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Abstract 

In order to improve the problem of low accuracy of Chinese speech emotion recognition, 
a new Chinese speech emotion recognition network structure is built. The algorithm 
firstly expands the speech emotion data by generating more complex simulated samples 
using data augmentation on a small sample corpus, and secondly transforms the speech 
spectrogram into a Mel spectrogram for pre-processing, which is input to the Chinese 
speech emotion recognition network algorithm based on deep learning proposed in this 
paper. Experiments show that the network structure has good performance in Chinese 
speech emotion recognition accuracy and can meet the accuracy and robustness 
requirements of speech emotion recognition algorithms. 
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1. Introduction 

With the rapid development of deep learning, the research of speech emotion recognition is of 
great importance in a variety of practical applications such as educational feedback and 
assisting police detection. At present, with the development of neural networks, neumann M et 
al [1] introduced the attention mechanism [2] into a convolutional neural network (CNN) and 
obtained the highest accuracy of 62.11% experimentally on the IEMOCAP dataset. In the same 
year, Mirsamadi et al [3] introduced the self-attention mechanism (self-attention) to a 
recurrent neural network (Convolutional neural network, LSTM) with long and short-term 
memory units, which enabled the network to focus on the emotionally feature-rich part of the 
corpus and improved the recognition rate by 5.7% over the baseline system. In 2020, Yingning 
Gao et al [4] proposed a method for small-sample speech emotion recognition under a 
generative adversarial network model, and used an LSTM network to further extract temporal 
emotion features to improve the emotion recognition rate. Experiments on the German Speech 
Database (EMODB) database showed that the method improved the recognition rate by 20% 
over both CNN and other networks. 

Compared to the recognition rate of English corpus emotion, the accuracy of Chinese speech 
emotion recognition did not achieve better results. huang et al [5] only achieved 48.5% 
accuracy on the Chinese speech emotion CASIA dataset. Zeng Runhua et al [6] built an improved 
network based on convolutional neural network and the accuracy was only 50.32% on the 
dataset CASIA. You Mingyu et al [7] chose energy, fundamental frequency and resonance peaks 
as emotion features on the Chinese emotion corpus CASIA, and the experimental accuracy was 
68.3%. Zhu Fangmai et al [8] proposed a method based on stacked self-coding structure 
extraction and recognition with a Softmax classifier, and the accuracy reached 80.95% on the 
Chinese dataset CASIA. To further improve the accuracy of Chinese speech emotion recognition, 
a new network structure for speech emotion recognition is proposed in this paper, and the final 
experimental accuracy of 85.4% is obtained. 
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2. Methodology 

2.1. Data Preprocessing 

In order to retain more corpus information, this paper first converts the speech data into a 
speech spectrogram as the input to the network. The speech spectrogram, referred to as the 
speech spectrogram, is obtained by pre-processing, Short Time Fourier Transform (STFT) and 
logarithmic operation of the temporal signal. The horizontal coordinate is time, the vertical 
coordinate is frequency and the point value is the energy of the data. The darker the colour of 
the spectrum, the higher the energy. 

 
Figure. 1 Language spectrum diagram 

The speech spectrogram contains information on fundamental frequency, energy, resonance 
peaks, etc. The short-time Fourier transform of the nth frame of the speech signal， )(mx n ， is 

shown in equation (1), where )(w  is the window function and 0  is the centre of the window 
function. 
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2.2. Data Augmentation 

The CASIA dataset is a small sample Chinese speech emotion dataset. In order to avoid 
overfitting of the network during training, this paper will use data augmentation to increase 
data diversity and to more closely display the rich and diverse corpus in practice. This paper 
uses time-domain data augmentation: velocity enhancement and pitch enhancement. 

Velocity enhancement is a signal that compresses or stretches the length of time in order to 
change the speed of speech, simulating the effect of different speech speeds on the original 
emotion in everyday speech. Tone enhancement yields new speech data of constant total 
duration with a significant increase or decrease in frequency. 

2.3. Network Architecture 

The speech spectrogram is rich in sentiment features but also contains a large amount of 
redundant information, which leads to the low recognition rate of shallow neural networks. 
Therefore, this paper proposes a new neural network structure based on residuals, which aims 
to avoid overfitting, deepen the number of neural network layers, effectively self-mine the 
potential emotion feature distribution in the spectrogram, ignore redundant information, and 
improve the accuracy of Chinese speech emotion recognition. 

The identity block in the Residual Network (ResNet) [9] is composed of two convolutional 
layers and shortcut connections, as shown in Figure 2. The residual block superimposes the 
input and output together, allowing the input signal to be passed directly to the higher levels, 
solving the problem of gradient disappearance and network degradation caused by the 
network being too deep. 
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Figure. 2 The identity block 

In this paper, a network structure for Chinese speech emotion recognition is designed and built 
on the basis of the residual module. The input signal is passed through two convolutional layers 
and shallow features are extracted. The extracted shallow features are passed through 2 blocks, 
each block consisting of a convolutional layer and a residual module. Finally the features are 
passed through a fully connected layer and a softmax classifier. The network layer activation 
functions all use the ReLU function and the losses use the cross-entropy function with the Adam 
optimiser. This is shown in Figure 3. 

 
Figure. 3 Network structure 

3. Results and discussion 

This project uses the Python language and Keras version 1.4 GPU to build neural network 
models, and experiments are conducted on an NVIDIA RTX 2080 Ti with 8GB of GPU memory. 
The experiments were conducted using CASIA, a Chinese emotion dataset. 

The CASIA dataset was independently recorded and published by the Institute of Automation, 
Chinese Academy of Sciences. 1200 speech data were recorded by four professional 
pronouncers on 50 short sentences of text with six emotion renditions. The six emotions 
involved in the data corpus are angry, fear, happy, neutral, sad and surprise. 

 
Figure. 4 Six categories of emotional classification in CASIA 
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3.1. Analysis of results 

This set of experiments will transform the raw data into Mel spectrograms of size 156x144, 
then the extracted mel spectrograms will be subjected to two types of methods for data 
enhancement in the time domain and frequency domain, and finally input into the Resnet 
network and the network structure proposed in this paper.In this paper, experiments were 
conducted on the CASIA dataset, and the variation of the model loss during training is shown in 
Figure 5. 

 
Figure. 5 Train loss 

 

Table 1 Comparison with other experiments on the CASIA Chinese speech emotion dataset 

Dataset Methodology Accuracy 

CASIA 2-D CNN[4] 55.8% 

CASIA Lenet-5[10] 85.8% 

CASIA DCNN+LSTM[11] 72.8% 

CASIA Methodology of this article 86.3% 

The experimental results show that the accuracy of the network structure proposed in this 
paper is 30.7%, 0.5% and 13.5% higher than that of 2-D CNN, Lenet-5 and DCNN+LSTM 
network structures respectively, which indicates that the algorithm proposed in this paper has 
higher recognition performance and robustness. The speech spectrogram input used in this 
paper avoids the uncertainty of traditional manual features, more fully explores the sentiment 
features of the original corpus, and enhances the model's ability to mine features by deepening 
the network with a residual structure, thus improving the network recognition accuracy. 

4. Conclusion 

In this paper, the speech data are transformed into a speech spectrogram input value network 
to retain all information to the maximum extent possible. Secondly, this paper proposes a new 
network structure built mainly with residual modules for Chinese speech emotion recognition. 
Experiments prove that the network can effectively improve the accuracy of Chinese speech 
emotion recognition, providing a new idea for improving the accuracy of Chinese speech 
emotion recognition. However, due to the complex information in the speech spectrogram, how 
to better mine the deep emotion features is the direction of future research on Chinese emotion 
recognition. 
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