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Abstract
Individuals with larynx (vocal folds) impaired have prob-

lems in controlling their glottal vibration, producing whispered
speech with extreme hoarseness. Standard automatic speech
recognition using only acoustic cues is typically ineffective for
whispered speech because the corresponding spectral character-
istics are distorted. Articulatory cues such as the tongue and lip
motion may help in recognizing whispered speech since artic-
ulatory motion patterns are generally not affected. In this pa-
per, we investigated whispered speech recognition for patients
with reconstructed larynx using articulatory movement data. A
data set with both acoustic and articulatory motion data was col-
lected from a patient with surgically reconstructed larynx using
an electromagnetic articulograph. Two speech recognition sys-
tems, Gaussian mixture model-hidden Markov model (GMM-
HMM) and deep neural network-HMM (DNN-HMM), were
used in the experiments. Experimental results showed adding
either tongue or lip motion data to acoustic features such as mel-
frequency cepstral coefficient (MFCC) significantly reduced the
phone error rates on both speech recognition systems. Adding
both tongue and lip data achieved the best performance.
Index Terms: whispered speech recognition, larynx recon-
struction, speech articulation, deep neural network, hidden
Markov model

1. Introduction
Larynx is one of the most important articulators for speech and
sound production. Vocal fold vibration produces the sounding
source for speech. People who have their larynx (vocal fold)
impaired due to physical impairment or treatment of laryngeal
cancer suffer during their daily life. A surgery can help these
patients reconstruct or repair their larynx, but their phonation
can hardly be completely recovered [1]. Patients with surgi-
cally reconstructed larynx generally have problems in control-
ling laryngeal functions, thus producing whispered speech with
extreme hoarseness [2]. Therefore, assistive automatic speech
recognition (ASR) technology is necessary so that they can in-
teract with computers or smart phones in their daily life like
normal people do. A standard ASR system that focuses on
recognizing normal speech does not work well for these pa-
tients, because their speech mostly contains an unvoiced mode
of phonation. Thus, ASR systems that are specialized for whis-
pered speech are needed [3].

Whispered speech produced by patients with reconstructed

larynx can be treated as a kind of disordered speech, which de-
grades the performance of conventional speech recognition sys-
tems [4,5]. Whispered speech misses glottal excitation, leading
to abnormal energy distribution between phone classes, varia-
tions of spectral tilt, and formant shifts due to abnormal con-
figurations of the vocal tract [3, 6], which are the main causes
of performance degradation of a standard ASR system. To im-
prove the performance of whispered speech recognition, most
of the conventional studies used whispered speech data that are
collected from normal talkers and focused on reducing the mis-
match between normal and whispered speech in acoustic do-
main through acoustic model adaptation and feature transfor-
mation [7–11].

Articulatory information has been proven effective in
the applications of normal speech recognition [12–16] and
dysarthric speech recognition [17, 18]. Compared to acoustic
features, articulatory features are expected to be less affected
for these patients who produce whispered speech [19]. There
are a few studies applying articulatory or non-audio informa-
tion in whispered speech recognition [10, 19, 20]. For example
in [19], the authors applied articulatory features (also known as
phonological attributes) of whispered speech. Most of the exist-
ing work using articulatory information focused on descriptive
or derived articulatory features in acoustic domain. Articulatory
movement data such as tongue and lip motion have rarely been
applied in this application.

In this paper, we investigated whispered speech recogni-
tion for a larynx reconstructed patient using tongue and lip mo-
tion data. To our knowledge, this is the first study for whis-
pered speech recognition with articulatory data. Tongue and lip
motion data were collected using an electromagnetic articulo-
graph. Two speech recognizers were used: Gaussian mixture
model-hidden Markov model (GMM-HMM) and deep neural
network-hidden Markov model (DNN-HMM). In the experi-
ments, we examined several settings on both speech recognition
systems to verify the effectiveness of adding articulatory move-
ment data: mel-frequency cepstral coefficient (MFCC)-based
acoustic features, lip and tongue movement-based articulatory
data, and MFCC with articulatory data. The remaining of the
paper is organized as follows: Section 2 describes our acous-
tic and articulatory data collected from a patient with surgically
reconstructed larynx. In Section 3, we present our experimen-
tal design including speech recognition systems and experimen-
tal setup. Section 4 shows experimental results and discussion.
Conclusions are summarized in Section 5.
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Figure 1: Articulatory (tongue and lip) motion data collection setup.

2. Data Collection
2.1. Participants and stimuli

The patient is a male of 23 years old. He had his larynx
damaged in an accident and then took a larynx reconstruction
surgery in 2014. His speech showed extreme hoarseness. He is
not using assistive device on a daily basis. He participated in the
data collection, where he produced a sequence of 132 phrases at
his habitual speaking rate. The phrases were selected from the
phrases that are frequently spoken by persons who use augmen-
tative and alternative communication (AAC) devices [21, 22].

2.2. Tongue motion tracking device and procedure

An electromagnetic articulograph (Wave system, Northern Dig-
ital Inc., Waterloo, Canada) was used for articulatory data col-
lection (Figure 1a). Four small sensors were attached to the
surface of patient’s articulators, two of them were attached
to tongue tip (TT, 5-10mm to tongue apex) and tongue back
(TB, 20-30mm back from TT) using dental glue (PeriAcry1
90, GluStitch). The other two were attached to upper lip (UL)
and lower lip (LL) using normal double-sided tape. In addi-
tion, another sensor was attached to the middle of forehead for
head correction. Our prior work indicated that the four-sensor
set consisting of tongue tip, tongue back, upper lip, and lower
lip are an optimal set for this application [23–25]. The po-
sitions of all five sensors are shown in Figure 1b. With this
approach, three-dimension movement data of articulators were
tracked and recorded. The sampling rate in Wave recording
in this project was 100Hz, The spatial precision of movement
tracking is about 0.5mm [26].

The patient was seated next to the magnetic field generator,
which is the blue box in Figure 1a, and read the 132 phrases.
A three-minute training session helped the patient to adapt to
speak with tongue sensors before the formal data collection ses-
sion.

Before data analysis, the translation and rotation of the head
sensor were subtracted from the motion data of tongue and lip
sensors to obtain head-independent articulatory data. Figure
1b illustrates the derived 3D Cartesian coordinates system, in
which x is left-right direction; y is vertical; and z is front-back
direction. We assume the tongue and lip motion patterns of the
patient remain the same as normal talkers, where the movement
in x direction is not significant in speech production. There-
fore, only y and z coordinates were used for analysis in this
study [27].

Acoustic data were collected synchronously with the artic-

ulatory movement data by built-in microphone in the Wave sys-
tem. In total, the data set contains 2,292 phone samples of 39
unique phones.

2.3. Acoustic data

Figure 2 shows the spectrograms of whispered speech and nor-
mal (vocalized) speech examples producing the same phrase
I want to hurry up. Figure 2a is an example spectrogram of
whispered speech produced by the patient in this study. Fig-
ure 2b is an example of normal speech produced by a healthy
speaker. The healthy speaker’s data example was just used to
illustrate the difference between the spectrograms of whispered
and normal speech, and therefore it was not used in analysis. In
the figure, brighter color (and reddish) denotes higher energy.
As illustrated in Figure 2, for normal speech, the phone bound-
aries are relatively clear based on spectral energy shape and for-
mant frequencies, and it is easy to distinguish. For whispered
speech, however, most of phones have very similar spectral pat-
tern without fundamental frequency, which makes it hard to find
the boundary between the phones using acoustic information
only. For example, the phone pairs like ‘AH’ and ‘P’ in word
‘up’, can hardly be distinguished in whispered speech, also the
‘HH’ and ‘ER’ in word ‘hurry’ are not easy to classify. On the
other hand, those two phone pairs can be clearly distinguished
in normal speech, showing that vowels have higher energy and
distinct formant frequencies. The ambiguity of phone bound-
aries contributed to lower performance in whispered speech
recognition using standard ASR techniques.

2.4. Articulatory data

Figure 3a and 3b give examples of articulatory movement data,
which are obtained from the motion tracking of sensors when
uttering same phrase (I want to hurry up) in Figure 2, respec-
tively. As mentioned previously, four sensors were attached to
articulators (upper lip, lower lip, tongue tip, and tongue back).
As illustrated in Figure 3, the articulatory movement pattern of
whispered speech somewhat resembles the articulatory move-
ment pattern of normal speech, although the motion range of
whispered speech by the patient was larger than that by the
healthy talker. Therefore, we expected that articulatory motion
data may improve the performance of whispered speech recog-
nition. The larger motion range of tongue and lips of the patient
may be because he uses more force than normal talkers during
his speech production. For illustration purpose, the two artic-
ulatory shapes (tongue and lip sensor motion curves) in Figure
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(a) Whispered (hoarse) speech produced by the patient
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(b) Normal Speech

Figure 2: Spectrogram examples of whispered and normal speech producing ”I want to hurry up”.

3 were rotated slightly so that the UL and the LL sensors were
aligned vertically.

3. Method

Standard speech recognition systems are typically based on hid-
den Markov models (HMMs), which are an effective frame-
work for modeling time-varying spectral feature vector se-
quence [28]. A number of techniques for adapting or describ-
ing input features are typically used together with HMM. In this
study, we used two speech recognizers: the long-standing Gaus-
sian mixture model (GMM)-HMM and the recently available
deep neural network (DNN)-HMM. Major parameter configu-
ration of the two recognizers was shown in Table 1.

3.1. GMM-HMM

The Gaussian mixture model (GMM) is a statistical model for
describing speech features in a conventional speech recogni-
tion system. Given enough Gaussian components, GMMs can
model the relationship between acoustic features and phone
classes as a mixture of Gaussian probabilistic density functions.
More detail explanation of GMM can be found in [29]. GMM-
HMM is a model that is “hanging” GMMs to states of HMM,
in which GMMs are used for characterizing speech features and
HMM is responsible for characterizing temporal properties.

GMM-HMM have been widely used in modeling speech
features and as an acoustic model for speech recognition for
decades until DNN attracted more interests in the literature re-
cently. However, GMM is still promising when using a small
data set. In addition, because of its rapid implementation and
execution, we included GMM as a baseline approach. Table 1
gives the major parameters for GMM-HMM.

3.2. DNN-HMM

Deep neural networks (DNNs) with multiple hidden layers have
been shown to outperform GMMs on a variety of speech recog-
nition benchmarks [30] including recent works that involved
articulatory data [17, 31]. DNN-HMM takes multiple frames
of speech features as input and produces posterior probabilities
over HMM states as output. The DNN training is based on re-
stricted Boltzmann machines (RBMs). The weights between
nodes in neighboring layers at iteration t+1 are updated based
on iteration t using stochastic gradient descent described by the
following equation:

wij(t+ 1) = wij(t) + η
∂C

∂wij
(1)

in which wij is the weight between nodes i and j of two lay-
ers next to each other, η is the learning rate, and C is the cost
function. The output posterior probabilities of DNN are used
for decoding. More detailed description of DNN can be found
in [30, 32–34]. The similar structure and setup of DNN in [31]
were used in this experiment which has 5 hidden layers, each
of hidden layers has 512 nodes. We tested all layers from 1 to
6 in each experimental configuration, and the best result was
obtained when using 5 hidden layers. The one-subject data set
has a relatively small size, thus we used only 512 nodes. The
input layer would take 9 frames at a time (4 previous plus cur-
rent plus 4 succeeding frames), therefore the dimension of in-
put layer changed given different types of data. For example,
for the experiments using both MFCC and articulatory data,
the dimension of each frame is 13-dimensional MFCC plus 8-
dimensional movement plus their delta and delta of delta formed
a 63-dimensional vectors that were fed into the DNN. But for
the experiments using only MFCC, the frame dimension is 39.
The output layer has 122 dimensions (39 phones× 3 states each
phone plus 5 states for silence).
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(a) Whispered speech produced by the patient
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(b) Normal speech produced by a healthy talker

Figure 3: Examples of motion path of four articulators TT, TB, UL, and LL of whispered and normal speech for producing “I want to
hurry up”. In this coordinate system, y is vertical and z is anterior-posterior.

3.3. Experimental Setup

In this project, frame rate was 10 ms (equivalent to sampling
rate of articulatory data recording: 100 Hz). Two dimen-
sional (vertical and anterior-posterior) EMA data of four sen-
sors (tongue tip, tongue body back, upper lip, and lower lip)
were used for the experiments. As mentioned previously, for
each frame, all either acoustic features, i.e., MFCCs or articu-
latory movement data plus delta and delta of delta form vec-
tors that were fed into a recognizer. HMM has left-to-right
3-states with a context-independent monophone models. Tri-
phone models were not considered due to the small size of our

Table 1: Experimental setup.

Acoustic Feature
Feature vector MFCC (13-dim. vectors)

+ ∆ + ∆∆ (39 dim.)
Sampling rate 22050 kHz
Windows length 25 ms
Articulatory Feature
(both tongue and lips)
Feature vector articulatory movement vector (8 sensors)

+ ∆ + ∆∆ (24 dim.)
Concatenated Feature
Feature vector MFCC + articulatory movement vector

(21-dim vector) + ∆ + ∆∆ (63 dim.)
Common
Frame rate 10 ms

GMM-HMM topology
Monophone 122 states (39 phones × 3 states, 5 states

for silence), total ≈ 1000 Gaussians
(each state ≈ 8 Gaussians)
3-state left to right HMM

Training method maximum likelihood estimation (MLE)

DNN-HMM topology
Input 9 frames at a time (4 previous plus

current plus 4 succeeding frames)
Input layer dim. 216 (9 × 24 for articulatory)

351 (9 × 39 for acoustic)
567 (concatenated)

Output layer dim. 122 (monophone)
No. of nodes 512 nodes for each hidden layer
Depth 5-depth hidden layers
Training method RBM pre-training, back-propagation

Language model bi-gram phone language model

data set in this work. A bi-gram phone-level language model
was used. The training and decoding were performed using the
Kaldi speech recognition toolkit [35].

Phone error rate (PER) was used as a whispered speech
recognition performance measure, which is the summation of
deletion, insertion, and substitution phone errors divided by the
number of all phones. For each of two recognizers, whispered
speech recognition experiments were conducted using different
combinations of features, including MFCC only, MFCC con-
catenated with lip motion data, MFCC with tongue data, and
MFCC with both of lip and tongue data.

Three-fold cross validation was used in the experiments.
The average performance of the executions was calculated as
the overall performance.

4. Results & Discussion
Figure 4 shows the average PERs of speaker-dependent whis-
pered speech recognition for the patient. The baseline results
(67.2% for GMM-HMM and 66.1% for DNN-HMM) were ob-
tained using only acoustic (MFCC) features.

The PERs were reduced by adding either tongue motion
data (63.6% for GMM-HMM and 63.3% for DNN-HMM) or
lip motion data (65.6% for GMM-HMM and 65.6% for DNN-
HMM) to MFCC features although the PERs of independent lip
motion data or tongue motion data are higher than that obtained
with MFCC features only. Particularly, using tongue motion
data was more effective than with lip motion data, producing
better phone recognition performance. This result is consis-
tent with our previous speech recognition tasks with articula-
tory data [24], because tongue motion contains more informa-
tion than lip motion during speech production [25].

The best performance was achieved when both lip and
tongue data were applied with acoustic data, 63.0% for GMM-
HMM and 62.1% for DNN-HMM. These results indicate that
MFCC, lip motion data, and tongue motion data have comple-
mentary information in distinguishing phones.

A two-tailed t-test was performed to measure if there were
statistical significance between the performances of the config-
uration with MFCC only and other configurations. As indicated
in Figure 4, most data configurations of MFCC+articulatory
features showed a statistical significance with the MFCC con-
figuration. The results suggested that adding tongue data or
both lip and tongue data to MFCC features significantly im-

83



Figure 4: Phone error rates of whispered speech recognition obtained in the experiments using monophone GMM-HMM and DNN-
HMM with various types of data (MFCC, Lip, Tongue, Lip+Tongue, MFCC+Lip, MFCC+Tongue, and MFCC+Lip+Tongue). Statis-
tical significances between the results obtained using MFCC and other data types on each ASR model are marked: * p <0.05, **
p <0.01, *** p <0.001.

proved the performance. Adding lip movement data, however,
did not show a significance, although a slight improvement was
observed. The observation may be because of the small data
size. A further study with a data set of larger size is needed to
verify these findings.

To understand the contribution by adding articulatory
movement data in whispered speech recognition, we also tested
the recognition performance from articulatory data only (i.e.,
without using acoustic features, or silent speech recognition).
Figure 4 gives the silent speech recognition results of using
GMM-HMM and DNN-HMM, respectively. For both GMM-
HMM and DNN-HMM, the least performances were obtained
when using lip data only; the best performances were obtained
when using both tongue and lip data. The results on individual
articulatory data configurations (lip, tongue, lip + tongue) were
positively correlated by the contribution of adding the data. In

Table 2: Numbers of deletion, insertion, and substitution errors
in the experiment of whispered speech recognition with articu-
latory data.

Model Feature Del Ins Sub

GMM

MFCC 723 78 740
MFCC+Lip 640 110 752
MFCC+Tongue 657 109 691
MFCC+Lip+Tongue 652 117 674

DNN

MFCC 696 71 752
MFCC+Lip 782 62 656
MFCC+Tongue 761 59 632
MFCC+Lip+Tongue 783 56 610

other words, using tongue data only obtained a better recog-
nition performance than using lip data only, which explained
why adding tongue information better improved the whispered
speech recognition than adding lip information. These find-
ings are consistent with our previous work for silent speech
recognition using data from combinations of articulators (sen-
sors) [24,25]. Using only articulatory data always obtained less
performance than using acoustic data only, which is also con-
sistent with our prior finding [24].

In addition, Table 2 gives a summary of deletion, insertion,
and substitution in the phone recognition errors in these exper-
iments. Table 2 provides more details that different articula-
tory data decrease the PER in different ways. For GMM-HMM,
adding lip data would decrease the number of deletion by 83
but increased the numbers of insertion and substitution. How-
ever, adding tongue data decreased the number of substitution
and deletion, but increased the number of insertion. For DNN-
HMM, adding either tongue or lip data would considerably de-
crease insertion and substitution errors, although it increased
deletion errors. As discussed earlier, we think adding articula-
tory motion data will help the recognizer to find the boundaries
between phones. However, how tongue or lips affect the num-
ber of deletion, insertion, and substitution needs to be verified
with a larger data set.

DNN typically outperformed GMM in ASR using acous-
tic data only [30] or using both acoustic and articulatory data
[17, 33]. In this work, DNN performance was slightly better
than that of GMM as well. Although our data set is small
and DNN typically requires a larger data set, DNN still can
model the complex structure of whispered speech in this project.
This result indicates that DNN will be promising for whispered
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speech recognition with articulatory data for a larger, multiple-
speaker data set.

In summary, the experimental results demonstrated the ef-
fectiveness of applying articulatory movement data to whis-
pered (hoarse) speech recognition. In addition, the results in-
dicated that adding tongue motion data will improve the perfor-
mance more than that by adding lip motion data in whispered
speech recognition. The best performance was obtained when
both tongue and lip motion data were used.

Limitation. Although the results are promising, the
method (adding articulatory data on top of acoustic data) has
been evaluated with only one subject (patient) with whispered
speech. A further study with a multiple-speaker data set is
needed to verify these findings.

5. Conclusions & Future Work
The effectiveness of articulatory (tongue and lips) movement
data in whispered speech recognition has been tested with a
data set that was collected from an individual with a surgically
reconstructed larynx. The experimental results suggested that
adding articulatory movement data decreased the PER of whis-
pered speech recognition for widely used ASR models: GMM-
HMM and DNN-HMM. The best performance was obtained
when acoustic, tongue, and lip movement data were used to-
gether.

Future work includes verifying the findings using a larger
data set and using other latest ASR models such as deep recur-
rent neural networks [36].
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