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Abstract
Speech recognition performance is generally degraded in
noisy environments. The degree of performance degradation
depends on the nature of the ambient noise. However, current
speech recognizers do not feed back information on whether
or not the noise environment at that moment is appropriate for
speech recognition. This drawback greatly reduces the usability of speech recognition. In this paper, we propose a novel
speech recognition interface with notification of the utterance
volume required in a changing noise environment. The proposed method first predicts the recognition rate at that moment from the noise signal recorded just previously. It then
decides an appropriate utterance volume of normal, loud, or
unusable (speech recognition cannot be used) based on the
predicted recognition rate and notifies the user of it. To evaluate the effectiveness of the proposed method, we performed
an experiment in simulated noise environments. Furthermore,
we implemented a speech recognition application with the
proposed method on a tablet device and performed an experiment on subjects in real noise environments. The experimental results confirmed that potential recognition errors can be
reduced by giving appropriate feed back about the utterance
volume.
1. INTRODUCTION

nition performance by improving noise-robust methods including noise suppression and acoustic model adaptation [1].
However, the effectiveness of these methods is strongly affected by the target noise environment. Further research is
therefore required to enable the wide use of these methods.
Another approach is to improve the speech recognition interface (speech input interface), considering the above problem
as a user interface problem. This problem can be solved by
notifying the user of whether or not the noise environment at
that moment is appropriate for speech recognition. However,
current speech recognizers do not provide such a function.
Although there are speech recognizers that prompt a user to
speak again on the basis of a confidence measure obtained by
performing speech recognition [2], it is difficult for the user
to understand the reason for this.
In this paper, we propose a novel speech recognition interface with notification of the utterance volume required in a
changing noise environment. The proposed method first predicts the recognition rate at that moment from the noise signal
recorded just previously. It then decides an appropriate utterance volume of normal, loud, or unusable (speech recognition cannot be used), based on the predicted recognition rate
and notifies the user of it. When the predicted recognition
rate is high, speech recognition can be performed successfully and the user can use speech recognition with a normal
utterance volume. When the predicted recognition rate is low,
it is too noisy to perform speech recognition. The user can
then move to a quieter place or select another input method
such as a touch panel keyboard. Furthermore, when the predicted recognition rate has an intermediate value, sufficient
recognition performance can be expected by speaking louder
than usual. This is based on the fact that a correct recognition
result can be obtained by increasing the input SNR (speech
to noise ratio) even if the environment is somewhat noisy. In
this way, the proposed method reduces potential recognition
errors and improves the usability of speech recognition.
To evaluate the effectiveness of the proposed method, we
perform an experiment in simulated noise environments. Furthermore, we implement a speech recognition application
with the proposed method on a tablet device and perform an
experiment on subjects in real noise environments.

Speech recognition services are becoming more prevalent
with the improvement of speech recognition technology and
the spread of portable devices such as smartphones. However,
serious problems still remain in the further development of
speech recognition services. The degradation of recognition
performance in noisy environments is an issue to be addressed
[1]. Since people using speech recognition for the first time
are unaware of the performance degradation caused by ambient noise, they may repeatedly fail to obtain a correct recognition result. To make matters worse, current speech recognizers do not feed back information on whether or not the
noise environment at that moment is appropriate for speech
recognition. This drawback greatly reduces the usability of
speech recognition. This may discourage people from using
speech recognition systems. Even for people familiar with
the use of speech recognition, it is difficult to instinctively
understand the relationship between noise characteristics and 2. PROPOSED METHOD
recognition performance. Therefore, they tend to speak unnecessarily loud or avoid the use of speech recognition even 2.1 Overview
in a sufficiently quiet environment.
Fig. 1 represents the process flow of the proposed method.
To solve this problem, it is desirable to raise the recog- First, it predicts the recognition rate at that moment from the
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2.3 Utterance volume decision
The decision of the utterance volume is performed by
a simple threshold-based method using the two predicted
recognition rates and a fixed threshold value. The details are
as follows.
• When both the predicted recognition rate for the normal
utterance volume and that for the loud utterance volume
are higher than the threshold value, speech recognition
can be performed successfully. Thus, the utterance volume is decided as normal.
• When both the predicted recognition rate for the normal
utterance volume and that for the loud utterance volume
are lower than the threshold value, it is too noisy to perform speech recognition. Thus, the utterance volume is
decided as unusable.

Figure 1: Process flow of the proposed method.
noise signal recorded just previously. The recognition rate is
predicted for both a normal utterance volume and a loud utterance volume by adjusting the power of the noise signal. Since
the utterance volume of the user depends on the individual, it
is updated using previous utterances of the user. The proposed method then decides an appropriate utterance volume
based on the predicted recognition rates and notifies the user
of it. The utterance volume given to the user is normal, loud,
or unusable (speech recognition cannot be used) in consideration of comprehensibility. The proposed method repeatedly
performs these steps at regular short intervals.
The recognition rate prediction, the utterance volume decision, and the user volume update are described in detail below.
2.2 Recognition rate prediction
In the prediction of the recognition rate, an acoustic feature is first extracted from a fixed length of the noise signal recorded just previously. Spectral information plays an
important role in predicting recognition performance [3]. In
this paper, a 24-order mel filter bank output and a logarithmic
power are calculated frame by frame from the noise signal.
Since the length of the noise signal, the analysis frame length,
and the analysis frame period are set to 2 s, 25 ms, and 10 ms,
respectively, a feature set is obtained from 197 frames. Finally, a feature vector of 50 dimensions calculated from this
feature set, which consists of the frame average and variance
of a 24-order mel filter bank output and a logarithmic power,
is used as the acoustic feature for recognition rate prediction
[4].
The recognition rate is then predicted for each normal utterance volume and loud utterance volume by SVR (support
vector regression) [5]. The training for SVR is performed on
the basis of the relationship between the recognition rate and
the acoustic feature. The teaching data are the word recognition rates obtained by performing speech recognition under
various noise conditions. The acoustic feature is calculated
using the noise signal corresponding to each noise condition.
Note that since the predicted recognition rate depends on the
average power of the speakers used for training, the power
of the noise signal used for recognition rate prediction is adjusted according to the power of the individual user.

• When the predicted recognition rate for the normal utterance volume and that for the loud utterance volume are
lower and higher than the threshold value, respectively,
sufficient recognition performance can be expected by
speaking louder than usual. Thus, the utterance volume
is decided as loud.
Although the predicted recognition rate was adopted as a difficulty index for speech recognition, other indexes such as the
SNR (signal to noise ratio) are also available. In this case, the
decision method described above is applicable by replacing
the recognition rate with the SNR.
2.4 User volume update
In the user volume update, the power of the current user utterance is first calculated, which is assigned to normal or loud
based on the notification to the user. The power for each of
the the normal utterance volume and loud utterance volume
is then updated as a weighted average power of the current
utterance and the past several utterances. This makes it possible to compensate the power difference between the speakers
used for training and an individual user as well as the power
difference between normal and loud for the individual user,
as described in Section 2.2.
3. EVALUATION
3.1 Experimental conditions
To evaluate the effectiveness of the proposed method, we
performed a simulation experiment. One hundred utterance
opportunities are set up at 5 s intervals for a noise signal
with a long time duration. The proposed method predicts the
recognition rate at each utterance opportunity and notifies the
user of whether the appropriate utterance volume is normal,
loud, or unusable. It is assumed that the user strictly follows
the notification and decides to either use speech recognition
with a normal utterance volume, use speech recognition with
a loud utterance volume, or not use speech recognition. In this
experiment, assuming that the power of each user is known,
the power of the noise signal used to predict the recognition rate was adjusted in advance. The threshold value was
changed from 0% to 90% in 10% steps (a common threshold
value was set for all 100 utterance opportunities).
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(f) SNR 10 dB, Hall noise.

Figure 2: Results of the simulation experiment.
As the speech data, we used 400 phonemically balanced words of two males and two females (100 words
per speaker) from the Tohoku University-Matsushita spoken
word database [6]. The simulation was carried out for each
speaker, and one of the 100 words was assigned to one utterance opportunity so that there was no overlap for the 100
utterance opportunities. As the noise data, we used four types
of noise from the Denshikyo noise database [7]: car noise, exhibition noise, train noise, and hall noise. The noisy speech
data were generated by artificially adding the noise data to
the speech data. The SNR was set to 10, 0, or −10 dB for the
normal utterance volume and to 18, 8, or −2 dB for the loud
utterance volume. The power difference between the normal
utterance volume and the loud utterance volume was determined by measuring the utterances of several subjects. The
SNR was defined as the ratio of the average power of the 100
words to the long-time average power of the noise signal. The
SNR at each utterance opportunity therefore varied with the
time characteristics of the noise signal.
The speech recognition task was isolated word recognition.
The dictionary size was set to 106. The acoustic models were
gender-independent monophone models with 16 Gaussians
per state, which were trained with clean speech data from the
ASJ-JNAS database [8]. The SVR used for recognition rate
prediction was trained using pair data comprising the acoustic feature and the word recognition rate for each of the noisy
speech data mentioned above. In this experiment, epsilon-

SVR of LIBSVM [9] was used as the SVR tool, where the
kernel function of the SVR was an RBF (radial basis function) and the cost parameter was set to 750.
3.2 Experimental results
The relationship between the recognition rate and the utterance rate when changing the threshold value for one speaker
is shown in Fig. 2. The trend of the experimental results was
the same among the four speakers. In Fig. 2, the results for
the train noise and hall noise are shown. The utterance rate is
defined as the ratio of the number of utterance opportunities
when the user actually spoke to the total number of utterance
opportunities. The recognition rate is also defined as the ratio
of the number of utterances correctly recognized to the number of utterances actually spoken.
First, we describe the experimental results for the train
noise. Those for the car noise showed the same tendency.
When the threshold value is set to 0%, the speaker speaks
with the normal utterance volume at all the utterance opportunities, for which the recognition rate is about 40% at the
SNR of 0 dB. This corresponds to the result without the notification by the proposed method. As the threshold value is
increased, it can be seen that the recognition rate steadily improves while the utterance rate decreases. This is because the
number of potential recognition errors is reduced by providing the user with loud and unusable notifications when the
prediction recognition rate is intermediate and low, respectively. It can be seen that similar results were obtained at the
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Table 1: Recognition rate and the total number of utterances
without and with the proposed method.
Without proposed
method
Train noise（about 0 dB）
78% / 64 times
Train noise（about −10 dB）
63% / 80 times
Hall noise（about 0 dB）
63% / 80 times
Hall noise（about −10 dB）
37% / 135 times

Figure 3: Notification icons used in the experiment.
SNR of 10 dB and −10 dB.
Next, we describe the experimental results for the hall
noise, which showed the same tendency as the exhibition
noise. When the SNR is −10 dB, it can be seen that as the
threshold is increased to over 10%, the utterance rate drops
sharply. This is because the hall noise makes speech recognition more difficult than the train noise. The predicted recognition rate is therefore lower than that of the train noise and the
proposed method notifies the user that most utterance opportunities are unusable. This means that the proposed method
works correctly. Also, when the SNR is 0 dB, as the threshold value is increased, the recognition rate improves. However, since the baseline recognition rate is extremely low, the
improvement is limited. Finally, when the SNR is 10 dB, a
significant improvement is observed as with the train noise.
From the above, it is confirmed that the proposed method can
reduce potential recognition errors.

With proposed
method
82% / 61 times
71% / 70 times
71% / 70 times
64% / 78 times

correctly recognized, following the notifications given by the
proposed method. The recognition rate and the total number
of utterances were used for evaluation.
The recognition rate and the total number of utterances for
the five subjects without and with the proposed method are
shown in Table 1. From the table, it is confirmed that the
recognition rate improved as a whole by using the proposed
method, as in the simulation experiment.

4. CONCLUSIONS
In this paper, we proposed a novel speech recognition interface with notification of the utterance volume required in
a changing noise environment. To evaluate the effectiveness
of the proposed method, we performed an experiment in simulated noise environments. Furthermore, we implemented a
speech recognition application with the proposed method on
3.3 Implementation and evaluation
Assuming that speech recognition is used on a portable de- a tablet device and performed an experiment on subjects in
vice in various noise environments, we implemented a speech real noise environments. The experimental results confirmed
recognition application with the proposed method on a tablet that the potential recognition errors are reduced by giving apdevice (ASUS Nexus 7). The speech recognition applica- propriate feed back about the utterance volume.
tion displays the recognition result on the device screen using
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