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ABSTRACT. Music emotions have complex diversity, and continuous dimensional emo-
tion models map emotions to any point in the continuous dimensional space, with the
ability to recognize rich and delicate emotions. The article conducts research on the V-
A continuous dimension emotion model from two aspects: music emotion features and
music emotion recognition models. Previous studies on music emotion recognition have
concatenated features without verifying the correlation between features within the set
and label truth values, which can increase model training time and reduce recognition
accuracy. In response to this issue, this study divides music emotional features into
two categories: low-level and mid to high-level. The extracted low-level music emotional
features are fused with the filtered middle and high- level music emotional features to ob-
tain a multi-level music emotional feature set. This article proposes a new fusion model
CBSA (CNN BiLSTM Self Attention), which combines convolutional neural networks
with attention mechanisms to effectively solve the problem of slow model training speed
and improve the accuracy of music emotion recognition.

Keywords: Music emotion recognition; Emotional characteristics of music; Two-dimensional
convolutional neural network; Long Short-Term Memory Neural Network;

1. Imtroduction. Music, as the most common cultural and artistic form in human daily
life, has permeated every corner of human life. Research on social development and
human emotional needs has shown that it can directly describe human emotions and
spiritual feelings [1]. The massive influx of music into people’s lives provides a rich and
diverse spiritual nourishment, but also increases the difficulty of obtaining music based on
emotional information. In order to meet people’s inner emotional needs in music, more
and more researchers in related fields are paying attention to the research of quickly and
effectively identifying music emotional information.

The process by which computers recognize music emotions through intelligent com-
puting is called music emotion recognition [2]. It is hoped that through music emotion
recognition models, the interconnection between music emotion features and music emo-
tion models can be analyzed to describe music emotions, so that computers, like humans,
have the ability to feel and understand music expression emotions. The mechanism of
emotional generation originates from self-awareness [3]. In current research on the emo-
tional process of music, human cognition is often used as the basis to divide the emotional

characteristics of music into two categories: low-level and middle high-level. The low-level
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features are not directly related to music emotions, but contain detailed information about
music emotions; The characteristics of middle and high levels are directly related to music
emotions, but ignore the details of music emotions. Meanwhile, most researchers in the
field of Music Emotion Recognition (MER) extract music emotion features from audio files
and directly input them into the recognition model. Although this ensures the richness
and diversity of features, it does not take into account the degree of correlation between
features and label truth values [4]. In summary, using only low-level or mid to high-level
music emotional features has certain shortcomings. It is necessary to fully consider the
diverse levels of music emotional features and select features that are highly correlated
with music emotions, so that the recognition model can fully and comprehensively analyze
music emotional features in order to achieve the best recognition effect.

1.1. Related work. In recent years, with the widespread application and in-depth explo-
ration of human-computer emotional interaction technology, music emotion recognition
research has gradually become a popular trend.

(1) Current status of research on music emotion recognition features

Music expresses emotions through basic elements such as pitch, length, strength, and
timbre, and how to quantify them as musical emotional features is one of the key to
solving the problem of music emotion recognition [5]. Based on human cognition, music
emotional characteristics are divided into two categories: middle and high levels and low
levels. There is a direct connection between the characteristics of middle and high levels
and the emotional level of human cognition. Deng et al. [6] compared the accuracy of
music emotion feature recognition between mid to high level and low level based on the
same audio dataset. The experimental results showed that the accuracy of music emotion
recognition using mid to high level features was improved by 10.2% compared to low level
features, reaching 69.8%.

There is no direct connection between low-level features and human cognitive level emo-
tions, but they can represent their detailed information and can be divided into low-level
music emotional manual features and spectrogram features. Low level music emotional
manual features often use manual methods to extract and select features, which requires
a lot of manual and time costs in the screening and verification process. Dogdu et al. [7]
outlined some audio emotion experts who have designed low-level audio emotion manual
feature sets to reduce manual and time costs, such as the ComParE feature set, the 2009
Interspeech Challenge Set collection, and the eGeMaps feature set. At present, researchers
often use the above feature sets for music emotion recognition research. Spectral features
reflect the temporal changes of audio signals through spectral analysis of images, mainly
applied in deep learning methods. They are input into recognition models, which can
automatically analyze the emotional information contained in the features and obtain
recognition results. Although this method reduces the cost of manually selecting features,
it is prone to losing audio information during the information conversion process, has
poor interpretability, and takes too long to train [8]. In response to this, Hizlisoy et al.
[9] mainly used low-level music emotion manual features, supplemented by spectrogram
features, and inputted them into a network model to recognize music emotions.

The extraction and selection of music emotional features is an indispensable part of
music emotion recognition tasks. Choosing music emotional features that are highly
correlated with label truth values can accurately and fully represent music emotions and
improve overall recognition performance.

(2) Current research status of music emotion recognition methods

In related research, some scholars have used Support Vector Machines (SVM) [10, 11]
or a combination of SVM and other statistical probability models for music emotion
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classification training [12, 13, 14]. Although good recognition results have been achieved,
there is uncertainty in sentiment classification standards. Yang et al. [15] addressed this
issue by utilizing the characteristics of musical emotions and using regression training
methods to improve recognition accuracy.

For recurrent neural networks, Grekow [16] proposed combining model tasks with LSTM
and implemented the model using the WekaDeeplearning4j software package. The exper-
iment proved the significance of using this method to identify emotions in music, and the
results even exceeded those of SVM algorithms used for regression. Some scholars use
convolutional neural networks. Considering the impact of local key information on music
emotions, He and Ferguson [17] proposed incorporating convolutional neural networks
into the model, which can reduce the complexity of manual annotation and improve the
efficiency of feature mapping. Sams and Zahra [18] believe that when performing mu-
sic classification tasks, a convolutional long short-term memory network can be added.
By combining and superimposing the network, the extraction and recognition of music
emotional features can be well completed.

A neural network that integrates attention models. Qiao et al. [19] created an EEG

dataset consisting of four different types of music stimuli, and then constructed an LSTM
based recognition model, which improved its recognition performance by utilizing the
global perception ability of self attention mechanism. Zhang et al. [20] addressed the net-
work problem in emotion recognition by using a composite attention network to reorganize
it.
1.2. Motivation and contribution. In response to the problem of poor model fitting
ability caused by the excessive use of music emotional features, this article uses feature
mapping to screen music emotional features that are highly correlated with label truth
values for optimization. To address the issue of insufficient and incomplete representation
of music emotions using only low-level or mid to high-level features, multi-layer music
emotion features are used for improvement. The article uses OpenSMILE tool to extract
low-level music emotional features from audio files, and MIRToolBox tool to extract mid-
dle and high-level music emotional features. A CBSA model is constructed to address
the problem of identifying the starting memory point of long-distance music emotion for-
getting using long short-term memory neural networks, enabling computers to have the
ability to recognize music emotions similar to humans. Therefore, the article analyzes
multi-layer music emotional features based on the CBSA model to achieve recognition of
continuous dimensional music emotions.

2. Analysis of relevant principles.

2.1. Music emotional feature extraction tool. The commonly used feature extrac-
tion tools in the field of Music Information Retrieval (MIR) include OpenSMILE, Li-
brosa, MIRToolBox, PsySound, and Marsyas. Compared to other feature extraction tools,
OpenSMILE can extract features contained in audio sentiment feature sets, while MIR-
ToolBox can extract high-level semantic features of music in audio data.

The OpenSMILE [21] tool uses an operation command similar to “SMILExtract - C%
configfile - 1% inputfile - csvoutput% output.csv” to extract features based on relevant
feature configuration files, where % configfile is the feature configuration file, % inputfile is
the input audio file, and csvoutput table outputs the extracted feature data in csv format.
OpenSMILE is suitable for audio related fields such as speech recognition, music emotion
recognition, and music information retrieval. It can perform four types of operations:
data signal processing, data preprocessing, and extracting low-level manual features of
audio and video.
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The MIRToolBox tool [22] is a Matlab toolbox developed by interdisciplinary researchers
in music, neuroscience, emotional computing, and other fields, which extracts high-level
semantic features of music such as timbre, pitch, beat, and rhythm from audio files.
The MIRToolBox tool manual categorizes music features into five categories based on
their constituent elements: Dynamics, Rhythm, Timber, Pitch, and Tonality, including
approximately 50 audio, music feature extraction functions, and statistical descriptors.

2.2. Support vector regression. Support Vector Machine maps data from nonlinear
space to linear feature space through kernel function, and searches for the best classi-
fication surface, i.e. hyperplane, in this space to achieve sample classification. Support
vector regression is the application of SVM to regression problems. SVR has good decision-
making ability on data and can be applied to the study of continuous dimensional music
emotional features.

Suppose there is a music emotion dataset D = {(z1,v1), ..., (Tn,yn)}, where x; rep-
resents the music emotion feature vector of the i-th song, y; represents the label truth
value corresponding to x;, and n is the total number of songs in the dataset. The linear
regression discriminant model is represented as f(x), with the ultimate goal of making it
as close to the true value as possible. The calculation of f(z) is shown in Equation (1).

flx) =wz +b (1)

In the research and calculation process, it is necessary to keep the distance between
the hyperplane and the farthest sample point as small as possible, that is, when the loss
function L. is the smallest, the model fits best. The specific calculation is shown below.

m = f(i) = yi (2)
o, if |Im| <e
Le(m) = {\m[ — ¢, otherwise )

where m represents the error between the predicted value f(x;) and the true value y;,
and as long as the predicted value falls within the |m| < e region, no loss is considered.

When the model fits best, the objective function is minimized, and f(w, b) is the desired
value. The calculation formula is as follows.

win (1, 8) = 5 [0l + € 3 Lu((a:) ~ ) ()

where C' is the penalty term, indicating the tolerance for error m, and the larger C', the
greater the tolerance for m. When f(z;) = y;, x is located in the hyperplane of the linear
decision boundary.

In practical problems, most data samples are nonlinear and indivisible, and kernel
functions can be used to solve this problem. The specific calculation is shown in Equation
(5), where x is the feature vector in the original space, =’ is the new feature vector mapped
to a high-dimensional space, and o is the Gaussian kernel bandwidth. Equation (6) is the
SVR discriminant model with added kernel function.

2
_lz—=|

k(z,z') =e 27~ (5)
f(@) = k(z,2") +b (6)
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Figure 1. One layer convolutional network structure

2.3. Convolutional neural network. Convolutional neural networks can extract local
features with rich deep meanings from raw data.

The internal process is to use convolutional kernels to perform convolution operations
on input features, use activation functions to perform non-linear feature mapping on the
convolution operation results, and use pooling layers to perform pooling operations on
the aforementioned non-linear features.

(1) Convolutional layer

Taking a two-dimensional convolutional neural network as an example, assuming the
input two-dimensional feature data ¢, the convolution kernel is w, and the convolution
definition is shown in Equation (7). Among them, b is a scalar bias, and o is the two-
dimensional feature data obtained after convolution operation.

M N
Og,y = Z Z(wm,nierm,ern =+ b) (7)

m=0 n=0

(2) Activation function

The activation function maps the input linear neurons of the network model to the
output through nonlinear relationships, enhancing the neural network’s ability to learn
and simulate complex data features, and enhancing its fitting ability. The commonly used
activation functions include Tanh, Sigmoid, and ReLLU, among which ReLU is currently
the commonly used activation function in deep learning. The definition of ReLU is as
follows: when x > 0, the derivative is 1, which to some extent alleviates the problem of
gradient vanishing in neural networks and improves convergence speed.

z, x>0
0, z<0

ReLU(z) = { (8)
Input the convolution result of Equation (7) into the nonlinear activation function f(-)
to obtain the output feature p,,. The specific calculation is as follows.

Pay = [(0zy) 9)

The pooling layer utilizes the idea of local correlation to perform pooling operations on
a set of locally correlated features, obtaining new feature data. On the basis of retaining
local key features, reducing feature dimensions and data space size, thereby reducing the
number of network model parameters, computational complexity, and overfitting risks,
and accelerating calculation speed. There are two commonly used pooling operations:
Mean Pooling and Max Pooling. Mean pooling is the process of selecting the average
sum of all feature points within the pooling window, which is suitable for preserving all
information; Maximum pooling is the process of selecting the maximum value of all feature
points within the pooling window, which is suitable for retaining certain key information.
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2.4. Attention mechanism. Currently, the use of attention mechanism is almost indis-
pensable in each model, it was first proposed in the field of computer vision, and then
the Google mind team combined the attention mechanism and RNN on the task of image
categorization, so that the attention mechanism began to develop rapidly.

3. Music feature mapping and CBSA model.
3.1. Music emotional feature mapping.

3.1.1. Extracting emotional features from low-level music. In response to the problem of
a large number of features and insufficient flexibility of the recognition model, which
leads to low recognition accuracy, the eGeMAPS was selected as the dataset. Common
music emotional features and the content of the eGeMAPS feature set were introduced
in the relevant theoretical knowledge. Compared to feature sets with more features, the
eGeMAPS feature set has fewer features, making it easier for model training; Compared
to feature sets with fewer features, feature representation is more complete. Using a
professional audio emotion feature set can avoid the problems of low effectiveness and
high resource cost consumption in customizing low-level manual features.

The GeMAPS feature set consists of a total of 62 features, all of which are HSF features.
HSF features are statistical features obtained through processing based on manually set
features, such as mean and maximum values. The music dataset used in this article is an
extension of GeMAPS, which adds some features on top of 18 artificial features, including
5 spectral features: MFCC1-4 and Spectral flux (spectral difference between two adjacent
frames) and 2 frequency related features: the bandwidth of the second and third resonance
peaks. After performing arithmetic mean and standard deviation normalization on these
7 features, 14 feature values can be obtained. Then, the relevant feature values of the
silent zone are calculated, along with the feature values of the equivalent sound level,
resulting in a total of 88 features.

3.1.2. Emotional feature extraction in mid to high level music. The emotional character-
istics of middle and high-level music are closer to emotions and have richer information
content. In terms of feature extraction, it is more complex to manually calculate mid-
dle and high-level features from WAV files, so the MIRToolBox tool is chosen to extract
features. Under the guidance of professional musicians, based on the knowledge of emo-
tional features in mid to high level music introduced in relevant theories, combined with
the emotional features of mid to high level music that can be extracted using the MIR-
ToolBox tool, eight dimensional features of pitch, tempo, pulse integrity, key, brightness,
roughness, regularity, and music state change are extracted from audio data.

3.2. Selection of emotional features in music. Although computer technology is
constantly advancing and neural networks are constantly evolving, the flexibility of models
still lags far behind the human brain’s ability to respond to things. To improve recognition
accuracy, in addition to enhancing the recognition ability of the network model, it is
also necessary to streamline features that are weakly related to the current task, thereby
reducing the computational cost of the model. This method of simplifying useless features
is feature selection.

The feature selection method includes three methods: filtering, wrapping, and em-
bedding. The filtering method is based on statistical theory and scores the correlation
between features and label truth values from the perspective of features. The calcula-
tion is simple and independent of the model, only considering the correlation between
a single feature and label truth values; The wrapping method selects different feature
subsets from the initial feature set, trains the learner, and selects the optimal feature
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subset based on the learner’s evaluation indicators, which is costly and only considers the
correlation between feature combinations and label truth values; The embedding method
takes feature selection as a part of model training, which involves first using the model
for training, obtaining various feature weights, and selecting features based on the size of
the weights. In the method, except for features with weights of 0, which are not useful
for recognition accuracy, other features are difficult to define, so the process of selecting
and evaluating the model can be very time-consuming and laborious. The eGeMAPS
feature set is a low-level audio sentiment feature set with standard normativity, therefore
feature selection is not performed on it. Only feature selection is performed on the feature
combinations extracted by the MIRToolBox tool. In order to obtain the optimal feature
subset and reduce the time and labor costs of screening and verification, considering the
small scale of feature combinations, from the perspective of the correlation between the
combined features and the true value of individual features on the label, the wrapping
method and filtering method are used for feature selection. During the screening process,
time and data augmentation factors are not considered. The emotional feature matrix of
each song mentioned above is averaged based on the time dimension and transformed into
a feature vector form. The feature vector of the i-th song is defined as where 1 < p < 10.

Gip = [91‘,1, e 7gi7p]

3.3. Fusion of emotional features in music. Feature fusion is the operation of gener-
ating a new set of features by fusing multiple features with different characteristics. From
the perspective of fusion processing time, feature fusion can be divided into early fusion
and late fusion. Early fusion performs multi-layer feature fusion before the features are
input to the recognition model; Late fusion fuses the recognition results of different fea-
tures at the decision-making level. Early fusion includes series feature fusion and parallel
strategy fusion. The former connects multiple features in a concatenated form, while the
latter combines two feature vectors into a complex vector form. In order to obtain multi-
level music emotional features while keeping the time dimension unchanged, the series
feature fusion method in early fusion is used to concatenate the low-level and high-level
features of music emotions, resulting in multi-layer music emotional features. The specific
description is as follows:

(1) After feature selection, a new feature combination matrix Nx.p = {ny,...,nx} is
obtained from the extracted feature combination matrix Nxy = {ni,...,nx}, where M
is the feature dimension.

(2) Assuming the function of the series of feature fusion methods is concat(), the low-
level music emotion feature matrix Hx«y and Ny extracted in Section 3.3.1 are fused,
with the time dimension unchanged and the feature dimension changed to N = M + Y,
to generate multi-layer music emotion feature below. Ixyn = {i1,...,ix} The expression
for feature fusion is shown:

]XXN = COHC&t(HXXy,NXXM) (10)

3.4. CBSA model construction method. This article represents each song as an Iy
music emotional feature matrix, where X represents the time and N represents the music
emotional feature. The overall structure of the model is shown in Figure 2.

The CBSA model simulates the specific process of human perception of music expression
emotions. It uses a two-dimensional CNN to obtain the main melody fragments in the
song, and then uses BiLSTM to calculate the relevant features of music emotions through
forward propagation of the network. Then, the Self Attention (SA) model combines the
above information to obtain global key music emotion information.
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Figure 2. The overall structure of the CBSA model
Table 1. Formal definition based on each output layer of a song
Formal definition description Formal definition
The input form for each song is a matrix I of X x N Ixun ={i1,.. ix}
The output of a 2D convolutional layer is a matrix N of A X B Naxp = {ni,...,na}
BiLSTM outputs a matrix L of D x H Lpwg ={l,...,Ip}

The output of the self-attention layer is a matrix A of V. x H = Ayxy = {a1,...,av}

3.5. 2D Convolutional Layer. Two dimensional convolutional layers have two dimen-
sions: height and width. In this article, we correspond them to time and feature, respec-
tively. Here is an example to further illustrate that in the input stage, the sample matrix
is input into the model network, and after mutual calculation with the kernel array, the
feature matrix is obtained. The results are then obtained through normalization, activa-
tion function, and pooling operations. At this point, this result is not the final result, it is
only the result obtained after passing through a layer of network. Then, repeat the above
operation process again, and the final result obtained is the feature matrix we need.

3.6. BiLSTM. Assuming the three "gates” and two states of the LSTM loop unit struc-
ture, namely the forget gate ¢;, input gate k;, output gate p;, internal state ¢;, and
candidate state ¢}, the external state at time ¢ is j;, and the external state at the previous
time is j;—1. The LSTM calculation process is as follows:

gt = 0 (Egny + Igji—1 + by) (11)
ki = o(Exne + Iyje—1 + br) (12)
pe = o(Epne + Ipji—1 + by) (13)
¢, = tanh(E.n; + I.j;1 + be) (14)
c=ki ci+ g (15)

Ji = py - tanh(¢y) (16)
where F, is the current time weight matrix, I, is weight matrix, b, is the bias vector,
o is the sigmoid function.

On the basis of unidirectional LSTM, Equations (17) and (18) are used to extract
and store past and future music sentiment information, respectively, to achieve music
sentiment data modeling based on BiLSTM. Assuming the current moment is ¢, the
hidden layer states of the Forward and Backward layers are defined as h; and hy. The
output /; of the BILSTM network layer is calculated as:

hy = f(Uihy—1 + Wing + by) (
ho = f(Ushy—1 + Wony + by) (
ly = Wihy + Wiahg + by (1

— =
© o0
S— N N
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where W, is the current time weight matrix, U; is weight matrix, U, is the next time
weight matrix, Wy, is the current time hidden layer state weight matrix, b, is the bias
vector, and f(-) is the activation function used by the hidden layer.

3.7. Self attention layer. Take the emotional feature vectors of music at each moment
in L as query vectors, score the similarity with the emotional feature vectors at differ-
ent moments in music, and obtain the global key feature information of music emotions
through weighted averaging.

(a) Perform linear mapping, and the specific calculation is as follows.

Q= EqL (20)
K = ExL (21)
V =EyL (22)

where Fq, Ex, and Ey are linear mapping value, respectively.
(b) The transpose matrix of K and the @ point are multiplied to obtain the Score
matrix of music emotional similarity:

Score = K1Q (23)

(c¢) Normalize the Score matrix of music sentiment similarity using the SoftMax func-
tion:
A =V - SoftMax(Score) (24)

4. Experiment.

4.1. Data set. Select a music emotion dataset containing audio for the purpose of study-
ing music emotion features; Select audio clips with longer time intervals for long-distance
music emotion recognition research. Based on the above two points, the article selects
the EmoMusic dataset, which contains the original audio data and has the longest audio
segment, as the experimental basic data from the publicly available continuous dimen-
sional music emotion dataset. The DEAM dataset is used to further validate the method
proposed in the article. In order to obtain long-distance music emotional information, the
experiment is based on continuous time recognition of static music emotions; To reduce
the burden of model recognition, the label truth values are normalized to be distributed
within the [0,1] interval.

4.2. Experimental configuration. Set the penalty term C' for the experimental pa-
rameters of the SVR model to 1, with a random seed count of 66, and select a Gaussian
kernel function as the kernel function. The learning rate of the CBSA model experiment
is 0.001, with 4 samples per batch. After feature selection, there are 6 remaining mid to
high level features, and the fused features are 94 dimensions. Taking the 99-time distance
as an example, the parameters of each layer in constructing the CBSA model are shown
in Table 2.

4.3. Evaluating indicator. The experiment uses Root Mean Square Error (RMSE)
as the accuracy indicator for recognition. The smaller the RMSE value, the smaller
the deviation between the label true value and the regression value, and the higher the
recognition accuracy. The specific calculation is shown below.

RMSE(i) = %Z(yz — i) (25)
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Table 2. Model parameter

Model Layer | Input/Output Input[(height,width)]

Input [(1, 99, 94)]

CNN Connection [(4, 49, 47)]
Output [(4, 24, 23)]
Input (24, 4x23)]

Bi-LSTM Connection (24, 78)]
Output (24, 32)]

SA Input [(24, 32)]
Linear (in = 32, out = 32)
Output [(32)]

Liner Input [(32)]
Output [(1)]

Use R-Squared (R?) as the goodness of fit indicator for the model. The larger the
R? coefficient, the better the fit of the model, and the more data points fall within the
regression line. The specific calculation is shown below.

S (i = 9’
(v —7)?

In equations above, N is the total amount of all data in the dataset, y; is the true value,
y; is the predicted value, and 7 is the average of y.

R*(i) =1— (26)

4.4. Results and analysis of CBSA model ablation experiments. This section
will conduct ablation experiments on the CBSA model proposed in this article, mainly
targeting music emotional features of different distance lengths. The recognition tasks
with different DL (distance lengths) pose challenges to the performance of the model, and
the longer the distance, the higher the difficulty of music recognition. In this experiment,
BiLSTM, CNN-BIiLSTM, and BiLSTM-SA were used as baselines.

Taking Valence as an example, as shown in Table 3, the RMSE in Valence varies with
the increase of DL, as shown in Figure 3. The RMSE of BiLSTM at distance length 299
increases by 0.0087 and 0.0055 compared to distance lengths 99 and 199. This result proves
that LSTM has a decline in learning ability after exceeding a certain distance length. The
other three models achieved better results over long distances, which proves that using
long-distance data can improve recognition accuracy compared to short distances. As the
distance length increases, the recognition accuracy of the CBSA model gradually exceeds
that of other ablation models, this further proves that the CBSA model still has good
performance in more complex scenarios.

In addition to comparing the RMSE of the models, we will also compare the learning
speed. As shown in Figure 4, the blue part represents BiLSTM, the green part represents
BiLSTM-SA, and the yellow part represents CNN-BiLSTM, all of which are the baselines
used in the experiment. The red part represents the CBSA model proposed in this paper.
Firstly, by comparing the blue and yellow parts, it can be seen that the learning speed of
the yellow part has been significantly improved. Secondly, by observing the green and red
parts, it can be seen that the learning speed of the red part has been improved. Through
the above comparative experiments, it can be seen that adding CNN to the model can
improve learning speed.
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Figure 3. RMSE of different distance lengths in Valence models
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Figure 4. Training efficiency of different distance lengths in Valence models

4.5. Comparative experimental results and analysis. In recent years, there has
been a lot of research on music emotion recognition. To further verify the effectiveness
of the model performance, based on the same evaluation index, the method proposed in
this paper is compared with the baseline and current methods with better performance.
The following text provides a brief introduction to each comparison method.
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(a) MLR [23] is the baseline method for the dataset used in this article.

(b) BLSMT-RNN [24] is a recognition method used in the training evaluation of the
EmoMusic dataset at the Technical University of Munich.

(c) CBSA_eGeMAPS [25]. Based on the low-level audio emotion feature set of eGeMAPS,
the CBSA model is used to recognize music emotions.

(d) CBSA. Using the CBSA model to analyze multi-level musical emotional features and
achieve recognition of continuous dimensional musical emotions.

The evaluation index results are listed in Tables 3 and 4. According to Table 3, based
on the EmoMusic dataset, taking the Valence dimension RMSE recognition results as
an example, compared to the MLR, BLSMT-RNN, and CBSA_eGeMAPS methods, the
recognition accuracy of the proposed method decreased by 0.0686, 0.0286, and 0.0011.
This result proves that the proposed method has better recognition performance on the
EmoMusic dataset. The R? of the method in the article is 0.02 lower than that of
CBSA_eGeMAPS. This conclusion does not affect the comparison of recognition accu-
racy between the two methods, as R? is influenced by various factors such as features and
datasets.

According to Table 4, based on the DEAM dataset, taking the RMSE recognition results
of the valence dimension as an example, compared with the AC2DconvStat, ResNets au-
dioLIME, and CBSA_eGeMAPS methods, this method shows significant improvement in
performance. By comparing the data of R? in the table, it can be seen that the evaluation
index results of R? are easily influenced by features and dataset factors, further indicating
that using multi-level music emotional features can improve recognition accuracy.

Table 3. Summary of model accuracy based on the EmoMusic dataset

Arousal Valence
Dataset Model RVSE 7 RMSE 12
MLR 0.12 048 0.15 0
. BLSMT-RNN 0.10 0.59 0.11 0.42
EmoMusic

CBSA_eGeMAPS 0.0725 0.712 0.0825 0.567
CBSA 0.0711 0.707 0.0814 0.547

Table 4. Summary of model accuracy based on DEAM dataset

Arousal Valence
RMSE R? RMSE R?
AC2DConvStat 0.2003 0.5375 0.1928 0.162
ResNets-audioLIME ~ 0.25 0.51 0.21 0.54
CBSA_eGeMAPS 0.0795 0.615 0.0784 0.551
CBSA 0.0773 0.621 0.0767 0.555

Dataset Model

DEAM Dataset

5. Conclusions. Emotion recognition task is an important part of implementing arti-
ficial intelligence technology, and as part of its research, music emotion recognition is
associated to the technologies such as music psychotherapy, music education, and mu-
sic recommendation, which can promote the development of machine understanding of
emotions. This study aims to identify rich and delicate music emotions, based on a
continuous dimension emotion model, and conducts research on MER from both music
emotion features and recognition models. The specific tasks are as follows:



1662 Y. Cao and Y. Liu

This article provides an overview of the current research status and cutting-edge techno-
logical developments in music emotion both domestically and internationally, and briefly
introduces the theory and technology of music emotion recognition involved in the article.
Afterwards, research will be conducted on music feature mapping, extracting low-level
music emotional features, and using the MIRToolBox tool to extract mid to high-level
music emotional features based on music formation elements. Afterwards, we established
a CBSA model and conducted experiments, which verified the correctness of our research
approach.

The development of music emotion recognition technology has achieved certain research
results, and many researchers have provided new ideas and methods for music emotion
recognition, but it is still in the exploratory stage. Although the article has achieved some
research results on continuous dimension music emotion recognition to a certain extent,
due to the limitations of level and conditions, there is still a lot of research space in this
article. The following issues can be further studied in the future.

The basic data used in this study is audio data, but some songs give people a feeling of
happiness based on audio judgment, and after analyzing the lyrics, it is difficult to define
the emotions of the songs. For this purpose, future research can consider a multimodal
approach that combines audio, lyrical text, and video images to comprehensively describe
music emotions from multiple perspectives and improve the accuracy of music emotion
recognition.
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