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Abstract— With the purpose of providing an external
human-machine interaction platform for the elderly in need, a
novel facial surface electromyography based silent speech
recognition system was developed. In this study, we propose a
deep learning architecture named Parallel-Inception
Convolutional Neural Network (PICNN), and employ
up-to-date feature extraction method log Mel frequency spectral
coefficients (MFSC). To better meet the requirements of our
target users, a 100-class dataset containing daily life-related
demands was designed and generated for the comparative
experiments. According to experimental results, the highest
recognition accuracy of 88.44% was achieved by proposed
recognition framework based on MFSC and PICNN, exceeding
the performance of state-of-the-art deep learning algorithms
such as CNN, VGGNet and Inception CNN (3.22%, 4.09% and
1.19%, respectively). These findings suggest that the newly
developed silent speech approach holds promise to provide a
more reliable communication channel, and the application
scenery of speech recognition technology has been expanded at
the same time.

I. INTRODUCTION

The aging of population is becoming a social issue in some
countries, including China. With the development of
technologies, we are now seeking the implementation of
human machine interface in living assistance for the elderly.
While automatic speech recognition (ASR) has been a mature
technique for human machine interaction, it has some
unavoidable limitations regarding to its poor performance in
highly noisy environment. It is also inconvenient or even
inaccessible for the elderly with disorders like dysphonia [1].
To better serve the target users, and further broaden the
application of speech recognition, we adopt the silent speech
recognition (SSR), which is independent of acoustic signals,
in this research. It provides a communication platform for the
elderly in need with great potential in recognizing human
speech using physiological modalities, among which surface
Electromyography (sEMG) has been studied and applied in
many researches [2].

Speech recognition using EMG signals has been proposed
since the mid-1980s, when researches showed that surface
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Electromyography (sEMG) signals contained speech-related
information and could be used as an alternative of acoustic
signals [3, 4]. According to previous researches [5, 6], time
domain features are commonly used in feature extraction of
sEMG signals. While spectrum features like Mel-Frequency
Cepstral Coefficients (MFCC) used in automatic speech
recognition [7, 8, 9] and power spectrum-based features
extracted from SEMG signals [10] are also adopted in the
signal processing nowadays with the development of machine
learning algorithms. They show strong representation ability
in previous researches and have promising effectiveness in
silent speech recognition systems. On the other hand, machine
learning algorithms such as feedforward neural network [11],
random forests [12] and support vector machine [13] have
been implemented in speech recognition process to recognize
human intentions. With the development of computational
devices, some deep learning architectures like convolutional
neural network (CNN) [8] and bidirectional long short-term
memory (BLSTM) [14] are also applied in speech recognition
tasks, showing outstanding and stable performance in previous
studies.

As far as we know, most researches on SEMG based silent
speech recognition have been carried out for English with a
few for Chinese language. Considering the datasets used in
former studies, the complexity of SEMG signals collected by
our own, and the differences among languages, our research
focused on 100-class of Chinese phrases, and proposed a
novel sSEMG based silent speech recognition system using
up-to-date feature extraction method and deep learning
algorithm. Series of experiments on convolutional network
based deep learning architectures and different features
extraction methods were conducted. By being tested on
designed dataset, our research provided a communication
platform for the elderly, especially those with speech disorders.
The main contributions of our research include:

i. Proposed a novel deep learning architecture named
Parallel-Inception CNN for large dataset classification and
recognition, and achieved satisfying performance.

ii. Extracted log Mel frequency spectral coefficients
(MFSCs) from sEMG signals and carried out comparisons
with several commonly used features.

iii. Designed the largest Chinese dataset used in SEMG
based silent speech recognition studies, containing 100 classes
of daily-life related demands for target users, and collected
SsEMG data from fourteen subjects.

iv. Extended the application scenarios of SEMG based
silent speech recognition.



II. MATERIALS AND METHODS

A. Dataset Design and Acquisition

We designed a dataset for our target users based on four
kinds of demands in daily life. There were three to five
Chinese characters in each demand (eighteen pieces
containing three characters, forty-eight pieces containing four
characters and thirty-four pieces for five characters, with an
empty demand added in the end of the corpus when collecting
SMEG signal data), covering a total of 190 different Chinese
characters. Detailed contents could be divided into four
aspects, from physiological demands (such as I'm hungry) to
medical care requirements like / need to take medicine and my
leg aches. We took some daily entertainments (e.g., [ want to
listen to music) into consideration, as well as social demands
like send text message for me. As far as we knew, our dataset
was the largest Chinese dataset for SEMG based silent speech
recognition studies, and it was expected to cover as much
potential needs for the elderly as possible.

Based on the contents of designed dataset, we carried out
the data acquisition experiments. The sEMG data was
captured from six positions of the facial and neck speech
production related muscles, i.e., mentalis, risorius, levator
labii superioris, anterior belly of the digastric, myhyoid and
platysma. The device we used for sSEMG signal amplification
and acquisition was NSW308M bipolar EMG system with
disposable  Ag/AgCl surface electrodes collecting
physiological signals.

Surface electrode used to collect sSEMG signal data and
display of electrode positions

Figure 1.

A screen randomly displayed a phrase in the corpus and
sustained for 2 seconds when collecting data. In particular, the
subjects uttered Chinese phases in corpus, and the data was
collected from fourteen (seven male and seven female subjects,
aged from 23 to 28, with a mean age of 24.72) normal subjects
manually, with Mandarin as their mother language. Each
subject was asked to utter the phrase in subvocal mode during
the period that it was indicated on screen, and the experiment
system recorded and saved the real-time SEMG signals from
the movement of those muscles simultaneously. The whole
experimental procedure was approved by the Institutional
Review Board. The informed consent form was given to each
subject and signed before experimental procedure. All the
phrases in the corpus were spoken once in a session. There
were 140 sessions in total, including 14,000 pieces of sSEMG
data, as all the subjects were required to repeated 10 sessions.

B. Data Pre-processing

After the online signal collection, the raw sSEMG data was
further recorded at the sampling rate of 1000 Hz. We took
some simple filters to improve the signal to noise ratio (SNR)

before sSEMG data could be used for feature extraction and
recognition. A Butterworth notch filter of 50 Hz was first
adopted for 50 Hz power frequency noise removal. As the
main frequencies of effective SEMG signals were distributed
at the range of 5-500 Hz, especially in the range of 10-400 Hz
[15], we used a Butterworth bandpass filter with 10-400 Hz to
obtained the most effective part of the SEMG signals.

C. Silent Speech Recognition System

Fig 2 shows a block diagram of proposed SEMG-based
Chinese silent speech recognition system. In this study, the
recognition system was consisted of five components,
including sSEMG data acquisition, data pre-processing, feature
extraction, model training with labels and recognition in
testing. We studied and tried different feature extraction
methods, as well as recognition algorithms to improve the
overall performance of our speech recognition system,
carrying out comparative experiments and selected the best
solution for our original purpose of providing a
human-machine interface for the elderly in need. Detailed
information for these two parts is demonstrated below.

| Model Training Process |

| Model Testing Process |

Figure 2. Pipeline of silent speech recognition system

D. Feature Extraction Methods

Surface electromyography signal is non-stationary and
stochastic, varying greatly over time. Therefore, it is an
essential step to extract short-term features from sEMG
signals before modelling and recognition. We dropped the
beginning 250 ms of the filtered SEMG signals as a reaction
period of each subject. A sliding time window with fixed
length of 200 ms was used to extract four of time and
frequency domain features, i.e., Mean Absolute Value
(MAV), Variance (VAR), Mean Frequency (MNF) and
Wavelet Transform (WT). It moved 50 ms forward each time,
thus we obtained a dimension of 32 for each feature and these
four features were normalized and combined to form a new
feature vector named TFD4 with dimension of 128 for each
channel of sSEMG signals.

Apart from TFD4, Mel frequency cepstral coefficient
(MFCC) and log Mel frequency spectral coefficient (MFSC,
also known as logarithmic filter-bank energies) would also be
calculated as different measures of signal features. Mel
filter-bank filtering was used in the extraction of these two
features, considering the auditory characteristics of human.
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TABLE 1. TIME AND FREQUENCY DOMAIN FEATURES USED HERE
Feature Basic formulation
w
Mean Absolute 1. o L i
Value (MAV) MAV;, = e Z | (4)]
1=1
P
] 1o » 1w '
Variance (VAR) VAR, = w @ (i) — w2t ()
i=1 i=1
I,I.y
Mean B
Frequency MNF, = %
(MNF) iz1 L
Wavelet 1 oo t— T
Transform WT (a,7) = — f)w dt
(WT) vat o a
x(i): time series
k: the kth time window
Parameter W: length of sliding time window
definition fi: value of the ith frequency
Pi: power spectrum density of the ith frequency
a and T: wavelet parameters

MFSC, on the other hand, omitted the DCT process in MFCC
feature extraction and had relatively higher dimension. As far
as we knew, it was the first time that MFSC features
implemented in sEMG based silent speech recognition.
Although it was originally proposed for acoustic speech
recognition, we would like to confirm whether MFSC was
appropriate to represent SEMG signal characteristics in this

paper.

For MFCC features, we implemented 36 frames, 12 Mel
filters, first order difference and second order difference of
Mel filters to form a 36x36 input dimension. For MFSC, we
implemented 36 Mel filters and 36 frames to obtain the input
features of each channel.

E. PICNN Architecture

Convolutional neural network (CNN) has gained
increasing popularity in image and signal processing tasks.
The original architecture of CNN was firstly built by Yann
LeCun in 1988, called LeNet [16], having 7 layers in total.
With the development of deep learning algorithms, VGGNet
[17] attracted much attention for its deep structure and
outstanding performance in extracting features from the input
data. The Inception (or GoogLeNet) [18] was developed by
Google in 2015. It employed a new element called Inception
module, from which we saw potential of implementation in
SEMG based speech recognition. We came up with our own
model based on Inception CNN, a novel architecture that
designed and proposed in this paper, named
Parallel-Inception CNN (PICNN).

In Parallel-Inception CNN, the input features were
parallel processed based on their channels as can be seen in
Fig 3. Filters with different sizes were employed and
combined to form one inception module for each channel and
perform convolution operation simultaneously. In each
inception module, filters with size 1x1, 3x3 and 5x5 were
used here and the number of filters with each size was 32. All
the six modules performed convolution in parallel and then
they were concatenated and put into the rest part of a common

convolutional neural network. The idea of designing parallel
convolution at the input of network was based on the fact that
experimental data were collected by electrodes of six
channels upon different facial muscles, and the distribution of
the signal from each channel was mainly related to the muscle
movements during speech. In parallel convolution, the
parameters of convolution kernel used in each channel were
different after training, which could obtain the data feature of
each independent channel more effectively and improve the
representation ability of the network.

Parallel-Inception
module

filter concat

X filter concat
max pooling

filter concat J
max pooling

Conv2D, Max Pooling
Leaky ReLU
Batch Normalization
Dropout

max pooling

filter concat |
max pooling

Figure 3. Architecture of proposed Parallel-Inception CNN

III. EXPERIMENTS AND DISCUSSIONS

A. Model Training Strategies

For more efficient model training, Mini-Batch Gradient
Descent was adopted for the parameter update of neural
networks during training process. Adam optimizer and
learning rate decay were also implemented here for quicker
convergence and more stable parameter refresh. Batch
normalization had been added to each activation layer in
proposed recognition model to handle the fluctuations of layer
parameters during training and testing. Dropout was used to
avoid overfitting, neurons with a percentage of 25% would be
randomly dropped to improve the generalization of our model.

The whole dataset collected and pre-processed in above
sections was shuffled randomly. Then 5-fold cross-validation
was applied. When the recognition rate kept steady after 500
epochs of training, we stopped the process.

B. Experiment Results and Discussions

The average recognition accuracies using different
features were recorded in Table II. Recognition system with
MFCC or MFSC features achieved 5.58% and 19.2% higher
classification accuracy, compared to that using TFD4
respectively, which indicated that MFCC and MFSC features
kept more original characteristics and trends in raw sEMG
data. On the other hand, MFSC features performed better than
MFCC features and reached the best recognition accuracy of
88.44%, which proved the effectiveness of MFSCs in sSEMG
based silent speech recognition.
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TABLE II. RECOGNITION ACCURACY USING DIFFERENT
FEATURES
Training accuracy | Testing accuracy
Features Using Parallel-Inception CNN model
TFD4 73.03 69.24
MEFCC 89.76 74.82
MFSC 96.79 88.44

Apart from PICNN, three CNN architectures were tested,
i.e., original architecture (denoted as CNN), Inception CNN
and VGG16, and the results were recorded in Table III. The
implementation of parallel inception module was proved to
be more efficient in recognition and classification, with a rise
of 4.09% in recognition accuracy than using VGGI6.
According to the accuracy summary in two experiments, the
proposed Parallel-Inception CNN was more suitable for
speech recognition on the large dataset we collected and kept
much space for further study, according to the experiment
results listed here.

TABLE III. RECOGNITION ACCURACY USING DIFFERENT DEEP
LEARNING ALGORITHMS
. Training accuracy | Testing accuracy
Classifier Using MFSC features
CNN 97.94 85.22
VGG16 98.50 84.35
Inception 98.47 87.25
Parallel-Inception
CNN 96.79 88.44
During dataset generation, we also noticed the

physiological differences among subjects. We compared all
the 14 subjects from aspect of gender in Table IV.
Interestingly, a better recognition performance was achieved
by using data collected from male subjects. As the subjects
were of similar ages and health conditions, further analysis
would be conducted from individual aspects to see how they
affected the recognition result.

TABLEIV.  RECOGNITION DIFFERENCES REGARDING SUBJECT
GENDER
Gender (Number Training accu}‘acy | Testing accuracy
of subjects) Using MFS(?s and
Parallel-Inception CNN
Male (7) 98.37 90.95
Female (7) 97.85 86.93

IV. CONCLUSIONS AND FUTURE WORK

Our newly designed Parallel-Inception CNN (PICNN)
model achieved an average recognition accuracy of 88.44%
for a 100-class dataset collected by our own in this paper. The
performance of proposed PICNN surpassed state-of-the-art
convolutional architectures on our dataset. By being tested
with different feature extraction methods, the best recognition
result of our silent speech recognition system was achieved.
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We are going to enlarge our dataset by inviting more aged
subjects and patients to participate in the data collection. The
dataset will be processed for more researches and open-access
in the future. Also, cross-subject experiments will be carried
out to further validate the robustness of proposed method and
analyze the differences brought by subjects.
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