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ABSTRACT: Radar-based hand gestures recognition has played an important role in developing human-computer interaction (HCT). How-
ever, when radar-based hand gesture recognition techniques are applied to multi-target scenarios, the challenges mainly involve problems
of mutual interference and inaccurate recognition of hand motion when both hands move within the same plane. Here, we propose a dual-
hand trajectory perception prototype based on a 60 GHz frequency-modulated continuous-wave (FMCW) multiple-input multiple-output
(MIMO) radar sensor platform with an L-shaped virtual antenna array. To address the challenges, the approach involves estimating az-
imuth and elevation angles respectively from the two data components derived from the L-shaped array through multiple signal classifica-
tion (MUSIC) algorithm, incorporating spatial division techniques combined with digital beam formation (DBF). Dual-hand applications
mainly include angle targets at two distinct distances or dual-angle targets at the same distance. Therefore, the target distances are first de-
termined using range fast Fourier transform (range FFT). If a single target distance is identified, we proceed to solve for the angles of two
targets. Alternatively, if two distinct target distances are distinguished, we individually solve for the single-angle target corresponding to
each distance. Furthermore, to mitigate noise inherent in the raw data of visualization, a frame point removal and smoothing algorithm is
devised to refine the trajectories. Experimental verifications prove that the proposed multi-target motion perception algorithm by using a
MIMO FMCW radar sensor platform can realize accurate recognition of air-writing gestures and enable tracking the trajectories of both
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single-handed and dual-handed targets in three-dimensional space. It also gives a new option for controlling the HCI.

1. INTRODUCTION

ith the development of machine learning, hand gestures
Wrecognition techniques have played an important role in
developing human-computer interface (HCI), including vir-
tual reality control, medical health monitoring, indoor posi-
tioning and tracking. Traditional methods of gesture recogni-
tion mainly adopt wearable sensors [1], optical or depth cam-
eras [2,3] for data collection. Owing to the characteristics of
non-invasiveness and low cost, electromyography sensors have
been widely studied and applied in contact-based gesture recog-
nition systems [4,5], but the wearable usage will reduce the
user experience. Vision-based systems have achieved remark-
able success in gesture recognition research: employing multi-
camera [6], structured light [7], and time-of-flight cameras [8]
to reconstruct three-dimensional (3D) images or acquire 3D in-
formation. However, they can be easily affected by lighting
conditions, background colors, configuration complexity, oc-
clusion problems, and other optical factors, leading to inaccu-
rate recognition results and limiting the applicability of optical
technology in certain environments and conditions.
Due to the advantages of non-contact, penetrating ob-
structions, capabilities of being unaffected by lighting and
smoke, supplying better user privacy, and full-time working

* Corresponding author: Haipeng Wang (hpwang@nuist.edu.cn).

doi:10.2528/PIERB25060605

63

conditions of electromagnetic (EM) waves, contactless gesture
human target perception (or gesture recognition) systems based
on short-range radar sensors have been developed rapidly,
particularly those operating in the microwave and millimeter-
wave frequency range. These technologies have significant
applications in healthcare monitoring, elderly care, and smart
homes, providing accurate and convenient ways to monitor
vital signs without physical contact. The radar systems used
for gesture recognition primarily fall into three categories:
pulse radar [9, 10], single-frequency continuous wave (CW)
radar (also known as Doppler radar) [11-16], and frequency-
modulated continuous-wave (FMCW) radar [17-20]. In 2019,
a Sweden team employed a pulse millimeter-wave radar to
acquire high-frame-rate distance-time envelope feature data
for 12 common gesture recognition tasks [10]. By combining
transfer learning algorithms on pre-trained convolutional neu-
ral networks, they achieved an impressive accuracy of 99.5%
on the validation set. Researchers introduced single-input
multiple-output (SIMO) and multiple-input multiple-output
(MIMO) structures into radar systems, using fewer transceiver
channels to create the effect of large arrays, achieving higher
angular resolution and more virtual channels. A novel Doppler
radar using ambient wireless communication signals for
posture sensing is proposed in [10]. Fan et al. designed a
dual-channel 5.8 GHz Doppler radar sensor system [12]. They
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utilized an inverse sine algorithm and motion imaging algo-
rithm to linearly reconstruct the demodulated Doppler phase
shift for hand and finger movements in a two-dimensional
(2D) plane. Zhang et al. [14], based on continuous wave
MIMO Doppler radar sensors and a time-division multiplexing
scheme, realized high-sensitivity 3D imaging in multipath
indoor environments. Since Google Inc. designed a 60 GHz
millimeter-wave radar chip embedded in smartphones to
recognize various hand gestures [17], the research on gesture-
target recognition methods using FMCW radar has gained
substantial attention. Based on a 24 GHz SIMO FMCW radar,
Wang et al. [18] reconstructed air-writing symbols within the
observation plane through a series of signal processing, feature
extraction, and smoothing algorithms. Gu et al. proposed a
novel 4D gesture sensing technology based on 60 GHz FMCW
radar with spatial-temporal detection to realize the detection of
subtle gesture movements and air-writing [19, 20]. By utilizing
MIMO technology to synthesize a virtual array and increase
the array aperture, they improved spatial resolution for gesture
tracking in the spatial domain.

Recently, researchers began employing cascaded multiple
radars. Multiple Doppler radar sensors [21] and ultra-wideband
(UWB) radars [22,23] have been introduced to sense mid-air
hand trajectories, to capture and recognize arm movements, and
to locate finger movements in space. However, these works
required large arrays or cascading multiple radars for posture
sensing, or they relied on backend signal fusion and filter-
ing algorithms for trajectory prediction, making the systems
more complex. In addition, with the rising popularity of arti-
ficial intelligence, more scholars applied these technologies to
radar-based hand movement perception systems. Typical ges-
ture recognition processing algorithms include hidden Markov
models (HMMs) [24,25], random forests [17], convolutional
neural networks (CNNs) [26-29], recurrent neural networks
(RNNSs) [30], transfer learning methods [31,32], and self-
attention neural networks [33]. Compared with mathematical
modeling of continuous radar signals, neural networks (NNs)
instead only model their statistical characteristics. Therefore,
NNs are used for the features extraction of radar echo signal
or range-Doppler map, modeling and classification for gesture
recognition and tracking. However, the extensive use of deep
learning generally requires more hardware and computing re-
sources, increasing the cost and inconvenience of the system.
To achieve a more refined depiction of hand movements, many
studies fused various types of data (such as optical images) to
form higher-dimensional data, but it is still challenging to op-
erate in real-time environments.

The above studies focused on either static or dynamic ges-
tures of single hand, and numerous deep learning methods have
been applied to radar-based hand perception. For single-target
scenarios, [20] focuses on necessitating algorithms for solv-
ing single-target angle estimation. However, when radar-based
hand gesture recognition techniques are applied to multi-target
scenarios, the challenges and complexities mainly involve the
mutual interference of both hands moving within the same
plane and the inaccuracy in recognizing hand movements. For
instance, at time ¢, we can obtain the distance between the two
hands as well as the azimuth and elevation angles, essentially
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treating them as two point targets. At the subsequent time ¢,
we can still detect two point targets, but we are unable to deter-
mine the temporal continuity between the two points. In addi-
tion, the approach to tracking dual-hand movement relies solely
on radar signal processing techniques, abstaining from the em-
ployment of intricate neural networks and enabling real-time
operation, has not been investigated. To address the aforemen-
tioned issues, we propose the following solutions: 1) Using a
spatial division method to directly constrain the movement of
both hands within the azimuth angle, thereby obtaining the tem-
poral continuity of the point targets of the hands; 2) Employing
the high-resolution multiple signal classification (MUSIC) an-
gle estimation algorithm to capture all possible angle spaces for
the hand targets; 3) Then applying the digital beam formation
(DBF) algorithm to identify the correct two-dimensional angle
combinations from the angle space, thereby determining the 3D
spatial coordinates of the hands. Finally, at each observation
time point, the 3D coordinates of both hands can be obtained,
allowing for the acquisition of the spatial movement trajectory
of the hands.

Therefore, a dual-hand trajectory perception prototype based
on a 60 GHz FMCW MIMO radar sensor platform with an L-
shaped virtual antenna array is presented in this paper. The
contributions of this paper are summarized as follows: The ap-
proach involves estimating azimuth and elevation angles sep-
arately from the two data components derived from the L-
shaped array through multiple signal classification (MUSIC)
algorithm, incorporating spatial division techniques combined
with DBF. The proposed technique can divide the operational
space into distinct zones, each assigned to a potential hand mo-
tion, thereby mitigating interference and enhancing tracking ac-
curacy. The dual-hand applications mainly include angle tar-
gets at two distinct distances or dual-angle targets at the same
distance. Thus, the target distances are first determined using
range fast Fourier transform (range FFT). If a single target dis-
tance is identified, we proceed to solve for the angles of two
targets. Alternatively, if two distinct target distances are distin-
guished, we individually solve for the single-angle target cor-
responding to each distance. Through the MUSIC algorithm
to obtain precise target angle subspaces, subsequently the DBF
is within the target angle subspaces to achieve accurate target
angle estimation. Finally, after frame point data removal and
smoothing processing, clear visualization of the spatial hand
motion trajectories can be obtained.

2. METHODS

2.1. MIMO Radar Architecture and Virtual Array

The system diagram of the dual-hand motion perception system
based on the FMCW MIMO radar sensor is shown in Fig. 1.
The EM radiating signal is transmitted from transmitting an-
tennas, reflected by both hands, and then received by receiv-
ing antennas. The received signal passes through devices such
as low-noise amplifiers, mixers, and filters, and is finally col-
lected by an analog-to-digital converter (ADC). MIMO radar
refers to radar systems with multiple transmitting and receiv-
ing antennas. As shown in Fig. 1(a), three transmitters and four
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FIGURE 1. System architecture of dual-hand motion perception system based on FMCW MIMO radar sensor. (a) Block diagram of the motion
sensing prototype. (b), (c) The motion trajectory recognition method for both hands. (d) The schematic representation of bilateral hand movement

based on spatial segmentation.

receivers (3T/4R configuration) are employed in the prototype.
Figs. 1(b)—(c) illustrate the method for recognizing the motion
trajectories of both hands, where Fig. 1(b) depicts two scenarios
arising when hands move within a vertical plane, each corre-
sponding to a distinct peak in the distance spectrum, necessitat-
ing the adoption of specific processing strategies to acquire the
targets of both hands. Fig. 1(d) provides a schematic diagram
of dual-hand motion based on spatial segmentation, wherein the
left hand is confined to the left-half space of the radar, and the
right hand to the right-half space, with the division criterion be-
ing the azimuth angle of 0° of the radar serving as the separation
line.

2.2. The Principles of Range Estimation and MUSIC Algorithm

1) Range estimation

In this radar system, the FMCW signal is internally generated
by a phase-locked loop (PLL). The mathematical representation
of the complex chirp signal within one pulse repetition interval
can be expressed as

Sta(t) = exp (j (2 fet + 7vt* +@0)) , t € (=To/2,To/2)
(1)
where f. is the center frequency of the FMCW signal, ¢ the
so-called ‘fast time’, v = B/Tj the slope of the ramp, B the
bandwidth, Tj the pulse repetition time (PRT), and ¢y the ini-
tial phase. The transmitted signal propagates through space and
undergoes reflection at the target. The reflected signal received
by the radar has a time delay relative to the transmitted signal
t = 2R(1)/c. R(7) is the motion of the target including nom-
inal distance dy and relative displacement x(7), and 7 is the
slow time. The equation for the received signal is given by

Sra(t) = psra(t — At) 2
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where p is the reflection coefficient. The transmitted and re-
ceived signals are then mixed to obtain the differential beat sig-
nal as

sp (8,7) = 872 (t) Sy (1)

= pexp (j (47wf(7—)t 1 Al Cf(T)

47wR2( ))) 5

where 4myR?(7)/c? is the residual phase that can be ignored,
and ‘x’ denotes the complex conjugate operation.

In the digital domain, the discrete form of the differential beat
signal is:

sy[n,m] = pexp <j (“vai[m]n 4 4m/, Cf[m]» )

Here, n corresponds to the fast time; m corresponds to the slow
time; and N is the number of samples in an FMCW period.
The discrete differential beat signals are stored as a 2-D matrix.
The FFT is applied to the discrete signal in fast time to obtain
the frequency f at the peak of the FFT spectrum. The target
distance is then calculated using the formula d = - f-¢/2.

2) Direction of Arrival (DOA) estimation

Assuming a SIMO transmission model comprising an array
of M uniformly spaced linear receiving antennas, with a spac-
ing of d between them, and contemplating a far-field signal
emission scenario, the signal path is elongated by an additional
length of dsin 6 to reach the second antenna element relative
to the first. Similarly, each subsequent antenna element experi-
ences a progressive increase in the path length by dsin 6. Con-
sequently, the time delay incurred between the signal’s arrival
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at one antenna element and the subsequent one can be mathe-
matically formulated as:

_ dsin@

C

ot 5)
where the velocity of EM waves is defined as C, and the wave-
length is A. Hence, considering the frequency denoted as fj,
the phase difference between two contiguous antenna elements
can be derived as:

_ 27 fodsing  2mwdsin®

o¢ c A

(6)

Assuming that s(¢) represents the far-field transmitted sig-
nal, the signal received by the entire antenna array can be for-
mulated as:

d sin 6

l.(t): |:17ej27'r Ay, €

e e EORIOING)

Then, we define the steering vector A as follows:

A= 1 enmtes L gantiopene] ®)

The noise associated with the ith array element at time ¢ is
represented by n;(¢). Extending the framework from the SIMO
setup, a MIMO spatial model can be formulated. Supposing D
transmitting signals, the received array signal within the MIMO

configuration can be mathematically expressed as:

pi2m 2 oi2m 2D
ei2m LR oi2m LD
z(t) =
ejQﬂ"w ejzﬂ—%
[s1()] [m(t)
so(t) | | m2(t)
©)
Lsp(t)] [ (t)

Therefore, the received signal can be expressed as Equa-
tion (9). Consequently, estimating x(¢) enables the inference of
the DOA. We can also derive Equation (10) and Equation (11).

A=la(61), - ,a(0p)] (10)

7 . A

a(f) = [1,ej2”

., e]27r

(11)

It should be noted that the vector a(f) is designated as the
steering vector, fundamentally characterizing the spatial phase
and being intimately tied to the configuration and relative posi-
tioning of the array elements. Here, the superscript H denotes
the Hermitian transpose (conjugate transpose) operation. Based
on the NV snapshot data received by the array, the received data
is sampled to obtain its covariance matrix estimate, denoted as
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]:Bz. Subsequently, the estimated covariance matrix Rm under-
goes eigenvalue decomposition. The resulting eigenvalues Un
are then utilized to calculate the corresponding eigenvectors,
which are subsequently sorted according to the magnitude of
the eigenvalues to delineate the signal subspace from the noise
subspace. Finally, a spectral peak search is conducted over 6
to locate the desired parameter. The MUSIC algorithm spec-
trum is scanned by iterating over potential directions # using in
Equation (12) to locate the spectral peaks. The corresponding
angle is determined from the spectral peak, yielding an estimate
of the DOA.

1
a(0)EUNUH a(6)

P(6) = (12)

The classical DBF algorithm attains the suppression or
enhancement of target signals in diverse directions through
weighting and phase adjustment of array signals, thereby
facilitating the derivation of the target’s angle of arrival.
Nevertheless, achieving high angular resolution with a limited
number of antenna array elements poses a challenge. To
address this issue, a super-resolution angle estimation algo-
rithm is adopted to promptly identify potential target angles,
effectively generating probable 2D angle combinations within
the target angle space. Subsequently, the steering vectors
previously introduced are constructed from the target angle
space. The DBF algorithm is then employed to assist in
identifying the target angle combination within this space that
most closely resembles the actual target angle. This selected
combination serves as the final target angle estimation, thereby
enabling the attainment of a more accurate target angle as
feasible.

2.3. Recognition Method of Two-Hand Motion Trajectories

Figure 2 illustrates the processing flowchart for recognizing the
motion trajectories of both hands. When hands move within the
same plane, the distinct motions of the left and right hands al-
ternate their distances from the radar between identical and dis-
parate values. Considering the varying positions of the hands
within this plane, it is imperative to adopt distinct angle estima-
tion strategies. Following the parsing and preprocessing of raw
data, a range FFT is initially performed to obtain the distance
from the spectral peak estimation. Within the corresponding
range, a peak search is conducted to determine the number of
spectral peaks. In the presence of a single peak, it is inferred
that the distance between both hands and the radar is identi-
cal, necessitating the application of an angle estimation for two
targets at the same distance. Conversely, when multiple peaks
(greater than one) are detected, indicating that the hands are
positioned at different distances from the radar, an angle esti-
mation strategy tailored for a single target at varying distances
should be used.

1) Acquisition of target angle space

Figure 3 illustrates the process diagram of obtaining target
angle space. The numerals 1~12 in the figure signify the 12-
channel data virtually generated via time-division multiplexing
(TDM) MIMO, where Channels 1, 3, 5, 9, and Channels 2, 4, 6,
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FIGURE 2. Flowchart of the dual-hand motion trajectory recognition
method.

10 represent the channel data of virtual array elements in the el-
evation plane, utilized for elevation angle acquisition; whereas
Channels 5, 6, 7, 8, and Channels 9, 10, 11, 12 correspond to
the channel data of virtual array elements in the azimuth plane,
employed for azimuth angle estimation. The two raw data pre-
sented in Fig. 3 represent the fast and slow time-domain data
of selected equivalent virtual receiving channels within a sin-
gle frame, corresponding to their respective planes. Perform-
ing range FFT on these samples enables the extraction of target
distances. Notably, the red and purple portions in the figure
signify the extracted data at the target range index, which are
subsequently utilized for elevation and azimuth angle estima-
tion, respectively. The MUSIC algorithm is employed to inde-
pendently estimate the azimuth and elevation angular spectra of
the target. Then, the angle values corresponding to each local
maximum in the spectrum (note: not directly taking the angle
value at the peak) are obtained to form a larger set of angle val-
ues for the potential angle space of the target.

2) 2D angle estimation strategies for individual targets at
varying distances

When the hands move on a plane relative to the radar, at cer-
tain stages, they may differ in distance from the radar, neces-
sitating the application of distinct 2D angle estimation strate-
gies for individual targets at varying distances. The DBF al-
gorithm process flow for estimating the 2D angles of a single
target at different distances is illustrated in Fig. 4. Initially, a
single (6, ¢) pair is sequentially extracted from the previously
acquired target angle space to construct azimuth and elevation
angle steering vectors (green vectors in Fig. 4), which are then
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multiplied with the original data matrix. This results in a cor-
responding value for each (6, ) pair processed by the DBF al-
gorithm. However, due to the L-shaped layout of the virtual
antenna array, the original data cannot naturally form a matrix.
Hence, it is restructured into two matrices, as shown in Fig. 4.
The raw data within the yellow dashed box contains more ele-
vation angle information, leading to the selection of the eleva-
tion angle corresponding to the maximum value. Conversely,
the raw data within the purple dashed box encapsulates more
azimuth angle information, and thus, the azimuth angle asso-
ciated with its maximum value is chosen. Finally, this method
yields the estimated azimuth and elevation angles for individ-
ual targets at varying distances, which are then fed into a frame
point deletion smoothing algorithm for further processing.

3) 2D angle estimation for dual targets at the same distance

When both hands move within a plane at an equal distance
from the radar during certain phases, a two-dimensional angle
estimation strategy tailored for dual targets at the same distance
should be adopted. The DBF algorithm for this case deviates
from that for a single target, as illustrated in Fig. 5. Given the
constraint of hand movements within two sections of space,
symmetrically positioned around the azimuth angle of 0°, the
MUSIC algorithm is directly applied to estimate the DOA for
the azimuth angles of both targets, yielding an estimated az-
imuth angle for Target 1 (less than 0°) and an estimated az-
imuth angle for Target 2 (greater than 0°). Subsequently, the
elevation angles are sequentially extracted from the estimated
elevation angle space, forming elevation angle steering vectors
(green vectors in Fig. 5) along with the already estimated az-
imuth angles of each target, which constitute azimuth angle
steering vectors. These vectors are then multiplied with the data
matrix enclosed by the yellow dashed box, and the maximum
value of each row is taken to correspond to the respective eleva-
tion angle. This process culminates in the estimation of both az-
imuth and elevation angles for both targets, which are also then
subjected to frame point deletion and smoothing algorithms for
further refinement.

4) Frame point removal and smoothing algorithm

The flowchart of the frame point removal and smoothing al-
gorithm is shown in Fig. 6. The obtained distance estimation,
estimated azimuth angle, and elevation angle described above
are further processed as follows: First, frame index determi-
nation: Several frames of target data are retained without pro-
cessing and stored in a smoothing array as the initial values.
Starting from the next frame of target data, the algorithm pro-
ceeds to the next step. Second, frame point judgement: For
the current frame point data, the algorithm checks if the dis-
tance between the target and the radar falls within a predefined
threshold range. It is determined by comparing the distance be-
tween the current frame point and the previous frame point. If
the distance does not meet the threshold criteria, the frame point
is considered an invalid data and excluded from the smooth-
ing array, which means that this point will not be smoothed
and visualized. If the distance meets the threshold criteria, the
frame point is included in the smoothing array. Therefore, the
main approach is to perform difference comparisons between
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FIGURE 6. Flowchart of frame point removal and smoothing algorithm.

frame point data at adjacent time intervals, with thresholds set
for differences smaller than 1 cm or greater than 6 cm. Since
the removal of frame points is primarily aimed at handling ex-
cessively large outliers and closely spaced neighboring points,
any points exceeding the defined thresholds are deleted. Third,
smoothing and visualization: For each frame point data in-
cluded in the smoothing array, the algorithm calculates the av-
erage data (distance, azimuth angle, and elevation angle) by tak-
ing the mean values of the current frame point and the previous
M frame points (M is taken as 5 or 6). The resulting smoothed
values are then visualized and displayed. The value of M has
a significant impact on the smoothing effect. If M is too small,
it will not achieve sufficient smoothing, whereas if M is too
large, it can lead to over-smoothing. This may result in the loss
of accurate depiction of certain gesture movements. Fourth, the
above steps are repeated for each subsequent frame point data
in the sequence. This algorithm can automatically remove in-
valid data and smooth the target data over consecutive frames,
providing more stable and visually appealing results.

3. EXPERIMENTS AND RESULTS

The experiments were conducted using our customized MIMO
radar prototype system, which incorporates a 60 GHz radar SoC
with L-shaped virtual antenna array configuration. A photo-
graph of the radar platform and antenna array is presented in
Fig. 7(a). The radar system consists of three transmitters (Tx)
and four receivers (Rx). The transmitter module consists of
three parallel transmitter chains, each with independent binary
phase and amplitude control units. Each transmitter channel
can also be individually enabled or disabled. The receiver mod-
ule consists of four parallel channels. Each receiver channel
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FIGURE 7. TI 60-GHz MIMO radar platform. (a) Photograph of the
radar platform and radar SoC IWR6843 AOP with antennas in package.
(b) Photograph of the radar calibration setup.

consists of a Low-Noise Amplifier (LNA), a passive mixer,
a high-pass filter, and a Variable Gain Amplifier (VGA). All
four receiver channels can work simultaneously. Time-division
multiplexing (TDM) method is used to change the state of con-
trol units of each transmitter channel in a specific order. The
FMCW radar operates at a frequency range of 60 to 64 GHz,
with a transmission power of 0dBm, a center frequency of
62 GHz, and an FMCW bandwidth of 4 GHz. The repetition
time for each chirp is 60 us; the sampling frequency (f;) is
10 MHz; and 512 samples are taken per chirp pulse period. The
data of the intermediate frequency (IF) signal from the radar is
recorded by a data acquisition board connected to the radar plat-
form, and the baseband data is transmitted to the computer via
an Ethernet cable.

3.1. Calibration

Given the variability in signal path lengths and losses or gains
across different transmitter and receiver channels, which intro-
duces inter-channel consistency deviations, calibration is essen-
tial to compensating these discrepancies. The calibration pro-
cess is conducted within an anechoic chamber equipped with
corner reflector (CR), as depicted in Fig. 7(b). The radar plat-
form is mounted on a stand 80 cm above the ground. The basic
idea of calibration is that under far-field conditions, each chan-
nel in the same plane receives signals with the same amplitude
and phase when the signals are incident from the normal direc-
tion of the array. The far-field condition for both the Tx and Rx
antennas is defined as Lr = 2D? /), where LF represents the
minimum distance for far-field conditions, D the antenna aper-
ture, and \ the wavelength. In this experiment, with A = 5 mm
and D = 7.5mm, LF is calculated to be 22.5 mm. Within the
calibration setup, the CR is positioned 1.85m away from the
radar, centered and aligned accordingly.

Figures 8(a) and (b) illustrate the amplitude and phase of
range profiles for 12-channel data in azimuth plane before cal-
ibration, respectively. The data from the first channel is used
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FIGURE 8. Range profiles of 12-channel data in azimuth plane. (a) Amplitude and (b) phase of uncalibrated data. (c) Amplitude and (d) phase of

calibrated data.

FIGURE 9. Photograph of experimental setup for motion perception measurements. (a) Scenario with one person and one hand. (b) Scenario with
one individual and a pair of hands. (c) Scenario with two hands and two individuals.

as a reference to normalize the amplitude and align the range
and phase of the distance distribution for each channel at the
location of the CR. The calibrated range profiles for amplitude
and phase are shown in Figs. 8(c) and (d), respectively. The
results show that the amplitude and phase of each channel after
calibration are well aligned with the position of the CR. This
data calibration matrix is further utilized in subsequent 3D po-
sitioning data processing.

3.2. Air-Writing Gestures Setup

This experiment demonstrates the capability of writing digits,
letters, and symbols in air using hands, with the setup illustrated
in Fig. 9. Throughout the test, the movements of the hands were
kept within an elevation plane at approximately the same dis-
tance from the radar. For some complicated digits such as ‘2’
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and ‘3’°, slower movements were suggested to capture more de-
tails, facilitating subsequent frame point deletion and smooth-
ing algorithms for deriving clear hand motion trajectories. The
experiment comprises three distinct scenarios:

1) Unimanual motion scenario (Fig. 9(a)). It involves a sin-
gle individual using a single hand, with the hand’s motion plane
maintained at 60 cm from the radar and a motion range about
20 cm. This scenario primarily serves to validate the angle es-
timation performance for a single target at varying distances.

2) Bimanual mirror motion scenario (Fig. 9(b)) features a sin-
gle individual using both hands. The distance between move-
ment plane of the hand and the radar is kept at about 60 cm, with
a hand motion range about 20 cm. The results are mainly used
to verify the effect of angle estimation for dual targets under the
same distance.

Www.jpier.org



Progress In Electromagnetics Research B, Vol. 115, 63-77, 2025

rPIER B

30 30
0O o
20 gog 9 o 20} g0 ®O0og g
o® % ° & go a o0 o a
10 g B a 10} g B
- o - B a
£ o oog, £ o [~
S g a @ 0O < 9, a
= 0 o, 8 o &b = 0} a q:lﬂEu - o®
a oflog e B m% oo oo @
% a
10 o o 10
20 -20
(a) (b)
-30 L L s L -30 L L L L L
230 20 -10 [1} 0 20 3 -30 -20 -10 0 10 20 30
30 X (cm) 30 X (cm)
20 20
& a
a
10} o ool ° =@ 10
-~ D -~
g a g
-0 g a o -0
O go
a
-10 a o 8% g -10
ofSo a %
DE UD
o-o
20 -20
() ()
=30 L 9 L =30 L L L L L
-30 -20 -1 0 1 20 30 -30 =20 -10 0 10 20 3
30 X (em) 30 X (cm)
-]
201 o o Fh 20 ogQ Og
a a
u a & ®° oo maod og
_1of ® o 9go 10 &
S & T s g’
= a = 0 g
Sof gog® TIET . 6 ol gerer@toe oo,
a
-10 o o -10
a a o
=20 -20
e o ()
-30 L L L L -30 L L . . .
-30 -20 0 10 20 30 -30 -20 -10 0 10 20 3
X (cm) X (cm)
30 30
o a
20 . “Duq:“uuu 20t p®0a,
o o o0 %o [ o oo 8
10} 4 mo 10 =}
~ o_o a2 P o
g F 8" & ® o z aaoag
A %, =] ) Qo &
o gU 8 < o
- 0 @ o o? :pu =0 a
a o o®g
oo oo f g ? o (= I
10 o &9 %8 o 10f 9gaoo
o oo
=20 [ 20
() (h)
30 ‘ "0 ' IR T T T — 10 20 30
-30 -20 -10 20 30 - - -
X (cm) X (ecm)

FIGURE 10. Experimental results of single-hand motion perception. Subfigures (a), (c), (¢), and (g) show the results without frame point removal
and smoothing processing. Subfigures (b), (d), (f), and (h) represent the results obtained after applying the frame point removal and smoothing

algorithm.

3) Bimanual asynchronous motion scenario (Fig. 9(c)) is a
two-handed scene for two individuals, with the hands’ motion
planes maintained at 60 cm from the radar and a motion range
about 20 cm. This scenario primarily aims to assess the han-
dling of distance switching when two sets of hands move within
the same plane, thereby combining the challenges presented in
the previous two scenarios.

3.3. Results of Frame Point Removal and Smoothing Algorithm

1) Unimanual motion perception processing

In the single hand motion perception experiments, the
demonstration involved tracing the digits ‘0’, ‘1°, ‘2°, and 3’
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in the air. Figs. 10(a), (¢), (e), and (g) illustrate the results
obtained directly from the DBF algorithm for unilateral motion
perception, without applying frame point deletion or smooth-
ing. These results exhibit numerous discrete and repetitive
points, rendering the hand motion trajectories difficult to
discern. Conversely, Figs. 10(b), (d), (f), and (h) display the
outcomes following the application of a frame point deletion
and smoothing algorithm. It is evident that the processed hand
motion trajectories are clearer and more readily identifiable.

2) Bimanual motion perception processing

In the experiments of dual-hand motion perception, demon-
strations involved simultaneously drawing patterns of “1-1°, *(-
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FIGURE 11. Experimental results of dual-hand motion perception. Subfigures (a), (c), and () show the results without frame point removal and
smoothing processing. Subfigures (b), (d), and (f) represent the results obtained after applying the frame point removal and smoothing algorithm.

)’, and ‘O-O’, with both hands on a plane at an equal distance.
Figs. 11(a), (c), and (e) present the raw data obtained directly
from the DBF algorithm for bilateral motion perception, with-
out applying frame point deletion or smoothing. It can be ob-
served that there are many scattered and repeated points, and the
hand motion trajectories of both hands are not easily recogniz-
able. Figs. 11(b), (d), and (f) present the results after applying
the frame point removal and smoothing algorithm. The hand
motion trajectories become clearer and easier to identify after
the processing. Furthermore, in the example of simultaneously
drawing circles with both hands, in Fig. 11(e) the hand motion
trajectories are barely discernible for identification, whereas
Fig. 11(f) effectively reveals the spatial motion trajectories of
both hands.

3.4. Results of Air-Writing Gestures

1) Scenario 1: Unimanual motion perception

This section emphasizes the 3D results for single-hand mo-
tions involving a broader range of gestures. The processed data
will display the refined trajectories of various hand gestures
after they are subjected to frame point elimination and filter-
ing smoothing operations to ensure the most accurate and clean
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representation of the hand’s motion through 3D space. Fig. 12
presents composite illustrations of the 3D and 2D results for
single-hand motion perception. The top-right corner of each
subfigure displays the 2D projection of the 3D trajectory onto
the XY -plane, representing the outcomes of various digits and
letters drawn by the hand at a distance of 50 cm from the radar.
Figs. 12(a)—(j) depict the digits ‘0’ through ‘9, and Figs. 12(k)—
(o) illustrate the letters ‘A’ through ‘D’, along with an intersec-
tion symbol. The figure distinctly outlines the precise trajectory
of each hand movement, even capturing intricate details such as
the continuous and closely adjacent segments of the more com-
plex letters ‘A’ and ‘B’. Notably, even for the intricate hand
motions involved in drawing digits like ‘4°, ‘5, and ‘8’, clear
trajectories are observable and closely match handwritten num-
bers.

2) Scenario 2: Bimanual mirror motion perception

Figure 13 shows the 2D and 3D results of hand movement
perception for bimanual mirror activities, where Figs. 13(a)—
(h) display symmetrical drawing of ‘1°, 2°, ‘3°, a elevation
line with a diagonal slash, ()’, “7°, ‘z’, and ‘D’, respectively.
Fig. 13(i) represents the symmetrical drawing of digit ‘3’ with
an additional azimuth line using both hands, where the ‘3’ is
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FIGURE 12. Composite illustrations of the 3D and 2D experimental results for single-hand motion perception, with subfigures (a) to (j) representing

numbers ’0’-’9’, subfigures (k) to (o) depicting letters ‘A’ to ‘D’, and an intersection symbol.

drawn as a zigzag, distinguishing it from the semicircular form
in the mentioned Fig. 13(c). In this figure, the blue trajectory
represents the left-hand movement, while the red trajectory cor-
responds to the right-hand movement. By separating and plot-
ting symmetrical patterns for each hand on the same plane (with
the left hand moving in the left half of the XY plane and the
right hand in the right half), we achieve bimanual hand mirror
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movement perception. The experimental results clearly demon-
strate that the traced hand movement trajectories align with ac-
tual hand movements, thereby validating the feasibility of the
proposed spatial division-based approach for realizing biman-
ual hand movement perception.

3) Scenario 3: Asynchronous bimanual motion perception

WWwWw.jpier.org



rPIER B

Wang et al.

X (cm) Y (cm)

Y (cm)

FIGURE 13. Composite illustrations of the 3D and 2D experimental results for the perception of bimanual mirror activities. Subfigures (a) to (j) depict
symmetrical drawings of the following patterns: ‘1°, “2°, ‘3°, an elevation line with a diagonal slash, parentheses ‘()’, ‘7, ‘z’, and ‘D’. Notably,
subfigure (i) shows the digit ‘3° drawn symmetrically with an additional azimuth line..

Figure 14 illustrates the recognition results of asynchronous
hand motion trajectories performed by both hands from two in-
dividuals. The blue color in each subfigure represents the de-
tected trajectory of the gesture drawn by the left hand, while the
red color corresponds to that of the right hand. According to the
3D and 2D plot shown in Fig. 14(a), it can be easily obtained
that the digits ‘1’ and ‘0’ are drawn by left and right hands,
respectively. The result can be represented as ‘1-0’. Simi-
larly, Figs. 14(b)—(f) are the trajectories of ‘1-7” gesture, ‘1-9’
gesture, ‘1-2° gesture, ‘1-4’ gesture, and ‘triangle-square’ ges-
ture. The 2D trajectory plots indicate that the recognized results
closely resemble the actual hand motion trajectories, which can
be effectively distinguished between the distinct gesture mo-
tions performed by the left and right hands.

In addition, a comparative analysis with other similar works
is presented in Table 1. It reveals that the proposed method
achieves superior range and angle resolution, particularly when
employing a small array and notably under the L-shaped vir-
tual MIMO array configuration. Furthermore, the introduced
sensing technique enables 3D imaging of both single-handed
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and dual-handed targets, along with tracking the trajectories of
gestures in 3D space, thereby presenting a novel solution for
dual-hand gesture recognition.

4. DISCUSSION

1) This study demonstrates the feasibility of our millimeter-
wave radar-based dual-target motion perception approach
through qualitative trajectory analysis. The core innova-
tion is a novel signal processing framework for concurrent
hand movement localization. Future work will include: (1)
quantitative benchmarking against optical motion capture
systems (RMSE, maximum deviation), and (2) standardized
classification tasks (e.g., character recognition) with per-
formance metrics (accuracy, Fl-score). These evaluations
will further validate clinical applicability while maintaining
advantages in occlusion robustness and privacy preservation
over vision-based systems.

2) The current study employs offline processing for algo-
rithm validation, while maintaining a lightweight design prin-
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FIGURE 14. Composite illustrations of the 3D and 2D experimental recognition results of asynchronous hand motion trajectories performed by both
hands from two individuals. (a) ‘1-0° gesture, (b) ‘1-7° gesture, (c) ‘1-9” gesture, (d) ‘1-2’ gesture, (e) ‘1-4’ gesture, and (f) ‘triangle-square’ gesture.

TABLE 1. Experimental results of angular resolution using two corner reflectors (CRS) at different distances to radar.

[29] [20] this work
Radar Type FMCW MIMO FMCW MIMO FMCW MIMO
MIMO Array 16T16R 3T4R 3T4R
Working Frequency 72-80 GHz 60—64 GHz 60-64 GHz
Max. Range 2m 1m Im
Range Res. 0.02m 0.07m 0.1m
Angular Res. 2.3° 2° 2°
Radar Performance 3D Imaging 3D Imaging + 20 hand gestures 3D Imaging + 15 single-hand gestures
+ 15 dual hand gestures

ciple throughout. Although the MUSIC and DBF modules ex-
hibit relatively high computational complexity, their execution
efficiency can be significantly improved through matrix oper-
ation optimization on embedded platforms. Notably, the frame
trajectory smoothing algorithm utilizes moving average com-
putation with minimal computational overhead, meeting real-
time processing requirements.

Regarding power characteristics, the experimental TI
IWR6843A0P radar SoC demonstrates a typical power
consumption of 1.2 W at 60 GHz operation. As the current
implementation relies on MATLAB platform, comprehensive
system-level power analysis remains unavailable. Future
work will focus on hardware implementation of the algorithm
on FPGA/DSP embedded platforms to conduct systematic
real-time performance testing and precise power consumption
measurements.
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3) This study adopts a signal processing-based trajectory re-
construction approach to provide more flexible underlying rep-
resentations for gesture classification and integrated applica-
tions. The current solution preserves complete spatial motion
information, offering rich feature foundations for subsequent
classifier design, while its unsupervised characteristics effec-
tively address cross-user adaptation challenges. Future work
will employ multimodal data fusion to establish a hierarchical
processing architecture that maintains real-time trajectory de-
tection advantages: bottom-layer signal processing ensures ro-
bust motion tracking, while upper-layer few-shot learning en-
ables efficient semantic understanding, ultimately forming a
comprehensive radar-based gesture interaction solution.

4) This study presents an innovative millimeter-wave radar-
based algorithm for dual-target motion trajectory perception.
Through a meticulously designed bimanual interaction exper-

WWwWw.jpier.org



rPIER B

Wang et al.

imental framework, we have successfully validated the algo-
rithm’s superior performance in three-dimensional spatial lo-
calization. At the current stage, we have focused on address-
ing key technical challenges in radar signal processing and mo-
tion trajectory reconstruction, with these fundamental break-
throughs establishing a solid technical foundation for subse-
quent application development. It is noteworthy that while the
present research achievements remain in the theoretical ver-
ification and system optimization phase, with practical sce-
nario validation yet to be conducted, these interim results have
already demonstrated significant application potential across
multiple important domains, including precision control for
smart homes, human-computer interaction in virtual reality,
and auxiliary diagnosis in medical rehabilitation. This progres-
sive research paradigm, evolving from fundamental investiga-
tion to applied development, not only ensures the reliability of
the technical solution but also provides substantial technical re-
serves for future industrial applications.

5. CONCLUSION

We propose a multi-target motion perception algorithm by us-
ing a MIMO FMCW radar based on an L-shaped virtual an-
tenna array to realize dual-hand gesture recognition and trajec-
tories tracking. The approach involves estimating azimuth and
elevation angles separately from the two data components de-
rived from the L-shaped array through MUSIC algorithm, in-
corporating spatial division techniques combined with DBF to
address the challenges of dual-hand motion perception. To mit-
igate noise inherent in the raw frame-point data, a correspond-
ing frame point removal and smoothing algorithm is devised
to refine the trajectories. After the calibration of radar plat-
form using corner reflectors, the experiments with three distinct
scenarios, including unimanual, motion, bimanual mirror mo-
tion, and bimanual asynchronous motion, are carried out to vali-
date the recognition of air-writing (digits, letters, and symbols)
gestures and 3D trajectories detection. Therefore, compared
with other similar works, the proposed method achieves supe-
rior range and angle resolution, particularly when employing a
small array and notably under the L-shaped virtual MIMO array
configuration. It effectively enables millimeter-wave wireless
perception of dual-hand motion, yielding clear spatial trajec-
tories of both single-handed and dual-handed gestures, and it
gives a new option for controlling the HCI.
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