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Abstract 

The performance of speech recognition systems will 
be improved if the corpus is organized in the 
specialized domain and is applied in a consistent way 
for speech recognition in specific situations. 
Vietnamese dialects are various. The building of 
corpus for Vietnamese dialect is the first step for 
implementing the system of dialect identification 
used for increasing the performance of Vietnamese 
recognition in general. This paper presents a method 
of building a corpus for Vietnamese dialect 
identification. Vietnamese corpus VDSPEC is built 
with topic-based recording and tonal balance. The 
duration of the corpus is 45.12 hours in total. The 
basic characteristics and preliminary evaluations of 
the corpus are also described. The statistical analysis 
of F0 variation and experiments on the classification 
of dialects using LDA projection showed that there 
are distinctions of pronunciation modality of 
Vietnamese for three dialects Hanoi, Hue and Ho Chi 
Minh city. For experiments on Vietnamese dialect 
identification, the first four formants, their 
bandwidths, and F0 variants have been used as input 
parameters for GMM. The experiment results for the 
dialect corpus of Vietnamese shows that the 
recognition rate is 66.3% without F0 information and 
this recognition rate increases to 72.2% with F0 
information. 
Keywords: Vietnamese, corpus, Vietnamese dialects, 
statistical analysis, fundamental frequency, topic-
based recording, tone balance, LDA projection, 
MFCC, formant, bandwidth, GMM, identification. 
 
1. Introduction 

Vietnamese is a tonal language with many 
different dialects. It is the diversity of Vietnamese 
dialects that remains a great challenge to the systems 
of Vietnamese recognition. In other words, the 
pronunciation modality of the word is not the same 
from locality to locality. For example, for two 
Vietnamese dialects, the sound may be heard as the 

same but the sense is quite different depending on the 
dialect. This can reduce the performance of 
recognition systems if these systems have no 
information and training data of each dialect to be 
recognized. 

For Vietnamese, the studies on dialects have 
been carried out for a long time ago but mainly on 
the linguistic approach and were still limited to the 
signal processing approach. Therefore, the research 
and the solution for Vietnamese dialect identification 
are quite necessary to improve the performance of 
Vietnamese recognition systems. 

To be able to carry out research on speech 
recognition in general and in particular on dialect 
identification, we need a good quality corpus which 
meets research requirements [1], [2], [3]. For 
Vietnamese,  some corpora exist already such as 
VNSPEECHCORPUS [4], VOV (Voice of 
Vietnamese) Corpus [5] or VNBN (United Broadcast 
News corpus) [6]. In dialect recognition, especially 
for Vietnamese language, corpus should involve the 
characteristics of the Vietnamese language. The 
mentioned available corpora  do not simultaneously 
satisfy these requirements. Therefore, the building of 
Vietnamese corpus VDSPEC (Vietnamese Dialect 
Speech Corpus) was studied to meet the requirements 
for speech and Vietnamese dialect recognition. 

The construction of corpus can be done in 
several different ways. For example, using the 
available audio sources from radio, television, and 
then classify, extract audio signals matching 
requirements, browse and edit the text, respectively 
[5], [6]. The alternative is to perform recording 
environments and to select speakers based on record 
scenario prepared in advance. 
Section 2 of the paper describes the overview of 
Vietnamese dialects. Section 3 will present the 
methods for building Vietnamese corpus. Section 4 
describes in detail the statistical analysis of F0 
variation. Preliminary classification of dialects using 
LDA will present in section 5. Section 6 gives the 
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research results on Vietnamese dialectal 
identification based on GMM (Gaussian Mixture 
Model) using formants, their bandwidths and tonal 
features through the variation of fundamental 
frequency. Section 7 is the effect of Gaussian 
component number on dialect recognition 
performance. Finally, section 8 is conclusions and 
development orientations. 

2. An overview of the vietnamese dialects 

It is known that a dialect is a form of the 
language spoken in different regions of the country. 
These dialects may have distinctions of words, 
grammar, and pronunciation modalities. Vietnamese 
is the language that has many dialects. 

The division of the Vietnamese dialects has been 
done by Vietnamese linguists with some different 
opinions. Nevertheless, the majority of linguists think 
that Vietnamese can be divided into three main 
dialects: northern dialect corresponding to Tonkin, 
central dialect corresponding to areas from Thanh 
Hoa province to Hai Van pass, southern dialect 
corresponding to areas from Hai Van pass to 
southern provinces [11]. In any case, this division is 
only relative because the geographical boundaries to 
divide the dialects are not completely clear. In fact, 
for the same regions, dialect can vary from a village 
to another. For three principal dialects above, in 
addition to the significant differences in vocabulary, 
it makes the listener easily perceive, distinguish 
between the dialects that is pronunciation modality. 
Phonetics of three main dialects differs significantly. 
For Vietnamese tone system, northern dialect has full 
six tones including level tone (“thanh ngang”), low-
falling tone (“thanh huyền”), asking tone (“thanh 
hỏi”), rising tone (“thanh sắc”), broken tone (“thanh 
ngã”) and heavy tone (“thanh nặng”), while central 
dialect has only five tones. For Thanh Hoa, Quang 
Binh, Quang Tri, Thua Thien voices and southern 
voice in general, there is no distinction between 
asking tone and broken tone. For Nghe An and Ha 
Tinh voices, broken tone and heavy tone are the same. 
In terms of prosody, three main dialects are entirely 
different. 

The number of different Vietnamese dialects is 
very big. Traditionally, Vietnam is divided 
geographically into three regions: North, Centre, and 
South. The dialects for these three regions are also 

different both local vocabularies and pronunciation 
modalities. That is why we have chosen three 
representative dialects for these regions.  

In our research, it is the difference between 
pronunciation modalities and but not local 
vocabulary that is exploited to identify three main 
dialects. 

3. Building Vietnamese dialect corpus 

3.1 Method for building Vietnamese dialect corpus 

There are already dialectal corpora for some 
languages such as English [7], Chinese [8], Arabic 
[12], Thai [9], Hindi [3], [10]... For English, FRED is 
really a big dialect corpus which covers 8 dialects 
with 2.45 million words of text and about 300 hours 
of speech. FRED contains data from 420 different 
speakers, the age of speakers included in FRED 
ranges from six years to 102 years. For material 
included in FRED, it was recorded over 30 years. 
The corpus permits the investigation of phenomena 
of non-standard morphosyntax beside analyses of 
phonetic or phonological details.  

For Chinese, there are eight major dialectal 
regions. The authors in [8] have built the corpus for 
Wu dialect belonging to eight major Chinese dialects 
and  providing information at four levels: phonetic 
level, lexicon level, language level and acoustic 
decoder level. 

Our corpus is built mainly for the first step 
research on dialect identification of Vietnamese and  
the corpus’s target is more modest and meets the 
basic criteria. The corpus is built to cover a relatively 
large range of topics, text contents ensure tonal, 
gender equilibrium for speakers, speakers are 
selected so that they possess local accent and their 
voices are steady, low noise for  recording 
environment. For a corpus, there are two ways for 
recording: spontaneous speech and read the speech. 
To be more active, we have chosen read speech for 
recording. 

The building of Vietnamese corpus is done in 
two stages. Stage 1 includes compilation, collection, 
and classification of documents by topic; performing 
adjustments to ensure tone balance in the prepared 
text. Next, in stage 2, recording is performed using 
specialized equipment with selected environment. 
Signal to noise ratio of recorded corpus has been 
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evaluated based on spectrum subtraction  method. 
Results showed that the average value of this ratio is 
35 dB. This value is perfectly suited for the dialects 
identification system and voice recognition. 

The topics are selected from electronic 
documents. The words of these topics need to be 
counted to ensure tone balance. Tone balance means 
that the appearance probability of six tones is the 
same in quantity (about 717 words for each tone). 
This procedure is conducted automatically with the 
support of software or manually. 
 

3.2 The results of building Vietnamese dialect corpus 
VDSPEC 

The number of different Vietnamese dialects is 
very big. Traditionally, Vietnam is divided 
geographically into three regions: North, Centre, and 
South. In fact, for the same regions, dialect can vary 
from a village to another. The dialects for these three 
regions are also different both local vocabularies and 
pronunciation modalities. That is why we have 
chosen three representative dialects for these regions. 
In our research, it is the difference between 
pronunciation modalities and but not local 
vocabulary that is exploited to identify three main 
dialects.  
For VDSPEC corpus, the sampling frequency is 
16000 Hz and 16 bits per sample. The speaker’s 

average age is 21. At this age, voice quality is steady 
with full features for the local voice. Each dialect has 
50 speakers including 25 men and 25 women. Hanoi 
voice is chosen for northern dialect, Hue voice for 
central dialect and Ho Chi Minh City voice for 
southern dialect. For each topic, the speaker reads 25 
sentences and a sentence length is about 10 seconds. 
The total recording duration is 45.12 hours with the 
volume 4.84 GB. 

4. Analysis of F0 variation 

As above mention, fundamental frequency plays 
an important role in Vietnamese. Especially, the 
fundamental frequency variations of three dialects 
North, Center and South are different for the same 
tone. That is why we will analyse the variations of 
fundamental frequency for three dialects to describe 
these distinctions. 
Three representatives male voices and three female 
voices were chosen to evaluate F0 variations. In fact, 
the duration of the tones is usually different. To make 
the difference more evident, these durations have 
been normalized by the same time length 0.5 seconds. 
F0 analysis results are shown in Fig. 1 and Fig. 2. 
Praat [13] was used to evaluate the fundamental 
frequency variation of Vietnamese tone in VDSPEC. 
 

 
 

Fig. 1  F0 variation for six tones of female voices Hanoi (a), Hue (b), and HCM (c). 
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Fig. 2  F0 variation for six tones of male voices Hanoi (a), Hue (b), and HCM (c). 

 
As we can see from figures 1 and 2, for level 

tone,  F0 variation is rather small at around the mid 
level for three dialects. For Hanoi voice, rising tone 
starts as mid and then rises but for Hue voice the 
difference between starting and ending values for F0 
is smaller than Hanoi voice and Ho Chi Minh City 
voice. 

For low-falling tone, F0 starts low-mid and falls 
monotonously. With heavy tone, F0 starts mid or 
low-mid and rapidly falls at the end for Hanoi voice. 
In general, F0 of tones for Hue voices has the 
tendency to go down monotonously as low-falling or 
heavy tones for Hanoi voice or Ho Chi Minh City 
voice. For the broken tone of Ho Chi Minh City 
voice, the variation of F0 has a tendency to goes up 
at the end as asking tone of Hanoi voice. The range 
of F0 variation for 6 tones of Hue voice is smaller 
than Hanoi voice and Ho Chi Minh City voice. 

The variation of F0 values for 150 speakers 
including 75 males and 75 females is also evaluated 
and is depicted by boxplots in figures from 3 to 8. 
These figures show F0 variation for male voices 
Hanoi (Hn-M), Hue (Hue-M), Chi Minh City (HCM-
M), and female voices Hanoi (Hn-F), Hue (Hue-F), 
and Ho Chi Minh City (HCM-F). For each dialect, 
the number of female voices is 25 and the same for 
the number of male voices 
 

 

Fig. 3  F0 variation of asking tone. 

 

 

Fig. 4  F0 variation of broken tone. 
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Fig. 5  F0 variation of heavy tone. 

 

 

Fig. 6  F0 variation of level tone. 

 

 

Fig. 7  F0 variation of low-falling tone. 

 

Fig. 8  F0 variation of rising tone. 

 
From Fig. 3, the range of F0 variation for asking 

tone of Hue voices is smaller than the case of Hanoi 
voices and Ho Chi Minh City voices. For the level 
tone of Hue voices, the F0 variation range is larger 
than Hanoi voices and Ho Chi Minh City voices (Fig. 
6).  

For broken and rising tones, F0 of Hue voices 
tends to go down lower in comparison with Hanoi 
voices as in Fig. 4 and Fig. 8. In contrast, for heavy 
and low-falling tones, F0 of Hue voices tends to go 
up higher than Hanoi voices as we can see from Fig. 
5 and Fig. 7.  For heavy tone, the range of F0 
variation of Ho Chi Minh City is larger than two 
other dialects. 

Generally speaking, the direction and the range 
of F0 variation for Hue tones tends to be opposed to 
Hanoi tones. Except broken tone, the direction of F0 
variation for Ho Chi Minh City voices are closed to 
Hanoi voice. For broken tone, the F0 variation of Ho 
Chi Minh City voices tends to go up as asking tone 
of Hanoi voices. 

This conclusion is also consistent with the 
perception of reality about the difference between the 
pronunciation modality for the tones of three dialects 

5. Preliminary classification of dialects using LDA 

For the words with the ends such as "nh" or "ch" 
for example "chính" (“main”), "kinh" (“fear”), 
"mạnh" (“strong”), "thành" (“wall”), "tỉnh" 
(“province”), "vĩnh" (“eternity”), "tích" (“product”), 
"tịch" (“confiscation”) …, the pronunciation 
modalities of Hue voices and Ho Chi Minh City 
voices are different in comparison with Hanoi voices. 
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For Hue voices and Ho Chi Minh City voices, the 
nasalization level is stronger than Hanoi voices. In 
the case of Hue voices and Ho Chi Minh voices, the 
sound “tích” is pronounced as “tứt” (nonsense for 
Hanoi dialects), “thành” as “thằn” (nonsense for 
Hanoi dialects)... For the following presentation, we 
try to use spectral characteristics through MFCC 
(Mel Frequency Cepstral Coefficients) and F0 for the 
classification of three dialects using some above-
mentioned sounds. LDA projection has been used to 
classify three dialects in our experiments. 

In this case, LDA is based on projection matrix 
with the following equation 

.y K x=   (1) 

where K is the transformation matrix, x is the feature 
vector of the quantity to be classified: 

[ ]1 2
T

nx x x x= …  (2) 

 
and y is characteristic vector: 

[ ]1 2
T

my y y y= …  (3) 

here (m < n). 
For our dialect classification, x is the feature 

vector of the speech signal with n = 16, including 15 
MFCC coefficients and one F0 value for each frame. 

The objective of the LDA is to minimize the 
distance between the vectors of the same class and to 
maximize the distance between the class centers. 
These distances are represented by matrix SW and 
SB. The rows of the matrix K are eigenvectors of 
matrix ΣLDA . 
At first, the matrix µk, Σk and µ0  are evaluated 
according to the following formula: 
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Next, matrix ΣLDA  is calculated as the following 
formula: 
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After that, the analysis of eigenvalue λ and 
eigenvector lv for matrix ΣLDA using the following 
equation: 

LDA l lv vλΣ =  (10) 

Finally, the vector projection is performed with K: 

1

T

m

T

K
v

v

 
 
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 
  

       (11) 

     y Kx=  (12) 

Note that the number of non-zero eigenvalues of 
matrix ΣLDA is the number of classes minus 1. All 
eigenvalues with values between 0 and 1 are 
indicators for distinction capability on the axes 
representing correspondent eigenvectors. 

The figures from 9 to 14 are the classification 
results using LDA for the words "chính", "kinh", 
"mạnh", "thành", "tỉnh", "vĩnh" respectively. The 
results show that these words are classified clearly by 
using only MFCC and F0. 

 

Fig. 9  Dialect classification using LDA for asking 
tone (word "chính"). 
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Fig. 10  Dialect classification using LDA for level 
tone (word "kinh"). 

 

Fig. 11  Dialect classification using LDA for heavy 
tone (word "mạnh"). 

 

Fig. 12  Dialect classification using LDA for low-
falling tone (word "thành"). 

 

Fig. 13  Dialect classification using LDA for asking 
tone (word "tỉnh"). 

 

Fig. 14  Dialect classification using LDA for broken  
tone (word "vĩnh"). 

6. Dialect identification using GMM with 
formants, their bandwidths and F0 parameters 

Normally, formant frequencies and bandwidths 
are vocal tract parameters. The formants are 
frequencies of vocal tract resonances. The first two 
formants are the most important because they decide 
the speech quality [14]. Formants and their 
bandwidths have been used for a lot of research on 
speech processing such as accent identification [15], 
[16], [17], speech recognition [18], speaker 
identification [19], study on genders and ethnical 
accents [20], [21], [22], dialect identification [10], 
[23], [24], [25]. 
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In our experiments, the values of the first four 
formants and their bandwidths are calculated using 
Praat. These values are combined with F0 and its 
variants. The experiments are performed using the 
baseline of Gaussian component number for which 
the Gaussian component number equals 20. The 
dialectal identification results with different 
combinations of these parameters are presented in 
Table 1.  

Beside F0 value, some quantities derived from 
F0 are calculated as follows 
- The derivative F0 (diffF0(t)): 

 
( )0 0( ) /diffF t dF t dt=  (13) 

 
- The trend upward or downward of F0 for each 

sentence (cdF0(t)): 
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(14) 

- The normalized F0 according to average F0 for 
each sentence (F0sbM(t)): 

 
( ) 0 00 ( ) / ( )F sbM t F t F t=  (15) 

 
- The normalized F0 according to average and 

standard deviation F0 (F0sbMSD(t)): 
 

( ) ( )0 0

0

( )
0

( )
F t F t

F sbMSD t
F ts
−

=  (16) 

 
- The derivative LogF0 (diffLogF0(t)): 

 
( )0  0( ) /diffLogF t d LogF t dt=  (17) 

 
- The normalized LogF0 according to min LogF0 

and max LogF0 for each sentence 
(LogF0sbMM(t)): 
 

( )
( )
( )

0 0

0 0

0

min ( )
max min ( )

LogF sbMM t

LogF t LogF t
LogF t LogF t

=

−
−

 (18) 

 

 

Table 1: Recognition results using formants, corresponding bandwidths and F0 parameters. 
 
 

Index Formants+Bandwidths 
+F0 Parameters Recognition Rate 

1 Formants+Bandwidths 66.3% 
2 F0 67.5% 
3 diffF0(t) 65.2% 
4 cdF0(t) 67.0% 
5 F0sbMM(t) 67.8% 
6 F0sbM(t) 64.3% 
7 F0sbMSD(t) 72.2% 
8 LogF0(t) 71.6% 
9 diffLogF0(t) 66.8% 

10 LogF0sbMM(t) 67.7% 
11 LogF0sbM(t) 68.7% 
12 LogF0sbMSD(t) 66.8% 
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- The normalized LogF0 according to average 
LogF0 for each sentence (LogF0sbM(t)): 
 

( ) 0 00 ( ) / ( )LogF sbM t logF t logF t=  (19) 
 

- The normalized LogF0 according to average 
and standard deviation LogF0 (LogF0MSD(t)): 
 

( ) ( )0 0

0

( )
0

( )
logF t logF t

LogF MSD t
logF tσ

−
=  (20) 

The highest recognition rate is 72.2% for the 
case using formants, their bandwidths and the 
normalized F0 according to average and standard 
deviation F0 (F0sbMDS(t)). 

7. Effect of Gaussian component number on 
dialect recognition performance 

For this experiment, formants, their bandwidths + 
F0sbMSD(t) are chosen and the Gaussian component 
number M is taken from 16 to 4096. GMM was 
trained and evaluated with this range of components. 

The DET (Detection Error Tradeoff) curves for 
different values of Gaussian component number are 
depicted in Fig. 15.  
 

From Fig. 15, generally, at first, the increase in M 
decreases the dialect recognition performance but 
increases the dialect recognition performance after 
that. The maximum recognition rate is 72.2% when 
M equals 20. In Fig. 15, the points indicated by o’s 
are weighted averages of the missed detection and 
false alarm rates or the minimum values of the 
Detection Cost Function (DCF). These values are 
calculated as the following [26]: 
 

. . . .miss miss true fa fa falseDCF C P P C P P= +  (21) 

where Cmiss is the cost of a miss (rejection), Cfa is the 
cost of an alarm (acceptance), Ptrue is the a priori 
probability of the target, Pfa  is the false alarm 
probability and Pfalse = 1 - Ptrue. Cmiss = Cfa = 1. The 
minimum value of the DCF for M=20 corresponds to 
the point which is closest to the origin.

 

 

Fig. 14  Recognition performance in function of mixture number. 
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Fig. 15  DET curves with Gaussian component number from 16 to 4096. 

 

8. Conclusions 

This paper presents the methods and results of 
building a new corpus for Vietnamese taking account 
of tonal balance for speech recognition and 
Vietnamese dialect identification. The statistical 
analysis results of F0 variation and classification 
using LDA projections showed that there is a very 
good distinction between pronunciation modalities of 
three dialects Hanoi, Hue and Ho Chi Minh City.  
 

This corpus is not only useful for the study of 
dialects recognition and speech recognition but also 
suitable for the study of Vietnamese synthesis. The 
recognition rate is highest in the case using formants, 
their bandwidths and normalized F0 according to 
average and standard deviation F0. The best 
recognition rate is obtained with 20 Gaussian 
components. These research results can continue to 
develop for its application in the automatic 
recognition systems to enhance Vietnamese 
recognition performance. 
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