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*e work of music performance system is to control the light change by identifying the emotional elements of music. *erefore,
once the identification error occurs, it will not be able to create a good stage effect. *erefore, a multimodal music emotion
recognition method based on image sequence is studied. *e emotional characteristics of music are analyzed, including acoustic
characteristics, melody characteristics, and audio characteristics, and the feature vector is constructed. *e recognition and
classification model based on neural network is trained, the weight and threshold of each layer are adjusted, and then the feature
vector is input into the trained model to realize the intelligent recognition and classification of multimodal music emotion. *e
threshold of the starting point range of a specific humming note is given by the center clipping method, which is used to eliminate
the low amplitude part of the humming note signal, extract the short-time spectral structure features and envelope features of the
pitch, and complete the multimodal music emotion recognition. *e results show that the calculated kappa coefficient k is greater
than 0.75, which shows that the recognition and classification results are in good agreement with the actual results, and the
classification and recognition accuracy is high.

1. Introduction

Music is an art form that takes sound as a means of com-
munication and then produces emotional experience. Music
can communicate emotion directly in the form of sound
movement. *e essence of music is emotion. *e specific
form of music sound wave vibration is directly related to
human emotion. According to this connection, music can be
used to describe people’s emotional activities in detail. All
music activities obey and reflect the fluctuations of people’s
inner world, whether the creators and performers vent their
emotions or the listeners accept the emotional connotation
of the music. Nowadays, digital music technology has
brought great changes to music, a traditional and classic way
of emotional communication.*e development of computer
science has brought revolutionary progress to the creation,
communication, storage, and release of music works. Es-
pecially with the continuous enrichment of computer music
materials, it has become an urgent scientific research topic to
study the emotional information of music works by using

intelligent information analysis and processing methods, so
as to make the computer have the ability to recognize and
express music emotions like people. Music appeared earlier
than language. When human beings did not use language to
express their feelings, they had learned to use music [1, 2]. It
can be said that music plays an important role in human
history, and music has been integrated into all aspects of
human life [3]. With the continuous development of science
and technology, the creation, storage, and dissemination of
music have been greatly changed. Music is an art form that
takes sound as a means of communication and then pro-
duces emotional experience. Music can directly carry out
emotional communication in the form of sound movement
[4, 5]. It can be said that the essence of music is emotion.*e
specific form of music acoustic vibration is directly related to
human emotion. According to this connection, music can be
used to describe people’s emotional activities in detail [6].
All music activities obey and reflect the fluctuations of
people’s inner world, whether the creators and performers
vent their emotions or the listeners accept the emotional
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connotation of the music. Nowadays, digital music tech-
nology has brought great changes to music, a traditional and
classic way of emotional communication. *e development
of image sequence has brought revolutionary progress to the
creation, communication, storage, and release of music
works. Generally, image sequence noise is an unpredictable
random signal. Noise is very important for image sequence
processing. It affects all links of input, acquisition and
processing of image processing, and the whole process of
output results [7, 8]. In particular, the input of image and the
suppression of acquisition noise are very key problems. If the
input is accompanied by large noise, it will inevitably affect
the whole process and output results. *erefore, a good
image sequence processing system, whether analog pro-
cessing or digital processing by computer, takes reducing the
noise of the first level as the main target [9, 10]. In particular,
with the continuous enrichment of computer music mate-
rials, it has become an important research content to use the
image sequence intelligent information analysis and pro-
cessing method to study the emotional information of music
works, so as to make the computer have the ability to
recognize and express multimodal music emotions like
people.

In this regard, relevant scholars have proposed many
studies. Reference [11] proposed the common neural
mechanism of emotion processing in music and vocalization
and compared the neural mechanisms involved in vocali-
zation and music processing, so as to observe their possible
similarities in emotional content coding. Positive and
negative emotional sounds (such as laughter and crying) and
violin music stimuli extracted by numbers are used as
stimuli, which have common melody contour and main
pitch/frequency characteristics. Reference [12] proposed
that the semantic and episodic memory of music are pro-
vided by different neural networks, and the extraction of
brain semantic memory and episodic memory is completed
by different neural networks. It is basically obtained through
language and visual space materials. Two delay identification
tasks are constructed, one containing only familiar items and
the other only unfamiliar items. For each recognition task,
the general extraction target is presented in the previous
semantic task. By comparing two perceptual control tasks
with another perceptual control task, the situational task and
semantic task are compared. Based on the above analysis, a
multimodal music emotion recognition method based on
image sequence is proposed. *e music emotion features
including acoustic features, melody features, and audio
features are analyzed, and the feature vector is constructed.
*e recognition and classification model based on neural
network is trained, the weight and threshold of each layer are
adjusted, and the feature vector is input into the trained
model to realize the intelligent recognition and classification
of multimodal music emotion. *e threshold of the starting
point range of a specific humming note is given by the center
clipping method, which is used to eliminate the low am-
plitude part of the humming note signal, extract the short-
time spectral structure features and envelope features of the
pitch, and complete the multimodal music emotion rec-
ognition. *e recognition and expression of multimodal

music emotion enable users to realize emotional human-
computer interaction through music, which enriches the
research content of human-computer interaction
technology.

2. Multimodal Music Emotion Recognition and
Classification Based on Image Sequence

In addition to the necessary music itself, a perfect music
performance is a complementary live atmosphere. In music
performance, the contrast of the on-site atmosphere is
mainly realized by lighting, which is often changed with the
emotional factors expressed in the music to assist the music
to create a good stage effect. In this context, in order to better
control the light, multimodal music emotion recognition is
very important [13–15]. *erefore, aiming at multimodal
music emotion, a classification and recognition model is
constructed to complete the research on intelligent recog-
nition and classification of multimodal music emotion in
music performance system.

2.1. Analysis of Emotional Characteristics of Multimodal
Music. *e realization of multimodal music emotion rec-
ognition is based on multimodal music emotion features, so
multimodal music emotion feature extraction is the first link
of this research [16, 17]. In the previous multimodal music
emotion classification, most of them take a music feature as
the classification basis. Although they can also complete the
classification task, their accuracy cannot be guaranteed. In
order to solve the above problems, in this study, a variety of
music features are extracted and fused based on image se-
quences and then classified and recognized based on fusion
features. *e principle of image sequence is shown in
Figure 1.

In order to identify the emotional characteristics in
music [18], it is necessary to understand the composition of
music. Among them, the music related factors that can
obviously show emotional characteristics include acoustic
characteristics, melody characteristics, and audio
characteristics.

2.1.1. Acoustic Characteristics. Acoustic feature refers to the
physical quantity that represents the acoustic characteristics
of multimodal music speech. It is also a general term for the
acoustic performance of many elements of sound, for ex-
ample, the energy concentration area, formant frequency,
formant intensity, and bandwidth representing the timbre of
multimodal music, as well as the duration, fundamental
frequency, and average voice power representing the pro-
sodic characteristics of multimodal music speech. For the
classification of multimodal music speech, the traditional
method is to study the characteristics of pronunciation
organs, such as the tongue position of vowels, front and
back, and the pronunciation position of consonants. Now,
with the progress of science and technology, further fine
research can be made according to the acoustic
characteristics.
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Acoustic factor is the most basic component of music
[19, 20]. Music with different emotions shows different
acoustic characteristics, and the basic corresponding rela-
tionship is shown in Table 1.

2.1.2. Melody Characteristics. Melody features are also called
melody features; that is, the lines composed of high and low
tones with different lengths are the soul of music and the
melody of music. *e tones are organized according to
certain laws [21–23]. *e extracted features include five
aspects.

(1) Balance parameter Y1: Balance refers to the pro-
portional value of the volume in the left and right
channels. *e calculation formula is as follows:

Y1 � Pan(k), k � 1, 2, . . . , 16. (1)

(2) Volume parameter Y2: Volume refers to the loudness
of the sound that can be heard by the human ear.*e
calculation formula is as follows:

Y2 �
Volume

127
. (2)

(3) Pitch parameter Y3: Pitch refers to the vibration
frequency of the fundamental frequency of a note.
Fast paced music has fast vibration frequency; on the
contrary, it has slow vibration frequency. *e cal-
culation formula is as follows:

Y3 �
1
n



n

i�1
Pitch. (3)

(4) Average strength parameter Y4: Strength refers to the
strength of the power generated by music. Soothing
music has weak strength, while more shocking music
has strong strength [24, 25]. *e calculation formula
is as follows:

Y4 � 
N

i�1

Vel(k,i)

N
, k � 1, 2, . . . , 16. (4)

(5) Note energy parameters Y5: Note energy refers to the
sum of the product of note pitch and length. *e
calculation formula is as follows:

Y5 � 
n

i�1
Pij × Dij , j � 1, 2, ..., 16. (5)

In the formula,Pan(k) represents the balance value of left
and right channels, and its value range is 0–127; Volume
represents the volume of the track, with a range of 0–127;
Pitch stands for note pitch; n represents the number of notes
in the track; Vel(k,i) represents the intensity value of the i note
in the k track; k indicates track number; N represents the
number of notes in the k track; Pij andDij represent the pitch
and length of i notes in the j track channel.

2.1.3. Audio Features. Audio feature is an important con-
dition for recognizing and identifying multimodal music
emotion. Different music emotion is expressed through
different audio features. Audio is one of the important
influencing factors in music, which affects the rhythm of
music.*e faster the rhythm, themore obvious the audio, and
the happier the multimodal music emotion expressed. On the
contrary, multimodal music emotion is more dull or de-
pressing [26, 27]. *e description of audio features based on
image sequences can be carried out from two aspects, real-
time domain features and frequency domain features [28].

(1) Time domain characteristics
*e time domain characteristics of audio refer to the
time domain parameters of each frame calculated
from the music signal, mainly including zero
crossing rate and amplitude [29–31].*e following is
a specific analysis.

(1) Zero crossing rate Zn: Zero crossing rate refers to
the frequency at which the audio signal wave-
form passes through the zero level. Generally
speaking, the zero crossing rate in the high-
frequency band of a piece of music will be rel-
atively high; on the contrary, the zero crossing
rate will be relatively low. *rough this param-
eter, we can well distinguish between voiced and
unvoiced sounds in music. Generally, unvoiced
sounds are mostly used in cheerful music, while
voiced sounds are often used in slow and deep
music. *e calculation formula of zero crossing
rate is as follows:

Zn �


N
m�1 sgn snx(m)  − sgn snx(m − 1) 

2N
. (6)

In the formula, snx(m) represents the symbol
function of the audio signal x(m); N represents
the effective width of the window; n represents
the time position of the window.

(2) Range Mn: Amplitude refers to the width expanded
by the waveform vibration of audio signal [32–34].
*e more passionate the music, the greater the audio
amplitude. *e more soothing the music, the
smoother the audio amplitude. *e audio amplitude
is described as follows:

CCD camera

Music platform

Computer

Laser

Optical fiber

Figure 1: Schematic diagram of image sequence.
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Mn � 
n

m�n− (N− 1)

|x(m)w(n − m)|

� 
n

m�n− (N− 1)

|x(m)|w(n − m).

(7)

In the formula, w(n − m) represents the moving
window function.

(3) Frequency domain characteristics: *e frequency
domain characteristics of audio include two: spectral
centroid Ct and spectral flux Ft. *e calculation
formula is as follows:

Spectrum centroidCt �


N
n�1 Mt[n] × n


N
n�1 Mt[n]

,

Spectral fluxFt � 
N

n�1
Nt[n] − Nt− 1[n]( 

2
.

(8)

In the formula, Mt[n] represents the amplitude of
the short-time spectrum of the t frame at the fre-
quency point n; Nt[n] and Nt[n − 1] represent the
normalized amplitude of the spectrum of the t frame
and the t − 1 frame at the frequency point n,
respectively.

Based on the above three categories and 14 multimodal
music emotional features, a feature vector is formed, which
is used to describe the emotional factors of a piece of music.
It is described as follows:

U � U1, U2, U3 . (9)

In the formula, U1 represents acoustic characteristics; U2
represents melody characteristics; U3 represents audio
characteristics. *e audio feature structure is shown in
Figure 2.

2.2. Construction of Multimodal Music Emotion Recognition
Classification Model. Based on the emotional features
contained in the above music, a classification and rec-
ognition model is established to realize multimodal music
emotion recognition and classification, and a neural
network is used to construct the model [35, 36]. BP neural
network is an intelligent algorithm invented by simu-
lating the working principle of human brain neural
network. *e neural network mainly includes three

layers, and the classification processing is realized
through the operation of each layer. *e classification and
recognition model constructed by this algorithm is shown
in Figure 3.

In Figure 3, training is the key in model construction,
and the specific process is as follows. First, enter the choice of
training samples, and after operation of hidden layer and
output layer, you will get results, and then to compare the
results with the expected results, when the difference be-
tween them is less than the set threshold, the training is
completed; otherwise, there will be back propagation, dif-
ference from the output to the input, and repetitive process,
until you reach the optimal weight and threshold. *e
purpose of BP neural network training is to adjust and
optimize the weights and thresholds connected at every two
levels in the model. *erefore, the formula is given as
follows.

(1) Adjustment formula of connection weight wij and
threshold θj between input layer and hidden layer:

wij(N + 1) � wij(N) + β · μk
j · ci

θj(N + 1) � θj(N) + β · μk
j

i � 1, 2, · · · , n

j � 1, 2, · · · , p

0< β< 1

.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(10)

In the formula, μk
j represents the error value in the

hidden layer; ci represents the input eigenvector; N

represents the number of iterations; k represents the
number of training samples; n represents the number
of neurons in the input layer; p represents the
number of neurons in the hidden layer.

(2) Adjustment formula of connection weight vjt and
threshold ct between hidden layer and output layer:

Table 1: Corresponding relationship between acoustic characteristics and multimodal music emotion.

Acoustic characteristics Happy Hate Anger Sadness Fear
Pronunciation Normal Normal Tighten Vague Clear
Pitch mean Very high Very low Very high Slightly lower Very high
Pitch range Very wide Slightly wider Very wide Slightly narrow Very wide
Pitch change Smooth, curved up Wide, downward bending Stress mutation Bend down Normal
Tone quality Breathing sound, singing sound Mumble, chest sound Breathing sound Resonance sound Sharp voice
Speed of speech Fast or slow Very fast Slightly faster Slightly slower Soon
Strength High Low High Low Normal

Audio data 
collector Recommendation engine

Implicit scoring extractorAudio player

Restatement

GradeFlow

Playlist

Figure 2: Audio feature structure.
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vjt(N + 1) � vjt(N) + α · d
k
t · yj

ct(N + 1) � ct(N) + α · d
k
t

j � 1, 2, · · · , p

t � 1, 2, · · · , q

0< α< 1

.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(11)

In the formula, dk
t represents the error value between the

target eigenvector and the actual output vector; yj represents
the output of the hidden layer.

*e trained model based on BP neural network can
realizemultimodal music emotion classification by inputting
test music samples.

2.3. Intelligent Recognition of Note Starting Point Based on
Clipping

2.3.1. Calculation of Correlation Function between Note
Signals. In the process of intelligent optimization and
recognition of the note starting point of feature tone re-
trieval, the initial note signal is preprocessed based on the
image sequence to filter the noise of the high-frequency part.
*e random note signal is divided into short-term stationary
signals based on the image sequence, the similarity between
different phonetic waveform signals is calculated, and the
cross-correlation function between each note signal is ob-
tained.*e design of recognition framework based on image
sequence is shown in Figure 4.

Pervasive environment combines network technology
and mobile technology and designs a customer-oriented

adaptive recommendation structure. Pervasive environment
is composed of network devices, including computers,
mobile phones, and various network connected appliances,
and network services including computing, management,
and control. In this environment, the network can collect
query, configuration, and management information from

Music samples

Test sample

Training
sample

Features

Features

Neural network
recognition

model
Result

Initialize
weights and
thresholds

Output of
each layer

Error between actual output
and expected output

Is it less than the
threshold

Output
threshold and

weight
Back

propagation

Adjustment

Y N

Figure 3: Classification and recognition model based on BP neural network.

User query System 
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Network

Web 
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Interface server

Network
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Figure 4: Frame diagram of recognition based on image sequence.
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users and administrators, transfer these pieces of informa-
tion to each server port, and then apply them to the com-
prehensive platform through the network to provide the
basis for the design of the recommendation system.

*e specific steps are detailed as follows.
Assuming that n represents the note frame length and N

represents the sampling points in the frame, each humming
note signal in the feature tone retrieval is windowed and
framing processed by formula (11), so as to make each
humming note signal short-term stable:

W(n) �
x(n) × E(n)

N × n
. (12)

In the formula, x(n) represents any humming note
signal and E(n) represents the short-time energy of x(n).

Assuming that s(k) represents the current sampling
value of short-time humming note signal, s(k) is defined as
the linear combination of historical sampling value and
excitation signal, which is expressed by the following
formula:

s(k) �
s(n) × e(n) × v(n)

ai × p
× G. (13)

In the formula, ai represents the prediction coefficient of
the image sequence, p represents the prediction order of the
image sequence, G represents the gain factor of the image
sequence, e(n) represents the glottic pulse excitation of the
image sequence, and v(n) represents the channel response
value of the image sequence.

x(n) is judged as the result of glottic pulse excitation
e(n) filtered by channel response v(n), and e(n) is a short-
time humming note signal with periodic characteristics.

Assuming that Rcorss(t) represents a function with the
same period, the similarity between waveform signals of
different humming notes is calculated by the following
formula:

Rauto(t) �
1
N



N

n�1
x(n)x(n + t). (14)

*e similarity between the waveform signals of different
humming notes mainly has two states: Cross and Jiugong
grid, as shown in Figures 5 and 6.

Regular squares are used to represent the similarity
between different humming note waveform signals. Gen-
erally, the image sequence value is 0 or 1. *e two-di-
mensional space is formed by a large number of image
sequences. *e adjacent elements are the subelements to be
studied, and their shape is mainly square. y(n) represents
x(n) and signals with the same period T, and the mathe-
matical expression for discrete-time signals is given by the
following formula:

Rcross(t) �
1
N



N

n�1
x(n) × y(n)

T
. (15)

Based on the image sequence, the center clippingmethod
is used to give the threshold of the starting point range of
specific humming notes, which is expressed as follows:

x″(n) �
s(n) + g(n)

y(n) × x(n)
. (16)

In the formula, represents Additive White Noise
Gaussian independent of s(n). y(n) is the third-order level
signal of humming note searched by x(n) through clipping
method, eliminates the low amplitude part of humming note
signal, and calculates the correlation function between
humming note starting point signals.

To sum up, it can be explained that, in the process of
intelligent optimization and recognition of note starting
point of feature tone retrieval, the initial note signal is
preprocessed, the similarity between different note wave-
form signals is calculated, and the cross-correlation function
between each note signal is obtained, which lays a foun-
dation for intelligent optimization and recognition of note
starting point of feature tone retrieval.

2.3.2. Intelligent Optimization Recognition of Note Starting
Point Based on Starting Point Feature. Because the melody
pitch feature extraction is a key link in the intelligent op-
timization and recognition of the note starting point of the
feature tone retrieval and directly affects the quality of the
feature tone retrieval, in the process of recognition, the
short-term spectral structure features and envelope features
of the melody pitch are extracted based on the correlation
function between the obtained note starting point signals
based on the image sequence. Based on the feature trans-
formation and fusion of each melody pitch starting point,
the intelligent optimization recognition of note starting

Figure 5: Cross structure.

Figure 6: Jiugong lattice structure.
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point is completed. *e flowchart of image sequence feature
extraction is shown in Figure 7.

According to Figure 7, firstly, the input multimodal
music audio signal is prefiltered to convert the input analog
audio into a digital audio signal within the sound frequency
range that can be received by the human ear. Secondly,
according to the short-time stability of the audio signal, the
preweighted audio signal is processed into frames, and the
Hamming window is used to window the signal of each
frame to reduce the influence of Gibbs effect. *e short-time
Fourier transform converts the time domain signal into the
frequency domain signal, which is convenient for the tri-
angular window filtering of the subsequent Mel filter. *en,
the logarithm of the filtered signal is taken, and the discrete
cosine transform is carried out to remove the correlation
between the signals of various dimensions, and the signal is
mapped to the low dimensional space. Finally, the Mel
cepstrum coefficient is obtained by spectral weighting,
cepstrum mean subtraction, and difference processing.
Because the lower order parameters of cepstrum are easily
affected by the characteristics of speaker and channel, the
recognition ability is improved.

*e specific steps of intelligent optimization identifica-
tion are detailed as follows.

Assuming that z(o) represents the smoothing parame-
ters of the pitch trajectory, based on the obtained Rcross′ (t),
the short-time spectral structure features of the extracted
humming melody pitch represented by BN and the envelope
features represented byMFCC are extracted by the following
formulae:

BN �
Rcross′ (t) × z(o)

ϖ(j) × ε(h)
, (17)

MFCC �
Rcross′ (t) × z(o)

ϖ(j) × BN
. (18)

In the formula, ϖ(j) represents the number of starting
points of humming notes and ε(h) represents the offset
vector.

A set of transformationmatrices for the starting points of
humming melody pitch is obtained by discrimination
training. Based on the image sequence, each transformation
matrix in the set corresponds to a region in the feature space
division of the starting points of humming notes, which is
transformed with the transformation matrix corresponding
to the region to which the feature vector belongs. It is as-
sumed that o(t) represents the input feature of time t, Ai

represents the transformation matrix corresponding to the i

domain, and the characteristic transformation of the s

melody pitch segment is described by the following formula:

os
′(t) � R 

Ai

i�1
S × o(t) × xi,s. (19)

In the formula, R represents the starting paragraph of
melody pitch after domain division and xi,s represents the
weight coefficient corresponding to the selected feature
transformation matrix Ai.

Assuming that h represents the excitation signal of the
BN layer humming melody pitch node, the transformation
matrix features represented by MBN and MRDLT are fused by
the following formula:

ycon(t) �
M

BN
, M

RDLT
 

h × xo(t)
. (20)

In the formula, xo(t) represents the regularization
function.

Assuming that the estimated value of β noise spectrum is
used, the parameters of the fused transformation matrix
feature ycon(t) are optimized by the following formula:

HMPE Ycon(  �
ycon(t) × M

BN
× M

RDLT

M
O

. (21)

In the formula,MO represents the transformationmatrix
corresponding to the nonzero coefficient term. Based on the
results calculated by formula (21), the intelligent recognition
of note starting point in feature tone retrieval can be ef-
fectively completed, so as to complete the research of
multimodal music emotion recognition method based on
image sequence.

3. Experimental Analysis

In order to test the application effect of the multimodal
music emotion recognition method based on image se-
quence, MATLAB software is used as the algorithm oper-
ation platform, and a specific example is selected for
simulation test and analysis. *e experimental environment
settings are shown in Table 2.

*e samples selected in the test are from the emotional
corpus. According to the selected samples and the emotions
to be expressed, they are divided into five categories. *e
specific distribution of samples is shown in Table 3.

Kappa coefficient is selected as the index to evaluate the
intelligent recognition and classification of music emotion.
Kappa coefficient is used for consistency test and classifi-
cation accuracy. Its calculation formula is as follows.

Pre aggravation

Framing

Pre filtering

Windowing

Take logarithm

Spectral 
weighting

Triangular 
window filtering

Cepstrum mean 
subtraction

Image feature 
recognition

End

Start

Figure 7: Flowchart of image sequence feature extraction.
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k �
po − pe

1 − pe

. (22)

In the formula, po is the observation consistency rate and
pe represents the expected consistency rate. *e larger the
values of k ∈ [− 1, 1] and the larger the k value, the more
consistent the two results. When k≥ 0.75, the results are
consistent and the classification recognition is more accu-
rate. If k< 0.4, it indicates lack of consistency and poor
classification and recognition accuracy.

Input the test samples in Table 3 into the trained neural
networkmodel, test the samples, count the sample test results,
and calculate the kappa coefficient. *e results are as follows:

kHappy � 0.855,

kSadness � 0.870,

kTender � 0.912,

kAnger � 0.825,

kFear � 0.811.

(23)

*e kappa coefficient k values calculated above are
greater than 0.75, indicating that the recognition and clas-
sification results are in good agreement with the actual
results, and the classification and recognition accuracy is
high, which has achieved the research purpose. *e

Table 2: Experimental parameter setting.

Parameter Numerical value
Node 10
CPU 2
Core frequency 1.9GHz
Memory 8GB

Table 3: Distribution of test samples.

Emotion type Music clip name Characteristic dimension Sample properties

Happy

Red head rope fragment 455 Training sample
Love in the rain 355 Training sample
Carmen fragment 784 Test sample
Trout fragment 232 Test sample

Sadness

Schindler list theme song clip 534 Training sample
Liang Zhu fragment 454 Training sample
Pathetique fragment 234 Test sample
Parting fragment 545 Test sample

Tender

Lullaby fragment 215 Training sample
Blue Danube segment 313 Training sample

Little star clip 534 Test sample
To Alice 341 Test sample

Anger

Polish dance pieces 132 Training sample
Destiny fragment 1 431 Training sample

International song clip 453 Test sample
Empty madness 315 Test sample

Fear

Gloomy Sunday clip 341 Training sample
Ghost call clip 345 Training sample

*irteen pairs of eyes 422 Test sample
Step by step press clip 244 Test sample

Table 4: Recognition results of some music clips.

Music clip name Emotion type Paper method Reference [11] method Reference [12] method
Little star clip Tender Tender Sadness Sadness
Blue Danube segment Tender Tender Sadness Happy
Liang Zhu fragment Sadness Sadness Tender Tender
Love in the rain Happy Happy Tender Tender
Trout fragment Happy Happy Happy Tender
Ghost call film Fear Fear Fear Sadness
Segment 2 Sadness Sadness Sadness Fear

8 Scientific Programming



multimodal music emotion recognition method is used to
identify the music fragments in the test set, and some test
samples and their discrimination results are intercepted, as
shown in Table 4.

It can be seen from Table 4 that the identification results
of the same test sample by different methods are different.
Rhythm andmelody characteristics have a great influence on
the recognition of music emotion. On the premise that the
image sequence is unchanged, selecting the appropriate
music feature input vector will improve the accuracy of
multimodal music emotion recognition to a certain extent.

4. Conclusion and Prospect

4.1. Conclusion. Multimodal musical emotion is a break-
through in the field of artificial intelligence. It has become a
new research feature of computer science, cognitive science,
neuroscience, brain science, psychology, behavioral science,
and other interdisciplinary fields. Multimodal musical
emotion understanding is an important branch of emotion
computing and has a broad development prospect. *e
multimodal music emotion recognition method based on
image sequence verifies the performance of the algorithm
through an example. *e kappa coefficient proves that the
classification recognition accuracy of the algorithm is high,
which achieves the research goal. Meanwhile, the rhythm
and melody characteristics have a great influence on the
recognition of music emotion.

4.2. Prospect. *e possible future research direction is to
apply deep learning method to music emotion recognition.
Deep learning is a kind of based on feature hierarchical
structure, characteristics of unsupervised learning learning
method, has a lot of the hidden layer of all the excellent
characteristics of artificial neural network learning ability,
learning and to the characteristics of the characterization of
the nature of the data more throughmillions of music is used
to study characteristics. *us, let the machine independently
choose better music features to describe the relationship
between the music and the emotion.
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