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ABSTRACT Subvocal voice recognition is important in rehabilitation because it allows people with speech
issues to communicate in an alternate manner. Capturing and interpreting subtle muscular movements during
subvocalization can improve the rehabilitation process, allowing patients to have more autonomy and a
higher quality of life. The scarcity of research on subvocal voice recognition, as well as the use of IMU
(accelerometer and gyroscope) signals for speech activity detection, are significant challenges. The study
focuses on the amalgamation of spectrotemporal feature extraction techniques for classification and IMU
data for speech activity detection. The study carries out the classification of an isolated word vocabulary sets
of 70 words corresponding to 6 subjects and 96 isolated words for subjects. A feature extraction algorithm
was used utilizing Variational Mode Decomposition. The results demonstrated maximum accuracy rates of
98.6% for the 70-word set and 92% for the 96-word set. Automatic speech activity detection (ADSAS)
was developed using only IMU data and was independent of the EMG data. The comparison was carried
out by using a previously proposed EMG activity detection method based on Teager Kaiser Operator and
morphological operations, The IMU based detection technique achieved a lowest error of 0.09 compared
to 0.21 for the EMG based detection technique. The results proved that IMU based methods perform better
than EMG based methods for detection of speech activity. Statistical analysis was carried out using paired
t-test and resulted in a significant difference between the two techniques (p-value<0.05).

INDEX TERMS Subvocal speech recognition, activation detection, variational mode decomposition, IMU,
EMG.

I. INTRODUCTION
Automatic Speech Recognition (ASR) System enables peo-
ple to use their voices to speak with a computer interface
in a way that resembles typical human conversation. ASRs
use artificial intelligence (AI) or machine learning to con-
vert spoken language into readable text. Over the past ten
years, the discipline has experienced exponential growth,
with ASR systems being widely used for numerous everyday
applications [1], [2].

The associate editor coordinating the review of this manuscript and

approving it for publication was Ghulam Muhammad .

Although ASR systems are being widely used due to their
high accuracy but there are certain limitations as well [3].
ASRs fail to address disordered speech and due to any speech
impairment or disease [4], [5]. A person with some kind of
speech related disability, such as verbal dysarthria, apraxia or
a person who has undergone laryngectomy, will be unable to
use an ASR system. The World Health Organization (WHO)
reported that 40% of the newly reported cases of oral cancer
globally are from South Asia [6]. This leads to impairment
of vocal cords and laryngectomy in some cases thus result-
ing in loss of communication. Elderly people, due to their
issues with speech pace and articulation do not have high
success with ASR systems [7]. Apart from that, the use of
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ASR systems in quiet settings such as libraries is disturbing.
Furthermore, if a secret message or any secret password
such as in identification systems need to be delivered, ASR
systems are not the suitable choice. The performance of an
ASR system is highly affected by the presence of background
noise due to harsh acoustic background.

The limitations urge us to develop a new system that does
not use acoustic signals. A silent speech recognition system,
based on whispered or Alaryngeal speech, independent of
the acoustic signals, can perform well in noisy environments.
As such a system does not rely on acoustic data, the sys-
tem can be a viable method for rehabilitation of individuals
with speech impairments. Due to an alternate signals source,
the system maintains the secrecy of the message as well as
addressing issues of speech pace in elderly and people with
speech disorders.

Electromyography (EMG) signals can be obtained from
muscles both invasively and non-invasively and are termed
as surface EMG (sEMG) and intramuscular EMG (iEMG).
Both sEMG and iEMG signals differ in characteristics and are
widely used in multiple applications [8], [9]. Articulators are
present on the face as well as the neck resulting in generation
of electrical signals due to the contraction of muscles [10].
Silent speech recognition is one of the emerging applica-
tions of EMG signals. Silent speech means unvoiced speech,
in which no audible signal is obtained.

A lot of research has been carried out for classification
of isolated words, numbers, and small phrases. Ratnovsky
et. al classified three and five-word subsets with a maximum
accuracy of 88.8% and 74.6%, respectively [11]. Lee et. al
classified 60 isolated words with a maximum accuracy of
87.07% [12]. Kumar et. al classified the 5 vowels with an
accuracy of 92% [13]. References [11], [12], [13] carried out
classification of only isolated words. Janke et. al and Vojtech
et. al classified continuous speech but failed to report any
activity detection method [14], [15].

Furthermore, the classification was carried out using either
only temporal information or Mel frequency cepstral anal-
ysis. Mel frequency cepstral analysis has been widely used
in acoustic speech recognition. Although it performs well
for phoneme-based classification of subvocal speech [16],
yet this method does not perform well for higher number
of classes in case of isolated words classification. Thus,
the study utilizes a new feature extraction technique based
on Variational mode decomposition (VMD). Dragomiretskiy
and Zosso proposed a new decomposition technique for sig-
nals carried out in both temporal and spectral domain [17].
Dragomiretskiy and Zosso also showed the robust nature
of VMD for a tri harmonic signal effected by noise. VMD
has been widely used previously for extracting spectral and
temporal features using VMD for neuromuscular disorder
detection [18], physical actions classification [19] and in
detection of different fatigue conditions [20].
Meltzner et. al carried out a study for continuous speech

data and achieved an accuracy of 86% for 4 sensors set [16].

One of the major issues in continuous speech is the detec-
tion of speech activity. Meltzner developed a speech activ-
ity detection system that detected continuous speech using
statistical information of EMG data from each channel.
This decision from each channel was then fed into a finite
state machine to give a global decision regarding speech
activity [16].
Although Meltzner’s method performed well for detection

of speech activity, it does not provide any measure for the
start and end of a new word. Moreover, it is only suitable
if the classification carried out is phoneme based. For a
system that is generalizable and suitable for both phonemes
based as well as isolated word classification extracted from
continuous speech a more robust system needs to be devel-
oped. Meltzner’s method used third order statistic which
utilized the time domain information only which leads to a
computationally less expensive architecture but is prone to
poor performance in case of high levels of noise. The EMG
activity of facial muscles is lower as compared to bigger
muscles of the body such as muscles in upper and lower
limb thus resulting in signals with lower amplitude. The
signal is more prone to noise as well. Thus, a more robust
activity detection method is required that addresses all these
issues.

The Teager-Kaiser Energy (TKE) operator was used in
speech signals for non-linear components of acoustic data
[21], [22]. Later, its significance in onset and offset detection
of EMG signals was discovered [23], [24]. Reference [25]
proved that TKE improves EMG onset detection. Yang et Al.
used Teager Kaiser Energy Operator (TKEO) combined with
morphological operations to detect EMG activity in weak
pathological signals [26]. Although the proposed method
performs well for simulated EMG signals with lower number
of motor units, the study fails to evaluate its performance on
real EMG signals. Reference [27] used the method for real
time onset detection of EMG signals. Reference [28] used the
method to identify periodic bursts in EMG. Previous literature
shows multiple uses of TKEO activation detection method
used for comparison [29].
Although the use of TKEO method resolves the issue of

activity detection being carried out using only temporal infor-
mation, a few more issues persist. The EMG based speech
activity detection assumes that facial muscles go back to rest
position during the resting state and EMG amplitude falls
below a threshold value. However, this is not true for all cases,
such as failing to bring the muscles to rest after articulation.
Furthermore, the subconscious movement of jawmuscles can
also lead to generation of EMG signals which can result in
false activity detection.

To resolve these issues, a new system needs to be developed
which is independent of EMG and accurately detects speech
activity. Inertial Motor Unit signals have been widely used
for activity recognition for a variety of purposes thus it can
also be used for developing an alternate method for speech
activity detection [30], [31], [32].
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FIGURE 1. Electrode placement on muscles of interest. (Blue: EMG,
Green: IMU).

This study serves two purposes. The first is to classify
isolated words with an increased vocabulary set and lesser
number of channels. The second is to develop an algorithm for
Automatic Detection of Speech Activity System (ADSAS).
The ADSAS utilized IMU signals obtained simultaneously
from the facial muscles along with EMG signals. The paper
is structured as follows: Section II provides information about
the Data corpus, the subjects, feature extraction method and
classifier for isolated words vocabulary and the ADSAS
method. The results for both objectives (classification of
isolated words and detection of speech activity) are reported
in section III. Section IV discusses the findings in detail and
highlights their significance. Section V concludes the study.

II. METHODOLOGY
A. DATA AND EXPERIMENTAL PROCEDURE
Informed consent from all the subjects was obtained before
the start of the experiment. The data collection was started
on 26th December 2022 and ended on 20th January 2023.
All the subjects were adults and provided their written con-
sent. The data collection was carried out as per the rel-
evant guidelines and regulations. Ethical approval for this
study was obtained under Approval No.: ref#NUST/SMME-
BME/REC/000424/23012022 from local ethical committee
of National University of Sciences and Technology.

Data were collected from 10 healthy subjects (25.4±2.3).
Before carrying out the experiment, a signed informed con-
sent was obtained from all the subjects. The subjects selected
were healthy and did not show any injury to the muscles

of interest. The selection criteria for participants were main-
tained. The criteria entailed that the subject must have healthy
facial muscles and the subjects do not have any condition
that effects the motion of the facial muscles such as facial
palsy, facial paralysis, paresis (partial paralysis) and did not
go under any kind of surgery. Moreover, it was also made
sure that the participant did not undergo under any aesthetic
procedures such as injectable filters, facial implant, and facial
rejuvenation.

As the facial muscles are small and the activation ampli-
tude is lower as compared to the muscles of the limbs, it was
made sure that the selected muscles are the largest muscles on
the face that are activated during speech activity. Four mus-
cles were selected considering this criterion and the optimum
muscles selected by [16]. These muscles include Buccinator,
Masseter, Depressor anguli oris and Digastric Muscle and the
placement of electrodes is shown in Fig 1.

Four bipolar Delsys trigno electrodes were placed on
the above-mentioned muscles. The electrodes were used to
record EMG data from six subjects and EMG and IMU data
simultaneously for the remaining four. The IMU data gave the
muscle’s orientation in 3D space. The IMU data is based on
three sensors: accelerometers, gyroscopes, and magnetome-
ters. The accelerometer detects the changes in velocity of
muscle movement. The gyroscopes measure angular velocity,
which is the rate of change of an object’s orientation over
time. They provide information about the rotation or angular
motion around multiple axes. The magnetometers are used to
measure the force and direction of the magnetic field around
the sensor. They provide information about the orientation
of the IMU relative to the Earth’s magnetic field. By combin-
ing the data from these sensors, an IMU estimates the object’s
orientation in 3D space, velocity, and position.

FIGURE 2. Data corpus words length.

The words in the data corpus were selected on following
criteria: 1. The English alphabets should be uniformly dis-
tributed. 2. The words should be a good representation of
variation of length in English words as shown in Fig 2.
Since the data collection for subvocal speech requires elec-

trode placement on the face, it can be uncomfortable for the
subject to record the data in one sitting. But recording the
data over the span of different days can result in variations in
the electrode placement and the activation levels depending
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TABLE 1. Isolated vocabulary dataset (Sn represents nth subject).

on the energy of the subject. Thus, an optimum size for
vocabulary was selected that is large enough to get novel
and substantial results but is also not too straining for the
subject during data collection. A vocabulary set of 70 words
was selected for 6 out of 10 subjects. These words were
divided into 7 groups with ten words each. For the remaining
4 subjects the vocabulary set was increased, and 96 isolated
words were included in the dataset. Continuous speech data
was also collected from these subjects. Continuous speech
data comprised of 60 sentences from each subject based on
the vocabulary from the 96 words dataset. The details of the
vocabulary are given in Table 1.

Four electrodes were placed on the muscles of interest
(Buccinator, Masseter, Depressor anguli oris and Digastric).
The electrodes were placed using an adhesive double-sided
tape. To secure the electrode and skin contact surgical tape
was used externally above the electrode. Since the experiment
lasted for about 4-6 hours per subject, the double tapes and
the external surgical tape were replaced after every one hour
(after articulation of two groups). The subject was seated in a
comfortable chair and a practice session was carried out. The
practice session entailed articulating each word subvocally
that was visible on the screen.

The vocabulary was prompted on the screen, one word at
a time. 5 seconds were given for articulation of each word.
For six subjects only EMG data were collected but for the
remining four EMG and IMU data were collected from the
four muscles simultaneously. The data were collected at a
sampling rate of 2000 Hz for EMG and 148Hz for IMU. Data
were collected using MATLAB 2020a. A separate graphical
user interface (GUI) was designed for data collection. This
GUI prompted each word on the screen to be articulated sub-
vocally. The words appearing on the screen were prompted
randomly to avoid any bias. The data for each group of
words was collected separately and twenty iterations for each

groupwere recorded. 5 second rest was allowed between each
articulation to avoid any muscle fatigue. Thus, recording of
each group for twenty iterations took approximately 30 min-
utes. A 5–10-minute break was given between recordings of
each group. During the break the subject was allowed to sip
water or any room temperature drink of choice. For subjects
1-6 a vocabulary set of 70 words the total time taken was
4 hours. (3.5 hours for 7 groups and 30 minutes for breaks
in between the seven groups). The vocabulary set increased
for subjects 7-10 thus the data and time also increased. The
time for subjects 7-10 for a vocabulary of 96 words amounted
to approximately 6 hours. Thus, the total data collection time
for 10 subjects was 48 hours. The data collection procedure
was spread over 10 days. Each day the data was collected
from one subject only.

FIGURE 3. Experimental setup for data recording.

The experimental setup is depicted in fig 3. The collected
EMG data were preprocessed using a band pass filter with
cut-off frequencies of 10Hz to 450Hz and a notch filter
of 60Hz.

B. FEATURE EXTRACTION AND CLASSIFICATION
TECHNIQUE
The feature extraction method utilizes an advanced signal
processing technique called Variational Mode decomposition
(VMD) proposed by Dragomiretsky and Zosso [17].
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FIGURE 4. a) Raw EMG signal, (b) Decomposed variational mode
functions after applying variational mode decomposition
(c) dimensionality reduction using singular value decomposition.

VMD decomposes the signal into its subsequent sub sig-
nals called Variational mode functions (VMF). Each VMF
comprises of several data points thus, a scheme of feature
reduction is applied to make the classifier simpler. VMFs
are used to obtain the eigen values. The eigen values are
further used to achieve a singular value corresponding to
each VMF. These singular values are used as features to
carry out the classification of isolated words vocabulary.
Since 12 VMFs are obtained for each signal and 4 channels
are utilized thus a feature vector of (12 × 4)xn is obtained
where n is the number of samples. The process is depicted in
Fig 4.

As the classification problem is like pattern recognition
and LDA is considered as the gold standard, yet it was
proved that Random Forest (RF) performs better than LDA
[33]. Reference [34] utilized KNN for controlling a dexter-
ous artificial hand and achieved better results than Support
Vector Machines (SVM). Thus, we utilized KNN and RF for
classification of the isolated word vocabulary.

C. AUTOMATIC SPEECH ACTIVITY DETECTION SYSTEM
(ADSAS)
Speech signals collected from four subjects with a vocabulary
set of 96 words comprised of data from both EMG as well as
IMU. The continuous subvocal speech data collected from
these subjects was used to develop an algorithm for detection
of speech activity using IMU data. This algorithm is named
Automatic Speech Activity Detection System (ADSAS).
ADSAS utilizes the IMU signals (accelerometer and gyro-
scope data) and detects the regions withmaximum activity for
detecting speech regions. The algorithm is based on following
stages:
Stage 1: Activation Detection:
The following steps are involved in the detection of activa-

tions at all the samples of input signal.

1. Calculate variance vector using a window of 30ms.
2. Calculate the threshold value for all the points. The

threshold value is calculated by taking 80% of themean
value of the variance vector.

FIGURE 5. a) speech EMG signal (b) Corresponding Input IMU signal.
(c) variance vector(blue) and threshold value (red), the figure is zoomed
in to depict the thresholding step clearly. (d) Onsets (red) and offsets
(blue). (e) Active region binary vector.

3. Carry out thresholding. A binary vector with zeros and
ones is obtained as a result. Any values less than the
threshold are substituted by zeros and greater by ones.

4. This binary vector gives the activations of the input
signal at all the samples.

5. The resultant activation vector is then used to detect the
points of onset and offset of the signal.

6. The points of onsets and offsets are then used to join
the shorter event for detecting speech region.

This step is carried out for all the six signals (accelerometer
(x, y, z) and gyroscope (x, y, z). As four channels ae used thus
this step is carried out for 24 signals. As evident in Fig 5.
Stage 2: Computing Region of Activation:
After finding the activation region across all the axes

(x, y, z) the next step was to compute the combine activation
region of all the three axes. This step included following
steps:

1. The activation regions from all three axes are obtained
from the previous step. The common activation region
between any two axes contributes to the overall activa-
tion. The intersection of all three combinations of axes
is computed and the union of resulting intersection of
the three combinations is considered as the activation
for the corresponding channel. The condition to be
implemented is given by (1).

ROA = (x ∪ y) ∩ (x ∪ z) ∩ (y ∪ z) (1)

where ROA is the region of activation, x, y, and z are
IMU signals along x, y, and z axes.

2. The next step is to remove any small fluctuations
in data that resemble the activation region but are
unwanted fluctuations occurring due to the unneces-
sary jaw movement. As evident in figure 5d, smaller
fluctuations are present in the computed ROA. These
fluctuations are not a part of the speech signal and
can occur due to subconscious jaw movement by the
subject. This issue has been resolved by morphological
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FIGURE 6. (a) Raw IMU signal for all three axes. (b) Filtered IMU signals for all three axes. (c) Detect activation region for all three axes.
(d) Computed ROA in the channel with fluctuations. (e) ROA with fluctuations removed after opening. (f) Raw EMG.

erosion technique. It enables us to get rid of any region
smaller than the optimum window for speech signal.
Mathematically it can be written as (2).

ROA ⊖ S = ∩a∈S ROA−a (2)

where ROA is the region of activation, S is the structur-
ing element and where ROA−a denotes the translation
of ROA by -a.

3. After removing the unwanted fluctuations from the
data, we obtain the activation region for the correspond-
ing channel.
The steps have been depicted in Fig 6.

Stage 3. Computing Complete Activation Region (CAR)
As mentioned previously the IMU signals consists of both

accelerometer and gyroscope data along each of the three
axes, x, y, and z. Thus, a total of six signals are present in
the IMU signal for each channel.

Obtaining a single vector for activation region from all
three axes of accelerometer and gyroscope has been car-
ried out in the previous step. Consequently, it gives us two
activation signals, one corresponding to each (accelerometer
and gyroscope). In this step we compute a single activation
region using the two ROAs obtained in stage II. This stage is
governed by condition in (3).

CAR = ROAacc ∩ ROAgyro (3)

As evident from Fig 7 the intersection lasts till 520 where
activity region for both ROAacc and ROAgyro gyro is

common. Although ROAacc extends beyond the common
region but it is not included in the Combined activation region
(CAR).

FIGURE 7. (a) Complete Activation Region (CAR) (b) filtered gyroscope
data (ROAgyro) (c) filtered accelerometer data (ROAacc).

Stage 4: Computing Global Activation Region (GAR ) for 4
Channels:

The final stage involves computing the global activation
region (GAR) from all 4 channels. This step is governed by
the condition, if three channels are active simultaneously and
have CAR>0 then that region is considered as GAR. The
number of combinations for 4 channels out of which 3 are
active simultaneously can be computed by (4).

Ck (n) =

(n
k

)
=

n!
k! (n− k)!

(4)
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FIGURE 8. Channel states and output.

Thus for 4 channels in total and 3 channels active simultane-
ously the number of combinations can be 4. Mathematically
the condition to be fulfilled can be written as (5). signal and
any values outside of GAR are substituted by zeros. The
different states and the resulting output corresponding to the
input from all 4 channels is depicted in Fig 8. Fig 9 shows
the resultant GAR. The computed GAR is used to filter the
EMG.

GAR =

{
1 if CARchm,CARchn,CARcho> 0
0 if CARchm,CARchn,CARcho= 0

(5)

where n,m, o∈ {1, 2, 3, 4} (without duplication)
The different states and the resulting output corresponding

to the input from all 4 channels is depicted in Fig 8. Fig 9
shows the resultant GAR. The computed GAR is used to
filter the EMG signal and any values outside of GAR are
substituted by zeros.
Performance Evaluation:
The selected evaluation metrics for the evaluation of the

performance of the implemented method for classification
were percentage accuracy as all the classes were balanced
in the isolated data corpus. For IMU based speech activation
algorithm we used Activation Error Rate (AER). AER is
calculated as given in (6).

AER =
Detected Activation
Original Activation

(6)

III. RESULTS
Two different types of vocabulary sets were collected from
10 subjects. Six subjects provided the data for a vocabulary
set of 70 words. The remaining 4 subjects provided the data
for a vocabulary set of 97 words as well as continuous data
based on the vocabulary of these 97 words. The aim was to
classify the individual words and develop a robust algorithm
for this purpose. Moreover, it was also intended to develop a
system that detects the speech activity region using the IMU
signals rather than EMG signals. The efficacy of this devised
algorithm was tested against an EMG based speech activity
detection system proposed by [26].

The results will be described separately for each objective
under the following headings:

A. CLASSIFICATION OF ISOLATED WORD VOCABULARY
Subject-wise classification of 10 healthy subjects using the
developed feature extraction algorithm SVD-VMD was car-
ried out. The features were extracted using 12 VMFs for each
signal. Table 2 depicts the classification accuracy for each
subject using the SVD-VMD technique along with RF and
KNN classifier.

As evident from Table 2 the devised feature extraction
method along with RF and ANN classifiers performs quite
well and results in the highest accuracy of 98.6% for RF and
ANN classifiers corresponding to a vocabulary of 70 words.
Whereas an accuracy of 92% for RF and 95.2% for ANN is
obtained corresponding to a vocabulary set of 96 words. The
data is also illustrated in Fig 10.
The accuracy for subjects 3-6was computed corresponding

to a data corpus size of 96 words whereas for the remain-
ing subjects the data corpus size was kept at 70. Subject
5 provides the highest accuracy for 96-word vocabulary cor-
responding to all three classifiers. Even though the accuracy
corresponding to KNN is significantly less than the accuracy
obtained corresponding to RF and ANN classifier, it is higher
than other subjects with 96 words vocabulary. A similar trend
can be seen for subject 10 corresponding to a vocabulary of
70 words.

TABLE 2. Classification accuracies for isolated words.

To test the efficacy of the proposed classification algorithm
we varied the number of words in vocabulary set as well
as the number of channels. The classification accuracy was
computed as shown in Table 3 and Fig 11. The depicted
accuracies are average accuracies for 10 subjects (n=10)
and error bars depict the standard deviation. It is evident
that the proposed method performs well for classification of
10 words corresponding to all the varied channels. It can be
observed that the proposed method provides an accuracy of
85.9% for single channel classification of 10 words. This
accuracy decreases with the increase in number of words in
the vocabulary set.
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FIGURE 9. Global activation region (GAR) computed from CAR of all 4 channels.

FIGURE 10. Isolated word classification accuracy of 10 subjects.

B. EFFICACY OF AUTOMATIC SPEECH ACTIVITY
DETECTION SYSTEM (ADSAS)
To test the efficacy of the proposed classification algorithm
we varied the number of words in vocabulary set as well

FIGURE 11. % Average accuracies corresponding to varied number of
channels and words in data corpus.

as the number of channels. The classification accuracy was
computed as shown in Table 3 and Fig 11. It is evident
that the proposed method performs well for classification of
10 words corresponding to all the varied channels. It can be
observed that the proposed method provides an accuracy of
85.9% for single channel classification of 10 words. This
accuracy decreases with the increase in number of words in
the vocabulary set.
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TABLE 3. Average classification accuracies corresponding to varied
number of channles and words in data corpus.

Four subjects (S3-S6) provided two types of datasets, one
being an individual word recording for 96 words and the
other comprising of continuous sentences derived from these
96 words. EMG and IMU data collected simultaneously for
these continuous sentences was utilized to develop a system
for recognition of speech activity called ADSAS. This system
uses IMU signals (accelerometer as well as gyroscope) to
detect the presence of speech activity from all four channels.

Table 4 and Fig 12 depict the results obtained using the
proposed method. The results are shown in terms of error
rate. The table illustrates a comparison of an EMG based
method as well as the developed IMU based method for
speech detection.

The EMG based method was proposed by [26]. The effi-
cacy of this method had been used by [27], [28], [29] for
various purposes. The quantitative comparison of two meth-
ods is shown in Table 4 and Fig 9. The qualitative comparison
of the two methods is evident in Fig 13.

FIGURE 12. Activation error rate for speech activity detection.

As evident from Table 4 and Fig 12 the AER for EMG
based activity detection method is higher as compared to
that of IMU based activity detection. Subject 4 provided the

lowest value of error 0.085 and subject 5 resulted in the
highest value 0.172.

Fig 13 shows a comparison of the detected activity regions
corresponding to EMG based and IMU based method.

TABLE 4. Activation error rate for continous speech activity detection.

IV. DISCUSSION
The paper has two objectives, to provide a robust classi-
fication for a larger vocabulary set of isolated words and
devise a new algorithm for automatic detection of speech
from the IMU signals. Before this study the highest number
of isolated words classification was carried out for 67 words.
Moreover, the literature does not report a speech detection
method using IMU signals. The proposed method automati-
cally detects the speech activity region using statistics of the
IMU signals combined with morphological operations. The
proposed classification method provides better results than
the previously reported methods for classification [11], [12],
[13], [14]. Furthermore, the study also reports better results
for detection of activation region detection using IMU as
compared to EMG [26].
The feature extraction method for classifying the isolated

words utilizes VMD. VMD decomposes each individual sig-
nal into its subsequent sub signals. A single value is obtained
from the eigen values of the obtained sub signals. These
single values serve as a single representation of each sub
signal. These features were classified using the RF classifier
as it performed the best as evident in Table 2. RF is an
ensemble learning method which employs several decision
trees thus performing efficiently with EMG based classifica-
tion [35]. It can be observed from Table 2 that the highest
accuracy obtained was 98.6% corresponding to a vocabulary
set of 70 words. However, the highest accuracy obtained
for a vocabulary set of 96 words was 92%. This signif-
icant decrease results because of two reasons, first being
the increased number of classes and secondly due to data
collection of the whole vocabulary set distributed over three
sessions. Due to the increased vocabulary set for the four
subjects the data was collected over three sessions whereas
the data was collected in a single session. The electrode
placement can vary a little due to human error in three
different sessions. Furthermore, the consistency of muscle
activation can also vary in different sessions. Although, with
the increase in classes the accuracy has decreased yet it is
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FIGURE 13. Comparison of EMG and IMU based activity detection method.

almost equal to Meltzner’s accuracy reported for 67 isolated
words using 11 channels whereas the proposed method only
utilizes 4 channels [16].

VMD extracts multitone components and spectral bands
more effectively and overcomes mode aliasing, resulting in
much enhanced anti-noise performance and computing effi-
cacy [17]. The use of a quadratic penalty in VMD to convert
a constrained problem to an unconstrained one using a Lan-
gragian operator preserves the decomposed signal’s original
features while increasing reconstruction fidelity. As a result,
the obtained feature vector becomes more robust resulting in
a higher classification accuracy for greater vocabulary set.
It has been previously reported in the literature that VMD
outperforms MFCC for applications such as Parkinson dis-
ease detection thus the obtained results agree with previous
literature [36].

The previous literature reports EMG based speech activity
detection method but fails to provide a robust method for
speech activity detection using IMU signals for subvocal
speech detection as evident in Table 5. The EMG based
methods assume that during the resting period the EMG
amplitude falls below a certain threshold which is not always
true. For instance, in articulation of certain words the EMG
activation might not be significant. Similarly, if the subject
does not bring the muscles back to rest during resting period
the facial muscles will still produce EMG signals which
can be falsely detected as speech signals. Moreover, the
subconscious movement of facial muscles can also result in
activation of the muscles. As evident in Table 4 ADSAS

outperforms the EMG based method for all the four subjects.
Even though the ADSAS reports different AER for each
subject, it is higher than EMG based method.

IMU signals detect the velocity and orientation of the mus-
cle in all the three axes rather than activation of the muscles.
The IMU signals are independent of muscle activation thus
resolving the issue of subconscious muscle activation.

Reference [37] utilized IMU signals for speech activity
detection for acoustic signals and proved that it is a cost effec-
tive as well as an easily applicable method. The qualitative
analysis of the proposed method is demonstrated in Fig 13.
It is demonstrated that the EMG based activity detection
method assumes the fluctuation caused by unnecessary jaw
movement as a part of the speech activity whereas the IMU
based activity detection method disregards this fluctuation
thus providing a lower AER. IBMSPSS statistics 20was used
to run paired t-test for the statistical analysis of the results.
The test proved that a significant difference exists between
the two methods (p-value= 0.0398).

AlthoughVMD-based classification is an efficient method,
it has its own drawbacks. The biggest drawback of using
VMD-based feature extraction is its high dimensionality lead-
ing to a higher time complexity. In the future dimensionality
reduction techniques need to be introduced to reduce the
dimensions of the feature vector so that the computational
time of the system can be reduced.

One of the biggest limitations of this method is that the data
collection process can get tiresome due to larger vocabulary
sets thus requiring the data collection to be distributed into
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TABLE 5. Comparison of proposed method with previous literature.

numerous sittings. This can result in comprising the accu-
racy of the results. Furthermore, when faced with variances
in speaking styles, speaking situations, or user demograph-
ics, subvocal speech recognition algorithms frequently suffer
with robustness and generalizability. For effective deploy-
ment, robustness and generalizability across varied user pop-
ulations and real-world contexts are critical.

One of the most essential articulation muscle groups is the
tongue. The positioning of the tongue is the only trait that
distinguishes specific words. However, the location of EMG
sensors on the skin’s surface prevents immediate approach to
the tongue. Sensor placed beneath the chin on the digastric
muscle, may be recording some tongue activity. It is the only
non-facial sensor that was discovered as the most effective
sensor for speech recognition [16]. However, there is a sub-
stantial amount of non-lingualmuscle and tissues between the
sensor and the tongue, which limits the crucial information
acquired. Other methods such as ultrasound [38] impulse
radio ultra-wide band (IR-UWB) radar [39], and permanent
magnet articulography (PMA) [40] been used previously that
utilize different techniques to capture the information from
tongue. These methods can be effective, but they will increase
the computational and time complexity of the developed
system.

Table 5 represents the comparison of proposed method
with previous literature. As evident, this study provides the
highest accuracy corresponding to 70 words. Even though
[16] and [13] provide comparable accuracies of 92% how-
ever, the vocabulary size for the two studies is 67 words and
7 words respectively, which is lesser than the vocabulary size
of this study. Furthermore, it can be observed none of the
literature reports an IMU based activation detection method.

Since the scope of this study was to develop a robust
method for classifying larger isolated words vocabulary and
developing a system for detection of speech activity, the
classification of continuous sentences was not carried out. In
the future we plan to improve the ADSAS method enabling
it to detect each word and then classify these extracted words
for classifying the continuous vocabulary set. To deploy
the speech recognition using EMG it is vital to have a
larger vocabulary set for both isolated words and continu-
ous sentences. In the future we also aim to incorporate a
more extensive data set collected over multiple days and test
the performance of the proposed method with an increased
vocabulary set. Since the study aimed primarily on the devel-
opment of a speech recognition and activity detection method
and utilized healthy subjects only thus, we aim on testing
the proposed method for impaired individuals as well in the
future.

V. CONCLUSION
The study aimed to classify a wider vocabulary set of isolated
words comprising 96 words at maximum and 70 words at
minimum. The study carried out the classification of isolated
vocabulary using feature extraction based on an advanced sig-
nal processing technique called Variational Mode Decompo-
sition. This provided spectral as well as temporal information
of the speech signals. The study provided higher classifica-
tion accuracy than the previous studies. The second objective
of the study was to develop an algorithm for automatic detec-
tion of speech activity using IMU signals rather than EMG
signals. The proposed method computes the local statistics
of IMU signals and combines the thresholding process with
morphological process to detect the activation region. Results
have shown that the proposed activity detection system per-
forms better than the EMG based activity detection method.
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