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Abstract—Non-intrusive hand tracking with mmWave radar
technology is important in various Human-Computer Interaction
(HCI) scenarios. However, existing mmWave-based solutions re-
quire users to be stationary and restrict a fixed hand motion area,
which limits application flexibility and user experience. This paper
proposes a novel mmWave-based Mobile Hand Tracking (MH-
Track) system, which tracks user’s hand gestures during walking.
MHTrack focuses on tracking both absolute hand trajectory in
the global coordinate system and relative hand trajectory to the
body. Specifically, we propose a wake-up mechanism for hand
motion capture, in which hand point cloud can be recognized even
under body interference and noise. We propose a hand tracking
strategy named local spatial update, which overcomes the sparsity
and instability of point clouds, to obtain absolute hand trajectory.
Subsequently, we propose a hand anchor correction method to
suppress anchor offset and remove the impact of body movement
from absolute hand trajectory, thereby obtaining relative hand
trajectory. As a case study, we project the relative hand trajectory
onto a 2D image and feed it into a gesture recognition model to
recognize the gestures. We conduct extensive experiments to evalu-
ate the performance of MHTrack. Results demonstrate a 3D hand
trajectory tracking error of 3.6 cminanareaof 3.2 m X 4.8 m
and a gesture recognition accuracy of 99 % with 30 gesture classes.

Index Terms—mmWave radar,
recognition, wireless sensing.

hand tracking, gesture

I. INTRODUCTION
A. Motivation & Problem Statement

OBILE hand tracking and recognition have long been a

popular topic in human-computer interaction. First, hand
tracking and recognition can be applied in various scenarios,
such as turning off a phone alarm or answering calls without
picking up the phone [1], recognizing sign language used by peo-
ple with hearing and speech differences [2], or swiping screens
on a wall display [3]. There have been many solutions using
wearing devices, computer vision, or wireless sensing tech-
niques. Placing wearable devices such as Inertial Measurement
Unit (IMU) [4], [5] and Surface Electromyography (SEMG) [6]
on bodies may be uncomfortable for users. Computer vision-
based methods [7] operate by obtaining clear visual images,
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Fig. 1. Mobile hand tracking with MHTrack.

which suffer from the risk of privacy leakage and do not function
well in dark environments. In RF technology field, RFID has
gained attention due to its low cost and simple structure [8],
[9], but RFID tags are susceptible to interference, lack accuracy,
and sometimes need to be attached to the sensing target. Besides,
given the existing well-established infrastructure, many studies
utilize WiFi’s Channel State Information (CSI) for gesture sens-
ing [10], [11], [12], [13]. However, due to the longer wavelength
and lower spatial resolution of WiFi, environmental changes
and the presence of other mobile individuals pose significant
challenges to the sensing precision. Similar to WiFi, Bluetooth
also faces the problem of low resolution caused by its low
frequency. In contrast, mmWave radar is flexible in deployment
and can offer better spatial resolution with its high frequency and
large bandwidth, enabling more accurate gesture reconstruction.
However, existing mmWave hand sensing techniques require
users to remain physically stationary in one place and cannot
cope with the moving body state, resulting in application limita-
tions in user mobility scenarios. Overcoming this limitation can
realize a more natural and comfortable interaction experience,
which serves as our motivation. For example, in a typical living
room scenario, one could perform a gesture mid-walk towards
the balcony to open the curtains in advance, avoiding the cumber-
some process of “walk-stop-perform gesture-continue walking”.
In summary, this paper studies the problem of mobile hand
tracking using mmWave radar, which can be formally defined
as follows:

As illustrated in Fig. 1, a user moves one hand in the air while
walking in a room setting. We collect mmWave data, and want to
know (1) the absolute hand trajectory in the global coordinate
system and (2) the relative hand trajectory to the body.
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B. Limitations of Prior Art

The works closely related to this paper can be generally
classified into two categories: hand tracking [14], [15], [16],
[17] and gesture recognition [18], [19], [20], [21], [22]. Gen-
erally, these methods have the following limitations. (1) Hand
tracking methods usually restrict hands to a fixed small area
near mmWave radar to prevent the hand point cloud from
being overwhelmed by interference such as body point cloud,
which, however, renders inconvenience for users. (2) Gesture
recognition methods usually rely on signal signatures such as
point cloud, temporal spectrum and heatmap streams, which
are very sensitive to the environment. Hence, they often require
extensive data acquisition and additional training to adapt to new
gestures or environments. (3) A common limitation of these two
categories of methods is that none of them can support the cases
of mobile users. Additionally, human imaging methods [23],
[24] based on deep learning techniques can effectively estimate
human body morphology and can also be used for hand tracking.
However, these methods have the following limitations: (1) In
terms of development workflow, they require a complex and
time-consuming training process. (2) Regarding deployment
generalization, their performance in new environments may
decline due to insufficient generalization capabilities. (3) In
terms of algorithm performance, they focus more on the overall
accuracy of all body joints, lacking precise tracking of the hand
joint.

C. MHTrack in a Nutshell

To overcome the limitations of existing work, we propose
a mmWave-based Mobile Hand Tracking system, MHTrack,
which supports user movement and one-shot learning of new
gestures. The basic framework of MHTrack consists of the
following two modules. (1) Absolute hand tracking: We first
generate Range-Azimuth (RA) point clouds and use them to
implement standard point target tracking to obtain the user’s
body movement trajectory. During body tracking, when the user
moves one hand in the air, a hand point cloud appears around the
body. At this moment, the hand tracking module is awakened
to capture the hand movement. The resultant sequence of hand
tracking represents the hand’s absolute positions in space, which
we call the absolute hand trajectory. (2) Relative hand tracking:
To remove extra hand displacement caused by body movement,
we remove the body trajectory from the absolute hand trajectory
to track the relative hand trajectory, which represents the hand
position change relative to the user and can be understood as
a gesture. Then, we project the relative hand trajectory onto a
panel to obtain a 2D gesture pattern and take gesture recognition
as a case study, which achieves quick extension for new gestures
by building a two-branch siamese network.

D. Challenges & Solutions

We need to address the following three major technical chal-
lenges when implementing the MHTrack system.

The first challenge is how to accurately capture hand data with
unknown hand motion timing. The hand tracking module may
be incorrectly woken up due to ghosting point clouds caused
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by noise. For this practical issue, many works have proposed
solutions, such as finding motion frames by monitoring the
presence of dynamic objects in the radar detection range [18],
or setting energy thresholds based on the reflection strength
of predefined gestures [25]. However, none of these existing
methods can cope with the scenario where the user is moving and
the gesture category is unknown. To this end, we propose a new
method called credibility-based wake-up detection. Compared
to noise, reflections from human hand should be more stable.
Therefore, when a point cloud frequently appears around the
human body and satisfies a predefined criterion, we consider
it to be a hand. Then, through a state transition mechanism
that includes four states and two conditions, we determine the
starting and ending points of a gesture during hand tracking,
which enables us to extract meaningful gesture data from the
continuous stream of mmWave data.

The second challenge is how to accurately update the hand
position with dynamic and interference-prone radar detection.
Due to the instability and sparsity of point clouds generated
by mmWave radar, close proximity of the hand to the body
can result in the mixing of their point clouds. Regardless of
whether the body is in motion, the point cloud continuously
changes, making it nearly impossible to regard the human body
as a rigid object and recognize hand motion by a background
subtraction method. The dynamic reflections of human body
severely disrupt the continuity of the hand point cloud. To solve
this issue, we propose a local tracking strategy based on spatial
update. We define a local candidate space near the human body
with reference to the historical hand position, and extract the
highest-intensity point in the space for stable and continuous
hand tracking.

The third challenge is how to correct gesture offset caused by
non-ideal movement. We define the hand anchor as the center
around which the person performs a gesture. The offsets contain
two types: anchor offset due to non-ideal human movement, and
projection offset due to direction deviation in performing the
gesture. For the former, it is a new problem arising in scenarios
involving human movement. Due to the offset between the
macroscopic motion trajectories of the body and hand, directly
subtracting the body trajectory from the absolute hand trajectory
cannot accurately yield the relative hand trajectory. We propose
an anchor correction method. Based on radar position and body
trajectory, we infer a series of hand anchors to calculate relative
hand coordinates, and then correct all anchors to get the gesture,
i.e., relative hand trajectory. For the latter, we search for the
optimal 2D virtual panel by maximizing the relative trajectory’s
projection area.

E. Novelty & Advantages

To the best of our knowledge, this paper is the first to study
mmWave-based single-hand tracking for mobile users. The
novelty of our work is mainly in the following three aspects:
(1) Through the credibility-based wake-up detection and state
transition mechanism, we overcome the noise interference and
the uncertainty of gesture execution timing, realizing effective
hand motion monitoring and extraction. (2) We propose the
local spatial update and anchor correction techniques to mitigate
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TABLE I
COMPARISON OF HAND TRACKING METHODS

Method Technigue Range  Error  Dimension  Mobility
EasyTrack [10] ‘WiFi 1.5m 0.9cm 2D NO
CentiTrack-3D [11] WiFi 1.5m 2.9cm 3D NO
mmWrite [16] mmWave 3m 4cm 2D NO
AirWrite [17] mmWave 3m 1.6cm 2D NO
MHTrack mmWave 4m 3.6cm 3D YES

TABLE II
COMPARISON OF GESTURE RECOGNITION METHODS

Method Range  Category  Accuracy  One-shot Learning  Mobility
DI-Gesture [18] 1m 7 98.56% NO NO
Xie et al. [19] 2.4m 19 82.18% NO NO
Pantomime [3] 3m 21 94.05% NO NO
Wu et al. [20] 3m 10 96.5% NO NO
Tesla-Rapture [21] 4m 21 95.95% NO NO
mTransSee [22] 4.8m 5 96.7% NO NO
MHTrack 4m 30 99% YES YES

point cloud instability and gesture offset caused by non-ideal
movement, achieving reliable hand tracking while the user is
moving. (3) We construct a two-branch siamese network to rec-
ognize gestures, enabling model training with zero radar data and
one-shot learning for new gestures. Our MHTrack system has the
following main advantages over previous work: (1) Compared
to existing hand tracking methods, MHTrack does not restrict
a fixed area of hand motion and can well support user mobility
with a hand tracking error of 3.6 cm within 4 m distance to
radar, enhancing the deployment flexibility and user experience.
A more thorough comparison of state-of-the-art hand tracking
methods is shown in Table 1.

(2) Compared to existing gesture recognition methods, MH-
Track can quickly adapt to a new gesture with only one data
sample, which can greatly reduce the data collection burden
on users for registering new gestures. In the experiment of
registering 30 new gestures, the recognition accuracy is 99%,
which also proves the superior tracking performance of MH-
Track. A more thorough comparison of state-of-the-art gesture
recognition methods is shown in Table II.

(3) Compared to deep learning-based human imaging meth-
ods, MHTrack’s hand tracking does not require model train-
ing, demonstrating excellent generalization capability and en-
abling plug-and-play functionality in various scenarios. More-
over, MHTrack fully utilizes the high spatial resolution of
mmWave radar to maintain the precision and continuity of
hand trajectory, achieving superior hand-tracking performance.
In summary, MHTrack can realize outstanding performance in
multiple dimensions simultaneously, including sensing range,
tracking error, recognition accuracy, new gesture extension and
user mobility support, which has not been achieved in existing
works.

II. SYSTEM OVERVIEW

This paper mainly addresses a practical need to implement
mmWave hand tracking while the user is moving. To this end,
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the MHTrack system is proposed and it consists of two parts:
a mmWave radar and a backend server. The radar continuously
monitors the sensing area and returns the collected data to the
backend server. Then, the backend server uses the collected data
to track the absolute hand trajectory in the air or further convert
itinto a relative hand trajectory, which is determined by different
sensing tasks.

MHTrack for absolute hand tracking: As shown in Fig. 2,
in the stage of data collection, the mmWave radar mixes the
Received signals (Rx) with the Transmitted signals (TX) to obtain
the Intermediate Frequency (IF) signal, which is sampled and
sent to the sensing terminal for processing. The sensing terminal
first performs standard point target tracking based on RA point
clouds to capture the user’s body movement trajectory. Concur-
rently with body tracking, we design a credibility-based wake-up
scheme to avoid noise interference and correctly activate the
hand tracking. Then, we propose a local spatial update strategy
to search for hand position, which overcomes the disappearance
of the hand point cloud caused by the sparsity and instability,
achieving continuous and stable hand tracking.

MHTrack for relative hand tracking: The purpose for obtain-
ing the relative hand trajectory, i.e., gesture pattern, is to treat it as
a command for device interaction, and we assume it is executed
on a 2D virtual plane. Based on the absolute hand trajectory, we
can further track the relative hand trajectory by body movement
removal. During this process, we propose an anchor correction
method and a complete state transition mechanism to solve
the problems of anchor offset and unknown timing of gesture
execution. Finally, we propose an area-based projection method
to obtain the 2D gesture pattern and take gesture recognition as
a case study in which we realize user-configurable recognition
by building a two-branch siamese network model.

Coordinate system definition: In the process of tracking hand
movement, we define the following coordinate system in this
paper: the radar horizontal plane is parallel to the ground in
the description and experiment of this paper. Taking radar as
the origin, the x-, y-, and z-axes are perpendicular to the radar
vertical plane, antenna array plane, and ground, respectively. The
definition of azimuth follows the right-hand screw rule along the
z-axis.

III. ABSOLUTE HAND TRACKING

Tracking the absolute hand moving trajectory in the air has
many application scenarios. For example, in a virtual reality
game, the user’s immersive experience can be enhanced by
tracking the real hand trajectory to synchronously control the
moving trajectory of virtual objects. In this section, we provide
the detailed process of absolute hand trajectory tracking.

A. Body Tracking

To support user moving, we perform body tracking to respond
to their position change, thereby achieving precise and reliable
hand tracking.

1) Data Collection: The mmWave radar sensing relies on the
Frequency Modulated Continuous Wave (FMCW) chirp signal
and its frequency increases linearly with time. The Tx signal
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can be expressed as S;(t) = Aexp(j(2m fot + T21% + ¢0)),
where A, fy, B, T and ¢ respectively represent the amplitude,
start frequency, sweep bandwidth, chirp duration, and phase
offset of the Tx chirp signal. Assuming the distance between
the target and the radar is R and the speed of light is c, the
delay of the Rx signal relative to Tx signal is 7 = 2R/c. The
Rx signal can be expressed as S,(t) = aS;(t — 7), where «
represents the signal attenuation factor. By mixing S,.(¢) and
S¢(t), we get the IF signal S(t) = A;pexp(j(2n frrt+prr)) =
Arpexp(j (27r2BRt+4”Rf°)), where Ajp, frr and @rp re-
spectively represent the amplitude, frequency, and phase of the
IF signal.

2) Human Detection. Range detection: Reflected signals
from all distances within the sensing area are mixed, and tar-
gets at different distances cause different frequency compo-
nents in the IF signal. We first apply a Fast Fourier Trans-
form (FFT) to convert the signal from the time domain to
the frequency domain, which is a process known as Range
FFT. Then, we analyze the spectrum to determine the reflected
intensity at different distances to obtain the information of
target distance. During the process, we suppress spectral leakage
caused by non-integer-period sampling by applying a Hanning
window.

Static clutter removal: Reflections from static objects can
cause serious interference in detecting dynamic targets. There-
fore, we employ the vector mean-canceling algorithm to filter
out static clutters. The method first calculates the average value
of each chirp in a frame, and then subtracts it from each chirp.
While suppressing static targets, the method can preserve a
high Signal-to-Noise Ratio (SNR) for dynamic targets, which
is suitable for human detection.

Azimuth estimation: To obtain the specific position of the user,
we also need azimuth information. In this paper, we use the
Capon beamforming algorithm, which can accurately estimate
the direction of signal sources and has a strong ability to suppress
clutter interference. Given a distance I and a direction #, we can
calculate the signal intensity from 6 by Pr o = 1/(all C; ag),
where Cr, is the covariance matrix containing signal and noise
variance information corresponding to distance R, and ay is the
steering vector representing the phase difference of the signal
from @ arriving at each antenna unit. Specifically, for a uniform
linear array with half-wavelength spacing and N channels, ag =
[1,exp(—jmsind), . .., exp(—jn(N — 1)sinf)]?. By scanning
the azimuths of interest and calculating the intensity for each
RA bin, we obtain the Range-Azimuth Map (RAM).

Point cloud generation: Next, the Cell Averaging Constant
False Alarm Rate (CA-CFAR) algorithm is applied to generate
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RA point clouds from RAM. The algorithm creates a 2D window
around each RA bin and calculates a threshold based on the
signal intensity of other bins within the window to adaptively
detect whether the target bin has a reflected object. CA-CFAR
does not require preset thresholds, which makes it adaptable
to different background noise conditions and thus improves the
robustness of target detection.

Point cloud clustering: Considering that the distribution of
human point clouds at different distances and angles is somewhat
different, we choose the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm for point cloud
clustering. DBSCAN does not need to know in advance the
number of classifications, i.e., the number of clusters, but rather
groups points based on their density relationships in space,
which is ideal for human body point clouds of different shapes
and sizes. In this paper, we set the scanning radius to 0.25 m
and the minimum number of included points to 14 for body
clustering, and then we calculate the centroid of each cluster
with point cloud intensity used as the weight.

3) Centroid Association: Performing human detection at
each frame, we can obtain the human position at each moment.
When there are multiple persons in the sensing environment,
it’s necessary to associate point cloud clusters with trajectories,
which boils down to an optimal assignment problem. In this
paper, we first compute the distances between cluster centroids
and last trajectories, and then use these distances as the cost
matrix of Hungarian algorithm to find the minimum matching.
Performing such association and position update in each frame,
we obtain the movement trajectories of multiple persons.

B. Tracking Wake-Up

As a person extends their hand, the point cloud of the hand
appears around the body, and then the system starts tracking the
hand. However, in addition to the hand, the scattered point cloud
around the body may also be noise. To avoid wrongly waking up
the system, we propose a credibility-based detection algorithm
to distinguish between the hand and noise, which is implemented
by the following three steps.

1) Re-Clustering: We assume that the hand is some distance
away from the body during the gesture execution. At this time,
hand reflection points are likely to appear as outlier points
around the body in body clustering. We perform fine-grained
re-clustering of these outlier points through DBSCAN with its
scanning radius of 0.15 m and the minimum number of included
points of 1. Then, we compute the centroids of these clusters
obtained by re-clustering and designate them as candidate points.
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2) Legal Zone Establishment: To identify the hand among
the candidate points obtained after re-clustering, we first filter
them based on their positions. As shown in Fig. 5, we set a
distance limitation of 0.8 m with the human body as the center,
and then draw two boundary lines based on the body’s lateral
coverage, both of which are parallel to the radar-centroid line.
Combining the lateral and distance limitations, we establish a
legal zone. Then, we discard the candidate points outside it.

3) Credibility Check: For each candidate point within the
legal zone, we define a credible zone as a circular area centered
on the point with a radius of 0.2 m. In the next frame, we apply
the same process to obtain new legal candidate points. If a new
candidate point falls within the credible zone of a old candidate
point, it replaces the old point and inherits its appearance count
after being incremented by one. In our implementation, a point
is considered as a hand if its appearance count reaches 3 within
a time window of 5 consecutive frames.

Please note that, the legal zone is updated frame by frame
as the body moves, and we update the credible zone with the
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latest candidate point. Therefore, users do not need to keep their
bodies still to complete the wake-up process.

C. Hand Position Update

1) Local Spatial Update: Due to the interference of human
movement and the surrounding environment, as well as the
instability and sparsity of the point cloud itself, the hand point
cloud may disappear during the hand tracking process, thus
resulting in tracking errors. Therefore, we propose a tracking
method named local spatial update. The method first generates a
local space near the body based on the historical hand position,
and then extracts the highest-intensity point within the space
to achieve continuous update of hand position. As shown in
Fig. 3, centered on the polar coordinate (range, azimuth, ele-
vation) of the current hand position, we extend a local cube
space in which we search for the hand position for the next
frame. The establishment of the local space involves three di-
mensions (range, azimuth, elevation), and we extend two range
bins in each dimension. Assuming the current hand position in
spherical coordinates is (R, «, 3), the new local space in three
dimensions can be expressed as [R — d, R + d|, [« — 6, a + 6],
and [ — 0, 8 + 6], where d represents the range extension for
each side, and f = arctan(d/R) denotes the angular extension
for each side. Based on the established local space, directly
searching the hand position in it is a straightforward way, but
traversing each spatial bin of the local space to search for the
highest-intensity point requires performing more 2D beamform-
ing, which is computationally burdensome and inefficient. As-
suming the local space has dimensions of n X n x n, the time
complexity of direct search is O(n?), while the two-step search
reduces the complexity by an order of magnitude to O(n? + n).
Therefore, we perform range-azimuth estimation followed by
elevation estimation. In contrast, this approach can significantly
reduce the computation while guaranteeing the localization
accuracy.

2) Range-Azimuth Estimation: According to the range and
azimuth settings of local space, we extract the results of Range
FFT and re-perform 1D Capon to obtain local RAM. Then, we
use the RA bin with the highest intensity in the local RAM
as a new 2D position for the hand. There are two reasons for
re-performing the Capon beamforming. First, different from the
body which is a reflector with a large area, the reflection area of
the hand is small and its reflection intensity is weak. Especially,
when the hand moves slowly or is still, its reflection is easily
filtered by static clutter removal. Therefore, we need to utilize the
signal that is not processed by static clutter removal to calculate
the RAM focusing on the hand. Second, hand tracking requires
higher spatial resolution than body tracking, therefore we need
to improve the angular granularity in beamforming to obtain a
more accurate hand position.

3) Elevation Estimation: Then, we perform 2D Capon beam-
forming for the highest-intensity RA bin to estimate the hand’s
elevation. Compared to 1D Capon, the key difference lies in
calculating the phase offset of the steering vector. Given a
certain azimuth ¢ and elevation «, when an array unit is located
N, and N, half-wavelengths away from the reference unit in
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horizontal and vertical dimensions, respectively, its element in
the steering vector is exp(—jm (N, sin 0 cos y+ N cos 0 sin))
We calculate the signal intensity for each elevation in the RA arc,
and then select the highest-intensity elevation as the hand. Now,
we can get the 3D coordinates of the hand by the transformation
from the polar coordinate system to the Cartesian coordinate
system.

IV. RELATIVE HAND TRACKING

Tracking the hand moving trajectory relative to users also has
many application scenarios, such as controlling home devices
through gesture recognition, and this section aims to obtain the
relative hand trajectory.

A. Body Removal

To obtain the relative hand trajectory, we subtract the body
displacement from the absolute hand trajectory. Assume that
MHTrack starts to perform hand tracking from the i-th frame.
We denote the body coordinate as B; and the hand coordinate as
H,, and then the relative hand position of the ¢-th frame can be
expressed as G; = H; — B;. By performing such a subtraction
operation on all points of the absolute hand trajectory, we can
obtain the relative hand trajectory without body movement.
However, non-ideal body movement may cause tracking errors.

As shown in Fig. 4, when the person’s coverage azimuth
significantly changes as they move, the movement trajectory
of the hand anchor is inconsistent with the body, which can
cause an offset of the relative trajectory. In order to overcome
the offset, we propose a hand anchor correction method. The
hand anchor is defined as the reference center when the user
performs a gesture, i.e., the hand position when the user naturally
reaches toward the radar. Denote the radar position as O and
the length of the extended arm as L, which is determined by
the distance between B; and H;. Then, we select a point A;
on the segment OB;, located at a distance of L from B;, as
the hand anchor for the i-th frame. Thus, the trajectory offset
caused by azimuth is included in A; and can be eliminated by
G; = H; — A;.Based on the hand anchors, we can get a relative
hand trajectory Gges = [Gi, Git1, . . .| without offset.

Taking "« as an example, Fig. 6(a) shows the raw absolute
hand trajectory, while Fig. 6(b) and (c) illustrate the relative hand
trajectory before and after the anchor correction, respectively.
We can visually appreciate the effective contribution of the
proposed anchor correction method in addressing gesture offset
and obtaining accurate gesture trajectories.
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B. State Transition

In practice, the time interval during which a person performs
the target gesture is unknown. In order to identify the starting and
ending points of a gesture, MHTrack requires the user’s hand to
pause 0.5 s in the air before and after performing the gesture.
Note that the pause is measured through the relative hand tra-
jectory and is not affected by the body movement, allowing the
user to perform this action while walking. We define two hand
conditions, still and move, which are judged by calculating the
coordinate variance of the relative hand trajectory. We use a time
window of 0.5 s to calculate the coordinate variances along the
X, y, and z axes, respectively. When the three variances are all
less than a threshold, the hand is considered to be still, otherwise
it is moving. We design a state transition mechanism to monitor
the hand movement state. The mechanism is depicted in Fig. 7,
which includes the following four states.Activated: After being
woken up, MHTrack enters this state to start tracking the hand.
Stagnant: When the hand keeps relatively still, the system enters
this state to indicate that the user is about to start performing a
gesture. Captured: The system enters this state from stagnant
state when there is a significant displacement of the relative
hand position. Finished: When the hand keeps relatively still
again, indicating that the gesture execution is finished.

C. Gesture Pattern Generation

1) Trajectory Projection: In order to obtain a gesture pattern
from the relative hand trajectory, we need to project the trajectory
onto a virtual panel. We calculate the geometric center C' of the
relative hand trajectory and thus obtain a vector v =0 — C
connecting the hand trajectory to the radar position O. Then,
the relative hand trajectory is projected onto a plane which
is perpendicular to v, and we obtain a 2D gesture trajec-
tory by coordinate transformation, which we call the gesture
pattern.

2) Optimal Projection Search: The direction deviation when
performing a gesture may cause projection offset, e.g., the de-
viation of the normal vector of the actual drawing plane from
v, leading to distortion of the gesture pattern. For this reason,
we propose an area-based approach to search for the optimal
projection, the basic idea of which is to maximize the area of
the projected gesture pattern. We use v as a reference to traverse
different normal vector directions within a small angle range to
obtain candidate projection panels. For the 2D gesture pattern
obtained in each projection direction, we calculate the product
of its horizontal and vertical spans to represent its area, and then
select the one with the maximum area as the best. For the gesture
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Fig. 8. Illustration of the image processing. In the optimal projection search-
ing, (c) is better than (a) and (b). (d) shows the image standardization.

”a”, Fig. 8(a)~(c) illustrate some results during the process of
optimal projection search, among which Fig. 8(c) is better.

3) Image Standardization: Personal habits, as well as the
distance and angle at which the gesture is performed, may affect
the size of the gesture pattern. To reduce the difference between
the same gestures, we achieve gesture standardization through
image cropping. As shown in Fig. 8(d), we crop the image
according to the size and geometric center of the gesture pattern
to ensure the pattern always lies in the center region of the image
regardless of its actual size. The standardization effect can also
be visualized in Fig. 8(a)~(c).

D. Gesture Recognition

Based on the gesture pattern, we can implement many applica-
tions. In this paper, we choose gesture recognition as a case study.
Traditional supervised Convolutional Neural Network (cNN)
pipline with a single sample input and fixed output categories
can recognize well, but it needs to collect numerous training
samples for each new gesture pattern. In order to support users
to quickly register the gestures they want to recognize, we build
a two-branch siamese model ESNet (EfficientNet & Siamese
Network) with excellent gesture scalability. We use EfficientNet
with shared weights as a feature extractor to get the features
of two inputs, and then analyze the feature differences through
multiple Fully Connected layers (FC) to determine whether they
are the same. The ESNet serves user’s personalized gesture
needs through two stages: (1) One-shot Gesture Registration:
for a new gesture, the user only needs to perform it once to
complete the following registration process: MHTrack collects
the mmWave signal data to generate a gesture image, and puts
the image into the gesture database. (2) Gesture Recognition:
for the new gesture performed again later, MHTrack generates a
gesture image and searches the gesture database by calculating
the similarity to get the recognition result. Next, we introduce
the EfficientNet, siamese network and specific implementation
details of ESNet.

EfficientNet [26]: is an efficient cNN architecture that can
achieve good performance across various tasks and computa-
tional resource constraints. In our task, we modify its final fully
connected layer to extract gesture features.

Siamese network [27]: is a network structure for metric learn-
ing. Its main idea is to learn the feature differences of sample
pairs to determine their similarity. Such a learning way provides
support for quick extension of new gestures.

Implementation details: As depicted in Fig. 9, ESNet receives
two images as inputs which are respectively fed into EfficientNet

P
[J > efficientnet > & — sigmoid
:L/t = XX :E:
Inputl | “----g----- -
shared|weights
! L [ c ! Output Similarity
I L L 1 1 1
D > EfficientNet = £ ——
e -
| R B S Feature Difference
nput 2 .
- Analysis
Feature Extraction
Fig. 9. Structure of ESNet for gesture recognition.
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Fig. 10.

Experimental environment.

for feature extraction, and two one-dimensional feature vectors
u and v are obtained through the Flatten layer. Subsequently,
the distance between corresponding elements of u and v is
computed as the feature difference between the two inputs.
Finally, this difference is processed through two FCs followed
by a Sigmoid function to produce a numerical value between 0
and 1, which represents the similarity between the two inputs.
We implement ESNet using the PyTorch framework. Regarding
training parameters, we set the learning rate to 10~3, optimizer
to Adam, and loss function to BC EWithLogitsLoss. To
alleviate the burden of collecting training data, we train our
model using the Omniglot [28] dataset and partition it into a
training set and a validation set in a ratio of 9:1. We ensure
that the model has never seen mmWave gesture data during
training. The training epoch is 20, and we choose the best epoch
as the final model based on the performance of loss function and
accuracy.

V. PERFORMANCE EVALUATION

In this section, we conduct a series of experiments on both
hand tracking precision and gesture recognition accuracy to eval-
uate the performance of the proposed MHTrack system. Each
participant is fully informed about the experimental content and

purpose.

A. Setup

1) Environment and Equipment. Environment: The default
experimental environment is shown in Fig. 10.

We utilize floor tiles with a side length of 0.8 m as a reference
for experimental design. The overall sensing area is 4.8 m x
4 m and the distance between the radar and the sensing area is
1.6 m. The antenna array is positioned at a height of 1.3 m and
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B. Evaluation of Tracking Precision

In this section, we first evaluate the tracking precision of
absolute hand trajectory under different positions and human
body states, and then validate the effectiveness of the proposed
local tracking scheme. Due to the limited number and field

Fig. 11.  The hand tracking performance of MHTrack when the subject stands still.
TABLE III
MMWAVE RADAR PARAMETERS
Parameter Start Freq Freq Slope Ramp Time Sample Rate
Value T1GHz 100M Hz/us 40us 72MHz
Parameter ~ Sample Freq Chirp Peroid Chirp Num  Frame Period
Value 256 50us (x6Tx) 128 (x6Tx) 40ms

vertical to the ground. Four Motion Capture (MoCap) cameras
are positioned on either side of the radar at the same height as
the radar and spaced 1.2 m apart.

Hardware: (1) mmWave radar: The TI MMWCAS-RF-
EVM [29] is deployed for mmWave radar signal collection. The
enabled antenna array is 6Tx8Rx, and the specific configuration
parameters are listed in Table III.

(2) MoCap device: We deploy four Pluto 1.3C [30] MoCap
cameras, which provide a 3D tracking precision of ~ 1mm, to
obtain the ground truth of hand tracking. The coordinate systems
of radar and MoCap are aligned by the L-BFGS-B optimization
algorithm.

Software: The data collection for the mmWave radar and
MoCap is controlled by the official software, mmWave Studio
and NOKOV, respectively. Subsequent data processing algo-
rithms and network models are implemented through MATLAB
R2022b and PyTorch, respectively.

2) Performance Metric. Tracking precision: We first focus on
the tracking precision of 3D absolute hand trajectory. The subject
draws hand trajectories in a clenched-fist way and the retro-
reflective marker of MoCap system is placed on the proximal
phalanx of the middle finger to obtain the ground truth. We
calculate the tracking error by metrics of Dynamic Time Warping
(DTW), Euclidean distance (Euclidean), and Root Mean Square
Error (RMSE).

Recognition accuracy (Rec Acc): We also attach importance to
the gesture pattern-based recognition. The recognition accuracy
is defined as the ratio of the number of correctly recognized
instances to the total number of instances. In addition, we
show more detailed recognition results in the form of confusion
matrices.

of view of the MoCap camera, we restrict the activity region
in 3.2m x 3.2 m to ensure that the MoCap system offers
stable and accurate ground truth. During one data collection,
the subject draws circles in the air for 6 s. For each experimental
setting, we collect data 10 times. We need the hand anchor to
point towards the radar. For gesture interaction applications, this
requirement is natural and easy to understand, posing no burden
or inconvenience to users.

1) Performance in Different Positions: As shown in
Fig. 11(a), we set up five positions to study the tracking pre-
cision. Fig. 11(b) visualizes one of the tracking results, and the
median tracking error results under each setting are shown in
Fig. 11(c). We can find that (1) with the increase of the distance
and deviation angle between the radar and person, the distance
error of the trajectory tends to increase but slightly. (2) The
average errors of the three distance metrics, DTW, Euclidean
and RMSE, are 3.1 cm, 3.7 cm, and 4.3 cm for all settings,
respectively. Taking into account the resolution of the radar and
the size of human hands, we believe the tracking precision is
excellent and satisfactory.

2) Performance in Walking State: Next, we study the abso-
lute hand tracking under walking state by setting up five routes,
as shown in Fig. 12(a). Fig. 12(b) visualizes one of the tracking
results. The tracking error results are shown in Fig. 12(c). We
can find that (1) the average errors of the three distance metrics,
DTW, Euclidean and RMSE, are 2.8 cm, 3.6 cm, and 4.2 cm
for all settings, respectively. We compare these results with
deep learning-based human imaging techniques. Compared to
the approximately 5 cm Euclidean distance error recorded for
hand joint by m3Track [24], MHTrack reduces the tracking
error by 35%, demonstrating the performance advantage of our
system. Through fully utilizing the high spatial resolution of
mmWave radar, MHTrack maintains the accuracy and continuity
of hand trajectory, achieving higher hand-tracking performance.
(2) Whether walking directly toward the radar or in other direc-
tions, MHTrack maintains high precision. This indicates that the
proposed methods, such as wake-up detection and spatial update,
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Fig. 14.  Overall tracking performance.

can effectively separate the hand from the body, accurately
identify the initial hand position, and achieve continuous and
reliable hand tracking. We also evaluate the differences in the
three coordinate axes, and the results are shown in Fig. 14.

The tracking error in the z-axis is larger relative to the x and
y axes, which we attribute to the lower resolution in elevation
of the radar equipment used for the experiment. Nonetheless,
the tracking error in all axes is very small, which can also be
intuitively seen in Fig. 13.

(b) Example of hand trajectory

The hand tracking performance of MHTrack when the subject walks.
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3) Effectiveness Verification of Local Tracking: Existing
hand tracking methods usually limit the body outside the sens-
ing range in advance and localize the hand by extracting the
entire point cloud within a fixed range, which is obviously not
suitable for the case of human movement. The hand trajectory
of MHTrack is obtained by local spatial update. In order to
verify the effectiveness of the proposed method, we refer to the
point selection scheme of mmWrite [16] and define a tracking
method that continuously tracks the closest point to the radar
in each frame of the point cloud within the sensing area, which
we denote as the closest tracking. The tracking error of both
methods is shown in Fig. 15.

Settings 1 and 3 correspond to the performance of local
tracking under two body states, still and walking, respectively,
while settings 2 and 4 correspond to the closest tracking.
Taking the Euclidean distance as an example, tracking er-
rors of the closest tracking grow by 70% and 53% relative
to the local tracking under still and walking states respec-
tively, which can prove the effectiveness and necessity of the
local tracking strategy. Through adaptive spatial constraints,
it can effectively filter out reflections from the environment
and human body, enabling more accurate updates of hand
positions.

4) Performance in Different Hand-Body Distance: During
gesture execution, the proximity limit between the hand and
body is a concern. To better clarify this limit, we set four
different hand-body distances: 20 cm, 30 cm, 40 cm, and 50 cm.
For each setting, we calculate the median Euclidean tracking
error under both still and walking body states. The results are
shown in Fig. 16. We can find that: (1) When the user is still
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Fig. 17.  Visualization of gesture database.

and the hand-body distance is no less than 30 cm, MHTrack
can work well and the average error is only 3.7 cm, which is
satisfactory. (2) When the user is walking and the hand-body
distance is no less than 40 cm, MHTrack can achieve almost
the same high precision as under a still state. Body movement
significantly increases the dynamic information captured by the
mmWave radar, causing more interference in extracting hand
data, especially when the hand is close to the body. At a distance
of 30 cm, the tracking error increases to 5.7 cm but can also meet
the precise requirement for hand-tracking scenarios. (3) Due to
the sparsity and instability of mmWave point clouds, a too-close
distance between the hand and body causes serious point cloud
mixing, resulting in tracking failure at 20 cm. However, this
does not diminish the value of our system, as in regular gesture
interaction scenarios, the hand-body distance is usually greater
than 30 cm. In fact, in a natural and comfortable state, the
hand-body distance when a person reaches their hand out is
typically around 40 cm. At this distance, MHTrack can deliver
excellent tracking performance no matter whether the user is
stationary or moving.

C. Evaluation of Recognition Accuracy

Now we implement experiments within the sensing area of
4.8m x 4 m to conduct an in-depth investigation of gesture
recognition. Most experiments include five gestures, each of
which is pre-collected only once at 2 m in front of the radar to
construct the gesture database shown in Fig. 17.

For each experimental setting, we execute gestures 50 times
(5 gestures x 10 times) for the recognition evaluation. In ad-
dition to the distance and angle, we also explore the impact of
walking orientation, scenario, coexistence persons, and number
of registered gestures.

1) Impact of Person-Radar Distance: In some cases, users
need to perform gestures from a relatively long distance, while
in other cases, users may want to be close to the device. However,
the distance between the radar and person may have a significant
influence on gesture capture and recognition. Therefore, learn-
ing about the recognition performance under different distance
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Fig. 19. Impact of person-radar angle.

conditions is important. As shown in Fig. 18(a), we perform
experiments at five positions directly in front of the radar, with
the distances of 2 m, 2.8 m, 3.6 m, 4.4 m, and 5.2 m.

For every distance, each of the five gestures is executed 10
times, and a total of 250 gesture images are acquired. Fig. 18(b)
reveals that the recognition accuracy at different distances is
88.4% on average, and Fig. 18(c) shows the confusion matrix
(CM) of five gestures. From the figures, we can also find that: (1)
When the subject performs gestures standing within 3.6 m, the
recognition accuracy is very high, with an average of 98%. (2)
The recognition accuracy gradually decreases when the subject
stands further than 3.6 m. At 4.4 m, the recognition accuracy
is 86%, and at 5.2 m, it is only 62%. We consider that there
are two main reasons for the phenomenon: (1) the signal is
continually attenuating during the propagation process, and the
SNR is so low beyond a certain distance that it is hard to stably
and efficiently extract the hand’s movement trajectory from it.
(2) The spatial resolution of the radar decreases as the distance
increases, which means the details of the hand movement may
not be accurately captured at a longer distance.

2) Impact of Person-Radar Angle: In order to ensure the user
experience, achieving accurate gesture recognition at different
angles is very important. As shown in Fig. 19(a), we perform
experiments at 3.6 m distance with different angles, including
0°, 10°, 20°, 30° and 40°, which is sufficient for indoor gesture
interactions.

Same as the data scales of distance experiments, every gesture
is performed 10 times under each angle. Fig. 19(b) and (c) show
the corresponding experimental results. We can find that MH-
Track is robust to angles, and the average recognition accuracy
under different angles is 98.4%.

3) Impact of Walking Angle: The MHTrack appears to be
effective when the subject is in a fixed position, including
different distances and angles. However, in addition to being
stationary in a specific location, users may also expect effective
gesture control during walking. As depicted in Fig. 20(a), we let
the five positions shown in Fig. 19(a) be dynamic.
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The subject walks towards the radar from different angles as a
way to compare horizontally and vertically. The results depicted
in Fig. 20(b) and (c) indicate that the MHTrack performs well
and stably at five walking angles, with an average recognition
accuracy of 97.6%, which is approximately the same as the
results in Section V-C2.

4) Impact of Walking Orientation: This subsection further
investigates gesture recognition under walking state. Unlike the
last subsection, we do not ask the subject walking towards the
radar. As shown in Fig. 21(a), the deviation angle of the five
orientation settings gradually increases, among which setting 1
is directly in front of the radar antenna array, and the walking
direction of setting 5 is perpendicular to the antenna array. The
experimental results are shown in Fig. 21(b) and (c). The overall
recognition accuracy for the five orientations is 96.8%, which is
only a 0.8% decrease compared to the last subsection. Setting 5
has a slightly lower accuracy of 92%. We think the reason is that
in the second half of setting 5, the radar is located at the back side
of the subject’s body, and it is a bit difficult to perform gestures
at this time, which may cause a large deviation. In summary,
MHTrack can provide a superior user experience compared to
gesture interaction systems that only support a still state.

5) Performance Comparison With mTransSee: In the field of
gesture recognition, mTransSee [22] is a representative state-of-
the-art work with domain adaptation capability. For the gesture
categories predefined during the model pretraining stage, it can
adapt to variations of position or environment by fine-tuning
the model with only 8 data samples. However, we are curious
about the following situations: (1) For gestures that need to
be recognized, does mTransSee remain effective if fewer data
samples have been seen during the model training stage? (2)
After fine-tuning the pre-trained model at a low cost, mTransSee
can well adapt the predefined gestures in a new environment,
but can it still adapt well to a new gesture with 8 samples? In
response to these two questions, we re-implement mTransSee
and train eight models on the four groups of experiments shown
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in Fig. 18(a) ~ Fig. 21(a). Each group includes two mTransSee
models, A and B. Without loss of generality, let’s take group
1 as an example to specifically describe the implementation
and testing process of the two models: (1) mTransSee-A: Based
on all the newly collected gesture samples in group 1, we use
80% of them for model training and 20% for model testing. (2)
mTransSee-B: A pre-trained model with good performance is
first obtained through a large amount of radar data and model
implementation details provided by the author, then the model
is fine-tuned by 200 new gesture samples (= 5 distances x 5
gestures x 8 samples), and finally testing the model through the
remaining 50 gesture samples (= 5 distances x 5 gestures x
2 samples). All results for the four setting groups are shown in
Fig. 22, from which we can find that mTransSee’s effectiveness
depends on a considerable amount of radar data, making it hard
to train a model with outstanding recognition performance based
on only a few hundred samples. Additionally, mTransSee does
not have the ability to quickly adapt to new gestures, especially
in the walking case. We emphasize that for each gesture, only
one sample is collected as a reference before testing MHTrack,
and the sample has never been seen during model training
stage, demonstrating the system’s one-shot learning capability
for gestures. MHTrack’s superior performance not only benefits
from the inherent advantage of the siamese network but also
stems from the stability of hand trajectory.

6) Impact of Scenarios: Different sensing environments face
different level of background clutter such as multipath effect and
thermal noise. To study the environmental robustness of MH-
Track, we conduct experiments in two representative scenarios
as follows.

Corridor: As a representative of common narrow scenarios
such as balconies and alleys, the corridor has strong wall reflec-
tion interference. As shown in Fig. 23(a), the corridor is 2.77 m
in height and 2.93 m in width. Points A and B are on a line
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directly in front of the radar, and two experimental settings are
designed based on the points: (1) Standing at point A, which is
3.6 m away from the radar. (2) Walking towards the radar from
point B 5.2 m away and executing gestures during the process.
The experimental results are shown as A and B in Fig. 24.

The recognition accuracy of 98% on average indicates that
MHTrack can work effectively in relatively narrow corridors.

Meeting room: Similar to complex scenarios like living rooms
and bedrooms, the meeting room has many non-target reflectors,
which cause complex multipath reflections that severely inter-
fere with hand sensing. As shown in Fig. 23(b), the meeting room
is 3.1 m in height and covers an area of 6.4 m x 4.5 m. As for
interfering objects, the table is 0.75 m hith with dimensions
0.9m x 1.8 m; the chairs have an average height of about
0.8 m and measure 0.48 x 0.48 m; and the display screen stands
1.95 m tall and is 1.7 m wide. We set up three locations C, D,
and E, which are about 2m, 4.2m, and 4.8m away from the
radar, respectively. There are three experimental settings: (1)
Standing at Point C. (2) Walking towards the radar from point
D and executing gestures during the process. (3) Standing at
point E. The corresponding experimental results are shown as
C, D and E in Fig. 24. The average accuracy under setting C and
D is 99%, which indicates that the sensing environment with
complex multi-path reflections does not have an influence on the
recognition performance of MHTrack. Although the accuracy
under setting E is only 66%, it is basically the same as the result
in an empty scene (Section V-C1), which is caused by the long
person-radar distance. Based on above results, we conclude that
MHTrack has excellent environmental robustness.

7) Impact of Multi-Person Coexistence: It is a common sit-
uation in reality that multiple persons coexist in a scene. In
general, the increase of person enhances the multipath reflection
of signals, which may impact on hand tracking. Therefore, we
evaluate the performance of MHTrack under different numbers
of interfering subjects. When the target user performs a gesture,
interfering individuals are present in the experimental area and
exhibit various motion states such as standing, sitting, or walk-
ing. Additionally, considering that the multipath reflection from
walking is stronger than in other states, we require that walking
interfering persons be present throughout the entire experimental
process, and they are allowed to be closer to the radar as long
as they do not obscure the target user. Fig. 25 shows the gesture
recognition accuracy with different numbers of presences.
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TABLE IV
PERFORMANCE UNDER DIFFERENT LIGHTING CONDITIONS
Lighting Condition Sunlight  Artificial Light ~ Darkness
Tracking Error 3.1cm 3cm 3.2cm
Recognition Accuracy 98% 100% 98%

The result shows that the gesture recognition accuracy re-
mains above 96% when there are 2~5 individuals present si-
multaneously in the scene, further demonstrating the robustness
of MHTrack.

8) Impact of Gesture Category Number: Above experiments
always evaluate 5 gestures. To further validate the one-shot
learning capability of MHTrack, we add 25 new gestures to
investigate whether the increase in gesture categories would
affect recognition performance. The total 30 gestures include
10 symbols, 10 numbers and 10 letters, as shown in Fig. 29(a).
Each newly added gesture is executed 11 times while the subject
walking directly toward the radar, with one instance added to the
database and the remaining 10 instances utilized for recognition
testing. Together with the previous 5 kinds of gestures, a total
of 300 samples are used to evaluate the recognition accuracy
in this experiment. The confusion matrix of the recognition
result is shown in Fig. 29(b). Based on the confusion matrix, the
accuracy, precision, recall, and F1 score can be calculated for
all gestures, and the average values are 99%, 99.1%, 99%, and
0.995, respectively. It can be seen that MHTrack has excellent
extension capability for new gestures.

9) Impact of Lighting Condition: To verify whether MH-
Track is light robust, we conduct experiments under three light-
ing conditions: sunlight, artificial light and darkness. For each
condition, the subject stands in the center of sensing area, and
we collect 10 trajectory samples (drawing circles in the air for
6 s per collection) to evaluate the tracking error and 50 gesture
samples (= 5 gestures x 10 samples) to evaluate the recognition
accuracy. The results are shown in Table IV, which indicate that
our system is not affected by lighting conditions.

10) Effectiveness Verification of Anchor Correction: To ver-
ify the effectiveness of the anchor correction method in address-
ing gesture offset, this section conducts an ablation experiment
using all samples from the five routes described in Section V-C4.
First, the evaluation is conducted on the database with five
default reference gestures, and the result is shown in Fig. 26.
It can be observed that the average recognition accuracy of
five route settings is 96.8% with correction and 95.6% without
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Fig. 28. Recognition accuracy under a 30-gestures database.

correction. Although the accuracy without correction decreases
by only 1.2%, the similarity scores of correctly recognized
samples drop significantly as the orientation shifts. As shown
in Fig. 27, the similarity scores without correction on routes
4 and 5 are both below 80%, whereas the use of correction
provides a higher similarity of 85% even on route 5. We deduce
that the decent accuracy of without correction is due to the
significant differences between reference gestures. If similar
gestures exist in the gesture database, the absence of correction
is likely to experience a substantial accuracy drop due to the
presence of gesture offset. To verify this deduction, we repeat
the experiment on the database with 30 reference gestures, and
the result is shown in Fig. 28. It can be seen that the average
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TABLE V
COMPUTATIONAL LATENCY
Module Body Tracking Hand Tracking  Gesture Recognition
Latency  2.50ms per frame  0.16s per frame 1.57s per gesture

accuracy with correction is 92.4%, while without correction, it
drops to 84% and even as low as 68% on route 5. In conclusion,
applying correction achieves superior performance compared
to its absence, fully demonstrating the effectiveness of anchor
correction in obtaining accurate relative hand trajectories.

11) Evaluation of Computational Latency: Finally, we eval-
uate the computational latency of MHTrack, which mainly
consists of three parts: body tracking, hand tracking, and ges-
ture recognition (the whole process from obtaining the gesture
pattern to getting the final recognition result in the case of five
gestures). The evaluation is performed on a desktop computer
with an 11th Gen Intel(R) Core(TM) i7-11700 processor and
16 GB of RAM. The results are listed in Table V. Hand tracking
accounts for the vast majority of the computational latency
due to the need for re-angle estimation. Even so, MHTrack
fulfills some degree of real-time requirements. We believe that
specialized hardware acceleration could significantly increase
the computational speed of this module.

VI. RELATED WORK
A. Hand Sensing Approaches

mmWave-based hand sensing generally includes two cate-
gories: hand tracking and gesture recognition. Regarding hand
tracking, most studies limit hand motion to a small fixed
area [14], [15], [31] or require more than one radar [32], [33],
[34]. mmWrite [16] and AirWrite [17] extends the sensing range
with small tracking errors, but its implementation requires the
virtual writing panel and the radar to lie on the same plane,
making it difficult to extend to hand tracking in 3D space. Re-
garding gesture recognition, many studies realize micro-gesture
recognition at a close distance [25], [35], [36], [37], [38], [39],
but they are insufficient for to meet the requirements of long-
range applications such as remote control of home appliances.
For this purpose, many studies aim at recognizing hand gesture
by raw signal [40], [41], temporal spectrum [20], [42], [43],
[44], [45], heatmap stream [1], [46], [47], [48], [49], [50] or
point cloud [19], [21], [44], [51]. However, since the signal
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features are abstract and sensitive to the environment, the above
methods often require extensive data acquisition and additional
training in a new domain. Pantomime [3] decreases the impact
of different positions by standardizing the point cloud location.
DI-Gesture [18] proposes a data augmentation framework to
reduce the data collection efforts. mTransSee [22] extracts the
Doppler feature matrix and utilizes transfer learning to enhance
the robustness of the system. Although the radar data collection
issue is alleviated, these studies still have room for improvement
in terms of the extensibility of the gesture. Moreover, existing
works mainly focus on stationary body state, without supporting
gesture interaction when the user is walking. For better user ex-
perience, this paper provides a novel hand tracking scheme that
supports user movement, and further realizes easily extendable
gesture recognition.

B. Other Sensing Approaches

Vital sign detection [52], [53], [54] and human body track-
ing [55], [56] are important representatives of micro-sensing and
macro-sensing applications, which make significant research
progress. Thanks to the high displacement sensitivity of mil-
limeter waves, numerous studies emerge in the field of speech
recognition [57], [58], [59], [60]. In recent years, the research on
human mesh reconstruction and pose estimation [61], [62] make
breakthroughs and raise concerns about user privacy [63], [64].
The improvement in sensing granularity enhances the ability to
measure human emotions and object properties [65], [66], [67],
[68], [69], [70], [71].

VII. CONCLUSION

The paper proposed the MHTrack system, which is the first
to realize mmWave-based hand tracking for mobile users. MH-
Track focuses on enabling robust and precise single-hand track-
ing in user mobility scenarios, and three major technical chal-
lenges were addressed. First, MHTrack solves problems of noise
interference and unknown gesture execution timing through
the wake-up detection and state transition mechanism. Second,
to overcome the issue of hand point cloud disappearance, we
proposed the local spatial update strategy to achieve stable
hand tracking. Third, the proposed anchor correction and op-
timal panel search methods successfully solve the gesture offset
problem. Experimental results revealed that MHTrack achieves
high-precision hand tracking, and the absolute hand trajectory
tracking error is only 3.6 cm in an area of 3.2 m x 4.8 m. For
the case study of gesture recognition, we achieved the one-shot
extension of new gestures by combining the siamese network,
achieving recognition accuracy higher than 96% even with a
30-gesture classification. From another perspective, achieving
excellent gesture recognition performance using a simple net-
work further demonstrates the superior tracking capability of
MHTrack. We believe that designing a more advanced network
can enable even better recognition performance. As an extension
of this work, we consider two-hand tracking to be an interesting
and challenging scenario. In fact, the ideas behind MHTrack,
such as wake-up detection, state transition, and local spatial
update, are generalizable. For two-hand tracking, we need to
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carefully consider the correspondence between the body and
hands. Moreover, the distance between two hands, especially
when they cross and then separate, presents a significant chal-
lenge, which we leave for future exploration.
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