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Abstract 

This work presents an in-depth study on the classification of regional accents in 
Mandarin speech. Mel-Frequency Cepstral Coefficients (MFCC) with 13 features are used 
as the input in this work. The dataset used is generated by speakers from 96 cities, which 
covers 13 large dialect areas in China. Eight dialect areas which cover about 75% of the 
dataset are selected in this work. The work explores 1-Dimensional Convolutional 
Neural Network with Stochastic Gradient Descent as an optimizer to extract the acoustic 
feature and get relative high accuracy of 67.15%. It is an important step to reduce the 
character error rate of ASR models. Meanwhile, it is useful to narrow a criminal’s 
location of living. 
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1. Introduction 

Mandarin accents regional recognition (MARR) is a technique that helps to identify speaker’s 

regional accents in China. It is an important step helping to reduce the character error rate (CER) of 

many ASR models, proved in [1] and [2]. Another application of MARR is a branch of criminal 

science, which uses MARR to narrow a criminal’s location of living[3]. Because there exist more than 

80 Chinese dialects, it is challenging to improve the accuracy of MARR since it is difficult to correctly 

capture the special characteristics of each accent. 

Characteristics of Chinese accents can be identified in consonants, vowels, tones, soft tones, emphasis, 

special use of /ə/ sound, cadence, gramma, use of words, and so on[3]. Because of the high diversity 

of accents, one method, instead of accurately specifying the accent, is to group accents’ regions with 

a certain degree of similarity. For example, paper [2] groups various accents region into three 

categories based on region and amount of deviation from standard Mandarin (north-east: close to 

standard Mandarin, centre-west: the dialect of Mandarin is a native language, and south-east: 

Mandarin is the second language). 

Mandarin ASR is studied by many researchers [1][2][4], but little papers have analyzed MARR in depth. 

For example, a sub-part of paper [2] achieved 34.1% correctness for identifying speaker’s accent’s 

region using deep neural network (DNN); paper [1] achieved 82.44% correctness, but only for 

identifying two regions and split male and female. 
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This work split MARR into four steps: 1. Pre-processing (re-orienting data set and Mel-frequency 

Cepstral Coefficients (MFCC) audio feature extraction), 2. Building and training a neural network 

using CNN and DNN models, 3. Testing trained models, and 4. Comparing and analyzing the 

performance of the two models. 

2. Dataset Description 

Since this work is trying to identify slight regional differences among the samples, a heavy-accent 

Mandarin audio dataset was not chosen. Instead, a relatively standard Mandarin audio dataset was 

used. There are 237k pieces of speech from 600 speakers. Most of the audio segments last for less 

than 5 seconds and the total duration is 200 hours. All of the speeches are standard Mandarin or light-

accented Mandarin. 

Speakers are from different regions in China. Every speaker is labelled with his/her birthplace. Their 

birthplaces contain all the provinces in China, as well as all seven accent regions. 

All of the samples were recorded in a silent indoor environment.  

3. Proposed System Description and Experimental Setup 

3.1 Acoustic Features Extraction 

This work makes use of MFCC features which are widely applied in ASR and MARR as our neural 

network input. For each audio segment, a 2s clip was cut from it. And then each clip was further split 

into 25ms frames. Python library librosa was used to extract MFCC features of each frame. The result 

of extraction for each frame was a 13-dimension vector, while the result for each audio segment was 

a 126 by 13 matrix. 

3.2 Data Preprocessing: 

Due to the unreadability and scatter of data in our dataset, data were preprocessed before sending into 

the model. The work here can be divided into three categories, data denoising, data classification and 

data normalization. 

3.2.1. Data Denoising 

Those groups of data which lack either an audio file or a metadata file were deleted. In the meanwhile, 

the work distinguishes Shan Xi from Shaan Xi according to the cities. 

3.2.2. Data Classification 

The cross-entropy error function which is suitable for classification problems was chosen as the loss 

function (1). 

𝐻(𝑝, 𝑞) = − ∑ 𝑝(𝑥)𝑙𝑜𝑔𝑞(𝑥) 
𝑥∈𝑋                         (1) 

q stands for the real label of the model, and p represents the outcome of the model. This function can 

measure the degree of similarity between different probability distributions in the same random 

variable. When the value of 𝐻(𝑝, 𝑞)decreases, the outcome of our model approaches the real label. 

As is shown in Table 1 the work then chooses data from top 8 dialect areas in China as the input, they 

are Min, Wu, Xiang, Beijing, Xinan, Yue, Zhongyuan and Dongbei respectively. 

One Hot Code was then used to represent different categories with the help of One Hot Encoder and 

Label Encoder function from sklearn. preprocessing module. 

3.2.3. Data Normalization 

Since the length of the audio file diverges from each other, exactly two seconds from each wav file 

was extracted to get a uniform structure. After that, the original sampling frequency was used to read 

the audio file with the help of librosa function. Librosa was used as well to generate matrices 

containing MFCC features.  

After that z-score normalization 𝑧 =
(𝑥−𝜇)

𝜎
 was applied to the data [𝜇 is the mean, and 𝜎 is the 

standard deviation]. After which step, the data can go down to the range between negative two to two. 
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All of them follow a standard normal distribution with the mean being zero and the standard deviation 

being one. 

Table 1. Top 8 Dialect Areas and related cities: 

MIN 
Quan Zhou, Pu Tian, San Ming, Shan Wei, Chao Zhou, Long Yan, Zhang Zhou, Fu Zhou, 

Sha Men, Bei Hai, Mei Zhou, Hai Kou... 

WU 
Wen Zhou, Shang Hai, Lian Yun Gang, Li Shui, Su Zhou, Jia Xing, Hang Zhou, Qu Zhou, 

Ning Bo, Tai Zhou, Yi Xing, Nan Tong, Wu Xi, Jin Hua, Hui Zhou, Nan Jing... 

XIANG Yi Yang, Xiang Xi Tu Jia Zu Miao Zu Zi Zhi Zhou, Zhang Sha... 

BEIJING Bei Jing, Cheng De, Chao Yang... 

XINAN 

Nei Jiang, Zi Gong, Shang Luo, Han Zhong, Cheng Dou, Wu Han, Kun Ming, Bi Jie Di Qu, 

Le Shan, Zhong Qing, Zi Yang, Zhang Jia Jie, Chang De, He Chi, Jing Men, Shi Yan, Liu 

Zhou, Liu Pan Shui, Tong Ren Di Qu, Gui Yang, An Kang... 

YUE 
Yu Lin, Shen Zhen, Dong Guan, Guang Zhou, Zhan Jiang, Mao Ming, Nan Ning, Shan Tou, 

Yun Fu, Zhao Qing, Zhu Hai, Gui Gang... 

ZHONGYUAN 
Xi Ning, Kai Feng, Zhou Kou, Ping Ding Shan, Tian Shui, He Ze, Bai Yin, Nan Yang, He 

Fei, Zhu Ma Dian, Fu Yang, Wei Nan, Zheng Zhou, Xin Xiang, Bo Zhou, Xi An... 

DONGBEI 
Da Xing An Ling Di Qu, Mu Dan Jiang, Shen Yang, Qin Huang Dao, Ha Er Bin, Ji Lin, Zi 

Bo, Zhang Chun, Pan Jin, Hei He... 

 

3.3 DCNNs For Affective Feature Extraction: 

Due to the long history and varied landscapes in China, almost every area has its own dialect. The 

main difference of dialects in China is the usage of tones and word choices. Motivated by this 

phenomenon, this work believes that Mel-Frequency Cepstral Coefficients (MFCC), which 

approximates the human auditory system well, is a good representation of the short-term features of 

audios.  

Based on previous assumption and related work, the work proposes that using Convolutional Neural 

Network (CNN) can model the relationship between frames of audios. When generating the input of 

our CNN, the speech signals are found to be one dimensional. In recent years, Zhang et al., [5] use 

static log Mel-spectrograms, the delta of log Mel-spectrograms and delta-delta of log Mel-

spectrograms as input for 2-D CNN because they try to model the temporal information of audio for 

emotional classification. While this experiment tries to extract the features of separate tones and word 

choices of audios. Thus, this work does not take delta of log Mel-spectrograms and delta-delta of log 

Mel-spectrograms as input. Because of the data format, 1-D kernels were used in the DCNN. 

 

 

Fig 1. Illustrates the framework of feature extraction 

 

3.3.1. Generation of DCNN Input 

Due to the various lengths of our wav files, the length of wav files were normalized. The wav files 

will be truncated for the first 2s if they are longer than 2s, or the wav file matrices will be filled with 

0 if they are less than 2s. The MFCC matrices which are in the shape of (13,126) with 13 features 

will be created based on those wav file matrices. In order to fit the input of 1-D CNN, every matrix 
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would be compressed by averaging the 13 features, and the shape of the matrix becomes (1,126). This 

work reshape those matrices into (126,1). Then, for every matrix, the work regularize it by first minus 

the mean and then divided by the standard deviation. The final input of the DCNN is (n, 126, 1), 

where n represents the number of data. 

As shown in Fig. 1, the DCNN model in our work includes six 1-D convolutional layers, five of which 

use dropout to reduce overfitting problem, two max pooling layers and one fully connected layer. 

3.3.2. Convolutional Layer 

The convolutional layer in this work extracts the local tune features of audios with multiple 1-D 

convolutional filters and produces the feature maps. The procedure can be described as 

(ℎ𝑘)𝑖 = (𝑊𝑘 ⊗ 𝑞)𝑖  

where (ℎ𝑘)𝑖 represents the 𝑖𝑡ℎ  element of 𝑘𝑡ℎ  output of 1-D MFCC feature map, 𝑞 denotes the 

input which is 1-D MFCC, 𝑊𝑘  and ⊗ represents the 𝑘𝑡ℎ  filter and 1-D convolution operation 

respectively. The activation function of 1-D convolutional layers is Rectified Linear Unit (ReLU). In 

addition, the 1-D convolutional layers use dropout with 0.2 as the dropping rate to avoid overfitting 

in DCNN. 

𝑅𝑒𝐿𝑈 =  𝑚𝑎𝑥(𝑥, 0) 

3.3.3. Pooing Layer 

After a certain 1-D convolutional layer, a max pooling layer is employed to down-sample and obtain 

the feature maps from previous 1-D convolutional layers and produce a single output from the local 

region. In our experiment, max pooling is used. 

3.3.4. Fully-connected Layer 

Before this layer, the work first flattens the output from 1-D convolutional layers into one dimension. 

The flattened result is used as the input of the fully-connected layer. This layer is used to yield the 

final feature for classification. The activation function is sigmoid and outputs the probability of each 

category. 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑 =  
1

1 − 𝑒−𝑥
 

In the DCNN’ training in our work, Root Mean Square Prop (RMSProp) and Stochastic Gradient 

Descent (SGD) are used as optimizers. RMSProp is employed with parameters like the batch size of 

examples, the learning rate (e.g., 0.0001) and the weight decay value (e.g., 1e-6). While the 

parameters of SGD are set up like the momentum value (e.g., 0.9), the learning rate (e.g., 0.0001) and 

the weight decay value (e.g., 1e-6). 

3.3.5. Experiment Result: 

Classification of Top 8 Dialect Areas: 

MIN WU XIANG BEIJING XINAN YUE ZHONGYUAN DONGBEI 

 

Table 2: Performance of top eight dialect areas: 

1-D CNN Optimizer RMSProp SGD 

Classification Accuracy 63.07% 67.15% 

 

Table 3: DNN 

Optimizer Adadelta 

Classification Accuracy 60.64% 
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Fig 2. RMSProp                               Fig 3. SGD 

 

Classification of 7 Major Provinces in China: 

GUANGDONG SHANDONG BEIJING FUJIAN JIANGSU JIANGXI HUNAN 

 

Table 4: Performance of seven major provinces 

1-D CNN Optimizer RMSProp SGD 

Classification Accuracy 68.63% 70.54% 

 

  

Fig 4. RMSProp                         Fig 5. SGD 

 

The mean of 13 features of Mel-Frequency Cepstral Coefficients was used as the input with the shape 

of (126,1). The work then validates different optimizers and Neural Network (NN) models to test the 

accuracy. After tuning parameters, the best accuracy of DCNN comes to 67.15% for 8 classes of data, 

and 70.54% for 7 classes, while the performance of Deep Neural Network (DNN) is relatively lower 

than our DCNN. From Fig 3 and Fig 4, it can be concluded that the models do not get overfitting and 

reach high accuracy in this problem that the work stated. 

4. Results and Discussions 

This high result is obtained with a linguistic approach, while not utilizing the full dataset. Given a 

large amount of information, the work can definitely improve the accuracy and precision of the 

classifications. The work divided the goal into 8 or 7 areas to classify because no audible difference 
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in accents underlies beyond the 7 main regions. MFCC cannot provide more knowledge into further 

grouping the data.  

There are some other suggestions for future neural network architecture, one of which is to use 

KMeans to cluster the dataset into machine appreciated groups. Therefore no linguistic approach will 

be used which might not be accurate in some cases. After clustering, the work can predict with the 

cluster centroids. The KMeans can then provide a “bounding box” for the next set of classifications, 

which this work can attempt to group the region into cities even.  

5. Discussion and Conclusion 

In conclusion, this work used the mel-frequency cepstral coefficients to map the raw audio into 

machine-understandable features. Then, a convolutional neural network is set to first pick up the 

features and trained to classify with a Deep Neural Network, on a normalized data. Next, the work 

found that with a classification too precise that local accents are of the same type of regional accents, 

the accuracy is typically low. Thus, the work modified the dataset to suit the need for only 3 and 7 

regions. After that, CNN worked particularly well bringing the validation accuracy up to 87% and 

71%, respectively.  
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