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mmWave Radar-Based Unsupervised Gesture
Recognition via Image-Aligned Heterogeneous

Domain Transfer
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Abstract—Human Gesture Recognition (HGR) using mmWave
radar has become increasingly promising due to its exceptional
contactless perception sensitivity. Conventional approaches pre-
dominantly rely on supervised models to learn radar signals, thus
incurring substantial costs associated with annotation. To address
this limitation, certain works embrace transfer learning to effec-
tively transfer knowledge from labeled source domain to unlabeled
target domain, achieving unsupervised recognition in the target
domain. However, existing transfer-based methods still necessitate
large-scale labeled source domain radar data, thereby constrain-
ing their practical applicability. To this end, we propose a novel
unsupervised solution for mmWave-based HGR by transferring
public image gestures to radar data, eliminating the need for
acquiring labeled radar data in source domain. We aim to establish
heterogeneous alignment between images and radar signals, facil-
itating cross-domain transfer. Initially, we mitigate the negative
impact of data heterogeneity by employing sophisticated signal
processing techniques to convert raw radar signals into gesture tra-
jectories. Subsequently, we introduce an Adversarial-Contrastive
Domain Transfer Model (ACDTM) to achieve fine-grained align-
ment. ACDTM not only confuses the source and target domains by
adversarial learning, enabling the acquisition of domain-invariant
features, but also designs a robust similarity matrix to facilitate
intra-class alignment through contrastive learning. Additionally,
ACDTM conducts adversarial self-training on target domain with
pseudo-labeled distribution. Our experimental findings substan-
tiate that the unsupervised accuracy achieves about 80∼92% on
different mmWave gesture datasets, outperforming existing unsu-
pervised HGR schemes by large margins.

Index Terms—Gesture recognition, mmWave radar sensing,
unsupervised learning, heterogeneous domain transfer.

I. INTRODUCTION

W ITH the advancement of digital services, Human Ges-
ture Recognition (HGR) has found extensive applica-

tions in various fields, including smart living [1] and intelligent
healthcare [2]. Although traditional computer vision-based HGR
has reached a mature stage [3], [4], it often encounters per-
formance limitations under poor lighting conditions and raises
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concerns about privacy [5], [6], [7], [8], [9]. In recent years,
the rapid evolution of wireless sensing technologies [10] has
effectively addressed these limitations associated with vision-
based approaches. Wireless sensing techniques utilize emitted
electromagnetic signals to model motion gestures, thereby intro-
ducing a new paradigm of perception. Among these techniques,
millimeter-wave (mmWave) radar sensor technology plays a
vital role. Compared to low-frequency signals like WiFi and
UWB, mmWave signals offer high frequency and large band-
width, enabling enhanced sensitivity and fine-grained percep-
tion capabilities [6]. Consequently, a growing body of research
focuses on leveraging mmWave sensing for HGR [1], [5], [7],
[11], [12], leading to significant breakthroughs in this field.

Typical mmWave radar-based HGR methods involve the col-
lection of data, followed by the construction of Deep Neural
Networks (DNN) to learn and identify gesture patterns from
radar data [1], [7], [11], [12], [13]. However, these methods
heavily rely on supervised learning, which incurs significant
costs due to the need for manual labeling. The labeling process is
further complicated by the challenge of comprehending Radio-
Frequency (RF) signals, making it more difficult for humans.
To address this issue, some works employ transfer learning
techniques to alleviate the burden of manual annotation [5], [14].
For example, UDARF [5] proposes leveraging a large amount
of labeled signal data from Environment A (referred to as the
source domain) and transferring its knowledge to unlabeled
signal gestures in Environment B (the target domain). The
source and target domains may be related (e.g., having similar
categories), but they often exhibit significant distribution dif-
ferences. In UDARF, pseudo labeling-based domain adaptation
techniques [15] are employed to mitigate distribution discrepan-
cies, enabling unsupervised learning in target domain. However,
existing transfer-based works necessitate a substantial amount
of labeled source domain signal data. Acquiring large-scale
annotated and related signal data poses significant challenges in
the context of wireless sensing. Consequently, a straightforward
homogeneous transfer between radar data encounters limitations
in terms of feasibility in practical settings.

In contrast, domain transfer techniques have demonstrated
significant effectiveness in the field of computer vision [15],
[16], [17], [18], [19] primarily due to the availability of abundant
open image datasets in practical scenarios. For example, there
are numerous open-source gesture image datasets, including
numerical and alphabetical gestures [20], [21], [22]. If we
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Fig. 1. The illustration of the proposed approach framework. Our study
transfers knowledge of open image datasets to unlabeled mmWave data. By
aligning source and target domains, we can achieve unsupervised mmWave
gesture recognition.

can transfer the knowledge from these heterogeneous image
gestures to radar gesture signals, it would significantly reduce
the need for collecting source domain radar data. Moreover,
unsupervised domain adaptation does not require downstream
fine-tuning like in self-supervised learning. Consequently, our
objective, as depicted in Fig. 1, is to align radar data with images
and achieve unsupervised recognition of radar gestures through
heterogeneous domain transfer learning. However, this type of
heterogeneous transfer presents two main challenges at the data
level and in terms of model adaptation:
� Image and radar signals are completely heterogeneous

data types, differing significantly in terms of data rep-
resentation, dimensions, and meanings. Therefore, it is
essential to analyze and process the heterogeneous rela-
tionship between the data, mitigating the negative effects
of heterogeneity and facilitating successful transfer.

� There exists a substantial distribution discrepancy between
radar signals and image data, making it easy for models to
differentiate between the domains based on their distribu-
tions. This discrepancy poses a challenge in aligning the
source and target domains.

To address the aforementioned challenges, we propose a novel
mmWave-based unsupervised gesture recognition method that
focuses on aligning information between the heterogeneous
image and radar domains. Firstly, we establish a bridge, gesture
trajectory images, between images and radar signals to effec-
tively mitigate the negative effects of heterogeneous transfer
at the data level. These trajectory images are constructed by
applying point cloud filtering techniques within and between
frames of radar signal data. Secondly, we employ an Adversarial-
Contrastive Domain Transfer Model (ACDTM) to achieve fine-
grained alignment between image and radar data. Inspired by
the concept of an adversarial minimax game, ACDTM aims to
confuse the source and target domains, ultimately aligning the
trajectory images of the target domain with the data distribu-
tion of the source domain. Furthermore, ACDTM utilizes the
ratio test method to construct a sample-level similarity matrix
between the target and source domains. This matrix enhances
intra-class alignment through the computation of the contrastive

loss on the similarity matrix. To fully exploit unlabeled samples
and enhance model robustness, ACDTM employs Adversarial
Self-Training on target domain with pseudo-labeled distribution.
The experimental results demonstrate that our method success-
fully transfers information from heterogeneous images to radar
signals, achieving a promising unsupervised performance.

Overall, our work contributes in the following three aspects:
1) We propose a novel framework that utilizes heterogeneous

domain transfer for unsupervised mmWave gesture recog-
nition. By aligning with open-source images, we tackle the
challenge of collecting large-scale signal data and transfer
heterogeneous image knowledge to radar data.

2) To bridge the gap between the target domain radar signals
and the source domain images at the data level, we use a
simple yet effective concept of gesture trajectory images.
Furthermore, we explore an ACDTM to achieve fine-
grained alignment, mitigating the distribution differences
between the source and target domains.

3) Experimental results demonstrate the effectiveness of
our approach. Without fine-tuning, our unsupervised
mmWave gesture recognition achieves an accuracy of
about 80 ∼ 92%, surpassing existing unsupervised HGR
schemes by substantial margins.

The rest of this paper is organized as follows. Section II
introduces the related work. In Section III, the overview of
our system is presented. We elaborate on method details of the
proposed approach in Section IV. In Section V, we describe
the implementation and evaluation of our system. Some po-
tential improvements and research directions are explored in
Section VI. Finally, Section VII summarizes the conclusion.

II. RELATED WORK

Unsupervised Domain Transfer: Models trained on annotated
source domains are often sensitive to domain shifts, primarily
manifested in poor generalization performance when directly
applied to another target domain due to significant distribution
biases [15], [19]. Unsupervised domain adaptation techniques
have emerged to minimize the distribution disparities or dis-
tances between the labeled source domain and the unlabeled
target domain, facilitating the transfer of knowledge from source
domain to target domain. Unsupervised domain adaptation finds
extensive applications in deep learning, primarily encompassing
three types: discrepancy-based, adversarial-based, and pseudo
labeling-based methods. Discrepancy-based methods establish
distance functions between the source and target domains to
measure the disparities at corresponding feature embeddings.
For example, Long et al. [16] define the sum of Multiple Kernel
variant of Maximum Mean Discrepancies (MK-MMD) between
FC layers as the distance. Chen et al. [23] propose higher-order
statistics as distance function, and further extend it into repro-
ducing kernel Hilbert spaces. Adversarial-based methods align
global distribution by minimax game, which fools discriminator
to confuse domains and learns domain-invariant features. For
instance, DANN [17] proposes GRL to train domain adversarial
networks. CDAN [18] considers aligning conditional distribu-
tions in discriminator to improve discriminability. Since target
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domain is unlabeled, to take into account class-specific adap-
tation during the transfer process, some works [24], [25], [26]
predict pseudo-labels to target domain in the training stage.

Video-based Radar Data Synthesis: Several notable works,
such as Vid2Doppler [27], Midas [28], Midas++ [29], and
SBRF [30], synthesize radar signals from videos, offering inno-
vative solutions to mitigate mmWave data scarcity. The general
pipeline of video-based synthesis is: First, they extract skeletal
information from video keyframes and reconstruct 3D human
meshes. Then, according to the human meshes, they compute
radial velocity, visibility, and Radar Cross-Section (RCS) to
obtain preliminary simulated signals by physical modeling.
Finally, they refine simulated radar data using real data by
neural networks (e.g., U-Net [31], Transformer [32]). How-
ever, existing methods face several challenges: (1) They still
require real data for training, such as loss computation be-
tween simulated and real signals during refinement stage; (2)
High computational costs and need for synchronized camera-
radar data collection. The process relies on robust computer
vision models for mesh estimation and large-parameter models
(e.g., Transformer) for refinement, resulting in high computa-
tional complexity. Our approach reduces model training over-
head by converting radar gesture signals into low-dimensional
trajectory pictures and achieves unsupervised recognition by
aligning with open-source gesture images. Additionally, since
we only have radar data without paired video data, video-
based radar data synthesis falls outside the scope of this
paper.

mmWave Radar Sensing: With the development of the Internet
of Things (IoT), mmWave sensing starts impacting life, which
can sense human in a contactless way [6]. For example, the
works [33], [34] utilize mmWave radar to track and localize hu-
man. [35], [36], [37] propose human vital signs measurement us-
ing mmWave, such as respiration and heartbeat signal. Our study
pays attention to gesture recognition using mmWave, which has
been explored by many works. For instance, RFWash [13] uti-
lizes radar to monitor the Alcohol-Based Hand Rub and employ
BiLSTM [38] to learn gestures. mmASL [7] and mHomeGes [1]
extract Doppler information from mmWave signals and employ
CNN-based model to recognize gesture signs. Li et al. [12] pro-
pose a series of coupling data augmentations for mmWave sig-
nals and learns gestures with a CNN-RNN-based [8] deep model.
Pantomime [11] proposes a hybrid deep model (combinations
of the PointNet++ [39] and LSTM) to achieve accurate gesture
recognition with sparse point clouds. These mmWave-based
gesture recognition works [1], [7], [11], [12], [13] have achieved
excellent performance and promoted its development, but they
are supervised learning which causes extra labeling overhead.
UDARF [5] proposes unsupervised gesture recognition by trans-
ferring source knowledge to the unlabeled target domain, using
pseudo labeling-based domain adaptation techniques. However,
their source and target domains are homogeneous, and they
require labeled mmWave radar data in the source domain, which
makes it hard to collect related large-scale labeled radar data in
wireless sensing. Our study aims to cope with this challenge
by using am open image gesture dataset to replace radar data of
source domain. We explore heterogeneous domain transfer from

Fig. 2. System overview of our proposed method.

images to radar signals, achieving mmWave-based unsupervised
gesture recognition with unlabeled target domain radar signals.

III. SYSTEM OVERVIEW

The architecture of our proposed approach is depicted in
Fig. 2, which consists of two main modules: mmWave trajectory
generation and deep domain transfer model.

mmWave Trajectory Generation: After collecting the gesture
data using mmWave radar, we obtain the raw radar signal data.
The mmWave trajectory generation module aims to process this
raw data through signal processing techniques to reconstruct the
gesture trajectory. Each gesture data corresponds to T frames,
which are processed sequentially within frames and between
frames to generate a trajectory image. Within t-th frame data
Framet, we perform Fast Fourier Transform (FFT) and noise
reduction operations to obtain point cloud data. By accumulating
the point clouds fromT frames and applying filtering techniques,
we can obtain a stable trajectory image that represents the
gesture.

Deep Domain Transfer Model: Upon obtaining the trajectory
image, we can transfer the knowledge learned from open gesture
images to our trajectory images. The open gesture images,
referred to as source domain, come with labels, while the
mmWave trajectory image serves as the target domain without
labels. Nevertheless, due to the nature of radar electromagnetic
signals, our gesture trajectory maps differ significantly from
real gesture images. For instance, trajectory maps consist of
discrete points, and the resulting connected-line trajectories
are less standardized compared to open-source gesture images.
Additionally, radar-specific characteristics lead to sparse and
potentially inaccurate point localization, often causing distorted
or incomplete trajectories. To better align unlabeled trajectory
maps with public images, we construct an ACDTM to reduce the
discrepancy in data distribution for unsupervised mmWave ges-
ture recognition. First, we employ Domain Adversarial Learning
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Fig. 3. The sketch of trajectory generation using radar signals.

(DAL) to globally align the distributions of source and target do-
mains, learning domain-invariant features. Second, local intra-
class alignment further reduces discrepancies in the conditional
data distributions, and we propose a Similarity-Matrix-based
Contrastive Learning (SMCL) module. Specifically, we con-
struct similarity matrices between source and target domains
based on ratio test techniques, using contrastive learning to
minimize intra-class distances while maximizing inter-class sep-
aration. Furthermore, to fully leverage unlabeled target domain
samples, pseudo-labeling combined with self-training is com-
monly adopted. However, pseudo-labels may introduce noise.
Thus, ACDTM employs Adversarial Self-Training (AST) on
the target domain using pseudo-label distributions to enhance
model robustness. In summary, our method comprehensively
aligns source and target domain distributions both globally and
locally, while AST improves robustness.

In Section IV, we provide the methodological details of our
system. Specifically, Section IV-A depicts the mmWave trajec-
tory generation algorithm, and our deep domain transfer model
is given in Section IV-B. Unless specified otherwise, our study
focuses on typical digit and letter gestures.

IV. METHOD

A. Trajectory Generation

We employ a commercial off-the-shelf TI IWR1843BOOST
radar [40] to collect mmWave data, which has been widely uti-
lized in mmWave radar sensing tasks [6]. The radar continuously
transmits Frequency Modulated Continuous Wave (FMCW)
signals, and our study employs a series of processing techniques
to extract the corresponding trajectory image from the collected
signals. The signal processing is described in Fig. 3, containing
intra-frame and inter-frame processes.

1) Intra-Frame Process: The trajectory diagram is formed by
connecting the coordinate points from each moment, with each
raw data frame at every moment corresponding to a coordinate
point. Thus, it is necessary to capture the signals relevant to
gesture movements in each frame and process them into a

coordinate point. Illustrated in Fig. 3, the intra-frame procedure
encompasses range FFT, Static Clutter Removal (SCR), Doppler
FFT, cropping cube, Constant False Alarm Rate (CFAR) [41],
angle FFT, Statistical Outlier Removal (SOR), and weighting
average. Hereafter, we offer an elaborate elucidation of the
intra-frame process.

Range FFT: The FMCW radar operates by periodically trans-
mitting chirp signals and receiving the reflected signals from
objects through receive antennas. The mixer in radar system
produces Intermediate Frequency (IF) signal by combining re-
ceived chirps with transmitting chirps. The frequency fIF of IF
signal corresponds to the distance d of the object and can be
mathematically expressed as:

fIF =
S × 2d

c
⇒ d =

fIF × c

2S
, (1)

where S is the slope of the chirp signal, and c is the speed of
light. Hence, using FFT on Analog-to-Digital Converter (ADC)
samples dimension to estimate fIF can obtain range information
of object.

SCR: In the environment, various static objects such as fur-
niture and walls are present. However, since our focus is on
capturing dynamic gesture actions, it is necessary to eliminate
purely static objects from signals. Considering these clutter
objects remain stationary with respect to slow time, but gesture
actions are with large variance, so we suppress the clutter reflec-
tions through high-pass filtering in the slow time direction [42].
Specifically, we calculate the average values of the signals on
slow time and subtract them from the data.

Doppler FFT: The moving speed of the object can be deter-
mined using the Doppler effect. By analyzing the phase shift
Δφ1 between consecutive chirps, we can calculate velocity v.
Assume that the interval between two consecutive chirps is Tc,
the relationship between Δφ1 and v is described as:

Δφ1 =
4πvTc

λ
⇒ v =

λΔφ1

4πTc
, (2)

where λ is the wavelength of the mmWave signal. Therefore,
performing FFT across chirps to estimate phase shift which can
be transformed to Doppler velocity. This process allows us to
obtain the Range-Doppler Map (RDMap).

Cropping Cubes: In actual scenes, the gesture of a person
performs close to radar sensor [12], so we select a specific range
bins in ADC samples dimension. For example, the ADC sample
is 256 in our study, and we select the previous AS range bins.
Similarly, the actual speed of hand is not very fast, so we crop
too large Doppler bins and remain the velocity values from
−VD

2 to VD

2 relative to the Doppler bins. The AS and VD are
hyper-parameters, and we give an example of cropped RDMap
in Fig. 4(a).

CFAR: Environment noise remains in the cropped RDMap
due to multipath interference, which confuses the target gesture
signals. CFAR is a typical technique to detect targets against en-
vironment noise [6], adaptively selecting a noise threshold [12]
to detect the object cells (e.g., hand). We apply CFAR along
Doppler and range dimensions, and values below the thresh-
old are considered clutter and are removed from the cropped
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Fig. 4. Examples of intra-frame process. (a): cropped RDMap (AS =
32, VD = 36); (b): detected object cells after CFAR; (c): points of a frame
in the Cartesian coordinate system (red points are outliers, green points are filter
inliers after SOR, and blue point is the final weighting average result).

RDMap. This process is shown in Fig. 4(b), where the remaining
candidate cells are related to action.

Angle FFT: For the remaining candidate cells, we already
possess distance information d, and acquiring angle information
enables us to obtain precise coordinate details. The Angle of
Arrival (AOA) can be conducted at receiver array with multiple
elements [6]. According to the phase changes Δφ2 between
adjacent receiving antennas, the AoA θ can be derived from
Δφ2:

Δφ2 =
2πl sin θ

λ
⇒ θ = sin−1

(
λΔφ2

2πl

)
, (3)

where l is the distance between adjacent receiving antennas.
Therefore, alongside the antenna dimension performing FFT,
we can obtain angle information. According to the range d and
angle θ of detected object cells, we can generate the plane co-
ordinate point by converting them into the Cartesian coordinate
system, which can be calculated as (d sin θ, d cos θ). As shown
in Fig. 4(c), after angle FFT, there are six points (red and green
points) in the Cartesian coordinate system that are converted
from Fig. 4(b).

SOR: Due to the nature of electromagnetic signals, noise may
persist within the candidate point cloud. This type of noise,
termed outliers, typically consists of isolated points that are
significantly distant from normal points. To eliminate outliers,
we utilize SOR method [43] for detection and removal. The SOR
performances k-Nearset Neighbor for each point and calculates
the average distance to its neighboring points. When the average
distance of a point is larger than a threshold τintra, this point is
be classified as outliers. The threshold τintra is defined as:

τintra = μintra + β1 × σintra, (4)

where μintra and σintra are mean and standard deviation of
corresponding average distances of all points, respectively. β1

is the weight of the standard deviation σ, and we set it to 1in
our study. As shown in Fig. 4(c), two outliers (red points) are
detected by using SOR.

Weighting Average: For the remaining valid points, we need
to convert them into a single coordinate point to represent
the trajectory coordinates of this frame. The most straightfor-
ward approach is to take the mean; however, this overlooks
the significance of individual points. To allocate importance
to different points, we employ a weighted sum based on the
energy of the point cloud to derive the final coordinate, where
points with higher energy hold greater weight. Suppose there

Fig. 5. Examples of inter-frame process. (a) original trajectory; (b) after
APOR; (c) after MF and interpolation; (d) after KF and S-G smooth; (e) final
trajectory image.

are N t
intra valid points of t-th frame, and their energy values

are {Et
1, . . . , E

t
Nintra

}, so the final point coordinate (pxt, pyt)
of t-th frame is defined as:

pxt =

Nt
intra∑
i=1

expE
t
i∑Nt

intra
j=1 expE

t
j

dti sin θ
t
i , (5)

pyt =

Nt
intra∑
i=1

expE
t
i∑Nt

intra
j=1 expE

t
j

dti cos θ
t
i , (6)

where dti and θti are range and angle of i-th point in the t-th
frame, respectively. As shown in Fig. 4(c), the blue point is the
final result after weighting average. For ease of notation, we
designate (pxt, pyt) as pt, where 1 ≤ t ≤ T .

2) Inter-Frame Process: Upon acquiring the point coordi-
nates for each frame, we aggregate them onto a two-dimensional
plane. This consolidation allows us to depict the general gesture
trajectory movement. Nevertheless, due to the sparsity and insta-
bility of radar point clouds, some points may still deviate from
the trajectory. To bolster the robustness of the trajectory image,
additional processing steps are necessary. These procedures en-
compass Adjacent-Point-based Outlier Removal (APOR), Me-
dian Filtering (MF), Kalman Filtering (KF), Savitzky-Golay
(S-G) smoothing, Scale Normalization (SN), and padding, as
illustrated in Fig. 3. Below, we detail the intra-frame process.

APOR: Due to the susceptibility of electromagnetic signals
to multipath interference, points of a frame may significantly
deviate from the trajectory. For instance, as depicted in Fig. 5(a),
two outlier points are present in the trajectory of gesture 7,
with these outliers exhibiting significant temporal deviations. To
eliminate outliers in the trajectory, we utilize trajectory trends
and distances to filter out these points. Anomalies typically
exhibit trend shifts temporally and are notably distant from
adjacent trajectory points. Thus, we first calculate the distances
between adjacent points, and the adjacent distance of point pt
can be defined as:

adj_dis[t] =

⎧⎨
⎩
dis(pt, pt+1), if t = 1,
dis(pt, pt+1) + dis(pt, pt−1), if 1 < t < T,
dis(pt, pt−1), if t = T,

(7)
where dis(·, ·) is distance function, such as Manhattan distance.
Then, we compute the mean μinter and variance σinter of the
adj_dis[1 : T ], which can be defined as:

μinter =
1

T

T∑
t=1

adj_dis[t], (8)
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σinter =

√
1

T

∑T

t=1
(adj_dis[t]− μinter). (9)

Finally, a threshold τinter is calculated based on the μinter

and σinter, which can be defined as:

τinter = μinter + β2 × σinter, (10)

where β2 is the weight of σinter, and we set it to 1.5 in our study.
APOR identifies points whose adjacent distances exceed τinter
as outliers. As shown in Fig. 5(b), the two outliers are removed
by using APOR.

MF: Some outlier points in the trajectory sequence may
manifest as spikes but do not exhibit significantly large adjacent
distances, making it challenging to filter out these points solely
relying on APOR. For example, as depicted in Fig. 5, these spike
points, resembling impulse shapes, can significantly impact the
robustness of the trajectory. To address these impulse points, we
apply MF to the trajectory sequence. MF is a nonlinear signal
processing method grounded in ranking statistics theory. The
fundamental principle of MF involves replacing the value of
a point in the trajectory sequence with the median value of
its surrounding neighborhood. This approach ensures that the
neighborhood values closely approximate the true value, making
it effective in filtering out impulse noise [44]. Furthermore, post
MF, we perform a simple linear interpolation on the point cloud.
Illustrated in Fig. 5(c) is an example after applying MF and
interpolation, showcasing the removal of impulse points.

KF & S-G Smooth: To enhance the clarity of trajectory, the
KF is commonly utilized in trajectory tracking tasks. The KF is
a recursive state estimation algorithm employed to estimate the
state of a dynamic system from a series of incomplete and noisy
measurements. This dynamic system is subject to noise, often
assumed to be white noise. To refine the estimated state, KF
leverages measurements that are related to the state but are also
subject to disturbances. Due to the favorable properties of the
KF, we apply it to our trajectory coordinate points. Additionally,
to enhance the smoothness of the trajectory, we employ the com-
mon S-G filtering technique [45]. S-G filtering is a digital signal
processing method for smoothing sequential data, estimating
smoothed values by locally fitting a polynomial to data points
within a sliding window. Illustrated in Fig. 5(d) is the result after
KF and S-G smooth. Assuming there are Ninter points after
S-G smoothing, the coordinates of the points are represented
as [(p̂x1, p̂y1), . . . , (p̂xNinter

, p̂yNinter
)]. Hence, the width W1

and height H1 of the trajectory can be defined as:

W1 = max
(
p̂x1:Ninter

)−min
(
p̂x1:Ninter

)
, (11)

H1 = max
(
p̂y1:Ninter

)−min
(
p̂y1:Ninter

)
. (12)

SN & Padding: After describing the trajectory using points
and line segments, the next step involves transforming it into an
image. To maintain the scale invariance of the gesture, we per-
form proportional normalization and scaling of the trajectory’s
height and width, and then pad it into an image of dimensions
W2 ×H2. For instance, for gesture 1, where the width is signifi-
cantly smaller than the height, resizing the gesture image directly
toW2 ×H2 would result in severe distortion. To address this, we
first calculate the ratio of height to width, normalize the length

and width accordingly, and then scale them based on this ratio.
Assuming the height is greater than the width and needs to be
scaled to Hedge, the scaled width Wedge is expressed as:

Wedge =
W1

H1
×Hedge. (13)

Therefore, after the proportional scaling, the image di-
mensions become Wedge ×Hedge, where the coordinate
point (p̂x1:Ninter

, p̂y1:Ninter
) is transformed into (p̂ximg

1:Ninter
,

p̂yimg
1:Ninter

), with the calculation method as follows:

p̂ximg
i =

p̂xi −min(p̂x1:Ninter
)

W1
×Wedge, 1 ≤ i ≤ Ninter,

(14)

p̂yimg
i =

p̂yi −min(p̂y1:Ninter
)

H1
×Hedge, 1 ≤ i ≤ Ninter.

(15)

We connect all the coordinates in the order of their temporal
relations, resulting in the Wedge ×Hedge trajectory image. Fi-
nally, we fill the Wedge ×Hedge image into a W2 ×H2 image,
padding blank pixels around the perimeter. As shown in Fig. 5(e),
this is an example, gesture 7, of the final trajectory.

B. Domain Transfer Model ACDTM

After obtaining gesture trajectory images, one approach to
recognize these images is to use a pre-trained model on open
images such as MNIST [20]. However, directly transferring the
model to target domain leads to unsatisfactory performance, and
our experiments show only about 33% recognition accuracy.
The primary reason for this performance drop is the significant
distribution difference between the source and target domains.
One notable difference lies in pixel-level distributions between
MNIST and trajectory images. MNIST gestures have high pixel
resolution, whereas mmWave point clouds are sparse, thus the
final trajectory images are not as standardized as MNIST images.
Moreover, the pixel values in MNIST range from 0 to 255,
whereas trajectory images lack detailed pixel values. Instead, the
same pixel values are used to indicate the presence or absence
of a trajectory.

To reduce the distribution difference between the source and
target domains, domain transfer is a common method, which can
effectively improve the unsupervised recognition accuracy of the
target domain. In the problem of unsupervised domain transfer,
we define the source domain with Ds = {xs

i , yi}|D
s|

i=1 , where xs
i

represents source samples, yi is corresponding label, |Ds| is
the total number of source samples. The distribution of source
domain is Ps. Similar, the unlabeled target domain is defined as

Dt = {xt
j}|D

t|
j=1, where Dt ∼ Pt and Ps �= Pt. In recent years,

DAL has achieved remarkable performance in unsupervised do-
main adaptation [15], [17], [18]. DAL usually builds an adversar-
ial target about the domain discriminator to encourage domain
confusion and domain invariant features are learned through ad-
versarial training. Our study also adopts the framework of DAL
and introduces the idea of conditional adversarial to improve the
transfer process. In addition, intra-class alignment can further
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Fig. 6. The framework of the proposed ACDTM.

reduce the difference in the conditional distribution of the data.
Therefore, ACDTM constructs the similarity matrix between
the source domain and target domain and then uses contrastive
learning to learn a more general feature space. To fully exploit
unlabeled samples, it is common to assign pseudo-labels and
employ self-training on the target domain. However, pseudo-
labels may introduce additional noise, so ACDTM employs AST
on target domain with pseudo-labeled distribution to enhance
model robustness. Fig. 6 shows the framework of the proposed
ACDTM and we detail it below.

1) Minimax Adversarial Learning: DAL is a two-player
game: one player is domain discriminator D(·) which is trained
to distinguish the feature comes from source or target domains;
another player is feature extraction F(·) which is trained to con-
fuse D(·), enabling D(·) unable to distinguish source and target
domains, namely learning domain-invariant feature. Common
Domain Adversarial Neural Network [17] (DANN) is formu-
lated a minimax optimization problem by three competitive loss
terms: (a) ε(F,G) is minimized on F(·) and classifier G(·) of
source domain; (b) ε(D,F) is minimized over D across the
source and target domains; (c) ε(D,F) is maximized over F
across the source and target domains. Therefore, the minimax
game of DAL can be expressed as:

min
F,G

ε (F,G) , max
F

ε (D,F) , (16)

min
D

ε (D,F) , (17)

ε (F,G) = E(xs
i ,y

s
i )∼DsL (G (F (xs

i )) , y
s
i ) , (18)

ε (D,F)=−Exs
i∼Ds log [D (fs

i )]−Ext
j∼Dt log

[
1−D

(
f t
j

)]
,

(19)

where L(·, ·) is Cross-Entropy (CE) loss, and fs
i and f t

j are
feature representations through F(·) of source and target sam-
ples, respectively. We can simplify Eq. (16) with a negative sign,
which can be rewritten as:

min
F,G

ε (F,G)− ε (D,F) . (20)

Although DANN achieves excellent unsupervised classifi-
cation performance by adapting the feature representation, it

may be insufficient only to adapt feature representation due to
the nature of multi-class classification. CDAN [18] shows that
the prediction of G(·) also conveys discriminative information,
so we simultaneously adapt domain variances in both feature
representation and classifier prediction. The above minimax
optimization problem can be defined by conditioning classifier
prediction on feature representation, which is expressed as:

min
F,G

ε (F,G)− ε (D,F,G) , (21)

min
D

ε (D,F,G) , (22)

ε (D,F,G) = −Exs
i∼Ds log [D (fs

i , g
s
i )]

− Ext
j∼Dt log

[
1−D

(
f t
j , g

t
j

)]
, (23)

where g is the classifier predicted logits. To capture interactions
between f and g, we use Randomized Multilinear Condition-
ing [18] (RMC) to embed (f, g) into reproducing Hilbert spaces,
which can be defined as:

RMC(f, g) =
1√
dr

(Rff)� (Rgg) , (24)

where � is element-wise product, Rf and Rg are learnable
matrices, and dr is resulting dimension. So Eq. (23), called
adversarial loss, can be rewritten as:

ε (D,F,G) = − Exs
i∼Ds log [D (RMC (fs

i , g
s
i ))]

− Ext
j∼Dt log

[
1−D

(
RMC

(
f t
j , g

t
j

))]
. (25)

The loss function 	DAL of proposed DAL can be defined as:

max
D

min
F,G

	DAL = max
D

min
F,G

E(xs
i ,y

s
i )∼DsL (G(F(xs

i )), y
s
i )

+ α
(
Exs

i∼Ds log [D (RMC (fs
i , g

s
i ))]

+Ext
j∼Dt log

[
1−D

(
RMC

(
f t
j , g

t
j

))])
,

(26)

where α is a weight hyper-parameter. In the training stage, we
adopt Gradient Reversal Layer (GRL) [17] strategy to achieve
end-to-end DAL with a single feed-forward network and stan-
dard back-propagation.
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2) Similarity-Matrix-Based Contrastive Learning: To en-
able intra-class alignment, ACDTM explores sample-level
SMCL to enhance transfer process. ACDTM adopts a k-Nearest-
Neighbor (kNN) based ratio test technique to construct a sample-
level similarity matrix, yielding multiple positives and negatives
to compute contrastive loss. Next, we detail the construction of
similarity matrix and its contrastive loss.

Similarity Matrix Construction: For each target domain sam-
ple xt

j , ACDTM uses metric function sim(·, ·) to calculate and
rank similarity with source domain samples, and the sim(·, ·)
we adopt common normalized inverse Euclidean distance [46]:

sim(fa, fb) =
1

1 + ||fa − fb||2 , (27)

where fa and fb are feature representations of samples through
F(·), respectively. Then, xt

j is defined as a most common class
(denoted as ŷj) based on majority voting resulting, so the ele-
mentary similarity matrix can be defined as:

Aij =

{
1, if yi = ŷj
−1, if yi �= ŷj .

(28)

However, the elementary similarity matrix also is easy to
introduce noise, so we need to filter possible noise labels for
matrix A. ACDTM adopts the typical neighborhood similarity
ratio test [47] based filtering method. Assume the set of like
source domain sample of xt

j is N l
j = {xs

i |yi = ŷj}, and the set
of unlike samples isNu

j = {xs
i |yi �= ŷj}. Forxt

j , we calculate its
label predict confidence Ωj by using the ratio of sum similarity
metric between like and unlike sets:

Ωj =

∑
xs
i∈N l

j
sim(F(xt

j),F(x
s
i ))∑

xs
i∈Nu

j
sim(F(xt

j),F(x
s
i ))

. (29)

According to predict confidences, we select top μ target do-
main samples that are receivable, and the corresponding values
in A of the rest of the sample are set to 0 which is regarded
as noisy. In matrix A, the “+1” and “-1” respectively represent
the positions of positive and negative sample pairs, which can
be used to calculate the following contrastive loss. During the
training stage, we adopt balanced sampling for source domain,
for example, the source domain has K class, thus we sample
K × num samples in each batch, where num is samples of
each class. This has the benefit of preventing classes from being
undersampled on source domain, which may make computing
the similarity matrix invalid. Since target domain is unlabeled,
a random sampling strategy is adopted.

Contrastive Loss: Contrastive learning is widely used in
self-supervised learning [48], [49], which aims to pull similar
samples closer while pushing away dissimilar samples. Self-
supervised learning uses the augmented versions of a sample to
serve as positive pairs and other samples are negative pairs. Since
the matrix A has obtained the positive and negative pairs, we
can calculate contrastive loss to promote intra-class alignment.
That is:

Ψ+ =
∑

{xt
j |Aij=1}

expsim(F(xs
i ),F(xt

j)), (30)

Algorithm 1: ACDTM Training.

Ψ− =
∑

{xt
j |Aij=−1}

expsim(F(x
s
i ),F(xt

j)), (31)

min
F

	CL = min
F

−E(xs
i ,x

t
j)∼(Ds,Dt) log

Ψ+

Ψ+ +Ψ− . (32)

Our experiments show that after adding contrastive loss, the
recognition performance improves by large margins.

3) Adversarial Self-Training: To fully exploit the informa-
tion in the unlabeled target domain, self-training is a common
approach [15], [50]. This method involves assigning pseudo-
labels to samples with high confidence and then proceeding with
supervised learning [51]. For unlabeled target domain samples,
its self-training loss 	st can be defined as:

gtj = G
(
F
(
xt
j

))
, ĝtj = argmax

(
gtj
)
, (33)

	st = min
F,G

Ext
j∼Dt�

(
max(gtj) ≥ τc

) L
(
gtj , ĝ

t
j

)
, (34)
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where hyper-parameter τc is confidence threshold, such as 0.9.
However, erroneous pseudo-labels can introduce noise and hin-
der the model’s learning capabilities. The work [52] demon-
strates that adversarially training the model when data contain
some incorrect pseudo-labels leads to a tighter generalization
error bound compared to standard self-training methods. There-
fore, to mitigate the disruption caused by incorrect pseudo-
labels, we implement AST in the target domain.

Adversarial training [53] is a classifier regularization tech-
nique utilized to enhance the robustness of a model. During
adversarial training, samples are perturbed with small distur-
bances, such as perturbations along the gradient ascent direc-
tion [53], to help the model improve its generalization. Our AST
generates adversarial perturbations radv by adding perturbations
along the gradient ascent direction and normalizing them, which
can be defined as:

δ = ∇xt

(
	st, x

t
)
, radv = ζ

δ

||δ||2 , (35)

where ∇ is gradient operator, ζ is perturbation weight, and || · ||
is L2 norm. Hence, our loss function of AST can be defined as:

	AST = min
F,G

Ext
j∼Dt L

(
G

(
F
(
xt
j + radv

))
, ĝtj

)
. (36)

In summary, the total loss of ACDTM is:

max
D

min
F,G

	DAL + β	CL + 	AST , (37)

where β is the weight of contrastive loss. The architecture of F
can be classical Convolutional Neural Networks (CNN), such as
LeNet [20] and ResNet [54]. The architectures of D and G are
“Fully Connected (FC) layer→BN [55]→ReLU [56]→ FC→
BN → ReLU → FC → Sigmoid [57]” and “FC → BN → ReLU
→ FC”, respectively. The pseudo-code of our ACDTM training
process is presented in Algorithm 1. During the inference stage,
simply input the test samples into the trained feature extraction
and classifier.

V. EXPERIMENTS

In this Section, we comprehensively evaluate our proposed ap-
proach. First, we describe our collected dataset and experimental
setting in Section V-A. Second, we introduce the baselines in
Section V-B. Third, overall performance of our approach is
presented in Section V-C. Finally, Section V-D and V-E give
ablation and parameter studies, respectively.

A. Datasets and Settings

Datasets: We invite a group of 23 volunteers to collect radar
gesture data. The ages of these 23 volunteers range between
20 and 35, with their heights and weights detailed in Fig. 7.
We collected two typical mmWave gesture datasets, consisting
of 10 digit gestures and 26 alphabet gestures. Each individual
performs standard hand gestures in the air, such as “Draw-0”
to “Draw-9” and “Draw-a” to “Draw-z”, and data collection is
conducted with the consent of all participants. In our experi-
ments, the subjects’ hands were positioned 40∼ 100cm from
the radar at angles ranging from -30 to 30 degrees. Our data

Fig. 7. Users’ heights and weights.

Fig. 8. Experiment environments.

TABLE I
DATASET DESCRIPTIONS (ROOM1: MEETING ROOM. ROOM2: OFFICE. ROOM3:

CORRIDOR).

collection activities occur across three distinct environments,
including a meeting room, office, and corridor, as depicted in
Fig. 8. Each volunteer performs each hand gesture more than 5
times. We refer to the collected digit gesture dataset as mmDigit
and the collected alphabet gesture dataset as mmLetter. mmDigit
comprises 6,196 samples, totaling over 200,000 frames, with
a dataset size exceeding 300 GB. mmLetter comprises 6,500
samples, with a dataset size exceeding 300 GB. A summary of
these two datasets is provided in Table I. To comprehensively
evaluate our approach’s performance within domain and across
domains, we assess the unsupervised recognition accuracy under
three conditions: in-domain, cross-environment, and cross-user.
The division of training and testing sets under the three scenarios
is as follows:
� In-domain: All samples are split into training and testing

sets in a 7:3 ratio, without distinguishing between users
and environments.
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TABLE II
IWR 1843BOOST RADAR PARAMETERS IN OUR SETTINGS

� Cross-environment: Data from two environments are used
as the training set, while data from the remaining environ-
ment is utilized as the testing set. This cross-environment
experiment can be conducted three times for each combi-
nation of environments, with the results averaged over the
three trials.

� Cross-user: Fourteen users’ data is randomly selected for
the training set, while the data from the remaining users
is designated as the testing set. This user randomization
process is repeated five times, and the experimental results
are averaged.

The mmWave radar samples in the target domain are unla-
beled. For the source domain data, we leverage the publicly
accessible MNIST and EMNIST [22] datasets.

Settings: The radar operates within the frequency range of
77 GHz to 81 GHz. For the experiment, we employed two
transmitting antennas and four receiving antennas. The specific
parameters of the radar are listed in Table II. In the gesture tra-
jectory generation algorithm, we set the parametersHedge = 24,
W2 = 28, H2 = 28, AS = 32, VD = 36. For our deep learning
framework, we opt for PyTorch [58]. The NVIDIA RTX2080 Ti
GPU is used as the hardware device. We utilized the Stochastic
Gradient Descent (SGD) optimizer with momentum of 0.9, and
the training epoch is set to 100. The learning rate is adjusted
using the cosine warm-up strategy [59], [60], [61], [62], with a
weight decay of 1e-3. In the case of balanced sampling in the
source domain, the number of samples per class is set to 20,
namely num = 20. mmDigit has 10 classes, namely K = 10.
Similarly, K = 26 on mmLetter. The batch sizes of mmDigit
and mmLetter are 200 and 520, respectively.

B. Baseline

In the current landscape of radar sensing, unsupervised do-
main adaptation is typically performed within homogenous
domain settings, such as transferring radar signal data from
environment A to environment B, necessitating labeling of data
in environment A. To facilitate a fair comparison, we select typ-
ical unsupervised domain adaptation works in wireless sensing,
UDARF [5] and SALIENCE [63], and utilize their deep domain
transfer models on our dataset. Additionally, as the pioneering
work advocating the use of heterogeneous images for unsu-
pervised mmWave gesture recognition, we also compared our
approach to several common unsupervised domain adaptation
algorithms that proposed in the text or image domains [16], [17],
[18], [64], [65], [66], [67], such as DANN [17], JAN [65] and
MCD [64]. These compared methods vary solely in the deep

Fig. 9. Trajectory visualization examples of mmDigit.

Fig. 10. Trajectory visualization examples of mmLetter.

domain transfer model, while other steps follow our method.
The brief introductions of these baselines are as:
� Only Source: Directly applying a model trained on the

source domain data to the downstream target dataset.
� UDARF [5]: This approach transfers radar gesture signals

from environment A to environment B through a pseudo-
label-based domain adaptation strategy.

� SALIENCE [63]: This method focuses on wearable sensor-
based activity recognition, aligning sensor data via domain
adaptation.

� DAN [16]: This scheme utilizes a multiple kernel variant
of Maximum Mean Discrepancies (MMD) to align feature
representations.

� DANN [17]: This work performs domain adversarial learn-
ing on the feature spaces.

� JAN [65]: This method learns an adaptation model by
aligning joint distributions of the network across domains.

� CDAN [18]: This approach builds upon feature adversarial
training, incorporating additional conditional adversarial
learning.

� MCD [64]: This methodology delves into task-specific
decision boundaries to harmonize the distributions of the
source and target domains.

� DWL [66]: This strategy dynamically adjusts the learning
losses concerning alignment and discriminability by intro-
ducing the measures of alignment and discriminability.

� CAF [67]: This technique mitigates the global domain
disparities while preserving the local semantic coherence
for cross-domain transfer in a collaborative fashion.

All the baselines are unsupervised methods without subse-
quent fine-tuning processes. To comprehensively evaluate these
approaches, we compare in-domain, cross-environment, and
cross-user recognition accuracies of each method.

C. Overall Performance

Trajectory Reconstruction Visualization: Fig. 9 and Fig. 10
depict the radar gesture trajectory examples of mmDigit and
mmLetter, respectively. It is evident that the trajectory plot
effectively captures the gestural trends. Due to the comparatively
lower resolution of radar point clouds, the gesture trajectories
may lack consistency and exhibit oscillations and fluctuations.
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TABLE III
RECOGNITION ACCURACY COMPARISONS WITH BASELINES

Additionally, due to variations in participants’ habits or po-
tentially sloppy gestures, some gestures may not be entirely
standardized. For instance, in Fig. 9, the last row’s 0, 2, 4, etc.,
exhibit some discrepancies. Consequently, there exist significant
disparities in the distribution between the radar trajectories and
the open image data. This underscores the necessity of employ-
ing our domain transfer model to align the images.

Recognition Accuracy Comparison: In Table III, we compare
the accuracy of our proposed approach with the baselines. It is
evident that compared to these baselines, our approach achieves
better unsupervised performance, approaching the performance
of fully supervised learning more closely than they do. First,
on the mmDigit, our method achieves an accuracy of over 90%
in unsupervised gesture recognition, while the accuracy of the
model trained only on the source domain is around 67%. This
indicates that our ACDTM significantly improves unsupervised
recognition accuracy through domain transfer. Similarly, on the
mmLetter, compared to using only the source domain, we can
improve unsupervised accuracy by over 26% through domain
transfer. Second, our approach outperforms current baselines
by significant margins. For example, compared to UDARF, we
surpass them by over 7.5%, 7.9%, and 7.6% on in-domain,
cross-environment, and cross-user scenarios on mmDigit, re-
spectively. Additionally, compared to unsupervised domain
adaptation models in the image and text domains, our method
also outperforms 1% accuracy. Third, our method demonstrates
similar effectiveness across in-domain, cross-environment, and
cross-user scenarios, indicating robustness to different envi-
ronments and users. By effectively processing the signals and
transforming radar data into images, our model becomes less
sensitive to variations in environments and users. In summary,
our ACDTM exhibits better generalization performance.

Model Computational Costs: Our method aligns open image
datasets with radar gesture trajectories through Unsupervised
Domain Adaptation (UDA), transferring knowledge from im-
ages to radar gestures. Current UDA techniques for radar ges-
ture recognition primarily focus on homogeneous radar data
transfer [5]. Therefore, when comparing with these methods,
we only adopt their model architectures (e.g., loss functions)
while using our trajectory maps and public images as input.
Additionally, we compare against advanced UDA models from
computer vision [17], [18], [66], [67]. Since both our source

TABLE IV
MODEL SIZE, NUMBER OF PARAMETERS, AND FLOPS

Fig. 11. t-SNE Visualization (in-domain mmDigit). (a) only source. (b) ours.

and target domains use 28× 28 gesture images as input, shal-
low CNNs (e.g., LeNet [20]) suffice, keeping all models’ size,
parameters, and computations minimal. Therefore, our approach
requires only 0.09 MB model size, 0.23 M parameters, and
0.84M FLOPs computations. Current UDA techniques mainly
modify loss functions or adaptation strategies - for instance,
DWL [66] dynamically adjusts learning losses for alignment
and discriminability, while CAF [67] collaboratively mitigates
global domain disparities while preserving local semantic co-
herence. Consequently, model parameters and computations pri-
marily depend on the backbone. Our adversarial and contrastive
losses do not increase model parameters but slightly increase
FLOPs. By maintaining the same backbone, our method shows
comparable - sometimes even lower - computational overhead
than baselines, as shown in Table IV. However, our approach
achieves 1%-2% higher accuracy compared to state-of-the-art
computer vision models. Overall, our innovative heterogeneous
domain transfer between images and radar data reduces annota-
tion costs, improves unsupervised accuracy, and maintains low
computational requirements.

Confusion Matrix and t-SNE Visualizations: To showcase the
advantages of unsupervised domain transfer, we contrast our
approach with the only source domain that does not undergo
domain transfer, analyzing confusion matrix results and feature
space visualization. We employed t-SNE [46] for visualizing
the feature spaces in the in-domain setting on mmDigit, results
are shown in Fig. 11. It can be observed that the boundaries
between classes in the only source are not as distinct as in our
method, and the intra-class distribution is not as compact as in
our approach. Our method exhibits clearer boundaries between
classes, with greater distances between categories, resulting in a
more distinct separation between different classes. Additionally,
we present the confusion matrix under the cross-user scenario,
as shown in Fig. 12. It can be observed that, compared to the only
source, the accuracy significantly improves after applying our
ACDTM. For instance, the accuracy of “Draw-0” increases from
84.29 to 95.95, “Draw-3” from 86.19 to 91.67, “Draw-5” from
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Fig. 12. Confusion matrix (%) results.

Fig. 13. Analysis and investigation for relatively low recognition accuracy of
digit gesture “4”.

63.10 to 97.62, “Draw-7” from 11.19 to 99.05, “Draw-8” from
76.85 to 91.56, and “Draw-9” from 56.90 to 87.14. It is noted
that the accuracy of “Draw-4” is relatively low, at 32.62 in the
only source, which our domain transfer boosts to 48.33. When
writing the number 4 in the air, it is written in one stroke, so
there is an extra curve in the top right corner compared to a
normal 4, making it easy to be mistaken for 6 or 9, resulting in
lower recognition accuracy. We explain further the reasons for
this phenomenon in the subsequent section. In summary, the t-
SNE visualization and confusion matrix provide evidence of the
efficacy of our approach, significantly enhancing performance
even in the absence of labeled information.

Analysis for Confusion Between Gestures “4” and “9”: (1)
The continuous writing motion in air gestures causes the right
portion of ”4” to form a closed loop. Red box in Fig. 13(a)
shows the connecting stroke, green box indicates the formed
loop. This visual similarity to digit “9” which also contains
a loop. So this easily contributes to confusion between “4”
and “9”. Additionally, users’ inconsistent writing distances and
the inherent irregularity of radar-tracked gestures often produce
ambiguous samples. For instance, some users draw a straight line
when writing the right portion of “4” (blue box in Fig. 13(a)),
increasing similarity to “9”. We calculate Structure Similarity
Index Measure (SSIM) between sample trajectories of “4” and
“9”, with higher values indicating greater similarity. As shown
in Fig. 13(b), SSIM consistently exceeds 0.6, confirming their
visual resemblance. In contrast, non-cursive “4” and “9” from
MNIST exhibit significantly lower SSIM. This demonstrates

Fig. 14. Gesture “4” exhibits high similarity to gesture “6” after rotation.

that continuous air writing affects gesture shapes. However,
unlike pen-and-paper writing where strokes can be discrete,
continuous motion is unavoidable in wireless sensing-based
air gesture recognition. (2) As shown in Fig. 11, t-SNE vi-
sualization reveals overlapping distributions between “4” and
“9”, indicating their inherent difficulty for unsupervised models
to distinguish. Since our source domain data (MNIST) lacks
continuous writing samples, the unsupervised alignment fails
to adequately address this pattern. When supervised training is
applied to target domain data, gesture “4” recognition improves
to 92.2%, as shown in Fig. 13(c). It can be proven that explicit
exposure to such data distributions with ground truth labels
can resolve this issue. Therefore, future work may incorporate
annotated continuous writing samples in source domain training
to enhance unsupervised generalization.

Analysis for Confusion Between Gestures “4” and “6”: The
digit “4” is often written cursively, with a circular stroke on
its right side. When rotated by 90 degrees, this circular part
appears at the bottom, as indicated in Fig. 14. Since the digit
“6” also exhibits a circular stroke at the bottom, the two gestures
appear similar. However, as observed in the t-SNE visualization,
the distributions of “4” and “6” are not adjacent, which is also
normal. This is because the t-SNE visualization does not fully
represent the underlying data distribution. First, the geometric
structure of neural network feature spaces with hundreds or
even thousands of dimensions is highly complex. The proximity
relationships in high-dimensional space become distorted when
compressed into a two-dimensional plane. Second, the confusion
matrix microscopically reflects the model’s performance details
at decision boundaries, while t-SNE macroscopically reveals the
global category structure learned by the model. Consequently,
even if two classes appear well-separated in t-SNE, misclas-
sifications may still occur in the confusion matrix, which is a
common phenomenon. In future work, we will further investi-
gate methods to distinguish such easily confusable gestures to
enhance the robustness of unsupervised recognition.

Trajectory Tracking Error: For gesture trajectory acquisi-
tion, we employ standard FMCW signal processing compo-
nents integrated with filtering and noise removal techniques.
Several established radar trajectory reconstruction methods ex-
ist, such as mmWrite [68] and mTrack [69]. However, signif-
icant differences exist in radar hardware configurations. For
instance, mmWrite [68] utilizes a high-resolution 60 GHz radar
platform based on modified Qualcomm 802.11ad chips, while
mTrack [69] employs a customized 60 GHz system incorpo-
rating multiple receivers and mechanically steered antennas. In
contrast, our implementation uses a single commercial mmWave
radar device without custom components or additional hardware.
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TABLE V
TRAJECTORY ERROR COMPARISON WITH MMWRITE [68]. WE REPRODUCE

MMWRITE [68] ON OUR DATASET AND HARDWARE PLATFORM. WE INPUT THE

RESULTING TRAJECTORIES OF MMWRITE [68] INTO OUR PROPOSED MODEL TO

EVALUATE UNSUPERVISED RECOGNITION ACCURACY.

Fig. 15. The curves of overall accuracy, domain discriminator accuracy, and
domain discriminator loss. (a) mmDigit. (b) mmLetter.

Furthermore, mmWrite [68] uses 8× 8 antenna array to provide
superior resolution compared to our 2× 4 configuration. Conse-
quently, compared to these customized high-resolution hardware
platforms, our approach necessitates a more tightly coupled
signal processing pipeline to enhance trajectory quality. For ex-
ample, in the intra-frame processing, SOR and energy-weighted
averaging are employed for point cloud denoising. In the inter-
frame processing, APOR, MF, KF, and S-G smooth are em-
ployed for trajectory filtering. We conduct quantitative compar-
isons with existing mmWave tracking solutions. Due to the re-
quirement of additional mechanical components in mTrack [69],
we compare against the classical radar gesture trajectory re-
construction method mmWrite [68]. mmWrite [68] employs
different hardware configurations, we apply their methodology
solely to our dataset and feed the resulting trajectories into our
proposed model to evaluate unsupervised recognition accuracy.
We compare in-domain performance, with results presented in
Table V. Our approach demonstrates a smaller average point
error of trajectory reconstruction and higher unsupervised recog-
nition accuracy, indicating that our intra-frame and inter-frame
signal processing and denoising techniques enhance trajectory
image robustness.

Domain Discriminator Loss and Accuracy: DAL confuses
the source and target domains through a min-max game to learn
domain-invariant features. To examine the process of domain
confusion, we plot the curves of the discriminator accuracy
and overall classification accuracy on mmDigit and mmLeter,
as shown in Fig. 15. It can be observed that the discriminator
accuracy decreases gradually, indicating that the model starts
to have difficulty distinguishing between the source and target
domains as their distributions become increasingly similar. As
the model learns domain-invariant features, the overall unsuper-
vised accuracy gradually improves. Additionally, it can be seen
from Fig. 15 that the adversarial loss increases corresponding to

TABLE VI
MODEL CLASS ACCURACY UNDER UNSEEN SCENARIOS. WE REMOVE ONE

CLASS DURING TRAINING AND EVALUATE ITS ACCURACY AS AN UNSEEN

CLASS DURING TESTING.

Fig. 16. Signal processing ablation results, deleting one of the processing
steps. A: without SOR; B: without APOR; C: without MF; D: without KF; E:
without S-G. (a) mmDigit. (b) mmLetter.

the changes in discriminator accuracy. This result also indicates
that our adoption of DAL is an effective approach.

Unseen Class Performance: To verify that our model robustly
transfers knowledge from images to radar gestures rather than
simply performing inter-class distribution mapping, we remove
one target domain class during training and evaluate its accuracy
as an unseen class during testing. We assess this on digit gestures
by sequentially removing classes 0∼9 to construct unseen class
scenarios. As shown in Table VI, the model still achieves strong
performance on unseen classes, significantly outperforming the
only source baseline. For example, when gesture “0” is unseen,
the model attains 91.42% accuracy, which achieves a 7.13%
improvement over the only source. However, performance re-
mains slightly lower compared to when all classes are available
during training, such as 95.95% accuracy with gesture “0”,
demonstrating that more data can enhance model generalization.
Table VI shows that our model can effectively transfer knowl-
edge from images to radar gestures even under unseen scenarios.
We believe there is still room to improve recognition of unseen
classes in unsupervised domain adaptation, and we may explore
this further in future work.

D. Ablation Study

Signal Processing Ablation: Within trajectory generation, a
series of denoising and smoothing techniques such as SOR,
APOR, MF, KF, and S-G methods are applied to signals both
intra-frame and inter-frame. These methodologies aid in pro-
ducing cleaner gesture trajectory images, directly impacting
subsequent unsupervised recognition accuracy. By removing a
single signal processing module, we observe how the results
change. The ablation results on mmDigit and mmLetter for
in-domain scenario are depicted in Fig. 16. It is evident that
each denoising and smoothing technique contributes to enhanc-
ing model performance, notably APOR, MF, and KF, which
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TABLE VII
ACDTM MODULE ABLATION RESULTS

Fig. 17. Performance comparisons of AST and self-training. (a) mmDigit. (b)
mmLetter.

respectively increased by about 5%, 10%, and 4%. This indicates
that pristine data input is fundamental, and our denoising and
smoothing procedures significantly enhance data robustness and
model generalization.

ACDTM Module Ablation: We utilize trajectory images as an
intermediate bridge to mitigate the heterogeneity between radar
signals and images. Here, we directly transfer the pre-trained
model from source domain to radar signals (e.g., RDMap),
and results are shown in Table VII. It can be seen that the
accuracy is only about 10% and 3% on mmDigit and mmLetter,
respectively, which is close to random guessing. This indicates
that the heterogeneity between images and radar has a significant
negative impact on the transfer. Therefore, we choose to convert
radar signals into trajectory images, achieving an accuracy of
over 65% and 50% on mmDigit and mmLetter, respectively.
Due to the characteristics of radar point clouds, there is still
a significant disparity between the distribution of trajectory
and open images. To address this, we employ the proposed
ACDTM to align features, including DAL, SMCL, and AST
modules. We added these three modules one by one, and the
results are shown in Table VII. It can be seen that each module
significantly improves recognition accuracy. For example, after
adding DAL on trajectory images, the accuracy is improved by
over 15%. Continuing to add SMCL, the accuracy can increase
by approximately 1∼2%. After adding AST, the accuracy can
increase by around 4%. The ablative experiments of ACDTM
demonstrate the effectiveness of our approach.

AST vs. Self-Training: In ACDTM, AST is utilized to explore
more information from unlabeled target domains instead of
directly employing self-training. The self-training process may
involve incorrect pseudo-labels, whereas adversarially training
the model when data contains some erroneous pseudo-labels
results in a tighter generalization error bound. We compared the
effectiveness of AST and direct self-training, as shown in Fig. 17.
It can be observed that AST achieves better performance.

Fig. 18. Trajectories and corresponding generated images with different dis-
tances and orientations. (a): Different distance. (b): Different orientations.

TABLE VIII
MODEL PERFORMANCES ACROSS DIFFERENT DISTANCES AND ORIENTATIONS

TABLE IX
MODEL PERFORMANCE WITH VARYING DATASET SIZES

Trajectory with Different Distances and Orientations: As
shown in Fig. 18, we illustrate trajectory images generated at
various distances (e.g., 40 cm, 60 cm, 80 cm, 100 cm) and
angles (e.g., -30 degrees, -15 degrees, 15 degrees, 30 degrees),
demonstrating relatively complete trajectories that highlight our
method’s robust adaptability. To evaluate the model’s accu-
racy performance across varying distances and directions, we
collected approximately 300 gesture samples from a user at
different distances and orientations. The unsupervised model
tested is operated in the trained in-domain mode. The results are
presented in Table VIII. It can be seen that the accuracy of our
unsupervised model under different distances and orientations
remains close to that achieved in the in-domain setting, such as
digit gesture recognition accuracy consistently exceeding 90%.
This demonstrates that by converting radar signals into trajectory
images, our unsupervised model achieves robustness to gestures
performed at varying distances and orientations.

Different Dataset Sizes: To evaluate the impact of dataset size
on model performance, we tested our unsupervised recognition
approach using 30%, 50%, and 80% of the dataset. The re-
sults in Table IX demonstrate that: (1) Increasing the dataset
size improves generalization performance, indicating that data
volume affects model robustness. (2) With 50% of the data,
the model already achieves strong unsupervised performance.
For instance, on the mmDigit dataset, it attains an in-domain
accuracy of 0.892, approaching the performance of the full
dataset. (3) Further increasing the dataset to 80% and 100%
yields marginal gains. For example, expanding from 50% to 80%
only improves accuracy by approximately 2%, and from 80%
to 100% just improves accuracy by around 1%. This suggests
that once trained on a sufficient data volume, our model achieves
robust generalization without heavily relying on additional data.
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TABLE X
COMPARISON RESULTS OF MAJORITY-VOTING-BASED AND

HIGHEST-SIMILARITY-BASED METHODS IN SMCL

TABLE XI
HYPER-PARAMETERS α AND β EXPERIMENTS ON MMDIGIT (IN-DOMAIN /

CROSS-ENVIRONMENT / CROSS-USER)

TABLE XII
HYPER-PARAMETERS α AND β EXPERIMENTS ON MMLETTER (IN-DOMAIN /

CROSS-ENVIRONMENT / CROSS-USER)

Majority-Voting-Based Approach in SMCL: When construct-
ing the similarity matrix in SMCL, we define the class of a
target-domain sample as the most frequent class among its
k-nearest neighbors. This majority-voting-based method statis-
tically mitigates uncertainty and enhances model generalization.
We compare this approach with the highest-similarity-score
method, with experimental results presented in Table X. The
majority-voting strategy achieves slightly higher performance
than the highest-similarity method, demonstrating its superior
robustness.

E. Parameters Study

Hyper-Parameters α and β: In our loss function, there are
two hyper-parameters: the weights α and β. We select different
loss weights to observe the impact of these parameters on
recognition performance. The experimental results of mmDigit
and mmLetter are shown in Table XI and Table XII, respectively.
It can be observed that the optimal hyper-parameters vary for dif-
ferent dataset settings. For instance, when α = 0.3 and β = 0.1,
mmDigit performs better in the cross-environment setting, while
in the cross-user setup, the optimal parameters are α = 0.3 and
β = 0.2. However, the performance is not significantly influ-
enced by varying α and β values, demonstrating the robustness
of our model to these parameters.

Hyper-Parameters τc and ζ: In AST, there are two hyper-
parameters, the threshold τc and the perturbation weight ζ. Un-
der in-domain settings, we demonstrate the impact of different
τc and ζ values on performance for mmDigit and mmLetter, as
shown in Fig. 19. It can be seen that setting τc too small or too
large can slightly decrease performance. A too small τc reduces
the threshold, potentially leading to more noisy pseudo-labels.
Conversely, a too large threshold may result in many samples

Fig. 19. Sensitivity of hyper-parameters τc and ζ. (a) mmDigit. (b) mmLetter.

Fig. 20. Sensitivity of hyper-parameter μ. (a) mmDigit. (b) mmLetter.

without pseudo-labels, losing some data information. The per-
turbation weight ζ = 0.1 is more suitable for mmDigit, while
ζ = 0.05 is better for mmLetter, and different values of ζ have
a minor impact on performance.

Hyper-Parameters μ: In SMCL, we select the top μ samples
used for constructing the similarity matrix in a batch. Namely,
the maximum value of μ is equal to batch size. In Fig. 20, we
explore different μ values impacts on recognition performance,
and results show that the performance is optimal when μ is set
to 120 and 320 on mmDigit and mmLetter, respectively. The
sample parameter μ is used to filter the predict confidence (see
Eq. (29)), so a highμ value (e.g., 160 on mmDigit) can introduce
excessive noise, while a smallμ value (e.g., 80 on mmDigit) may
result in the loss of useful samples.

VI. DISCUSSION

There is still room for improvement in our work, and we give
some directions to consider.

Multi-Source Domains: Current mmWave-based gesture
recognition research typically focuses on a few classes or a
specific type of gesture. Similarly, in our work, we test numeric
and letter gestures separately. However, in practical applications,
when a wider range of gestures is needed, such as a fusion of
numeric and letter gestures, it becomes necessary to incorporate
multiple publicly available images into the source domain. These
publicly available letter and numerical gesture images inher-
ently possess significant distribution biases, thus introducing
challenges when training with multi-source domains [70]. In
future work, we will address this practical factor and explore
corresponding methods to tackle it.

Other RF Device: The wireless gesture signal collection of
our approach is under the mmWave radar. Our approach can be
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applied to mmWave radar-based gesture recognition. We pro-
pose an unsupervised radar gesture recognition model that can
be readily integrated into other gesture recognition systems. For
example, when a radar gesture recognition system lacks labeled
data, our method can be employed. For gesture recognition using
other RF devices such as WiFi, in theory, our method can also
be applied for unsupervised heterogeneous transfer learning. As
long as the WiFi device can describe the gesture trajectory image,
our deep domain adaptation model can be applied. Fortunately,
the reconstruction of gesture trajectories based on WiFi signals
is theoretically feasible [71]. Thus, our work not only consti-
tutes a standalone gesture recognition system but can also be
directly incorporated into other gesture recognition frameworks
to address data annotation challenges and enable unsupervised
gesture recognition. In the future, we will conduct experiments
using multiple RF devices (WiFi, RFID, etc.) and design a
unified RF unsupervised gesture recognition approach, allowing
the model to be trained once and applied across different RF
devices.

More Gestures and 3D Trajectory-based Alignment: We em-
ploy classic digit and letter gestures as examples to demonstrate
our method’s effectiveness, as these gesture categories are com-
monly used in RF-based gesture recognition [8], [71], [72], [73],
[74]. Our approach remains equally applicable to other gesture
types (e.g., circles, triangles, push-pull motions) since they can
theoretically be converted into trajectory maps and matched with
publicly available image datasets for unsupervised recognition.
Compared to these simpler gestures, digits and letters exhibit
finer granularity, making them more representative test cases.
Additionally, our selection of 2D trajectory rather than 3D is
motivated by: (1) Natural alignment with open-source image
datasets. Mainstream public gesture datasets primarily contain
2D images. Our approach achieves unsupervised radar gesture
recognition by aligning open image gesture datasets, requiring
radar data conversion into structurally compatible inputs for
effective transfer. (2) Hardware constraints. Our radar config-
uration, 2 transmitter and 4 receiver antennas, only provides
azimuthal information without elevation data, limiting us to 2D
trajectory generation. Consequently, 3D trajectory alignment
presents substantial practical challenges. In the future, we will
explore 3D trajectory-based alignment and develop correspond-
ing methods.

Video-based Alignment: The gesture actions have a temporal
component, yet to align images, we transform temporal ges-
tures into two-dimensional trajectories, potentially sacrificing
their temporal nature. Gesture movements captured by cameras
typically involve video data, retaining the temporal sequence
of gestures. Therefore, in future endeavors, we will investigate
aligning radar gestures with video data to facilitate unsupervised
domain transfer.

Synthetic Radar Data: Although our approach achieves ef-
fective radar gesture recognition without requiring any labels,
it still relies on the collection of real training data. Inspired by
video-based radar data generation methods [27], [28], [29], [30],
we aim to mitigate the data collection burden through synthetic
data in future work. Data generation represents a significant
research direction, and current radar data synthesis techniques

have demonstrated effectiveness in specific application scenar-
ios. Moreover, video-based data generation methods generally
offer greater flexibility and can support finer-grained sensing
tasks such as pose estimation. Although existing data generation
methods still depend on real training data, data generation and
unsupervised learning are not mutually exclusive but rather
represent distinct yet complementary research directions. For
instance, a generative model trained on real data can be com-
bined with synthesized data to augment unsupervised learning,
thereby expanding the dataset while reducing annotation costs.
In future work, we will explore fine-grained synthesis of raw
radar data to enhance unsupervised training in scenarios with
limited real data.

VII. CONCLUSION

This paper proposes a novel unsupervised mmWave-based
gesture recognition method by aligning open images based on
heterogeneous transfer learning. We first employ mmWave ges-
ture trajectory to alleviate heterogeneity gap, and then design an
ACDTM to achieve fine-grained alignment. The experiment re-
sults demonstrate the effectiveness of our proposed approach and
underscore the potential of our heterogeneous transfer paradigm
as a promising approach in the field of HGR.
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