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Figure 1: EchoWrist is a wristband that can understand 3D hand poses as well as hand-object interactions. (a) The EchoWrist
prototype worn by a user. EchoWrist adopts a minimally-obtrusive design that keeps the device compact and low-profile.
EchoWrist is able to (b) continuously track hand poses and (c) recognize various hand-object interactions.

ABSTRACT
Our hands serve as a fundamental means of interaction with the
world around us. Therefore, understanding hand poses and interac-
tion contexts is critical for human-computer interaction (HCI). We
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present EchoWrist, a low-power wristband that continuously esti-
mates 3D hand poses and recognizes hand-object interactions using
active acoustic sensing. EchoWrist is equipped with two speakers
emitting inaudible sound waves toward the hand. These sound
waves interact with the hand and its surroundings through reflec-
tions and diffractions, carrying rich information about the hand’s
shape and the objects it interacts with. The information captured
by the two microphones goes through a deep learning inference
system that recovers hand poses and identifies various everyday
hand activities. Results from the two 12-participant user studies
show that EchoWrist is effective and efficient at tracking 3D hand
poses and recognizing hand-object interactions. Operating at 57.9
mW, EchoWrist can continuously reconstruct 20 3D hand joints
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with MJEDE of 4.81 mm and recognize 12 naturalistic hand-object
interactions with 97.6% accuracy.
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1 INTRODUCTION
Human hands play an essential role in our daily lives. From non-
verbal communication through gestures (e.g., sign language) to
exploring our surroundings through touch and even grasping and
manipulating objects, our hands serve as indispensable tools. Ap-
preciating the signi�cance of these activities involving our hands
not only allows us to better understand our daily lives but also
de�nes its practical applications, particularly in the context of
human-computer interaction (HCI), which spans from passive con-
text awareness to active input methods.

Building systems to track hand activities has been a long-standing
challenge for the research community. This includes continuously
capturing the 3D poses of hands and understanding the context of
their interactions, e.g., what they are interacting with. The chal-
lenge arises due to 1) the highly �exible nature of hands and their
numerous joints, 2) the potential occlusion of the �ngers, and 3) the
interaction with other objects that can change the shape of hands
and obscure them from view. Consequently, understanding hand-
object interactions poses a signi�cant challenge since the system
must possess knowledge of both the hand and the object. As a result,
traditional hand-tracking solutions rely on external cameras to "see"
the entire hand [13, 21, 41, 46, 48, 53, 57, 74, 90]. However, these
methods are often intrusive, power-hungry, or require pre-setup,
making them inconvenient for deployment in everyday life.

In response to these challenges, researchers from the wearable
community have proposed various solutions. As skin-contacting
sensors [1, 10, 12, 16, 24, 31, 39, 40, 45, 60, 65, 66, 86, 87] su�er from
wearing discomfort, other solutions [3,7,22,38,61,64,71,72,79,80]
are limited to recognizing a pre-de�ned set of gestures without
continuous pose tracking capability. In contrast, while wearable
camera-based solutions [18,25,44,78,81] support continuous track-
ing, they experience challenges in power consumption, e.g., 3.6 W
from DiscoBand [9]. This prevents the systems from full-day usage.
Also, privacy concerns from bystanders are raised on these methods
[8, 28, 51]. Besides, most continuous solutions require an obtrusive
device [25, 39, 40, 42, 52, 78, 81] and typically focus on hand ges-
tures without the ability to recognize hand-object interactions. In

summary, existing solutions exhibit at least one of the following
limitations: 1) discomfort from obtrusive form factor, 2) high power
consumption, 3) lack of continuous tracking capabilities, 4) insuf-
�cient consideration of hand-object interactions, and 5) privacy
concerns.

To address these challenges, we introduce EchoWrist, a mini-
mally obtrusive, low-power wristband designed to provide both
continuous 3D hand shape tracking and a nuanced understand-
ing of various hand-object interactions. EchoWrist utilizes active
acoustic sensing, incorporating two pairs of compact speakers and
microphones positioned in close proximity to the skin on each side
of the wrist. The speakers emit inaudible frequency-modulated
continuous waves (FMCW) directed toward the hand, and the re-
sulting sound wave re�ections and di�ractions are captured by the
wristband's microphones, creating distinct patterns corresponding
to di�erent hand poses. We then use a customized deep convolu-
tional neural network (CNN) to continuously deduce the 3D hand
poses represented by the 3D positions of 20 �nger joints while also
classifying various hand-object interactions.

To evaluate EchoWrist's performance in continuous hand pose
tracking and hand-object interaction recognition, we conducted
two user studies, each involving 12 participants. The results indicate
that EchoWrist can continuously track 20 �nger joints with a mean
joint Euclidean distance error (MJEDE) of 4.81mm or mean joint
angular error (MJAE) of 3.79°with a user-dependent (UD) model.
Furthermore, EchoWrist achieves a recognition rate of 97.6% across
12 diverse hand-object interactions, spanning static scenarios, such
as �rmly holding a cup, to dynamic actions involving movement,
such as chopping. In addition, EchoWrist operates at a signi�cantly
lower power consumption compared to prior works [9] of just
57.9 mW, with the sensing modules (speakers and microphones)
consuming only 10.0 mW, enabling full-day usage on standard
smartwatches (e.g., 19 hours with 300mAh battery on an Apple
Watch). Compared with previous work with continuous tracking
capabilities [9, 39, 40], EchoWrist adopts a much smaller size and
less obtrusive form factor.

This paper presents the following contributions:

� We propose EchoWrist, a wireless, low-power, and low-pro�le
wristband that can continuously track 3D hand poses and
recognize hand-object interactions using active acoustic sens-
ing.

� To our knowledge, EchoWrist is the �rst low-power and
low-pro�le wristband that can both track 3D hand poses
continuously and recognize hand-object interactions.

� We evaluated EchoWrist with 3 user studies with 36 partic-
ipants in total to demonstrate promising continuous hand
pose tracking and hand-object interaction recognition capa-
bilities.

� We presented the design considerations and iterations and
further discussed the opportunities and challenges of deploy-
ing EchoWrist at scale.

2 RELATED WORK
The wrist represents an advantageous location for hand sensing
due to its inherent bene�ts, such as minimal interference with
intricate �nger dexterity and reduced susceptibility to external
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object occlusions. We discuss previous wristbands on hand-pose
tracking, gesture recognition, and hand-object interaction sensing.
In addition, we provide a brief overview of sensing techniques using
acoustic signals, which constitute our core sensing method.

2.1 Hand Pose Tracking and Gesture
Recognition

Form factors other than wristbands exist in hand tracking and
gesture recognition, such as gloves [58] and rings [20, 55, 73, 75,
76, 88]. However, wristbands usually create less interference with
daily activities. With the increasing prevalence of smartwatches
and smart bands, wristbands have more advantages for large-scale
deployment. Therefore, we focus on wristband-based methods for
the following discussion.

2.1.1 Discrete Gesture Recognition.Discrete gesture recognition
is relatively less challenging compared with continuous 3D hand
tracking. Researchers have explored various sensors. A heavily
explored direction is using electromyography (EMG), which cap-
tures electric signals from muscle movements [11, 23, 59, 60, 65, 66].
Similar sensors include electric impedance sensing [24, 86, 87] and
ultrasonic imaging [45]. These technologies detect gestures through
internal changes but usually require skin contact and calibration.
Another approach utilizes piezoelectric sensors [1, 10, 16], surface
transducer [82], or high-frequency motion sensors [31], which cap-
ture bio-acoustic signals from wrist and �nger movements. Tech-
nologies based on monitoring local shape changes use less invasive
modalities such as pressure/�exors [7, 38] and capacitive sensors
[61, 64, 70� 72], with some achieving ultra-low-power performance
[72].

Overall, skin-contacting technologies require sensors tightly at-
tached to the skin, potentially causing discomfort over time. There-
fore, contact-free hand-tracking technologies have garnered in-
terest due to their comfort for extended use and promising per-
formance potential. For instance, IMUs have been used on the
palm/wrist [56, 73] or exclusively on smart devices [80] to rec-
ognize gestures. Other methods include proximity sensor arrays
positioned on the wrist [15, 26] or thumb [69], as well as vision
sensors like RGB [78] and IR [37, 44, 81]. Still, due to their limited
precision in capturing hand-pose data, these methods usually rec-
ognize only a few gestures, preventing many potential applications.

2.1.2 Continuous Hand Pose Tracking.Recent advancements make
it possible to track hand poses continuously with a wristband. Re-
cent studies on EMG have shown promising results in recording
continuous �nger movements [39, 40]. However, EMG requires
skin-contacting electrodes, which may not be comfortable for long-
term wearing. In addition, many EMG-based methods usually place
sensors at mid-forearm rather than a wristband, which may com-
promise comfort and convenience. Another promising direction is
using wearable cameras, such as IR cameras [25, 81], thermal cam-
eras [18] and depth cameras [9]. However, they usually have signi�-
cant power requirements and spacing constraints [9,25,81], making
them di�cult to integrate into wearables such as smartwatches. For
instance, DiscoBand [9] operates at 3.6 W while Digits [25] requires
a bulky camera on the palm's side. Compared with previous work,
EchoWrist operates at 57.9mW, and the highest point of the sensors

is 5mm from the skin. EchoWrist provides a fully contact-free low-
power solution that has a minimally obtrusive form factor with
low-pro�le commercial speakers and microphones and provides
continuous tracking capability.

2.2 Hand-Object Interactions
2.2.1 Camera-Based Methods.As cameras o�er a wealth of data, in-
cluding contextual information, the use of a wrist-mounted camera
can simultaneously capture both hand postures and the surround-
ing environment. As a result, wrist-worn camera methods have
been proposed to recognize daily activities [36, 42, 52]. However,
to optimize data quality and minimize occlusion, the camera must
be positioned at a certain distance from the skin, resulting in in-
creased device thickness and potential discomfort. Additionally,
there are concerns about the adequacy of privacy protection. To
address these issues, DiscoBand [9] utilized multiple depth cameras
while consuming high power and being bulky.

2.2.2 Other Sensing Signals.To minimize the occlusion issue, other
signals were analyzed to understand hand activities. Fan et al. [12]
recognized in-hand objects via EMG. Rudolph et al. [64] analyzed
wrist topography to understand hand activities. However, these
methods are sensitive to the grasping postures.

Since hands move to interact with the surroundings, motion-
based methods were proposed. Using inertial sensors, EatingTrak
[85] detected the eating action. Using the multimodel method, Mol-
lyn et al. [47] and Bhattacharya et al. [2] sensed hand activities with
lower power consumption. However, while the research demon-
strates promising results, it remains challenging to track static
interactions with minimal movements.

On the other hand, some research has explored recognizing the
activities based on the vibration pro�le from the contacting ob-
jects. Surface acoustic waves [14] were used to sense the gestures
against objects. ViBand [31] passively utilized accelerometers to
capture bio-acoustic signals, while VibEye [50] actively propagated
the vibration. In addition, Laput et al. [30] leveraged commodity
smartwatches to capture passive bio-acoustic signals. These meth-
ods achieve plausible results in recognizing the in-hand objects.
However, passive vibration methods su�er from recognizing objects
with minimal vibrations, while active vibration methods constrain
the hand postures.

In summary, EchoWrist excels in achieving hand-object interac-
tion recognition through a low-power and low-pro�le wristband
design while minimizing constraints related to interaction types,
objects, and postures.

2.3 Active Acoustic Sensing
Active acoustic sensing emits sound waves using speakers and
receives the re�ected acoustic waves using microphones. These
received re�ected acoustic signals contain rich information, e.g.,
position and shape, about the object that re�ected the signals. This
sensing principle has been widely used as "sonar" in the past. Acous-
tic sensors are widely available on modern computing devices, in-
cluding smartphones, wearables, and smart speakers. Therefore,
much prior research has explored using active acoustic sensing on
these form factors to recognize human activities. Some researchers
explored using active acoustic sensing through surface propagation,
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Figure 2: Pilot studies were conducted with (a) an experimental prototype. (b) An ultrasonic transducer was used for the initial
design, while (c) a commodity speaker was chosen for the later prototype.

which can be used to recognize body contact on surfaces [54] or
touch gestures if combined with air-borne signals [14, 67]. Recently,
researchers have demonstrated the use of active acoustic sensing for
various applications. These include tracking hand gestures through
microphone and speaker arrays on a smart speaker [32], monitoring
facial expressions through earphones [35], tracking eye movements
[33], silent speech [84], mouth activities [68], facial movements
[34], and upper body poses [43] on glasses, understanding silent
speech with headphones [83], recognizing which �nger is interact-
ing with a smartwatch [27], and introducing novel attachments on
phones for innovative interactions [29].

The work aligned most with our work is the active acoustic
sensing used to sense hand gestures. FingerIO [49] tracks 2D �ne-
grained �nger movements around a smartphone or smartwatch.
WristAcoustic [19] achieves gesture recognition for authentica-
tion on smartwatches. AudioGest [63] enables gesture recognition
on a laptop, tablet, or smartwatch. BeamBand [22] achieves ges-
ture recognition on a smartwatch both within-session and across-
session.

In contrast, EchoWrist is the �rst wristband to use active acoustic
sensing to continuously track hand poses and recognize hand-object
interactions. It demonstrates a unique sensing principle that uses
acoustic sensing to capture the shape and position of the wrist
contour and surrounding objects, which machine learning (ML)
models can learn to infer hand poses and recognize hand-object
interactions.

3 SENSING PRINCIPLES AND DESIGN
CONSIDERATIONS

EchoWrist employs active acoustic sensing as its primary sensing
method. In this approach, we use speakers to emit inaudible sound
waves and microphones to receive the re�ections of these emitted
waves. These sound waves propagate from the wrist toward the
palm, �ngers, and the surrounding environment. The skin and sur-
faces of nearby objects act as the re�ection medium for these sound
waves. The waves undergo re�ection and di�raction, eventually
reaching the microphones. Distinct hand shapes and the varying
characteristics of the surrounding environment lead to di�erent
signal paths, resulting in complex multipath echo patterns, which
could be distinguished with customized echo pro�le analysis and
deep learning pipelines.

In order to determine the optimal design for EchoWrist in e�-
ciently tracking 3D hand poses and recognizing hand-object interac-
tions, a series of pilot studies were conducted. We aimed to explore
the limitations of the sensing principle and identify the optimal
setup that balances device obtrusiveness, power consumption, and
performance. Overall, two design considerations were proposed:

(1) Minimally-Obtrusive: Given that wearable devices are typ-
ically worn throughout the day and come into prolonged contact
with the user, ensuring comfort is a prioritized consideration in
the design. Additionally, as our aim is to introduce a wristband, it's
essential to prevent the device from interfering with daily hand-
related activities. It is also vital to consider the social acceptability
of the wearable device and how it can be blended with current
wearables. In summary, to optimize comfort and enhance the poten-
tial for integration with commercial smartwatches and wristbands,
maintaining a minimally-obtrusive design that sits close to the skin
is important. This includes using small and non-skin-contacting
sensors and keeping the system small and low-pro�le.

(2) Low-Power: Wearable devices are generally worn for ex-
tended periods. Moreover, in the case of continuous tracking, the
devices need to remain operational throughout. Therefore, it is
crucial to consider power consumption during design.

Our goal was to �nd the balance between these design consider-
ations and the sensing performance. To achieve the goal, the sensor
type, number, and layout were examined in the studies.

3.1 Speaker Type and Position
An experimental prototype based on Teensy 4.11 with 3D printed
sensor mounts was built to explore sensor con�gurations (Fig. 2 (a)).
The prototype allowed us to manipulate the sensor layout easily.
We connected 2 speakers and 8 microphones to the prototype.

We started with ultrasonic transducers as the signal emitter
(Fig. 2 (b)) for their excellent ultrasonic acoustic characteristics.
We �rst tried to identify the optimal position for the speaker. We
performed a grid search on the speaker position while doing single-
�nger movements (bending one of the �ve �ngers at a time). One of
the researchers collected the data and trained the model as described
in Sec. 4.4.2, and the reconstruction mean joint Euclidean distance
error (MJEDE) was calculated according to the method outlined in
Sec. 4.5. Results (Fig. 3 (a)) indicate that speaker positions under the

1https://www.pjrc.com/store/teensy41.html
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Figure 3: We explored the performance of (a) each �nger in reconstruction mean joint Euclidean distance error (MJEDE) when
the speaker was placed at di�erent positions. Note that the numbers on the x-axis represent positions evenly distributed around
the wrist. The center of the palm side is represented as 0, the one to its right as 1, and so forth. The MJEDE, while adjusting (b)
the height of the sensors, (c) the transmitted signal on the speakers, and (d) the combination of speaker and microphone, were
also examined. The number and position of the speakers and microphones can be referred to Fig. 2 (a).

palm yield the best performance. To maximize the information we
could get with an additional speaker, we placed a second speaker
in its opposite position above the back of the hand to obtain more
diverse information from both sides of the hand.

In these experiments, we also realized that these transducers
had strong directionality, meaning that the emitted sound waves
were mostly directed to the �ngers directly facing the transducer.
These �ngers performed well, while other �ngers did not work well.
This inspired us to choose omnidirectional speakers so that sound
waves could travel in all directions, allowing us to place speakers in
less-obtrusive positions while still covering most �ngers. We ended
up using a commodity speaker, which came in a smaller size as well
(Fig. 2 (c)).

3.2 Sensor Height
Next, we conducted a quantitative study on the sensor height. We
chose three heights, placing the sensors 13 mm, 9 mm, and 5 mm
from the skin (measured from the skin surface to the outermost
point on the sensor). With the last con�guration, the lower edge
of the speaker almost touched the skin since the speaker's diame-
ter was 5 mm. Two researchers conducted the experiments, doing
a series of pre-de�ned single-�nger movements and complex �n-
ger gestures, respectively. The average performance of the three
speaker heights was very close (Fig. 3 (b)). Since no strong decrease
in performance was observed, we chose a 5 mm sensor height for
the �nal prototype. This allows EchoWrist to adopt a low-pro�le
form factor that can be easily integrated into commercial smart-
watches or wristbands.

3.3 Number of Sensors
We then moved to optimize the number of sensors. We separated
the emitted signals from the two speakers with di�erent frequency
ranges (18-21 kHz and 21.5-24.5 kHz). This way, we could easily sep-
arate paths from the two speakers on each microphone. The MJEDE
was calculated using data collected from a single pair of a speaker

and a microphone. The layout of 2 speakers and 8 microphones
is speci�ed in Fig. 2 (a), where S1 was placed on the back of the
hand, and S2 was under the palm. Two researchers experimented
with using di�erent channels and their combinations. When only
using one of the 16 channels, results (Fig. 3 (d)) indicated that mi-
crophones close to the speaker yielded slightly better results, but
other positions also worked decently. We attributed this to the use
of omnidirectional speakers combined with the use of echo pro�les
to preserve information maximally. Speci�cally, having the back
speakers improved performance when the hand was bent outwards.
We placed speakers at both the hand's back and palm sides to main-
tain reliable performance when the wrist was at di�erent angles.
To maximize the bene�t of using 2 speakers, we decided to use 2
microphones that are close to the speakers. Compared with having
more sensors, the combination of 2 speakers and 2 microphones
can be easily achieved as digital audio interfaces such as Inter-IC
Sound (I2S) usually come with stereo audio.

We noticed that the cross-path signals (signal traveling from the
palm speaker to the back microphone and vice versa) were ignorable
compared with direct-path signals. Another experiment on using
the same frequency on the two speakers versus using di�erent
frequencies (Fig. 3 (c)) con�rmed that no signi�cant performance
drop could be observed. Allowing the two speakers to send the same
signal can save half of the bandwidth, which can save hardware
cost and size by using mono-channel audio ampli�ers instead of
stereo ones. Therefore, we decided to emit the same signal on the
two speakers in our �nal prototype.

Overall, the �nal prototype of EchoWrist features two pairs of
speakers and microphones strategically positioned on the top and
bottom sides of the wrist, respectively. The inclusion of these two
pairs of sensors allows for the comprehensive capture of echoes
from both sides, thereby providing a wealth of information about
hand gestures and interactions.
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Figure 4: Hardware of EchoWrist. (a) (b) Wearing EchoWrist at the wrist. All components are mounted on a silicone wristband.
(c) Customized PCBs for the microcontroller module and the sensing module. (1) US Quater Dollar coin. (2) Customized PCB
with SGW1110 module (front and back views). (3) 3.7 V 70 mAh LiPo battery. (4) Sensor module with speaker and microphone.

4 IMPLEMENTATION
4.1 Hardware Implementation
EchoWrist uses two pairs of speakers (OWR-05049T-38D) and micro-
phones (ICS-43434) mounted on a low-pro�le silicone band (Fig. 4
(a), (b)). We designed customized printed circuit boards (PCBs) for
the sensing module (Fig. 4 (c)). The two sensing modules are con-
nected via a �exible printed circuits (FPC) cable and then connected
to the customized microcontroller module. The microcontroller
board includes an SGW1110 module (with nRF52840 microcon-
troller), two MAX98357A audio ampli�ers (in the study, only one
was used), plus a power management module with a TPS62743
buck regulator. The entire system is powered by a LiPo battery. The
sensing and microcontroller modules are attached to 3D-printed
cases that can slide along the silicone band to �t di�erent hand
sizes. The cases are printed with thermoplastic polyurethane (TPU)
so that they are soft and comfortable. The weights of the sens-
ing and microcontroller modules are 0.7 g and 1.2 g, respectively.
The weight of the entire system, including the battery, is 16.8 g.
While collecting data, the microcontroller drives the speakers to
emit sound waves and collects echoes from the microphones. The
collected data can be saved on the microSD card with an extended
socket. To support real-time data collection, the collected data can
also be transmitted to a smartphone (Xiaomi Redmi Note 10 Pro)
via Bluetooth low-energy (BLE) operating at 800 kbps. The cap-
tured data are truncated to 8 bits to save bandwidth in this case. No
performance degradation was observed between using full 16 bits
and truncated 8 bits.

4.2 Power Signature
Designed for compact wearable devices such as smartwatches and
wristbands, EchoWrist aims to provide a low-power solution. We
examine the power signature of EchoWrist using a CurrentRanger2.
Results show that when the system is on with BLE transmitting

2https://lowpowerlab.com/guide/currentranger/

data at 800 kbps, the power consumption is 57.9 mW (3.86 V, 15.0
mA).

At the 57.9 mW operation power, EchoWrist can easily last a
full day with a common battery size of smartwatches (e.g., Apple
Watch Series 8 has around 300 mAh battery size3, which should
last 19 hours). If EchoWrist is integrated into the existing hardware
of the smartwatch/wristband, the microcontroller's base power
consumption could be saved since the sensors only operate at 10
mW, leading to an even longer battery life. Note that this calculation
do not consider the power consumption of the operating system
on a smartwatch.

4.3 3D Hand Pose Ground Truth Acquisition
We used MediaPipe [41], which has been widely used in prior
projects [9, 24], to acquire the ground truth of 3D hand shapes.
With MediaPipe, the shapes of the hand are represented by 21
joints, including the wrist (Fig. 5 (a)). Each joint is represented
by 3D coordinates. While recovering the hand shapes, we predict
the coordinates of the 20 joints, excluding the wrist, which is set
as the origin. While recovering the wrist rotation, we predict the
wrist-to-palm vector as illustrated in Fig. 5 (b).

4.3.1 Ground Truth Normalization.For the data collection of 3D
hand pose tracking, we asked participants to remount the device
between sessions and allowed them to relax and move around.
This caused relative position and orientation variances between
the hand and the camera. In addition, MediaPipe may not capture
the size of the hands reliably due to a lack of objects to compare.
To �x these issues, we developed an algorithm to normalize the
ground truth. For each frame, we �rst used MediaPipe to extract
the positions of all hand joints. We then calculated the surface of
the palm represented by vectors¹ ®E5• ®E17º, where ®E5 is the vector
pointing from the wrist to the metacarpophalangeal joint of the
index �nger (joint 5 in Fig. 5 (b)) and®E17 is the vector pointing from

3https://www.xda-developers.com/apple-watch-series-8-and-ultra-battery-size/
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Figure 5: 3D hand pose ground truth annotation. (a) 21 joints detected by MediaPipe. (b) Important vectors used during ground
truth normalization. ®E9 is the wrist-to-palm vector used to represent the orientation of the hand. The plane de�ned by ®E5 and
®E17 is used to align the detected hand with the reference hand. The actual length of ®E17 is measured in the image against the size

of the sensing module to uniform the hand size in each frame.

the wrist to the metacarpophalangeal joint of the little �nger (joint
17 in Fig. 5 (b)). We calculated the rotation matrix that rotated this
plane to the reference plane¹ ®̂E5• ®̂E17º extracted from the reference
posture (Fig. 5(b)). We chose this plane because it remained largely
static even when the user was performing complex gestures. For
each participant, we also measured the length of®E17 as against the
size of the sensing module. We normalized each frame so that the
length of ®E17 was equal to the measured value (Fig. 5 (b)). While
recovering the wrist rotation, ground truth normalization was not
applied so that the wrist rotations were faithfully recorded.

4.4 Data Processing and Deep Learning
Pipelines

4.4.1 Echo Profile Analysis.We employed the Frequency Mod-
ulated Continuous Wave (FMCW) echo pro�le analysis as the
sensing method, which has demonstrated promise in previous
works [35, 77, 84]. With a sampling rate of 50 kHz, we used a
frequency range of 18-21 kHz, which was chosen to be inaudible
for humans and later raised to 20-24 kHz to further reduce audi-
bleness. The signals of one frequency sweep are denoted as one
FMCW frame. To eliminate other frequencies, we applied an 18-21
kHz (or 20-24 kHz) bandpass �lter. Subsequently, cross-correlation
between transmitted and received signals was performed to obtain
echo pro�les, which are formed by temporally stackingecho frames
and represent the re�ection strength of signals traveling from paths
with certain distances. Using the current echo pro�le to subtract
the previous one producesdi�erential echo pro�les, which elimi-
nate static re�ections and focus on moving objects. Fig 7 illustrates
various hand gestures and their corresponding echo pro�les. Both
original and di�erential echo pro�les were employed to capture

both movements and the static status of the hand and surround-
ings. The echo pro�les were cropped to concentrate on distances of
interest. For hand tracking, we used 72 pixels (24.6 cm) to focus on
the hand, and for hand-object interactions, we used 88 pixels (30.2
cm) to encompass the hand's surroundings.

4.4.2 Deep Learning Inference.After obtaining the echo pro�les,
the information related to the hand postures is represented by
a 2D image-like array. Due to its wide application and success in
image processing, we used a customized deep Convolutional Neural
Network (CNN) model to infer the 3D hand shapes or hand-object
interactions. We stacked the original and di�erential echo pro�les
in channels. For hand pose tracking, we employed a shorter window
length of 72 (0.864s) to predict the hand shapes at the last moment
of the window. For hand-object interactions, we incorporated a
greater temporal context by employing a longer window length of
1050 (12.6s) since the activities are more intricate. In our pilot study
with the researchers, we observed signi�cant variability in the time
taken to complete each hand-object interaction. To accommodate
this variability and prevent information loss, a larger window was
utilized. This resulted in input sizes of72� 72� 4 and1050� 88� 4,
respectively.

The model architecture incorporates a ResNet-18 [17] backbone,
followed by an average pooling layer, a dropout layer (with a
dropout rate of 0.8), and a fully connected layer. In the task of
recovering the 3D hand shapes, the output shape is 60, correspond-
ing to 20 3D coordinates. The wrist is not included in this output
as it serves as the origin. In the case of wrist rotation recovery, the
output shape is 3, representing the wrist-to-palm vector. To priori-
tize the joints with larger errors, the model employs Mean Squared
Error (MSE) loss. During the training process, Adam optimizer is
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