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With the rapid development of information technology, digital music is subsequently increasing in large quantities, and how a
good integration of vocal input and recognition technology can be transformed into digital music can greatly improve the
efficiency of music production while ensuring the quality and effect of music. This paper focuses on the implementation and
application of human voice input and recognition technology in digital music creation, enabling users to generate digital music
forms by simply humming a melodic fragment of a piece of music into a microphone. The paper begins with an introduction
to digital music and speech recognition technology and goes on to describe the respective characteristics of various audio
formats, which are selected as data sources for digital music creation based on the advantages of the files in terms of retrieval.
Following that, the method of extracting musical information from music is described, and the main melody is successfully
extracted from the multitrack file to extract the corresponding musical performance information. The feature extraction of
humming input melody is further described in detail. The traditional speech recognition method of using short-time energy
and short-time overzero rate features for speech endpoint detection is analyzed. Combining the characteristics of humming
music, the method of cutting notes by two-stage cutting mode, i.e., combining energy saliency index, overzero rate, and pitch
change, is adopted to cut notes, which leads to a substantial improvement in performance. The algorithm uses the melody
extraction algorithm to obtain the melody line, merges the short-time segments of the melody line to reduce the error rate of
emotion recognition, uses the melody line to segment the music signal to generate segmented segments, then abstracts the
features of the segmented segments through a CNN-based structural model, and inputs the output of the model to the
regressor in cascade with the melody contour features of the corresponding segmented segments to finally obtain the emotion
V/A value of the segmented segments.

1. Introduction

In today’s digital and networked era, multimedia data has
become a major part of the data transmitted on the Internet
information superhighway. Multimedia technology is char-
acterized by interactive and integrated processing of audio,
text, and graphic information [1]. In multimedia systems,
multimedia content such as audio, image, and video cur-
rently occupies 70% of the network, and the number is
growing rapidly. Voice and music are the most familiar
and accustomed ways to deliver information, and sound

media is the most important media other than visual media,
occupying 20% of the total information volume [2]. Large-
capacity, high-speed storage systems provide the basic guar-
antee for massive storage of sound, and the use of sound
media in various industries is becoming more and more
widespread [3]. Also, the implementation and application
of human voice input and recognition technology in digital
music creation become increasingly important. With the
improvement of computer performance and Internet band-
width, as well as the development of multimedia information
compression technology and video/audio streaming
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technology, the realization and application of vocal input
and recognition technology in digital music creation provide
a good basis and guarantee [4]. However, in the process of
digital music creation, the old traditional music production
methods were followed, which could not reflect the advan-
tages and strengths of digital music and could not improve
the efficiency of music production as well as the quality
and popularity of music [5]. Therefore, people are no longer
satisfied with music creation through the general traditional
mode, and human voice input and recognition technology
provides a more efficient method for digital music creation.
Music as an important media resource, music creation has
a very important significance for music database and digital
library construction.

The sheer volume of multimedia resources on the web has
prompted digital music creation to become a mainstream
mode of music production [6]. People need efficient ways to
compose digital music, which in turn meets the demand for
massive music resources on the web. In addition, digital music
composition has broad research prospects and great applica-
tion value in karaoke retrieval and assisted video retrieval
[7]. Given the characteristics of music itself, digital music cre-
ation is completely different from traditional music creation.
The current digital music creation is based on text, which
includes the name of the music, the lyricist, the singer, and
the instrument played, and this information is integrated in
the computer [8]. The recognition of music based on similar
singers’ voices or similar styles and rhythms or even similar
backgroundmusic sounds has become a digital music creation
method that is gaining attention. This problem is cross-cut-
ting, involves a wide range of content, and is comprehensive,
involving computer science, information science, acoustics,
musicology, psychology, and so on. Speech is the most domi-
nant form that people use to communicate [9]. Therefore,
speech recognition has an extremely important position in
digital music creation. Sometimes we can naturally identify
the singer when we hear a piece of music because their voices
are different, and in general, the technology of speech recogni-
tion includes research inmany fields such as acoustics, linguis-
tics, and information processing. The scope of application is
very wide. It is widely used and has been researched for a long
time and has achieved very good scientific results [10]. Nowa-
days, audio retrieval is a kind of application related to audio
information, and music as a very special kind of audio, its
retrieval has been in the retrieval for lyrics, and the process
of retrieval is also through a certain music or simply humming
a certain lyric to find music in the music library. Up to now,
the use of audio for retrieval is still very rare [11]. Therefore,
the use of related technology to achieve similar music retrieval
can not only change the current manual retrieval method but
also singers can use the system to retrieve songs similar to their
own according to their own voice and style, which not only
can save a lot of time and achieve better results but also users
can automatically select their favorite songs from a large num-
ber of song music libraries to meet personalized music recom-
mendations and services.

With the development of speech signal processing tech-
nology, the system used to process audio signals now relies
more and more on the effective content of the processed sig-

nal, which first and foremost is to preprocess the audio sig-
nal, extract its effective signal part (meaningful part), remove
the useless part, provide an effective preprocessing method
for removing the unwanted part of the audio, and can better
improve the data processing. The efficiency and perfor-
mance of data processing can be improved. At the same
time, due to the rapid development of multimedia technol-
ogy and network technology, audio resources such as songs
are becoming more and more abundant, and the access to
them is becoming more and more diversified and simple.
How to retrieve the songs you need accurately and conve-
niently in the vast library of song resources has become an
urgent problem. At present, there are two major types of
song retrieval methods: text-based annotation methods and
content-based methods. At present, all practical song
retrieval systems use text-based methods, such as Baidu
Music Search, JiuKuMusic.com, and Search.com. This
method requires first manually annotating songs in the song
database with characteristics such as song name, singer, and
song classification, and then using keyword matching
methods to find them. This method has some defects that
are difficult to make up in practice. First, many features of
songs are difficult to be accurately described by text (e.g.,
singer’s voice characteristics, song style, rhythm, and back-
ground music tone), so it is difficult to search for these fea-
tures; second, the search accuracy of text matching
depends largely on the accuracy of text annotation, while
the evaluation of many features (e.g., song classification
and mood) is highly subjective and the accuracy is difficult
to be guaranteed. Third, the text-based approach cannot be
realized for the similar song retrieval demand of “finding
songs by songs.”

2. Related Work

For quite a long time in the past, music composition
required a high level of musical theoretical knowledge and
practical skills, so it has always been the case that only those
who had specialized education in music were able to do so
[12]. By now, many music lovers are familiar with digital
music creation. Music creation has developed mainly with
the development of computers, from the initial creation of
music by professionals, to the creation of music by people
with their own hobby of music, which is full of personalized
colors, to the music that affects all aspects of people’s lives
now. The history of music creation also began with the
emergence of electronic instruments in the 1930s and later
in the 1980s with the birth of MIDI technology, which is
now more widely seen in the establishment of various music
studios [13]. Nowadays, more people use digital music tech-
nology to create music, so it is convenient for more com-
posers to get rid of the old way of creating music
manually, and instead, composers can use the Internet to
find more factors and ways to create music, and it is conve-
nient and fast to create music. Sonar is just one of the pow-
erful computing software in the computer, which has more
information about music creation and also provides a
broader platform for musicians to show themselves; they
only need to copy, paste, and other simple operations by
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clicking the mouse to create music, they do not need to
imagine the music performance, tone, etc., and then modify
it again and again; the new way of music creation has greatly
changed the way of composers in the past. The new way of
composing music has greatly changed the way composers
used to compose [14].

Composers do not have to worry about the difficulty of
playing their works, the complexity of the scoring process,
and other technical concerns [15]. Many nonmusic majors
are now using their computer skills to compose music
according to their own understanding of music and hobbies.
And they have achieved very good results. Thus, the use of
digital technology for music composition is characterized
by diversity, which is manifested in many aspects, including
the genre, content, and style of music [16]. Moreover, with
the rapid development of computers today, digital diversity
is also reflected in the important influence that computing
technology brings to the field of music composition, for
example, the style of composition and aesthetic orientation.
Nowadays, people use computers to digitally process the
audio of music in order to get the rhythm they want. People
use music creation software to create music according to
their own preferences so that every music lover can easily
and conveniently record, edit, and other digital processing
of audio in the process of creation. The digital process
requires a thorough knowledge of digital audio processing
technology. Among the many software programs that use
computing software to create and debug MIDI music, the
most practical one is Cakewalk, which is not only a tool
for music lovers to create music but also for nonmusic
majors to become composers by using the software to create
high-quality music [17]. It requires a systematic study of
music knowledge and continuous exploration of music itself.
The advantage of computer software is to satisfy the dream
of ordinary people to create music [18].

The process of editing audio digitally is mainly done on
traditional audio, but this is very difficult for audio pro-
grams. The whole editing process is very troublesome, and
the editing and processing methods are very limited and
imprecise, mainly because it needs to be done with external
equipment [19]. Because there are many ways to edit and
process audio in this way, there are many ways to process
audio in any way one can think of. In addition, this method
of processing is characterized by the speed of the audio pro-
cessing and the promptness of the feedback, and the success
of the creation can be played and auditioned immediately.
At the same time, the quality and accuracy of the audio in
the editing are very high [20]. The range of adjustment for
each editing-related function of the software is large. The last
feature is that in the editing and processing process, no work
is required from the creator, just a simple pair of computers
and music editing software can do all the work, so you can
get professional-grade results at a civilian price [21].

3. Digital Music Based on
Recognition Technology

3.1. Algorithm for the Implementation of Human Voice Input
Recognition System. The first basis for judgment is to calcu-

late the features at the audio frame level and at the segment
level; using certain regulations, the actual calculated feature
values are compared with the set thresholds to identify seg-
ments of a piece of audio into three parts: silence, pure
music, and speech-music mix. In the song, the sound can
be divided into three categories: silence, pure music except
silence, and speech-music mixture.

It is very difficult to classify the recognition of pure
music and speech-music mixed segments in the music signal
(the same song) because of the high confusion susceptibility
of pure music and speech-music mixture. So only using two
features, short-time energy and overzero rate, cannot
achieve the classification effect well. In this paper, we pro-
pose a new algorithm based on human voice input and rec-
ognition technology, as shown in Figure 1.

In music signal preprocessing and feature extraction, the
commonly used feature parameters are frame average
energy, overzero rate or average overzero rate, resonance
peak, fundamental frequency, linear prediction coefficient,
and other parameters. Short-time energy is the main energy
accumulated in a signal about the sampling point within a
short-time audio frame, and its short-time energy calcula-
tion formula is as follows:

En = 〠
n

i=1
a qð Þw n − qð Þ½ �2: ð1Þ

In the formula, n is the nth short-time frame, aðqÞ indi-
cates the nth short-time frame within the mth sample point
signal value, N is the window length, and wðnÞ indicates the
length of the N window function. The above equation can
also be rewritten as

En = 〠
n

i=1
a qð Þw n − qð Þ½ �2 = 〠

n

i=1
x2 qð Þ ∗ h qð Þ: ð2Þ

The formula hðnÞ is defined as follows:

h qð Þ = e2 jð Þ + q2: ð3Þ

The short-time energy can be regarded as the output of
the square of the speech signal after a linear filter with
impulse response hðnÞ by the formula. Therefore, the nature
of the short-time energy is to some extent related to the
choice of the window function, that is, what type of window
function is used and how long the window function should
be chosen; if the window length is very long, the smoothing
effect of the grant window will be obvious, and the corre-
sponding curve of the short-time energy also changes slowly
with time so that the characteristics of the change about the
language is not well reflected; if the window length is too
short, it will appear that the short-time energy changes. If
the window length is too short, there will be a dramatic
change in the short-time energy with time, so it becomes
very difficult to get the smoothing energy function, so, in
general, the window length is chosen within 10ms-30ms.

Short-time overzero rate refers to the number of times
the value of the sampled signal changes between positive
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and negative in a short time frame, i.e., the number of times
it crosses the zero value (horizontal axis). It is the response
of the average frequency of the audio signal over a short
period of time and is calculated by the formula

Zq = 〠
n

i=1
w q −mð Þ, ð4Þ

where sgn ½� is the symbolic function defined as follows:

sgn q½ � =
1, x qð Þ > 0,
−1, x qð Þ < 0:

(
ð5Þ

As mentioned above, the short-time overzero rate is sen-
sitive to noise, and if the noise crosses the axes randomly
and repeatedly in the computer application, many overzero
artifacts can occur, which can have an important impact
on the results. Therefore, in order to improve the robustness,
the original signal is bandpass filtered during the operation
and certain permissions can be set for the overzero rate, as
shown in Figure 2. By calculating the average short-time
energy and the standard deviation of the excess zero rate
of the audio fragment to be recognized, we can distinguish
whether the music fragment is a pure music fragment or a
speech-music hybrid fragment.

3.2. Wireless Sensor-Assisted Identification. Here, the signal
oscillation of the noise is guaranteed to be unaffected by
the result of the overzero rate as long as it is kept within
the overthreshold. Audio fragments are proposed on the
basis of audio frame features. For all audio frames that make
up audio, calculating the mean, variance, standard deviation,
and other statistics of their audio frame features is the basic
method to obtain audio fragments. In terms of audio recog-
nition rules, the purpose of audio recognition is to roughly
classify the extracted audio clips into three parts: silence,
pure music, and speech-music mix. Since there is a clear dis-

tinction between these three audio categories, the recogni-
tion can be performed by the method based on the average
short-time energy and the standard deviation of the overzero
rate of the audio clips. Through experimental analysis, the
average short time energy and overzero rate are the main
two features of the standard deviation, as shown in
Figure 3. The values of these two features of the pure music
signal are smaller than those of speech, and by comparing
the basic standard deviation of the speech waveform and
the overzero rate, it can be found that there are obvious dif-
ferences in their standard deviations of the overzero rate,
where the music segment is located on the left side of the
dotted line and the speech segment is on the right side.

The amplitude of the audio signal is small and inaudible
to the human ear is the mute. The energy spectrum is char-
acterized by low energy over a long period of time and is
particularly distinctive in that the overzero rate of the mute
is very different from the rest of the spectrum. Although
there are also very short intervals of lower energy between
each word, so it cannot be used as a silent zone. The feature
of silence ratio is used here with the following rule.

(1) A silent clip is defined as when the share of silent
frames in a clip exceeds the threshold value S T

(2) The definition of a silent frame is when the energy of
an audio clip is well below a certain threshold. The
frequency of the current sound and the loudness of
the sound have a relationship to the threshold set-
ting, the louder the sound, the higher the threshold

For this reason, the method used for extraction is the
threshold ET determination method: an audio frame is con-
sidered to be silent when its temporal energy is below the
threshold RT when the average ratio of the temporal energy
within a 3-second window for sliding is shorter than the
threshold RT . An audio clip is considered to be a pure music
clip if the two characteristic values of the average short-term
energy and the standard deviation of the overzero rate meet
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Figure 1: Principle of recognition model for pure music and speech-music hybrid clips.
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certain conditions; otherwise, it is a mixed speech-music
clip.

3.3. Human Voice Input Recognition System. In nature, the
wide variety of sounds that humans can perceive is ulti-
mately generated by oscillations. Therefore, the first thing
you come across when performing audio signal processing,
and the most intuitive description of an audio signal, is the
time domain waveform of the audio signal. The sound is
converted into an electrical signal after passing through the
transducer, and the audio signal acquisition is realized,
which is the first job to be done in all audio processing sys-
tems. The electrical signal can be visually observed with an

oscilloscope as the external sound changes. Since computers
can only process digital signals, to draw the waveform of an
audio signal in a computer, the analog audio signal must first
be digitized, and then, the waveform of the audio signal is
drawn based on the sampling values of each sampling point.
In the waveform diagram, the changes in the energy of the
audio signal can be observed very clearly, and even the time
period of each note can be identified. The specific steps of
digital music creation are as follows.

Sampling theorem: a time-continuous signal mðtÞ with a
frequency band limited to ð0, f ÞHz, if T ≤ 1/2f seconds is the
criterion for equally spaced sampling, then mðtÞ will be
completely determined by the resulting sampling value. 300 to
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Figure 2: Threshold overzero rate diagram.
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3400Hz is the normal value of the human speech signal fre-
quency band. Therefore, when the voice signal is digitally trans-
formed, there are certain regulations for the sampling
frequency, which is generally not more than 8000Hz.
0.016~16kHz is the most basic range according to the analysis
of normal human hearing; as a young person hears more
clearly, he can hear the sound of 20kHz, so in general, equip-
ment is often used much higher than 8000Hz sampling fre-
quency, so that is more enough to get a higher quality sound.
The frequency range of music is related to a specific instrument.
The frequency range of piano is relatively wide, from 27.5Hz to
5000Hz, so 10kHz is enough to contain all the information,
and the frequencies used are 22.05kHz, 44.1kHz, etc. What is
quantization? It is mainly a process of representing the analog
sampling value, which is represented by a preselected level.
For the level of the analog signal according to the need for sam-
pling, the sampling valueXðTÞ is infinite; if the size of this sam-
ple value is to be expressed in N binary digital signal, then N
binary signal is expressed inM (2 of the nth power) level value.
So the sampling value is divided intoM discrete levels, and this
process is the quantization level.

Based on what was described in the previous sections, a
system was studied and developed to accept vocal humming
input, retrieve it through a database, and get the user’s hum-
ming name. The flow of the whole prototype system is
divided into three modules. The following figure shows the
functional block diagram of the system, and Figure 4 shows
the block diagram of the system implementation. The higher
the sampling frequency, the more accurately the discrete sig-
nal sequence will reflect the input continuous signal, which
is easy to understand because the higher the sampling fre-
quency, the less information will be lost.

After calculating the pitch saliency to obtain melodic
pitch candidates, the algorithm proposes to use the continu-
ity of pitch saliency, i.e., combining the continuity of audi-
tory stream cues and pitch saliency to create pitch
contours to reduce the problem of discontinuity of the same
sound source pitch sequence due to the difficulty of distin-
guishing similar pitches by auditory stream cues, on top of

creating pitch contours based on auditory stream cues that
maintain continuity in time and pitch. Considering that
the accompaniment is generally used for the modification
of main notes or for the repetition of musical fragments,
the repetition property of the accompaniment is proposed
in the selection of melodic pitch contours. Since the repeti-
tion property is expressed in the set of pitch contours as
pitch contours of equal length and pitch at different times,
the dynamic time regularization (DTW) algorithm will be
used to calculate the similarity between pitch contours and
reduce the nonlinear deviation introduced by the difference
of note length. Finally, based on the long-time relationship
between adjacent pitch contours, octave errors are proposed
to be detected based on the average of the pitch-weighted
mean values of adjacent pitch contours in time for each
frame, and melodic pitch lines are formed by smoothing
melodic pitch contours using the Viterbi smoothing algo-
rithm. Since there are strict inequalities in the pitch contours
in terms of time length, the length difference range of the
pitch contours satisfying the period relationship is set to.
In order to remove the nonlinear deviation caused by
unequal pitch contour lengths when calculating the period
of pitch contours, the DTW algorithm is used to calculate
the similarity between pitch contours. Considering that the
difference in pitch saliency between pitch contours satisfying
the period relationship is not very different, the DTW algo-
rithm is used to calculate the difference in pitch saliency
between the two pitch contours Cm and Cn, and the satisfy-
ing pitch contour is removed from the period for which the
pitch contour mC is calculated, since the melodic pitch con-
tour belonging to the dominant also has a certain long peri-
odicity. Secondly, the system uses MFCC coefficients and
short-time energy and overzero rate as feature parameters
and audio retrieval technology as the recognition framework
and uses GMM algorithm to train model parameters of
songs, carries out the calculation of model similarity between
sample songs and song feature library, realizes a song per-
sonality calculation and recommendation system, and ver-
ifies the system performance through experiments.
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Figure 4: Architecture of the human voice input recognition system.
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Programming sound in computers: the main part of pro-
gramming sound in computers is the recording, playback,
and operation of wa files through the sound card. In the
main system of the computer, Windows, the API is used to
support multimedia operations, which can be divided into
two main types: low-level interfaces and high-level inter-
faces. The low-level interface consists of a lot of functions
starting with wave, while the high-level interface is applied
in two ways: they are sending messages and sending strings.
When programming sound using the low-level pretext, the
low-level API functions and the data structures used for
sound programming and thus the handles are used.

4. Simulation Experiments and Result Analysis

Thirty humming audio clips of 10 to 15 seconds in length were
used for the experiment of retrieval, and the retrieval results
were output as the top three closest songs. The audio acquisi-
tion device was an external microphone. The experimental
results are shown in Figure 5. From the experimental results,
it can be seen that in the ideal case, the retrieval system can
obtain an accuracy rate of nearly 60% for humming retrieval.
The ideal situation is a situation where the user hums notes
with small pauses between notes, the hummed notes are accu-
rate, and the sampling environment is less noisy. The accuracy
of system retrieval is highly dependent on the accuracy of the
hummed pitch, the consistency of the hummed rhythm, and
the accuracy of the MIDI information in the database. When
the complexity of the MIDI file is high, such as more chord
tones, and the MIDI file producer adds more subsidiary infor-
mation, the retrieval rate decreases significantly. The phenom-
enon is related to the method of automatic extraction of MIDI
file features, which is still to be improved by future research
work. The hummer should have obvious pauses when hum-
ming, and the retrieval result is not satisfactory if the hum-
ming is too continuous. For the retrieval of continuous
humming, more in-depth research on the note segmentation
algorithm is needed.

Firstly, the system uses average short-time energy and
standard deviation of overzero rate as feature parameters
to accurately distinguish pure music and speech-music
mixed fragments in the same song according to audio recog-
nition rules, to achieve the function of removing pure music
parts in songs. The dataset for the simulation experiments
was taken from the introduced dataset DEAM15, containing
a total of 489 tracks in MP3 format. Of these, 431 tracks of
45 seconds in duration were used as the development set,
while the remaining 58 tracks were used as the test set.
The sentiment annotation of the dataset is based on the
Thayer sentiment model, with each annotation having a V/
A value in the range ½−1, 1� and an annotation interval of
0.5 seconds. The simulations are run on Ubuntu 14.04 in
the PyTorch framework, with an Intel Core i7-5930k
3.4GHz CPU, 32GB RAM, and TITANX 12G graphics card,
and a total of 5 different random divisions of the develop-
ment set are used for model training. Among them, 411
firsts were divided as the training set and 20 firsts as the val-
idation set, and the validation set had to be randomly
selected according to the genre distribution of the test data-

set to ensure that the datasets matched. The evaluation index
is evaluated by RMSE, which is the standard deviation of the
difference between the predicted and true values of the data-
set. The algorithm uses the openSMILE toolbox to extract
the frame-level features of the segmented segments. The fea-
tures are composed of 65 low-level acoustic descriptors,
including MFCC, spectral features, and features related to
the human voice. To use melodic contour features for emo-
tion recognition, melodic contour features based on pitch,
duration, vibrato, and contour type are extracted, totaling
10 features. To prevent overfitting of the model, a regulariza-
tion method with random deactivation of 0.5 is used. The
sequence information of short time segments is relatively
small, which is prone to produce wrong emotion recognition
results, so this chapter proposes the method of merging
short time segments. In order to verify the effectiveness of
this merging method, simulation experiments are conducted
before and after the merging of short time segments, and the
experimental results shown in Figure 6.

It can be concluded from this that comparing the values
of pleasantness and activation before and after merging, the
merging method reduces their values, indicating that the
merging method can reduce the false recognition of short-
time segments. To identify the emotions of segmented seg-
ments, the features of the segmented segments need to be
extracted first. To verify the effectiveness of the features
extracted based on the CNN structural model and the
melodic contour features, the two methods will be removed
separately for testing and compared with the complete algo-
rithm in this chapter, and the final results are shown in
Figure 7. The dynamic music emotion recognition algorithm
based on melody extraction and convolutional neural net-
work is proposed for music emotions that are not uniformly
distributed with time points and in order to abstract the fea-
tures within adjacent emotion change points. The experi-
mental results show that the algorithm in this chapter
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achieves results close to the best recognition algorithm and
greatly reduces the number of parameters of the model.
The audio fragment feature used in this method is the
zero-percentage standard deviation (ZCR_STD), which is
defined as the standard deviation of the zero percentage of
each frame in an audio fragment.

From this, it can be concluded that removing the CNN
structural model significantly reduces the recognition accu-
racy of V/A compared to the algorithm in this chapter,
which illustrates the importance of the CNN structural
model for the algorithm recognition, and this result also
reflects the effectiveness of the segmentation method in this
chapter. For the melodic contour feature, adding this feature
can further improve the recognition accuracy of the algo-
rithm, which illustrates the effectiveness of the feature. The
regressor, as the last stage of the algorithm, has many
methods to choose from. To improve the recognition accu-
racy of the algorithm, this chapter compares regressors such
as multivariate linear regression (MLR), SVR, and neutral
network (NN). Among them, SVR has a 3rd polynomial ker-
nel and NN is a single hidden layer network with 14 units.

Design and implement a prototype system that uses an
audio recognition algorithm based on average short-time
energy and standard deviation of overzero rate and a song
personality calculation algorithm based on MFCC and
GMM. The system can achieve the function of accurately
removing the mute and pure music parts of a song by
extracting feature parameters such as short-time energy
and overzero rate of the song, extracting the speech features
of the song using MFCC technique and generating the tem-
plate of the song using GMM algorithm, and then perform-
ing similarity calculation of the song file using the song
template library for similar song retrieval, which can accu-
rately retrieve from the music library the songs that are sim-
ilar to the sample songs that are similar (have the same
characteristics or style) to the sample songs from the music
library, which can achieve the requirement of personalized
music recommendation. The system is developed in C++
language using VC++ compilation environment, and all
functional modules are encapsulated by dynamic link librar-
ies. The modular design of the system is realized to enhance
the scalability of the system. All functions are processed by
multithreaded processing technology to improve the calcula-
tion speed of the system, and at the same time, the fault tol-
erance and the ability to handle abnormal errors of the
system are fully considered to realize the design of the reli-
ability of the system and the ability to handle data resources.

5. Conclusion

This paper researches the implementation of human voice
input and recognition technology in digital music creation,
studies and analyzes the key technologies such as prepro-
cessing technology, feature parameter extraction technology,
and Gaussian mixture model algorithm of music retrieval
system, and proposes the concept of “song personality” to
summarize features such as song style, rhythm, and back-
ground music. We propose an audio recognition algorithm
based on average short-time energy and standard deviation
of overzero rate, which can distinguish pure music and
mixed speech-music fragments in the same song more accu-
rately and achieve high accuracy in processing songs of dif-
ferent styles, different singers, and different languages.
Meanwhile, according to the need of similar song creation,
a method of song personality calculation and creation based
on MFCC and GMM is proposed and designed to realize the
digital music creation and retrieval function to better realize
the requirement of personalized digital music creation. A
high accuracy recognition algorithm for pure music and
speech-music hybrid audio clips based on average short time
energy and standard deviation of overzero rate is proposed.
The method of accurately distinguishing pure music and
speech-music mixed fragments in the same song is investi-
gated, which solves the problem of high confusion suscepti-
bility of pure music and speech-music mixed fragment
recognition and provides an effective preprocessing method
for removing unwanted parts of the song. The experimental
results show that by processing songs with different styles,
different singers, and different languages, the average detec-
tion rate is 92.08% for pure music fragments and 96.33% for
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speech-music hybrid fragments after smoothing, and the
average recognition correct rate is 92.30% for pure music
and 96.36% for speech-music hybrid.

By processing each note, the intensity, length, and rela-
tive pitch characteristics of the whole humming melody are
extracted for the implementation of vocal input and recogni-
tion technology in digital music composition. In the melody
retrieval part, a combination of exact matching algorithm
and fuzzy matching algorithm is used according to the spe-
cial characteristics of the humming melody to finally design
the system for the implementation and application of vocal
input and recognition technology in digital music
composition.
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