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Abstract—The past decade has seen great advancements in
speech recognition for control of interactive devices, personal assis-
tants, and computer interfaces. However, deaf and hard-of-hearing
(HoH) individuals, whose primary mode of communication is sign
language, cannot use voice-controlled interfaces. Although there
has been significant work in video-based sign language recognition,
video is not effective in the dark and has raised privacy concerns
in the deaf community when used in the context of human ambient
intelligence. RF sensors have been recently proposed as a new
modality that can be effective under the circumstances where video
is not. This article considers the problem of recognizing a trigger
sign (wake word) in the context of daily living, where gross motor
activities are interwoven with signing sequences. The proposed
approach exploits multiple RF data domain representations (time-
frequency, range-Doppler, and range-angle) for sequential classifi-
cation of mixed motion data streams. The recognition accuracy of
signs with varying kinematic properties is compared and used to
make recommendations on appropriate trigger sign selection for
RF-sensor-based user interfaces. The proposed approach achieves
a trigger sign detection rate of 98.9% and a classification accuracy
of 92% for 15 ASL words and three gross motor activities.

Index Terms—American sign language (ASL), gesture
recognition, human-computer interaction, sign language, trigger
detection, wake word.

I. INTRODUCTION

THE past decade has seen great advancements in sensing
for ambient intelligence, including speech recognition for

control of interactive devices, personal assistants, and human–
computer interfaces. However, deaf and hard-of-hearing (HoH)
individuals, whose primary mode of communication is sign
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language, cannot benefit from voice-controlled interfaces. Re-
search in recognition of American sign language (ASL) has
focused primarily on wearable sensors [1]–[3], optical cam-
eras [3]–[5], and infrared depth sensors [6], [7]. Wearables,
such as “signing” gloves embedded with inertial measurement
units (IMUs), or surface elecromyography (sEMG) sensors have
yielded relatively higher recognition accuracy, but inhibit natural
motion, and are thus not highly preferred by members of the deaf
community [8].

Video cameras are perhaps the most often used device by
deaf/HoH individuals for interpersonal communications. RGB-
D cameras, which add depth measurements to video recordings
for the purposes of skeleton tracking, such as Kinect or leap
motion sensors, have improved recognition accuracy relative to
video-only approaches. However, RGB-D cameras are ineffec-
tive under low illumination and may invade privacy through the
acquisition of personal imagery of the face and environment.

RF sensors have been recently proposed [9]–[12] as a new
modality for ASL recognition that has the capability of measurn-
ing human kinematics through fine range, angle, and velocity
measurements. RF sensors are also effective in the dark and do
not make any visual recordings of the people or environment. RF
sensors, also known as radar, which is short for radio detection
and ranging, acquire independent measurements of distance,
velocity, and angle. Using a technique known as stretch pro-
cessing [13], the frequency difference between the transmitted
and received frequency modulated continuous wave (FMCW)
signals can be used to compute the round-trip travel time of the
signal, and, hence, distance to an object. The Doppler shift, on
the other hand, relates radial velocity to the frequency shift in
the received signal. Rotations or vibrations result in additional
Doppler frequency modulations, known as micro-Doppler (μD)
frequencies, centered around the main Doppler shift due to trans-
lational motion [14]. The μD signature is a 2D time-frequency
representation of the RF data, which reveals the unique kine-
matics of the observed motion. Thus, μD has been exploited as
a biometric [15] for recognizing individuals [16], activities [17],
aided/unaided walking [18], falls [19], [20], and even different
gaits [21].

Although RF sensors cannot effectively perceive facial ex-
pressions or hand shape, radar does provide data that is comple-
mentary to that of video: While video is effective in capturing
spatial parameters, radar is more adept at capturing temporal
or dynamic parameters. This is because radar measurements of
distance and velocity are based on independent physics-based
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Fig. 1. Flowchart for the proposed approach.

measurements: Distance is computed from round-trip travel
time, while velocity is computed from the Doppler shift, which
has greater accuracy than the computation of displacement over
time. Thus, although RF sensors cannot be used to reconstruct
facial expressions or hand shape, radar can provide a new way
of recognizing signs in a noncontact, ambient fashion based
primarily on signing kinematics and range profiles.

As a result, there has been much research on the use of
RF sensing for hand gesture recognition [22], [23], especially
since the development of low-cost, low-power, high resolution,
integrated millimeter wave RF transceivers [24]. However, most
current research involves controlled data acquisition with the
participant located in a fixed position relative to the radar,
articulating only a single gesture or sign. A critical challenge that
has not been adequately addressed in the literature, however, is
the challenge of ASL recognition in the context of daily living.
To the best of our knowledge, this work represents the first
to consider triggering and command recognition of RF-sensor
enabled devices under more realistic conditions, where the RF
data are acquired in a continuous fashion to capture mixed
sequences of gross body motion/activity intertwined with ASL
signing.

In particular, we analyze the design considerations for se-
lection of a trigger sign based on kinematics, replicability,
and recognition accuracy. Whereas current approaches rely on
just one RF data representation, we propose a joint-domain,
multiinput–multitask learning (JD-MIMTL) framework coupled
with a motion detector to isolate the intervals over which the
user is engaged in meaningful movement, and thus prevent
unnecessary expenditure of computation resources when the RF
system is not being used. Fig. 1 shows a flowchart providing an
overview of the proposed approach. Our results show that the
proposed approach exceeds that offered by approaches common
in the literature and can recognize a sequence of three activities
and 15 ASL signs with 92% accuracy, while detecting trigger
signs with rates as high as 98.9%.

In Section II, an overview of the current state-of-the art and
work related to radar-based gesture and sign language recogni-
tion is given. In Section III, we describe the RF sensor utilized,
experiments conducted, and preprocessing algorithms applied
to the data. In Section IV, kinematic and replicability consid-
erations are applied to select 15 out of a total of 110 measured
ASL signs as example trigger signs. Next, in Section V, a motion

detection method is presented and its efficacy on the acquired
datasets demonstrated for temporal segmentation. In Section VI,
the proposed JD-MIMTL framework for sequential classifica-
tion is detailed. Results demonstrating the performance of the
proposed approach for trigger word detection and sequential
recognition are discussed in Section VII. Discussions of key
conclusions and future work is given in Section VIII.

II. RELATED WORK

A. Radar-Based Activity and Gesture Recognition

A variety of deep learning approaches [25] have been lever-
aged for human motion recognition with RF sensors. Most
approaches consider either daily activities (e.g., walking, sitting,
running) or hand gestures (e.g., left/right, up/down swiping, push
buttons). Recurrent neural networks (RNNs) have been proposed
in many works, but results have been primarily demonstrated on
fixed-duration snapshots that include just one class of motion.
For example, the author in [26] applied stacked gated RNNs
to 2D micro-Doppler signatures, while [27] constructs a 3D
data representation from shifted windows of the micro-Doppler
signature, applying both a 3D convolutional neural network
(CNN) and long-short-term memory (LSTM). A more common
approach is to use a time series of range-Doppler maps as
input [28], [29] to the 3D CNN-LSTM network, while also us-
ing connectionist temporal classification (CTC) [27] and triplet
loss [30].

Studies considering recognition performance in real-world
conditions are limited; most of the aforementioned works in-
volve experiments conducted in controlled environments with
participants positioned at a fixed distance from the RF sensor.
Work involving real-world use cases have considered the effects
of sensor positioning and environment. For example, [23], in-
vestigates the dependence of performance on sensor position at
different heights from the ground and distance from the user.
Dynamic time warping is used on RF data acquired from a
dual-Doppler radar to accurately recognize 12 different gestures
with at least 80% accuracy, depending on positioning. These
results are consistent with expectations based on the radar range
equation, which show that the received power decreases with
distance (R) as 1/R4. Indoor environments also tend to have
comparable stationary clutter properties, and, hence do not
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result in significant variations in performance. The environment-
independence of RF sensing of ASL was verified in a recent
study [31], which found the recognition accuracy across several
different rooms to be comparable. Another important factor
in gesture recognition is the upper body movements, which
can change the received RF signal from gestures. In [32], a
single transmitter, dual receiver RF transceiver was proposed
to decouple hand gestures from random body movements, and
thereby improve gesture recognition accuracy.

An important real-world use case that is gaining increasing at-
tention is the challenge of sequential motion recognition. Human
movement is inherently dynamic, greatly varied, and sequential
in nature. The continuous data streams acquired by RF sensors
in real-world environments will consist of an intertwining of
gross body activities and finer movements, such as gestures. But,
most works on human activity recognition consider either daily
activities or fine-grain gestures, while the approaches proposed
reflect a similar technique to that applied over fixed-duration
snapshots. For example, the authors in [33] applies bi-LSTM
networks to continuous sequences of micro-Doppler signatures,
while [34] applies RNNs to continuous streams of 3D inputs
formed from the time series of range-Doppler maps.

B. Radar-Based ASL Recognition

Radar-based ASL recognition to-date has primarily focused
on the recognition of snapshots of specific words or phrases.
In [35], ten (10) different ASL phrases that would be relevant
to emergency response were recognized with an accuracy of
95% using transfer learning from VGG-16 to classify X-band
micro-Doppler signatures. In [12], feature-level fusion of RF
sensors operating at three different transmit frequencies (10, 24,
and 77 GHz) were used together with a random forest classifier
trained only an measured micro-Doppler signatures from fluent
ASL signers yielded a classification accuracy of 72.5% for 20
ASL signs. Moreover, using a support vector machine (SVM)
classifier, it was shown that the ASL articulations of hearing
imitation signers were distinguishable from that of fluent ASL
users. With the use of a multimodal DNN for fusion [36], the
classification accuracy for 20 signs was improved to 95.5%
and shown to surpass by 22% and 19% the accuracy given
from use of a single RF sensor classified using transfer learning
from VGG-16 and unsupervised pretraining with convolutional
autoencoders (CAEs), respectively.

In [31], micro-Doppler signatures of 50 ASL signs are classi-
fied with an average accuracy of 87%, while the sign KNOCK
is specified as a wake word and detected at a rate of 94% using
a fixed-window binary DNN classifier. Word-level ASL recog-
nition with RF sensors is shown to be tolerant to the presence
of other interfering users, different user positions and different
environments. These results were achieved by collecting over
12-k samples from 15 different participants.

Because of the differences in fine-grained temporal dynamics
and linguistic parameters, such as prosody and grammatical
structure, the RF data acquired from hearing imitation signers
versus fluent ASL users are actually quite different. In [36], it is
shown that imitation signing cannot be used to train classifiers of

fluent signers. To overcome this challenge, adversarial learning
has been proposed [37] to 1) adapt imitation signing data to
resemble that of fluent signers, and 2) synthesize kinematically
accurate samples for training DNNs. This approach has yielded
over 77% top-1 and over 93% top-5 accuracy for recognition of
100 ASL signs using micro-Doppler signatures acquired from a
77-GHz RF sensor.

Note that all of the above works classify fixed-duration snap-
shots of micro-Doppler signatures of ASL. Thus, this work fills
an important gap in current literature by addressing the challenge
of trigger sign detection and sequential ASL recognition in
continuous RF data streams of mixed motion sequences that
are typical of daily living.

III. RF DATA ACQUISITION AND PREPROCESSING

A. RF Sensor

In this study, a TI AWR1642BOOST 77-GHz RF transceiver
paired with a DCA1000EVM data capture card were used to
record data directly to a laptop. The TI 77-GHz transceiver is
a frequency modulated continuous wave (FMCW) short-range
automotive radar that has two transmit (TX) channels and four
receive (RX) channels, which offer additional sensing capabili-
ties in comparison to other commercially available RF sensors
that may have only 1 TX/RX channel. The antenna for the sensor
has a roughly ±70◦ azimuth and ±15◦ elevation beamwidths.
The sensor was positioned on a small table at a distance of about
1 m from the ground.

B. Participants

Although ASL has been used as example motions in some
gesture recognition studies [38], [39], sign language greatly
differs from gesturing in that it possesses a much greater degree
of physical complexity and Shannon information [40]–[42]. Like
other complex system-generated signals, raw physical signal
from signing data contains information at multiple timescales,
spanning phonological, semantic, syntactic, and prosodic cues
([43], [44]).

While some studies [45], [46] have utilized imitation
signers—hearing participants who mimic signs observed in
video—it has been shown [47] that it takes at least three years
before the signing of ASL learners is perceived as fluent by
native ASL users. Imitation signers exhibit greater kinematic
variations, erratic cadence and signing errors, especially in
replicating repetitive signs. Indeed, in our previous works [12],
[36], we have found that imitation signing is distinguishable
from native signing using classification of RF μD signatures.

Thus, in this work, RF data from both imitation signers and
native ASL users were acquired and used for comparative study
in trigger sign selection. A total of 110 single ASL signs were
recorded from participants sitting 1-m away from the radar. A
total of 19 participants contributed to the database, including 4
native ASL users, who were either deaf or child-of-deaf adults
(CODA), and 6 hearing individuals. Continuous recordings of
mixed activity/signing sequences were recorded from 13 hearing
participants, while testing on native users was conducted with 2
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Fig. 2. Experimental setup (left) for acquisition of ASL signs (listing on the right).

TABLE I
DESCRIPTION OF MIXED ACTIVITY/SIGN SEQUENCES

CODAs and 2 ASL learners, who were not used in acquisition
of training samples.

C. RF Datasets

A total of two different datasets were acquired as follows.
1) Single ASL Signs: 110 of the more frequently used ASL

signs were selected from the ASL-LEX database [48],
including nouns, verbs, and adjectives. A complete listing
of the signs acquired is given in Fig. 2. Each participant
was asked to repeat the signs 5 times, resulting in 20 native
and 30 imitation samples per sign.

2) Mixed Motion Sequences: Of these 110 signs, based on
kinematics and replicability, a subset of 15 ASL signs are
selected (see Section IV). Five different sequences of three
ASL signs mixed with three different gross motor activ-
ities (walking, sitting, and standing up) were acquired,
as shown in Table I. For example, in SEQUENCE 1, the
participant first walks for a few seconds, then sits on a
chair located in front of the radar and enacts three different
signs (TIRED, BOOK, SLEEP), and finally stands up. The
participants were instructed to perform these activities
consecutively in the line-of-sight of the radar. A total of
200 hearing participant samples and 94 native participant
samples for each sequence were acquired, and have been
made available for download.1

D. Transmit Waveform Parameters

The raw data provided by each receive channel of the RF
sensor is a time stream of complex in-phase (I) and quadrature
(Q) data. The presence of multiple receive channels enables not

1https://github.com/ci4r/ASL-Sequential-Dataset

Fig. 3. (a) BPM chirp configuration and (b) virtual array synthesis.

only the extraction of range and velocity but also the direction
(or angle) of arrival of the received signals. The 77-GHz TI
transceiver has 2 TX and 4 RX channels, which forms a uniform
linear array (ULA). If, instead, the transmitters send two differ-
ent chirp combinations, binary phase modulation (BPM) can be
used to form a virtual array that behaves like a single TX, but
8 RX channel transceiver. To accomplish this, in the first chirp,
Ca, we send exactly the same chirps from both transmitters,
TX1 and TX2, with phase of Φ = 0◦, while in the second
chirp, Cb, TX2 transmits with phase of Φ = 180◦. The chirps
of TX1 and TX2 then can be retrieved by C1 = (Ca + Cb)/2
and C2 = (Ca − Cb)/2, respectively. In this way, we obtain a
phase-shift for our second transmitter as well and synthesize a
virtual array. An illustration of the transmitted chirp waveforms
are provided in Fig. 3(a), while the resulting actual and virtual
ULAs are shown in Fig. 3(b).

For a target at angle θ, the phase difference between receiver
channels will be as follows:

ω =
2πdsin(θ)

λ
⇒ θ = sin−1

(
λω

2πd

)
. (1)

The angular resolution, θres, is given by

θres =
λ

M × d× cos(θ)
(2)

where M is the number of channels, so the doubling of M
from 4 (real) to 8 (virtual) using BPM improves the angular
resolution by a factor of 2. Thus, the 77-GHz TI transceiver was
set to operate in BPM mode with a bandwidth of 4 GHz, pulse
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repetition frequency (PRF) of 6.4 kHz with 256 samples per
pulse and a coherent processing interval (CPI) of 40 ms.

E. RF Data Representations

Typically, the received I/Q data stream from each channel
is reshaped into a 3D array, known as the radar data cube,
with dimensions of fast-time (the number of ADC samples) ×
slow-time (the number of pulses) × channels. From the radar
data cube, several different ways of representing the information
acquired by the radar may be formed. The fast Fourier transform
(FFT) across fast-time can be used to find the frequency differ-
ence, fb, between the transmitted and received signals at any
instant of time. If the chirp rate of the frequency modulated
waveform is γ, then the distance, R, between the radar and
scatterer can be found as R = cfb/2γ, where c is the speed of
light. An FFT across slow-time reveals the velocity of moving
scatterers, v = cfd/2ft, where fd is the Doppler shift and ft is
the transmit frequency.

Thus, several different 2D data representations may be com-
puted from the radar data cube as follows.

1) Range-Doppler Map: The 2D FFT of the slow-time/fast-
time data matrix for a single channel can be computed to
find a range-Doppler image for each CPI. Because an RD
map is computed from all the received returns acquired
over a CPI, some researchers have adapted terminology
from video processing and refer to the RD map as a frame
and the CPI as the frame duration. Time series of RD maps
can be formed to form RD videos. With a CPI comprised
of 256 pulses, the resulting video as a frame rate of 25 fps
(1/40 ms).

2) Time-Frequency (Micro-Doppler) Map: While there are
many time-frequency transforms that yield the μD fre-
quency versus time, the most often used is the spectro-
gram [14], which is the square modulus of the short-time
Fourier transform (STFT) across slow-time. In order to
generate μD spectrograms independent of the subjects’
range, cell averaging constant false alarm rate (CA-CFAR)
is applied on RD maps for detection of range bins with
motion. Detected range bins are then used to generate the
spectrograms.

3) Range-Angle Map: Angle can be computed from multiple-
channel data using a beamforming method, e.g., multiple
signal classification (MUSIC), to determine the angle of
arrival of the received returns at a specific range and
Doppler. Repeating this process for each CPI yields a
time-series of RA maps, i.e., RA videos.

The visibility of target-related motion in the RA maps may be
enhanced using optical flow, which indicates the spatial change
in the location of pixels from one frame to another in a video. In
this work, we compute the optical flow using the Horn–Schunck
method [49] and take its elementwise multiplication with the
pixels in the RA maps to accentuate motion-related returns. This
process puts more weight on pixels where there is a moving
target, and suppresses pixels comprised of clutter or minimal
motion. Because the MUSIC algorithm is relatively prone to
noise, this approach can enable significant visual enhancements

in the RA maps. An overview of the radar signal processing
steps utilized to compute the stated RF data representations are
summarized in Fig. 4.

IV. TRIGGER SIGN FIDELITY ANALYSIS AND SELECTION

There are many different considerations for the design of a
device trigger sign (also known as a wake word). Trigger signs
should be distinct, not easily confused with signs frequently used
in daily discourse, easy to articulate, and culturally appropriate.
In deaf culture, for example, while it is common for finger-
spelling to be used to state the names of a hearing individuals,
personal name signs can only be used if the name sign has been
given by a member of the deaf community. Moreover, ASL does
have some differences in dialects used in different geographical
regions within the U.S., such as black ASL, which represents a
unique ethnic subculture in the South [50]. The cultural context
of signs may differ and take on different meanings in different
regions. Therefore, the design of culturally appropriate trigger
signs can only be accomplished through partnership with deaf
community organizations, who can provide cultural perspectives
and facilitate studies soliciting Deaf community feedback on the
design.

Thus, this article focuses on technical aspects of trigger sign
design as a precursor to a subsequent deaf-centric design study.
First, as RF sensors are sensitive to distance and motion, signs
that are dynamic, with strong radial velocity components (i.e.,
include primary arm motion, as well as secondary motion of
the hand, such as handshape or orientation change), or which
traverse greater distance and have a longer flight times are better
suited as trigger signs for automatic detection. This is in contrast
with signs primarily characterized by secondary hand motion,
such as fingerspelled words.

Second, the replicability of the trigger sign is important to
enable consistent and robust recognition. Although native ASL
users are the target population for ASL-sensitive user interfaces,
there is a wider community of ASL learners and nonnative ASL
users, such as interpreters, who could also be using the interface.
However, as noted in Section III-B, there can be noticeable
differences in the articulation of signs based on fluency. Thus,
the replicability of the 110 signs listed in Fig. 2 were evaluated
using a comparison of the imitation signing and native ASL μD
signatures. This was done by first computing the upper and lower
envelopes of each sign based on the percentiles of the cumulative
amplitude distribution [51], [52]. Next, both the discrete Fréchet
distance (DFD) [53] and dynamic time warping (DTW) were
used to compare the replicability of signs based on fluency.

DTW is a method for measuring the similarity between two
time-series and finds the optimal match [54] between sequences
that satisfy all restrictions and rules with the minimum cost.
The DFD computes the similarity between two curves by taking
into account both ordering of the points and the location along
the curves. It is defined as the shortest cord-length required to
join a point traveling forward along one curve and one traveling
forward along the other curve, and the rate of travel for either
point may not necessarily be uniform. As the similarity of two
curves increases, DFD gets closer to zero. As an example,
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Fig. 4. Signal processing diagram for computation of various RF data representations.

Fig. 5. Selection of replicable ASL signs using DFD and DTW. (a) DFD of upper envelopes for the sign WANT. (b) Fidelity analysis between native and copy
signing. (c) Selected replicable ASL signs.

consider the comparison of the upper envelopes of the μD
signatures for imitation signing and native signing for the sign
WANT, shown in Fig. 5(a), where the grey lines represent the
cord-length.

To identify the most easily replicable signs (independent of
fluency), the envelopes of the native ASL signatures and those
from hearing imitation signers are compared on a sign-by-sign
basis. The DTW and DFD metrics are averaged and rescaled
between 0 and 1. Once the distance metrics, dtw and dfd,
are normalized, the fidelity scores, sdtw and sdfd, for each
class (sign) are found by taking the inverse of the normalized
distance (i.e., sdtw = 1/dtw, sdfd = 1/dfd). The results are
shown in Fig. 5(b). It may be observed that both the DTW
and DFD are consistent in their assessment of which signs
are consistently articulated across deaf, CODA, and hearing
users.

The top 15 signs that have the shortest distance (i.e., highest
similarity) between native ASL and imitation signing users were

selected as trigger sign candidates, which will next be evaluated
based on detection rate and sequential recognition accuracy. The
selected signs are listed in Fig. 5(c) along with their kinematic
properties, as given by ASL-LEX.

V. MOTION DETECTION AND SEGMENTATION

Continuous activities and ASL signing create a time series
of sequential activities, for which segmentation is an important
initial step in the analysis of sequential data. Utilization of a
motion detector can facilitate segmentation, which helps define
the length of the input samples to be fed to a learning model. It
can also improve the power and computational efficiency of the
system by making a prediction only when an activity or sign is
detected as opposed to every time step. While motion detection
can be done with a human-in-the-loop approach, this is not
desirable in automate, stand-alone systems. Instead, a power-
based automated segmentation algorithm, such as short-time
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KURTOĞLU et al.: ASL TRIGGER RECOGNITION IN MIXED ACTIVITY/SIGNING SEQUENCES FOR RF SENSOR-BASED USER INTERFACES 705

Fig. 6. Illustration of the operation of STA/LTA based motion detector on SEQUENCE 3. (a) Operation of detector on absolute distance vectors. (b) Intervals with
motion detected by STA/LTA detector.

average over long-time average (STA/LTA) [55], [56], dynamic
boundary detection (DBD) [57], or power burst curve [58] (PBC)
may be utilized.

The PBC can be used for motion detection using thresholding.
The start and end of the motion is determined by when the input
power exceeds or falls below this threshold, respectively. An
important drawback of this method, however, is that it is prone
to a high rate of false triggering, especially in the presence of
noise, because the threshold is not adaptive and unaware of past
and future power levels.

STA/LTA-based techniques solve this problem by defining
two consecutive windows; namely, short-time and long-time
windows. Their relative average power is used to define an adap-
tive threshold value. The STA/LTA method proposed in [56] has
proven to be very successful in detecting the tail (end point) of
hand gestures. However, the method uses fixed length detection
windows, whose duration is selected based on the duration of the
longest gesture in the dataset. This approach is not well suited
to sign language, since ASL signs possess great variability in
duration. Basing window size on the longest duration sign can
result in a long blank period at the beginning of the detected
region for short signs, thereby introducing noninformative or
redundant input to the feature space.

DBD, on the other hand, requires application of high-pass
filtering to the Doppler information, resulting in elimination of
the low and zero frequency components of the spectrograms.
Prior work [12] has shown, however, that filtering at 77 GHz
results in significant loss of low-frequency information in the
signal, together with removal of the clutter, thereby degrading
classification accuracy.

Thus, this work proposes a variable window STA/LTA-based
motion detection algorithm to identify both the starting and end-
ing point of a motion. First, the absolute difference between the
upper and lower envelopes at a time index is computed to create
absolute distance vectors. An exemplary, normalized absolute
distance vector is shown in Fig. 6(a). The absolute distance for
each data recording, i, can be computed as vi = |ui − li|, where
vi is the absolute distance vector, ui and li are the upper and
lower envelopes, respectively.

Then, STA(t) and LTA(t) can be defined as the leading and
lagging windows at time t as

STA(t) =
1

T1

t+T1∑
k=t+1

vi(k), LTA(t) =
1

T2

t∑
k=t−T2+1

vi(k) (3)

where T1 and T2 are the lengths of short and long windows,
respectively. The starting point of a motion is detected when the
following conditions are satisfied:

STA(t) > σ1 and
STA(t)

LTA(t)
> σ2 (4)

where σ1 and σ2 are predefined detection thresholds. Similarly,
the ending point is detected if

STA(t) < σ3 and
STA(t)

LTA(t)
< σ2 (5)

where σ3 is the detection threshold for the stopping point.
Note that in order to locate the starting point, according to

(4), STA(t) needs to exceed the threshold σ1, implying that the
the motion has to appear in the short window. Also, the ratio
of average power in the short and the long window should be
higher than σ2. In this way, if there is noise, the system will not
be triggered unless the ratio exceeds the σ2. Similar conditions
apply to ensure correct detection of the endpoint; i.e., the case
when the motion disappears from the proceeding window and
the ratio drops below the threshold σ2. The resulting detection
mask found with the proposed vw-STA/LTA approach is able
to separate the intervals with and without motion, as shown in
Fig. 6(b).

While DBD requires the optimal selection of a threshold
based on the returned signal strength, fixed length STA/LTA
bases selection on the window length. In contrast, the pro-
posed variable length STA/LTA approach adaptively changes
its detection window interval irrespective of the returned signal
strength. A comparison of the segmentation accuracy for these
three methods is presented in Fig. 7. Segmentation accuracy is
computed by comparing segmentation mask with the ground
truth generated by a human analyst for each time step. Note that
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Fig. 7. Comparison of the segmentation accuracy of DBD, fixed-window
STA/LTA and the proposed variable-window STA/LTA.

the segmentation accuracy of DBD and fixed-window STA/LTA
exhibit great variance in efficacy for different thresholds or win-
dow lengths. Fixed-window STA/LTA achieves a peak accuracy
of 75.7% when the window length is 2.3 s. DBD performs better
by comparison, achieving a peak accuracy of 84.2% when the
threshold is set to 61, but with the cost of information loss in
low-frequency components (see Section VI-C). This peak value
is only slightly higher than the 83.5% accuracy achieved by
the proposed motion detector, while the propose approach can
maintain this accuracy irrespective of any parameter values due
to the use of variable, adaptive window lengths.

VI. MULTIINPUT–MULTITASK LEARNING FRAMEWORK

Conventional approaches to RF signal classification rely on a
single data representation, presented as either 2D or 3D inputs.
In contrast, to take advantage of all available physics-based
information (range, velocity, frequency, and angle), we propose
a JD-MIMTL-based DNN architecture, where each input repre-
sentation is processed in parallel and the final feature space is
constructed by fusing individual feature spaces. Auxiliary tasks
are used to regularize and better guide the training loss. The ac-
curacy of the proposed approach surpasses that of conventional
single-input models by over 13%.

A. Mixed Motion Sequential Recognition

Sequential classification of daily activities and ASL signs
differs from conventional hand gesture recognition tasks because
it is not comprised of just an isolated, short duration, single type
of motion. Instead, it consists of a time series of consecutive
motions, which might belong to different classes of gross daily
activities or ASL signs. A typical approach to classify a contin-
uous time series data includes: 1) Temporal segmentation and
2) making prediction for each time step. The former is achieved
using a motion detector described in Section V, while the latter
will be discussed in this section. In real-world scenarios, training
a model with the entire stream of data sequences (24 s each) is
not feasible, because this significantly increases the computa-
tion time, rendering outputs only after a long delay, which is
undesirable in interactive systems. However, when models are

TABLE II
SEQUENTIAL CLASSIFICATION WITH CNN+BILSTM

trained with shorter input sequences, performance also tends to
drop gradually, because performance of LSTMs are dependent
on input sequence lengths [59]. Since LSTM networks have
the flexibility to be trained with varying sequence lengths, the
data segments isolated by the motion detector were used as input
sequences. These segments will have varying lengths depending
on the user’s pace and the motion itself.

B. Training a Spatio-Temporal Model

In this section, the effect of input sequence length on predic-
tion accuracy is examined. For this purpose, we use a DNN con-
sisting of three time-distributed (TD) 2D convolutional blocks
with kernel sizes of 3, followed by max pooling layers and a
bidirectional LSTM (BiLSTM) layer. A TD softmax layer is em-
ployed for temporal classification. While convolutional layers
extract the spatial features, the TD wrapper enables application
of the same nested layer to each time step. BiLSTM is a kind
of recurrent neural network which is used to extract temporal
relationships between time steps. They have proven to be very
successful in terms of learning long term dependencies in various
tasks such as natural language processing [60], and speech
recognition [61]. By employing LSTMs in our final encoded
feature space, both spatial and temporal features are extracted
for classification.

In μD spectrogram (μDS) classification, spectrograms are
divided into 0.2-s nonoverlapping windows to be used as time
steps. In RD and RA map classification, the interval between
each RD/RA map or frame is 40 ms, so to obtain a data structure
corresponding to the same (0.2 s) duration, five RD/RA frames
were stacked (5×40 ms = 0.2 s). For both inputs, 80% of
the data are used for training and 20% for testing, with an
equal number of samples from each sequence. Adam optimizer
and categorical cross entropy is used along with early stop-
ping with patience of 10 epochs to train the model. Hence,
the input data have the shape of (batch size, num-
ber of windows, width, height, channels). A
2D-CNN+BiLSTM network for μDS and 3D-CNN+BiLSTM
network for RD/RA maps are employed. The impact of the
motion detector is discussed next.

1) Original Sequential Data: Table II shows the classifica-
tion accuracy for each input data representation as a function of
various input durations. It may be observed that the accuracy of
the models for all input domains decreases as the length of input
sequences gets shorter. Best performances are obtained using
longest sequences with RD maps providing a 92.4% accuracy.
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TABLE III
COMPUTATION TIMES SPENT FOR PREDICTION

TABLE IV
CLASSIFICATION ACCURACY OF THE MOTION DETECTORS

The performance using μDS changes around 17% while that
using RD maps and RA maps change around 20% from 1-s
sequences to 24-s sequences. While the longer sequences give
better performance, they also result in greater prediction delay
and higher memory requirement due to increased data size. This
situation demonstrates the challenge of deciding an appropriate
input length while doing sequential classification and the trade-
off between prediction performance and delay.

2) Motion Detected Intervals (MDI): The detector extracts
data segments containing motion, eliminating periods of no
movement. Thus, each MDI is of varying duration, and models
are trained using variable length data. The testing accuracies
obtained when using μDS, RD, and RA maps are 78.8%,
72.8%, 67.5% respectively. These results are comparable to
those obtained with fixed length sequences of 2 s for μD, and
1 s for RD/RA maps, while the length of detected segments
vary between 0.6 and 10 s. Moreover, using MDI rather than
fixed length windows significantly reduces the computation time
for prediction by masking out the intervals that do not contain
any motion. Table III presents the total computation time of an
NVIDIA Titan V GPU to make predictions for data durations
of 1 and 2 s. The total computation time is reduced by 45% on
average for different input representations when compared with
2-s length sequences. Note that the amount of computational
savings obtained using the motion detector does depends on
the data, in that as MDI increases so does the time savings. As
daily life often involves extended stationary periods, in practical
settings the use of MDI can result in significant savings.

C. Effect of Motion Detector on Classification Accuracy

The performance of DNN models rely heavily on the data
presented at the input, which in turn is extracted based upon
the starting and ending points of the MDIs as determined by
the motion detector. Thus, the ability of a motion detector to
accurately extract intervals containing movement impacts the
efficacy of classifiers. Table IV compares the classification accu-
racy attained from different input representations extracted using
DBD, fixed-length STA/LTA, and the proposed variable-length
STA/LTA motion detectors. It may be observed that the proposed
variable-length STA/LTA detector yields greater classification
accuracy in comparison to other approaches, surpassing fixed-
length STA/LTA by 0.4–2% and DBD by 1.3–6.4%. Note that
the relatively worse accuracy of DBD is due to information

loss incurred during the high-pass filtering, which removes
low-frequency signal as well as clutter components, and hence
degrades the resulting classification accuracy.

D. Proposed Approach: JD-MIMTL

To improve the classification accuracy obtained with just one
input representation, this article proposes utilizing fusion of
multiple input representations in a multiple-task learning [62]
framework with CTC [63]. Although MTL has been imple-
mented successfully in computer vision [64] and natural lan-
guage processing [65], these applications all involve a single
data representation (image, text, speech signal). In RF sensing,
the various physical variables measurable by radar—namely,
range, μD, and angle versus time—are reflected in different data
representations, to base recognition decisions on all physical
properties, multiple inputs to MTL are advantageous. The joint
feature space derived from multiple input representations is
enriched by fusing in a concatenation layer.

MTL jointly optimizes multiple objectives by exploiting
domain-specific information contained in commonalities and
differences across tasks. By sharing representations among re-
lated (auxiliary) tasks, the generalization capability of the model
can be improved on the main task. ASL classification can be
aided by basing decisions on consistency with certain physical
properties of signing, based on the categorization provided in
Fig. 5(c). Five auxiliary tasks are defined as follows.

1) Task 1: One versus two handedness.
2) Task 2: Major location of hands.
3) Task 3: Movement type.
4) Task 4: Daily activity versus ASL sign.
5) Task 5: Number of strokes.
The overall loss function, Ltotal, utilized in the JD-MIMTL

framework is the weighted sum of the CTC loss, λctc, and the
loss Li specific to each task i

Ltotal = λctcLctc +

I∑
i

λiLi (6)

where λ are the weights assigned to the various loss terms. Since
each task has its own loss function, and, hence, varying conver-
gence times, the weights λ needs to be jointly optimized. Three
different loss optimization techniques [66] were compared,
namely, the uniform combination of losses (i.e., equal weights
across all tasks), the uncertainty-based weighing method [67],
and grid search. The first two methods minimize Ltotal without
taking into account the importance of each individual task.
Since we aim to minimize Lctc, which is derived from the
prediction layer, the grid search method was preferred. The
use of smaller auxiliary task weight values during grid search
was found to perform better than that obtained with using the
uniform combination of losses or uncertainty-based weighting.
Specifically, weight values of λctc = 1 and λi = 0.2 were used.
The overall proposed JD-MIMTL approach is depicted in Fig. 8.
After training the model, all of the auxiliary task and CTC output
layers are removed and the model is augmented with a softmax
layer for classification.
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Fig. 8. Proposed multiinput–multitask learning network.

The probability distribution of the classes, which is obtained
as the output of the JD-MIMTL, can be decoded two ways in
parallel for sequential classification and trigger word detection.
Best path decoding is used as the decoding scheme of the CTC
outputs for both objectives. However, the final prediction class
is defined as the statistical mode of the time steps of an MDI
for sequential classification, and as the prediction scores for
the trigger sign accumulated over the time steps of an MDI for
trigger word detection.

VII. RESULTS AND DISCUSSION

A. Trigger Word Detection

To activate a device, the trigger sign must be correctly recog-
nized from within a stream of data, and the activation should oc-
cur when the articulation of the sign is completed. One approach
is cumulative score aggregation (CSA) [68], where the scores
(i.e., prediction probabilities) of the trigger sign are accumulated
over time, and a detection is recorded when the accumulated
score, sa, exceeds a predefined threshold. The threshold can be
adjusted to ensure the detection is triggered only when the trigger
sign is complete.

In this work, an adaptive, double-threshold CSA approach is
proposed for trigger sign detection. Since the MDIs have varying
lengths, the value of the threshold, T , is adaptively determined
based on the interval length as: T = w ∗ γ, where w is the
length of the MDI and γ is a predefined confidence factor. To
mitigate the false rejection rate (FRR) of the detector, a second
(lower) threshold, Tlow, is also defined. When the accumulated
score exceeds the Tlow, but not T , the detector is alerted to the
possibility of a trigger and begins recording the duration over
which the score stays aboveTlow. The system is triggered if score
exceeds Tlow for more than w/2 s and the motion is classified as
the trigger sign.

TABLE V
COMPARISON OF DNNS FOR MDI CLASSIFICATION

In trigger word detection, effect of using single versus double
thresholding can been seen from Fig. 9(a), which shows the
tradeoff between the FAR and FRR for γ ∈ {0.01 : 0.99} for
the word AGAIN. When a single threshold is used, the FRR can
climb as high 0.6, while double thresholding limits this value
to just over 0.2. This is significant because decreasing the FRR
boosts the detection rate, Dr = 1− FRR − FAR, where FRR
and FAR are defined as

FRR =
nt − nd

nt
, FAR =

nf

nt
(7)

where nt, nd, and nf are the number of total, detected, and false
detected samples, respectively.

As shown in Fig. 9(b), when the resulting detection rates for
single thresholding versus the proposed double thresholding ap-
proach are compared, it may be observed that for each considered
trigger sign, the proposed approach yields a same or improved
detection rate. The word TEACHER has the highest detection rate
for both thresholding methods, achieving a detection rate of 0.93
and 0.96, while the word MONTH (self-occluded) has the lowest
score of 0.65 for both cases. Signs with higher classification
accuracy tend to have higher detection rates as well, such as
TEACHER and TEACH.

The number of strokes (i.e., length) of the sign is an impor-
tant consideration in trigger sign selection. For the purposes
of automatic detection, strokes were defined as components
surrounding the sign-initial and sign-final handshapes; thus, both
the motion inherent to the sign (i.e., the stroke as defined in
sign language phonology), and transitional motions preceding
and following the sign, were included in the analysis. This
approach approximated predictive processing in human sign
language recognition ([69], [70]), while remaining consistent
with ecological paradigm of wake sign use. Signs with few
strokes defined in this manner (less than 3) were found to have
many false alarms, while those with more than four were prone
to a high number of false rejections. This is similar to results in
speech recognition, which report optimal wake word lengths of
3 to 4 syllables [71], or, in quantitative terms, several entropy
(high information-density) peaks within the continuous signal.

B. Sequential ASL Recognition

A testing accuracy of 92% is achieved using the proposed
JD-MIMTL approach, and surpasses the results achieved with
various state-of-the-art sequential recognition approaches, as
shown in Table V. This result is also quite close to the 93.5%
accuracy attained using JD-MIMTL when the motion detec-
tor is replaced with ground truth segmentation. Moreover, the
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Fig. 9. Trigger word detection results. (a) FAR and FRR of the word AGAIN for single and double threshold. (b) Detection rates of the words for single and
double threshold. (c) Performance of the proposed method on different ASL fluency groups.

Fig. 10. Confusion matrix of the proposed JD-MIMTL.

baseline established in Section VI-B using CNN+BiLSTM on
single-input representation MDI data is improved to 84.3% by
application of feature-level fusion. Consideration of CTC loss
improves the results obtained for both single-input and fusion of
multiinput representations. The accuracy using μDS increased
to 80.6%, RD maps to 78.4%, and RA maps to 71.3%, thus
providing an average improvement of 3.73%. For RD maps
and RA maps, MTL only slightly improves performance by
just 0.1%–0.2%, while the accuracy with μDS increases by
3%. The proposed JD-MIMTL approach yields a performance
improvement of 8.4% over μDS as a single-input to MTL, and
4.5% improvement over multiinput feature level fusion without
using MTL.

The confusion matrix for the proposed architecture is pro-
vided in Fig. 10. It can be seen JD-MIMTL exhibits the most
confusion in signs with low radial motion (EVENING, MAYBE,
NIGHT) and self-occlusion (MONTH). The signs with high radial
motion (TEACHER, TEACH) have the highest recognition rates.
This is due to higher sensitivity of radars to radial velocity
components.

C. Performance Across Different Fluency Groups

The proposed approach is tested on different fluency groups
to evaluate is efficacy across different users. This is done by
training the model solely with data from non-ASL users, but
testing on ASL users’ data. Thus, not only are the participants
between training and test sets different but also their fluency
levels. In Fig. 9(c), the overall testing accuracy for all signs,
and the trigger detection rate for the selected trigger word,
TEACHER, are presented for different fluency groups. While the
first two columns report average results, the remaining four
columns break down the results for specific participants, indi-
cating whether the participant was an ASL learner or CODA.
On average, the sequential ASL classification accuracy for ASL
users was 10% less than that attained from non-ASL users. But,
the trigger detection rates remained above %94 irrespective of
fluency. In fact, 3 out of 4 ASL users’ trigger word is detected
with 100% accuracy.

D. Discussion

Because RF sensors rely on kinetic properties of signing dur-
ing recognition, signs that inherently contain greater movement
(especially inter-sign movements) are easier to recognize. For
example, the signs TEACHER and TEACH both involve raising the
hands to the level of the head, whereas MONTH involves just a
short swipe of a finger downward and NIGHT involves a more
subtle downward, curved motion of the hand/arm, resulting in
a detection rate that is over 20% lower. Effective ASL-based
device triggering will require the design of a unique sign for this
purpose, as commonly used daily expressions may mistakenly
trigger a device. In this regard, it is important to note that it
is not necessary for such a trigger sign to have meaning in
English; e.g., that KNOCK might be sensible in meaning has
little bearing on efficacy in terms of detectability, practical, and
cultural considerations. In future work, we aim to work with deaf
community partners to jointly evaluate usability and efficacy of
kinetically unique trigger signs.
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Another important consideration for device operation with
ASL is real-time implementation on dedicated edge computing
platforms. Although there have been some studies of real-time
gesture recognition using micro-Doppler signatures [56], [72]–
[74], these works have considered only a small number of classes
(less than 12), and focus on hardware acceleration or reduction
of the computational complexity of the model itself. However,
our initial work [75] in evaluating computational latency in
the processing pipeline has shown that a significant part of the
latency is not in the classification stage, but in the computation of
the input representations themselves, especially micro-Doppler
signatures. Latency depends not just on the duration (length)
of the data but also on short-time Fourier transform parameters,
such as window length and overlap, which determine the dimen-
sionality of the resulting spectrogram and impacts classification
accuracy. Joint optimization of input representation generation
and DNN model will be necessary to maximize real-time recog-
nition performance.

VIII. CONCLUSION

The proposed techniques in this article enable trigger sign de-
tection for device activation and sequential recognition of ASL
in the context of daily living. While conventional approaches to
RF signal classification utilize just one RF data representation,
this work exploits μD spectrograms, RD maps, and RA maps
in a JD-MIMTL framework for sequential classification. By
defining tasks in terms of physically relevant concepts for ASL
recognition, sequences involving a mixture of 18 different daily
activities and ASL signs was classified with 92% accuracy. The
proposed double-thresholding trigger detection method achieves
detection rates of 96% and 98.9% for non-ASL and ASL users,
respectively, for the sign TEACHER. Potential selections for trig-
ger signs are evaluated based on sequential activity recognition
accuracy and replicability across the fluency levels of users. The
results demonstrate the potential for RF sensing to be used for
ASL-sensitive HCI.
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KURTOĞLU et al.: ASL TRIGGER RECOGNITION IN MIXED ACTIVITY/SIGNING SEQUENCES FOR RF SENSOR-BASED USER INTERFACES 711

[32] Z. Gu et al., “Blind separation of doppler human gesture signals based
on continuous-wave radar sensors,” IEEE Trans. Instrum. Meas., vol. 68,
no. 7, pp. 2659–2661, Jul. 2019.

[33] H. Li, A. Mehul, J. Le Kernec, S. Z. Gurbuz, and F. Fioranelli, “Sequential
human gait classification with distributed radar sensor fusion,” IEEE
Sensors J., vol. 21, no. 6, pp. 7590–7603, Mar. 2021.

[34] C. Ding et al., “Continuous human motion recognition with a dynamic
range-doppler trajectory method based on FMCW radar,” IEEE Trans.
Geosci. Remote Sens., vol. 57, no. 9, pp. 6821–6831, Sep. 2019.

[35] H. Kulhandjian, P. Sharma, M. Kulhandjian, and C. D’Amours, “Sign
language gesture recognition using Doppler radar and deep learning,” in
Proc. IEEE Globecom Workshops, 2019, pp. 1–6.

[36] S. Z. Gurbuz et al., “Multi-frequency RF sensor fusion for word-
level fluent ASL recognition,” IEEE Sensors J., to be published,
doi: 10.1109/JSEN.2021.3078339.

[37] M. M. Rahman et al., , “Word-level sign language recognition using
linguistic adaptation of 77 GHz FMCW radar data,” in Proc. IEEE Radar
Conf., 2021, pp. 1–6, doi: 10.1109/RadarConf2147009.2021.9455190.

[38] P. Melgarejo, X. Zhang, P. Ramanathan, and D. Chu, “Leveraging direc-
tional antenna capabilities for fine-grained gesture recognition,” in Proc.
ACM UbiComp., 2014, pp. 541–551.

[39] H. Li, W. Yang, J. Wang, Y. Xu, and L. Huang, “Wifinger: Talk to your
smart devices with finger-grained gesture,” in Proc. ACM UbiComp, 2016,
pp. 250–261.

[40] E. Malaia, J. D. Borneman, and R. B. Wilbur, “Assessment of information
content in visual signal: Analysis of optical flow fractal complexity,” Vis.
Cognition, vol. 24, no. 3, pp. 246–251, 2016.

[41] J. D. Borneman, E. Malaia, and R. B. Wilbur, “Motion characterization
using optical flow and fractal complexity,” J. Electron. Imag., vol. 27,
no. 5, 2018, Art. no. 051229.

[42] E. A. Malaia and R. B. Wilbur, “Syllable as a unit of information transfer
in linguistic communication: The entropy syllable parsing model,” Wiley
Interdiscipl. Reviews: Cogn. Sci., vol. 11, no. 1, 2020, Art. no. e1518.

[43] A. Blumenthal-Dramé and E. Malaia, “Shared neural and cognitive mech-
anisms in action and language: The multiscale information transfer frame-
work,” Wiley Interdiscipl. Reviews: Cogn. Sci., vol. 10, no. 2, 2019, Art. no.
e1484.

[44] R. B. Wilbur and E. Malaia, “Contributions of sign language research
to gesture understanding: What can multimodal computational systems
learn from sign language research,” Int. J. Semantic Comput., vol. 2, no. 1,
pp. 5–19, 2008.

[45] B. Fang, J. Co, and M. Zhang, “Deepasl: Enabling ubiquitous and non-
intrusive word and sentence-level sign language translation,” in Proc. 15th
ACM Conf. Embedded Netw. Sensor Syst., 2017, pp. 1–13.

[46] Y. Ma, G. Zhou, S. Wang, H. Zhao, and W. Jung, “Signfi: Sign language
recognition using WiFi,” in Proc. ACM Interact. Mob. Wearable Ubiqui-
tous Technol., vol. 2, no. 1, Mar. 2018, Art. no. 23.

[47] J. S. Beal and K. Faniel, “Hearing l2 sign language learners,” Sign Lang.
Stud., vol. 19, no. 2, pp. 204–224, 2019.

[48] N. K. Caselli, Z. S. Sehyr, A. M. Cohen-Goldberg, and K. Emmorey,
“ASL-LEX: A lexical database of American sign language,” Behav. Res.
Methods, vol. 49, no. 2, pp. 784–801, Apr. 2017.

[49] B. K. Horn and B. G. Schunck, “Determining optical flow,” vol. 17,
nos. 1/3, pp. 185–203, 1981.

[50] J. Hill, “Black ASL,” J. Amer. Sign Lang. Literatures, 2012.
[51] P. V. Dorp and F. C. A. Groen, “Feature-based human motion parame-

ter estimation with radar,” IET Radar, Sonar Navigation, vol. 2, no. 2,
pp. 135–145, 2008.

[52] C. Karabacak, S. Z. Gurbuz, A. C. Gurbuz, M. B. Guldogan, G. Hendeby,
and F. Gustafsson, “Knowledge exploitation for human micro-Doppler
classification,” IEEE Geosci. Remote Sens. Lett., vol. 12, no. 10,
pp. 2125–2129, Oct. 2015.

[53] T. Eiter and H. Mannila, “Computing discrete Frechet distance,” Christian
Doppler Lab., Vienna Univ. of Technology, Tech. Rep. 94/64, 1994.

[54] A. Abbott and A. Tsay, “Sequence analysis and optimal matching methods
in sociology: Review and prospect,” Sociol. Methods Res., vol. 29, no. 1,
pp. 3–33, 2000.

[55] Y. Vaezi and M. Van der Baan, “Comparison of the STA/LTA and power
spectral density methods for microseismic event detection,” Geophysical
J. Int., vol. 203, no. 3, pp. 1896–1908, 2015.

[56] Y. Sun, T. Fei, X. Li, A. Warnecke, E. Warsitz, and N. Pohl, “Real-time
radar-based gesture detection and recognition built in an edge-computing
platform,” IEEE Sensors J., vol. 20, no. 18, pp. 10706–10716, Sep. 2020.

[57] Y. Sun et al., “Moving target localization and activity/gesture recognition
for indoor radio frequency sensing applications,” IEEE Sensors J., vol. 21,
no. 21, pp. 24318–24326, Nov. 2021.

[58] Z. Zeng, M. G. Amin, and T. Shan, “ARM motion classification using time-
series analysis of the spectrogram frequency envelopes,” Remote Sens.,
vol. 12, no. 3, 2020, Art. no. 454.

[59] F. Jafariakinabad, S. Tarnpradab, and K. Hua, “Syntactic recurrent neural
network for authorship attribution,” 2019, arXiv:1902.09723.

[60] T. Young, D. Hazarika, S. Poria, and E. Cambria, “Recent trends in deep
learning based natural language processing,” IEEE Comput. Intell. Mag.,
vol. 13, no. 3, pp. 55–75, Aug. 2018, doi: 10.1109/MCI.2018.2840738.

[61] A. Graves, A. Mohamed, and G. Hinton, “Speech recognition with deep
recurrent neural networks,” in Proc. IEEE Int. Conf. Acoust., Speech Signal
Process., 2013, pp. 6645–6649.

[62] R. Caruana, “Multitask learning,” Mach. Learn., vol. 28, no. 1, pp. 41–75,
1997.

[63] A. Graves, S. Fernández, and F. Gomez, “Connectionist temporal clas-
sification: Labelling unsegmented sequence data with recurrent neural
networks,” in Proc. Int. Conf. Mach. Learn., 2006, pp. 369–376.

[64] R. Girshick, “Fast R-CNN,” in Proc. IEEE /CVF Int. Conf. Comput. Vision,
2015, pp. 1440–1448.

[65] R. Collobert and J. Weston, “A unified architecture for natural language
processing: Deep neural networks with multitask learning” in Proc. Int.
Conf. Mach. Learn., 2008, pp. 160–167.

[66] T. Gong et al., “A comparison of loss weighting strategies for
multi task learning in deep neural networks,” IEEE Access, vol. 7,
pp. 141627–141632, 2019.

[67] R. Cipolla, Y. Gal, and A. Kendall, “Multi-task learning using uncertainty
to weigh losses for scene geometry and semantics,” in Proc. IEEE/CVF
Conf. Comp. Vis. Pattern Recognit., 2018, pp. 7482–7491.

[68] “Hey siri: An on-device DNN-powered voice trigger for Apple’s personal
assistant.” Apple Mach. Learn. Res., 2017.

[69] E. Malaia, “Current and future methodologies for quantitative analysis of
information transfer in sign language and gesture data,” Behav. Brain Sci.,
vol. 40, 2017, Art. no. 063.

[70] L. K. Ford, J. D. Borneman, J. Krebs, E. A. Malaia, and B. P. Ames,
“Classification of visual comprehension based on EEG data using sparse
optimal scoring,” J. Neural Eng., vol. 18, no. 2, 2021, Art. no. 026025.

[71] T. Tsai and P. Hao, “Customized wake-up word with key word spotting
using convolutional neural network,” in Proc. Int. SoC Des. Conf., 2019,
pp. 136–137.

[72] H. Liu et al., “M-gesture: Person-independent real-time in-air gesture
recognition using commodity millimeter wave radar,” IEEE Internet
Things J., to be published, doi: 10.1109/JIOT.2021.3098338.

[73] M. Chmurski, M. Zubert, K. Bierzynski, and A. Santra, “Analysis of edge-
optimized deep learning classifiers for radar-based gesture recognition,”
IEEE Access, vol. 9, pp. 74406–74421, 2021.

[74] A. Ninos, J. Hasch, and T. Zwick, “Real-time macro gesture recognition
using efficient empirical feature extraction with millimeter-wave technol-
ogy,” IEEE Sensors J., vol. 21, no. 13, pp. 15161–15170, Jul. 2021.

[75] O. O. Adeoluwa, S. J. Kearney, E. Kurtoglu, C. J. Connors, and S. Z.
Gurbuz, “Near real-time ASL recognition using a millimeter wave radar,”
in Proc. Radar SensorTechnology XXV, K. I. Ranney and A. M. Raynal,
Eds., vol. 11742, 2021, pp. 173–184.
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