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Abstract
To address the prediction accuracy issue of PAD (pleasure, arousal, domi-
nance), a clustered PSO-LSSVM model is proposed that integrates particle
swarm optimization (PSO) algorithm-optimized least squares support vector
machine (LSSVM) with emotion clustering analysis. Emotional features are
extracted from three types of emotional speech in the TYUT2.0 and Berlin
speech databases. Based on these features and annotated P, A, D values,
separate emotion-dimension PSO-LSSVM models are constructed for each
of the three single emotions, and a mixed-emotion-dimension PSO-LSSVM
model is constructed for the three emotions collectively. Subsequently, the
mixed-emotion-dimension PSO-LSSVM model is employed to predict P, A,
D values, and the distances to the basic emotion PAD values are computed.
Finally, emotions with distances exceeding the threshold are clustered as mixed
emotions, while those with distances below the threshold are assigned to the
nearest emotion, and the corresponding emotion’s regression model is utilized
to predict their P, A, D values. Results demonstrate that this model achieves
smaller prediction errors for P, A, D compared to LSSVM and PSO-LSSVM
models, with stronger correlation between predicted and annotated values,
indicating that the clustered PSO-LSSVM model provides more reliable and
accurate PAD predictions.
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Abstract

To address the accuracy problem in PAD (Pleasure, Arousal, Dominance) pre-
diction, this paper proposes a clustering PSO-LSSVM model that combines
Least Squares Support Vector Machine (LSSVM) optimized by Particle Swarm
Optimization (PSO) with affective clustering analysis. Emotional features were
extracted from three types of emotional speech in the TYUT2.0 and Berlin voice
libraries. Based on these features and annotated P, A, D values, separate PSO-
LSSVM models were established for each individual emotion type, along with a
mixed-emotion PSO-LSSVM model for all three emotions. The mixed-emotion
model was then used to predict P, A, D values, and the distances between these
predictions and the PAD values of basic emotions were calculated. Finally, emo-
tions with distances greater than the threshold were clustered as mixed emotions,
while those with distances smaller than the threshold were clustered into the
nearest emotion category, and their P, A, D values were predicted using the
corresponding emotional regression model. The study demonstrates that this
model yields smaller prediction errors for P, A, D compared to LSSVM and
PSO-LSSVM models, with stronger correlation between predicted and anno-
tated values, indicating that the clustering PSO-LSSVM model provides more
reliable and accurate PAD predictions.

Keywords: emotional dimensions PAD; least squares support vector machine;
particle swarm optimization algorithm; affective clustering analysis

0 Introduction
Affective computing is indispensable for the development of mature artificial
intelligence. Emotional dimensions describe emotions from psychological at-
tributes and hold significant importance in affective computing. With the ad-
vancement of intelligent human-computer interaction, discrete emotions can no
longer satisfy the recognition of natural emotions in daily life, making the study
of continuous emotional dimensions containing emotional information particu-
larly crucial. Given the difficulty of real-time monitoring of emotional dimen-
sions, mathematical modeling becomes necessary for dimension prediction, with
data simulation and fitting serving as the primary means for effective forecast-
ing.

Artificial intelligence prediction methods mainly include neural networks and
support vector machines. However, neural networks require large data sam-
ples and cannot guarantee prediction accuracy with small samples of emotional
speech. Support Vector Machines (SVM) can effectively solve complex prob-
lems involving small samples and nonlinearity, but require solving quadratic
programming equations with high computational complexity. Least Squares
Support Vector Machine (LSSVM) improves upon SVM through equality con-
straints, converting the traditional quadratic programming problem into solv-
ing a system of linear equations, thereby reducing computational complexity.
The introduction of parameter selection optimization methods such as Particle
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Swarm Optimization (PSO) makes parameter selection in the modeling process
more objective. The PSO-LSSVM algorithm has been applied in solar green-
house temperature prediction and throttling liquid velocity prediction, but has
not yet been reported for emotional dimension prediction. However, the com-
plex interactions between emotional features of different emotions can affect the
prediction accuracy of the PSO-LSSVM regression model for emotional dimen-
sions. Therefore, introducing affective clustering analysis into this regression
model is necessary to reduce the influence between emotional features of differ-
ent emotions.

This paper proposes performing clustering processing based on the distance be-
tween the initial prediction results of the PSO-LSSVM model and the PAD val-
ues of basic emotion centers, then using the PSO-LSSVM regression model for
secondary dimension prediction. Based on the PAD three-dimensional emotion
model, we first extract emotional features from emotional speech; then establish
three groups of regression models—LSSVM regression model, PSO-LSSVM re-
gression model, and clustering PSO-LSSVM regression model—to construct map-
ping relationships between speech emotional features (prosodic features, MFCC
features, and nonlinear features) and manually annotated P, A, D values, achiev-
ing P, A, D value prediction for emotional utterances; finally, we compare and
analyze the prediction results of the three regression models. Experimental re-
sults demonstrate that the clustering PSO-LSSVM regression model achieves
higher prediction accuracy for P, A, D values.

1 PAD Three-Dimensional Emotion Model
Human emotions in daily life are subtle and complex, such as mixed feelings
of sorrow and joy or tears of joy, which do not completely belong to a single
basic emotion category. Therefore, the continuous space theory of emotion was
proposed to address this issue. This theory suggests that human emotions con-
sist of several dimensions in space that can cover almost all human emotions,
enabling continuous and smooth transitions between different emotions. A typ-
ical continuous emotion model is the PAD three-dimensional emotion model,
developed by Mehrabian at UCLA, which uses semantic differential evaluation
to divide emotions into three dimensions: P representing Pleasure (pleasure-
displeasure, indicating the positive or negative characteristic of an individual’
s emotional state), A representing Arousal (arousal-nonarousal, indicating the
neurophysiological activation level of an individual), and D representing Domi-
nance (dominance-submissiveness, indicating the individual’s control state over
the situation and others). The PAD three-dimensional emotion model describes
emotions from three perspectives, facilitating the quantification of continuous
and diverse emotions in daily life. The PAD three-dimensional emotion model
is shown in Figure 1 [Figure 1: see original paper].

chinarxiv.org/items/chinaxiv-201901.00193 Machine Translation

https://chinarxiv.org/items/chinaxiv-201901.00193


2.1 Least Squares Support Vector Machine Theory
The LSSVM algorithm is based on Support Vector Machine (SVM). SVM maps
input data to a high-dimensional feature space through nonlinear mapping, con-
verting the problem into a quadratic programming problem with inequality con-
straints, but its computational complexity is high. Therefore, least squares
linear theory is introduced into SVM for improvement, transforming the tradi-
tional quadratic programming problem into solving a system of linear equations,
reducing computational complexity.

The LSSVM algorithm basic setup: For a sample set with n samples, where 𝑥𝑖 ∈
ℝ𝑑 is the input variable, 𝑦𝑖 ∈ ℝ is the corresponding output, and {(𝑥𝑖, 𝑦𝑖)|𝑖 =
1, 2, ..., 𝑛}, the LSSVM optimization problem is:

min
𝑤,𝑏,𝑒

𝐽(𝑤, 𝑒) = 1
2𝑤𝑇 𝑤 + 1

2𝐶
𝑛

∑
𝑖=1

𝑒2
𝑖

s.t. 𝑦𝑖 = 𝑤𝑇 Φ(𝑥𝑖) + 𝑏 + 𝑒𝑖, (𝑖 = 1, 2, ..., 𝑛)

where 𝐶 is the regularization parameter and 𝑒𝑖 ∈ ℝ is the error variable.

To solve this optimization problem, it is converted into the following linear
problem:

[0 1𝑇

1 𝐾 + 𝐶−1𝐼] [𝑏
𝛼] = [0

𝑦]

where 𝑦 = [𝑦1, 𝑦2, ..., 𝑦𝑛]𝑇 , 1 = [1, 1, ..., 1]𝑇 , 𝐼 is the n-order identity matrix,
𝛼 = [𝛼1, 𝛼2, ..., 𝛼𝑛]𝑇 is the Lagrange multiplier vector, and 𝐾 is the kernel
function matrix with 𝐾𝑖𝑗 = 𝐾(𝑥𝑖, 𝑥𝑗) = Φ(𝑥𝑖)𝑇 Φ(𝑥𝑗) for 𝑖, 𝑗 = 1, 2, ..., 𝑛. This
experiment uses the Radial Basis Function (RBF) kernel, where 𝜎 is the kernel
width. The RBF kernel function is:

𝐾(𝑥𝑖, 𝑥𝑗) = exp (−‖𝑥𝑖 − 𝑥𝑗‖2

2𝜎2 )

The final LSSVM model is:

𝑦(𝑥) =
𝑛

∑
𝑖=1

𝛼𝑖𝐾(𝑥, 𝑥𝑖) + 𝑏

In the LSSVM model, 𝑥 represents model input and 𝑦(𝑥) represents model out-
put. In this study, 𝑥 represents speech emotional features and 𝑦 represents
speech emotional dimension values. According to the LSSVM regression prin-
ciple, two types of parameters require special attention: the regularization pa-
rameter 𝐶 and the kernel parameter 𝜎. To reduce the blindness of subjective
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selection of these two parameters, this paper adopts the particle swarm opti-
mization method to select the LSSVM regularization parameter 𝐶 and kernel
parameter 𝜎.

2.2 Particle Swarm Optimization Algorithm
The PSO algorithm is an optimization calculation method based on swarm in-
telligence. Observing the flocking behavior of birds, this algorithm utilizes in-
formation sharing among individuals in the swarm to achieve an evolutionary
movement process from disorder to order, thereby obtaining the optimal solu-
tion.

In the PSO algorithm, let 𝑢𝑖 = (𝑢𝑖1, 𝑢𝑖2, ..., 𝑢𝑖𝑛) represent the position vector
of particle 𝑖, 𝑣𝑖 = (𝑣𝑖1, 𝑣𝑖2, ..., 𝑣𝑖𝑛) represent the velocity vector of particle 𝑖,
𝑝𝑖 = (𝑝𝑖1, 𝑝𝑖2, ..., 𝑝𝑖𝑛) represent the best position experienced by particle 𝑖, and
𝑝𝑔 = (𝑝𝑔1, 𝑝𝑔2, ..., 𝑝𝑔𝑛) represent the best position experienced by all particles in
the population. The velocity and position update formulas for particle 𝑖 are as
follows:

𝑣𝑘+1
𝑖𝑑 = 𝑤𝑣𝑘

𝑖𝑑 + 𝑐1𝑟1(𝑝𝑖𝑑 − 𝑢𝑘
𝑖𝑑) + 𝑐2𝑟2(𝑝𝑔𝑑 − 𝑢𝑘

𝑖𝑑)
𝑢𝑘+1

𝑖𝑑 = 𝑢𝑘
𝑖𝑑 + 𝑣𝑘+1

𝑖𝑑

where 𝑟1 and 𝑟2 are random numbers between [0, 1], 𝑤 is the inertia weight that
balances global and local search capabilities, and 𝑐1 and 𝑐2 are the self-learning
factor and social learning factor, respectively.

2.3 PSO-Optimized LSSVM Regression Model
The objective function is defined as:

min
(𝐶,𝜎)

𝑓(𝐶, 𝜎) = 1
𝑛

𝑛
∑
𝑖=1

(𝑦𝑖 − ̂𝑦𝑖)2

where 𝑦𝑖 is the manually annotated P, A, D dimension value of the 𝑖-th emotional
sample, and ̂𝑦𝑖 is the model’s predicted P, A, D output value for the sample,
which can be calculated using Equation (3).

The goal of the PSO algorithm in optimizing the LSSVM model is to search for a
set of parameters (𝐶, 𝜎) through iterative algorithms to minimize the objective
function in Equation (5), i.e., to minimize the error between subjectively anno-
tated emotional dimension values and objectively predicted dimension values.

2.4 Emotion Clustering Analysis
In speech emotion clustering, traditional clustering methods operate in the fea-
ture space, producing clustering results based on speech signals. However, such
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clustering results may not necessarily correlate with emotions. For speech emo-
tion clustering problems, this paper performs clustering through emotional di-
mensions that describe continuous emotions, i.e., by calculating the distance
between preliminary PAD prediction values of speech and basic emotion center
PAD values.

The process is shown in Figure 2 [Figure 2: see original paper]. Although many
clustering algorithms exist, such as k-means clustering and fuzzy clustering,
none provide a direct method for determining the clustering threshold. To
intuitively determine the clustering threshold, the threshold is set based on the
Euclidean distance between the PAD preliminary prediction values of emotional
speech and basic emotions. The Euclidean distance calculation expression is:

dist(𝑌 , 𝑍) = √( ̂𝑃𝑦 − 𝑃𝑧)2 + ( ̂𝐴𝑦 − 𝐴𝑧)2 + (𝐷̂𝑦 − 𝐷𝑧)2

where ̂𝑃𝑦, ̂𝐴𝑦, 𝐷̂𝑦 are the predicted P, A, D values of emotional speech, and 𝑃𝑧,
𝐴𝑧, 𝐷𝑧 are the P, A, D values of basic emotions.

Emotion clustering analysis first analyzes the distance between speech PAD pre-
diction values and basic emotion center PAD values. Based on the relationship
between distance and threshold, speech is classified into specific single emotions
or mixed emotions. During secondary prediction, speech is predicted using the
corresponding emotional PAD regression model.

2.5 Clustering PSO-LSSVM Regression Model
In emotional speech samples, the correlation between emotions themselves
causes correlations between emotional features of different emotional speech,
which affects the prediction performance of regression models during P, A,
D prediction. Therefore, this paper proposes a regression scheme combining
PSO-LSSVM with emotion clustering analysis. Figure 3 [Figure 3: see original
paper] shows the flowchart of the proposed clustering PSO-LSSVM regression
model.

The specific process is as follows: First, emotional features are extracted from
emotional speech. Based on the emotional features and annotated P, A, D values
of the training set, two types of regression models are established. One is called
the single-emotion dimension PSO-LSSVM regression model, trained using emo-
tional features and manually annotated P, A, D values of single-emotion speech.
The other is called the mixed-emotion dimension PSO-LSSVM regression model,
trained using emotional features and manually annotated P, A, D values of
multiple-emotion speech. Next, the speech emotional features of the test set are
used as input variables for the mixed-emotion dimension PSO-LSSVM model
to predict PAD values, and the distances between these values and the center
PAD values of basic emotions are calculated. The center PAD values of ba-
sic emotions are obtained through fuzzy c-means clustering of PAD annotation
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results for each emotion type. Emotions with distances greater than the thresh-
old are clustered as mixed emotions, while those with distances smaller than
the threshold are clustered into the nearest emotion category. Finally, speech
emotional features clustered as mixed emotions are used as input variables for
the mixed-emotion dimension PSO-LSSVM regression model (the same model
trained from the training set), while speech emotional features clustered as spe-
cific emotions are used as input variables for the corresponding single-emotion
dimension PSO-LSSVM regression model trained from the training set to pre-
dict their PAD values. This process enables test set speech to be predicted
through their corresponding regression models, reducing the impact of corre-
lations between different emotional features on prediction effectiveness. This
regression model combines PSO-optimized LSSVM with clustering analysis, not
only avoiding subjective blindness in parameter selection during regression but
also reducing correlations between input variables, enabling more accurate pre-
diction of emotional dimensions P, A, D.

3.1 Experimental Procedure
To verify the effectiveness of the clustering PSO-LSSVM regression model in
emotional dimension prediction, three regression models were designed for com-
parison: LSSVM regression model (Model 1), PSO-LSSVM regression model
(Model 2), and clustering PSO-LSSVM regression model (Model 3). The exper-
imental flow is as follows:

a) Extract emotional features from emotional speech in the TYUT2.0
database;

b) Based on the extracted emotional features and manually annotated P,
A, D values, use the three regression models (LSSVM, PSO-LSSVM,
clustering PSO-LSSVM) to predict emotional dimensions P, A, D of the
test set;

c) Analyze the prediction results of different regression models for P, A, D
against manual annotation results to select the more reasonable and effec-
tive regression model.

3.2.1 Database
An emotional speech database is an important prerequisite for speech emotion
analysis. To comprehensively and objectively evaluate the model’s prediction
capability for P, A, D, the TYUT2.0 Chinese emotional speech database and
the Berlin German emotional speech corpus (EMO-DB) were selected, focusing
on their common emotion types: sadness (52 utterances), anger (57 utterances),
and happiness (52 utterances) as experimental samples, with 67% used as train-
ing samples and 33% as test samples. The emotional speech from the databases
is used to extract features, and the emotional features and corresponding PAD
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values of each utterance are used to train regression models. Clustering analysis
is performed based on the PAD prediction values of each utterance and the PAD
values of basic emotions.

The TYUT2.0 emotional speech public database is an excerpt-type emotional
database obtained by intercepting radio dramas, with PAD dimension anno-
tations for the database’s speech obtained using an improved PAD emotion
scale to acquire corresponding P, A, D values for each utterance (available by
contacting the author via email).

The Berlin emotional speech database was simulated by 10 actors expressing 7
emotions. The database recording required actors to complete emotional expres-
sion by recalling personal experiences, resulting in high emotional authenticity,
wide usage, and strong representativeness.

3.2.2 Speech Emotion Features
To comprehensively represent speech emotion and achieve more accurate predic-
tion of P, A, D values, the features selected are shown in Table 1 .

Table 1 Emotional Speech Characteristics

Feature Category Specific Features
MFCC Skewness, kurtosis, mean, variance,

median of first 12 MFCC orders
Prosodic Maximum, minimum, mean of energy

and its first-order difference; Maximum,
minimum, mean of pitch and its
first-order difference; Maximum,
minimum, mean, variance of first three
formants and their first-order differences

Nonlinear Maximum, minimum, mean, median,
variance of Hurst exponent; Maximum,
minimum, mean, median, variance of
minimum delay time; Maximum,
minimum, mean, median, variance of
correlation dimension; Maximum,
minimum, mean, median, variance of
Kolmogorov entropy; Mean, median,
variance of maximum Lyapunov
exponent

As shown in Table 1, this experiment selects features from two perspectives:
acoustic features extracted based on the short-term stationary characteristics
of speech signals, i.e., MFCC features (60 dimensions) and prosodic features
(38 dimensions), and nonlinear features (23 dimensions) extracted based on the
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chaotic characteristics of speech. After fusion, a 121-dimensional feature set is
obtained.

3.3 Clustering Analysis Results
The purpose of emotion clustering analysis is to improve PAD prediction accu-
racy for speech. To ensure that the selection of the clustering distance threshold
is not affected by a single database, clustering analysis statistics were performed
on speech PAD prediction values from both the TYUT2.0 database and the
Berlin database against basic emotion PAD values to select a clustering distance
that yields better clustering effects. Table 2 shows the number of emotional
speech utterances contained in different clustering threshold intervals based on
different clustering distances.

Table 2 Number of Speech Utterances in Different Cluster Thresholds

Distance Interval TYUT2.0 Database Berlin Voice Library
[0.0, 0.3] 20 18
[0.3, 0.6] 35 32
[0.6, 0.9] 28 30
[0.9, 1.2] 22 25
[1.2, 1.5] 15 18
[1.5, 1.8] 12 10
[1.8, 2.1] 8 5
[2.1, 2.4] 5 0
[2.4, 2.7] 3 0
[2.7, 3.0] 2 0

From the distribution of speech utterances in different intervals for the two
databases shown in Table 2, when distances are distributed within [0, 1.8], the
number of speech utterances in both databases remains basically consistent.
However, when greater than 1.8, the distribution numbers fluctuate, and in the
Berlin voice library, there are no corresponding speech distributions. Therefore,
the clustering distance threshold in this paper is set to 1.35.

3.4 Experimental Results and Analysis
The prediction results of the clustering PSO-LSSVM regression model are com-
pared with those of the LSSVM regression model and the PSO-LSSVM regres-
sion model. The prediction performance for P, A, D is evaluated based on the
data distribution of predicted values versus annotated values and experimental
performance metrics.
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3.4.1 Data Distribution

To more intuitively compare the data distribution of prediction results versus
annotated values for the three regression models, taking the prediction results
for the TYUT2.0 database as an example, Figures 4 [Figure 4: see original paper]
through 6 show the comparisons between predicted and annotated values for the
P, A, and D dimensions, respectively.

As can be seen from Figure 4, for sad and angry speech, the predicted values
of Model 2 and Model 3 are relatively similar and closer to the annotated P
values than Model 1, while for happy emotional speech, Model 3’s prediction
results are significantly closer to the annotated P value distribution than the
other two models. From Figure 5, the variation trends of Model 2 and Model 3
prediction results are closer to the variation trend of annotated A values than
Model 1, with Model 3’s predicted values being closer to annotated values and
having smaller relative errors than Model 2, indicating that Model 3 provides
more accurate and stable A value predictions for each utterance compared to
the other two regression models. From Figure 6, Model 3’s prediction results for
the D dimension of the three emotions are closer to annotated values, especially
for angry and happy emotions, where the dispersion of Model 3’s predictions
is closer to the dispersion of actual D values. These results demonstrate that
Model 3, the clustering PSO-LSSVM regression model, produces predictions
closer to the annotated P, A, D values.

3.4.2 Performance Metrics

Experimental performance metrics use Mean Absolute Error (MAE) and model
coefficient of determination (𝑅2) as evaluation criteria, with Pearson correlation
coefficient (𝑟) introduced to measure the variation trend between model predic-
tions and annotated values. Smaller MAE is better, while 𝑅2 and 𝑟 closer to 1
are better. Their expressions are:

MAE = 1
𝑛

𝑛
∑
𝑖=1

|𝑦𝑖 − ̂𝑦𝑖|

𝑅2 = 1 − ∑𝑛
𝑖=1(𝑦𝑖 − ̂𝑦𝑖)2

∑𝑛
𝑖=1(𝑦𝑖 − ̄𝑦)2

𝑟 = ∑𝑛
𝑖=1(𝑦𝑖 − ̄𝑦)( ̂𝑦𝑖 − ̄̂𝑦)

√∑𝑛
𝑖=1(𝑦𝑖 − ̄𝑦)2 ∑𝑛

𝑖=1( ̂𝑦𝑖 − ̄̂𝑦)2

where 𝑛 is the number of samples, 𝑦𝑖 is the actual annotated value, and ̂𝑦𝑖 is
the model predicted value.
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Tables 3 and 4 show the experimental performance comparisons of the three
regression models for P, A, D prediction in the TYUT2.0 database and Berlin
voice library, respectively.

Table 3 Comparison of Experimental Performance Indexes in
TYUT2.0 Database

Dimension Model MAE 𝑅2 Pearson 𝑟
P Model 1 0.42 0.68 0.83
P Model 2 0.38 0.75 0.87
P Model 3 0.31 0.84 0.92
A Model 1 0.35 0.72 0.85
A Model 2 0.32 0.78 0.89
A Model 3 0.26 0.86 0.93
D Model 1 0.45 0.65 0.81
D Model 2 0.41 0.71 0.85
D Model 3 0.34 0.80 0.90

Table 4 Comparison of Experimental Performance Indexes in EMO-
DB

Dimension Model MAE 𝑅2 Pearson 𝑟
P Model 1 0.38 0.71 0.85
P Model 2 0.40 0.73 0.86
P Model 3 0.33 0.81 0.91
A Model 1 0.41 0.69 0.83
A Model 2 0.37 0.74 0.87
A Model 3 0.30 0.82 0.92
D Model 1 0.36 0.74 0.86
D Model 2 0.33 0.79 0.89
D Model 3 0.27 0.87 0.94

Based on Tables 3 and 4, the following conclusions can be drawn:

a) Comparing Model 2 with Model 1 for P, A, D dimension prediction: The
Pearson correlation coefficient shows that Model 2’s correlation coeffi-
cient in the TYUT2.0 database is improved to some extent compared to
Model 1. The coefficient of determination shows that Model 2’s 𝑅2 is
improved in both databases compared to Model 1, indicating better data
fitting. The MAE shows that Model 2’s experimental errors are reduced
in the TYUT2.0 database, while in the Berlin database, prediction errors
for A and D are reduced, but the error for P increases. This indicates that
Model 2 provides more stable prediction effects for A and D dimensions,
demonstrating that the PSO algorithm’s optimization of LSSVM regres-
sion parameters improves prediction performance to a certain degree.
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b) Comparing Model 3 with Model 2 for P, A, D dimension prediction: The
Pearson correlation coefficient shows that Model 3’s prediction correla-
tion coefficients for both databases are improved compared to Model 2,
indicating that Model 3’s prediction variation trends are more similar
to annotated value trends. The coefficient of determination shows that
Model 3 provides better data fitting than Model 2. The MAE shows that
Model 3’s experimental errors are smaller than Model 2’s errors in both
databases. This demonstrates that Model 3’s prediction performance for
PAD dimensions is superior to Model 2’s, verifying that emotion clus-
tering analysis can improve prediction accuracy by reducing correlations
between features.

c) Comparing the three models’prediction results for P, A, D dimensions
across both databases: In the TYUT2.0 database, the three regression
models show better prediction performance for the A dimension than for P
and D dimensions. In the Berlin voice library, the three regression models
show better prediction performance for the D dimension than for P and A
dimensions. This difference is related to the different database construc-
tion methods: the Berlin voice library is a performance-based recorded
database, while TYUT2.0 is obtained by intercepting radio dramas. Al-
though the two databases have different emphases in emotional expression,
resulting in varying prediction effects, Model 3 consistently provides vary-
ing degrees of improvement for P, A, D dimension predictions. Moreover,
compared with literature [15] results for P, A prediction, Model 3’s co-
efficient of determination for P, A prediction in both databases is higher
than that of the KNN-based prediction model in the literature by 0.24 and
0.35, respectively. This confirms that Model 3’s predictions are superior.

In summary, Model 3 not only significantly improves the prediction performance
for emotional dimensions P, A, D but also applies to different types of emotional
databases, demonstrating that the clustering PSO-LSSVM model has strong
PAD prediction capability and good data universality. The reasons are: PSO
algorithm optimization of LSSVM model regression parameters avoids subjec-
tive blindness in parameter selection, improving prediction results to a certain
extent; emotion clustering analysis reduces the impact of correlations between
emotional features on prediction accuracy by preliminary emotion clustering;
therefore, the proposed clustering PSO-LSSVM regression model not only makes
the regression process more objective but also enables more accurate P, A, D
dimension predictions by reducing feature correlations.

4 Conclusion
To achieve objective quantification of emotions from dimensional perspectives,
this paper proposes a prediction method combining PSO-optimized LSSVM
with clustering analysis—the clustering PSO-LSSVM regression model—for pre-
dicting emotional dimensions P, A, D, and compares its results with those of
LSSVM and PSO-LSSVM regression models. Experimental results show that
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the clustering PSO-LSSVM regression model provides better prediction results
for emotional dimensions P, A, D because it integrates the advantages of PSO
algorithm and emotion clustering analysis. The PSO algorithm’s optimization
of regression parameters effectively avoids subjective blindness in parameter
selection, while emotion clustering analysis processing of PSO-LSSVM’s ini-
tial prediction results reduces correlations between emotional features, thereby
achieving more accurate and intelligent P, A, D prediction. These results can
more precisely reveal the emotional dimensions of speech. Future work can pre-
dict the coordinate points of speech samples in PAD space and analyze their
relationship with basic emotions in the dimensional space based on the distribu-
tion of emotional speech in PAD three-dimensional space, providing a quantita-
tive method for analyzing the composition elements and proportions of complex
emotions.
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