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Abstract 

Automatic speech emotion recognition technology is widely used in the field of 
intelligent human-computer interaction, which will greatly improve people's efficiency 
in work and study and improve their quality of life. In order to further improve the 
accuracy of speech emotion classification and solve the problems such as manual feature 
extraction, insufficient sample size and easy over-fitting of the model, this paper 
proposes a VPCNN model. Based on the method of transfer learning, the model adopts 
the structure of partial model of VGG16 network and introduces Batch Normalization 
(BN) to extract deep speech emotion features, which improves the generalization ability 
of the model. Secondly, principal component analysis is introduced to reduce the 
dimension of features, and softmax is used to classify emotions. The experimental 
results verify the effectiveness of the model in speech emotion classification and 
recognition. 
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1. Introduction 

Speech Emotion Recognition (SER) is a modern technology that allows computers to extract the 

features that can express the emotion of speech signals, and then get the emotion of speech. In 1972, 

Williams and Stevens found that different emotions would have characteristic differences in 

fundamental frequency profile and average speech spectrum [1]. In 1983, Van Bezooijen and others 

found that voice and emotion had recognizable universal characteristics [2]. In the 1980s, Professor 

Minsky put forward the viewpoint that "computers have the ability of emotional cognition", which 

was recognized by many researchers once published [3]. 

In recent years, researchers have used many methods of pattern recognition for speech emotion 

recognition, such as Support Vector Machine (SVM), Gaussian Mixture Model (GMM), Hidden 

Markov Model (HMM) and so on. With the rapid development of deep learning, deep learning 

frameworks such as recurrent neural network (RNN) and convolutional neural network (CNN) are 

also applied in the research field of speech emotion recognition. Turgut and others studied the 

effectiveness of different methods in spectrogram images, and used SVM to classify emotions [4]. 

Liang Xiaoge and others combined CNN and LSTM to extract emotional information from 

spectrogram [5]. Yu Hua and others classify emotions based on the recurrent cyclic neural network 

of CTC loss function [6]. 

In order to further improve the accuracy of speech emotion classification, this paper proposes a 

VPCNN model, and carries out emotion classification experiments on SAVEE and RAVDESS data 
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sets. The experimental results verify the effectiveness of VPCNN model, which can achieve good 

results in speech emotion classification and recognition. 

2. Related principles 

2.1 Convolutional neural network 

CNN is different from the ordinary neural network in that it can extract features between convolution 

layer and pooling layer. The structure of CNN is generally composed of convolution layer, pooling 

layer and full layer of connection, and the network structure is shown in Figure 1. Convolution layer 

and pooling layer is generally cross-set, one (or several) convolution layer is followed by a pooling 

layer and a convolution layer. The last layer of the pool is followed by a full layer of connection, and 

the number of layers of the full connection is also not fixed. 

 

Figure. 1 Structure diagram of convolutional neural network 

 

2.2 Transfer learning 

In the field of deep learning, transfer learning is widely used. Not all research fields have enough data 

sets to provide experimental inquiry, but when enough data for training in other fields, complicated 

tasks such as data processing and marking can be avoided through the knowledge transfer, which 

greatly improves the learning performance [7]. Transfer learning can greatly reduce the problems 

caused by long training time, and make up for the impact of insufficient sample size. 

3. Principle of VPCNN model 

In order to solve the problems of manual feature extraction, insufficient sample size and easy over-

fitting of the model, this paper puts forward the VPCNN model. The overall model structure is shown 

in Figure 2, which mainly includes four modules: data preprocessing, feature extraction, feature 

dimension reduction and classification. 

 

Figure. 2 Overall model structure 
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3.1 Feature Extraction Module 

This module uses the model of migration learning VGG16. The VGG16 network has 13 convolution 

layers and 3 full connection layers, with a total of 5 convolutions and 16 layers. The convolution layer 

has the same 3×3 convolution kernel with a step size of 1, and each convolution layer will be followed 

by the maximum pooling layer with a filter size of 2×2 and a step size of 2. The features of the input 

picture are extracted through the convolution layer and pooling layer. Then input it into the last 3 

layers of all-connected layers for classification. The VGG16 network is improved, batch 

normalization (BN layer) is added to each convolution layer, and the data is normalized before being 

input to the next layer of network, so that the mean value is 0 and the variance is 1, which can reduce 

the training time of the model and improve the generalization ability of the model. 

There are hundreds of thousands of pictures in ImageNet data set, which can train deep convolutional 

neural network well. This data set is used to pre-train VGG16 network model, and finally it is divided 

into 1000 categories, which has good classification effect and strong generalization ability. The fully 

connected layer of the pre-trained VGG16 network is removed, and the previous convolution layer 

and pooling layer is reserved for feature extraction. Applying transfer learning to fine-tune the trained 

model, firstly, it can taken to alleviate the lack of large data sets, and secondly, it can reduce the 

training time of the model. 

3.2 Feature dimension reduction 

Principal component analysis (PCA) is widely used by researchers in data analysis, and is often used 

in the process of feature transformation from high dimension to low dimension. PCA is used to reduce 

the dimension of data samples, and the main features which are linearly independent and independent 

of each other can be obtained, which is beneficial to explore the mathematical relationship between 

feature values and predicted values [8]. The feature extraction module can extract 25088-dimensional 

speech feature vectors. If the dimension of feature vector is high, it will easily lead to over-fitting of 

the model and make the training time of the model too long. Therefore, PCA is used to reduce the 

dimension of features, and the main components with the large rate of contribution are selected as the 

input of the classifier. The specific steps are as follows: 

(1) Firstly, calculating the mean value of the dimension of the speech emotion feature vector; 
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n  is the eigennumber, d  is the dimension of the eigenvector, and jiX )(  is the i th eigenvalue in 

the j th dimension. 
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(4) The eigenvalues and eigenvectors of the covariance matrix were calculated, and the eigenvalues 

were sorted from the largest to the smallest. Assuming that the eigenvalues were d  ...21 , 

the eigenvectors Nwww ,...,, 21  corresponding to the first N largest eigenvalues were retained. 

Transform the original feature into the new space constructed by the N eigenvectors obtained above. 
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3.3 Classification module 

In deep learning, when there are few training samples and many model parameters, the model will be 

over-fitted. The pre-trained VGG16 network model divides the results into 1000 categories, and the 

data set used in this paper only needs to divide the speech emotion into 7 categories. In order to 

improve the accuracy of emotion classification and get a better classification effect, the whole layer 

of connection of VGG16 network is adjusted, and dropout technology is added, so that a certain 

neuron can stop working or delete some neurons with a certain probability, control the work of 

neurons, make the model more generalized, and prevent the model from over-fitting. The full layer 

of connection integrates all local features extracted from convolution layer and pooling layer into 

global features, and then inputs them into softmax classifier for classification. In this paper, three 

kinds of fully connected layer structures are set up, as shown in Table 1. The accuracy of speech 

emotion classification is used as the evaluation index of model validity. 

 

Table 1 Full Connection Layer Model 

Model Full connection layer structure 

Model 1 200+dropout+200+softmax 

Model 2 256+dropout+128+softmax 

Model 3 128+dropout+128+softmax 

 

4. Experimental design and analysis 

4.1 Data set 

SAVEE and RAVDESS data sets are used in this study. SAVEE data set contains the voice data of 

four men, with a total of seven emotions, namely "anger", "disgust", "panic", "joy", "neutrality", 

"sadness" and "surprise". Each person recorded 15 or 30 sentences for each emotion, with a total of 

480 voice data. RAVDESS data set contains 24 people who participated in the recording, with a total 

of 8 emotions, namely "anger", "hate", "panic", "joy", "neutral", "sadness", "surprise" and "calm". 

Each participant recorded 60 experiments, with a total of 1440 sentences, and the experiment gave 

up the "calm" emotion. 

4.2 Data preprocessing 

In order to analyze the speech signal and use it for the following speech emotion classification and 

recognition. Firstly, the endpoint detection of the speech signal is carried out by using the double 

threshold detection method, and according to the short-time zero-crossing rate and short-time energy 

of the speech, the mute part of the speech signal is deleted, and the effective part of speech is obtained. 

The voice band of RAVDESS data set is 1s-2s, and that of SAVEE data set is 0.5s-3s. It can 

effectively reduce the loss of speech information by transforming speech signals into the form of 

idiom spectrogram and extracting features directly from the spectrogram with feature extraction tools. 

In this paper, the speech signal is preprocessed and transformed into the form of spectrogram. Because 

the VGG16 network used requires the input of fixed-size images, the spectrogram in the data set is 

transformed into the format of 224×224, RGB three channels. 

4.3 Experimental design and result analysis 

Experiment 1: Separate data sets, takes 70% of the data sets as training sets and 30% as test sets, input 

data samples into feature extraction module for feature extraction, and reduce the extracted 25088-

dimensional features by PCA. After the dimension reduction, the comparison results of different 

features of dimension are shown in Table 2. 

It can be clearly seen from the result data in Table 2 that the accuracy obtained in different data sets 

is only 56.71% on average level without PCA the dimension reduction, and the accuracy obtained 

after the dimension reduction has a significant and upward change. Among them, the accuracy of 
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preserving 200-dimensional feature vectors is the best, with the average accuracy of 79.37%, which 

is 22.66% higher than that without dimensionality reduction. Compared with the above-mentioned 

dimensions, the results obtained by retaining other dimensions are quite different, and the accuracy 

is low, so we will not make a statement here. 

 

Table 2 Comparison results of different dimension features 

Dimensions accuracy (%) 25088 Four hundred 300 200 100 

SAVEE 50.18 67.92 58.23 69.63 62.22 

RAVDESS 63.24 80.18 73.88 89.12 82.25 

 

Experiment 2: according to the results of experiment 1, the 200-dimensional speech emotion features 

are taken to continue the experiment, the full layer of connection of VGG16 is adjusted, and the three 

full connection layer model structures are compared with the original model structure of VGG16. The 

comparison results of different models are shown in Table 3. 

 

Table 3 Comparison results of different models 

Model accuracy (%) Model 1 Model 2 Model 3 VGG16 model 

SAVEE 93.75 94.94 83.04 50.18 

RAVDESS 95.14 97.82 91.18 63.24 

 

It can be clearly seen from the result data in Table 3, that among the three fully connected layer of 

model structures, due to the addition of dropout layer, and compared with the original VGG16 

network model. The accuracy rate is obviously increased, and the model 2 has the most remarkable 

effect, with an average accuracy rate of 96.38% in different data sets, which effectively improves the 

accuracy rate of speech emotion classification and recognition. 

5. Conclusion 

In this paper, the classic model of network VGG16 in the field of image classification and recognition 

is used to extract deep voice emotional features, which avoids the performance limitation of the 

network model caused by insufficient sample size. The VGG16 network is improved by adding BN 

layer, which reduces the training time of the model and improves the generalization ability of the 

model. The features are reduced by PCA, and the average accuracy in different data sets reaches 

96.38%, which effectively improves the accuracy of speech emotion classification and recognition. 

In the future research, speech emotion recognition can be explored in a deeper network of structure, 

and more classifiers can be selected for classification. 
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