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Abstract—Wi-Fi human sensing has attracted numerous research stud-
ies over the past decade. The rapid advancement of machine learning
technology further boosts the development of Wi-Fi human sensing.
However, current Wi-Fi human sensing suffers from the “data scarcity”
problem: all the existing proposals require collecting a large amount
of human-based datasets to train the sensing models, which is labor-
intensive and may raise ethical concerns in certain scenarios. This
obstacle seriously restricts the size, quality, and diversity of available
datasets, thereby affecting the sensing performance in terms of accu-
racy and cross-domain applicability. In order to solve this problem, we in
this paper propose Metasurface-Assisted Sample Synthesis (MASS), a
novel approach to synthesize high-fidelity Wi-Fi sensing samples that
effectively capture both the essential features of human motion and
environment-specific multipath characteristics without requiring human
involvement. The evaluation results show that MASS is effective in
boosting machine learning performance, improving classification accu-
racy by 18%, and enhancing the cross-domain sensing accuracy by
22%. We further analyze inherent synthesis distortions stemming from
hardware limitations and introduce a mitigation technique, which sig-
nificantly enhances data fidelity, achieving 91.8% accuracy even when
training exclusively on synthesized samples. These findings underscore
the potential of MASS to facilitate the creation of high-quality, diverse
datasets with minimal human involvement and associated labor costs.

Index Terms—Wi-Fi Sensing, Data Augmentation, Metasurface, Ma-
chine Learning, Cross-domain Sensing.

1 INTRODUCTION

Benefiting from the ubiquitous Wi-Fi infrastructures, Wi-
Fi sensing technologies exhibit versatile abilities to enable
diverse applications, including location estimation [1], [2],
health monitoring [3], activity recognition [4], [5], efc. Recent
advancements further release the potential of Wi-Fi sensing
by integrating deep learning (DL) models into sensing sys-
tems, with which the sensing ability and accuracy can be
significantly enhanced [2], [6], [7].

Comprehensive and diverse labeled datasets are neces-
sary for training a robust DL model. When it comes to Wi-Fi
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Fig. 1. Comparison of different approaches for obtaining Wi-Fi sensing
data, contrasting MASS with traditional human-based data collection
and existing data augmentation methods. (a) Data collection using
MASS. (b) Traditional human-based data collection. (c) Transformation-
based data augmentation. (d) lllustration of model-driven data augmen-
tation.

human sensing, a sample of sensing data is the coupling
result of human motions and the complex multipath prop-
agation of the indoor environment (commonly referred to
as the sensing domain). This inherent coupling results in
data scarcity through two primary avenues. First, the re-
quirement for human participation makes the process labor-
intensive and may raise ethical concerns, especially when
collecting health-related samples from patients or individ-
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uals with disabilities. Second, the multipath characteristics
are a crucial factor in sensing. The usability of data collected
in one domain may degrade when it is used to train a DL
model for sensing in other domains [2], [8], [9].

Data augmentation is deemed a feasible solution to
tackle the data scarcity problem. Some existing works ac-
quire more data by simply applying different transforma-
tions on the original signals [10] (e.g., scaling, translating
the axis, or adding noise), but are likely to alter the physical
properties of signals. Model-driven approaches take into ac-
count the signal propagation process [11], [12], but overlook
the complex multipath effects, which lead to low robustness
of the DL models. Recent works propose to employ style
transfer or generative Al for sample synthesis [9], [13]-[16],
but still require a large amount of data for training and fall
into the “chicken-and-egg” dilemma.

Inspired by the advancements in metasurface re-
search [17]-[20], we in this paper propose Metasurface-
Assisted Sample Synthesis (MASS) for synthesizing Wi-
Fi sensing samples. Unlike the aforementioned data-driven
generative models, MASS operates based on physical prin-
ciples and requires no prior model training. This gives it a
“plug-and-play” nature, allowing it to be deployed in new
environments to generate data immediately. Fig. 1 compares
MASS with human-based data collection and other data
augmentation approaches. Leveraging its inherent capacity
for waveform manipulation, a metasurface can emulate the
effect of human motion on Wi-Fi signals. By replacing the
human with the metasurface in the task of collecting sensing
samples in real environments, MASS presents a new and
much more efficient method to synthesize sensing samples
without human participation, significantly reducing labor
costs and avoiding ethical concerns.

Our comprehensive evaluation demonstrates that MASS
effectively synthesizes high-quality Wi-Fi sensing samples,
significantly boosting machine learning performance in var-
ious scenarios. The thorough fidelity analysis confirms the
high overall similarity but also characterizes subtle distor-
tions that primarily stem from the inherent physical limita-
tions of the metasurface hardware.

Crucially, we propose an optinal Distortion Filtering
Module (DFM) to mitigate these distortions. The key ob-
servation is that these synthesis distortions manifest pre-
dictably within the micro-Doppler spectrum (MDS) as low-
energy components, and thus the DFM is designed to
suppress these identified distortions while preserving the
primary motion signatures, thereby further enhancing the
quality and practical utility of the synthesized data.

Our contributions can be summarized as follows:

o We present the theoretical framework underpinning
MASS and develop a complete workflow for its real-
ization, elucidating how metasurfaces can be utilized
to emulate the effect of human motion on Wi-Fi signals.

o We present the approach of MASS and elaborate on
the procedure from collecting an activity template to
acquiring metasurface-synthesized samples. This ap-
proach significantly reduces labor costs and alleviates
ethical concerns while efficiently capturing the intrinsic
domain characteristics of the sensing environment.

o We implement and evaluate the core MASS approach,
demonstrating its significant potential. Without DFM,

2

MASS improves classification accuracy by 18% (out-
performing noise augmentation by 9%) and enhances
cross-domain sensing accuracy by up to 22% (outper-
forming noise augmentation by 13%).

o We conduct an in-depth fidelity analysis, mathemati-
cally characterize the synthesis distortions, and propose
DFM to mitigate these side-effects. Evaluations show
that integrating the DFM substantially elevates MASS’s
performance, boosts cross-domain accuracy by an addi-
tional 11.4% (reaching 94.1% in drastic domain change
scenarios), and achieves the accuracy of 91.8% even
when training exclusively on synthesized samples.

The structure of this paper is as follows: Sec. 2 provides a
comparison between MASS and related studies. Sec. 3 elab-
orates on the design of MASS. The evaluation is presented
in Sec. 4. Finally, Sec. 5 concludes the study.

2 RELATED WORK

This section provides an overview of related studies and
contrasts them with our research to highlight the novelty
and significance of our work.

2.1 Data Augmentation for Wi-Fi Sensing

Transformation-Based Augmentation: In computer vision,
data augmentation is widely used to mitigate data scarcity.
New samples are generated by applying transformations
to the original images. As shown in Fig. 1(c), Dense-LSTM
[10] extends this concept to Wi-Fi sensing by adding noise,
scaling the time axis, or stretching the frequency axis in
spectrograms. However, these methods may alter the in-
herent physical properties of the Wi-Fi signal [11]. For
example, stretching the Doppler frequency dimension might
incorrectly transform “walking” into “running.”

Model-Driven Augmentation: To preserve the intrinsic
physics of Wi-Fi signals, model-driven data augmentation
methods have been proposed [11], [21]-[23]. For example,
SimHumalator [22] models human limbs as scatter points
shown in Fig. 1(d) and computes their impact on Wi-
Fi signals to synthesize samples. However, these studies
ignore the modeling of complex environmental multipath
effects, such as wall reflections, despite being critical for data
diversity [8], [9].

Data-Driven Augmentation: With advancements in DL,
data-driven augmentation methods have emerged. Some
studies [15], [16] employ style transfer for cross-domain
adaptation, while others [13], [14], [24] utilize generative Al
to create new samples. However, they encounter issues with
interpretability, as AI models may not adhere to physical
laws [25], [26]. Furthermore, data-driven approaches face
the “chicken-and-egg” dilemma, as they require extensive
data for training before they can generate new data.

In contrast, MASS is theoretically robust and makes no
simplifications to the environment. It synthesizes new Wi-
Fi sensing samples that capture human motions and the
environment multipath simultaneously without the need for
an extensive Wi-Fi sensing dataset.
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Fig. 2. Overview of the MASS. The two-stage process involves collecting N activity templates and then synthesizing N x L sensing samples by
using a metasurface to emulate these templates in L different environments.

2.2 Domain-Independent Sensing

Besides data augmentation, some studies aim to extract
domain-independent features, thus performing well in
cross-domain sensing scenarios [27]-[29]. Some other works
use transfer learning to adapt models to unseen domains
with minimal labeled data [30], [31]. However, DPSense [32]
suggests that domain-specific features cannot be entirely
removed. Although these works have improved cross-
domain sensing performance, they still cannot avoid the
labor-intensive sample collection process. For example, the
CrossSense [9] dataset required a three-month-long effort
to collect approximately 1.2 million samples. With MASS, a
one-time template collection of only a few hours enables the
autonomous synthesis of 1520 high-fidelity samples samples
across four different environments. The number of 1520 is
not an upper limit. Our method can generate an unlimited
number of samples in any new environment with marginal
additional human labor. This makes our work orthogonal
and complementary to the aforementioned methods.

3 DESIGN

This section first presents an overview of MASS, then elab-
orates on its sample synthesis capability using the MASS
theory, outlines the procedure of sample synthesis, char-
acterizes the distortions introduced during the synthesis
process, and finally proposes the DFM to mitigate these
distortions.

3.1

As shown in Fig. 2, MASS operates in two stages: the
activity collection stage and the sample synthesizing stage.
In the first stage, activity templates are gathered to capture
the impact of human activities on Wi-Fi signals. In the
second stage, the metasurface is deployed alongside Wi-
Fi sensing equipment across various environments. At this
point, the metasurface simulates human movements based
on the recorded activity templates. Taking into account the
real-world setting in which the process occurs, the samples
collected by the Wi-Fi sensing equipment represent a combi-
nation of human activity and environmental characteristics.
By replacing humans with the metasurface, MASS avoids
high labor costs while still producing substantial sensing
samples. For example, a total of N x L samples can be
synthesized from N activity templates and L environments.

Overview

3.2 MASS Theory

But how does a metasurface emulate the human activity?
This section presents the MASS theory, which first models

the environment when either a human or metasurface is
present and then translates the problem of emulating hu-
man activities to finding the appropriate control voltage
sequence, or coding sequence, for the metasurface.

When a human is present in a multipath-rich indoor
environment, as illustrated in Fig. 3(a), the CSI of the n-th
Wi-Fi package is modeled as [33]:

H,(f)=HY(f)+ HY(f)

P,
—HO() + S = (r® (), P
p=1

where H®)(f) is the static component that arises from static
objects such as walls and chairs. H'Y(f) is the dynamic
component from the interaction between the human and
the environment, further decomposable into P,, multipath
components. For the p-th component, the signal propagates
along the path p;, and is reflected by a part of the hu-
man body simplified as a scatter point at g with reflec-
tion coefficient r&h)(q). The signal then propagates along
the path p, to the receiver. Each path, pj, is modeled as
HP)(f) = app, (F) exp (=) 27 f Top, ), Where ay, . (f) is
the attenuation and 7, ,, is the path delay.

When the metasurface, rather than the human, is present
in the same environment, the n-th CSI can be expressed as:

P,
H' o (f) =HY (f)+ Y HP) ()T (q)HED (f),
p=1
2)

(g4) denotes the reflection coefficient of the
meta-atom at q 4. F%m)(q 4) is determined by the metasur-
face design and the voltage V;,(q,) applied to the meta-
atom. As depicted in Fig. 3(b) and Fig. 3(c), our metasurface
comprises 16x8 meta-atoms, each capable of controlling
phase reflection from 0 to 27, while keeping the amplitude
almost unchanged. The 16 x 8 array size is chosen to pro-
vide a sufficiently large reflection aperture while maintain-
ing manageable production costs. The full 27 phase control
is achieved through the dual-resonance design within each
meta-atom. Each meta-atom integrates a varactor diode,
whose capacitance is modulated by the applied control
voltage, which than tunes the resonant frequency of the
meta-atom and enables precise and continuous control over
the reflection phase.

where T(™

Eq. 2 diverges from Eq. 1 solely by substituting ) (q)
with T(" )(q 4)- Thus, the human activity is replicated by
equating D(zm)(q 4) to i

plate {I‘%h)(q)}, an accurate coding sequence {V,,(g4)} is

(g). To emulate an activity tem-
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Fig. 3. Core components and models underlying MASS. (a) Wi-Fi sensing model in a multipath-rich indoor environment. (b) The metasurface used
in MASS. (c) Reflection coefficient of the meta-atom as a function of control voltage.
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Fig. 4. Comparison of MDS illustrating the fidelity of synthesized samples in capturing human motion dynamics. (a) MDS from a human-based

sensing sample. (b) MDS from a synthesized sample.

required so that the impacts of metasurface, I‘%m) (gn), are
aligned with the impacts of the human body, r{ ().

Note that the MASS theory is fundamentally general.
The dynamic scatter point g described in Eq. (1) can theo-
retically represent any moving object, not just a human. In
this work, we focus on human motion as it is the core of
synthesizing high-fidelity Wi-Fi sensing samples.

3.3 Sample Synthesis Procedure

Building on the MASS theory, the sample synthesis process
unfolds as follows:

Activity Template Collection: Activity templates are col-
lected in a microwave anechoic chamber. In the chamber,
multipath effects are minimized and the impacts of human
activities on Wi-Fi signals are isolated. A vector signal ana-
lyzer [34] is used to transmit a single-frequency sinusoidal
wave, a volunteer performs the activity in the chamber,
and the echo signal is collected as the activity template. In
practice, since the human sensing necessitates a space where
the volunteer can move freely, we modified an office space
and surrounded the sensing area with absorbing materials
to reduce reflections (Domain A, Fig. 6(a)). During the
measurement of activity templates, the antennas are placed
on a 1.5-meter-high stand, directly facing the human torso.

Coding Sequence Derivation: The coding sequence is then
derived from the activity template. Each activity template is
filtered by a bandpass filter to remove the direct current
component and focuses on the human motion. The con-
trol voltage series is then determined by referring to the

phase extracted from the filtered template according to the
relationship depicted in Fig. 3(c). This resulting voltage se-
quence directly determines the metasurface’s time-varying
reflection coefficient, Fﬁz’”), which, as modeled in Eq. (2),
allows the method to replicate the impact of human motions
into the final synthesized CSI, H',,(f).

The derivation process is computationally efficient. Gen-
erating the coding sequence from a 3-second template takes
less than 50 ms on a consumer-grade laptop.

Sample Synthesis: With the coding sequences, the metasur-
face is prepared to emulate human activities. The metasur-
face and Wi-Fi devices are deployed in a real-world envi-
ronment, with coding sequences applied to the metasurface.
And Wi-Fi devices capture the CSI as synthesized samples.

Critically, the metasurface does not need to occupy the
exact same spatial location as the original human. As de-
scribed by our model in Eq. (2), the Wi-Fi receiver captures
a signal that holistically combines the emulated motion
(from the coding sequence) with the authentic multipath
characteristics of the environment, which are determined
by the metasurface’s physical location. This allows us to
generate diverse samples from a single template by simply
placing the metasurface at different locations.

The synthesis process itself occurs in real-time, (e.g., a
3-second sample takes 3 seconds to generate), underscoring
the efficiency of MASS for creating large-scale datasets.

As illustrated in Fig. 4, a comparison of the MDS for
the “running approach” activity reveals strong similarities
between the human-based sensing sample and the syn-
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Fig. 5. Characterization of synthesis distortions in synthesized samples. (a) MDS from a real human activity sample in the anechoic chamber,
serving as a baseline. (b) MDS from a corresponding synthesized sample, illustrating the presence of IFD. (c) MDS from a synthesized sample
with a specially crafted template, showing the presence of IFD and HHD. (d) MDS from another specially synthesized sample, demonstrating the

presence of IMD.

thesized sample. Both samples are collected in Domain B
(Fig. 6(a)) and both spectra demonstrate a clear sequence:
initiation of running around 1 second, speed maintenance
until approximately 2 seconds, and deceleration around 2.6
seconds. This demonstrates MASS’s ability to capture the
dynamic characteristics of human activities. The discrep-
ancies between the two spectra are primarily due to the
inherent, non-deterministic nature of human movement.

It is important to note that our method focuses on simu-
lating the entire activity as a whole, rather than simulating
specific, isolated time slots. Fig. 4 serves as an intuitive
demonstration of the overall similarity for all activities. For
a more rigorous analysis, readers are referred to Sec. 4.

3.4 Characterizing Synthesis Distortions

To further investigate the fidelity of MASS, we conducted a
preliminary analysis in the anechoic chamber, where multi-
path effects are minimized. As shown in Fig. 5, distortions
are acknowledged. There are two primary distortion types:
Harmonic Distortion (HMD) and Intermodulation Distor-
tion (IMD). HMD is further divided into Image Frequency
Distortion (IFD) and Higher Harmonic Distortion (HHD).

(1) IFD: Comparing the MDS of real (Fig. 5(a)) and syn-
thesized (Fig. 5(b)) samples for the same activity collected in
the anechoic chamber reveals this type of distortion. While
the real sample primarily shows expected positive Doppler
shifts, the synthetic sample exhibits additional prominent
spectral lines in the negative frequency range, mirroring the
true positive frequencies. This physically unrealistic “mirror
ghost” effect is termed IFD.

(2) HHD: Further investigation involves constructing a
template simulating a single object approaching the Wi-Fi
device at a constant velocity (e.g., 20 Hz Doppler). The MDS
for the synthesized sample is shown in Fig. 5(c). Ideally,
it should yield only the 20 Hz line. However, there are also
distinct spectral lines at integer multiples of 20 Hz such as 40
Hz and 60 Hz, and their corresponding negative images at
-40 Hz and -60 Hz. These spurious components at harmonic
frequencies are termed HHD.

(3) IMD: When the synthesis involves multiple simulta-
neous motions (e.g., two objects moving sinusoidally, Fig.
5(d)), another type of distortion appears, highlighted by the
red box. Unlike IFD and HHD related to a single motion’s
frequency, IMD manifests as spectral components at linear
combinations of the fundamental frequencies associated
with the objects (e.g., f1 £ f2, 2f1 £ fa, etc.). This interaction
between multiple frequency components is termed IMD.

These distortions stem from two primary sources: (1) the
inherent limitation of the metasurface hardware, specifically
the coupling between phase and amplitude control (Fig.
3(c)), and (2) non-linearity introduced during the phase-
prioritized synthesis process. The phase-amplitude coupling
forces a non-ideal amplitude profile when achieving the tar-
get phase, which is the cause of IFD and HHD. The synthesis
process itself, particularly the step of extracting phase from
a template, introduces non-linearity that manifests as IMD.

To elucidate these mechanisms mathematically, ignoring
static reflections and multipath propagation, consider a
single meta-atom’s contribution to CSI at time n: H,, =
(V) = A(V,)e?P(Y»). V, is the control voltage, while
A(V) and P(V) are the amplitude and phase responses
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(Fig. 3(c)). To achieve a target phase w,, the required volt-
age is V,, = P7!(w,), leading to the synthesized signal
H, AP~ Y(wy))e? . Let A(w) A(P7Yw)). Due
to the 27 periodicity of phase, A(w) is periodic and can
be expanded in a Fourier series: A(w) = Y po__ cpelke.
Substituting this gives:

H, = A(w,)e’* = Z cped FFDwn
keZ

®)

The origin of IFD and HHD can be understood by using
the example from Fig. 5(c), where the desired phase evolves
linearly, w,, = won (corresponding to a constant Doppler
frequency fo = wo/(27Ts)), Eq. (3) becomes:

Hn = Coengn + Z Ckej(kJrl)wOn.
k€Z,k#0

(4)

In Eq. (4), the first term (coe/“°™) represents the desired
signal at the frequency fy. The summation term encap-
sulates harmonic distortions during synthesis. Terms with
E = 1,2,... (c1e7?9om cyed3wom ) correspond to HHD
components at frequencies 2fy,3fo,.... And terms with
k = —3,—4,... correspond to the IFD of these higher
harmonics (e.g., —2fo, —3fo).

The origin of IMD can be understood from the syn-
thesis non-linearity, even assuming ideal amplitude control
(A(V) = 1). Consider a template with two motion compo-
nents T,, = s1(n) + s2(n) (with frequencies f1, fa, respec-
tively). Synthesis targets the phase w, = £T,, = Z(s1(n) +
52(n)). The resulting signal is H,, = e/¥n = e/<(s1(n)+s2(n)),
The operation T}, — £T,, — 74T is inherently non-linear.
Viewing H,, as a function H,(s1, $2), its multivariate Taylor
series expansion around zero is:

[e.°]

Hy= Y D hoysi (n)s5* (n).

k1=0k2=0

©)

The higher-order terms (k; + k2 > 1) involve products
s¥ (n)sh?(n). Since s1(n) contains f, and s5(n) contains fo,
these products generate frequencies of the form k; f; + k2 f2,
which are the IMD components.

3.5 Distortion Filtering Module

To further refine the synthesized samples and enhance its
utility for downstream machine learning tasks, we in this
section propose DFM.

Our key observation is that while the primary sig-
natures corresponding to the intended emulated motion
dominate the MDS, potential distortions often manifest as

G Television

(b)

Fig. 6. Sensing domain layouts and the scenario photograph. (a) Layouts of the Domain A, B, C1, and C2. (b) The scenario of domain C2.

distinct spectral components with significantly lower energy
levels. Leveraging this characteristic, the DFM employs a
threshold-based filtering strategy directly on the MDS to
suppress these low-energy components. Specifically, DFM
normalizes the MDS so the peak energy is 0 dB, and applys
a threshold ¢, so that spectral bins with energy below ¢
are set to t. The selection of this threshold, ¢, is guided by
a careful empirical analysis. We observe a distinct trade-
off: overly permissive thresholds are insufficient to remove
noticeable distortions, while overly aggressive thresholds
begin to erode subtle but meaningful components of the
human motion signature. The value of ¢ = —18 dB is
ultimately chosen as it provides an effective balance. The
DFM thus yields cleaner spectral representations, improving
downstream model performance.

4 EVALUATION
4.1

Overview: Our evaluation is structured to comprehensively
assess the MASS framework, proceeding in two stages.
We employ LeNet [35] as the activity recognition classifier
throughout the evaluation. In the first stage, we the accuracy
gain achieved by MASS (Sec. 4.2, 4.3, 4.4). In this stage,
raw CSI undergoes only minimal preprocessing (phase
correction and static removal in [28], [36]) before direct
input to the classifier, providing a stringent test of the raw
synthesized data. However, due to the distortions (Sec. 3.4),
the benefit is limited by using raw data directly. To address
this practically, we introduced the DFM in the second stage,
where we evaluate the performance enhancements achieved
by applying the DFEM (Sec. 4.5).

Experiment Environments: Sensing samples are collected
in four distinct environments, as depicted in Fig. 6(a). Do-
main A, the microwave anechoic chamber, serves both as
the activity template collection site and a sensing sample
collection site. Domains B and C emulate typical indoor
environments using the same room, with Domain B being
more spacious and Domain C containing more miscella-
neous items. The key difference between Domain C1 and
C2 is the positioning of the sensing target and the Wi-Fi
equipment, and Fig. 6(b) shows the scenario of Domain C2.

Experiment Setup

Sensing Equipment: PicoScenes is selected as the Wi-Fi
sensing platform, which is compliant with the standard Wi-
Fi protocol [37]. For data collection, PicoScenes is configured
to transmit packets at 800 Hz over a duration of 3 seconds,
resulting in each sample comprising 2400 packets.
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Fig. 7. Evaluation results demonstrating MASS effectiveness and fidelity. (a) Classification accuracy across augmentation ratios. (b) DTW distance
between samples from different domains. (c) Classification accuracy for different cross-domain sensing groups and methods. (d) Classification

accuracy across replacement ratios.

Collected Dataset: Four volunteers of varying heights and
weights participate in performing seven common daily ac-
tions within the specified domains. These actions include
Walk Approach (WA), Walk Away (WW), Run Approach
(RA), Run Away (RW), Sit Down (SD), Stand Up (SU), and
Jump (JMP). Each action is repeated multiple times to ensure
the diversity of the dataset. After filtering out corrupted
samples (e.g., instances where a volunteer executed the
wrong action or when accidental interference occurred), the
dataset comprises 140 activity templates, 659 human-based
samples, and 1520 synthesized samples. Our experiments
have strictly followed the IRB of our institute and we have
confirmed the consent from the volunteers.

4.2 Accuracy Improvement with MASS

This section verifies the effectiveness of MASS in improving
activity recognition accuracy by augmenting human-based
sensing samples with synthetic samples at different aug-
mentation ratios. The augmentation ratio is defined as the
ratio of the training set size to the number of human-based
samples in that set. The baseline method, which involves
duplicating real samples and adding Gaussian noise, is
referred to as NSY. The results are shown in Fig. 7(a).

Given the inherent instability of Al training, we utilize
the repeated k-fold cross-evaluation [38]. All human-based
samples are partitioned into k folds. For each fold and aug-
mentation ratio, M different subsets of synthetic samples are
merged with k£ — 1 folds for training, and the remaining fold
is used for testing. It ensures that each fold is tested M times
with distinct sets of synthetic samples. The mean accuracy
and standard deviation provide a more reliable metric.

At 100% augmentation, representing no augmentation,
both methods achieve the identical accuracy of 73% with
only human-based samples. As the augmentation ratio in-
creases, noticeable accuracy improvements are observed for
both methods. At 350% augmentation, MASS achieves an
accuracy of 91%, which is 18% higher than no augmenta-
tion and 9% higher than NSY at its maximum accuracy of
82% at 450% augmentation. Importantly, MASS consistently
outperforms NSY across all augmentation ratios, demon-
strating higher accuracy and more stability as indicated by
tighter standard deviations.

These outcomes suggest that MASS effectively synthe-
sizes samples that capture essential features of human mo-
tion, offering more substantial benefits for training com-
pared to simple noise perturbation.
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0% 1% 1% 1% 0% 0% RW| 9% 3% 1% 0% 1% 2%
15% 0% 2% 0% 8% 4%

0% 0%6% 1% 1% 2%
1% 16% 2%0% 1% 3%

0% 0% 8%3% 0% 1%

0% 2% 0% 1%6% 18% 0% 0% 3% 6%6% 20%

True Action
e 38 £ 52
True Action
e 8 %%

1% 0% 12% 0% 1% 16% 0% 0% 8% 1% 12% 24%

0% 1% 1% 6% 18% 21% 0% 0% 4% 3% 24% 16%

[
=
)
[
=
T

RW WA WW SD_SU JMP RA RW WA WW SD_SU JVP
Predicted Action Predicted Action
(a) (b)

Fig. 8. Confusion matrices revealing distinct misclassification patterns
of models trained solely on human-based versus synthesized data.
(a) Confusion matrix for a model trained exclusively on human-based
samples (0% replacement). (b) Confusion matrix for a model trained
exclusively on synthesized samples (100% replacement).

4.3 Cross-Domain Sensing Performance

This section evaluates the capability of MASS to characterize
varying sensing environments and facilitate cross-domain
generalization. In cross-domain trials, the model is trained
in one domain (source) and tested in another (destination),
resulting in 12 distinct combinations derived from our four-
domain dataset. For convenience, we denote training on
domain X and testing on domain Y as X — Y.

To illustrate the differences between domains, Fig. 7(b)
depicts the cumulative distribution function (CDF) of Dy-
namic Time Warping (DTW) [39] distances for the same
activity across domains. The figure reveals that inter-
domain distances substantially exceed intra-domain dis-
tances. Specifically, C1 — C'2 has a mean DTW distance
of 8.92, close to the intra-domain mean distance of 8.61,
indicating minimal variance due to minor differences in
sensing positions and directions. In contrast, other inter-
domain distances are considerably larger, signaling signif-
icant changes in multipath characteristics. Notably, room
size and layout do not solely determine domain differences.
A — C1 and A — C2 exhibit smaller DTW distances than
B—-Cland B - C2.

Based on these DTW distance observations, we catego-
rized the 12 cross-domain trials into two groups reflecting
their difficulty. The Minor Change Group includes trials
between domains with highly similar multipath character-
istics, identified by low inter-domain DTW distances (i.e.,
C1 — C2). The Drastic Change Group comprises all other
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pairings, where domains have significantly different multi-
path profiles and thus exhibit high inter-domain DTW dis-
tances (e.g., transfers between the anechoic chamber A and
indoor rooms B or C). These groups reflect different levels of
difficulty in cross-domain tasks. The Drastic Change Group
is more challenging, whereas the Minor Change Group
poses less difficulty.

During each trial, synthetic samples from the destination
domain are added to enhance the training set, allowing
the model to learn domain-specific features. We compare
MASS with multiple reference and baseline approaches. Ref
I represents an ideal, albeit unrealistic scenario where the
training set includes samples from both the source and
destination domains. Ref II trains solely on the source do-
main, reflecting real-world cross-domain sensing scenarios.
NSY serves as the baseline by enhancing the source domain
training set with Gaussian noise, a common practice in
traditional data augmentation.

The results are summarized in Fig. 7(c). In the Drastic
Change Group, MASS gives an average accuracy of 83%,
outperforming Ref Il by 22% and NSY by 13%. In the Minor
Change Group, MASS achieves an accuracy of 84%, which
is comparable to Ref I and Ref II. These results suggest
that synthetic samples effectively capture domain-specific
multipath characteristics, thereby validating the feasibility
of MASS as a solution for cross-domain sensing.

4.4 Accuracy Comparison: Training on Real vs. Syn-
thesized Samples

Although previous evaluations yield positive results, we re-
main curious about the extent to which MASS approximates
human-based samples. To explore this, we assess whether
synthetic samples can be distinguished from human-based
ones. We replace different ratios of human-based samples
with synthetic samples to train the LeNet. The model is
then tested on an independent set of human-based samples.
Similar to Section 4.2, the repeated k-fold cross-evaluation
is used to ensure robust and reliable outcomes.

Fig. 7(d) illustrates the results. The peak at the replace-
ment ratio 50% indicates the maximum diversity of the
training set and therefore produces the maximum precision
of 82%. Although the accuracy at 100% replacement is com-
parable to 0% replacement, the confusion matrices shown
in Fig. 8(a) and 8(b) reveal discrepancies. Models frequently
misclassify action directions (i.e., approaching vs. departing)
when trained with only synthetic samples, whereas models
trained solely on human-based samples tend to misclassify
action speed (i.e., walking vs. running).

Based on the results, we find that MASS does not com-
pletely replicate the direct human-based sensing data, and
real samples cannot be entirely replaced by synthetic ones.
These differences highlight gaps between synthetic and real
samples that warrant further investigation, as discussed in
Sec. 3.4. However, we observe that substituting some real
samples with synthetic ones enhances the model’s perfor-
mance. This effect can be linked to the greater diversity
of data provided by synthetic samples and supports the
findings in Sec. 4.2, where real samples were supplemented
rather than substituted with synthetic ones.
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Fig. 9. Impact of the DFM on classification accuracy.

4.5 Accuracy Improvements with the DFM

While redesigning the metasurface could potentially elim-
inate the distortions mentioned, such an approach would
incur significant costs and complexity. As a more practical
alternative, we introduce the DFM, detailed in Sec. 3.5,
which aims to mitigate these distortions through signal
processing. To evaluate its efficacy, we reapply the DFM to
our key test scenarios: augmentation, cross-domain sensing,
and 100% replacement.

Fig. 9 clearly demonstrates the substantial benefits of
the DFM. Applying the filter yields significant accuracy
improvements across all scenarios compared to using un-
filtered synthesized data. Most notably: (1) in the 350%
Augmentation setting, accuracy improves by ~ 5.0% (from
91.1% to 96.1%). (2) in the Drastic Domain Change scenario,
DEM boosts accuracy by ~ 11.4% (from 82.7% to 94.1%).
(3) even in the challenging 100% Replacement scenario,
reflecting data fidelity, DFM achieved a remarkable ~ 23.0%
gain (from 68.8% to 91.8%).

These results strongly indicate that the DFM effectively
mitigates synthesis distortions. This improvement, achieved
purely through data processing, substantially bridges the
fidelity gap and boosts model performance, particularly in
challenging cross-domain and data-scarce scenarios, thereby
increasing the practical value of MASS without requiring
hardware modifications.

5 CONCLUSION

This study introduces MASS, a novel metasurface-assisted
approach for synthesizing Wi-Fi human sensing samples. By
leveraging the waveform manipulation capabilities of meta-
surfaces, MASS effectively emulates human motion’s impact
on Wi-Fi signals while capturing environment-specific char-
acteristics. Through comprehensive evaluation, including
analysis of synthesis fidelity and targeted distortion miti-
gation, we demonstrate that MASS significantly enhances
classification accuracy and cross-domain generalizability,
and it is feasible to train a model exclusively on synthesized
samples. Our findings validate the capability of metasur-
faces to empower Wi-Fi sensing by enabling the generation
of substantial, high-fidelity datasets with minimal cost and
human involvement, paving the way for more robust and
accessible sensing applications.

While practical challenges exist, including template di-
versity limitations from human-based collection and meta-
surface hardware constraints, our work shows these can
be addressed through methods like DFM and exploring
simulation-based templates. Despite these points, MASS
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provides a valuable tool for generating high-quality, diverse
Wi-Fi sensing datasets. Future work will focus on expanding
the activity templates to include a wider range of human
activities, validate the methodology in more environments,
as well as extending the methodology to emulate the motion
of non-human objects, thereby paving the way for more
versatile and accessible Wi-Fi sensing applications.
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