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Abstract—Sign language is expressed by movements of the
hands and facial expressions, which is mainly used by the deaf
community. Although some gesture recognition methods are put
forward, they possess different defects and are not applicable
to deal with the sign language recognition (SLR) problem. In
this article, we propose an end-to-end American SLR system
with built-in speakers and microphones in smartphones, which
enables SLR at both word level and sentence level. The high-level
idea is to use the inaudible acoustic signal to estimate channel
information and capture the sign language in real time. We use
channel impulse response to represent each sign language gesture,
which can realize finger-level recognition. We also pay attention
to conversion movements between two words and treat them as
an additional label when training the sentence-level classification
model. We implement a prototype system and run a series of
experiments that demonstrate the promising performance of our
system. Experimental results show that our approach can achieve
an accuracy of 97.2% at word-level recognition and word error
rate of 0.9% at sentence-level recognition, respectively.

Index Terms—Acoustic sensing, American sign language
(ASL), mobile computing.

I. INTRODUCTION

HEARING loss is the third most prevalent chronic health
condition in the U.S. Approximately 15% of American

adults (37.5 million) report some trouble hearing [1]. Sign
language is invented to facilitate communication between the
deaf/mute people, and American sign language (ASL) is a lan-
guage of the deaf community in the U.S. and most of Canada,
which is a primary language used by people who are deaf
or hard of hearing [2]. However, people with normal hearing
normally do not learn sign language. There exists a huge gap
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between the deaf community and people with normal hearing.
Therefore, it is essential to build a system that can help sign
language users to be understood anytime and anywhere.

In recent years, researchers propose various novel
approaches to deal with this problem. There are some ASL
recognition (ASLR) systems using Kinect or Leap Motion-
based visual methods [3], [4], [5], [6], [7], [8]. Lang et al. [5]
presented an open-source framework based on Hidden Markov
models (HMMs) for general gesture recognition using Kinect.
Chong and Lee [9] developed an ASLR system using a sup-
port vector machine (SVM) and a deep neural network (DNN)
based on a new digital sensor called Leap Motion, but they are
all sensitive to the locations of sensors. With the improvements
in wearable devices, some systems utilize smartwatches to rec-
ognize sign language [10], [11]. For instance, Signspeaker [10]
uses a long short-term memory (LSTM) for sentence-level
pattern recognition based on accelerometers and gyroscopes
in smartwatches. But these systems need users to wear addi-
tional devices and can not cope with nonmanual markers (e.g.,
head tilting and shoulder raising) and two-handed signs well.
Recently, Wi-Fi and acoustic signals are used for sign lan-
guage recognition (SLR) [12], [13], but they both have some
limitations. SignFi [12] recognizes 276 sign gestures using
channel state information (CSI) measured by Wi-Fi packets
and a convolutional neural network (CNN) as the classification
algorithm. SonicASL [13] leverages the recurrent convolu-
tional networks to recognize subtle pattern changes from the
reflected sonic wave. However, Wi-Fi sensing can not be used
for outdoor scenes. SonicASL adds an outward-facing speaker
next to the microphones of noise canceling headphones addi-
tionally, which means the devices are not pervasive enough.
And the system relies on the Doppler Effect in received sig-
nals reflected by sign gestures, which causes low resolution
and limits the performance for finger-level sign gestures.

Motivated by the above limitations, we ask a question:
can we overcome these limitations and design a more ubiq-
uitous, low cost, and accurate ASLR system? Nowadays,
smartphones become more and more powerful with built-in
sensors, such as cameras, accelerators, and gyroscopes, which
greatly improve the sensing ability. Among numerous sens-
ing methods, acoustic sensing makes tremendous progress in
gesture recognition [14], [15], [16], [17], [18]. In this article,
we design a novel end-to-end ASLR system named HearASL
which can run on a smartphone with a built-in speaker and
microphone. We use a speaker to emit an inaudible acoustic
signal and simultaneously use the microphone to receive the
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Fig. 1. Possible scenarios where HearASL can be applied. HearASL can
be embeded in a translator software, clicking the button to translate sign
language. It can also be used for sign language learning software, people
emulate standard sign language word, and get feedbacks if correct of not.

signal reflected by sign language gestures. Besides being a
translator to help hearing people understand sign language,
such a system can also empower sign language learning. Fig. 1
shows two possible applications of this system. However, sev-
eral unique challenges need to be addressed when developing
such a system.

1) Different from hand gesture recognition for human-
computer interaction, ASL is more complicated because
it involves in many similar arms, hands, and especially
finger movements. It is hard to distinguish these sign
language words.

2) Considering that our system may be used in the out-
doors, there is a lot of interference when we extract
the features of sign language, including environmental
noises and different multipath situations. The features
are the combinations of all signals reflected from both
static and dynamic objects within the sensing range, we
need to focus on the reflected signal from sign language
gestures.

3) It is tough to realize sentence-level SLR since there are
some extra actions between two words. For example, if
a person wants to express a sentence like “go home,”
the sign for “go” is performed in front of the chest, and
the sign for “home” is performed by tapping the cheek,
there exists a conversion movement from the chest to
cheek.

In the design of HearASL, we take several effective mea-
sures to resolve the above challenges. First, to distinguish
the subtle difference between sign language, we extract chan-
nel impulse response (CIR) as the features of sign language,
which contains fine-grained movement information, including
arm, hand, and finger movements. Then, we analyze the com-
ponents of CIR magnitudes to eliminate the inference from
static objects. Specifically, we use a 1-order difference opera-
tion to focus on the channel information of sign language, and
also employ a Hampel filter to further purify the CIR image.
In this way, the CIR images only contain the component

of sign language for further recognition. Third, we analyze
the conversion movements between two words and take them
as an additional label when training the sign language clas-
sification model. Specifically, we add a gate recurrent unit
(GRU) after a CNN to further extract sequence features. We
also take advantage of the connectionist temporal classifica-
tion (CTC) loss function to avoid manual alignment during
training sentence-level recognition model.

The prototype of HearASL is built using an iPhone 12
Pro with built-in microphones and speakers. To evaluate the
performance of HearASL, we recruit 20 volunteers (9 males
and 11 females) to do selected ASL several times. The experi-
ments involve 50 words and 30 sentences in ASL. Finally, we
collect 20 000 signs in words and 12 000 signs in sentences.
Results demonstrate that HearASL can accurately identify
ASL words and sentences in various environments.

In a nutshell, our contributions are summarized as follows.
1) We propose an SLR system at both word level and sen-

tence level based on microphones and speakers in the
smartphones. To the best of our knowledge, HearASL is
the first smartphone-based SLR system using acoustic
sensing.

2) We extract fine-grained CIR measurements to recognize
finger-level sign language and design effective methods
to eliminate the inference from both static and dynamic
objects.

3) We address the challenge of the conversion movements
between two words by treating them as an additional
label and put forward an appropriate deep learning
model to realize both word-level and sentence-level
SLR.

4) We conduct comprehensive experiments to evaluate our
design in various real-world scenarios. Our system
achieves a promising performance with 97.2% accuracy
for 50 sign language words and a word error rate (WER)
of 0.9% for 30 sentences on average.

Outline: The remainder of this article is organized as fol-
lows. In Section II, we give an overview of HearASL. In
Section III, we give the preliminaries of the CIR measure-
ment. Following that, we give details of system design in
Sections IV–VI. We describe the implementation, experi-
ments, and display performance evaluation in Section VII. In
Sections VIII and IX, we discuss related works and future
works. In Section X, we make the conclusion of this article.

II. SYSTEM OVERVIEW

HearASL consists of three modules: 1) Data Collection;
2) CIR Enhancement; and 3) SLR, as shown in Fig. 2.

In Data Collection, users can just press a button and let
their smartphones face the sign language users when recog-
nizing ASL gestures. We aim to estimate the CIR through
a single-carrier communication channel. First, the transmitter
which is a speaker of the smartphone in our system emits
an inaudible acoustic signal modulated by the Barker code
with the frequency of 18–22 kHz. The microphone records
the received signal with the sampling rate of 48 kHz, then the
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Fig. 2. Workflow of HearASL.

least square (LS) method is conducted to do channel estima-
tion based on our training sequence code (TSC). After that,
we get the raw CIR magnitudes.

In CIR Enhancement, CIR magnitudes are converted to an
image, and then HearASL utilizes a series of methods to
enhance the CIR image, including difference calculation of
CIR and a Hampel filter. The difference operation can retain
the dynamic components of measured CIR, eliminate the infer-
ence of multipath reflected by static objects, and the Hampel
filter can filter out the outliers that are caused by other dynamic
components besides sign gestures. Then, in order to increase
the robustness, several data augmentation techniques are per-
formed to handle user diversity, including time adjustment,
distance adjustment, and speed adjustment.

In SLR, we design two deep learning modules for word-
level and sentence-level sign language, respectively. We adopt
a CNN-based architecture with an attention module, which
focuses on the main component of CIR images and recognizes
word-level sign language. And the sentence-level CIR images
go through a series of GRU units and CTC loss function after
CNN, which performs sentence-level SLR. In Sections IV
to VI, we will introduce the technical details of the above
three modules.

III. PRELIMINARY

In this section, we give the limitations of the Doppler
shift to recognize ASL gestures first and introduce the CIR
measurement in our system.

A. Limitations of Doppler Shift

Existed acoustic sensing-based ASLR system detects the
finger/hand movements by Doppler shift [13]. In order to
extract the Doppler shift, a short-time Fourier transform
(STFT) is usually performed to calculate a spectrogram of the
reflected signal which can reflect the time-frequency relation.
However, the resolution of STFT is limited by fundamental
constraints such as segmented frame length and an overlap
length. We can calculate the minimal frequency resolution of
STFT: �f = (Fs/W), where Fs is the sampling rate which is
48 kHz and W means the STFT window length which is 8192.

Then, we can further get the minimal speed resolution

�v = Fs · c

W · Fc
(1)

where Fc is the center frequency which is set to be 20 kHz.
Therefore, the speed resolution is about 10 cm/s in this case.
It means that users have to express sign language at a higher
speed than that. Note that there is no speed requirement for
ASL, it is possible to do sign language at a low speed about
5 cm/s which may not be detected. The speed limitations can
deeply decrease the user experience. Therefore, we investigate
CIR measurement and find that the resolution of speed and
frequency can satisfy the need of recognizing ASL.

B. CIR Measurement

When the transmitter and receiver keep stationary in our
system, the attenuations and propagation delays do not depend
on time. Therefore, our system can be treated as a linear
time-invariant (LTI) system. Suppose the channel between the
transmitter and the receiver has several paths M and amplitude
of the received signal ai, we have the usual LTI channel with
an impulse response

h[n] =
M∑

i=1

aie
−j2π f ′τi sinc(n − τiW) (2)

where sinc(t) = ([sin(π t)]/π t). τi and f ′ are propagation
delay of each path and frequency of reflected signal, respec-
tively. n denotes nth channel tap of CIR, which reflects length
information of prorogation path and corresponding reflected
signal strength. We aim to estimate these channel taps during
hand/finger movements in front of the smartphones.

Usually CIR is measured based on a known TSC, we can
utilize the TSC and the corresponding received signal after
processing for estimating CIR. There are two main approaches
of channel estimation, i.e., the LS and the linear minimum
mean squared error (LMMSE) method. We choose the LS
method for reducing time complexity.

IV. DATA COLLECTION

In this section, we mainly introduce the procedure of chan-
nel estimation, including the design of transmission signals
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Fig. 3. Transmitter design.

Fig. 4. Receiver design.

and signal reception. We also give the details of calculating
CIR magnitudes of each sign language gesture.

Transmitter Design: A transmitter sends a known TSC
for channel estimation, which is denoted by m = [m0
m1 . . . mP+L−1], where P + L − 1 is the length of TSC,
P is the length of the data section and L is the length of
the guard period. L determines how many channel taps we
can estimate which are related to the sensing distance. We
choose 13-bit Barker Code to generate the TSC, which is a
finite sequence of digital values with the ideal autocorrelation
property. It is usually used for pulse compression of radar
signals [19]. To achieve enough length and avoid frequency
leakage, we increase the length of TSC by copying it twice
and up-interpolate the sequence by 12 times. The whole length
of the final TSC is 480, which means we can get 100 columns
of CIR every second as the sampling rate of the received sig-
nal is 48 kHz. The length of the data section is set to be 350,
and the remaining 130 samples are empty sections to avoid
intersymbol interference (ISI). Fig. 3 depicts the process of
signal transmission and passband conversion. At the transmit-
ter end, let S[n] denote the final TSC and fc denotes the center
frequency of the passband, then we multiply

√
2 cos(2π fct) to

up-convert the signal to the passband. To further remove the
noises outside the ultrasonic band (i.e., 18–22 kHz), we per-
form band-pass filtering of [fc − (B/2), fc + (B/2)]Hz on the
passband signals, and B is set to be 4 kHz which represents
the channel bandwidth. Then, the generated passband acoustic
signal is normalized and saved as a format of 16-bit pulse
coded modulation (PCM) in a waveform audio (WAV) file,
which can be played on any smartphone through a speaker.

Receiver Design: The microphone records signal reflected
by sign gestures. Fig. 4 depicts the process of signal reception
and baseband conversion. At the receiver end, the received sig-
nal first go through a band-pass filtering from 18 to 22 kHz
to remove environmental noises. Then a down-conversion pro-
cess is performed to convert passband signal y(t) to baseband
signal R[n]. Specifically, y(t) is multiplied by

√
2 cos(2π fct)

and −√
2 sin(2π fct) to acquire real and imaginary parts of

the baseband signal, respectively. Finally, we normalize the

complex baseband signals to the range of −1 to 1 to reduce
calculation costs.

Now we have the received baseband signals and the known
TSC. To calculate h[n], we use LS estimation which only
involves matrix calculation to reduce the time complexity [20].
In LS channel estimation, the received signal y can be
expressed as follows:

y = M ∗ h (3)

where the complex CIR h of the received signal is expressed
as follows:

h = [h0 h1 . . . hL]T . (4)

A circulant training matrix M is formed as follows:

M =

⎡

⎢⎢⎢⎣

mL · · · m1 m0
mL+1 · · · m2 m1

...
. . .

...
...

mL+P−1 · · · mP mP−1

⎤

⎥⎥⎥⎦. (5)

We have the received baseband signal y = {y1, y2, . . . , yL+P},
the channel is estimated as follows:

ĥLS = (
MHM

)−1
MHyL (6)

where yL = {yL+1, yL+2, . . . , yL+P}. The sound speed c is
340 m/s and L is the maximum CIR channel taps, thus maxi-
mum sensing distance is d = (L/fs ∗ 2) ∗ c in our system. We
set L to be 150 which corresponds to the sensing distance of
0.5 m. In this way, we can get a [150 × 100] CIR complex
matrix every second.

V. CIR ENHANCEMENT

In this section, we introduce the methods of the denoising
process. After data collection we get the CIR magnitudes of
the sign language gestures. We perform a 1-order difference
operation on CIR magnitudes to eliminate the inference of
static component. And, we convert CIR magnitudes to images
and utilize the Hampel filter to purify the whole image for
classification. After that, we introduce three data augmentation
methods used in the system, which can increase the system
robustness and accuracy greatly.

A. Denoising

Note that the collected CIR matrix not only contain signals
reflected by sign gestures, but also other multipath information
which can interfere our recognition accuracy as shown in
Fig. 5(a). According to [21], CIR measurement can be clas-
sified into static component and dynamic component. The
static component consists of the direct transimission from the
speaker to the microphone and the static background reflection
from the environment, which is unnecessary for the recog-
nition. The dynamic component consists of the user’s sign
gestures in front of the microphone or other movements such
as a pedestrian walking by the signer. To cancel the influence
of the static component and make the sign language gesture
highlighted in the image, we calculate the 1-order CIR dif-
ference between two consecutive complex samples at time t
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Fig. 5. Procedure of CIR enhancement. (a) CIR image of church. (b) CIR image of church after differential operation. (c) CIR image of church after hampel
filter.

and t − 1. Take the sign “church” as an example, the pro-
cessed result after calculating the CIR difference is shown in
Fig. 5(b). The x-axis denotes time, while y-axis denotes CIR
channel taps, and the brightness represents the CIR magni-
tude. We can see that the dynamic component is extracted,
and we can only focus on moving objects to recognize each
sign language gesture.

After the difference operation, we find that the CIR image
still has some noise, which may be caused by other dynamic
components besides sign gestures. Thus, the CIR image is pro-
cessed by a Hampel filter to further clarify the whole image.
The function of the Hampel filter is to identify and replace
outliers in a given series. Because the CIR image is a matrix,
the filter treats each column of the matrix as an independent
channel. And, every value of a channel is treated as a sample.
For every sample in the CIR image, the filter first calculates
the median of the sample and the surrounding six samples,
then uses the absolute value of the median to estimate the
standard deviation of the median for each sample. Finally, it
uses a sliding window to go over every channel. A sample
is replaced with the median of the window if it differs from
the median by more than three times of standard deviations.
Through the Hampel filter, the outliers which are other dynam-
ics components in the whole image are eliminated and the
main brightness area is more highlighted as shown in Fig. 5(c).

B. Data Augmentation

Before we train the deep learning model using processed
CIR images, we also employ some data augmentation tech-
niques to increase the amounts of training data. The deep
learning network is a data-driven method, which requires a
huge amount of training data to achieve high accuracy and high
robustness. Moreover, we aim to recognize 50 kinds of sign
language words, which is tough for us to collect a large num-
ber of gesture samples for every sign language. In our system,
we take into account the fact that people express sign lan-
guage in different times and distances, even in various speeds.
By emulating these cases, we can also get over the problem
of user diversity to make our system more robust.

Different Time: There has an activation operation in our
system, that is the user clicks the button to start transla-
tion, then clicks again to stop. Therefore, the whole sensing
period is called detection time. We assume that users express
sign language at different times during detection time. So, we

Fig. 6. CIR magnitude in different distances to the receiver. (a) Push and
pull at 20 to 30 cm. (b) Push and pull at 10 to 20 cm.

manually shift the brightness area along the time axis within
detection time.

Different Distance: According to (2), CIR magnitudes are
related to propagation delay, which can show different dis-
tances by channel taps (a larger channel tap index corresponds
to a further distance to the receiver). In order to make the
impact of distance more obvious, we perform a push-pull ges-
ture from 20 to 30 cm, and then 10 to 20 cm in front of
the receiver. We can find that the brightness area is near the
top of image when the distance is far as shown in Fig. 6(a).
Otherwise, it is close to the bottom as shown in Fig. 6(b).
Based on the above observation, we emulate different dis-
tances to the receiver by vertical drifts in tap indexes within
maximum channel taps.

Different Speed: People may have different speeds when
they express sign language. We perform a push-pull gesture
at two different speeds. As shown in Fig. 7(a) and (b), the
brightness area of two CIR images have a similar trend, but
the image in a slower speed changes smoothly as shown in
Fig. 7(a). Thus, we emulate different speeds by horizontally
expanding or contracting an CIR image.

We consider the above three factors that may impact CIR
image and design three strategies to perform data augmen-
tation. Finally, enough images of every sign language are
generated to train the deep learning model.

VI. SIGN LANGUAGE RECOGNITION

In this section, we introduce two deep learning models
against word-level and sentence-level sign language. For the
word-level SLR, we treat this task as an image multiclassifi-
cation problem. Considering that CNN is great at extracting
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Fig. 7. CIR magnitude in different speeds. (a) Push and pull in slower speed.
(b) Push and pull in normal speed.

abstract features, we design a CNN network with an atten-
tion mechanism, which focuses on the brightness area of
each image and enhances the performance of the CNN. For
sentence-level sign language, we get inspiration from opti-
cal character recognition and design a CNN + GRU + CTC
structure.

A. Word-Level Recognition

For word-level sign language, we adopt a CNN model to
automatically classify a CIR image to a specific word. We
observe that extracted CIR image of every sign language is
distinguishable due to the different shapes of the brightness
area. However, the brightness area just occupies a small sec-
tion rather than the whole image. To make the classification
network focus on these areas of the CIR image, we intro-
duce the attention mechanism in computer vision [22]. In
our system, we utilize the convolutional block attention mod-
ule which consists of a channel attention module and spatial
attention module to make important features more weighted
in the training phase [23]. We describe the detailed operation
as follows.

First, we apply 2-D convolutions for feature extraction.
After that we get a [C ∗ H ∗ W] feature map F, where
C is the number of channels, W and H denote width and
height of the resized image after the convolution operation,
respectively. Then, we put it into the attention module. The
module has two sequential submodules: 1) channel atten-
tion and 2) spatial attention. The channel attention module
is used for exploiting the interchannel relationship of fea-
tures. It focuses on the meaningful area in an input image.
It aggregates spatial information of a feature map by using
both average-pooling and max-pooling operations, generat-
ing two descriptors which denote average-pooled features
and max-pooled features, respectively. Both descriptors are
then forwarded to a shared network which is composed of
multilayer perceptron (MLP) with one hidden layer to pro-
duce a 1-D channel attention map Mc ∈ R

C×1×1. The spatial
attention module is used for extracting interspatial relation-
ship of features. It focuses on the location of the informative
part, which is the brightness area in the CIR image. Average-
pooling and max-pooling operations are performed along the
channel axis and concatenated to generate a feature descriptor.
Then, a convolution operation is applied on it to generate a
spatial attention map Ms ∈ R

1×H×Wwhich represents where

to emphasize or suppress. In this way, we get the refined fea-
tures after these two attention modules. The overall attention
process can be summarized as follows:

F′ = Mc(F) ⊗ F

F′′ = Ms
(
F′) ⊗ F′ (7)

where
⊗

denotes element-wise multiplication and F′′ is the
final refined output. Finally, we put F′′ into a dense layer with
softmax activation functions after a flatten layer to generate the
probability prediction of every possible sign language word.

B. Sentence-Level Recognition

1) End-to-End Sign Language Sentence Recognition Model:
For sentence-level SLR, one possible method is to segment
a whole sentence into individual words and recognize them,
respectively. But the recognition accuracy mainly depends on
the accuracy of the segmentation algorithm. And, it is diffi-
cult to segment a sign language sentence into individual words
due to the unpredictable conversion movements between two
words. Based on these observations, we utilize an end-to-end
sequence learning model, which is generally used for optical
character recognition [24]. The whole model consists of three
parts: 1) CNN; 2) GRU; and 3) CTC. Given a sentence-level
sign language CIR sequence X = [x1, x2, . . . , xM] and the
corresponding words Y = [y1, y2, . . . , yM], the aim in end-
to-end sequence learning is to build a deep learning model
to map X to Y . Through the CTC loss function, we do not
need to label the specific location of every word manually.
For instance, for the sentence “I need some help,” we can
only give this training data labels [I, NEED, SOME, HELP]
instead of labeling individual words in the input sequence.
Different from previous work in SLR [13], we take account
of conversion movements between two words, we label these
movements before the training process and delete them in the
final results. The function of these labels is similar to “blank”
(used for labeling nonsign inputs) in CTC. In this way, the
trained deep learning model can also recognize these conver-
sion movements in the inferring process, which realize a more
precise implicit segmentation and recognition accuracy.

The structure of the model is shown in Fig. 8. We use
the aforementioned CNN structure as the front-end to extract
features of the whole image. We first resize the image to
[224 ∗ 50 ∗ 3], which can hold the information of sign lan-
guage sentences. We get a feature map after convolutional
layers. Then, we perform reshape operation for input of GRU.
GRU can further extract sequence features of the image from
several time steps. As a form of the recurrent neural network,
it can achieve the same function and greatly improve train-
ing efficiency compared to the LSTM network. In the training
process, we do not only label complete semantic information
to the input sign language sentence but also need to give the
model basic sign language words that involve in every sentence
as the dictionary. The output of GRU is a posterior probabil-
ity matrix, which presents the probability prediction of every
word in the dictionary at every time step. We design a CTC
layer at the end for avoiding manual alignment of X and Y .
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Fig. 8. Architecture of the sentence-level model.

Given an input sequence X, CTC can give all possible out-
puts. Finally, the network calculates the most possible result
by maximuming posterior probability.

2) Labeling Conversion Movements Between Sign
Language Words: The blank label in CTC is used for
labeling the boundaries of different sign gestures. Therefore,
the CTC loss function can segment sentences automatically
and provide a way to learn without prealignment. However,
there have unpredictable conversion movements between two
words that may affect the training procedure. For example,
the sentence go home consists of two words, which are
preformed by pointing foward using two hands in the neutral
space and taping your face two times, respectively, an extra
movement from neutral space to the human face is also
captured in a CIR image. These extra movements cause
interference for the model. Note that we get a feature map
after CNN, due to the convolutional layer and the maximum
pooling layer are conducted on partial areas of the whole
image, each feature vector extracted from the feature map
corresponds to a receptive field of the original image. As
shown in Fig. 9, every sign language word gets multiple
rectangular areas, which corresponds to the receptive fields of
CNN. And, the conversion movements in the image also get
multiple receptive fields. They interfere the network during
the training process and affect the overall performance in
long sentences specially, because the network treats these
conversion movements as part of normal sign language words.

We investigate 100 kinds of common sign language words
covering the topic of family, places, colors, etc. We find that
these words can be classified into two categories by area, one
is the human’s face A, and the other is the neutral space B
in front of the human’s chest. Therefore, there are four kinds
of conversion situations between two words: 1) A → B;
2) B → A; 3) A → A; and 4) B → B, we focus on the first two
conversion movements that are named as C1, C2 because they
have more impact on the CIR magnitudes. We treat these two
movements as additional labels during the training process.
Specifically, we have the example sentence “Apple, green, you
like eat,” there have two conversion movements in it. We label
it as [APPLE, C1, YOU, LIKE, C2, EAT]. In this way, the

Fig. 9. CNN receptive fields in a CIR image.

Fig. 10. Hardware used in the experiment and UI design.

network can recognize C1, C2 in the inferring phase. We delete
them and get the final results at the end.

VII. IMPLEMENTATION AND EXPERIMENTS

In this section, we first introduce the experimental setup,
including system implementation. Then, we evaluate the
performance of HearASL under different environments, sens-
ing distances, and angles to validate its effectiveness and
robustness.

A. System Implementation

Hardware Configuration: In this experiment, we use iPhone
12 Pro (with IOS 15.0 OS, a A14 CPU, and 6-GB RAM)
to collect data whose sampling rate can reach 48 kHz, and
we implement the CNN and CNN + GRU + CTC network
for training on the PC, which is equipped with an Intel Core
i5-10400F, 16-GB ROM, and an Nvidia GeForce GTX 1660Ti
graphics card.

Software Implementation: Our sensing data collection appli-
cation is implemented in swift for the IOS platform over the
smartphone. The application transmits an inaudible acoustic
signal after pressing the start button, and receives the reflected
echo signals from the microphone and transmits the data to a
remote server. After that, we employ our trained model on the
server and provide a real-time prediction for the IOS mobile
platform. The hardware used in the experiment and the design
of UI are shown in Fig. 10.

B. Sign Language Selection and Collection Procedure

We implement a data collection prototype on iPhone 12
Pro. We use the speaker of the smartphone to play the gen-
erated WAV file in Section IV and simultaneously record the
reflected signal by its microphone. We collect two data sets:
a word-level data set and a sentence-level data set. For word
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TABLE I
SELECTED ASL WORDS (TWO-HANDED WORDS ARE IN BOLD)

TABLE II
SELECTED SENTENCE EXAMPLES

Fig. 11. Experiment setup for data collection.

selection, we refer to a widespread ASL learning website—
Lifeprint [25], and finally select 50 common sign words as
shown in Table I. Users need both hand and arm movements to
represent these words. These words are concluded into six cat-
egories: 1) noun; 2) adjective; 3) verb; 4) pronoun; 5) adverb;
and 6) interjection. Nineteen two-handed sign languages are
also included in them and the others are performed by the
dominant hand. For sentence-level sign language, we use these
selected words to constitute 50 sentences for recognition,
which follow the ASL grammar and have various transition
information caused by conversion movements between two
words. Some examples are shown in Table II. The length of
these sentences is ranged from 2 to 5. We recruit 20 partic-
ipants (9 males and 11 females aging between 23 and 50).
We ask participants to perform 50 sign language words and
30 sentence-level gestures ten times in front of the smartphone
in two separate sessions. The experiment setup of the data
collection is shown in Fig. 11. Specifically, participants are
instructed to perform the gestures for a certain period fol-
lowed by a 1-s audio cue (i.e., 6 s for a word and 20 s for a
sentence). The distance between the hand and the microphone
ranges from 20 to 80 cm. And participants place the bottom of
their smartphones in front of themselves, the angle between the
hand and the smartphone ranges from 0◦ to 60◦. We train two
deep-learning models against word-level and sentence-level
gestures using collected data. Take the word-level training as
an example, we randomly select ten participants as new users.
Thus, [(50 gestures × 10 times × 10 participants) × 2 sessions]
words are used for user-independent evaluation, while the rest
(50 × 10 × 10 × 2) constitute the training set and test set. In

the training stage, we utilize three data augmentation strate-
gies on both word-level and sentence-level data sets with a
rate = 30×, which means that the number of samples increases
30 times compared to the original one. In practice, we shift
the brightness area along the time axis within detection time to
emulate different times. And we also find that the duration of
a sign language gesture is usually from 2 to 4 s, therefore, we
expand and contract the whole image at maximum two times
to emulate different speeds. Considering that users often con-
duct sign language from 20 to 50 cm, which indicates that
CIR index L ranges from 60 to 150. In this case, we verti-
cally shift the CIR image according to the target range. For
every sign language gesture, we emulate different distances,
speeds, and time to increase the data set with a rate = 10×,
respectively. Then, we put three increased data set together to
achieve a rate of 30×.

C. Evaluation Protocol

We evaluate HearASL by two strategies.
1) User-Dependent Test: User-dependent test means that

each user appears in both the training and testing test.
And, the data set also consists of the images generated
by the data augmentation.

2) User-Independent Test: In the user-independent test, we
utilize data from ten participants to train the model and
the rest ten participants to test. And the data set from
them is not trained in our model. We evaluate the ten
participants’ average performance for one-hand gestures
and two-hand gestures. As these ten participants perform
the sign language in different environments, the result
can also validate the capacity of our system to deal with
the environment independent.

At the word-level sign language, we apply intuitive accu-
racy in machine learning as the evaluation metric. At the
sentence-level sign language, we adopt the WER to measure
the accuracy, which is a commonly used evaluation metric for
speech recognition systems [26].

D. Overall Performance

Word-Level Performance: We first evaluate the user-
dependent recognition accuracy for word-level sign gestures.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on June 21,2026 at 12:23:57 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: HearASL: YOUR SMARTPHONE CAN HEAR AMERICAN SIGN LANGUAGE 8847

Fig. 12. Overall performance of HearASL.

Fig. 13. User-dependent accuracy of word-level with different data size.

Fig. 14. User-independent accuracy of word level.

Fig. 12 shows the overall confusion matrix of HearASL for
50 sign language words. The matrix shows that all 50 signs
can be classified correctly with a greater probability of about
95.3%. As the training data set size can affect the recog-
nition result, we evaluate the recognition accuracy by using
20%, 40%, 60%, and 80% of the whole collected samples and
the remaining part is used for the test. The result is shown
in Fig. 13. At the same time, we divide the whole data set
into one-hand and two-hand gestures to evaluate the effect of
two-hand gestures. We can also see that one-hand gestures
and two-hand gestures have similar high recognition accu-
racy which means our system can handle two-hand situations.
When 80% of the collected samples are used for training,
the average accuracy of ten participants is 97.2%. This result
shows that HearASL can precisely recognize individual ASL
words. In a user-independent test, the recognition accuracy
across volunteers is shown in Fig. 14. The average accuracy
is 90.8% on the one-hand gesture data set and 90.6% on the
two-hand gesture data set. We can see that the lowest recogni-
tion accuracy is higher than 85% (the lowest is 86%). We owe
the good generalization of the system to the CIR enhancement
and attention module in our CNN structure, which supports the
diversities of different individuals.

Sentence-Level Performance: We first perform the user-
dependent test on the sentence-level sign language, we adopt

Fig. 15. User-dependent accuracy of sentence level with different data size.

Fig. 16. User-independent accuracy across different volunteers.

Fig. 17. User-independent accuracy of sentence level with different lengths.

a K-fold cross-validation strategy, where K = 10 in our imple-
mentation. It means that K − 1 of the folds are used to train
the model and the remaining part of the data set is used to
evaluate the performance. The average WER is only 0.9%.
And we also evaluate the effect of training data size, the
WER is depicted in Fig. 15. As we utilize GRU after CNN
to further extract features from time-series data in our model,
context information is also captured for sentence recognition.
Thus, HearASL performs well in sentence-level recognition
when we put 60% of data into the training process. In a user-
independent test, the average WER is 3.4%. Fig. 16 shows
the WER across volunteers (the highest is 10.2% and the
lowest is 0.7%). To investigate the influence of the length of
the selected sentence, we access the WER by using different
lengths as the training data which is generated by seven par-
ticipants in the user-independent test. Fig. 17 shows that the
increase in sentence length leads to a decrease in WER. The
WER is 12% when there are just two words in a sentence,
it decreases to 0.2% when there have five words in a sen-
tence since the longer sign language sentence has more context
information.

Parameters Configuration: We evaluate the performance of
different parameters configuration in our model which impacts
the recognition accuracy. Specifically, we test the CNN +
GRU + CTC model on the sentence-level data set by using
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Fig. 18. Accuracy of sentence level with different GRU units.

Fig. 19. Accuracy of sentence level with different GRU layers.

the different numbers of units and layers in GRU, we evalu-
ate the WER of the sentence-level data set. Figs. 18 and 19
indicate that increasing units and layers can decrease WER.
We have 0.8% WER at 128 GRU units and 1.64% WER at
two GRU layers, respectively. However, WER increases when
there have three layers and 256 GRU units, which may be due
to the overfitting problem. Furthermore, more units and layers
mean there has more parameters which increase the training
time and a high memory loss. We train our model with a two-
layer GRU with 64 units to balance the accuracy and the cost,
and the average WER is 0.9% on the test data set.

E. In-the-Wild Evaluation

The evaluation in the wild is essential because our system
for translation may be used outdoors more frequently. We uti-
lize 18–22 kHz signal to capture reflected signal on people’s
sign language, which is far beyond the bandwidth of urban
noises which ranges from 1–4 kHz and human speaking voice
which usually ranges from 0.5–3 kHz [27]. Therefore, our
system is resistant to direct ambient noise and speaking noise
from surrounding people. However, the different multipath
interference generated by different environments may affect
the performance of our system (e.g., the collected CIR images
may be affected by surrounding walking pedestrians due to
the multipath interference).

In order to prove this, we provide the recognition accuracy
in different settings including an apartment with an area of
8 m × 6 m, a corridor in the apartment, a sidewalk with sev-
eral pedestrians, and a noisy restaurant. All four settings have
the demand for sign language translation. We recruit two par-
ticipants to act as an ASL signer and an ASL viewer using the
smartphone to translate. The ASL signer performs 30 selected
sign language sentences of different lengths with a repetition
of 20 times in every setting. The data set from the apartment
is used for training and the other is used for evaluating the

Fig. 20. Accuracy of sentence level with different settings.

Fig. 21. Accuracy of word level with different distances to the receiver.

performance. In a sidewalk setting, the ASL signer and viewer
stand face to face, while one pedestrian walks during the trans-
lating process. The restaurant has more interference than the
sidewalk (noise averaged at 60–80 dB) and more surround-
ing people. The experiment result is shown in Fig. 20, the
performance in four settings has slight differences. The WER
in the noisy restaurant is the highest and reaches 5.6%. And,
it is reasonable that performance in the apartment is the best
because there are less interference and the training samples
are collected in it.

F. Robustness Quantification

In this part, we investigate the robustness of HearASL in
different scenarios including different distances and angles
between the microphone and hands. We also evaluate the
performance of the data augmentation method.

Impact of Sensing Distances: As mentioned in Section V-B,
the CIR images under different distances are different. We
evaluate the performance of HearASL with four distances from
hand to the receiver, including 20, 40, 60, and 80 cm. As
shown in Fig. 21, our system performs well in the distance
of 40 cm in either user-dependent or user-independent tests.
However, when the distance increases to 80 cm, the accuracy
decreases greatly. This is mainly because the sound intensity
decreases due to the increasing distance. Another reason is that
in order to get the CIR image in a larger sensing distance we
need to increase L in (5), which impacts the accuracy of chan-
nel estimation. Considering our application scenarios, 50 cm
between hands and the receiver is acceptable to cover the need
of daily life.

Impact of Angles Between Signs and Smartphones: When
people hold the smartphone to recognize the sign language,
there may have different angles between hands and the
receiver. To investigate the impact of different angles, we
perform the selected ten sign language words within 40 cm
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Fig. 22. Accuracy of word level with different angles.

Fig. 23. Accuracy with different data augmentation strategies.

and change the angle from 0◦ to 60◦. We collect data from
all four kinds of angles, including 0◦, 20◦, 40◦, and 60◦. In
the angle-dependent test, we apply the whole data set of the
ten selected sign language words for training and testing. For
angle-independent experiment, we also utilize any three out
of four angle data sets for training and the remaining one
for testing. The result is depicted in Fig. 22. It shows that
the accuracy is similar in both angle-dependent and angle-
independent test, which is mainly because the CIR images
exhibit similar patterns when we perform the same gesture
from different angles.

Impact of Data Augmentation: In our system, we apply three
data augmentation strategies to increase the data for train-
ing. To validate the performance of single data augmentation
strategy, we vary the data augmentation rate under different
augmentation data set include different time, distances, and
speeds. The result is depicted in Fig. 23. The results show
that the performance improves when increasing the augmen-
tation rate. And, different speeds and distances cause higher
performance since the data covers more variations of the sign
language.

G. System Running Performance

In this part, we evaluate the system delay of HearASL. We
implement a client-server model in our system, the application
in the smartphone is used for collecting audio samples with
built-in smartphones and microphones and displaying the final
recognition results. And all of processes run on the server,
which is used for channel estimation, denoising, and inferring.

Running Time of Each Part: The time consumption of dif-
ferent parts in HearASL is shown in Fig. 24. The average time
of data collection mainly depends on the length of the whole
sentence. A sentence with less than three words usually last
about 5 s. The average time consumption in data collection is
about 165 ms. A sentence with five words usually lasts within

Fig. 24. Time consumption in different sentence lengths.

Fig. 25. Power consumption when running the application.

10 s which needs 190 ms to get a CIR image. The denoising
procedure takes about 39 ms for a CIR image with four or
five words and 19 ms for a CIR image with less than three
words. Finally, all different length of words takes the network
about 42 ms to give a final result. The average running time in
one translation is 248 ms which indicates that HearASL can
recognize ASL in real time.

Energy Consumption: To obtain the energy consumption of
HearASL, we shut down all other applications in the smart-
phone and leave HearASL. At the same time, we monitor
the power consumption of the smartphone which emits the
designed WAV file and records the reflected signal continu-
ously. As shown in Fig. 25, the power level decreases from
100% to 89% after 30 min. Since users can control sensing
time and our system does not run all the time, the power
consumption is acceptable for smartphones.

H. Comparison With Typical Related Works

Table III shows the comparison results between HearASL
and other typical hand gesture systems based on the wireless
signal in terms of signal type, number of sign language words,
number of sign language sentences, gesture type, devices,
portable, recognition algorithm, and recognition accuracy.

The former gesture recognition system RobuCIR [21] uses
acoustic signals to classify self-defined 15 gestures, which
achieves state-of-the-art recognition accuracy of gesture recog-
nition systems. However, the number of gestures is limited and
the system is not aimed for sign language. Meanwhile, the lat-
ter works based on mmWave [28] and WiFi lack portability,
which decreases the user experience deeply. And, they do not
give the solution of sign language sentence recognition. In con-
trast, HearASL can achieve portable SLR at the word level and
sentence level. Among these works, SonicASL [13] also uses
acoustic signals to recognize sign language gestures. However,
the system needs people wearing a pair of earphones that
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TABLE III
COMPARISON WITH OTHER WIRELESS-BASED HAND GESTURE RECOGNITION TECHNOLOGIES

consist of an outward speaker to sense the opposite people’s
sign gestures. Compared with existed sign language systems
via wireless signals, HearASL just needs a smartphone and
achieves higher accuracy.

VIII. RELATED WORKS

We divide the existing SLR into three categories:
1) computer-vision-based; 2) wearable sensor-based; and
3) wireless signal-based.

Computer-Vision-Based SLR: Kuznetsova et al. [29] used a
consumer depth camera and recognize static gestures under
a multilayered random forest model. Huang et al. [30] rec-
ognized continuous sign language by a hierarchical attention
network with latent space, which eliminates the preprocess-
ing of temporal segmentation. There also have some works
using commercial devices, such as Kinect [3], [4], [5], [6]
and Leap Motion [7], [8]. For instance, Zafrulla et al. [6]
proposed a new multimodal system that uses Kinect to recog-
nize ASL. Chong and Lee [9] used the Leap Motion Controller
to extract features from finger and hand motions to differenti-
ate between the static and dynamic gestures. However, these
computer-vision-based SLR systems are prone to be affected
by illumination conditions and exist privacy leakage issues.

Wearable Sensor-Based SLR: Some researchers utilize wear-
able sensors to recognize sign language. Glove-based SLR
systems implement multiple sensors on a glove and cap-
ture the sign language features [31], [32], [33], [34]. Unlike
vision-based systems, it can perform recognition anytime
and anywhere without mounting a camera around users.
Kau et al. [32] proposed a hand gesture recognition glove
for real-time translation of the Twaiwanese sign language.
Seymour and Tšoeu [34] recognized the manual alphabet and
manual numeric digits that have static gestures using an instru-
mented glove. These glove-based systems are not convenient
for use in daily life due to the high cost. There also have
some SLR systems using wearable accelerometers [35] or
smartwatches [11] that cost less than glove-based systems.
Wu et al. [36] proposed a real-time American SLR system by
fusing inertial sensor modalities and the sEMG modality at the
feature level. Hou et al. [10] used smartwatches to recognize
isolated signs and continuous sentence-level sign language.
However, the built-in inertial measurement units (IMUs) can
usually recognize only hand/arm gestures, which is insufficient
for fine-grained finger-level and two-handed signs.

Wireless Signal-Based SLR: Wireless sensing techniques
(e.g., Wi-Fi [12], [37], mmWave [28], and acoustic signal [13],
[14], [18], [21]) are less intrusive and avoid privacy issues

for SLR. However, these systems are not suitable for outdoor
application scenarios besides acoustic sensing-based methods.
Sun et al. [14] realized fine-grained gesture-sensing on the
back of mobile devices by measuring both the structure-borne
and the air-borne signals. Ruan et al. [18] recognized six
hand gestures by decoding the Doppler Shift into the hand-
waving speed and range. Wang et al. [21] proposed a robust
contact-free gesture recognition system based on acoustic sig-
nals transmitted by the smartphone. The most relevant work in
acoustic sensing is [13], which is an ASLR system based on
the acoustic signal. It leverages outward-facing microphones
and speakers added to commodity earphones, which means the
device is not pervasive enough. Moreover, the doppler shift
extracted from sign gestures is associated with speed which
means users should move fast to be detected. Compared to
previous works in SLR, we do not need any dedicated devices
and can recognize finger-level and two-handed gestures well.

IX. DISCUSSION AND FUTURE WORK

Sign Language Set: We recognize 50 sign language words
and 30 sentences totally in our system. To make our system
cover more words, the users of our system can help with
the data collection process. By utilizing unsupervised learn-
ing technologies, the words that are commonly used but not
in our sign language set can be clustered together. The sign
set can be expanded by labeling them manually. In the future,
we will expand our sign language set continuously and facili-
tate sign language learning and communications between deaf
people and people with normal hearing.

Fingerspelling: The fingerspelling alphabet is used in sign
language to spell out names of people and places for which
there is no sign. To solve this problem, Hou et al. [10]
employed word segmentation by a jitter between two alpha-
bets. As most of the alphabet signs are static, the extracted
features are mainly from conversion movements. The features
may be different for the same alphabet sign in various loca-
tions of a word. Based on this limitation, in the future, we
will ask signers to do a start sign gesture such as five fingers
together every time before they do an alphabet sign. In this
way, the features of every alphabet are the same as they both
start from a specific sign. And the start sign gesture does not
add too much burden on the signers because fingerspelling is
not so long most of the time.

Nonmanual Makers Recognition: Nonmanual markers con-
sist of various facial expressions, hand tilting, or mouthing
that we add to “signs” to create or influence meaning [38]. In
recent works, Xie et al. [39] designed an acoustic-based upper
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facial action (UFA) recognition system using smart eyewear.
In the future, we will explore and optimize our algorithms to
recognize these nonmanual markers to build a more complete
ASLR system.

X. CONCLUSION

Motivated by limitations of existing methods for ASL,
we propose a novel end-to-end acoustic-based word-level
and sentence-level ASLR system named HearASL, which
only needs a smartphone to provide sign language transla-
tion anytime and anywhere. HearASL relies on the built-in
speakers and microphones in smartphones to estimate channel
information in different sign gestures. We take the extracted
CIR as a image and put it into a CNN + GRU + CTC structure
to recognize each word and sentence. To evaluate performance
of HearASL, we implement our system on a smartphone.
Results show that our approach enables users to recognize
sign language in a promising recognition accuracy even in the
wild and achieves real-time ability.
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