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Abstract—Person Re-IDentification (ReID) is vital for public-
safety applications, yet camera-based ReID suffers in low-
light environments and poses serious visual privacy risks. In
contrast, millimeter-wave (mmWave) radar sensing has gained
significant attention in ReID due to its ability to perceive human
movement patterns by emitting electromagnetic waves, making
ReID unaffected by lighting conditions and capable of privacy
preserving. However, current radar-based ReID methods are
primarily supervised, and radar data is challenging for human
eyes to interpret, making annotation extremely difficult and
costly. To this end, we propose an unsupervised radar ReID
method based on multi-level cross-view mutual signal contrastive
learning. Firstly, to drive unsupervised contrastive learning that
depends on data augmentations, we utilize signal processing
techniques to transform raw radar signals into frequency spec-
trum and point clouds, and these forms constitute different
and complementary augmented versions of the same sample.
Secondly, we construct a multi-level contrastive model between
frequency spectrum signals and point clouds through global
contrast, cross-view prediction contrast, clustering contrast, and
cross-view cluster center contrast, effectively aligning different
views and enhancing unsupervised robustness. Additionally, we
employ a well-designed local and global graph attention network
to learn more discriminative radar point cloud features. Extensive
experimental results illustrate that our approach significantly
outperforms existing radar-based unsupervised methods. Our
code is available at https://github.com/onlinehuazai/mmReID.

Index Terms—Person ReID, mmWave radar, wireless sensing,
unsupervised Learning, contrastive learning

I. INTRODUCTION

Person ReID aims to search for specific individuals across
different times and locations according to target [1]–[3], whose
workflow is illustrated in Fig. 1(a). The system extracts
deep features from both query and gallery using the ReID
model, then performs matching by computing similarity scores
between feature representations to identify the same pedestrian
in the gallery. ReID finds extensive applications in intelligent
monitoring and security surveillance, such as searching for
suspicious individuals. Traditional ReID relies on optical cam-
eras, which face significant obstacles in low-light conditions
and raise severe privacy concerns [4]–[8]. In contrast, Radio
Frequency (RF) sensing can perceive human motion patterns
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through electromagnetic wave emissions, unaffected by light-
ing conditions, and is superior for privacy preservation [6], [7],
[9], [10]. Therefore, ongoing research in RF sensing offers
a feasible solution for ReID in camera-restricted scenarios.
Compared to common low-frequency RF sensing like WiFi,
mmWave radar operates at a higher frequency with finer
sensing granularity [11], garnering widespread attention for
mmWave radar-based ReID [5]–[8], [12]–[14].

Current radar-based ReID approaches typically extract fea-
tures from raw signals first and then feed them into supervised
Deep Neural Networks (DNNs) to learn relationships between
samples, as shown in Fig. 1(b). For instance, the works [5], [7],
[15] extract frequency spectrum features from radar signals
and learn deep representations of pedestrians through metric
and classification losses. The works [6], [13] construct ReID
models by extracting Point Clouds (PC) from radar signals
and employing supervised point cloud networks. These excel-
lent works [5]–[7], [13], [15] have demonstrated satisfactory
supervised results even in scenarios with poor lighting. How-
ever, current methods are predominantly supervised, leading
to significant labeling costs. Moreover, radar signals, being
challenging for human interpretation, further complicate the
labeling process.

To alleviate labeling costs, we explore unsupervised ReID
using mmWave radar, as shown in Fig. 1(c). Unsupervised
image-based ReID has achieved relative maturity [2], [16],
[17], with typical approaches employing Self-Supervised Con-
trastive Learning (SSCL) [18]–[20] to construct unsupervised
models, which perform contrastive and clustering losses of
different augmented versions of images in high-dimensional
feature space. Inspired by unsupervised image-based ReID,
we employ SSCL to construct unsupervised radar-based ReID.
However, SSCL relies on data augmentation driving [19],
[21], whereas structured radar signals cannot undergo direct
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data augmentation akin to images [21], [22], such as rotation
and color transformations. Complex radar signals contain a
plethora of non-informative environmental information and
lack rotational invariance and color information, making it
easy for unsupervised models to learn useless shortcut infor-
mation through image-based contrastive learning [21].

In the absence of explicit data augmentation to drive SSCL-
based unsupervised radar-based ReID, we propose an implicit
augmentation approach through different signal views, which
is inspired by the classical unsupervised approach CMVC [23]
in the image domain. CMVC [23] treats different modalities
or transformations of the same scene as positive sample
pairs (e.g., depth maps and RGB images), while considering
views from different scenes as negative sample pairs. Through
unsupervised contrastive learning, it brings different views of
the same scene closer in the feature space while pushing apart
views from different scenes, thereby learning view-invariant
shared features. Therefore, we can similarly treat different
radar data views as distinct data augmentations. Current radar-
based ReID methods extract either frequency spectrum [5],
[7], [15] or PC [6], [13] from raw data, indicating both
representations can characterize pedestrians. We therefore treat
the raw signal’s frequency spectrum and PC representations
as distinct augmented views to facilitate SSCL. Moreover,
frequency spectrum and PC complement each other: frequency
spectrum is rich in environmental noise but contains all
original information; PC data, albeit with lesser noise post-
signal processing, suffer from information loss with sparse
PC due to radar characteristics [24]. Therefore, we aim to
learn an unsupervised radar ReID via mutual signal contrasting
between frequency spectrum and PC.

However, directly transferring image-domain methods to our
mutual signal contrastive learning is inappropriate. Radar data
differs fundamentally from image modalities in terms of data
structure, temporal dependency, and semantic gap. Moreover,
different radar signal views exhibit substantial disparities in
data type, dimensionality, and representation space, making
it difficult to perform fine-grained alignment of these signal
views in the embedding space and fully exploit the potential
of unsupervised learning.

To address the above challenge, we propose a mmWave-
based unsupervised ReID using cross-view multi-level mutual
signal contrastive learning. The frequency spectrum belongs
to the frequency-domain view, containing all environmental
and target information; the PC belongs to the spatial coordi-
nate view, containing sparse structural information. Frequency
spectrum and PC originate from the same set of raw reflec-
tion signals. They are synchronized in time and aligned in
space, serving as different augmented versions of the data
to drive contrastive learning. For the different signal views,
we employ unshared encoders and shared layers to map them
into embedding spaces for multi-level contrastive learning at
varying granularities. Specifically, we first use global contrast
to bring embeddings of different views from the same sample
closer together. Second, since mmWave signals are sequential
data, we design a cross-view prediction contrast to achieve
local alignment between different views. Finally, we perform
cluster contrast for each view’s embeddings and introduce
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Fig. 2: System overview of our approach.

unsymmetrical cluster center contrast to enable cross-view
alignment at the cluster level. Furthermore, leveraging the
inherent graph structure of the human body, we design a graph
neural network incorporating both local and global attention
mechanisms to learn more discriminative PC features. To our
knowledge, we are the first to explore mmWave radar-based
unsupervised ReID. Experimental results demonstrate that our
approach achieves about 60% mean Average Precision (mAP)
on actual radar data, significantly exceeding 10% mAP over
current unsupervised learning solutions.

In summary, our contributions are as follows:
• We introduce a novel mmWave radar-based unsupervised

ReID framework, uncovering the relationship between
different signal views and unsupervised ReID.

• We treat frequency spectrum and PC as augmented views
of the raw data and propose a cross-view multi-level
mutual contrasting learning to align different views and
enhance unsupervised model generalization.

• The experimental results demonstrate that our approach
achieves about 60% mAP and 90% rank-10 accuracy
on real radar data, significantly outperforming current
unsupervised learning solutions.

The rest of the paper is organized as follows. Section
II describes our system overview. Section III describes our
approach in detail. Section IV demonstrates and analyzes the
experimental results of our approach. Section VI provides the
related work. Section V highlights potential future research
directions. Finally, Section VII summarizes the paper.

II. SYSTEM OVERVIEW

The system overview of our approach is illustrated in Fig. 2.
We employ a commercial TI IWR1843BOOST radar [25] to
collect pedestrian data. Our system consists of two cascaded
modules: radar signal representation and mutual signal con-
trastive learning. Initially, the first module processes raw radar
signals into two distinct views: the frequency spectrum and
the PC data, which are then fed into the second module, and
the spectrum and PC data from the same sample constitute the
mutual signal pair. Subsequently, we construct an unsupervised
ReID model through cross-view contrastive learning between
these two signal representations. Our deep model architecture
includes separate encoders for each view (non-shared) and
shared layers. The unsupervised loss function comprises four
contrastive loss components, corresponding to the multi-level
contrastive learning strategy.
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Radar Signal Representation. Following radar data collec-
tion, we obtain raw Intermediate Frequency (IF) signal data.
Through data processing and signal denoising techniques, we
derive frequency spectrum and extract PC data. The frequency
spectrum and PC collectively form two distinct signal repre-
sentations.

Mutual Signal Contrastive Learning. We feed two signal
representations into our ReID model, where they are processed
through non-shared encoders and shared layers to obtain deep
features in a high-dimensional space. Unsupervised loss is then
achieved through cross-view contrastive learning. We propose
a multi-level contrastive learning framework to align the two
signal representations, consisting of global contrast, cross-view
prediction contrast, cluster contrast, and cross-view cluster
center contrast.

III. METHOD

A. Radar Signal Representation

We process the radar signals and obtain two representations:
Range-Doppler-Angle Map (RDAMap) and PC, and the sketch
is shown in Fig. 3. The mmWave radar periodically transmits
Frequency-Modulated Continuous Wave (FMCW) signals and
receives reflected signals from surroundings [25]. The trans-
mitted and received signals can be expressed as [26]:

STx(tf ) = exp(j(2πfctf + π
B

Tf
t2f )), (1)

SRx(tf , ts) =
∑
l

αlSTx(tf −
2Rl(ts)

c
), (2)

where STx(tf ) and SRx(tf , ts) denotes transmitted and re-
ceived FMCW signals, respectively; tf and ts represents fast
time (Analog-to-Digital Converter (ADC) sample dimension)
and slow time (chirp dimension), respectively. fc, B, Tf , and
c are the operating frequency, bandwidth, pulse width, and
light speed, respectively; αl is the reflection coefficient of l-th
scatter and Rl is the corresponding radial range. The mixer in
the FMCW radar system produces an IF signal by combining
received chirps with transmitting chirps, and the IF signal,
s(tf , ts), is expressed as:

s(tf , ts) = STx(tf )S
∗
Rx(tf , ts)

=
∑
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c
)))

=
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l

αl exp(j4π
Rl(ts)

c
(fc +

B
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B
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l (ts)
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)

≈
∑
l

αl exp(j4π
Rl(ts)

λ
) exp(j4π

B

Tf

Rl(ts)

c
tf ), (3)

where S∗
Rx(tf , ts) represents conjugate representation of

SRx(tf , ts); λ is wavelength of transmitted signal. Since B,
λ, Tf are constant, the radial range can be calculated by
frequency analysis of s(tf , ts) across fast time tf , such as Fast
Fourier Transform (FFT). Applying FFT on s(tf , ts), called
as RangeFFT, it can be transformed into:

S(R, ts) = Ftf {s(tf , ts)}

=
∑
l

αlδ(f −
2B

Tf

Rl(ts)

c
) exp(j4π

Rl(ts)

λ
)

=
∑
l

αlδ(R−Rl(ts)) exp(j4π
Rl(ts)

λ
), (4)

where R =
cTf

2B f is resulting radial range information; Ftf {·}
is FFT operator, f is the frequency of FFT, and δ(·) denotes an
impulse-like signal envelope. In addition to range information,
the velocity of the target can also be estimated by the Doppler
effect. Following Eq. (4), the phase change between the
consecutive chirp signals can be represented as:

∆ϕ(ts) =
4π∆R

λ
=

4πv̂∆ts
λ

, (5)

where v̂ represents the relative velocity between the mmWave
radar and target. Due to the Doppler shift fDoppler = 2v̂

λ ,
applying FFT on slow time, called DopplerFFT, can reflect
the velocity information. After employing RangeFFT and
DopplerFFT, we can obtain Range-Doppler Map (RDMap)
from FMCW radar. As shown in Fig. 4(a), we give an example
of RDAMap. It can be seen that the regions related to human
are small, and there are many uninformative backgrounds.
Next, we further process the signals on RDMap, resulting in
the final signal forms: RDAMap and PC.

RDAMap. mmWave Radar utilizes multiple transmit and
receive antennas to form an antenna array, and angle in-
formation between the object and radar can be translated
into the relationship between the object and antenna array
[25]. Based on the different distances from the target to
each receiving antenna, slight variations in distance lead to
corresponding phase changes, and this phase difference can
be used to measure angles. Therefore, by performing FFT on
the phase in the antenna dimension, angle information can be
obtained, and this operation is denoted as AngleFFT. Since
there are both horizontal and vertical antennas, AngleFFT can
be applied separately to obtain azimuth and elevation angle
information. Performing AngleFFT on RDMap yields one of
the final radar signal representations, RDAMap {XM

t }Tt=1,
where T is the number of frames. The dimensions of XM

t

are 2 × K × H ×W × E, where 2 represents the real and
imaginary of the FFT coefficients, and K, H , W , and E are
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slow time, fast time, horizontal antenna, and vertical antenna
dimensions, respectively.

PC. Unlike cameras, which can sense visible light at
megapixel resolution, radar operates at a lower resolution and
relies solely on antennas to sense the aggregate signal intensity
reflected from the entire environment. Consequently, although
RDAMap encapsulates all information, it contains numer-
ous extraneous details unrelated to objects. To identify cells
pertinent to the target, Constant False Alarm Rate (CFAR)
[27] detection is typically employed on RDMap to retain
essential target-related information. As illustrated in Fig. 4(b),
we provide an example of CFAR detection on the RDMap,
showcasing the retention of only a fraction of the informa-
tion. Leveraging the distance information of these retained
cells, coupled with angle estimation, enables the derivation
of specific coordinates of the PC. By utilizing the established
angle estimation MUSIC algorithm [28], the azimuth αA and
elevation αE angles of cells can be estimated. Consequently,
the coordinates of PC CP ∈ R3 can be represented as:

CP = R · (sinαA cosαE , cosαA cosαE , sinαE). (6)

As depicted in Fig. 4(c), the target cells identified post-CFAR
detection are transformed into three-dimensional PC data.
However, due to multi-path effects, these signals often carry
environmental noise unrelated to human targets. In PC data,
such noise typically manifests as isolated outliers, as shown in
Fig. 4(c). To address this issue, we employ Statistical Outlier
Removal (SOR) [29] to detect and eliminate these anomalous
points. To be specific, for each point, it performs a k-Nearest
Neighbor (kNN) search and computes the average distance
to its neighboring points. If the average distance of a point
exceeds a predefined threshold τP , the point is classified as
an outlier. The threshold τP is defined as:

τP = µP + σP , (7)

where µP and σP are the mean and standard deviation of the
corresponding average distances of all points, respectively.

We use hyperparameter k̂ to control the number of neighbors
considered in SOR, and we set k̂ = 5 in our paper. SOR, as
a global statistical method, has limitations in distinguishing

dense multi-path reflections that are spatially close to the
target. However, denoising methods can only be designed for
specific scenarios, and there is almost no single denoising tech-
nique capable of completely eliminating all possible types of
noise. Furthermore, denoising may also inadvertently remove
useful information [24]. Therefore, for PC denoising, we adopt
the widely used SOR method. In addition to three-dimensional
spatial coordinates of the PC, velocity vP and energy eP

information corresponding to the PC are integrated into the PC
representation. Consequently, the ultimate PC representation
is denoted as {XP

t }Tt=1, where XP
t = (CPt , vPt , e

P
t ). The

(vPt , ePt ) are state values, denoted as SPt ∈ R2, namely
XP

t = (CPt ,SPt ).
PC can be obtained from the range-angle domain, but this

occurs after signal processing steps such as CFAR denoising
[27] and MUSIC angle estimation [28]. These signal pro-
cessing and denoising techniques, while capable of making
the signal data more concise, inevitably lead to the loss of
original information [24]. The core function of CFAR is to
detect targets in an unknown and time-varying noise/clutter
background while maintaining a constant false alarm rate.
The Signal-to-Noise Ratio (SNR) is a fundamental metric for
determining whether a target is visible against the background
[27]. Consequently, only points with sufficiently high SNR
are retained, where the energy significantly and consistently
exceeds this high threshold. The vast majority of low-SNR
responses from weak targets, fluctuating clutter, or noise are
rigorously filtered out. Therefore, PC and frequency spec-
tra offer complementary information precisely because PC
provides highly refined, task-relevant semantic information,
while frequency spectra retain rich, context-related details. By
combining the two, our approach captures key focal points
without losing the broader context.

B. Mutual Signal Contrastive Learning
We construct an unsupervised ReID model through cross-

view mutual signal contrastive learning. The overall model, as
shown in Fig. 5, involves two branches to learn different signal
representations. Through multi-level contrasts, relationships
between different signals are learned and aligned to establish
an unsupervised model. Subsequently, we delve into detailed
explanations of model structure and loss function separately.

1) Model Structure: Our model comprises two branches,
tasked with learning XM and XP separately. Initially, XM

and XP are fed into their respective encoders ME and PCE,
followed by mapping them to the same embedding space using
a shared-weight Multi-Layer Perceptrons (MLP) to obtain
features zM and zP . Subsequently, considering the temporal
nature of radar data, zM and zP are input into a Bidirectional
Long Short-Term Memory [30], [31] (BiLSTM) with attention
mechanisms. Finally, a projection head is employed to globally
aggregate features and map them to a high-dimensional space.
Therefore, the structure of the proposed model is described
in detail as follows. First, we introduce encoders ME and
PCE. Next, we present the shared modules, including the MLP,
attention-based BiLSTM, and projection head.

RDAMap Encoder (ME). The RDAMap XM
t is projected

into f̂M
t by using our ME, where 1 ≤ t ≤ T . We first perform
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average pooling along the vertical antenna dimension, resulting
in an intermediate result of dimensions 2 × K × H × W .
Subsequently, in the slow time dimension, we apply a 3D
convolution K

2 × 1× 1 followed by max pooling to obtain the
feature map fM

t,0 ∈ RD×H×W , where D represents the number
of channels. To focus on more crucial channels, we utilize
channel attention [32] to learn the importance of different
channels and dynamically allocate weights. Our ME has N
channel attention layers, and the n-th channel attention can be
expressed as:

fM
t,n = 2DConv(fM

t,n−1), n ∈ [1, · · · N ], (8)

ζMt,n = σ2(FC(σ1(FC(AvgPool(fM
t,n))))), n ∈ [1, · · · N ], (9)

f̂M
t,n = 2DConv(fM

t,n + ζMt,n ⊗ fM
t,n), n ∈ [1, · · · N ], (10)

where 2DConv is 2D convolution, FC is fully-connected layer,
σ1 is ReLU [33], σ2 is Sigmoid activation function, and ⊗ is
element-wise product. ζMt,n is the learned dynamical attention
weights. The results of channel attentions are then subjected
to average pooling and FC layer to obtain the output feature
f̂M
t , which can be expressed as:

f̂M
t = FC(AvgPool(f̂M

t,N )). (11)

To enhance the model’s robustness, we apply random masking
to XM . We perform masking on both spatial and temporal
dimensions. In the spatial domain, we randomly mask partial
information in XM

t . Given that most of the information in XM
t

is environmental noise, randomly masking may fail to mask
useful information [34]. Therefore, we propose a masking
strategy based on intensity levels. Specifically, we select the
top µ cells with stronger energy and then randomly mask out
1 ∼ η1 of them, where 1 ≤ η1 ≤ µ. Experimental results
indicate that our simple yet effective intensity-based masking
strategy outperforms random spatial masking. Additionally, we
directly mask 1 ∼ η2 frames in the temporal domain, including
masking the consecutive frames and random frames, where
1 ≤ η2 ≤ T . The masking probability is set to 0.5 during the
training process.

PC Encoder (PCE). There are some advanced networks for
PC data in deep learning, such as PointNet [35], PointMLP
[36], and PointNet++ [37], and these network architectures are

widely employed for learning radar PC data [6], [13], [38].
Although these works can extract features directly from an
unordered set of points, they neglect the matching relationships
between points [39]. On one hand, our radar PC representation
reflects human motion patterns and the human body exhibits
graph-like structural relationships [40], [41]. On the other
hand, advanced Graph Neural Networks (GNNs) [42]–[44]
have been specifically designed to handle graph-structured data
like PC [39], [45], which updates vertex representations by
aggregating information from neighboring vertices. Therefore,
we design a GNN-based PCE encoder to learn more discrim-
inative features from radar PC, incorporating local and global
graph attention mechanisms. The structure of the proposed
PCE is illustrated in Fig. 5(c), and we input XP

t into PCE,
converting it into deep features f̂P

t , where 1 ≤ t ≤ T .
First, a graph is constructed from the points. Given the PC
set {XP

t,m}M̂m=1 for XP
t , we construct a graph G = (P, E),

where P represents the vertices and E denotes the edges.
Each point XP

t,m is treated as a vertex, and we employ the
kNN algorithm to select neighboring vertices for each point,
which are then connected to form edges. As illustrated in
Fig. 6(a), an example is given to present graph construction.
For each vertex, the nearest k = 2 points are selected as
neighbors, and edges are established by connecting the vertex
to its neighboring vertices. Next, we introduce the proposed
local-global-based graph attention network to learn the PC
graph. Specifically, we utilize local attention mechanisms to
dynamically aggregate information from neighboring vertices
along edges by learning the importance of each neighbor.
Additionally, a global attention mechanism is applied to ag-
gregate information from all vertices, enabling the learning of
a comprehensive representation of the entire graph.

The structure of our proposed local-global-based graph
attention network is shown in Fig. 6. First, we use a MLP
block to project SPt,m into high-dimension state embedding
ŜPt,m, which can be expressed as:

ŜP
t,m = MLP(SP

t,m) = FC(σ1(FC(SP
t,m))). (12)

The MLP block contains two FC layers and one activation
function. Second, we utilize a local graph attention network
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to update vertices. Generally, GNN updates vertex state by
aggregating neighboring vertex information [39], which can
be expressed as:

S̃P
t,m = FP

1 (
∑

(m,y)∈E

FP
2 (ẽm,y), ŜP

t,m), (13)

ẽm,y = FP
3 (ŜP

t,m, ŜP
t,y), (14)

where ẽm,y is edge feature. Function FP
3 computes the edge

feature between two vertices. FP
2 aggregates the edge features

for each vertex. FP
1 employs the aggregated edges features to

update the vertex features. Since PC is sensitive to translation
within the neighborhood area, we use the auto-registration
mechanism [39] to reduce the translation variance. The auto-
registration mechanism aligns neighbors’ coordinates by their
structural features and uses the center vertex to predict an
alignment offset. Therefore, our edge update process is ex-
pressed as:

∆CPt,m = FP
4 (ŜP

t,m), (15)

ẽm,y = FP
3 (concat(CPt,m − CPt,y +∆CPt,m, ŜP

t,m, ŜP
t,y)), (16)

where FP
4 calculates the offset using the center vertex state.

Radar PC is a complex structure, and different neighborhoods
may contribute unequally to the center vertex. Therefore, to
dynamically assign the important score of each neighbor node
when aggregating edge features, we introduce local attention
to learn salient nodes:

αL
m,y =

exp(WLẽm,y)∑
(m,·)∈E exp(WLẽm,·)

, (17)

S̃P
t,m = ŜP

t,m +
∑

(m,y)∈E

αL
m,y · ẽm,y, (18)

where WL is learnable parameters, and αL
m,y is learned edge

weight. We model function FP
3 and FP

4 by using MLP block.
The function FP

1 is residual connection in Eq. (18) and FP
2 is

local attention mechanism in Eq. (17). In Fig. 6(b), we give an
example to present the local graph attention to update the 2-nd
node. Third, we employ a global attention mechanism to fuse
all nodes. Specifically, we project the coordinates of each node
using positional encoding and combine this information with
the node’s state information. Subsequently, we learn dynamic
weights for each node and fuse them to form the final graph
representation. The structure of the global attention mechanism
is illustrated in Fig. 6(c), which can be expressed as:

X̃P
t,m = MLP(MLP(CPt,m) + S̃P

t,m), (19)

αG
m =

exp(WGX̃P
t,m)∑M̂

m′=1 exp(WGX̃P
t,m′)

, (20)

f̂P
t =

M̂∑
m=1

αG
m · X̃P

t,m, (21)

where WG is learnable parameters, and αG
m is learned global

node weight.
Shared Modules. Due to the disparate structures of XM

and XP , their resultant features inhabit distinct feature spaces,
disrupting subsequent comparative learning. Consequently, we
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Fig. 6: Overview of our local-global-based graph attention
network. (a): An example of graph construction. (b): Local
graph attention. (c): Global graph attention structure.

employ a shared MLP block to map them into a unified space.
The MLP block can be mathematically articulated as:

zt = FC(σ3(FC(LN(f̂t)))), 1 ≤ t ≤ T, (22)

where LN is layer normalization [46], σ3 is GeLU [47],
f̂t = {f̂M

t , f̂P
t }, and zt = {zMt , zPt }. Given that radar data

comprises multiple frames with temporal dependencies and
varying importance across frames, we utilize BiLSTM [30],
[31] for temporal modeling and employ attention mechanisms
to learn the significance of different frames. This can be
expressed as:

ĥt = BiLSTM(LN(zt)), ut = tanh(W1ĥt), (23)

ωt =
exp(uT

t W2)∑
t exp(u

T
t W2)

, ht = ωtĥt, (24)

where W1 and W2 are learnable parameters, ωt is the learned
temporal weight, and ht = {hM

t , hP
t }. Finally, we employ

a projection head for global aggregation of the temporal
sequence, which can be expressed as:

g = FC(BN(FC((
∑
t

ht)))), (25)

where BN is batch normalization [48], and g = {gM , gP }.
gM and gP are final outputs of the signal representations XM

and XP through our unsupervised model, respectively.
2) Loss Function: Our unsupervised model aligns the two

radar representations by multi-level contrastive learning and
yields multiple part losses in our model, as shown in Fig. 5.
Next, we detail each part of our loss function as follows.

Global Contrast. Given a batch of A radar samples, there
are two signal representations for each sample. Therefore,
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we have 2A representations, and the final global features
are {gMi }Ai=1 and {gPi }Ai=1. Global contrast aims to bring
embedding of different signals from the same sample closer
in a high-dimensional space [19]. For a context gMi , (gMi , gPi )
are considered positive pairs, and the other 2A − 2 contexts
are considered as negative pairs. Therefore, we can employ
a global contrasting loss to maximize the similarity between
the positive pair and minimize the similarity between negative
pairs, which can be defined as:

ℓ
M
GC = −

A∑
i=1

log
exp(gM

i · gP
i /τ1)∑A

a=1,a̸=i exp(g
M
i · gP

a /τ1) + exp(gM
i · gM

a /τ1)
, (26)

where τ1 is the temperature parameter, and we set it to 0.2
in our study. Similarly, For a context gPi , symmetric global
contrasting loss can be defined as:

ℓ
P
GC = −

A∑
i=1

log
exp(gP

i · gM
i /τ1)∑A

a=1,a̸=i exp(g
P
i · gM

a /τ1) + exp(gP
i · gP

a /τ1)
. (27)

Hence, our global contrasting loss ℓGC can be expressed as:

ℓGC = ℓMGC + ℓPGC . (28)

Cross-View Prediction Contrast. Due to the strong tem-
poral relationships in radar data, we employ cross-view local
contrastive prediction [49] to capture and align the temporal
features of the samples. Specifically, we use the vector ht

at time t to predict the future timestep vector zt+q , where
1 ≤ q ≤ Q, and Q is the hyper-parameter timestep. For
instance, for i-th sample within a batch, its vector ht is denoted
as hi,t and the prediction for time t+ q is Wqhi,t, where Wq

is learnable parameter. Subsequently, cross-view contrastive
learning is employed to minimize the dot product between
the predicted values and the true values. For example, Wqh

M
i,t

and zPi,t+q form a positive pair. Simultaneously, for other
samples at time t+q in the batch,Wqh

M
i,t forms negative pairs

with them, requiring the maximization of their dot products.
Accordingly, the prediction contrastive loss of two cross-views
can be expressed as:

ℓMLC = −
A∑

i=1

Q∑
q=1

log
exp(Wqh

M
i,t · zPi,t+q)∑A

a=1,a̸=i exp(WqhM
i,t · zPa,t+q)

, (29)

ℓPLC = −
A∑

i=1

Q∑
q=1

log
exp(Wqh

P
i,t · zMi,t+q)∑A

a=1,a̸=i exp(WqhP
i,t · zMa,t+q)

. (30)

Therefore, our cross-views prediction contrastive loss ℓLC is
expressed as:

ℓLC = ℓMLC + ℓPLC . (31)

Cluster Contrast. To enhance the performance of unsu-
pervised ReID, existing methods often employ clustering to
generate pseudo-labels and then enforce high similarity among
samples with the same pseudo-label using contrastive learning
[2], [16], [50]. Specifically, by utilizing DBSCAN [51] to
cluster the embedding g, assuming DBSCAN clusters the
samples into V classes, cluster centroids {ρv}Vv=1 can be
represented as:

ρv =
1

|Hv|
∑

gi∈Hv

gi, (32)

where Hv is the v-th cluster set and | · | indicates the number
of samples per cluster. Therefore, the cluster contrasting loss
is defined as:

ℓ′CC = −
A∑

i=1

log
exp(gi · ρ+[gi]/τ2)∑V
v=1 exp(gi · ρv/τ2)

, (33)

where τ2 is the temperature hyper-parameter, and we set it to
0.05 in our study. The ρ+[gi] is positive cluster centroids which
gi belongs to. The cluster centroids are stored in a memory
bank [2], [16], [50], which are iteratively updated via non-
parametric momentum strategy [16], [50], [52]:

ρv ← κρv + (1− κ)gi,v, (34)

where κ is momentum factor and gi,v represents the gi with
the v-th cluster centroid. The DBSCAN runs in each epoch, so
V is changing as model training and Eq. (32) is re-executed.
We apply cluster contrastive learning to both two branches,
XM and XP . Based on Eq. (33), we can calculate the cluster
contrastive loss for each branch:

ℓMCC = −
A∑

i=1

log
exp(gMi · ρM+ [gMi ]/τ2)∑VM

v=1 exp(g
M
i · ρMv /τ2)

, (35)

ℓPCC = −
A∑

i=1

log
exp(gPi · ρP+[gPi ]/τ2)∑VP
v=1 exp(g

P
i · ρPv /τ2)

. (36)

Therefore, our cluster contrasting loss can be defined as:

ℓCC = ℓMCC + ℓPCC . (37)

We chose DBSCAN clustering rather than K-means, since
DBSCAN does not require prior knowledge of the number of
pedestrians, whereas the K-Means algorithm requires manually
specifying the number of clustering categories [53]. In the
scenario of unsupervised ReID, we have no knowledge of how
many distinct pedestrian IDs exist in the training set. Arbitrar-
ily setting a value for the number of clustering categories may
lead to issues: if the number of clustering categories is too
large, the same pedestrian may be split into multiple clusters;
if the number of clustering categories is too small, multiple
different pedestrians may be merged into a single cluster
[53]. In contrast, DBSCAN does not require a predefined
number of clusters. It automatically discovers clusters based
on the density distribution of the data. Additionally, due to the
complexity of the ReID feature space, different samples of the
same pedestrian may not form a perfectly spherical cluster
in the vector space [53]. K-Means partitions data based on
distance to centroids and inherently tends to discover spherical
clusters. For non-spherical data distributions, its performance
is often suboptimal. DBSCAN, on the other hand, connects
sample points through density reachability. As long as sample
points are sufficiently close, they can be linked into a cohesive
group, enabling the discovery of clusters of arbitrary shapes.
This makes DBSCAN better suited to the complex distribution
of pedestrian features in real-world scenarios. Therefore, in
current unsupervised ReID methods [2], [16], [50], [53],
clustering contrast commonly employs DBSCAN clustering.

Cross-View Cluster Center Contrast. Due to the distinct
data types of frequency spectrum and PC, their respective clus-
ter centers may exhibit significant divergence in the embedding
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space. To address this, we employ cross-view cluster contrast
to align cluster centers across different views. Specifically,
for cluster centers ρM+ [gMi ] and ρP+[g

P
i ], our objective is

to minimize the distance between them while maximizing
the distance between ρM+ [gMi ] and other cluster centers in
{ρPv }

VP
v=1. For a context gMi , its corresponding loss is:

ℓMV C = −
A∑

i=1

log
exp(ρM+ [gMi ] · ρP+[gPi ]/τ2)∑VP

v=1(ρ
M
+ [gMi ] · ρPv /τ2)

. (38)

Similarly, for a context gPi , symmetric loss can be defined as:

ℓPV C = −
A∑

i=1

log
exp(ρP+[g

P
i ] · ρM+ [gMi ]/τ2)∑VM

v=1(ρ
P
+[g

P
i ] · ρMv /τ2)

. (39)

Therefore, our cross-view cluster contrasting loss is:

ℓV C = ℓMV C + ℓPV C . (40)

We intentionally designed asymmetric loss functions lMVC and
lPV C (with different denominators in the formulas) precisely
to flexibly handle the case where VM ̸= VP . Each loss
function only requires comparing a cluster center from one
view with all cluster centers from the other view, where one
is positive and the rest are negative. This design inherently
accommodates scenarios where the two views have different
cluster set sizes and structures. Additionally, our cross-view
cluster center contrast is performed at the sample level rather
than the cluster level. For example, for a given sample gMi ,
we only focus on how the cluster center ρM+ [gMi ] it belongs
to aligns with the cluster center ρP+[g

P
i ] of the corresponding

sample gPi in the other view. Although the denominator of the
loss function includes all cluster centers {ρPv }

VP
v=1 from the

other view, this is solely to construct a set of hard negative
samples. The core objective remains to bring the distance
between ρM+ [gMi ] and ρP+[g

P
i ] closer. Since the summation

term
∑VP

v=1 iterates over all centers in the PC view, regardless
of the value of VM , its denominator can be computed as a
single numerical value. Therefore, whether the total number
of clusters VM and VP in the two views is equal does not
affect the construction of this positive sample pair and model
training.

In summary, our total loss can be defined as:

ℓtotal = ℓGC + ℓCC + ϵ1 · ℓLC + ϵ2 · ℓV C , (41)

where ϵ1 and ϵ2 are hyper-parameters for loss weights.
The core idea of contrastive learning is to pull similar

samples closer together and align them in the high-dimensional
space while pushing dissimilar samples apart. In unsupervised
settings, where labels are unavailable, contrastive learning
typically uses data augmentations to generate similar positive
samples. In our unsupervised radar ReID task, we design a
series of contrastive learning strategies based on the charac-
teristics of ReID and radar data, also following the principle of
pulling similar positive samples closer and aligning them in the
high-dimensional space. Global contrast treats different views
of the same sample as positive pairs and globally pulls them
closer in the high-dimensional space for alignment. Cross-view
prediction contrast leverages the temporal sequence property
of radar data to align features across views by predicting

Algorithm 1: Training & Inference of Our Approach
input : Unlabeled radar training set Xtrain, query

Xquery, gallery Xgallery , training epochs
epoch, encoder ME Θm, encoder PCE Θp,
shared module Θs

output: Samples similar to the query in the gallery

// ***Training Stage***
// Two Radar Signal Representations

1 XM
train ← RDAMap(Xtrain);

2 XP
train ← PC(Xtrain);

// Unsupervised Mutual Signal
Contrastive Learning

3 for ep ← 1 to epoch do
4 f̂M ← ME(XM

train; Θm) ;
5 f̂P ← PCE(XP

train; Θp) ;
6 zM , hM , gM ← Shared Module(f̂M ; Θs) ;
7 zP , hP , gP ← Shared Module(f̂P ; Θs) ;

// Calculate Loss Function
8 ℓGC ← Global Contrast(gM , gP ) ;
9 ℓLC ← Prediction Contrast(hM , zP ; zM , hP );

10 Update cluster centroids memory by Eq. (34);
11 ℓCC ← Cluster Contrast(gM ; gP ) ;
12 ℓV C ← Cluster Center Contrast(gM , gP ) ;
13 Calculate total loss ℓtotal by Eq. (41) ;
14 Update model by gradient descent optimizer,

Θm, Θp, Θs ← ∇(ℓtotal, Θm, Θp, Θs) ;
15 end
// ***Inference Stage***

16 if Using RDAMap then
17 XM

query/XM
gallery ← RDAMap(Xquery/Xgallery);

18 gMquery/gMgallery ← Θs(Θm(XM
query/XM

gallery)) ;
// Calculate similarity scores

19 scores ← similarity(gMquery, gMgallery) ;
20 end
21 if Using PC then
22 XP

query/XP
gallery , ← PC(Xquery/Xgallery);

23 gPquery/gPgallery ← Θs(Θp(XP
query/XP

gallery)) ;
// Calculate similarity scores

24 scores ← similarity(gPquery, gPgallery) ;
25 end
26 return Top-K(Xgallery , scores)

future representations, further pulling the views closer at a
local level in the high-dimensional space. Clustering contrast
addresses the identity assignment problem in unsupervised
scenarios by using pseudo-labels generated from clustering
to establish inter-class discrimination, pulling samples with
the same pseudo-label closer in the high-dimensional space.
Cross-view cluster center contrast enables the model to seek
consistency between the cluster center representations of two
different views, thereby achieving cross-view alignment. Over-
all, the four contrastive learning strategies aim to pull positive
samples closer and align different view modalities.

The pseudo-code for the training and inference procedures
of our approach is presented in Algorithm 1. During the
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Fig. 7: Four experimental environments.

TABLE I: Our radar dataset description.

In-Environment Cross-Environment

No. Person Environments No. Person Environment

Training 1∼30 Lab, Meeting Room 1∼30 Lab, Meeting Room

Gallery 31∼40 Lab, Meeting Room 31∼40 Office, Passage

Query 31∼40 Lab, Meeting Room 31∼40 Office, Passage

model training process, model parameters are updated using a
gradient descent strategy. In the inference stage, the query is
first transformed into an RDAMap or PC, then passed through
the corresponding branch to obtain the final depth feature
gquery. Finally, the cosine similarity scores between gquery
and the depth features of samples in the gallery are calculated,
and samples with the higher scores are returned.

IV. EXPERIMENTS

A. Dataset and Setting

Dataset. We collected radar data in real-world scenarios.
The dataset comprises data from 40 subjects aged between
18 and 50 years, and data collection is obtained with con-
sent from all participants. Data is gathered in four distinct
environments: office, meeting room, Lab, and passage, as
depicted in Fig. 7. The total dataset exceeds 2TB in storage
size, and each participant contributes approximately 100∼200
samples. Our dataset comprises approximately 500,000 frames
over a collection period of roughly one month. Following
the standard division of ReID datasets [54], we partitioned
the dataset into training, gallery, and query sets. The gallery
and query sets are used for testing the performance of the
ReID model. Additionally, to investigate the model’s cross-
environment performance, we categorized the dataset into in-
environment and cross-environment types, as outlined in Table
I. For the in-environment dataset, both the training and test sets
are collected from the lab and meeting room. In the cross-
environment scenario, the training set is sourced from the lab
and meeting room, while the test set is collected from the
office and passage. The training set comprises samples from
the first 30 individuals, while the gallery and query sets consist
of data from the remaining 10 individuals.

Experimental Setting. We use the TI IWR1843BOOST
radar whose parameters are configured as outlined in Table
II. The radar operates within a frequency range of 77GHz
to 81GHz with periodic variations, featuring three transmit
antennas and four receive antennas. The frequency slope is
set to 60.012, with an ADC sampling dimension of 256, a
chirp dimension of 128, and an acquisition of 100 frames per
data collection. We develop a deep learning model using the

TABLE II: mmWave Radar parameters in our experiments.

Parameters Transmitters Receivers Chirp Duration Chirps ADC Samples Frames

Values 3 4 72 us 128 256 100

TABLE III: Overall performance comparison with baselines.

Scheme
In-Environment Cross-Environment

mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10

Unsupervised Learning

TGUL [21] 36.2 48.3 60.2 71.4 33.1 43.7 56.7 67.5

PRISM [34] 42.5 53.1 61.6 75.7 38.2 50.9 58.9 70.6

RF-URL [58] 48.9 59.7 65.7 78.5 44.6 55.1 63.4 73.8

Ours 59.3 71.8 80.4 90.6 55.6 69.2 78.5 85.7

Supervised Learning

MCGait [15] 68.7 80.6 90.6 96.3 66.2 81.8 89.4 95.2

mARPC [12] 70.5 83.1 91.7 97.2 68.3 82.9 90.2 95.9

mPIAN [13] 69.3 81.2 89.5 96.5 67.1 82.2 89.9 95.8

mmReID [7] 71.3 83.8 92.6 97.8 69.7 82.5 90.6 96.2

RF-ReID [5] 72.2 85.1 93.2 98.5 70.6 83.8 91.1 96.7

Ours 75.7 87.6 94.3 98.9 73.1 84.9 92.2 97.3

PyTorch framework [55], leveraging a V100 machine. The
batch size is set to 128, with training conducted for 256
epochs. We utilize the Stochastic Gradient Descent (SGD)
optimizer with a momentum of 0.9. The learning rate is set to
0.01 with a cosine warm-up strategy [20], [56], [57].

B. Baselines

We compare with existing mmWave radar-based ReID
works. Since unsupervised ReID methods remain unexplored
in mmWave sensing, we employ several unsupervised learning
approaches from wireless sensing as comparative baselines,
such as unsupervised pre-training methods TGUL [21], RF-
URL [58], and PRISM [34]. Furthermore, we can fine-tune our
unsupervised models with labels to form supervised learning,
which employs the advanced supervised ReID scheme [59]
on our datasets. Therefore, we include supervised radar-based
ReID methods as baselines, such as mmReID [7], mARPC
[12], MCGait [15], mPIAN [13], and RF-ReID [5]. Several
supervised ReID methods [6], [14] utilize multi-modal training
strategies, such as incorporating additional image samples.
However, since our dataset contains only unimodal radar data,
we compare exclusively with unimodal supervised approaches
to ensure fair evaluation.

In evaluation, we use the common mAP and Cumulative
Matching Characteristic (CMC) at Rank-1, 5, and 10 to
evaluate unsupervised ReID performance. The greater these
values, the better the performance. All schemes are evaluated
in the same testing set.

C. Overall Performance

The comparison results with baselines are shown in Ta-
ble III. It is evident from Table III that our approach outper-
forms both unsupervised and supervised approaches in terms
of performance, validating the efficacy of our method.

In-Environment Performance. Compared to current radar-
based unsupervised learning methods [21], [34], [58], our
performance significantly surpasses them, such as exceeding
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TGRU [21] by about 23% and RF-URL [58] by about 11%
in mAP. Our method achieves 71.8% Rank-1 accuracy, 80.4%
Rank-5 accuracy, and 90.6% Rank-10 accuracy, significantly
outperforming existing unsupervised approaches. Presently,
wireless-based methods have not specialized in unsupervised
ReID and primarily focus on building sensing models through
unsupervised representation learning. For instance, PRISM
[34] adopts a masked autoencoder approach for unsuper-
vised pre-training. However, our method leverages multi-
level cross-view contrastive learning and a well-designed
radar ReID model to comprehensively explore relationships
between samples, resulting in superior unsupervised person
ReID performance. For example, while RF-URL [58] employs
global contrastive learning for unsupervised representation,
our approach not only incorporates global contrastive learning
but also designs clustering-based contrastive learning tailored
for unsupervised ReID. Clustering contrast facilitates pseudo-
label learning, which is highly suitable for unsupervised ReID,
enabling the model to learn more discriminative information.
Similarly, TGRU [21] and PRISM [34] leverage unsupervised
autoencoder architectures to learn pre-trained models, yet
they do not fully exploit sample information specifically for
unsupervised ReID. In contrast, our multi-level contrastive
design fundamentally aims to pull representations of the same
pedestrian closer in high-dimensional space, enhancing the
generalization performance of unsupervised ReID through our
multi-level contrastive learning.

Cross-Environment Performance. As shown in Table III,
our model achieves superior performance compared to other
baselines under cross-environment conditions. For instance,
our method achieves 55.6% unsupervised mAP and 73.1% su-
pervised mAP, surpassing unsupervised baselines by over 10%
mAP and supervised baselines by more than 2% mAP. Due
to the inherent characteristics of radar electromagnetic sig-
nals, mmWave sensing demonstrates significant environmental
sensitivity. Consequently, our cross-environment ReID perfor-
mance exhibits a 2%∼4% mAP degradation relative to in-
environment scenarios, though this remains within acceptable
limits. Performance degradation in cross-domain scenarios is
common in mmWave sensing, and our unsupervised learning
paradigm mitigates environmental interference by learning
category-agnostic general representations [58], maintaining
effectiveness under cross-environment conditions. In future
work, we will explore additional techniques to enhance cross-
domain performance for mmWave-based unsupervised ReID
and reduce environmental impacts. Compared to current radar-
based supervised ReID methods [5], [7], [12], [13], [15], our
approach respectively achieves 75.7% mAP and 73.1% mAP
under the in-environment and cross-environment settings, sig-
nificantly outperforming them by about 3 ∼ 7% mAP. These
supervised approaches [5], [7], [12], [13], [15] train models
from scratch without utilizing pre-trained models. In contrast,
our supervised scheme uses a trained unsupervised model
as a pre-trained model. Pre-trained models can learn more
discriminative representations by capturing richer and more
informative unsupervised features [21], [34], [58], thereby
benefiting supervised learning and enhancing our model gen-
eralization performance.

TABLE IV: Performance comparisons with vision methods.

SimCLR [19] MoCo [52] HCM [16] HCM [16]+Multi-View Ours

mAP 25.9 26.3 36.7 53.8 59.3

Comparison with Vision Methods. We compare popular
unsupervised learning methods from the vision domain, such
as SimCLR [19] and MoCo [52]. Additionally, we include
the popular unsupervised ReID method HCM [16] from the
vision field. Among these, SimCLR [19] and MoCo [52] are
contrastive learning frameworks driven by image-based data
augmentation. HCM constructs an unsupervised ReID model
by applying traditional data augmentations to images and
then performing contrastive learning with clustering contrast.
Since these methods rely on single-view direct image-style
augmentation, we use RDAMap and apply rotation, cropping,
and other similar augmentations as one would do for images.
The in-environment test performance is shown in Table IV.
RDAMap is not suitable for image-style data augmentation,
which causes the unsupervised model to fall into shortcut
learning [21]. Hence, the unsupervised ReID performance
of SimCLR and MoCo is quite poor, reaching mAP less
than 30%. Similarly, for HCM [16], applying single-view
image-style augmentation directly to RDAMap also leads to
shortcut learning, which hinders the model from learning
discriminative representations. However, when our cross-view
mutual signal contrastive learning is applied to HCM [16],
its mAP improves from 36.7% to 53.8%, demonstrating the
effectiveness of our multi-view strategy. Compared to the
global instance contrast and clustering contrast designed in
HCM [16], our study additionally introduces radar-specific
local temporal contrast and cluster-center contrast. Therefore,
our multi-level mutual signal contrastive learning approach
achieves better generalization performance.

Dynamic Performance of Single-View Inference. Since
our model employs mutual contrastive learning with different
radar signals, we can use any type of signal representation
during the inference stage. The inference performance of each
modality is dynamically monitored throughout the training
process, as shown in Table V. The following observations
can be made: (a) In the early stages of training (e.g., the
first 32 epochs), the inference performance using the PC
modality is better than that of the RDAMap modality. This
may be because PC data contains less noise unrelated to hu-
man body information, allowing useful features to be learned
more quickly. (b) During the mid-training phase (e.g., epochs
64∼128), the inference performance of the two modalities
becomes comparable, indicating that the two views begin to
achieve balance and complementarity through mutual con-
trastive learning. (c) In the later stages of training, it can
be observed that the performance of these two input types
is comparable, demonstrating that our model is robust to the
choice of input modality and effectively learns representations
from both signals. Using RDAMap as input achieves slightly
better performance than using PC. This minor difference may
be attributed to the sparsity of radar PC, which inherently
contain less information compared to RDAMaps.

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3713047

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on September 08,2026 at 07:09:38 UTC from IEEE Xplore.  Restrictions apply. 



11

TABLE V: The inference performance of each modality during
the training epochs under the in-environment setting.

Epoch 8 16 32 64 128 256

mAP (RDAMap) 13.9 35.1 46.8 53.2 57.1 59.3

mAP (PC) 19.2 40.6 49.5 53.4 57.6 58.7
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Fig. 8: Error case analysis. (a): Point clouds of the same
person at different distances from the radar; (b) Micro-Doppler
spectrograms of different individuals; (c) RDMap of the same
person in two different environments.

Error Case Analysis. Given a query pedestrian sample,
our unsupervised model searches for similar pedestrians from
the gallery set. A higher similarity between samples indicates
a greater likelihood that they belong to the same individual.
By examining misidentified cases in the search results, we
summarize the main causes of recognition errors as follows:
(1) Limitations of unsupervised learning. As our method is
unsupervised and lacks ground-truth labels, its generalization
capability is inherently weaker than that of supervised learn-
ing, leading to certain recognition errors. This is a common
challenge in unsupervised learning [6], [16], [60]. (2) Variation
in pedestrian-radar distance. As shown in Fig. 8(a), when
a pedestrian is 4m away from the radar, the PC becomes
significantly sparser compared to the 2m case. Increasing
the distance reduces the SNR because the reflected energy
decays with range. Consequently, PC at longer distances are
sparser, which is an unavoidable issue in radar sensing [11].
The calculated similarity between the same person at 2m
and 4m is below 0.4, resulting in recognition errors. (3)
Similar gaits across different individuals. Fig. 8(b) visualizes
the micro-Doppler spectra of two different pedestrians to
show gait information. Their spectra appear quite similar, and
without label supervision, the model struggles to separate them
effectively in the feature space, yielding a high similarity score
of 0.71 between two distinct individuals. (4) Environmental
variations for the same person. Wireless signals are sensitive
to the environment due to multi-path interference, causing the
distribution of the same person’s features to differ across dif-
ferent surroundings. As illustrated in Fig. 8(c), the RDMaps of
the same person in two distinct environments show noticeable
differences, leading to a low computed similarity score of 0.42
and thus a misclassification as different individuals.

TABLE VI: Comparison of training time across different
unsupervised approaches.

Scheme TGUL [21] PRISM [34] RF-URL [58] Ours

Batch Time 3.2 ms 3.9 ms 5.1 ms 6.2 ms

w/o ℓGC w/o ℓCC w/o ℓLC w/o ℓVC
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AP

Ours
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m
AP

Ours

(b) Cross-Environment

Fig. 9: Loss function ablations.

Training Time Cost. The training time of our approach
averages approximately 6.2 ms per batch. We compared the
training time overhead with mainstream unsupervised learning
methods in the wireless sensing field, and the results are
presented in Table VI. Since our design incorporates specific
unsupervised ReID modules, such as DBSCAN clustering and
GNN models, leading to slightly higher training time costs.
However, the performance of our approach is superior. In
future work, we plan to explore lightweight unsupervised ReID
models to reduce training time overhead.

D. Ablation Study

Loss Function Ablation. Our approach incorporates four
types of contrastive learning: global contrast, cross-view pre-
diction contrast, clustering contrast, and cross-view cluster
center contrast, corresponding to the loss functions ℓGC , ℓLC ,
ℓCC , and ℓV C , respectively. Here, we remove one of loss
functions and observe the impact on performance, and the
results are shown in Fig. 9. It is apparent that each loss
function contributes to enhancing model generalization across
in-environment and cross-environment settings. For instance,
deleting ℓLC and ℓCC can decrease mAP by approximately
3% and 6%, respectively. Therefore, our cross-view multi-
level contrastive learning enhances the robustness of our
unsupervised model.

Channel Attention Ablation. We incorporate a channel
attention mechanism into the ME. Here, we evaluate its impact
on model performance by replacing the channel attention
module with the same number of convolution layers with
residual structures. The results are illustrated in Table VII, it
can be seen that the channel attention significantly improves
model accuracy. For instance, without the channel attention,
the model experiences a performance degradation of 1.5% and
1.7% mAP under the in-environment and cross-environment

TABLE VII: Channel attention ablation results.

In-Environment Cross-Environment

mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10

w/o 57.8 70.5 79.5 89.4 53.9 68.1 77.1 84.3

w 59.3 71.8 80.4 90.6 55.6 69.2 78.5 85.7
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Fig. 10: Performance with different PC networks and PC
denoising ablation results.

TABLE VIII: The performance comparisons of different signal
views for in-environment unsupervised radar ReID.

Different Views PC & DFS AoA & RDAMap AoA & DFS Ours (PC & RDAMap)

mAP 56.1 52.7 50.9 59.3

settings, respectively. Therefore, our channel attention enables
the model to learn more discriminative representations and
enhance its generalization capability.

Different PC Networks. To learn PC representations, we
employ a local-global-based graph attention network. Here,
we compare the performance of model with different PC
networks, such as advanced PointNet [35], PointNet++ [37],
and PointMLP [36]. The results are illustrated in Fig. 10, and it
can be seen that our well-designed local-global-based graph at-
tention network outperforms the current PC networks by large
margins. These PC networks, PointNet [35], PointNet++ [37],
and PointMLP [36], regard PC as disordered sets. In contrast,
given the inherent graph-like properties of a human PC, we
construct a graph from the PC and employ a well-designed
graph model accordingly. The results in Fig. 10 demonstrate
that our proposed approach, by aggregating information from
neighboring nodes to update graph representations, can learn
more generalized PC representations. Additionally, we apply
SOR for PC denoising. Here, we remove PC denoising and
observe the performance impacts of our model. The results
are shown in Fig. 10, showing that omitting denoising signifi-
cantly degrades performance. For instance, denoising improves
our mAP by approximately 2% under the in-environment
and cross-environment scenes, confirming its effectiveness for
model generalization. Furthermore, Fig. 10 shows that the PC
denoising approach remains equally applicable to PointNet
[35], PointNet++ [37], and PointMLP [36], demonstrating its
generalizability to enhance the robustness of PC networks.

Performances under Different Signal Views. Our study re-
lies on two signal representations: PC and frequency spectrum
RDAMap. Other signal forms, such as AoA (Angle of Arrival)
and DFS (Doppler Frequency Shift), are inherently contained
within these two representations. For instance, AoA angle
information is reflected in the spatial position of PC, while
DFS frequency information exists in the Doppler dimension
of RDAMaps. However, PC provides richer information than
AoA alone, as they include not only angle but also range
and velocity information. Similarly, RDAMaps contain more
comprehensive information than standalone DFS data. There-
fore, to achieve a more holistic representation of target objects,

TABLE IX: Model performance impacts with Local and global
attention modules in our PCE.

Local Attention Global Attention mAP (In / Cross-Environment)

58.2 / 54.3

✓ 58.9 / 55.2

✓ 58.6 / 55.1

✓ ✓ 59.3 / 55.6

TABLE X: Masking strategy ablation results. RSM: Random
Spatial Masking; TM: Temporal Masking; IBM: Intensity-
Based Masking.

w/o Mask RSM IBM TM mAP (In / Cross-Environment)

✓ 57.1 / 53.5

✓ 57.8 / 54.0

✓ 58.8 / 54.9

✓ 58.5 / 54.5

✓ ✓ 59.3 / 55.6

current radar sensing approaches generally employ integrated
PC or frequency spectrum representations. Here, we also com-
pare the performance of different signal view combinations
for in-environment unsupervised radar ReID. We evaluate the
following view pairs: PC with DFS, AoA with RDAMap, and
AoA with DFS. The experimental results are summarized in
Table VIII, which clearly shows that our approach using PC
and RDAMap views achieves the best performance. When
the selected views contain more comprehensive information,
our multi-level mutual signal contrastive learning enables the
model to learn more discriminative representations.

Local and Global Attention in PCE. Our PCE adopts
a graph neural network architecture, incorporating both local
and global attention mechanisms. We conduct ablation studies
about the local and global attentions of the PCE, and the
results are presented in Table IX. When the local and global
attention mechanisms are removed, the model achieves 58.2%
and 54.3% mAP in in-environment and cross-environment
settings, respectively, which are 1.1% and 1.3% lower than
our proposed approach. The model performance improves
in both in-environment and cross-environment settings when
the local and global attention mechanisms are incorporated
individually. When both local and global attention mechanisms
are sequentially incorporated, the model achieves the best
unsupervised performance. The results in Table IX validate the
effectiveness of the local and global attentions in our PCE.

Masking Strategy in RDAMap. To enhance model gener-
alization, our approach integrates temporal and spatial masking
strategies in the ME encoder. As shown in Table X, we
conduct ablation experiments on different masking strategies.
When no masking strategy is applied, the model respectively
achieves mAPs of 57.1% and 53.5% on in-environment and
cross-environment, which are 2.2% and 2.1% lower than
ours. This demonstrates that the proposed masking strategy
effectively enhances the model’s generalization capability.
During spatial masking, due to the limited informative content
in RDAMap, we adopt an intensity-based masking strategy
instead of random masking. As illustrated in Table X, random
spatial masking improves mAP from 57.1% to 57.8% under
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Fig. 11: mAP with different testing user numbers.

TABLE XI: Performance comparison of different sequential
architectures.

Architectures In-Environment Cross-Environment

LSTM Transformer LSTM Transformer

mAP 59.3 45.1 55.6 41.8

the in-environment scene. In contrast, intensity-based masking
achieves a more significant improvement, increasing the mAP
from 57.1% to 58.8%, outperforming random spatial masking.
Additionally, temporal masking also enhances the model’s
generalization performance, boosting the mAP from 57.1%
to 58.5% under the in-environment scene. When combining
the proposed intensity-based spatial masking and temporal
masking strategies, the model achieves optimal performance.

Different Sequential Model Architectures. Since wireless
signals are sequential, many related works employ deep learn-
ing models that account for temporal dependencies [11], [61]–
[63], such as LSTM [30] and Transformer [64]. In fields like
Natural Language Processing (NLP) and time-series modeling,
the Transformer architecture is generally considered more
advanced and often yields superior performance compared
to LSTM. However, the Transformer architecture is highly
sensitive to the amount of data [65], [66]. Relevant studies
indicate that with insufficient data, the Transformer struggles
to learn discriminative representations [61], [62], [67]–[69],
leading to limited generalization ability. Therefore, works in
text or image domains that adopt the Transformer typically
rely on tens of millions to hundreds of millions of samples.
In wireless sensing, however, the available data volume is far
below that of text or image domains, often comprising only a
few thousand samples. Moreover, some studies [61], [62] in
wireless sensing have also found that when evaluated on public
datasets, models based on the Transformer architecture under-
perform compared to LSTM, and may even generalize worse
than CNN-based models. These works further demonstrate
that the Transformer architecture is generally less suitable for
scenarios with limited data in wireless sensing. Additionally,
the Transformer has higher computational complexity than
LSTM. In our experiments, we also test the Transformer,
but it perform worse than LSTM. As shown in Table XI,
replacing LSTM with Transformer leads to a drop in mAP
of approximately 15%. This finding aligns with the results
reported in prior works [61], [62], confirming that LSTM
is better suited for our wireless sensing setting where data
volume is relatively small.
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Fig. 12: CMC curves of solely signal unsupervised training.

Different User Numbers. To evaluate the performance of
our unsupervised model with varying numbers of users, we
test the trained model with 5 to 10 users, with results shown
in Fig. 11. Our findings indicate that while test performance
shows a slight degradation as the number of users increases.
This decline is not statistically significant, demonstrating the
robustness of our model across different user population
sizes. The increased number of users introduces greater data
complexity, which may distract the model and consequently
increase learning difficulty. In future work, we will investigate
the impact of user population size and determine the boundary
of user numbers for unsupervised mmWave-based ReID.

Single Signal Unsupervised Learning. We adopt a sig-
nal mutual contrast learning approach, involving treating
RDAMap and PC as different augmented versions of a sample.
In conventional contrastive learning, a single data represen-
tation is typically used, and different versions of the data
are generated through augmentation to compute contrastive
loss. Here, we also employ single-signal data augmentation
to create contrastive versions for training our unsupervised
model, and the experimental results are illustrated in Fig. 12.
For RDAMap, there is a lack of tailored data augmentation
techniques, so we adopt image-like transformations such as
rotation and cropping to augment RDAMap and apply our
multi-level contrastive learning on the augmented versions.
However, contrastive learning using only RDAMap leads
to a significant performance drop, achieving only around
40% Rank-1 accuracy. Radar signals are structured data, and
RDAMap contains a large amount of non-informative content,
with bright regions representing only a small fraction. Directly
applying image-based transformations and contrastive learning
to RDAMap may be inappropriate, which may cause the
unsupervised model to fall into shortcut learning [21]. Thus,
training our unsupervised model using only RDAMap fails to
achieve satisfactory results. Similarly, constructing contrastive
learning solely based on PC results in lower performance
than ours, as shown in Fig. 12. Despite PC data having less
noise, the sparsity of mmWave radar PC leads to limited
information, resulting in unsatisfactory unsupervised perfor-
mance. In contrast, our approach treats RDAMap and PC as
different augmented versions of the same sample, addressing
the challenge of augmenting RDAMap alone. Furthermore,
RDAMap contains richer information, which complements the
sparse PC data. As a result, our approach achieves a more
generalized unsupervised model, capable of learning more
comprehensive radar signal representations.

Different Training-Testing Person Split Ratios. Table III
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TABLE XII: Performance comparison under different numbers
of identities in training and testing sets.

Training : Testing 30:10 20:10 20:20

mAP 59.3 56.7 52.4

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12
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mean: 58.72 mean+std: 59.79 mean-std: 57.65

Fig. 13: In-environment unsupervised ReID performance under
12 randomized gallery sets.

shows that our model achieves an mAP of 59.3% with 30
individuals for training and 10 new users for testing under the
in-environment setting. Here, we test results about 20 individu-
als for training and 10 for testing, as well as 20 individuals for
training and 20 for testing under the in-environment setting.
The results are shown in Table XII. It can be observed that
when training with 20 individuals and testing with 10, the
mAP is approximately 3% lower than that achieved with 30
training individuals, indicating that a smaller training set leads
to reduced model robustness. When the test set is expanded
to 20 individuals, the model’s performance drops to an mAP
of 52.4%. Similar to most deep learning-based ReID methods
[1], [59], as the search space of the test set increases, the
retrieval performance slightly decreases, which is a normal
phenomenon. Therefore, while the size of the training set and
the search space of the test set influence model performance,
they do not cause drastic fluctuations.

Performance with Randomized Identity. We conduct 12
randomized experiments by selecting 10 different identity
combinations from the total population to form distinct gallery
sets and evaluate their in-environment performance. As shown
in Fig. 13, the ReID performance across different gallery sets
remains stable, ranging between 56% and 60% mAP. This
demonstrates that our model generalizes well across various
test sets. The average result from multiple experiments is
58.7%, and the performance remains highly stable, with a
standard deviation (std) of mAP of only 1.06%. This indicates
that our model is not overfit to specific identity patterns but has
learned generalized radar feature representations. Additionally,
unsupervised learning does not rely on specific labels, and
its training process inherently aims to learn universal signal
representations. Therefore, theoretically, unsupervised learning
is less susceptible to constraints from particular identities.

Performances under Different Positions. We test radar
positions relative to the person at 0-degree, 15-degree, 30-
degree, and 45-degree. We visualize the PC at these differ-
ent angles, as shown in Fig. 14. It can be observed that
as the angle between the person and the radar increases,
the PC becomes sparser, particularly at 30-degree and 45-

45 Degree30 Degree0 Degree 15 Degree

Fig. 14: Point clouds at different angles.
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Fig. 15: Performance with different angles and distances.

degree positions. We group and test these different angle
positions under the in-environment setting, with the results
illustrated in Fig. 15(a). At the 0-degree position, the model
achieves the best performance, while at 45 degrees, the mAP
drops to approximately 30%. The 0-degree angle indicates
that the radar is directly facing the person, yielding optimal
performance since the radar signal energy is highest in this
frontal orientation. As the angle increases, the energy of the
radar beam decreases, leading to performance degradation.
Therefore, when the person is at a larger angle relative to the
radar, the PC becomes sparser, and ReID performance declines
accordingly, which is a relatively common phenomenon in
radar-based sensing [11].

Performances under Different Distances. We test dis-
tances of 2, 4, 6, and 8 meters, grouping the test sets based
on the distance from the pedestrian to the radar. We visualize
pedestrians at varying distances, and the results are shown in
Fig. 16. It can be observed that as the distance increases, the
PC becomes increasingly sparse. Particularly at 8 meters, there
are only one or two PC remaining. Fig. 15(b) illustrates the
mAP under the in-environment setting at different distances.
It can be seen that as the distance increases, performance
gradually declines. At a distance of 8 meters, the mAP drops to
only about 10%, indicating that unsupervised ReID is almost
ineffective at this range. For radar signals, increasing distance
leads to a decrease in SNR, as the reflected energy attenuates
with distance. Additionally, due to the low angular resolution
of mmWave radar, greater distances result in fewer and sparser
PC. Therefore, in current radar-based sensing tasks, it is
necessary to control the distance to avoid excessive range [11].

2m 4m 6m 8m

Fig. 16: Point clouds at different distances.
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Fig. 17: Hyper-parameter sensitivity analysis experiments.

E. Parameter Study

We investigate the impact of different hyper-parameters
on model performance, including loss weights ϵ1 and ϵ2,
prediction timesteps Q, momentum factor κ, masking ratios
µ, η1, and η2, and channel attention layers N . The results are
shown in Fig. 17.

Fig. 17(a) and 17(b) show the results of varying ϵ1 and ϵ2.
We observe that as ϵ1, ϵ2<1.5, model is less sensitive to their
values. The model achieves best with ϵ1 = 1 and ϵ2 = 0.9.
Fig. 17(c) shows that the model achieves the best with Q = 15
and Q = 20 under in-environment and cross-environment, re-
spectively. Increasing predicted timesteps can improve model
performance, but larger timesteps harm performance, which
may lead to inaccurate predictions. Fig. 17(d) shows that the
model achieves best with κ = 0.2 and κ = 0.3 under in-
environment and cross-environment, respectively. The momen-
tum factor controls the update speed of cluster centroids. The
larger values κ, the slower the update results in trivial cluster
centroids. Fig. 17(e), Fig. 17(f), and Fig. 17(g) demonstrate
the results of varying µ, η1, and η2, and increasing masking
ratios enhances model performance. However, too large values
of µ, η1, and η2 may lead to much information loss, which
harms model performances. Fig. 17(h) illustrates the impact
of different channel attention layers on model performance. It
can be observed that the model achieves optimal performance
when N = 4. Further increasing the number of channel
attention layers results in a deeper model, which may lead
to overfitting.

Our study sets k̂ = 5 in SOR denoising. If k̂ is too small,
the algorithm becomes extremely sensitive to noise; if k̂ is too
large, edge points of the human body may be misidentified
as outliers and removed. For example, when k̂ = 1, SOR
only considers the nearest neighbor. Even an isolated noise
point may be retained if there happens to be another randomly
generated noise point nearby, as the distance between them can
be very small. SOR may mistakenly assume that this noise
point lies in a high-density region and thus treat it as normal
data. Conversely, when k̂ is set to a large value (e.g., k̂ =
20), for a point at the end of an arm, the algorithm not only
calculates its distance to neighboring points on the arm but is
also forced to compute distances to more distant points on the

TABLE XIII: Sensitivity analysis of parameter k̂ in SOR.

In-Environment Cross-Environment

k̂ 4 5 6 4 5 6

mAP 59.0 59.3 58.7 55.4 55.6 55.1

torso or even the legs. This can lead to a significantly inflated
average distance for that point. As a result, SOR may deem
such points too far from others and classify them as outliers.
As shown in Table XIII, we test k̂ = {4, 5, 6} and find that the
model exhibits stable generalization performance across these
values, with optimal performance achieved at k̂ = 5.

F. Performance on Public Dataset

Currently, there are few open-source radar datasets available
on the market [7], [61], and most of them do not meet our
requirements. This is because these open-source datasets do
not provide raw data but only release processed data. For
instance, when such processed data is converted into RGB
thermal images, it loses fundamental amplitude and phase
information, making it impossible for us to restore or further
process the data. Since our method requires two different radar
signal views, it is challenging to test on datasets where raw
data is not available. Fortunately, although the mmGait dataset
[70], [71] does not provide raw data, it does offer paired point
cloud and Doppler spectrogram data. Therefore, we treat these
two types of data as distinct views and train an unsupervised
mmWave radar ReID model using our method. Here, we
replace the RDAMap data in our approach with Doppler
spectrograms. Since the Doppler spectrogram at timestep t
is one-dimensional, the proposed ME module in our paper is
replaced with a fully connected network, while the rest of the
structure of our proposed model remains unchanged.

The mmGait dataset contains 314 valid paired samples from
10 users. We randomly selected 5 users for the training set,
with the remaining 5 users assigned to the query and gallery
sets. Table XIV presents the unsupervised performance tested
on the mmGait dataset, showing that our method achieves
better generalization compared to existing unsupervised ap-
proaches. For example, our method attains an mAP of 65.2%
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TABLE XIV: Unsupervised ReID performance comparison
with baselines on public mmGait dataset.

Scheme mAP Rank-1 Rank-5 Rank-10

TGUL [21] 41.2 51.9 63.2 75.6

PRISM [34] 46.4 58.4 65.7 79.8

RF-URL [58] 50.6 62.3 70.1 85.3

Ours 65.2 74.6 84.9 93.1

TABLE XV: Model training computational costs.

Model size Model parameters Flops Batch time

43.8MB 11.4M 7.9G 6.2ms

on the mmGait dataset, which is approximately 15% higher
than that of RF-URL [58]. Currently, wireless-based unsuper-
vised methods [21], [34], [58] are not specifically designed for
ReID and primarily focus on learning unsupervised represen-
tations. In contrast, our approach includes modules tailored for
unsupervised ReID (e.g., multi-level contrastive loss), leading
to superior unsupervised performance. The evaluation results
on additional public datasets further demonstrate the strong
generalization capability of our model.

V. DISCUSSION

Our work still has room for improvement, and here we
outline two potential directions for future research.

Lightweight Model. Since unsupervised learning operates
without labels, it typically requires more complex model de-
signs compared to supervised approaches, resulting in greater
computational overhead. Additionally, our framework incorpo-
rates attention mechanisms and multi-level contrastive learn-
ing, which introduce extra parameters and further increase
training computation. As shown in Table XV, our model
requires 43.8MB of memory, contains 11.4M parameters,
performs 7.9G FLOPs, and processes each batch in 6.2ms on
average. Current sensing models primarily focus on accuracy
improvement [72], which inevitably increases model com-
plexity. However, in practical sensing scenarios, models are
often deployed on mobile devices, which require lightweight
architectures. Therefore, in future work, we plan to explore
lightweight unsupervised ReID models by leveraging advanced
techniques such as model compression and pruning.

Multi-Modal Unsupervised ReID. We achieve unsuper-
vised ReID using a single modality, mmWave radar. However,
in practical scenarios, multiple devices (e.g., cameras, WiFi)
can be deployed collaboratively to enhance ReID performance.
For instance, Wi-Fi and radar can be utilized for ReID
in low-light conditions, while advanced camera-based ReID
techniques can be employed in well-lit environments. Multi-
modal fusion has the potential to surpass the performance
of single-modality approaches and adaptively align with real-
world conditions [6]. In future work, we aim to explore
unsupervised multi-modal ReID, addressing challenges such as
coordinating multiple devices and bridging domain distribution
gaps across different modalities.

Imbalanced Radar ReID. Currently, our approach does not
address the issue of data imbalance. Our dataset is balanced,
with the training set, query set, and gallery set all evenly
partitioned. Imbalanced data may influence model bias, which
is likely to distort the overall feature space and impair the
generalization capability of trained models [73], [74]. We will
incorporate this consideration into our future work to explore
unsupervised radar ReID under imbalanced data conditions.

Push Sensing Limits of Angle and Distance. Our experi-
ments show that ReID performance degrades when the angle
or distance between a pedestrian and the radar becomes too
large. This phenomenon is related to the inherent character-
istics of mmWave radar and is common and unavoidable [7],
[10], [11]. However, in real-world applications, scenarios with
excessively large angles and distances do exist. Therefore,
in future research, we will focus on addressing the impact
of distance and angle on ReID, for example, by employing
cascaded multiple radars to achieve broader coverage.

VI. RELATED WORK

Unsupervised ReID. Person ReID aims to search for a per-
son of interest within target databases. With the advancement
of deep learning, this technology has gained significant traction
in the field of computer vision, leading to the development of
numerous advanced ReID methods [1], [59], [75]–[78]. The
ReID task is often formulated as a clustering problem, where
representations of the same individual are pulled closer in the
high-dimensional space, while those of different individuals
are pushed apart [59]. For example, Luo et al. [59] propose a
strong baseline of supervised person ReID, employing a model
based on Convolutional Neural Networks (CNN) optimized
with batch normalization neck, identity loss, and triplet loss
[79]. However, supervised learning incurs substantial annota-
tion costs in practical applications. To mitigate the substantial
expense of data annotation, unsupervised person ReID is
progressively gaining popularity [2], [50], [60]. Presently,
unsupervised ReID primarily falls into two categories: unsu-
pervised domain adaptation and purely unsupervised methods.
Unsupervised domain adaptation necessitates a labeled source
domain, which is then transferred to an unlabeled target
domain. Nevertheless, unsupervised domain adaptation based
on requiring a labeled source domain, along with the constraint
that the distributions of the target and source domains should
not differ significantly, imposes substantial limitations on
practical applications [2], [16], [50]. Hence, pure unsupervised
ReID has garnered widespread attention, which mainly ex-
plores sample relations by unsupervised contrastive learning.
For instance, CCL [50] introduces a cluster-level memory
dictionary and conducts contrastive loss computation at cluster
level. HCM [16] proposes hybrid contrastive learning for
unsupervised ReID at the identity level and the image level.
In our study, due to the absence of labeled radar ReID source
domains, we opt for pure unsupervised ReID.

mmWave Sensing. Radar captures variations in human
movement patterns by emitting electromagnetic waves. In
contrast to vision perception, radar can operate in dark envi-
ronments and possesses a certain degree of penetrative ability,
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such as through clothing and masks. Consequently, mmWave
sensing has garnered significant attention in applications like
gesture recognition [80], pose estimation [40], respiration
monitoring [81], and human silhouette generation [58]. The
existing mmWave-based human sensing works select suitable
radar signal forms according to the sensing task, and there
are generally three signal forms: frequency spectrum, phase
waveform, and PC [11]. Specifically, frequency spectrum and
PC are commonly used for motion recognition, since they
indicate the environment reflection, including the position and
posture of the human. Whereas in biometric measurements
like respiration and heartbeat detections, phase waveforms are
chosen due to their unique ability to characterize the micro-
motions. For example, mmMesh [82] reconstructs the human
mesh from mmWave signals by extracting PC and using an
attention-based deep learning framework. HuPR [40] proposes
a benchmark for pose estimation by extracting frequency
spectrum features from mmWave signals and employing a
graph-based deep learning model. In contrast, the works [83],
[84] extract phase waveform from radar signals to sense
vital signs and employ learning-based waveform extraction or
signal decomposition techniques.

mmWave-Based ReID. Current studies extract frequency
spectrogram features or PC from radar signals and then feed
it into DNNs to construct ReID models. For instance, the
works [6], [12], [13], [71] delve into person ReID by using PC
extracted from radar signals and feeding it into DNNs, albeit in
a supervised fashion. The works [5], [7], [15], [85], [86] utilize
frequency spectrogram features for radar sensing and learn
deep representations of pedestrians through supervised learn-
ing. Current mmWave-based ReID systems predominantly rely
on supervised learning, which incurs significant labeling costs.
Moreover, radar signals are not interpretable by the human eye,
making the labeling process even more challenging. Therefore,
our study aims to explore unsupervised person ReID using
commercial mmWave radar, reducing labeling costs.

VII. CONCLUSION

This paper proposes a mmWave radar-based unsupervised
person ReID method. We employ a multi-level mutual contrast
learning mode using different signal representations to drive
SSCL and create complementarity between RDAMap and
PC, including global contrast, cross-view prediction contrast,
cluster contrast, and cross-view cluster center contrast. Ex-
perimental results show that our approach achieves excellent
unsupervised ReID performance on a real-world dataset, out-
performing the existing methods by large margins.
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