method used by SNE to express point-to-point similarity is to transform the Euclidean
distance into conditional probability, i.e., for the given N high-dimensional data x,---, X, ,

SNE firstly computes the conditional probability p;, which expresses the similarity between
X, and X, i.e., equation (10):

s NC),
i > exp(—”xi =X ”2/(26‘2 ))

For different x, parameter o, takes different values, since the problem is now to solve
the similarity between different two points, make p, =0. And for y, in low dimensions

(10)

1 the similarity between two points of
\/E ’

low dimensional data is calculated as in equation (11):

specify the variance of the Gaussian distribution as
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E 2k¢i eXp(_”yi — Y ”2)

Similarly let ¢, =0.
If the dimensionality reduction is good and the local features are well preserved, then
P;; =0, so only the distance between the two distributions needs to be optimized-KL

dispersion, KL dispersion is a measure of the asymmetry of the difference between two
probability distributions P and Q, and the objective function is shown in Equation (12):

c=2, KL(Pi”Qi):ZiZj Pji IOQ% (12)

ili

The P represents the conditional probability distribution of all other data points given

the point X,. When applying the KL dispersion, it is important to note that the KL dispersion

is not symmetric, so the penalty coefficients corresponding to different distances in the
low-dimensional mapping are different, i.e., if the two closer points are used to simulate the
two farther points, a smaller cost will be generated, and on the contrary, using the two farther
points to simulate the two closer points will generate a larger cost, i.e., the SNE is more tends
to preserve localized features in the data.

Since different points take different o, methods, the entropy of P firstly increases with

the increase of o,. In this regard, SNE uses binary search to find o, i.e., the concept of
optimal perplexity is adopted, and the perplexity is shown in equation (13):

Perp(R) =2"® (13)
H(P) is the entropy of P, i.e., equation (14):
H(Pi):_zj pj|i Ing pj|i (14)

The number of effective nearest neighbor points near a point can be taken as an
explanation for the perplexity. the SNE is relatively robust to adjustments in perplexity,
usually chosen to be between 5 and 50, and given that, a bisection search is used to find the
best o.

The central question now becomes how to solve for the gradient, the objective function is

equivalent to > > —plog(q) This form is similar to softmax, however, the objective
function for softmax is Z—ylog p, which corresponds to a gradient of y— p. Analogous to
the gradient of softmax, we can derive the gradient of the conditional probability of i under
J in the objective function of SNE as 2(p;; —d;;)(; — ;) , and similarly the gradient of the
conditional probability of j under i as 2(p;, —q;)(y,—-Y;) . Finally, the complete
gradient is obtained as Eq. get the complete gradient as in equation (15):
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oC
5_y:22;(pji =0+ Py — Gy ) (Vi) (15)

For the initial o selection, a Gaussian distribution under a smaller o is used for
initialization. In order to speed up the optimization and avoid falling into a local optimum, the
exponential decay term of the previous gradient accumulation is introduced in the update,
which is a relatively large momentum to be used in the gradient as in Eq. (16):

YO =YD g fw—c +a(t) (Y -y ) (16)

Y, is the solution at t iterations, 7 is the learning rate, and ¢, is the momentum at t

iterations.

In order to avoid local optimal solutions, an appropriate amount of Gaussian noise is
introduced in each iteration during the initialization phase, and the noise is gradually reduced
afterwards.SNE needs to run several optimizations in order to determine the hyperparameters
such as the amount of the selected Gaussian noise, the time to start the decay, the learning rate,
and the choice of the momentum to be completed. To solve the crowding problem, the t-SNE
method is introduced, which differs from the traditional SNE in the following three points:

(1) Using a symmetric version of SNE to simplify the gradient formulation;

(2) Using t distribution instead of Gaussian distribution to express the similarity
between two points in low-dimensional space.

(3) To avoid crowding, a t distribution with longer tails is used under low-dimensional
space.

3.2.2 Symmetric SNE

The conditional probability distribution is replaced by a joint probability distribution, i.e., P
now refers to the joint probability distribution of the points in the high-dimensional space, and
Q s the joint probability distribution of the points under the low-dimensional space, and the

objective function is Eq. (17):

C=KL(P|Q)=3>",p,;log gu (17)

ij

Pi,Q; is 0. Assume that q; =q; for any p; =p;, and by this assumption call this

type of SNE as symmetric SNE (symmetric SNE), and the probability distribution is rewritten
as equation (18):

2 2
oo i xf[2o') ooy
Py = 2 i = 2 (18)
Zkii eXp(—”Xk =X ” /20_ ) Zk¢i eXp(_”yk —Yi ” )

The use of a symmetric SNE expression, while succinct in its entirety, introduces the
problem of outliers. To address this issue, the joint probability distribution definition is
amended to Eq. (19):
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_ Biji + Pji

5 (19)

Bjj

It is guaranteed that zj p; > Zi so that each point will have some contribution to cost.
n

The symmetric SNE is shown in equation (20):

g_(;:4zj(pij_qij)(yi_yj) (20)

The congestion problem is also a shortcoming of the SNE algorithm, in which clusters are
clustered together and cannot be distinguished without a clear boundary. In this regard, a
Gaussian distribution is used in the high dimensional space to convert the distance into a
probability distribution, and the t distribution, which is more favorable to the long tail and
less susceptible to outliers, is used instead of the Gaussian distribution in the low dimensional
space, so that the middle and low distances in high dimensions still have a large distance after
mapping, and the similarity q through the transformations becomes Eq. (21):

¢ - (1+Hyi—yjﬂ) 1)

ij 2\-L
Zk¢i (1+Hyi Bl yJ'H )

The t distribution is a superposition of infinitely many Gaussian distributions, which is
computationally non-exponential and will be much easier. The optimized gradient is shown in
equation (22):

5C 2\
5_yi=4zj(pii_qij)(yi_yi)(lJrHyi_yJH ) (22)

3.3 Visualization of the value of dynamic design

3.3.1 Enrichment of musical information

Compared with the single sense of listening to music, visual dynamic design can convey more
valuable music information through the combination of audio and visual. Due to the
differences between ancient music and modern music aesthetics, contemporary people are not
familiar with classical music scores, the existence of pipa scores and music scores is difficult
for people without music background to listen to and appreciate, and in the case of modern
music APP and music at hand, the tape version of the music scores seems to be very
inconvenient, and the stage performances of the music scores, on the one hand, because of the
stage performance of the existing stage performances have fixed locations, time and fixed
cities, on the other hand, the background visual design of the stage performances is not well
with the music culture and fixed cities. On the other hand, the background visual design of the
stage performance is not well integrated with the music culture and feelings, and it is only the
serial play of the music, and the cultural communication of the sheet music itself is not
enough for the emotional resonance and value output of the modern audience. The dynamic
visualization design can make the audience experience the music from listening and watching,

10
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and even the offline tactile sensation with the help of audio-visual combination, so that they
can quickly enter the cultural context and feel the music culture at that time, and for the
people who live in a fast-paced life, this kind of visualization of the music presentation is
more attractive and immersive.

3.3.2 Increased latitude of expression

Compared to the static music visualization lies more in the designer's personal artistic
expression, if compared to the connotation of the musical work, the audience feels more is the
artist's view of the music, and for the mobility of the music is not reflected, then the music of
the sense of rhythm and rhythm will be sealed in the visual picture. The advantage of visual
dynamic design lies firstly in the increase of time and space latitude from the visual latitude.
At the same time, due to the popularization of electronic devices and the development of
related technologies, the visualization of dynamic music can become more interesting and
rich visual communication and integration of more interactive expression, for example, can be
combined with some interactive operations in the mobile terminal, or can be intervened in the
form of small games to pass the interactive, and in the future can be combined with the
function of VR and AR, from the audio-visual as well as the interactive operation of the basis
of adding a more real The tactile sensation can be added on the basis of audio-visual and
interactive operation. Therefore, compared with traditional music appreciation and expression,
dynamic visualization is a multi-dimensional music presentation with rich possibilities.

3.3.3 Broadening of dissemination channels

Compared to the popularity and spontaneity of current popular music, sheet music is not
sufficiently disseminated. On the one hand, it lies in the limited form of its existence, and on
the other hand, it is not electronic enough to adapt to the current communication media. With
the popularization of smart mobile in the masses, people use more electronic devices for
communication. So compared to the sheet music of the score, tape, stage performances,
dynamic visualization of music can be MP3 format, can also be MP4 format, and even in the
audio and video format category can be converted to each other, which makes the score can
be played on various platforms, such as small programs, H5, web pages, pop-up windows,
music software, video software, etc., and the traditional paper-based media have a very clear
distinction between the visual and auditory Integration in a certain space so that the viewer in
the convenient viewing at the same time has become more convenient, it can be said that the
visualization of music dynamic design is more adaptable to the development of contemporary
communication channels, and can also make use of the contemporary developed
communication channels for a large number of publicity. At the same time, the research on
music visualization can also be applied to the background stage of the performance of sheet
music, and the background and related design can make the audience have a more immersive
experience.

4 Application effect and development path of music
visualization

This chapter examines, in turn, the transcription accuracy and overall performance of the

multi-scale feature fusion-based score recognition model, the data processing of the VGGish

model and the dimensionality reduction visualization effect of t-SNE, and the application
effect of the proposed music data classification, dimensionality reduction and visualization

11
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scheme. With the support of this Al tool, the development strategy of digital music
visualization is discussed.

4.1 Effectiveness of the operation of the music score recognition model

The (X2) RGB video-based transcription algorithm and the (X1) score recognition model are
selected to compare the transcription results of the two algorithms on the same piano
performance piece in Fig. 4(a)-(b), in which the green frame is the normal transcription result,
the blue frame is the missed detection, and the orange frame is the multi-detection, and the
length of the frame corresponds to the pitch duration. The transcription algorithm based on
RGB video has 4 missed detections and 1 multiple detection, while the score recognition
model completes the transcription of all notes. It shows that the music score recognition
model is able to fuse multi-scale data features, take advantage of features of different scales,
and improve the transcription accuracy of the system.
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(a) Transcription algorithm based on RGB video

75

70

65

60 -

Tone

551

50

45

T

40 |

168 170 172 174 176 178
Time(s)

(b) Textual method
Figure 4: Comparison of transcription results of the method
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Further, (X3) Li, (X4) Koepke, (X5) RGB video based transcription module and (X6)
skeleton based transcription module are added as control algorithms to enrich the comparison.
The transcription accuracy, recall and F1 value performance on MIDI test set and OMP
dataset are shown in Table 1. On MIDI test set dataset, (X1) music score recognition model
has the best performance among algorithms in terms of accuracy (89.84%) and recall
(89.95%), and the F1 value (85.15%) performs second only to (X4) Koepke algorithm
(87.43%). On the OMP dataset, the data of the three evaluation metrics of the (X1) music
score recognition model are the best among the six algorithms, and there is an accuracy rate
with F1 value >90.00%, and the performance of the three metrics is 92.18%, 89.93%, and
95.55% in order. The effectiveness of the multi-scale feature fusion of the music score
recognition model is further verified.

Table 1: The performance of the algorithm on the experimental dataset(%)

Algorithm _ MIDI test set _ OMP
Precision Recall F1 Precision Recall F1
X1 89.84 89.95 85.15 92.18 89.93 95.55
X2 77.57 79.61 63.03 81.79 82.47 89.84
X3 75.69 65.2 70.34 74.44 73.98 81.68
X4 84.82 87.64 87.43 80.04 77.13 70.1
X5 79.57 88.16 84.61 78.37 70.72 89.64
X6 82.36 66.4 60.54 83.03 80.08 86.02

4.2 Data Processing and Dimensionality Reduction Visualization

Playing any classical music (played with a monochord) on a computer and analyzing it using
the VGGish model, the frequency and amplitude data in the spectrum array are visualized by
lines in Fig. 5(a)-(b). By comparing the distribution of the lines at the same time period in the
music playback, the corresponding frequency band of the monochord can be easily found. The
sound of the dulcimer was found to be stable between 5 and 80 Hz in the 1024 Hz spectrum.
Although the data in this frequency band will contain frequencies of some other noises, the
music visualization requires less precision in the data and will not affect the subsequent parts
of the design. The amplitude data in the range of 5 to 80 Hz will be considered as the
frequency band of the monochord for subsequent data processing.

1024 1024
— The spectrum array —— The spectrum array
before denoising before denoising
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Figure 5: Comparison before and after denoising

13




Yang et al.

The short-time fractal dimension reacts to the degree of difference between the amplitude
transformations of the front and back frames of the music signal, which can react to the
degree of intensity of the music transformation. t-SNE algorithm is used to visualize the
fractal dimensions of each frame in Fig. 6. The fractal dimensions of each frame are in line
with the actual performance of the classical music played, which preliminarily verifies the
reliability of the t-SNE algorithm for the visualization of music.

//////T\ \\\\

e —

Box dimension

Figure 6: Short-term fractal dimension

The spectrogram reacts to the frequency characteristics of the music signal, and the output
t-SNE algorithm visualizes the spectrogram of the classical music played in Fig. 7, which
itself with color information can react to the music characteristics more intuitively, and the
effect is better after visualization.
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Figure 7: Spectrogram

4.3  Music Emotion Classification and Characteristic Importance

The musical score recognition model is used to form a feature matrix after audio feature
extraction at the low level and music feature extraction at the middle and high levels of the
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experimental music data, respectively. The feature matrix and emotion labels are divided into
training set and test set in 3:1, and further classified using the music score recognition model
to obtain the four classification results of music emotions and the feature ranking measured by
feature contribution. The confusion matrix of the four emotions obtained from the
classification is shown in Fig. 8. The music emotions are (Y1) Excitement, (Y2) Relaxation,
(Y3) Irritation and (Y4) Depression, and the higher the predictive value between the emotion
categories indicates a higher degree of identity. It can be seen that the predictive values of the
model between the four categories of emotions and themselves are all 50.00 and above, and
there are no cases where the predictive values of different categories of emotions are 50.00
and above. Overall the model's emotion classification accuracy is high, with categorization
errors of 10.00% and below.
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Figure 8: Confusion matrix for music emotion classification

The rankings of the four emotion classifications in terms of the importance of eight
features, namely (Z1) average pitch, (Z2) spectral center of mass, (Z3) average tempo, (Z4)
melodic alignment, (Z5) Mel's inverted spectral coefficient, (Z6) tempo, (Z7) over-zeroing
rate, and (Z8) tonality, are shown in Fig. 9. The overall basic performances of the emotion
classifications in terms of the importance of the features, from the highest to the lowest, are as
follows: (Y2) relaxed, (Y4) depressed, (Y1) excited, and (Y3) annoyed. ) depression, (Y1)
excitement, and (Y3) irritability. The eight features mainly contributed more to (Y2)
relaxation and (Y4) depression, and three of them, (Z1) average pitch, (Z2) spectral center of
mass, and (Z3) average tempo, had an importance of 0.200 and above for (Y2) relaxation,
which contributed more to relaxation, and could be used as a visual music feature for soothing
mood.
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Figure 9: The ranking of feature importance in emotion classification

4.4  Overall application effect

300 subjects were selected as experimental samples, still using the classical music used above,
using CRNN sequence classification network based on multi-scale feature fusion to classify
and encode the optical score sequence of this music, and combining the VGGish model and
t-SNE algorithm for the visualization of the music. Subjects' opinions were collected from
two dimensions: music performance effect and visualization effect, in which the specific
questions and options of the two dimensions are as follows:

(1) Are you satisfied with the effect of music performance of this playback:(A) Very
satisfied, (B) Satisfied, (C) No feeling, (D) Unsatisfied.

(2) Are you satisfied with this form of music visualization used in this experiment: (A)
Very satisfied, (B) Satisfied, (C) Didn't feel it, (D) Dissatisfied.

The two dimensions of the 50 subjects' opinions are shown in Figure 10. Overall, more
than half of the subjects held the attitude of “(B) Satisfied” in the two dimensions, whether it
was the effect of the music performance or the visualization effect. Among them, 27.25% of
the subjects were (A) very satisfied with the music performance effect, i.e., 80% of the
subjects resonated with the music performance effect of the model-assisted output of this
paper. As for the visualization effect, 15.03% of the subjects held the attitude of “(B)
satisfied”, and a total of 67.27% of the subjects agreed with the music visualization form of
the model.
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Figure 10: The opinions of the subjects in two dimensions

4.5 Suggested Development Strategies for Digital Music Visualization

The music score recognition model based on multi-scale feature fusion is used as a music
score recognition and transcription tool, and the VGGish model and t-SNE algorithm are
integrated as a music visualization method. Under this technological framework, the
development path of digital music visualization in the Al era is proposed as follows:

(1) In the two-dimensional print media, it is necessary to cater to the characteristics and
needs of the audience, and take dynamic media such as short video platforms as the main
position for the creation, output and dissemination of digital music visualization. Actively
expand the forms of creation and output, including but not limited to music videos, animated
short films, short videos, microfilms and other forms, so as to give the audience a sense of
freshness. Enriching the creation and output forms of digital music can not only promote the
multi-form dissemination of musical works, but also stimulate the creators' creative energy
and inspiration on the way of creation, thus promoting the innovation and development of the
content and quality of musical works. In addition, in the selection of themes and contents of
music works, it is also necessary to include the audience's preference and comprehension
ability into important considerations, so as to promote the wide dissemination of digital music
visualization works. In terms of the development strategy of digital music visualization in
two-dimensional media, it is necessary to clearly define the audience of its own works, to
target its preferences, and to focus on the audience's tastes and platform preferences for the
creation, output and even dissemination of digital music visualization works.

(2) In addition to two-dimensional plane media, digital music visualization works can also
use three-dimensional stereoscopic images as a carrier to realize their own creative innovation
and dissemination development. In the three-dimensional image of the field performance
stage, it should be matched with the type and content of the stage performance, and output
digital music visualization works corresponding to it, thus stimulating the audience's musical
perception and emotional feelings, and assisting in releasing the artistic expressiveness of the
stage performance while completing the output of its own works and expression of
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connotation. The combination of audio-visual music visualization can shape the emotional
context that matches with the music works, making the audience produce strong emotional
resonance, thus realizing the high-quality development of digital music visualization.

5 Conclusion

In this paper, we propose a music score recognition model containing four modules, namely,
note sampling, note contour refinement, note classification prediction and sample learning.
The model has no over-checking or under-checking in music score transcription comparison
experiments, and has the highest precision, recall and F1 value of 92.18%, 89.95% and 95.55%
in the experimental dataset in that order, and the categorization error degree of the four types
of emotions is 10.00% and below . And use VGGish model to process music data, t-SNE
algorithm for music data visualization, the output results of the collaboration between the two
can intuitively reflect the musical characteristics of the experimental samples. The practical
application works combining the three techniques, the music performance effect and the
visualization effect are recognized by more than 80.00% and 50.00% of the subjects
respectively. Relying on the proposed technology, it is suggested that digital music
visualization should take two-dimensional print media and three-dimensional stereoscopic
images as the main development direction, and combine the characteristics of different
platforms to carry out the cross-cultural creation and output of traditional music art.
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