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Automatic audio announcement systems arewidely used in public places such as transportation vehicles and facilities, hospitals, and
banks. However, these systems cannot be used by people with hearing impairment. That brings great inconvenience to their lives.
In this paper, an approach of audio announcement detection and recognition for the hearing-impaired people based on the smart
phone is proposed and a mobile phone application (app) is developed, taking the bank as a major applying scenario. Using the app,
the users can sign up alerts for their numbers and then the system begins to detect audio announcements using the microphone
on the smart phone. For each audio announcement detected, the speech within it is recognized and the text is displayed on the
screen of the phone. When the number the user input is announced, alert will be given by vibration. For audio announcement
detection, a method based on audio segment classification and postprocessing is proposed, which uses a SVM classifier trained
on audio announcements and environment noise collected in banks. For announcement speech recognition, an ASR engine is
developed using a GMM-HMM-based acoustic model and a finite state transducer (FST) based grammar. The acoustic model is
trained on audio announcement speech collected in banks, and the grammar is human-defined according to the patterns used
by the automatic audio announcement systems. Experimental results show that character error rates (CERs) around 5% can be
achieved for the announcement speech, which shows feasibility of the proposed method and system.

1. Introduction

Voice is one of the most natural and important commu-
nication methods for human beings [1]. It is playing an
increasingly important role and bringing great convenience
to our daily lives. As an instance, automatic audio announce-
ment systems are widely used in public places such as
transportation vehicles and facilities, hospitals, and banks.
For example, nowadays in China, each customer in a bank
gets a number on his/her arrival and waits for his/her turn
of service until the audio announcement containing the
number tells him/her to which counter to go. However, these
systems cannot be used by people with hearing impairment.
Obviously, this brings great inconvenience to their lives.
Although sometimes the audio announcements are compan-
ioned by text announcements displayed on screens, it is still
inconvenient since the hearing-impaired people need to be

always paying attention on the screens, which is tiring and
may lead to missing of the information.

To make the announcements also available to hearing-
impaired people, wireless sensor networks or shortmessenger
systems are adopted to provide reminders via other methods
instead of voice [2]. The disadvantage of these systems is that
additional systems need to be deployed in the application
scenarios, which is often difficult and expensive.

In this paper, we propose a mobile phone-based solution
which avoids the deployment of additional systems in public
places. An application (app) installed on the mobile phone
can automatically detect and recognize audio announce-
ments and remind the user by vibration and text on the
mobile phone. There are two major challenges in the system:
the detection of audio announcements in audio collected in
real-world public places and recognition of the speech in the
audio announcements detected.
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Figure 1: Framework of the proposed system.

The detection of the audio announcement can be viewed
as a task of content-based audio classification, which is inher-
ently a difficult problem of pattern recognition.There are two
main issues for audio classification: the selection of audio
features and the choice of classifiers [3]. For the selection of
features, Pfeiffer et al. [4] proposed a theoretical framework
that uses a series of perceptual features for automatically
audio content analysis. Li et al. [5] studied the effect of a total
of 143 audio features, showing that cepstrum-based features
such as Mel-frequency cepstral coefficients (MFCCs) and
Linear Predictive Cepstral Coefficients (LPCCs) are more
effective than short-term and spectral features in audio classi-
fication. Feature-based fusion [6] and adaptive approach [7]
are also useful in audio classification. As for classifiers used
in audio classification [8], Lu et al. [9] used support vector
machine (SVM) to classify audio into five categories: silence,
music, background sound, the voice of a pure speaker, and
the voice of a speaker under noise or music, which is similar
to the Cuckoo algorithm [10].

Automatic speech recognition (ASR) techniques have
been studied for decades and used in many real-world appli-
cations. Earlier ASR systems used Hidden Markov Model
(HMM) for acoustic model. In recent years, the application
of Deep Neural Networks (DNNs) [11] has significantly
improved the accuracy of speech recognition. Neural net-
works such as Convolutional Neural Networks (CNNs) [12]
and Recurrent Neural Networks (RNNs) [13, 14] are used
and proved to be promising [15], and end-to-end speech
recognition methods [16, 17] using Connectionist Temporal
Classification (CTC) [18] and attention [19, 20] are also
proposed to further improve the performance. Although the
DNN-based approaches are reported to outperform HMM-
based systems, very large training data are needed to train
the DNNs. For applications on mobile phones, there are
also many open cloud services of speech recognition. For
example, in China, Baidu, iFLYTEK, Unisound, and other
companies provide convenient remote interfaces of speech
recognition which can be called by apps on mobile phones.
However, these services mainly focus on speech of general
domains and low-noise environments and may yield poor
performance for speech in special scenarios such as far-field
audio announcements in noisy public places [21, 22].

In this paper, an approach of audio announcement
detection and recognition for the hearing-impaired people

based on the smart phone is proposed and an Android app
is developed, taking the bank as a major applying scenario.
Using the app, the users can sign up alerts for their numbers
and then the system begins to detect audio announcements
using the microphone on the smart phone. For each audio
announcement detected, the speech within it is recognized
and the text is displayed on the screen of the phone. When
the number the user input is announced, alert will be given
by vibration. For audio announcement detection, a method
based on audio segment classification and postprocessing
is proposed, which uses a SVM classifier trained on audio
announcements and environment noise collected in banks.
For announcement speech recognition, an ASR engine is
developed using a GMM-HMM-based acoustic model and
a finite state transducer (FST) based grammar. The acoustic
model is trained on audio announcement speech collected
in banks, and the grammar is human-defined according to
the patterns used by the automatic audio announcement
systems. Experimental results show that character error rates
(CERs) around 5% can be achieved for the announcement
speech, which shows feasibility of the proposed method and
system.

2. System Overview

In this paper, a method of audio announcement detection
and recognition is proposed for the hearing-impaired people.
Based on the method, we developed a mobile phone-based
system, i.e., an Android app that can remind hearing-
impaired people of audio announcements containing spec-
ified keywords, e.g., numbers. The current version of the
app mainly focuses on the scenario of banks, although the
proposedmethod can be used for almost all public placeswith
audio announcements.

The framework of the proposed system is shown in
Figure 1. The user interface receives user input (a keyword,
e.g., a number) and starts monitoring of the keyword. During
themonitoring, status information is displayed, andwhen the
keyword is detected, the user interface will notify the user
by vibration. The monitoring of the keyword is achieved by
real-time detection and recognition of audio announcements
in the ambient audio collected by the mobile phone. For
each audio announcement detected, keyword matching is
performed between the text of the audio announcement and
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Figure 2: Flowchart of the proposed system.

Figure 3: Screen shot of the app.

the user input keyword to decide whether the keyword is
detected.

A more detailed procedure of the proposed systems is
shown in the flowchart in Figure 2 and illustrated by the
screen shots of the app in Figure 3. After starting launching
the app, the user sets the keyword to be monitored, which is

usually the number they have been assigned when arriving
at the bank, as shown in Figure 3(a). Then, the mobile phone
starts to continuously collect audio data and store the data
into the buffer pool. At the same time, the system begins
detection of audio announcements using the data in the
buffer. Each time, audio data of a fixed size is processed.
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Figure 4: The procedure of audio announcement detection.

If audio announcements are detected in the data, the audio
data containing announcement speech are input into the
announcement recognition module, which is a speech recog-
nition engine trained specially for audio announcements.The
announcement recognitionmodule transforms the audio into
text and matches the text with the user-specified keyword. If
the match succeeds, vibration will be triggered to notify the
user, as shown in Figure 3(c). Considering that match failure
may be caused by errors in speech recognition, during the
monitoring, the recognition result of each audio announce-
ment detected is also displayed on the mobile phone screen,
as shown in Figure 3(b). With this auxiliary information,
the user can understand current situation better and may
correct speech recognition errors by themselves using context
knowledge.

The core of the system is the automatic detection and
recognition of audio announcements. Machine learning
based methods are proposed for both the detection and
recognition tasks, which will be detailed in the following
sections. On the other hand, the methods for data collection
and keyword matching are relatively simple and will not be
further described.

3. Audio Announcement Detection

The procedure of audio announcement detection is as shown
in Figure 4.

The audio data collected and stored in the buffer are
first divided into frames with a length of 25ms and without
frame shift. Then preprocessing including pre-emphasis and
Hamming windowing are performed and audio features
are extracted for each frame. The features adopted are 13
MFCC coefficients, short time energy, and zero crossing rate.
Therefore, a 15-dimension feature vector is extracted for each
frame.

A classification-based scheme is used for audio
announcement detection. Instead of classifying each frame,
classification is performed for segments of 0.5 seconds,
since segments can be more distinctive between audio
announcement and background noise and segment-level
classification is more efficient. Every 20 frames, which is
related to an audio segment of 0.5 seconds, are combined into
a group of frames, and the features of frames are combined
into a 300-dimensional super-vector. The super-vector is
then input into the classifier.

As for the classifier, Support Vector Machine (SVM) with
RBF kernel is adopted due to its wide usage in content-based
audio classification. An SVM model is trained with audio
data collected in banks. Audio announcements are manually
segmented from the audio and used as positive samples, and
the remaining audio data without audio announcements are
treated as negative samples. Since the audio announcements
are relatively few, 1/5 of the negative samples are randomly
selected and used for training. During the training stage, 8-
fold cross-validation is performed to tune parameters.

By using the SVM to classify the audio for every 0.5
seconds, the probability of each 0.5-second segment being an
audio announcement can be obtained. Then, postprocessing
is performed to decide the starting and ending times of
the audio announcement based on the probabilities. In our
observation, we found that all the audio announcements in
banks are within 6 seconds. Therefore, a sliding window of
6 seconds is adopted. For each time, 12 adjacent groups of
frames are used for classification, and the 12 probabilities 𝑝

𝑖
,

i=1, . . ., 12, are obtained. The average probability value 𝑝 is
then calculated as

𝑝 =
12

∑
𝑖=1

𝑝
𝑖

12
(1)

If 𝑝 is greater than a predetermined threshold, the 6-second
segment is judged as an audio announcement.
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Figure 5: Example of postprocessing in audio announcement
detection.

Figure 5 shows an example of the postprocessing. The
abscissa indicates the time (second), and the ordinate indi-
cates the probability value. Each point indicates the probabil-
ity of the corresponding 0.5-second audio segment being an
audio announcement. The red lines indicate the prediction
of the starting and ending times of the audio announcement,
and the green lines indicate the ground truth labelled by
human.

4. Audio Announcement Recognition

After obtaining the audio announcements, the speech within
them needs to be recognized to yield the text used for
keywordmatching. Due to the high-noise, and especially, the
far collection distance of the audio collected in public places
such as banks, general-purpose speech recognition systems
which focus on speech collected by close talkingmicrophones
cannot be used. We have tried to use some cloud services of
speech recognition. However, very poor recognition results
were obtained (experimental results will be given in the
following section), and some speech recognition engines even
returned null for most of the speech. Therefore, we built a
speech recognition engine for audio announcements in banks
by ourselves, using the open source tool kit KALDI.

The challenge of building a speech recognition engine
for audio announcements mainly lies in the lack of data.
Therefore, we collected 27-hour audio data in 5 banks. The
data contains 995 audio announcements in total. Although
the amount is still small compared to other speech corpora, it
should be noticed that the speech in the audio announcement
is with limited vocabulary and of almost fixed pattern
of expression. Therefore, a continuous speech recognition
system with a small vocabulary and a simple grammar can
be built using the data collected.

Due to the small amount of the training data, models
based on deep neural network are not suitable.The traditional
HMM-GMM model is adopted. During the training stage,
the training data are divided into frames with 25ms frame
length and 10ms frame shift. The 12-dimensional MFCC
feature is extracted for each frame and, along with short time
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Figure 6: Finite state transducer of the grammar used.

energy, forms a 13-dimensional vector. Then, after first-order
and second-order differentiation, a 39-dimensional feature
vector is finally obtained.There are 48 initials and vowels used
in the dictionary as phonemes. Both mono-phone and tri-
phone-based models are trained, and the training of the tri-
phone model uses decision tree clustering for state binding
to reduce the number of states. The Baum-Welch algorithm
is used for training and beam search of Viterbi algorithm is
used for decoding.

For scenarios such as banks, hospitals, and transportation
vehicles and facilities, audio announcements are mostly gen-
erated automatically and follow fixed patterns. For example,
for banks in China, audio announcements are usually like
“Customer A0017, please go to counter 8”. Therefore, in our
work, a grammar is defined according to the pattern of
announcements in banks and used in the speech recognition
system as language model. The grammar is represented by a
finite state transducer, as shown in Figure 6, and is defined
using the OpenFst tool in KALDI.

5. Experiments

5.1. Experiment Setup. The experimental data are audio data
collected bymobile phones in 5 banks belonging to 3 different
companies.The data are stored in 16 KHz, 16-bit, mono PCM
WAV files. Information of the data is given in Table 1.

For audio announcement detection, the task is to detect
audio announcements in the audio and give the time bound-
aries of the audio announcements. In the experiment, the
input of this task is audio files collected in banks, and
the output is the starting and ending times of the audio
announcements in all the files. There may be multiple or
no audio announcements in an audio file. The training set
is formed by all audio in the first 4 banks and the test
set contains audio in the fifth bank. The test data consists
of 50 audio files with announcements and 10 files without
audio announcements. The starting and ending times of the
audio announcements in test data are labelled manually as
the ground truth. If the deviation between the ground truth
and the detected time is less than a given threshold, the
detection is considered to be correct. We compute the recall
rate, precision rate, and the F1 value to evaluate the overall
detection performance.

For speech recognition, to analyse the effect of different
data collection sites, two experiments are conducted by using
different datasets. The first training set consists of 770 audio
files, each containing one audio announcement.These audios
are collected in four different banks, while the test data
contains 132 audio files collected in a different bank, namely,
the fifth one. The second training set consists of 802 audio
files collected in all the five banks, and the second test
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Table 1: Information of experimental data.

Bank Duration (hours) Number of announcements
Zhichunlu 10 276
Shuangyushu 4 97
Kexueyuan 7 426
Xili 4 157
Haidian 2 39
Total 27 995

Table 2: Experimental results of audio announcement detection.

Precision rate Recall rate F1
Tolerance = 0.5s 0.822 0.740 0.778
Tolerance = 1.0s 0.855 0.940 0.895

Table 3: Results of audio announcement recognition.

The first dataset (training data from 4 banks and test
data from the fifth one)

The second dataset (training and test data both from 5
banks)

CER (%) SER (%) CER (%) SER (%)
Mono-phone 4.11 34.09 5.12 33.33
Tri-phone 5.41 40.15 5.41 40.40
Baidu 85.54 100.00 73.79 100.00
iFLYTEK 54.67 98.34 38.86 95.41
Unisound 95.10 100.00 88.93 100.00

data contains 100 audio files collected also in the same five
banks. The training data and test data do not contain same
audio, even audio collected in the same day in one bank.
The character error rate (CER) and the sentence error rate
(SER) are used tomeasure the accuracy of speech recognition.
To demonstrate the infeasibility of current general-purpose
speech recognition engines, three cloud services ofMandarin
speech recognition, namely, Baidu, iFLYTEK, and Unisound,
are also used to recognize both test sets.

5.2. Experimental Results. For audio announcement detec-
tion, experimental results are shown in Table 2, where toler-
ance is the threshold that both the starting and ending time
deviation should be less than. It can be seen that an F1 value
of 0.895 and a high recall rate (94%) can be achieved for the
1-second tolerance. In fact, the speech recognition module
does not require accurate time boundaries of the speech and
can deal with speech with background noise. Therefore, the
1-second tolerance is enough for the speech recognition. An
advantage of the proposedmethod is its high recall rate, since
in the application scenarios, miss of the audio announcement
will make the system useless while the user can to a degree
tolerate some false alarms.

The experimental results of audio announcement recog-
nition are shown in Table 3. It can be seen that the mono-
phone model outperforms the tri-phone model. This may be
due to the small amount of the training data. As for the two
different data sets, the performances do not differ much and

the CER on the first data set is even lower, which means
the system is robust enough to be used in banks in which
no training data is collected. For the mono-phone model,
a CER about 5% is achieved, which shows feasibility of the
proposed method and system. As for the general-purpose
speech recognition services, the CERs are very high and the
SERs are near 100%.This is because the engines mainly focus
on speech data collected by close talking microphones and
can not deal with far-field speech collected by a single mobile
phone microphone.

6. Conclusions

This article describes a novel system that runs on a mobile
phone. The system can be used by people with hearing
impairment to avoidmissing audio announcements they con-
cern in public places. An approach of audio announcement
detection and recognition is proposed and an Android app
is developed, taking the bank as a major applying scenario.
For audio announcement detection, amethod based on audio
segment classification and postprocessing is proposed, which
uses a SVM classifier trained on audio announcements and
environment noise collected in banks. For announcement
speech recognition, an ASR engine is developed using a
GMM-HMM-based acoustic model and an FST based gram-
mar. Experimental results show that character error rates
(CERs) around 5% can be achieved for the announcement
speech, which shows feasibility of the proposed method and
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system. Future work includes extending the system usage to
more public places and improvement of the keyword match
module.
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