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Abstract: Silent speech recognition (SSR) is a technology that translates human speech into text without voice
information. Various sensors, such as vision, electromyography, electromagnetic articulatory, and radar sensors, can be
used to build an SSR system. Because the signals of radar sensors are less intuitive, radar-based SSR research is less
common and remains at a basic level compared with work on other sensors. As a basic step in this research area, in this
study, we attempted to determine whether single radar or double radar shows better performance for an SSR system. To
this end, we estimated the word error rate (WER) of each system. The results showed that a double-radar-based SSR
system produced better WER output. This means that the number of radar sensors used in SSR can potentially affect its
performance. Therefore, when we create a radar-based SSR hardware platform, how many radar sensors would be ideal
for its best performance must be considered.
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1. INTRODUCTION
Silent speech recognition (SSR) is one means of
communication in which human speech is communicated
without voice cues [1, 2]. In place of the speaker’s voice,
articulatory movements (e.g., lip or tongue movement)
can be utilized to recognize what the speaker has
communicated. SSR is expected to supplement automatic
speech recognition (ASR). For instance, in a noisy
environment where the ASR tool cannot perform
normally, an SSR device can provide additional speech
information to the ASR system. Moreover, speakers who
have lost their voice could utilize an SSR device to
deliver whatever they would like to express.
SSR is an important research topic in terms of its
potential to provide devices that could function as new
sources of input. Recently, to improve vehicle safety and
convenience, a myriad of studies have been carried out
utilizing vision [3, 4], ultra-sonics [5], radar [6-10], and
GPS sensors [11-13]. Specifically, an SSR device could
enhance a car driver’s convenience by recognizing the
driver’s speech or lip gestures. Furthermore, research for
handicapped people is being implemented using a variety
of tools. For example, haptic devices mounted on robots
can guide the blind by giving them haptic feedback
information about following their path [14-18]. SSR
devices could also be helpful as a communication tool for
people who have difficulty using their voice.
To read articulatory movement, various types of
sensors can be utilized. These include vision [19],
electromyography (EMG) [20, 21], electromagnetic
articulatory (EMA) [22, 23], and radar [24, 25] sensors.
Radar sensors, in particular, have advantages over the
other sensors because they are non-invasive and
contactless. Moreover, if we use impulse radio ultra-wide
band (IR-UWB) radar, its pulse can penetrate human skin
so that tongue motion is expected to be detected.
However, so far, there have been only basic studies that

utilize radar sensors for SSR. For example, in [25], the
authors classified 10 numbers, from one to ten, and
confirmed the potential usefulness of a single radar
sensor for SSR.
To develop the concept further and make a complete
radar-based SSR system, we need to consider the use of
multiple radar sensors. In this study, as a first step, we
compared the performance of single-radar-based and
double-radar-based SSR systems based on estimation of
the word error rate (WER). This paper is organized as
follows. Section 2 describes how the data used in this
paper was collected. Section 3 explains the way we
designed the learning model, and Section 4 presents the
results. Section 5 discusses ways to improve the radarbased SSR system and Section 6 summarizes the
conclusions.

2. DATA PREPARATION
2.1 Experimental environment
In this study, we arranged two IR-UWB radar sensors.
As seen in Fig. 1 (a) and (b), each radar sensor has one
transmitting antenna and one receiving antenna, both of
which were aligned vertically. The lips of the participant
were about 20 cm distant from the center of the double
radar set. The participant was ordered to remain
unmoving except for the lips in order to eliminate other
variables that might affect the recognition results.

(a)

In this study, all learning and tests were implemented
using the hidden Markov toolkit (HTK) [26]. We
produced three types of SSR systems using Gaussian
mixture model-hidden Markov model (GMM-HMM), of
which two were based on a single radar method and the
other one is based on a double radar method. This does
not mean that we collected data separately for each
system, instead we recorded data once based on a double
radar and used the data selectively. Specifically, as
shown in Fig. 2, to learn a GMM-HMM model, two
single radar systems each utilized a single frame from
each radar and the double radar system utilized both
frames from the two single radars. In other words,
because one frame has 256 range cells, a single radar
system has a 256-feature vector size and a double radar
system has a 512-feature vector size.

(b)

Fig. 1 Arrangement of the four antennas of two radars:
(a) Front view; (b) Rear view. TX and RX indicate
transmitter and receiver components, respectively.
2.2 Data constitution
In this study, all learning data and test data were from
English phrases. In the learning data, the number of
unique phrases, words, and phonemes was 87, 215, and
39, respectively. Most phrases in the learning data were
extracted from [23], and the others were produced by us
to make all phonemes appear at least 10 times in each set
of phrases. The test data comprised 50 phrases, which
came from telephone expressions. Moreover, all the
phrases were constituted of 16 unique words and 23
unique phonemes.
One healthy, 25-year-old male speaker, whose native
language is Korean but who received at least 15 years of
English education, participated in the data collection. The
participant recorded 10 sets of phrases to use as learning
data and 15 sets of phrases to use as test data.

3. METHOD
The IR-UWB radar used in this study transmits and
receives a pulse. The pulses received are averaged so that
they constitute one frame with 256 range cells. In this
study, the rate in frames per second (FPS) of the radar
hardware was about 220, but was not fixed. Therefore,
we fixed the FPS to 250 exactly, by interpolating the
values of the range cells frame-by-frame using the
piecewise cubic Hermite interpolating polynomial
(PCHIP) method. Finally, in order to eliminate the scale
difference between each radar, we normalized the range
cell values to fall within the range −50 to +50. Except for
interpolation and normalization, we did not apply any
other pre-processing method to the radar data.

Fig. 2 Feature sets of single radars and double radar to
implement GMM-HMM

4. RESULTS
Each GMM-HMM-based SSR system produced the
expected words according to the test data. Table 1 shows
the recognition results for the test data from each radar
SSR system. In Table 1, “H is the number of correct
labels, D is the number of deletions, S is the number of
substitutions, I is the number of insertions, and N is the
total number of labels in the transcription files” [26]. In
this quote, “labels” corresponds to words. Table 2 shows
the word accuracy (WAcc) and WER of each radar SSR
system derived using Eqs. (1) and (2) [27, 28].
WAcc
WER

100
100

(1)
(2)

A higher WAcc or a lower WER means that the
estimated recognition results reflect the actual
participant’s mouth movement better. As shown in Table
2, the double radar system provides better performance
than do the two single radar systems, in terms of both of
WAcc and WER. These results indicate that increasing
the number of radar sensors adequately could potentially
improve the performance of a radar-based SSR system

Table 1 Results of each radar SSR system.
H

D

S

I
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N

Single
389
751
1152
188
2292
radar1
Single
319
1078
895
7
2292
radar2
Double
399
1055
838
54
2292
radar
Note: “H is the number of correct labels, D is the number
of deletions, S is the number of substitutions, I is the
number of insertions, and N is the total number of labels
in the transcription files” [26].
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Table 2 WAcc and WER of each radar SSR system.
WAcc
WER
Single radar1
8.77 %
83.03 %
Single radar2
13.61 %
87.08 %
Double radar
15.05 %
82.59 %
Note: WAcc and WER stand for word accuracy and word
error rate, respectively.

5. DISCUSSION
The WER of the radar-based SSR system could be
improved in three ways. First, we could modify the
features of the radar data. In this paper, except for
interpolation and normalization, there was no other preprocessing step. Therefore, if a feature that better reflects
the property of articulatory movement is developed, a
lower WER could be achieved. Second, instead of using
GMM-HMM, the use of a deep learning-based model,
such as a deep neural network (DNN) or long short-term
memory (LSTM), could lead to better results. Actually,
as seen in [23], an LSTM model performed better than
GMM-HMM in an EMA-sensor based SSR system.
Third, as we confirmed in this paper, we could increase
the number of radar sensors in the SSR system. However,
there is no guarantee that more sensors would equal
better results. Therefore, it will be important to figure out
the optimal number of radar sensors for the SSR system.

6. CONCLUSIONS
Effective SSR has widespread applicability.
According to circumstances, it could assist or replace
existing ASR devices. Moreover, the SSR device could
become a communication tool for voice-impaired people.
In this study, we utilized radar sensors for SSR
technology. To manufacture a radar-based hardware
platform for SSR, we need to decide how many radar
sensors to use to detect a speaker’s articulatory
movements. In this paper, on the basis of WER, we
showed that double radar performs better than single
radar in SSR. It shows that more radar sensors can result
better performance, potentially.
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