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Abstract Precise control of pitch variation in double bass playing has a decisive impact on musical expressiveness.
Traditional analysis methods are difficult to accurately capture their complex patterns and require advanced
algorithmic support. This study explores the application of support vector regression modeling in the analysis of
pitch change patterns in double bass performance. By establishing a particle swarm optimized support vector
regression (PSO-SVR) prediction model, we compare and analyze the pitch change characteristics under different
bowing methods and propose a performance optimization method. The study firstly adopts the radial basis function
as the kernel function, and uses the particle swarm algorithm to optimize the parameters of the SVR model, and
obtains the optimal value of the penalty factor as 37.5431, and the optimal value of the kernel function kernel width
parameter as 0.2876. The experimental results show that the PSO-SVR model has the mean squared error (MSE)
of 0.0671 on the test samples, the coefficient of determination (R?) reaches 0.9415, and the average absolute error
(MAE) is 0.2114, and the prediction performance is significantly better than the random forest model and the
standard SVR model. Through the case study, the model was successfully applied to visualize and analyze the
performance details of “The Morning of Miaoling”, revealing the mechanism of the influence of different playing
techniques on the timbre effect. The results provide a quantitative basis for the optimization of double bass playing
techniques, which has important theoretical value and practical significance.

Index Terms Support vector regression, Particle swarm optimization, Double bass, Pitch change, Performance
optimization, Timbre analysis

. Introduction
In the process of orchestra performance, the double bass plays an extremely important role, it is the pillar of sound
and the foundation of rhythm. Therefore, in the process of orchestra performance to ensure the full play of the role
of the double bass, control the pitch, find the intonation of the double bass is very important [1]. The double bass is
the largest instrument in the string family, with a low tone and very thick strings, making it more difficult to press the
strings with the left hand and to articulate them [2]. Also, unlike other instruments with keyboards, the bass can be
tuned for intonation. However, the bass player can only see the black fingerboard during playing, but not the exact
position of the pitch [3], [4]. The characteristics of the double bass itself bring great challenges to the player,
requiring the player to have good pitch hearing and discrimination ability in order to be able to recognize the pitch
of the double bass well in the process of playing [5]. Changes in pitch will inevitably affect changes in timbre, which
in turn affects the performance effect. In professional instrument performance, the dynamic characteristics of pitch
change become an important factor in the performance effect. In different bass performances, pitch change
requirements are different, and their physical properties and artistic performance are the crux of pitch control [6].

The support vector regression model can find the optimal hyperplane to fit the data and predict continuous
variables [7]. The method is based on the principle of structural risk minimization, using the kernel function to map
the data into a high-dimensional space, which can effectively deal with the nonlinear regression problem, and shows
special advantages for music analysis. Using the structural risk minimization algorithm, it has strong anti-
interference ability to abnormal data, and can accurately analyze the differences of multiple performance styles [8],
[9]. Automatically make the modeling of high-dimensional data, mapping the high-dimensional data of complex
performances into the low-dimensional feature space and forming the optimal classification boundary, exploring the
correlation of more quantitative data, and adjusting the pitch [10], [11]. The operation is simple, fast, has strong
convergence, and can be analyzed in real time, realizing real-time analysis at the performance site [12].

As the instrument with the lowest range in the family of stringed instruments, the double bass plays an
irreplaceable role in symphonic and chamber music because of its rich timbre changes and unique expressive power.
In the process of playing, the pitch change patterns have a decisive influence on the musical expression, and it is
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a very challenging task for players to accurately grasp and control these change patterns. For a long time, the
teaching of bass playing skills mainly relies on experience and subjective feelings, and lacks scientific and
quantitative analysis methods. With the development of computing technology and artificial intelligence, it is possible
to model and predict the change rule of playing pitch using machine learning methods, which provides new ideas
and methods for the optimization of playing skills. Support vector machine (SVM), as a powerful machine learning
algorithm, performs well in dealing with complex nonlinear relationships, and its derived support vector regression
(SVR) model has high accuracy and generalization ability in prediction problems. However, the kernel function
parameters and penalty factor selection of the standard SVR model have a significant impact on the model
performance and need to be further optimized. Particle swarm optimization (PSO) algorithm is widely used in
parameter optimization problems due to its advantages of high search efficiency and simple implementation, and
the PSO-SVR model formed by combining it with SVR is expected to improve the prediction accuracy. In this study,
the principle of support vector machine regression is firstly analyzed in depth, and the radial basis function (RBF) is
identified as the best choice of kernel function by comparing and analyzing the effects of different kernel functions
on the model performance. Subsequently, the particle swarm optimization algorithm is introduced to globally
optimize the key parameters of the SVR model and construct the PSO-SVR prediction model. On this basis, the
characteristics of the timbre effects produced by different playing techniques (pulling, striking and plucking) of the
double bass are systematically analyzed to lay a theoretical foundation for the subsequent application of the model.
The model is trained and tested by collecting real performance data, and its performance is compared with that of
the random forest (RF) model and the standard SVR model to verify the effectiveness and superiority of the
proposed model. Finally, the classic piece “The Morning of Miaoling” is selected as a case study, and the PSO-SVR
model is applied to visualize and analyze the tempo, intensity and pitch changes in the performance, so as to reveal
the influence of different playing techniques on the musical performance from a quantitative perspective. The
innovation of this study is to apply the advanced machine learning method to the analysis of double bass playing
techniques, establish a prediction model of pitch change in playing, and present the analysis results through
visualization, which provides objective and quantitative technical references for players, and helps to promote the
scientific development of playing techniques and the innovation and improvement of teaching methods. The
research results not only have a guiding significance for the optimization of bass playing techniques, but also provide
a reference for the analysis of other stringed instruments' playing techniques.

Il. Improved Support Vector Machine Regression Modeling for Predicting Pitch Changes
in Performance

Il. A.Support vector machine regression model

Il. A.1) Support vector machine regression principle

Support vector machines were invented in the early 1990s by Vladimir Vapnik and Corinna Cortes. Support vector

machines began to delve deeper into the problem of linear differentiation by reflecting the training dataset into a

new, high-dimensional description, whereupon they searched for the best possible bounds on the hyperplane in the

space. And optimize the connection distance between the nearest data points on the hyperplane and each type as

much as possible in order to estimate the correct decision bounds, and such decision bounds can be well introduced

in the training dataset as well as in new sample datasets outside the training dataset [13].

The regression type support vector (SVR), as a type of support vector machine, is distinguished from the typed
support vector (SVM) machine mainly by the introduction of insensitive functions in the SVM topology. The structural
features of support vector machine are mainly to use kernel trick, soft interval maximization to solve a nonlinear
problem, and then use slack variable constraints to make more sample sets meet the constraints to solve the
regression fitting problem.

Let there be a multivariate linear regression fit function in sample set (x;,y;) in a high-dimensional space:
S (x)=wd(x)+b (1)

where X, f(x) represent the input, output values of the training sample set, respectively. Where,
x=[x,%,,x],y =¥, ¥,], i isthenumber of samples of the inputs; W is the persuasive vector, and
b is the bias term; and ¢@(x) is the nonlinear mapping function. Define the linear insensitive loss function:

0, - f@e
L Vs =
(/(.2-2) {\ Vo f@) e |y f@)e @
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Introducing the slack variables &, fl.* for coordinating the fitting error will find the optimal w,b . Its constraints:

Vi =W¢(x[)_bgg+‘§ia
—yl.:W¢(xl.)+bSg+§;,(l,2,---,n) (3)
£20,6 20

Then, the optimal regression function is solved:
! ! .
min—w* + ) (§+&) (4)
i=1

where (' is the penalization factor. The Largranage function is also quoted and transformed into dyadic form with
the following results:

max{_%ii(ai _a:)(aj _a;)k(xi’xj) _i(ai + a;)8+zn:(ai —a;)y,} ¥

i=l i=1

The constraints are:

i(ai _a;)

0<a <C,0<a <C

(6)

where k(x,,x;)=®(x,)®(x,) isthe kernel function, and Eq. X;,X; are the support vectors in the original space.

ai,aj is the support vector in the mapping space. The regression function is then:

f(x)=wd(x)+b"

n ) . (7)
= (a,—a*) K(x,,x)+b
i=1
The commonly used kernel functions are as follows:
(1) Linear kernel function:
k(x,x,)=xx, (8)
(2) d-order polynomial kernel function:
(x,%,) = (xx, +1)° (9)
(3) Radial basis functions:
| X=X |2
k(x,xl.)=exp(—7) (10)
(4) Sigmoid function with functions £ and &:
k(x,x;)=tan(k(xx,)+ o) (11)

Il. A.2) Support vector machine hyperparameter selection

In SVR prediction and simulation calculations, the kernel function can be used to add new features by using feature
changes to transform a problem that is linearly indivisible in a low-dimensional space into a problem that is linearly
divisible in a high-dimensional space, so the selection of the appropriate kernel function has a very important impact
on the regression characteristics of the support vector machine. In the SVR algorithm, want to make the estimation
conclusion with higher accuracy, before starting the training on the test sample data results, the first step is to
determine the kernel function that is most suitable for analyzing the conclusion of the test sample data, and then
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arbitrarily select thirty sets of sample data results and ten sets of test sets to start the test, and the results of the
experiment are shown in Table /1.

From the table, it can be clearly seen that different kernel functions have a great impact on the regression
performance of the SVR algorithm, the Gaussian radial kernel function has a significant advantage over the
polynomial function and the Sigmoid function in terms of both the mean squared error (MSE) and the correlation
coefficient ( R2) than the polynomial function and the Sigmoid function of the fit, so the support vector machine
algorithm model in the paper selects the radial kernel function that has the best generalization capability base kernel
function, in the standard support vector machine prediction model, this paper in the standard support vector machine
prediction model will be cross-validation method to find the optimal width ¢ and the penalty factor £ .

Table 1: The effect of different kernel functions on model performance

Nuclear function type Polynomial RBF Sigmoid
. MSE 0.0158 0.0007 0.2143
Training set
R2 0.9142 0.9992 0.8639
Model performance
MSE 0.3411 0.0026 0.3347
Test set
R2 0.9183 0.9997 0.8892

Il. B.PSO-SVR modeling
Il. B.1) Particle Swarm Algorithm Fundamentals
Particle swarm optimization algorithm, also known as bird flock foraging algorithm, through the positioning of
different particles and determined by the objective function, so that the particles will be in accordance with the group
of the best particles in the value of their own speed update iteration, at the same time, will also be in accordance
with their own speed combined with their own district movement, each particle and the optimal solution of the
problem for a one-to-one correspondence, the particles in the search for the optimal spatial solution in the process
of the optimal path is like a Particles in the process of seeking the optimal spatial solution is like a bird looking for
the optimal path of food, based on the particle synergy as the basis of the joint position iteration in order to seek the
optimal solution [14].

Applying mathematical language to the particle swarm calculation method is explained: if within the D-
dimensional retrieval space, m random initial particle swarms are running according to the established speed, and
the instantaneous orientation of the i particles can be expressed according to the following formula:

X, = (X5 X050 Xip)s i = 1,2,00,m (12)
At this point, the instantaneous velocity of i particle in the middle of space is:
Vi=(V:'l’V;'Za---aViD)ai=1725""’m (13)

Different particles in the actual search, will consider the optimal point of their own and other individual search,
and its iteration in a moment (such as ¢ moment) the optimal position of the particles to record, such as

represented by Phest, at the same time, for the optimal orientation of the particle group, represented by Gbest ,
see the following formula:

P =(Piys Piysevos Pip)si = 1,2,..,m (14)
Pgbest :(pglapgza"'apg[))ai:192’---Jm (15)

The particle is in motion and after a series of iterations, say after ¢+1 iteration, the velocity and position are
updated according to the following equation:

t+1

Vg = vy +6rand(py,, —Xx,)+ 52rand(pgbest - x;) (16)

it =x! v (17)

1 1

From the above formula, the particle inertia weight factor is represented by @, while the acceleration coefficients
in the formula update are represented by 5, and 52 while the particle flying to its own optimal position step is

represented by 5, while the particle flying to the optimal position of the whole space step is represented by 0,,
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randomly generated functions, such as those formed in the interval [0, 1] are represented by rand(), and v;d is

the velocity of particle i in D-dimensional space after the fth iteration, which in the usual sense would be
fd is the position of the particle in the search space, which is usually also
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restricted to the interval [—V,..,V,..]; X

1

v

max ]

restricted to the interval [—Vv , based on this kind of setting, then it is possible to monitor the particle

max 2

movement in time.

Il. B.2) Particle Swarm Optimization Support Vector Machines

From the practical study of this paper, in the construction of the support vector regression machine model, the radial
basis function RBF is mainly applied as the kernel function, and in the support vector regression model algorithm,
the PSO algorithm searches for the global optimization of the parameters ¢ and g, and through the retrieval of the
kernel parameter g and the optimal penalty coefficient ¢ is used as the final parameter of the support vector
regression algorithm model. The detailed operation process is as follows:

(1) Particle swarm initialization, initialize the particle swarms g and ¢, make the population number explicit, and
at the same time determine the respective positions and velocities of the particles, and set the inertia weight @ of
the PSO, and at the same time make the extreme value of the number of model iterations explicit.

(2) Evaluating the fitness, the updated parameter values are introduced in the vector regression through the
setting of the minimum fitness curve, while comparing the predicted values with the actual values, so that the
goodness-of-fit R?> can be calculated, and the mean square error MSE can be calculated as well, with
synchronized recording of the fitness.

(3) With reference to the change of the fitness, the individual optimum Phest and the global optimum Gbest
are updated in time, and the fitness of the historical optimum Ppest is compared with the computed particle
fitness, so that the local particle optimum is selected by comparison, and then the optimum data is recommended
to all the communities, and the global optimum is obtained by comparing the fitness Gbest .

(4) According to equations (16)) and (17)), the particle velocity and coordinate positioning are updated in time.

(5) If the number of iterations reaches the extreme value or the adaptation degree meets the requirements, then
the search for the optimal algorithm is finished, otherwise, go back to step (2) for recalculation.The specific model
of the PSO algorithm to optimize the SVR algorithm is shown in Fig. 1.

Randomly given the position
and velocity of a set of particles

1

Evaluate the fitness
of the particles

12

Update the positions
pbest and gbest

v

Calculate the position and
velocity of the particles

The global optimal
fitness is less than
the set accurac

Obtain the optimized
SVR parameters
v
Obtain the optimized
SVR classifier

Figure 1: The PSO-SVR algorithm process

Il. C.Patterns of Pitch Changes in Double Bass Performance

IIl. C.1) Pull Tone Effects

In the bass region, when the bow hair caresses the string surface, the resulting tone is warm and deep, capable of

bringing a strong underlying layer of sound to the movement. At the same time, by controlling bow pressure and
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speed, the player can shift freely from very soft to very strong volumes, demonstrating delicate crescendo and
diminuendo effects that make the music more expressive. In addition, the constant contact of the bow allows the
notes to have a longer life, resulting in a smooth and consistent musical line that enhances the coherence and
integrity of the melody. Through the use of bowing techniques, such as tremolo, broken bow, and other special
techniques, it is possible to create a variety of rhythmic patterns and increase expressiveness.

Il. C.2) Percussive tone effects

Strumming, i.e. plucking the strings with the fingers instead of pulling them with the bow. Compared to pulling,
strumming produces shorter notes, giving a crisp and clean feeling, which is suitable for expressing lively and
jumping musical moods. Each pizzicato is like an individual grain of sound, clearly recognizable, especially in the
rapid succession of percussions, which can form a rhythmic percussion texture, adding dynamism to the music.
When playing, you can adjust the strength and angle of the fingers to control the volume and the softness of the
sound quality, to realize the change from weak to strong or vice versa, adding a sense of musical hierarchy.

Il. C.3) Plucked Tone Effects

Pizzicato presents a unique tonal effect, which is distinctly different from that of strumming. The notes produced by
pizzicato are relatively short, with a clear beginning and a rapid decay at the end, giving an immediate auditory
impact and making it easy to emphasize the rhythmic and melodic jumps. Each note is like an independent ball,
jumping out one by one. Especially in the rapid succession of pizzicato, this granular timbre is particularly distinctive,
adding to the vigor and interest of the music. In addition, pizzicato is perfect for emphasizing rhythm and meter in
music, especially when a passage needs to be highlighted or a drum beat reinforced, and its rhythmic intuitive
expression makes the overall music more energetic.

lll. Analysis of pitch change patterns in double bass performance

lll. A. Performance prediction based on PSO-SVR algorithm
lll. A. 1) Forecast results and analysis

After the data standardization process is completed, the SVR model is optimized by particle swarm algorithm, and
the optimal value of the penalty factor is 37.5431, and the optimal value of the kernel width parameter of the kernel
function is 0.2876, and the optimal parameter is substituting into the SVR model to establish the PSO-SVR model.
Based on the PSO-SVR model, the training samples and test samples are utilized to train and predict the pitch
change of bass playing respectively, and the prediction effect is shown in Fig. Q}Fig. 3. As can be seen from the
figures, the predicted values obtained by the PSO-SVR model using the training samples are basically in agreement
with the true values, and the predicted values obtained using the test samples are slightly lower than the predicted
values obtained using the training samples are in agreement with the true values.

60
True value
Predictive value

Sound pitch

30 T

T T 1
0 50 100 150 200

Training sample number

Figure 2: Comparison of prediction of PSO-SVR model based on training sample
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Figure 3: Comparison of prediction of PSO-SVR model based on t test sample

lll. A.2) Comparison of the performance of different models

The prediction performance of each model is shown in Table , from which it can be seen that all the performance
indicators of SVR model and PSO-SVR model are better than RF model, but the ability of SVR model to resist
overfitting is worse than that of PSO-SVR model. This is because the PSO-SVR model is better than the RF model
and the SVR model in all performance indicators, which is because the PSO algorithm has a strong function of the
extreme value of the search for optimal ability, fast convergence speed, and can get the optimal parameter
combinations.The SVR model adopts a grid search cross-validation algorithm to determine the optimal parameters,
which usually requires a large amount of training data, so for the small-sample data, the SVR model failed to obtain
the best prediction results.

Pearson correlation coefficient r is utilized to examine the correlation between the predicted values and the real
values. r close to 0 indicates that the predicted values are poorly correlated with the real values, and the closer it is
to 1 indicates that the correlation is higher. From the calculation, it can be seen that the r of RF model is 0.8651, the
r of SVR model is 0.9433, and the r of PSO-SVR model is 0.9864, which indicates that the correlation between
predicted and real values of PSO-SVR model is the best.

Table 2: Predictive indicators of various models

Training sample prediction Test sample prediction
Prediction model MSE R2 MAE MSE R2 MAE
RF 0.0297 0.9812 0.1409 0.2346 0.7712 0.3745
SVR 0.0057 0.9953 0.0352 0.1322 0.8823 0.2606
PSO-SVR 0.0088 0.9924 0.0453 0.0671 0.9415 0.2114

The scatter plot of the data points of the predicted bass playing pitch change and the real bass playing pitch
change for each model based on the test samples is shown in Figure 4. From the figure, it can be seen that the
data points of RF model, SVR model and PSO-SVR model are basically distributed near the straight line with a
slope of 1. Among them, the distribution of the data points of PSO-SVR model is the most concentrated, and it can
be seen from the calculation that the distance between each data point and the straight line with a slope of 1 is the
smallest, which indicates that the PSO-SVR prediction model has a better prediction accuracy and stronger
generalizability.

lll. B. Case Studies

lll. B.1) Dance of Speed

Musical performance as an intermediary between the composer and the listener is considered to be the main source
of emotion and is expressed through a variety of musical elements such as tempo, intensity, and pitch. With the
development of computers, information visualization has become a way to help people understand and analyze
data, using images and graphics to present data in a way that makes the information understandable. Music
visualization, as a branch of information visualization, studies the details of music performance and presents the
music elements in the form of waveforms and folding lines through pictures. A player is selected to use PSO-SVR
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model to visualize and analyze the details of the performance of “The Morning of Miaoling” through Vmus.net online
analysis platform and Sonic Visualise software, which is presented in an intuitive way, which is conducive to the
understanding of the player's style of playing and the piece.
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(c) PSO-SVR model
Figure 4: Based on the test sample, the model predicts the distribution of the data

Tempo is one of the important elements in musical performance performance. In 1816, Meltzer succeeded in
manufacturing a mechanical device that could produce stable beats at different speeds, i.e. the mechanical
metronome, through mechanical improvement. Subsequently, in the 20th century, foreign acoustic and
psychological experts began to utilize computer technology to measure tempo in musical performances. The song
part of “Miaoling's Morning” is in 2/4 except for the introduction and coda, so the tempo of the part of the song is
visualized and analyzed in quarter notes. The Tang Yun macro tempo visualization of “Morning in Miao Ling” played
by the performer is shown in Figure . The graph has strong ups and downs in the tempo in the introductory part of

the song, with the greatest ups and downs in tempo, with a minimum tempo of 15 bpm and a maximum tempo of
197 bpm.
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Figure 5: Morning in Miao Ridge. Macro speed map
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lll. B.2) The dimension of strength

Dynamics is one of the basic auditory attributes of sound and one of the most fundamental expressive elements of
music. The "large" or "small" amplitude of the physical vibration of the sound body will enable people's auditory
senses to experience "strong" or "weak". The terms "strong", "weak", "large" and "small" of sounds are often used
to describe sounds. Dynamic variation is an important means of musical expression. It plays a very significant role
in enriching the expression of emotions, as well as in the contrast and development between pieces of music.
However, dynamic variation in music is very delicate and complex. Therefore, even under the composer's guidance,
each performer will make specific and detailed dynamic variations based on their own feelings.

The author used Sonic Visualise software to generate visual pictures to present the intensity changes of the three
players more intuitively, so as to further observe each player's understanding of the piece. The full-song audio
waveforms of the three performers are shown in Fig. 6, with the horizontal coordinate representing time and the
vertical coordinate representing sound pressure, the higher the intensity, the louder the sound, and the higher the
sound pressure value, so that the intensity of the performers can be clearly seen through the value of the sound
pressure.

From the sound waveform diagram of the whole piece, it can be seen that on the whole, the intensity of Tang
Yun's performance shows a trend of weak at both ends and strong in the middle, especially the waveforms of the
first and second sections of the piece are arranged very closely, indicating that there are many vibrations in the unit
time and the sound acoustics are large. From an overall perspective, Pan Yinlin's overall performance is the
strongest, with the most tightly arranged waveforms and a more stable overall performance, even in the introduction
and coda sections, which are more pronounced than those of the other two performers, with a greater acoustic
sound.

1.0

o
oo
|

0.6 4

o
B
1

Acoustic pressure

{/\’( | | | | PJ ‘

o
[
1

0.0 r

Time/min

Figure 6: The stereo Boeing diagram of the player

lll. B. 3) The pitch dimension
Pitch refers to the height of a sound, and is generally measured in Hertz Hz. As a bowed string instrument, the pitch
of the violin is the focus of every player's practice from childhood, and the accuracy of pitch is the basis for playing
a piece of music. However, the composer used a lot of glissandos and some special indications to simulate the
sound of birdsong in the piece. Since notation cannot accurately represent all the pitches, it is necessary to analyze
the pitch ranges and heights of the birdsong phrases. The author uses the pYIN plug-in in the Sonic Visualiser
platform, which is improved according to the YIN algorithm, to visualize and analyze the playing pitch through the
smooth pitch track of the plug-in. B

The smoothed pitch track analysis of the birdsong phrase is shown in Figure 7. The curve graph in the picture is
the pitch visualization graph of the string section, the horizontal coordinate corresponds to the corresponding note,
and the vertical coordinate indicates the frequency of the pitch in Hertz (Hz). In order to visualize the data the author
has marked the frequencies and names of some of the pitches, and because of the high range of the violin, the
actual pitch units are in kilohertz (kHz). The pitch sliding range in the graph is large, especially in the performance
of continuous upward glissandos, with large variations, such as the F-A range in measure 14, which is a vivid
interpretation of Chinese musical elements; in the complex glissandos of measure 15, the actual pitch of Tang Yun's
performance deviates from the notation markings, showing a freer and more personalized interpretation.
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Figure 7: The player's 14-21 pitch curve

IV. Conclusion

In this study, a support vector regression model (PSO-SVR) based on particle swarm optimization was constructed
to analyze and predict the pitch change patterns of double bass playing. The study shows that the PSO-SVR model
significantly outperforms the standard SVR model and the random forest model, with a mean square error of 0.0671,
a coefficient of determination of 0.9415, and an average absolute error of 0.2114 on the test samples. Through the
optimization of particle swarm algorithm, the optimal value of penalty factor 37.5431 and the optimal value of kernel
width parameter of kernel function 0.2876 are obtained, which significantly improve the model prediction accuracy
and generalization ability. The Pearson correlation coefficient analysis shows that the correlation coefficient between
the predicted and true values of the PSO-SVR model reaches 0.9864, which is much higher than the 0.8651 of the
RF model and the 0.9433 of the SVR model, confirming the reliability of the model's prediction results. In the case
study, the visual analysis of “Miaocling's Morning” reveals that the performer's tempo variation in the introductory part
ranges from 15-197bpm, showing rich tempo variations; in terms of intensity performance, different performers
present unique intensity control characteristics; pitch analysis reveals that the performer realizes a complex
glissando effect within the range of F-A intervals in the 14th measure, which vividly illustrates the Chinese The pitch
analysis revealed that the player realized a complex glissando effect in the F-A interval range of measure 14, which
vividly interpreted the Chinese musical elements. The results of this study provide a quantitative analysis tool for
double bass performance techniques, which is an important reference value for music performance teaching and
performance style research, and the successful application of the PSO-SVR model proves the effectiveness of
machine learning methods in the field of music performance analysis, and provides a new research paradigm for
the analysis and optimization of the performance techniques of other musical instruments.
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