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Abstract—Automatic speech recognition (ASR) is usually constructed for recognizing standard language. Thus, when input
speech includes dialect which is a variety of a language, performance of ASR is seriously degraded. To relax this problem, an
approach is to use dialect-specific ASR recognizers by introducing
a dialect speech classification module. In this situation, the performance of dialect-specific ASR depends on that of dialect speech
classification. We propose a Japanese dialect speech classification
method using sequence-to-one neural networks that are one of
the successful methods in speech classification research fields. The
experimental results showed that a classification system provided
high classification accuracy.
Index Terms—Japanese dialect speech classification, sequenceto-one neural network, LSTM, BLSTM

I. I NTRODUCTION
Dialect speech classification can be regarded as one of preprocessing modules for dialect-specific ASR. Recently, Arabic
dialect speech classification trained from neural networks has
been reported [1]. As this research has mentioned, the dialect
speech classification becomes one of the important research
topics for robust ASR [2], [3]. However, there are few Japanese
dialect speech classification reports. Thus, this paper proposes Japanese dialect speech classification using sequenceto-one neural networks [4], [5]. To realize the framework, a
bidirectional long short-term memory (BLSTM) [6] network
with attention mechanism is adopted. In our experiments,
we used Japanese dialect speech database including six regions; Aomori, Hiroshima, Kumamoto, Nagoya, Sapporo, and
Sendai. From the dialect speech classification experiments,
the BLSTM network with a preferable parameter combination
achieved the highest accuracy.
II. SEQUENCE - TO - ONE NEURAL NETWORK
One type of neural networks to handle variable length
sequences is Recurrent Neural Network (RNN). RNN had been
reported in order to treat continuous data such as sentences
and speech [7]. Long short-term memory (LSTM) is an
architecture that is an extension of RNN. An aim of LSTM is
to represent long time series data which is difficult to model
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Fig. 1. BLSTM network structure

by RNN [8], [9]. Moreover, BLSTM had been proposed as
one of the applications of LSTM. Figure 1 shows BLSTM
network structure. Figure 2 shows the internal structure of
the LSTM used in the BLSTM network. The BLSTM has
a pair layer of a LSTM layer and a reverse LSTM layer as
hidden layer for predicting past output from future input, and
it is possible to utilize both past and future information. The
BLSTM also contains an attention mechanism and importance
weights of hidden expressions. Since BLSTM is one of the
most successful methods in speech classification research
fields, this paper adopts BLSTM as a sequence-to-one neural
network to realize Japanese dialect speech classification.
III. JAPANESE DIALECT SPEECH DATABASE
A home-made speech database of Japanese dialects was
used in all experiments. The dialect database consisted of six
dialects; Aomori, Hiroshima, Kumamoto, Nagoya, Sapporo,
and Sendai [10]. The number of utterances for each dialect
is shown in Table I. All utterances are recorded by an
iPhone 5 or a Xperia Z1, and the spoken content is about
daily conversations. All utterances are sampled at 16 kHz with
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Fig. 2. The internal structure of the LSTM used in the BLSTM network
TABLE I
N UMBER OF UTTERANCES FOR EACH DIALECT
IN THE JAPANESE DIALECT SPEECH DATABASE
Aomori
Hiroshima
Kumamoto
Nagoya
Sapporo
Sendai
All

Training
10,203
17,736
8,861
17,680
15,157
15,686
85,323

Validation
538
934
467
931
798
826
4,494

Test
1,352
1,133
1,438
1,102
1,356
1,070
7,451

Fig. 3. ACCs for each dialect under the best parameter combination in Table II
(512 LSTM units, 80 input dimensions, 4 layers)

16 bits. The number of speakers is about 80 for each dialect.
The gender ratio is approximately equal. The distribution of
ages is from 20 to 70 years old uniformly. The length of each
dialect utterance was about 7 seconds, and the content of the
dialect database was daily conversations. Each utterance has
corresponding hand-labeled text and dialect.
IV. E XPERIMENT
A. Condition
In our Japanese dialect speech classification experiments,
80-dimensional log-mel filter bank was extracted from a frame
as an input vector for the networks. The frame length and
the frame shift were 25 ms and 10 ms, respectively. For the
network structures, the BLSTM networks with attention mechanism were used. Some parameters of the BLSTM networks
were set as follows; batch size was 16, dropout ratio was
0.2, and optimization method was adam. Early-stopping was
carried out when the loss did not improve five times. The
number of input dimensions was set to 80, 240, and 400 by
connecting the preceding and following frames. The BLSTM
networks had two or four hidden LSTM layers and each
LSTM layer consisted of 256 or 512 units. For the evaluation,
dialect speech classification accuracy (ACC (%)) was defined
as follows;
ACC(%) =

# of Correct utterances
× 100.
# of Test utterances

(1)

hidden layers. The results also had a tendency to increase the
ACCs when the input dimension was smaller. Thus, the deeper
hidden layers leaded to improve the representation ability of
the network. And, the smaller dimensions of the input layer
meant the network extracted the information with high time
resolution. Consequently, the ACC of the BLSTM network
with the preferable parameter combination achieved 81.3%.
Figure 3 shows the ACCs for each dialect under the network using the preferable parameter combination in Table II.
Comparing Figure 3 with Table I, the ACCs tended to be
high when the amount of the training data was small, and
the ACCs become worse when the amount of the training
data was large. To investigate the trend of the misrecgnitions,
a confusion matrix is depicted in Figure 4. The BLSTM
conditions were the same as Figure 3. In the misrecognition
case of Aomori, Sapporo, and Sendai, Kumamoto dialect
was often selected. The misrecognized utterances of Nagoya
dialect were likely to classify into Hiroshima dialect, and the
misrecognized utterances of Hiroshima dialects were usually
classified into Aomori. These trends indicated that there was
little relationship between the places of the regions and the
misrecognition pattern. Comparing the ACCs with the amount
of the training data, it can be seen that the networks of
Nagoya and Hiroshima dialects were suffered from the overfitting problem, and that of Kumamoto was able to keep its
robustness.

B. Result
Table II shows the ACCs of each BLSTM network with
the parameter combinations. It can be seen that all ACCs of
using four hidden layers were higher than those of using two

V. C ONCLUSION
This paper proposed Japanese dialect speech classification
using sequence-to-one neural network. The BLSTM network

Fig. 4. Confusion matrix of the dialect classification result

was adopted to the classification network. In our experiments,
six Japanese dialects were used to construct the classification
networks. From the results, the preferable parameter combination contributed to obtain the higher ACC.
As future work, we will investigate relationship between
the performance accuracy and the data amount. Additionally,
many other network architectures using the other dialects or
databases will be performed.
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