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Abstract—Radars offer robust gesture recognition
capabilities over traditional vision, capacitance, and
ultrasound sensors, with flexibility in preserving user
privacy, sensing in different lighting conditions, higher
temporal resolution, and sensing through materials.
However, raw radar signals are cluttered, difficult to in-
terpret, and strongly dependent on the radar hardware
and scene configuration, which often forces gesture
recognizers to be retrained for each new radar and
environment. To address these limitations, we build on
a full-wave electromagnetic radar model and inversion-
based approach to calibrate and normalize radar mea-
surements into a physically meaningful Green’s func-
tion that is independent of the radar hardware and
background scene. In this paper, we (1) experimentally
validate the radar system invariance of the model by
comparing signals from two distinct radars observing
the same scene and frequency range, demonstrating
that their diverse raw signals align to each other af-
ter normalization; (2) analyze the sensitivity of the
processing pipeline to the distance and angle of the
target, revealing the physical limitations of the infinite-
plane assumption for finite hands; and (3) empirically
evaluate the method on a comprehensive dataset of
20 gestures in user-dependent, user-independent, and
mixed scenarios. Our results achieve classification ac-
curacies of 90.58%, 97.78%, and 98.54% for the full
set, and subsets of 12 and 8 gestures, respectively,
confirming the approach’s robustness and flexibility.

Index Terms—Gesture input, Gesture recognition,
Hand gesture, Radar sensing.

I. Introduction

GESTURE input enables end users to use body pose
and movement to interact effectively and efficiently

with a computer-based interactive system. Gestures range
from symbolic stroke gestures performed on touch-enabled
mobile devices [1], [2] to finger, hand, and arm movements
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sensed by wearables [3] to mid-air gestures to interact
with large displays [4] to foot-based interaction [5] and
whole-body gestures [6]. A gesture recognition system
typically includes an input sensor (e.g., the accelerometer
integrated into a smart ring [3]), a gesture recognizer (e.g.,
Nearest-Neighbor classification of whole-body movement
with the Dynamic Time Warping dissimilarity [6]), and
a gesture set containing classes of gesture templates used
for recognition. Each gesture class is assigned to a system
function, such as opening the hand as a blossom to open
a file [7] or pinching in/out to zoom in/out a picture.

Input sensors typically fall into six categories: touch
surfaces for contact-based or close-to-surface touch ges-
tures [8], computer vision techniques for image-based ges-
ture recognition [9], [10], wearables [11], radars [12], Li-
dars [13], and other types of signals (e.g., Wi-Fi signals [14]
and radio frequency identification (RFID) [15]). Among
sensors detecting contactless gestures [15], [16], radars
offer unique opportunities [17], including vital sign de-
tection [18]–[21], finger-level gesture recognition [22], [23],
on-body input [24], tangible interaction involving physical
objects [25], [26], through-the-wall sensing [27]–[30], auto-
motive perception [31], and activity recognition [30], [32].

Machine Learning (ML) and Deep Learning (DL) tech-
niques are particularly suited for representing radar signals
as images on multiple layers of abstraction, on which
processing techniques are applied to accurately recognize
the gestures from the radar signals [33]–[36].

Many radar-based gesture recognition systems use
image-based representations, such as range-Doppler [37],
[38], micro-Doppler [39], and range-Angle [37], [39], as
inputs to deep neural networks (DNNs). For example,
Li et al. [40] utilized micro-Doppler spectrograms for
sign language classification, feeding them directly into a
DNN for gesture classification. Similarly, Wang et al. [41]
fused range-time, angle-time, and velocity-time spectro-
grams into a composite representation, which was in-
put into a DNN for robust gesture classification. The
u-DeepHand [42] explored denoised range spectrograms,
using an auto-encoder to remove micro-motions from non-
target body parts before feeding the spectrograms into a
DNN. These image-based approaches achieve high accu-
racy but are computationally intensive and sensitive to
radar configurations.

Instead of using dense image-based signal represen-
tations, some methods extract fine-grained features to
reduce computational complexity. Goswami et al. [43]
computed range-Doppler and range-Angle images but ex-
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tracted features like reflected energy, range, velocity, and
angle, inputting these concatenated features into a feed-
forward neural network for gesture classification. Similarly,
the Pantomime [44] used point-cloud data as input for a
DNN, leveraging spatial feature representations for hand
gesture recognition (HGR). Wang et al. [23] developed an
interferometric Multiple-Input-Multiple-Output (MIMO)
radar system using Texas Instruments’ AWR1843 1 radar
to accurately sense, track, and recognize macro hand
gestures (e.g., numbers 0–9, letters A–Z) and micro finger
gestures (e.g., finger tap, thumb slide). Their method uses
temporal and spatial interferometry to measure subtle
range and angular displacements, creating 3-D trajectories
(2D spatial coordinates plus time) for robust gesture
recognition. Unlike traditional approaches that use micro-
Doppler spectrograms, it feeds time-varying 3D coordi-
nates into a ResNet50 [45] CNN for classification, reducing
computational complexity and real-time processing.

However, the feature extraction methods described by
Goswami et al. [43], Pantomime [44], and Wang et al. [23]
are highly dependent on the radar configuration, antenna
layout, and MIMO antenna configuration. For instance,
Wang et al.’s digital signal processing (DSP) for extracting
3-D coordinates is sensitive to the radar’s antenna array
and millimeter-wave (mmWave) wave front configuration,
as Angle of Arrival (AoA) estimation relies on the MIMO
virtual array. Similarly, image-based methods [40]–[42]
face challenges in generalizing across different radar sys-
tems or environmental conditions. These approaches are
often tailored to specific radar types operating within
particular frequency ranges, requiring large amounts of
labeled data for a given context [23], [26], [46], [47]. As
a result, gesture datasets recorded with one radar system
are often incompatible with other systems, necessitating
the creation of new datasets for each unique radar and
environment rather than leveraging existing ones. This
lack of adaptability hinders the development of robust
radar-based gestural interfaces, as accuracy may degrade
when using a different radar or operating in environments
with varying backgrounds.

To address these limitations, this paper applies a prior
electromagnetic model-based approach with inversion and
a gesture recognizer [48], [49] to satisfy three key proper-
ties, which offer a unique combination:

P1. Radar system invariance: Once trained with a partic-
ular radar type that covers a given frequency range,
our model-based approach remains applicable to any
other radar type without retraining, provided that the
same frequency range is preserved. For example, re-
placing the Walabot radar originally used for training
a recognizer with another Walabot or radar operating
in the same frequency range does not affect recogni-
tion. The approach does not depend on whether the
radar is a time- or frequency-domain radar. However,
differences in the radiation pattern may affect perfor-

1https://www.ti.com/product/AWR1843

mance, as the model assumes a dipole-like antenna
pattern.

P2. Background scene invariance: Through full-wave in-
version and signal normalization, our gesture recogni-
tion approach relies solely on the estimated effective
permittivity and distance of the moving hand. As
a result, it is inherently insensitive to variations in
the stationary background environment (e.g.„ walls,
furniture), which are removed from the signal prior to
recognition.

P3. One-shot calibration: Our approach relies on two dis-
tinct calibration steps. First, the radar is calibrated
once, typically in factory settings, using our full-wave
electromagnetic model based on far-field theory. This
yields a normalized Green’s function that effectively
removes radar- and antenna-specific effects from the
measured signal. Second, a gesture recognition model
is trained on these normalized signals. As a result,
the recognizer becomes independent of the specific
radar unit: using a different radar of the same type
(or operating in the same frequency range) does not
require retraining or recalibration of the recognizer. A
new radar would require a new electromagnetic cali-
bration, but the resulting Green’s function and signal
characteristics would remain consistent. Recalibration
of the radar may only be necessary in case of sig-
nificant environmental changes such as temperature,
humidity, or pressure variations.

The remainder of this paper is organized as follows.
Section II explains the mathematical theory for full-wave
electromagnetic modeling and inversion. Section III then
describes the six stages of our model-based approach to
radar signal processing. Two experiments are conducted in
Section IV to evaluate the efficacy of this approach on a set
of twenty gesture classes. Finally, Section V summarizes
this paper and discusses avenues for future research.

II. Mathematical Theory
A. Full-wave Radar Model

The far-field full-wave radar equation [48] assumes a
homogeneous field distribution for the back-scattered field
over the antenna aperture, which holds when the target
is far enough from the antenna. The linear block diagram
in Fig. 1 describes the antenna using four characteristic
global reflection (R) and transmission (T ) coefficients:
Ri(ω), Ti(ω), Ts(ω), and Rs(ω), where ω is the angular
frequency and a(ω) and b(ω) are the source and returned
signals in the frequency domain, respectively. Wave prop-
agation from the radar antenna to the target is described
using the 3D multilayered media Green function, defined
as the x-directed backscattered electric field for a unit-
strength electric source, both located at the antenna phase
center [48], [50]–[52]. This equivalent medium is used for
our hand gesture application, as an analytical solution
of Maxwell’s equations exists, while for real hands a 3D
numerical solution would be needed, but would be imprac-
tical in terms of computing resources and too complex to

https://www.ti.com/product/AWR1843
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Fig. 1: Equivalent linear block diagram of the radar-
antenna-medium corresponding to the far-field radar equa-
tion [48].

use. The equivalent linear block diagram shown in Fig. 1
is solved as follows:

b(ω) = a(ω)Ri(ω) +
a(ω)Ti(ω)Gxx(ω)

1−Rs(ω)Gxx(ω)
Ts(ω) (1)

Defining the ratio S(ω) = b(ω)/a(ω), like the so-called S11

quantity measured by a Vector Network Analyzer (VNA),
and the product T (ω) = Ti(ω)Ts(ω), Eq. (1) becomes [48]:

S(ω) = Ri(ω) +
T (ω)Gxx(ω)

1−Rs(ω)Gxx(ω)
(2)

For a pulse radar, the quantity s(t) is measured with t
being time and b(ω) is obtained using the Fourier trans-
form:

b(ω) = F {s(t)} =

∫ ∞

−∞
s(t)e−2πjtωdt (3)

Then, defining Hi(ω) = a(ω)Ri(ω), H(ω) = a(ω)T (ω)
and Hs(ω) = Rs(ω), Eq. (1) becomes:

F {s(t)} = Hi(ω) +
H(ω)Gxx(ω)

1−Hs(ω)Gxx(ω)
(4)

Whether the radar provides the ratio b(ω)/a(ω) or the
signal b(ω), the radar-antenna system is fully described
by only three independent functions. Ri(ω) or Hi(ω) cor-
responds to a free-space measurement, for which Gxx(ω)
= 0, while Rs(ω) is responsible for the multiple reflections
between the antenna and the target medium. Eq. (2)
is analytically inverted to derive Green’s function from
the measurements, thereby filtering out the effects of the
radar-antenna system and resulting in a normalized quan-
tity that is independent of the radar in a given frequency
range, i.e., the Green’s function:

Gxx(ω) =
S(ω)−Ri(ω)

T (ω) + S(ω)Rs(ω)−Ri(ω)Rs(ω)
(5)

A practical application of the far-field radar equation is
to improve radar imaging, e.g., for landmine detection [53].

B. Determination of the Radar-antenna Characteristic
Functions

The characteristic radar functions Ri(ω), T (ω) and
Rs(ω) (or Hi(ω), H(ω) and Hs(ω)) can be determined by

solving a system of equations (2) containing at least three
different model configurations (denoted k). In our practice,
the antenna is placed at varying distances from a metal
sheet, representing an infinite Perfect Electric Conductor
(PEC). Knowing the properties of the medium, Green’s
functions are computed, and the corresponding Sk(ω) are
measured. The system of equations can be expressed in a
linear form by reformulating Eq. (2) assuming frequency
dependence ω:

Sk = Ri + SkGxx,kRs +Gxx,k (T −RiRs) (6)

Hence, the resulting linear system of equations can be
written in matrix form as:

b = Ax (7)

where

b =



S1

...
Sk

...
Sn

 ,A =



1 S1Gxx,1 Gxx,1

...
...

...
1 SkGxx,k Gxx,k

...
...

...
1 SnGxx,n Gxx,n

 , x =

 Ri

Rs

T −RiRs


(8)

The vector of unknowns is then determined using the
least squares approach:

x =
(
AHA

)−1 AHb (9)

where symbol H denotes the Hermitian or conjugate trans-
pose (AH ≡ AT ). To apply the Green’s function model,
which assumes infinite layers, the metal sheet should be
larger than five times the maximum wavelength, depend-
ing on the antenna radiation pattern. For smaller sizes,
edge effects can affect the results.

C. Full-Wave Signal Inversion
Full-wave inversion can be used to determine the prop-

erties of the layered medium by minimizing an objective
function formulated in the least squares sense as:

φ(b) = |G∗
xx − Gxx|T C−1 |G∗

xx − Gxx| (10)

where G∗
xx = Gxx(ω) and Gxx = Gxx(ω, b) are the vectors

containing the measured and simulated radar signals,
respectively. The vector b = [εn, σn, hn] with n = 1, ..., N
contains the unknowns, while C is the measurement error
covariance matrix. The discrepancy between observed and
modeled data is expressed by the amplitude of the errors
in the complex plane, where the radar data vectors are
arranged by frequency since the radar data are complex-
valued. To focus on a particular range window, containing,
for example the medium surface only [54], inversion is per-
formed in the time domain. Reflections occurring after the
reflection of interest are thereby ignored and the inverse
model configuration can be simplified, e.g., reducing it to a
half-space medium. To convert the frequency domain data
into the time domain, the Inverse Fast Fourier Transform
(IFFT) is applied:

gxx(t) = F−1 {Gxx(ω)} =

∫ ∞

−∞
Gxx(ω)e

2πjωtdω (11)
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Fig. 2: Sketch of the radar signal in the time domain,
gxx(t), with antenna effects removed. The time window
for the inversion, denoted as tmax, is chosen to focus,
as an example, on the surface reflection. ti denotes the
approximate time corresponding to the surface interface
for Green’s function.

Then, a maximum time tmax can be set to focus on the
initial reflectors of interest, such as the surface reflection
(Fig. 2). The objective function becomes:

φ(b) = (g∗xx − gxx)
T C−1 (g∗xx − gxx) (12)

where

g∗xx = g↑∗xx(t)
∣∣tmax

0
and gxx = gxx(t,b)|tmax

0 (13)

are the vectors containing, respectively, the observed and
simulated time-domain windowed Green functions. De-
pending on the number of unknowns to estimate and the
information available from the radar data, the topography
of the objective function to be optimized can be quite
complex, and, in some cases, the inverse problem can
be ill-posed. When dealing with one or two unknowns,
local optimization using a method such as the Levenberg-
Marquardt Algorithm (LMA) [55] or a Look-Up Table
(LUT) approach, which calculates the objective function
throughout the parameter space, is reliable and efficient.
However, for more complex problems, global optimization
is usually required.

III. Radar Data Processing Strategy
Based on full-wave electromagnetic modeling and inver-

sion (Section II), a six-stage pipeline processes the radar
signals for gesture recognition (Fig. 3). Data from each
stage can serve as input to gesture recognition: data from
stages (b), (c), and (d) can be better suited for image
processing algorithms, such as DL [33], while data from
stages (e) and (f) could be used with template matching
algorithms [56].

A. Raw Data Capture
Data is retrieved from one or more receiving radar

antennas, either in the time or frequency domain, de-
pending on the radar used (Fig. 3a). Raw data consist
of the relevant signal with noise and parasitic reflections,
which vary depending on the environment and on the
radar system. To perform subsequent processing stages,
the time-domain signal should first be converted to the
frequency domain using a Fast Fourier Transform (FFT)
Eq. 3) in order to apply the normalizing radar Eq. 5. The
FFT yields a spectrum spanning from 0 to the Nyquist

frequency. Within this spectrum, a specific sub-range is
strategically chosen to strike an ideal balance between
bandwidth and signal-to-noise ratio. In the context of
pulse radar applications, it is common to narrow down
this sub-range to a range approximately one fourth below
the center frequency up to twice the center frequency.

B. Radar Source and Antenna Effects Removal
This second stage removes the effects of the radar source

and antenna (except for radiation pattern) by applying the
radar equation (Eq. 5) [48], [57] to the raw signal (Fig. 3b).
These effects include internal reflections and transmissions
between antennas, as well as antenna-target interactions.
In the case of antenna arrays, this stage requires the
generation of a far-field model of each emitter/receiver pair
of antennas by computing their respective characteristic
functions. The generation of the model is a one-shot
process (property P3) that consists of performing several
measurements at different distances from a metal sheet
(Section II-B). The far-field version of the radar model
is chosen because it is much less resource-intensive to
compute than the near-field version and is valid as long
as users stay sufficiently far away from the radar, i.e., the
distance to the target should be longer than the radar
aperture size [58]. This stage produces a Green’s function
that is independent of the radar and thereby normalized
in the operating frequency range of interest (property P1)
[59]. We experimentally evaluate the radar source and
antenna effect removal. We provide the computational
complexity of each stage for processing one radar frame
based on the variable n, which is the size of the radar
signal from a single receiving antenna. The size of the
signal is affected by the sampling rate of the radar. The
computational complexity of this stage is O(n).

C. Background Scene Removal
Based on the superposition principle, the reflections

from static objects in the surrounding environment (e.g.,
walls, plants, furniture) are subtracted from the normal-
ized signal (Fig. 3). This leaves only the reflections of
moving objects and people, including the end user, in
the resulting signal (property P2), resulting in greater
accuracy and efficiency of full-wave inversion. It is impor-
tant to acknowledge that while the interactions between
the static objects and the hand are not eliminated with
the application of the superposition principle, they are
anticipated to be minimal or negligible when the static
objects are positioned farther away from the endpoint,
as detailed in the following section. The computational
complexity of this stage for processing one radar frame is
O(n), where n is the size of the radar signal. Based on the
superposition principle, the signal from the surrounding
environment (e.g., walls, plants, furniture) is subtracted
from the normalized signal. The resulting signal only
contains the reflections of moving objects and persons,
including the user, thus improving the accuracy and ef-
ficiency of full-wave inversion.
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Fig. 3: Overview of the radar data processing strategy. For each stage, a visualization of its effect on the radar data
and an example of the corresponding radar signal are provided. The radar signal is represented in the time domain for
stages (a) to (d) and as time-distance and time-permittivity plots for stages (e) and (f).

D. Time Gating

An IFFT (Eq. 11) is first applied to the signal to
convert it to the time domain (Fig. 3d), which simplifies
subsequent computations. The time domain signal is then
truncated (Fig. 3e) to exclude all reflections occurring out-
side some distance range of the radar (Fig. 2 and Eq. 13).
The distance range is carefully selected to maximize the
signal-to-noise ratio while maintaining enough distance
between the user and the radar to ensure the validity
of our far-field antenna model (Eq. 5). Consequently,
movements occurring behind the user are ignored, thus
improving the efficacy of the next stages and reducing the
amount of data to be processed in the full-wave inversion,
which increases its efficiency and enables faster real-time
processing without compromising accuracy. It should be
noted that this stage does not eliminate reflections from
moving objects situated between the user and the radar,
which could affect subsequent stages. However, such re-
flections are typically avoidable, and within the user’s
control. Because the truncated radar signal is copied into a
new frame, the computational complexity of this stage for

processing one radar frame is O(n), where n is the size of
the truncated radar signal. The computational complexity
could be reduced to a constant value (O(1)) if the signal
was truncated without copying it into a new frame.

E. Full-wave Inversion
The process of full-wave inversion reduces the radar

signal to two physically-meaningful dimensions (Fig. 3e):
the hand-radar distance d and the relative permittivity
εr,e of an infinite half-space medium equivalent to the
hand. The interface between the air and this medium is
situated at a distance d from the radar and is orthogonal
to the radar-hand direction. The obtained permittivity is
an apparent value that remains unaffected by variations
in the hand-radar distance. This apparent permittivity
is determined by the quantity of signal reflected by the
hand and should not be confused with its true permittiv-
ity. As such, it provides information on the pose of the
hand, whereas the distance gives the dynamic position of
the hand. The inversion algorithm iteratively adjusts the
distance and apparent relative permittivity parameters of
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Fig. 4: Radar signal from two radars (Walabot and vector network analyzer + horn antenna) at 40 cm from a large
copper plate. The top plots show two representations of the raw time-domain signal. The signal from both radars have
different orders of magnitude and feature radar source and antenna effects, including internal reflections, making them
difficult to compare. The bottom plots show how the signal from both radars is normalized after removing the radar
source and antenna effects.

the model to find the best fit between the modeled and
measured signals (Eq. 12). The computations are sped up
by the use of a pre-calculated LUT for real-time objective
function minimization. This drastic data reduction keeps
essential information from the radar signal in the form of
distance and permittivity values, thus enabling to use of
less sophisticated algorithms, such as template-matching
algorithms for gesture recognition. The computational
complexity of this step is O(n × k), where n is the size
of the truncated radar signal and k is the size of the LUT.
Despite the use of a LUT, this is the most expensive stage
of the pipeline.

We conducted a small experiment to evaluate the sen-
sitivity of the full-wave inversion process to three main
variables: (1) the presence of strong reflectors in the

Aluminum box

Horn radar antenna

3D positioning system

PVC tube
Copper plate

Fig. 5: Experimental setup for evaluating the sensitivity
of the full-wave inversion process with respect to distance,
angle, and background scene.
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background, (2) the distance between the hand and the
radar, from 30 cm to 110 cm, and (3) the angle between
the hand and the radar, from 0° to 60° at a distance of 30
cm and from 0° to 45° at a distance of 50 cm. A custom
radar system, comprising a vector network analyzer and a
BBHA 9120 A horn antenna (0.8–5 GHz), was mounted
on a 3D positioning system. The antenna exhibits high
directivity, with a –3 dB beamwidth of approximately
45° in the E-plane and 30° in the H-plane at 1 GHz.
The radar was directed toward a hollow aluminum box
(21.6 cm height × 10 cm width × 8 cm depth) mounted
on a PVC pole. A 3 m × 3 m copper plate placed on
the wall 127.5 cm behind the aluminum box acted as a
strong background reflector. Fig. 5 and 6 illustrate the
experimental setup and the results of this experiment. The
copper plate in the background did not have an impact
on the inversion process as its reflections were removed
in the time gating stage. Similarly, the inversion process
correctly estimated the distance between the radar and
the aluminum box up to 110 cm. Worse results should
be expected when using radars with a lower signal-to-
noise ratio and/or estimating the distance of less reflective
objects. The maximum interaction distance should thus be
adjusted accordingly.

The results of the inversion process when increasing the
angle between the aluminum box and the radar antenna
were consistent with its high directivity of 45°: the in-
version process failed to correctly estimate the distance
from 40° at 30 cm and 46° at 50 cm. The permittivity
estimations changed drastically depending on the distance
and angle between the aluminum box and the radar
antenna, suggesting that this measure should not be used
in scenarios where users are expected to move a lot
around the radar. Although the EM model accounts for
the decrease of signal strength with respect to distance
(3D spherical divergence), these results make sense as
the inversion process considers the hand to be an infinite
medium to simplify computations. Because the hand is a
finite medium, some of the radar signal does not interact
with it, resulting in less signal being reflected than an-
ticipated, which corresponds to a lower estimated relative
permittivity. This phenomenon is emphasized when the
hand is moved further away and/or more offset from
the radar antenna. We believe that the model could be
improved to account for the finite size of the hand, thus
providing an estimation of relative permittivity that would
be independent of the hand-radar distance.

F. Filtering
The result of the full-wave inversion depends on the

signal-to-noise ratio, i.e., on the quality of the radar data.
A low signal-to-noise ratio and moving objects behind or
in front of the user may produce an incorrect estimation of
the distance and apparent permittivity. Two strategies are
employed to clean up the signal produced by the inversion
stage (Fig. 3f). First, the distance and permittivity values
are discarded and replaced with default values (d=75cm,

εr,e=1.0) when the estimated permittivity is close to the
relative permittivity of the air, i.e., when no hand is de-
tected in front of the radar. In addition, a moving median
filter is applied to smooth out too-fast variations in the
estimated distance and permittivity. The moving median
filter was selected for its ability to filter out large and
sudden variations in the data that would not be physically
possible. Employing radars with a large dynamic range
and leading to a higher signal-to-noise ratio and a wider
field of view could decrease the need for filtering, as they
would better dissociate the hand signal from the noise and
hand reflections, even when the hand is not perfectly in
front of the radar.

G. Interfacing with External Components and Comparison
with Recent Radar Representations

The stages of our pipeline can interface with a variety
of external components, including signal processing tech-
niques and gesture recognition algorithms (see Table I).

Recent radar-based gesture-recognition pipelines can
be broadly divided into dense map-based and sparse
point- [44] or trajectory-based [49] approaches. Dense
representations, including micro-Doppler spectrograms,
range–Doppler maps, range–angle maps, and fused
range–time, velocity–time, and angle–time representa-
tions, preserve rich spatiotemporal information and are
well suited to convolutional and other deep neural net-
works [40]–[42], [60]–[64]. However, their dimensions and
statistical distributions are determined by the radar
waveform, bandwidth, sampling configuration, range and
Doppler resolution, antenna array, and preprocessing
chain [64] Consequently, a network trained on these repre-
sentations can be sensitive to changes in radar hardware
or acquisition parameters. Sparse point-cloud and trajec-
tory approaches [23], [44] reduce the input volume and
can support real-time or resource-constrained inference.
Nevertheless, their outputs depend on target-detection
thresholds, beamforming or angle-of-arrival estimation,
MIMO array geometry, and the density and stability of
valid target detections.

The proposed pipeline is complementary to both fam-
ilies of methods. Signals from stages (b)–(d) can be
used to generate range–Doppler maps, range–angle maps,
or point clouds after radar-source, antenna, stationary-
background, and out-of-range components have been at-
tenuated, thereby reducing the sensor- and scene-specific
variability presented to a downstream recognizer. Stages
(e)–(f) provide a different trade-off by compressing each
radar frame to the hand–radar distance and apparent
relative permittivity, enabling physically interpretable,
low-dimensional template-based recognition. Unlike re-
cent data-driven generalization strategies that enlarge the
training distribution through synthetic radar-data gen-
eration [65], the present approach seeks generalization
through physics-based calibration and normalization. This
compression necessarily discards part of the spatiotempo-
ral information exploited by dense deep-learning represen-
tations and remains subject to the far-field, finite-target,
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Fig. 6: Effect of radar-target angle and distance on the signal after radar source and antenna effects removal and
inversion.
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and angular limitations analyzed in subsection IV-E. Be-
cause existing studies use different radar systems, ges-
ture vocabularies, participant populations, and evaluation
protocols, their reported classification accuracies are not
directly comparable; evaluation on a common multi-radar
dataset remains necessary for a controlled performance
comparison. Finally, data from the inversion and filtering
stages (Sections III-E and III-F) could facilitate breathing
patterns recognition, by feeding the distance metric to K-
Nearest Neighbor (KNN) algorithms, and enable robust
tracking and recognition of hand trajectories with trilat-
eration, by using the distances computed by the inversion
stage from multiple spatially separated radar antennas to
determine the 2D or 3D coordinates of the hand.

IV. Experiments
Two experiments were conducted to evaluate the efficacy

of the radar data processing pipeline for hand gesture
recognition. This section first describes the sensor and
gesture dataset used in this testing and then details both
experiments.

A. Walabot
The Walabot represents a commercially available, ultra-

wideband (UWB) radar sensor employing frequency-
modulated continuous-wave (FMCW) technology, and it
incorporates an array of bowtie antennas. The advantage
of using an antenna array, as opposed to a monostatic or
bistatic radar configuration, is its capability to furnish not
only distance information but also direction information.
This work focuses on the higher end ”Developer” version,
which operates in the 6.3-8 GHz range and features 18
radar antennas, including four used as transmitters and 15
as receivers (Fig. 7). Its compact form factor (72×140 mm

board) and USB connectivity make it suitable for use in
(semi-)mobile and stationary contexts of use. The Walabot
Developer SDK enables the retrieval of raw time-domain
radar data for use in custom applications.

B. Custom radar with Horn antenna and VNA
In addition to the Walabot sensor, we used a cus-

tom stepped-frequency continuous-wave (SFCW) radar
built around a lightweight vector network analyzer (R60,
Copper Mountain Technologies, Indianapolis, IN, USA)
connected to a broadband double-ridged horn antenna
operating in a monostatic configuration (BBHA 9120 A,
Schwarzbeck Mess-Elektronik, Schönau, Germany). The
system operates over the 0.8–5 GHz frequency band and
measures the complex reflection coefficient S(ω) over a
dense set of frequency samples, which are directly used in
the full-wave processing pipeline described in Section III.
The antenna exhibits high directivity, with a −3 dB
beamwidth of approximately 45◦ in the E-plane and 30◦

in the H-plane at 1 GHz, making the system well suited
for controlled laboratory experiments and for applying
the full-wave inversion model over a well-defined field of
view [48]. The radar was mounted on a motorized three-
axis positioning system, enabling precise control of its
position and distance relative to the scene. This SFCW
radar serves as a flexible, high-signal-to-noise reference
system for the radar-system invariance and sensitivity
analyses presented in Experiments 1 and 2.

C. Gesture Set
A dataset of 20 frequent gestures (Fig. 11 and 12) was

designed based on the results of a systematic literature
review [17] and gesture elicitation studies [1]: (a) open
hand, (b) close hand, (c) open then close hand, (d) extend

https://walabot.com/products/walabot-diy-2
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TABLE I: Summary of the pipeline stages, with their name and description, the benefits and limitations of using the
signal they produce, and potential external components that they could interface with. External components deemed
most suited to a particular stage are highlighted in a bolder font.

ID Name Description Benefits (�) and limitations (�) External components

a Raw data capture (+
FFT)

Retrieve raw radar signal in the
time or frequency domain.

� No processing required
� Internal reflections
� Transmissions between antennas
� Antenna-target interactions
� Reflections of the surrounding envi-

ronment
� High complexity of the signal

DNN, KNN, RDM,
RAM, point cloud
generation

b Radar source & an-
tenna effects removal

Apply the radar equation to
the raw radar signal to re-
move internal reflections, di-
rect transmissions between the
antennas, and antenna-target
interactions.

� Normalization wrt. the radar system
� Reflections of the surrounding envi-

ronment
� High complexity of the signal

DNN, KNN, RDM,
RAM, point cloud
generation

c Background scene re-
moval

Apply the superposition prin-
ciple to the radar signal to re-
move the reflections of static
objects in the surrounding en-
vironment of the radar.

� Normalization wrt. the radar system
� Normalization wrt. the surrounding

environment
� High complexity of the signal

DNN, KNN, RDM,
RAM, point cloud
generation

d Time gating Temporally truncate the radar
signal to exclude reflections oc-
curring outside the “useful”
range of the radar.

� Normalization wrt. the radar system
� Normalization wrt. the surrounding

environment
� High complexity of the signal

DNN, KNN, RDM,
RAM, point cloud
generation

e Full-wave inversion Apply full-wave inversion to
the radar signal to extract the
hand-radar distance d and rel-
ative permittivity εr,e metrics.

� Normalization wrt. the radar system
� Normalization wrt. the surrounding

environment
� Lower complexity (only two metrics)
� Loss of some information
� Incorrect estimations of distance and

relative permittivity

Trilateration, KNN

f Filtering Apply two filtering strategies
to clean up the signal pro-
duced by the full-wave inver-
sion stage.

� Normalization wrt. the radar system
� Normalization wrt. the surrounding

environment
� Lower complexity (only two metrics)
� Loss of some information

Trilateration, KNN

one finger, (e) extend two fingers, (f) extend three fingers,
(g) extend four fingers, (h) swipe right, (i) swipe left, (j)
swipe up, (k) swipe down, (l) draw infinity, (m) draw
circle, (n) draw Z, (o) push fist, (p) push palm, (q)
hello, (r) knock twice, (s) barrier gesture, (t) touch nose.
The gestures are classified according to Aigner et al.’s
taxonomy [66] and our taxonomy, inspired by Vatavu’s
iFad gestures [67] (Fig. 8). Each gesture was performed
ten times by six participants in a controlled environment,
resulting in a total of 20 gestures × 6 participants ×
10 repetitions = 1200 gesture recordings. All participants
gave their informed consent for inclusion before partici-
pating in the study, and the protocol was approved by
the Ethics Commission of the Institute for Research in the
Psychological Sciences (Université catholique de Louvain).

The recording setup is shown in Fig. 9. The Walabot was
placed vertically on a cardboard box, a material relatively
transparent to RF waves [36]. The participants were sitting
in front of the Walabot at a distance of approximately
70 cm, enough to ensure that the far-field hypothesis of
the antenna model is valid at all times. The Walabot was
configured to record data from 12 antenna pairs at around

Hand-level
- pose
- motion

Arm-level
- stroke
- dynamic

Body-level
- personal
- peripersonal

Fig. 8: Taxonomy inspired by Vatavu’s iFAD gestures [67].

41 frames/sec and 1024 time samples/frame. A custom
script was developed to streamline the recording process.

The recording procedure for one gesture is as follows
(Fig. 10): show the gesture to the participant, then, for
each template (1) the participant starts with their hands
on their laps, (2) the recording is started, (3) the partici-
pant produces the gesture, (4) the participant places their
hands back on their laps, (5) the recording is stopped and
the data are saved to a text file. This sequence of actions
is repeated for each repetition of each gesture. On average,
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2

1

3

Fig. 9: Setup used for acquiring the hand gesture dataset:
(1) acquisition station, (2) Walabot device, (3) participant
producing a gesture.

a recording session (i.e., records 10 templates for each of
the 20 gestures) takes around 30 minutes.

D. Experiment 1: Radar-system Invariance
This experiment evaluates the radar-system invariance

property (P1) of our full-wave normalization. Two different
radar systems observe exactly the same scene (air above
a large copper plate), and we verify that, after removing
radar-source and antenna effects using the far-field radar
equation, both systems yield the same normalized Green’s
function Gxx(ω).

1) Experimental Setup and Data Acquisition: We con-
sider the configuration shown in Fig. 5: a large copper
plate, modeled as an infinite Perfect Electric Conductor
(PEC), is placed in front of the radar in air. The medium
therefore consists of a semi-infinite air layer over an infinite
PEC, for which an analytical expression of the multi-
layered Green’s function Gxx(ω) is available in previous
work [48], [69]. We used 2 ultra-wideband radar systems:

• A stepped-frequency continuous-wave (SFCW) radar
implemented with a vector network analyzer (VNA)
and a BBHA 9120 A horn antenna (as described in
Section II), and

• A frequency-modulated continuous-wave (FMCW)
Walabot radar (described in Section IV-A).

Both systems operate over the same frequency range
used in the rest of this paper and are positioned in the far
field at a distance of d = 40 cm from the copper plate,
as illustrated in Fig. 4. For each radar, raw time-domain
signals s(t) are considered for this configuration. The top
row of Fig. 4 shows that these raw signals have different
amplitudes and waveforms due to the different radar elec-
tronics, modulation schemes, and antenna patterns, as well
as relatively strong internal reflections and direct coupling.

Prior to this experiment, each radar is externally cal-
ibrated following the procedure of Section II-B, which
is based on the far-field full-wave model of Lambot et
al. [48] and its experimental validation for pulsed radars
by Mahmoudzadeh and Lambot [69]. For each system we
acquired measurements Sk(ω) at several antenna distances

from a PEC, compute the corresponding Green’s functions
Gxx,k(ω) for the air–PEC configuration, and solve the
linear system in Eqs. 6–9 to estimate the characteristic
functions Ri(ω), Rs(ω) and T (ω) of the radar–antenna
system. It is worth noting that the antenna radiation
pattern is not explicitly accounted for in the far-field model
and its calibration used in this study. While the point
source–receiver formulation provides a highly accurate
representation of the angular spectrum for infinite planar
layered media, making the model well suited for such
configurations, deviations may arise for finite, localized
targets observed at nonzero incidence angles. In these
cases, differences between the actual antenna radiation
pattern and the idealized model may introduce angle-
dependent bias, particularly at large offsets from the
antenna boresight.

2) Data Analysis: For the Walabot (FMCW) radar,
the raw time-domain signal s(t) is first transformed into
the frequency domain b(ω) using the Fourier transform in
Eq. 3. For the SFCW radar, the VNA directly provides
the complex ratio

S(ω) =
b(ω)

a(ω)
,

as in the far-field radar equation (Eq. 2). In both cases,
the measured quantity S(ω) is related to the scene Green’s
function Gxx(ω) through the far-field radar equation
(Eq. 2:

S(ω) = Ri(ω) +
T (ω)Gxx(ω)

1−Rs(ω)Gxx(ω)
.

Using the calibrated characteristic functions Ri(ω),
Rs(ω) and T (ω) for each radar, we analytically invert
the radar equation with Eq. (5) to obtain the normalized
Green’s function:

Gxx(ω) =
S(ω)−Ri(ω)

T (ω) + S(ω)Rs(ω)−Ri(ω)Rs(ω)
.

This operation removes all radar-source and antenna
effects, so that Gxx(ω) depends only on the air–PEC
configuration and not on the specific radar hardware.
For visualization and comparison, the normalized Green’s
function is then transformed back to the time domain
using the inverse Fourier transform (Eq. 13) to obtain
gxx(t):

gxx(t) = F−1{Gxx(ω)}.

3) Results: The bottom row of Fig. 4 presents the
normalized time-domain signals gxx(t) obtained after ap-
plying the full-wave normalization to both radars. In
contrast to the raw data, the normalized signals now have
comparable amplitudes and nearly identical waveforms.
The two curves almost overlap over the entire time win-
dow, indicating that both radar systems produce the same
Green’s function Gxx(ω) for the same scene.

This result experimentally confirms the radar-system
invariance property (P1): once radar-source and antenna
effects are removed using the calibrated full-wave model
(Eqs. 2, 5–9, the remaining signal is a normalized Green’s
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Resting position Execution Resting positionRetractionPreparation

Fig. 10: The five phases of a gesture, based on [68].

function that depends only on the observed medium and
not on the particular radar implementation.

In particular, previous work by Mahmoudzadeh et
al. [69] already demonstrated the compatibility of the
full-wave model between a frequency-domain SFCW GPR
(800–4000 MHz) and a time-domain pulsed GPR with
a 225–2500 MHz bandwidth, i.e., over only a partially
overlapping frequency range. In contrast, our experiment
compares an SFCW horn-antenna radar and an FMCW
Walabot sensor that are both constrained to exactly the
same 0.8–5 GHz operating band, and for which we directly
normalize and overlay the measured signals using the same
full-wave calibration. This provides a more stringent and
practically relevant validation of radar-system invariance,
reinforcing the hardware-agnostic nature of the proposed
processing pipeline.

E. Experiment 2: Sensitivity of Full-Wave Inversion
The goal of this experiment is to assess the sensitivity

of the full-wave inversion stage (Subsection III-E) to three
key factors: (1) The presence of strong static reflectors
in the background, (2) The distance between the target
and the radar (30–110 cm), and (3) The angle between
the target and the radar boresight (0–60◦ at 30 cm and
0–45◦ at 50 cm). Rather than using a human hand, we
use a simple, highly reflective target to obtain controlled
measurements and to better understand how distance and
aspect angle affect the estimated distance and apparent
permittivity after full-wave inversion (Fig. 5).

1) Experimental Setup and Data Acquisition: The
SFCW radar was aimed at a hollow aluminium box (height
21.6 cm, width 10 cm, depth 8 cm) mounted on a PVC
pole. A 3×3 m2 copper plate was fixed to the wall 127.5 cm
behind the box to act as a strong background reflector
(Fig. 5). Two sets of measurements were performed:

• Distance sweep: the box was placed on the radar
boresight at distances from 30 to 110 cm, in steps of
10 cm.

• Angle sweep: at two reference distances (30 and
50 cm), the box was rotated laterally so that the
radar–target angle varied from 0◦ to 60◦ (at 30 cm)
and from 0◦ to 45◦ (at 50 cm).

For each configuration, the raw frequency-domain signal
S(f) was acquired and converted into the time domain

(s(t)), and the corresponding normalized Green’s function
was obtained using the processing pipeline (Fig. 3). Figs. 6
and 5 summarize the configurations and the resulting
inversion outputs.

2) Data Analysis: The acquired radar data were pro-
cessed using the full pipeline of Fig. III:

1) Radar source and antenna effects removal (Sub-
section III-B): the far-field radar equation (Eq. 2
and its inversion (Eq. 5) were used together with
the previously calibrated radar-antenna characteris-
tic functions Ri(ω), Rs(ω), and T (ω) to obtain the
normalized Green’s function Gxx(ω) of the scene (air
+ aluminium box + copper plate).

2) Background scene removal (Subsection III-C):
reflections from the static background, including the
large copper plate on the wall, were subtracted from
the normalized signal using the superposition princi-
ple, leaving the contribution of the aluminium box.

3) Time gating (Subsection III-D): an inverse FFT
(Eq. (11)) was applied to obtain the time-domain
Green’s function gxx(t), and a time window was
selected so as to isolate the reflection from the box
and discard later reflections from the plate and other
distant objects (Fig. 3d,e).

4) Full-wave inversion (subsection III-E): for each
configuration, the windowed time-domain signal was
fed to the full-wave inversion module, which estimates
the antenna–target distance d and the apparent rel-
ative permittivity εr,e of an equivalent infinite half-
space (Eq. 12. The inversion is implemented through
a look-up table (LUT) over (d, εr,e), minimizing the
objective function defined in Eq. 12.

3) Results and Interpretation: The effect of the back-
ground, distance, and angle on the inversion results is
summarized in Fig. 6.

Effect of the background copper plate: Despite the
presence of a large copper plate 127.5 cm behind the
box, the inversion results are essentially unaffected by the
background reflector: after background subtraction and
time gating, the inversion effectively isolates the response
of the aluminium box, such that the measurements can
be interpreted as if only this target were present. This
confirms that the time-gating stage successfully removes
late reflections from strong static reflectors located behind
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Fig. 11: The 20 gestures of our dataset and their classification according to our gesture taxonomy (Fig. 8) and the
taxonomy of Aigner et al. [66].
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the user.
Effect of distance: As the radar–target distance in-

creases from 30 to 110 cm, the estimated distance d closely
follows the true distance, indicating that the inversion
remains accurate over this range for a strong, well-aligned
reflector. In practice, the maximum reliable distance will
depend on the radar’s dynamic range and the reflectivity
of the target: systems with lower signal-to-noise ratio, or
weaker targets, are expected to require a shorter maximum
interaction distance.

Effect of angle: When the target is rotated away
from the radar boresight, the behaviour of the inversion is
consistent with the high directivity of the horn antenna.
For angles up to roughly the −3 dB beamwidth, the esti-
mated distance remains close to the true value. However,
the inversion fails to provide accurate distance estimates
beyond about 40◦ at 30 cm and 46◦ at 50 cm (Fig. 6),
where the target lies outside the main lobe of the antenna.
This illustrates the practical limitation imposed by the
antenna radiation pattern on the usable field of view.

Effect on apparent permittivity: In contrast with the
distance estimate, the apparent permittivity εr,e varies
strongly with both distance and angle. As the box is
moved farther away or increasingly off-axis, the estimated
permittivity decreases markedly. This behavior is consis-
tent with the assumptions of the EM model: the inversion
assumes an infinite half-space, whereas the box—and, in
our application, the hand—is a finite, relatively small
object. At larger distances and angles, a smaller fraction
of the emitted energy interacts with the target (due to 3D
spherical divergence and the antenna radiation pattern),
leading to weaker reflections than predicted by the infinite-
medium model and thus to a lower apparent permittivity.
The sensitivity of εr,e to position and orientation suggests
that, in dynamic scenarios where users move around the
radar, distance is a more reliable feature than permittivity,
while the latter may primarily encode aspects of hand pose
or target orientation.

Overall, this experiment shows that the full-wave inver-
sion is robust to strong static reflectors in the background
and can accurately estimate distance over a wide range
of configurations, but that the apparent permittivity is
highly dependent on distance and angle. These observa-
tions motivate future extensions of the forward model to
better account for finite-size targets and the antenna radi-
ation pattern, with the goal of making εr,e less dependent
on the hand–radar geometry.

F. Experiment 3: All Gestures
This first experiment evaluates the efficacy of two

stages of our pipeline by training Jackknife [70], a 1-NN
gesture recognizer, on the twenty classes of the dataset
to determine whether their output data contain enough
information to accurately classify a large and diverse set of
gestures. Jackknife [?] was set up with its default settings
for the inner product distance measure. This gesture rec-
ognizer was selected because it can accommodate different

data types, works with as few as one training template,
and is fast to train and execute. We chose to work with an
existing recognizer, as implementing the best-performing
algorithm for radar gesture recognition was outside of the
scope of this paper. However, other algorithms (e.g.„ deep-
learning-based) and signal processing techniques could be
used in conjunction with our pipeline to achieve better
performance (Section III-G).

1) Procedure: A leave-one-out cross-validation
(LOOCV) is conducted on data from the time gating
(Fig. 3d) and filtering (Fig. 3f) stages of the pipeline
in three different scenarios: (1) user-dependent, i.e., for
each gesture sample in the dataset, the sample is selected
for testing and all other samples performed by the same
user are used for training, (2) user-independent, i.e., for
each gesture sample in the dataset, the sample is selected
for testing and all other samples performed by the other
users are used for training, and (3) mixed, i.e., for each
gesture sample in the dataset, the sample is selected
for testing and all other samples are used for training.
The execution time and recognition rate are measured
for each trial, and all trials are run on a Windows 10
laptop with 32GB of RAM and an Intel i7-10875H CPU.
Taranta et al.’s Jackknife [70] with inner product distance
measure is used for gesture recognition and trained
with N={x ∈ N | 4 ≤ x ≤ 40} sampling points and
antenna pairs AP = {(1, 2, 3, 6, 8, 9), (4, 5, 7, 10, 11, 12),
(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)}. The total number of
training templates per trial is 199 (9 to 10 per gesture
class) for user-dependent, 1000 (50 per gesture class) for
user-independent, and 1199 (59 to 60 per gesture class)
for mixed.

2) Results and discussion: The system reaches 90.58%
accuracy over the whole dataset in the user-dependent
scenario using data from the time gating stage,
with an average execution time of 34 ms (N=38,
AP=(4, 5, 7, 10, 11, 12)). We observe more confusion be-
tween gesture classes d, e, f, g, and p, most of which fall un-
der 90% accuracy. These gestures feature small changes in
hand pose (and, thus, slight variations in the amplitude of
the reflected signal) and similar trajectories, making them
tricky to differentiate. Some confusion is also observed be-
tween the gestures j and k (swipe up and down), whose op-
posite trajectories result in very similar radar signatures.
Conversely, seven gesture classes reach over 95% accuracy,
including one hand-level gesture (j), five arm-level gestures
(h, i, l, m, and n) and one body-level gesture (t). The
accuracy drops to 45.17% with data from the filtering
stage (N=26, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)), with
a much shorter execution time at 2 ms. Only seven ges-
ture classes are recognized with more than 50% accuracy,
namely b, k, l, m, n, p, and r. All but two of these classes
(b and r) feature different motions in space with similar
hand poses. The distance measurement is thus crucial
for distinguishing between these gesture classes, while the
relative permittivity is less relevant. We also observe some
confusion between gesture classes d, e, f, g, o, and p, which
feature different hand poses but similar trajectories. In
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particular, gestures d and o are recognized with less than
30% accuracy. The relative permittivity is more relevant
than the distance measure to identify hand poses. As such,
the permittivity measures may lack the required precision
to accurately distinguish between these slight variations
in hand poses, thus explaining the lower accuracy on
these gesture classes. In this context, it is noteworthy
to mention that the obtained permittivity values exhibit
a high sensitivity to minor shifts in hand orientation,
rendering them susceptible to recognition inaccuracies.
Fig. 13 shows the confusion matrices corresponding to
these two configurations.

Accuracy decreases sharply in the user-independent sce-
nario, dropping to 24.58% using data from the time gating
stage (N=38, AP=(1, 2, 3, 6, 8, 9)). Looking at the perfor-
mance for each gesture class shows similar patterns to the
user-dependent scenario, albeit with much lower accuracy.
There is a lot of confusion between gesture classes a, b,
c, d, e, f, g, and p. Only five gesture classes reach more
than 30% accuracy, namely k, m, p, s, and t. In particular,
class k, which has a very different radar signature than
most other gestures, is accurately recognized 77% of the
time. Accuracy is only 15.75% with data from the filtering
stage (N=29, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)). Pat-
terns are very hard to distinguish in this scenario because
of the very low accuracy. Only two gesture classes reach
30% accuracy, namely, classes m and n. Some form of
normalization of the signal with respect to the users could
be applied to improve the performance of the system.

In the mixed scenario, accuracy is only slightly
lower than in the user-dependent scenario, reaching
90.25% with data from the time gating stage (N=39,
AP=(1, 2, 3, 6, 8, 9)), and 40.17% with data from the fil-
tering stage (N=25, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)).
The execution time is longer, reaching 203 ms and 12
ms with time-domain and inversion data, respectively.
Confusion matrices in this scenario are similar to the user-
dependent scenario, with similar observations.

Overall, the best performance is achieved in user-
dependent and mixed scenarios, using data from the time
gating stage of our processing strategy. For real-time
execution in a mixed scenario, the number of training
samples should be carefully selected to maximize accuracy
while minimizing the response time of the system, which
depends mainly on the execution time of the recognizer.
The good performance of the system in the mixed scenario
shows that it can accurately recognize gestures from one
user, even when the training set contains samples from
other users. This property makes the combination of our
pipeline and the Jackknife recognizer ideal for building
gestural interfaces that are trained and used by a small set
of users, such as a gesture-based TV remote. In addition,
the use of a template matching recognizer enables quick
and easy customization of the gesture set.

G. Subsets of Gestures
This experiment aims to identify well-differentiated sub-

sets of our gesture dataset that can be recognized accu-
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Fig. 13: Confusion matrices of the best performing config-
urations in the user-dependent scenario on the complete
dataset.

rately in a user-dependent scenario.
1) Procedure: The procedure is similar to the first

experiment (section IV-F1). For each subset, the Jackknife
recognizer is trained with data from the same sets of
antenna pairs, numbers of sampling points, and stages of
the pipeline, in a user-dependent scenario. Three gesture
subsets were created based on our taxonomy: hand-level,
arm-level, and body-level gestures. In addition, subsets
of highly differentiable gesture classes were created as
follows: (1) identify all subsets with zero (resp. one) con-
fusion between pairs of gesture classes in the results from
the previous user-dependent testing, (2) order them by
number of gesture classes and total number of confusions,
and (3) select the largest subset(s) with zero (resp. one)
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Fig. 14: Confusion matrix of the best performing configu-
ration on gesture subset S6.

Id Description Gestures

S1 Hand-level a b c d e f g
S2 Arm-level h i j k l m n o p q r
S3 Body-level s t

S4 Filtering, C=0 b g l
S5 Filtering, C=1 b g h l
S6 Time gating, C=0 (a) a e h k m n o q
S7 Time gating, C=0 (b) a e h k n o q t
S8 Time gating, C=1 (a) b f h i j l m n p q r t
S9 Time gating, C=1 (b) b f h i k l m n p q r t

TABLE II: The nine selected subsets of gestures. C repre-
sents the maximum number of confusion between pairs of
gestures. Gestures are colored based on the taxonomy in
Fig. 8.

confusion between pairs of gesture classes. We thus have
both larger subsets with low confusion between gesture
classes and smaller subsets with little to no confusion.
The selected subsets are summarized in Table II and
highlighted in Fig. 13. The time-gating subsets (S6 to
S9) consist mainly of arm-level gesture classes, with only
two hand-level gesture classes per subset. This indicates
that the larger motion of arm-level gestures was easier
to differentiate than the smaller-scale hand-level gestures.
The filtering subsets (S4 and S5) contain fewer gesture
classes than the time-gating subsets, which reflects the
high confusion between gesture classes when using data
from the filtering stage.

2) Results and discussion: Despite containing fewer
gestures, the classification accuracy on subset S1 (hand-
level) is lower than on the full set of gestures, at 87.86%
(N=35, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)). Conversely,
the accuracy on the larger S2 subset (arm-level) is
higher, at 96.21% (N=37, AP=(1, 2, 3, 6, 8, 9)). This in-
dicates that arm-level gestures may be easier to differ-
entiate with our technique than smaller-scale gestures.
Accuracy on body-level gestures (S3) is even higher at

99.17% (N=20, AP=(4, 5, 7, 10, 11, 12)), but the small
size of this subset leaves less room for confusion be-
tween gestures. As expected, classification accuracy is
lower on data from the filtering stage, with the ac-
curacy for hand-, arm-, and body-level gestures reach-
ing 51.90% (N=26, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)),
55.45% (N=34, AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)), and
80.00% (N=28, AP=(4, 5, 7, 10, 11, 12)), respectively. A
similar pattern emerges, however, with arm-level gestures
being classified more accurately than hand-level ones de-
spite the greater size of the subset.

The accuracy on subsets S4 and S5 with data
from the filtering stage is relatively low considering
the size of the subsets: 86.11% (N=22, AP=
(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)) and 77.50% (N=23,
AP=(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12)) for three and four
gesture classes, respectively. Conversely, Jackknife
managed a high accuracy of 98.54% on subsets
S6 (N=38, AP=(4, 5, 7, 10, 11, 12)) and S7 (N=38,
AP=(4, 5, 7, 10, 11, 12)) using data from the time gating
stage. The accuracy was still high at 97.78% and 97.50%
on the larger S8 (N=38, AP=(4, 5, 7, 10, 11, 12)) and
S9 (N=37, AP=(4, 5, 7, 10, 11, 12)) subsets, respectively.
Other subsets could perform even better but testing
them all would be unrealistic due to the large number of
subsets.

Experiment 2 (Section IV-E) highlights that, even under
controlled laboratory conditions, the outcome of the full-
wave inversion is constrained by the signal-to-noise ratio
(SNR) and by the presence of additional moving reflec-
tors in the scene. In real-world deployments, low SNR
or motion of objects behind or in front of the user can
yield erroneous estimates of both distance and apparent
permittivity.

To mitigate these effects, we apply a lightweight filter-
ing stage after inversion (Section III-F). First, when the
estimated apparent permittivity is close to that of air, we
interpret this as an absence of a detectable hand in front of
the radar and replace both the distance and permittivity
values with default constants (d=75 cm, εr,e=1.0). This
prevents spurious measurements from being propagated
to downstream components. Second, we apply a moving
median filter to the distance and permittivity time series.
The median filter efficiently suppresses large, abrupt vari-
ations that are not physically plausible, while preserving
gradual changes due to genuine hand motion.

This design deliberately trades some temporal resolu-
tion for robustness. More capable radar hardware—for in-
stance with a larger dynamic range, higher SNR, or a wider
field of view—would reduce the need for aggressive filter-
ing, as hand reflections would be more clearly separated
from noise and from other moving scatterers even when the
hand is slightly off-axis. Importantly, however, the filtering
stage operates on the two-dimensional inversion output
(d, εr,e) only; its computational complexity per frame is
therefore constant, O(1), irrespective of the original size
of the radar signal. This makes it suitable for real-time
gesture recognition on resource-constrained devices.
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V. Conclusion

This paper presented and experimentally assessed a six-
stage, physics-informed radar signal-processing pipeline
for gesture recognition. The pipeline combines radar–an-
tenna calibration, background-scene subtraction, time gat-
ing, full-wave inversion, and filtering to produce either nor-
malized radar signals or low-dimensional physical descrip-
tors. The evaluation comprised three experiments. First,
the radar-system-invariance experiment showed that two
distinct radar systems observing the same controlled scene
produced closely aligned normalized Green’s functions
after removal of radar-source and antenna effects. Second,
the sensitivity experiment characterized the influence of
target distance, target angle, and strong static background
reflectors on the full-wave inversion. Third, the gesture-
recognition experiment evaluated a dataset of 20 gestures
performed by six participants in user-dependent, user-
independent, and mixed-user conditions.

Using the Jackknife gesture recognizer, the proposed
processing achieved an accuracy of 90.58% on the full
set of 20 gestures, 97.78% on a subset of 12 gestures,
and 98.54% on a subset of eight gestures using signals
from the time-gating stage in the user-dependent con-
dition. Performance decreased in the user-independent
condition, indicating that interpersonal variability remains
an important challenge, whereas the mixed-user condition
showed that a recognizer trained with examples from mul-
tiple intended users can provide a practical compromise.
The inversion results further showed that the apparent-
permittivity estimate is sensitive to target distance and
off-axis angle because the current model approximates the
finite hand as an infinite planar medium. Together, the
experiments support the feasibility of the proposed nor-
malization strategy while identifying the conditions under
which its physical assumptions limit performance. Rele-
vant resources, including the gesture set, dataset [71], and
detailed experimental results, are available through the
project website at https://sites.uclouvain.be/ingenious/
2023/08/04/electromagnetic-model-and-inversion/.

Beyond laboratory gesture classification, the proposed
processing architecture suggests several application do-
mains in which contactless, camera-free interaction and
stability across sensor deployments are advantageous. Be-
cause radar does not capture optical images, it can reduce
the exposure of visually identifiable information relative to
camera-based interfaces while continuing to operate under
poor illumination. Depending on the operating frequency
and on the electromagnetic properties, thickness, and
geometry of an intervening layer, radar may also sense
gestures through nonconductive dielectric covers, enabling
sealed, concealed, or easy-to-clean interfaces [24], [25],
[36]. In clinical environments, contactless gesture control
could support the manipulation of medical images or other
digital systems without requiring medical personnel to
touch shared input devices, thereby helping to preserve
sterile workflows [72], [73]. Related interaction constraints
arise in isolated, confined, and extreme environments,

including space and hypogravity contexts, where confined
workspaces, protective equipment, and changes in body
orientation and motor control can affect interaction [74],
[75]. In such settings, the separation of one-time radar
calibration from classifier training and the removal of
stationary-background reflections could reduce the need
for radar-specific data recollection after sensor replace-
ment or deployment in a new static scene. For sensing
through a fixed cover integrated with the sensor, the cover
may be included consistently in the radar–antenna cali-
bration; for a separate intervening material, its dielectric
properties and geometry should instead be represented as
layers in the electromagnetic forward model. These appli-
cation scenarios remain prospective and require validation
in their intended operational environments.

The findings of this paper suggest three main avenues
for future exploration. First, there is potential in inves-
tigating how various external components could benefit
from integration with our signal processing pipeline. For
instance, training DNNs using data from the time gating
stage (Section III-D) could significantly enhance their
adaptability across diverse environments with less training
data and little to no retraining required. In addition,
the normalization performed by the second stage of our
pipeline (Section III-B) could facilitate the accurate ex-
traction of information such as point clouds or RDMs from
radar signals. Finally, leveraging data from the full-wave
inversion and filtering stages (Sections III-E and III-F)
could help accurately retrieve the 3D position of the hand
in space through trilateration. This information could
serve to display a pointer on the screen and improve
the recognition of hand trajectories. Second, focusing on
improving individual stages, particularly the full-wave
inversion stage (Sections III-E), could result in better
performance in many scenarios. Potential improvements
include accounting for the finite size of the hand to provide
relative permittivity estimates independent of hand-radar
distance, and normalizing this relative permittivity metric
with respect to users’ hand size. Third, exploring alter-
native radar systems and gesture recognition techniques
could help further validate our approach. For example, we
could employ data fusion techniques to combine signals
from multiple radar antennas and investigate radar sys-
tems operating at different frequency ranges, with a better
signal-to-noise ratio, or featuring more antennas.
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