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ABSTRACT
While gaining significant attention for device-free applications, Wi-
Fi sensing still faces challenges in differentiating multiple targets;
this stems from the design priorities of Wi-Fi systems that prioritize
coverage and stability over sensing diversity. Existing proposals
that either expand bandwidth or increase antennas to enhance
sensing diversity can be confined by the limited access to Wi-Fi
firm/hardware. To this end, we propose Mirror-Fi, a novel Wi-Fi
sensing system that improves sensing diversity without modifying
Wi-Fi firm/hardware. Exploiting the reconfigurability of metasur-
faces, Mirror-Fi augments beamforming with spatially significant
features, facilitating the construction of exclusive sensing signal
links for individual targets. We innovate in an encoding scheme
that equips each metasurface with a distinct phase coding sequence
to mark link uniqueness. We then train a deep neural model to
leverage prior coding sequences for decomposing non-linearly su-
perimposed channel samples into mutually independent channels;
it removes the need for complex channel matrix parameter esti-
mation and mitigates hardware-related offsets inherent to Wi-Fi.
Extensive evaluations demonstrate that, with a sufficient number
of auto-configured metasurfaces, Mirror-Fi successfully achieves
multi-target sensing.
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•Human-centered computing→Ubiquitous andmobile com-
puting; • Computing methodologies→ Machine learning.
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1 INTRODUCTION
Wi-Fi sensing has garnered considerable attention from both academia
and industry due to its potential applications in various domains.
Leveraging Wi-Fi signals (specifically channel state information, or
CSI [16]), Wi-Fi sensing enables contact- and device-free sensing, in-
cluding vital signs monitoring [41, 43, 76], gesture detection [22, 61],
activity recognition [18, 31, 34], as well as localization and motion
tracking [1, 9, 63, 74]. However, a significant challenge persists
in the evolution of Wi-Fi sensing despite its promising advance-
ments: while fine-grained sensing seeks to enhance the diversity
of signal links related to sensing target, communication systems
are inherently designed to prioritize broader signal coverage and
stability. Consequently, enhancing sensing capabilities demands
trading certain aspects (e.g., communication coverage, stability, and
hardware constraints) within the current Wi-Fi infrastructure for
sensing diversity in spectral, spatial, and temporal sense.

Existing solutions to enhance sensing diversity typically focus
on expanding bandwidth, adding antennas, or increasing links. Ex-
panding bandwidth, though promising, faces several challenges,
including issues with channel availability [65, 68], frequency re-
sponse boundary effects, insufficient coherence time, interference
with communication [41], and limited applicability to general sens-
ing tasks. Alternatively, adding antennas to Wi-Fi devices does
improve spatial diversity, yet such approaches [67, 72] significantly
increase deployment costs and present integration challenges due
to the firm/hardware limitations of commodity Wi-Fi devices. Fi-
nally, whereas increasing links directly contributes to sensing di-
versity [10, 22, 26, 52], its reliance on user devices (e.g., smart-
phones) [10, 22] or firmware restricts its application [26, 52] in
device-free scenarios and raises privacy and security concerns [21,
34, 44]. Therefore, can we devise a solution that enhances sensing
diversity without touching Wi-Fi firm/hardware and disrupting com-
munication?

Fortunately, metasurfaces are widely deemed as a powerful ex-
tension to commodity wireless devices. Starting with passive ver-
sions leveraging fixed dielectric properties to control signal re-
flection [45, 50] and transmission [11, 54], they already exhibit
potential to improve diversity. However, their immutable propaga-
tion nature (e.g., fixed reflection paths [53, 62]) hinder adaptation
to environmental dynamics. Consequently, active (programmable)
metasurfaces have emerged to enable real-time control on reflected
signals [14, 37, 42]. As Wi-Fi sensing faces unknown target vari-
ations (e.g., activities), only active metasurfaces may effectively
counteract these disturbances through dynamic signal optimization
techniques (e.g., beamforming [15]). Therefore, leveraging active
metasurfaces as external “plug-in” components to explore reflection
path diversity (RPD) holds great potential for improving Wi-Fi sens-
ing performance without disrupting communication or modifying
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Figure 1: Enhancing sensing diversity via reflection path
diversity (RPD) enabled by metasurfaces.

firm/hardware. Here, RPD refers to exploiting multiple metasur-
faces to dynamically establish unique sensing links for individual
targets, as shown in Figure 1.

Although the basic concept appears straightforward, this novel
diversity presents three non-trivial challenges. First, constructing
sensing links through active beamforming with metasurfaces re-
quires knowledge of target locations, but commodity Wi-Fi devices
cannot accurately acquire these locations, again due to the inher-
ent limitations in bandwidth and antenna resources. Second, the
homogeneous nature of metasurfaces causes their reflected signals
to exhibit high similarity, complicating the identification of indi-
vidual metasurfaces associated with distinct sensing links; yet this
identification is crucial to realizing RPD. Third, achieving RPD also
necessitates separating the reflected signal paths from all metasur-
faces at a Wi-Fi receiver (Rx), yet this is highly non-trivial given
intrinsic coupling between metasurface-reflected signals and ran-
dom phase shifts.

To tackle these challenges, we propose Mirror-Fi as a novel
wireless sensing system that leverages the reconfigurability of ex-
ternal metasurfaces to enhance sensing diversity; it operates seam-
lessly with communications without requiring modifications to
existing Wi-Fi firm/hardware, as shown in Figure 1. Our approach
begins with a metasurface-assisted multi-target azimuth estima-
tion method enabled by a large-aperture dynamic beamformer that
integrates multiple metasurfaces into a hyper-metasurface. This
method extracts angular power spectrum through dynamic search-
ing, facilitating accurate identification of position candidates. To
distinguish the individual sensing links constructed by distinct
metasurfaces, we design a pre-coding scheme that modulates the
phase shifts of respective metasurfaces so that each metasurface is
equipped with a unique phase coding sequence. At the Rx side, the
challenge of signal separation persists even with our pre-coding
scheme: since existing signal processing techniques fail to achieve
the goal, we introduce a novel model-based deep neural network
(mDNN) to tackle this challenge. mDNN exploits the pre-coding
sequence unique to each metasurface to train its network in sepa-
rating superimposed samples into mutually independent channels.
Finally, we implement Mirror-Fi prototype involving customized
metasurfaces and commodity Wi-Fi devices, and conduct extensive
experiments to evaluate its performance. In summary, our main
contributions are:

• We innovate in constructingMirror-Fi to enhanceWi-Fi sens-
ing diversity (via RPD) while maintaining full compatibility
with existing Wi-Fi hardware.

• We integrate multiple metasurfaces into a large-aperture
beamformer and leverage a dynamic search strategy to achieve
accurate target detection.

• We propose a pre-coding scheme that assigns unique phase
coding sequences to individual metasurfaces, aiming to fa-
cilitate sensing links differentiation.

• We design a scenario-agnostic mDNN architecture at Wi-Fi
Rx to handle the superposed and phase-distortedmetasurface
signals.

• We implement a prototype of Mirror-Fi and validate its multi-
target sensing performance through extensive real-world
experiments.

The remainder of this paper is organized as follows. Section 2
provides background on Wi-Fi sensing with metasurfaces and the
motivation of Mirror-Fi. Section 3 presents the design of Mirror-
Fi, including azimuth estimation using metasurfaces, phase pre-
coding scheme, and separation of individual sensing links. Sec-
tions 4 and 5 describe the implementation and evaluate the perfor-
mance of Mirror-Fi, respectively. We briefly discuss related work
in Section 6. Finally, Section 7 concludes our paper.

2 BACKGROUND AND MOTIVATION
In this section, we introduce reconfigurable metasurface and its
sensing model, analyze the spatial diversity it enables, and demon-
strate the feasibility of implementing CSI phase pre-coding for
Wi-Fi signals through metasurfaces.

2.1 Wi-Fi Sensing with Metasurface
A reconfigurable metasurface is an emerging artificial electromag-
netic material technology composed of numerous programmable
sub-wavelength units, referred to as meta-atoms. By adjusting the
voltage applied to the meta-atom, the phase shift to the reflected
wireless signal can be controlled, enabling the reconfiguration of
wireless signals [46, 70, 75]. Consequently, when deployed in a Wi-
Fi sensing system, metasurfaces may purposefully affect the CSI
measured at the Rx side. Specifically, considering a Wi-Fi sensing
system assisted by 𝑁 metasurfaces, the received signal consists of
two kinds of components: one that reaches the Rx directly without
affected by any metasurfaces, denoted by ℎD, and another that is
reflected by certain metasurfaces before arriving at the Rx, denoted
by ℎM

𝑛 for the 𝑛-th metasurface. Since our goal is to leverage the
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Figure 2: Channel reflected by the 𝑛-th metasurface.
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diversity introduced by the metasurfaces, we focus on the reflected
component. As shown in Figure 2, for the reflective meta-atom
(𝑚,𝑘) on the 𝑛-th metasurface, the reflected channel ℎM

𝑛 is deter-
mined by three factors: i) the channel from the transmitter (Tx)
to the reflective meta-atom ℎT

𝑛,𝑚,𝑘
, ii) the phase shift 𝜃𝑛,𝑚,𝑘 intro-

duced by the meta-atom; and iii) the channel from the reflective
meta-atom to the Rx antenna, ℎR

𝑛,𝑚,𝑘
, which includes the path asso-

ciated with the target. Thus, the CSI between the Tx and Rx can be
modeled as:1

ℎ =
©­«ℎD +

∑︁
𝑛

©­«
∑︁
𝑚,𝑘

ℎT
𝑛,𝑚,𝑘

𝑒− 𝑗𝜃𝑛,𝑚,𝑘ℎR
𝑛,𝑚,𝑘

ª®¬ª®¬ 𝑒 𝑗𝜃offset
, (1)

where 𝜃offset is the time-varying phase offset brought by the Rx.

2.2 Diversity of Metasurfaces
Multi-target sensing with Wi-Fi devices presents challenges due to
the low resolution caused by the limited number of antennas and
bandwidth. Metasurfaces may overcome this limitation by enabling
beamforming through tuning of the phase shift 𝜃𝑛,𝑚,𝑘 , allowingWi-
Fi signals to be steered toward specific directions [15]. As shown in
Figure 2, for a desired beamforming direction with azimuth 𝛼 and
elevation 𝛽 , the phase shift of each meta-atom is given by:

𝜃𝑛,𝑚,𝑘 = (∠ℎT
𝑛,𝑚,𝑘

− 2𝜋
𝜆
(𝑥𝑘 cos 𝛽 + 𝑦𝑚 sin 𝛽) sin𝛼), (2)

where 𝜆 is the wavelength, and 𝑥𝑘 and 𝑦𝑚 denote the respective
distances of the 𝑘-th and 𝑚-th meta-atoms from the center, re-
spectively. Moreover, ∠ℎT

𝑛,𝑚,𝑘
, i.e., the phase of ℎT

𝑛,𝑚,𝑘
, is given by

2𝜋
𝜆

√︃
𝑥2
𝑘
+ 𝑦2

𝑚 + 𝑑2, with 𝑑 being the distance between the Tx (i.e.,
feed) and the center of the metasurface. In practice, cost consid-
erations often limit metasurfaces to have only 1-bit meta-atoms,
where 𝜃𝑛,𝑚,𝑘 can take only two discrete values: 0 and 𝜋 . Therefore,
the phase shift 𝜃𝑛,𝑚,𝑘 derived from Eqn. (2) needs to be binarized
as follows:

𝜃bin
𝑛,𝑚,𝑘

=

{
𝜋, if |𝜃𝑛,𝑚,𝑘 | > 𝜋

2 ,

0, otherwise,
∀𝑛, 𝑘,𝑚. (3)

To validate the effectiveness of metasurfaces in enhancing spatial
diversity for Wi-Fi sensing, we conduct experiments by configuring
the phase shifts of meta-atoms, as described in Eqn. (2), to direct the
beam toward desired directions. Specifically, Figure 3(a) illustrates
the configuration where the beamforming direction of the meta-
surface, consisting of an 8 × 8 grid of meta-atoms, is set to −30◦
and 20◦. The received CSI is then measured at a distance of 3m
from the metasurface, within a field of view of 120◦. As shown in
Figure 3(b), the experiment results exhibit a 6dB increase in the CSI
signal strength in the target direction when using the metasurface,
consistent with the simulation outcomes. These findings highlight
the ability of metasurfaces to enhance spatial diversity by steering
Wi-Fi signals, offering the potential for multi-target localization
and sensing.

1Sincemetasurface exhibits similar effect on distinct subcarriers, this expression applies
to all subcarriers used in Wi-Fi communications.
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Figure 3: Verifying the spatial diversity of metasurfaces: (a)
layout and (b) signal strength at various azimuth directions
given elevation 𝛽 = 0, where the dashed and dot lines repre-
sent the simulation and experiment results, respectively.

2.3 Feasibility of CSI Phase Pre-coding
Allocating a metasurface for each target to establish a unique sens-
ing link does offer RPD that may conceptually address multi-target
sensing in practice. However, owing to the homogeneous design
of metasurfaces and the inherent limitations of Wi-Fi Rx antennas,
the Rx encounters difficulties in directly distinguishing reflected
signals originating from different metasurfaces. To address this
issue, we propose a phase pre-coding that uniquely encodes each
metasurface, allowing it to serve as a distinct identifier for its respec-
tive propagation path. It implements phase pre-coding by adding
an extra shared phase, denoted by 𝜑𝑛 (𝑡) to all 𝜃𝑛,𝑚,𝑘 of the 𝑛-th
metasurface and at each time slot 𝑡 ; 𝜑𝑛 (𝑡) is updated as:

𝜑𝑛 (𝑡) =
{

0, if 𝜑𝑛 (𝑡 − 1) = 𝜋

𝜋, if 𝜑𝑛 (𝑡 − 1) = 0
. (4)

According to Eqn. (1), a uniform phase flip preserves phase differ-
ences amongmeta-atoms, enabling global phase shifts for controlled
signal modulation and enhanced RPD without altering beam ge-
ometry or orientation. For example, flipping the phase values of all
meta-atoms, from 0 to 𝜋 (encoding a logical ‘1’) at time slot 𝑡−1, and
from 𝜋 to 0 (encoding a logical ‘0’) at time slot 𝑡 , enables the link
reflected by the metasurface to carry phase-encoded information.

To validate this proposal, we employ a metasurface to encode the
signal transmitted by a Wi-Fi Tx while utilizing two Rx antennas to
capture CSIs. As shown in Figure 4(a), the phase ratio between the
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Figure 4: Feasibility and challenges of CSI phase encoding. (a)
Pre-coding a metasurface makes it identifiable, but (b) links
reflected by two pre-coded metasurfaces may not be readily
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two antennas changes when our metasurface pre-coding is applied,
indicating variations consistent with the pre-coding sequence of
the metasurface. While phase pre-coding effectively identifies the
reflected link by each metasurface, extending this technology to
multiple metasurfaces introduces additional challenges, notably
random phase offsets and time synchronization. As shown in Fig-
ure 4(b), when two metasurfaces encode signals simultaneously, the
phase observed at a single Rx antenna is influenced by phase offsets,
complicating the recovery of the individual phase-coded signals
from the two independent metasurfaces. Due to these challenges,
a joint pre-coding and separation design shall become one of the
main design objectives of our Mirror-Fi.

3 SYSTEM DESIGN
Our Mirror-Fi is designed to enhance sensing diversity (i.e., RPD) by
using metasurfaces to construct unique sensing links for individual
targets, seamlessly operating with communication systems without
requiring modifications to existing Wi-Fi hardware. As illustrated
in Figure 5, Mirror-Fi consists of the following key modules:

• Target azimuth estimation: A hyper-metasurface configura-
tion mechanism with phase coordination to narrow the main
lobe of beamforming, thereby enabling accurate estimation
of multiple target azimuths.

• Phase pre-coding: Ametasurface pre-coding scheme for high
sensing link diversity (or RPD) and precise signal synchro-
nization across the metasurfaces.

• Sensing link separation: a multi-link separation neural model
mDNN that leverages metasurface pre-coding sequences
to separate mixed CSI signals and to isolate independent
channel responses efficiently.

With the above design, Mirror-Fi supports independent sensing of
multiple individuals and different types of motions simultaneously.

3.1 Target Azimuth Estimation
The first requirement in constructing unique sensing links for indi-
vidual targets is to be aware of the target azimuth estimation. This
is certainly not achievable via conventional Wi-Fi sensing given its
limited bandwidth and antennas [41]. To this end, we propose to
enhance spatial resolution (e.g., azimuth) and thus accurately esti-
mate multiple targets azimuth, by leveraging a hyper-metasurface

configuration. It consists of two key components: i) a configura-
tion strategy employing phase coordination to expand the effective
beamforming aperture and ii) a radio direction estimation algo-
rithm that constructs angular power spectrum (APS) to accurately
estimate target quantity and their respective azimuths.

3.1.1 Hyper-metasurface Configuration Strategy. A straightforward
way for improving target azimuth estimation accuracy is to con-
figure multiple metasurfaces to perform beamforming in the same
direction simultaneously, leveraging the superposition of signals
reflected by metasurfaces to enhance signal strength. However,
due to the misalignment among these metasurfaces, multiple meta-
surfaces perform beamforming independently may not effectively
widen effective aperture (i.e., narrowing the main lobe width), as
shown by the baseline of Figure 6(b), thereby limiting its ability to
enhance spatial diversity in multi-target azimuth estimation. To
expand the effective aperture for beamforming, we control multiple
metasurfaces deployed horizontally (i.e., along 𝑥-axis) in a coordi-
nated manner to achieve large-aperture beamforming, as shown in
Figure 6(a); this coordinated control allows us to tackle the main
cause of the misalignment among metasurfaces that hampers a
coherent superposition of their signals. As the misalignment stems
from both geometric sense and signal space, we handle the former
here but leave the latter to Section 4 where actual implementa-
tion is discussed. In particular, we propose a phase coordination
method to mitigate the grating lobe effect [60] caused by incon-
sistent meta-atom spacing, especially the gap between adjacent
metasurfaces.

Specifically, Figure 6(a) indicates that, even if both the 𝑛-th and
(𝑛 − 1)-th metasurfaces adopt the same beamforming direction 𝛼 ,
the gap between them prevents coherent signal superposition in the
target direction. To achieve coherent signal superposition between
neighboring metasurfaces in the target direction, we define the
phase compensation between them as: Δ𝜙 (𝛼) = 2𝜋

𝜆
𝑑gap sin𝛼 . By

applying the same phase compensation Δ𝜙 (𝛼) to all meta-atoms
on the 𝑛-th metasurface, we obtain the desired phase values for
each meta-atom as follows:

𝜃des
𝑛,𝑚,𝑘

(𝛼) = 𝜃des
𝑛,𝑚,𝑘

(𝛼) + (𝑛 − 1)Δ𝜙 (𝛼) . (5)

After binarizing 𝜃des
𝑛,𝑚,𝑘

in the same manner as Eqn. (3) and applying
it to the metasurface, the desired beamforming direction can be
achieved. The experiment results in Figure 6(b) demonstrate that,
with a gap of 14.3mm, the beamforming performance (including
both simulation and measurement) of the hyper-metasurface after

𝑥𝑥𝑘𝑘 , 𝑦𝑦𝑚𝑚
𝑘𝑘

𝑚𝑚

Metasurface 𝒏𝒏

…

𝑥𝑥cn,𝑦𝑦cn

Hyper-metasurface

𝛼𝛼

𝛽𝛽

𝑥𝑥

𝑦𝑦

𝑧𝑧

…

𝑑𝑑gap Metasurface 𝒏𝒏 + 𝟏𝟏

Hyper-metasurface centerMetasurface center

𝛼𝛼

𝛽𝛽
𝑧𝑧g 𝑥𝑥g
𝑦𝑦g

𝑑𝑑MTS

…

…

𝑑𝑑gapMetasurface 𝒏𝒏 − 𝟏𝟏 Metasurface 𝒏𝒏

𝛼𝛼

𝑥𝑥

𝑧𝑧

𝑦𝑦

𝛼𝛼

2𝜋𝜋
𝜆𝜆
𝑑𝑑gap sin𝛼𝛼

Tx (Feed)

(a) Positional relationship.

-40 -20 0 20 40
Azimuth (degree)

-40

-30

-20

-10

0

St
re

ng
th

 (
dB

m
)

-50

-40

-30

-20

St
re

ng
th

 (
dB

m
)Ideal

Simulation
Baseline
Measurement

(b) Beamforming performance.

Figure 6: Hyper-metasurface configuration: (a) positional
relationship and (b) beamforming performancewhen 𝛼 = 25◦,
𝛽 = 0◦, and 𝑑gap = 14.3mm.
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phase coordination is consistent with the ideal scenario (i.e., with-
out gaps). Moreover, the same figure shows that the half-power
beamwidth of the hyper-metasurface is reduced by a factor of 4 (ex-
actly corresponding to the number of metasurfaces) compared with
the case without phase coordination (i.e., the baseline scenario).

3.1.2 Radio Direction Estimation. After phase configuration, we
can now leverage the narrow main lobe achieved by the hyper-
metasurface to enhance the beamforming spatial scanning reso-
lution, thereby enabling multi-target azimuth estimation. Unlike
traditional multi-target estimation methods (e.g., MUSIC [31, 55])
only passively processing Rx signals, Mirror-Fi scans different direc-
tions sequentially leveraging its hyper-metasurface and determines
the presence of targets by analyzing the received CSI at Rx.

Since the scan can be interfered with by the direct signal (see
Figure 1) and common (RF) clutter, probing signals reflected by the
hyper-metasurface need to be further processed. Given a base ℎ𝑡0
probed under no-target scenario, it is intuitive to subtract it out of
the current probe outcome ℎ𝑡 to remove such background interfer-
ence. However, as shown in Eqn. (1), the different phase offsets in
the two probes at the receiver disrupt this subtraction, preventing
effective interference removal via subtraction. To address this, we
instead compare the absolute values of CSI from two probes. A
significant variation in these values suggests the emergence of a
new reflector (i.e., a target) along the probe direction. Based on
this principle, we define the sum of squared differences across two
receiving antennas for direction 𝛼 as

𝜌 (𝛼)= ( |ℎA1
𝑡 (𝛼) |−|ℎA1

𝑡0 (𝛼) |)2+(|ℎA2
𝑡 (𝛼) |−|ℎA2

𝑡0 (𝛼) |)2, (6)

where ℎA1
𝑡0 (𝛼) and ℎA2

𝑡0 (𝛼) denote the base CSI at two Rx antennas,
while ℎA1

𝑡 (𝛼) and ℎA2
𝑡 (𝛼) represent the current CSI. To further

enhance estimation accuracy, we non-coherently accumulate the
real-valued metric 𝜌 (𝛼) across all subcarriers. Since the gain of the
main lobe in the beamforming is significantly higher than that of
the sidelobes, the target is expected to appear at the peak of the
𝜌 (𝛼) curve. Therefore, we first apply a predefined threshold to filter
out part of the directions without targets and then perform a peak
search within the remaining directions to determine the number
of targets and their corresponding azimuths. Figure 7 shows the
experiment results in a four-target scenario, with the probe azimuth
range from 𝛼min to 𝛼max and a step size of 𝛼s (e.g., 𝛼 = ±60◦ and
𝛼s = 5◦). Figure 7(b) illustrates that threshold detection effectively
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Figure 7: Multi-target azimuth estimation of Mirror-Fi: (a)
layout, where the real azimuths of four targets are −45◦, −25◦,
15◦, and 30◦, respectively, and (b) the angular power spectrum
with the estimated azimuths of the four targets are−40◦,−20◦,
15◦, and 30◦, respectively.

filters out insignificant directions, with the azimuth error remaining
within 5◦ after peak search. This level of errors virtually has no
impact on downstream (indoor) sensing applications, as they stay
within the human body width.

3.2 Phase Pre-coding Scheme
Given the results obtained in Section 3.1, we are now ready to
associate metasurfaces with individual targets. As pointed out by
Section 2.3, the challenge faced by the association process is the
homogeneity among all metasurfaces. To this end, we propose a
phase pre-coding scheme that assigns a pre-coding sequence to each
metasurface, enabling its unique identification. We also address the
design considerations for pre-coding length and time synchroniza-
tion. A byproduct of pre-coding scheme is that subsequent sensing
tasks can focus solely on obtaining the corresponding sensing links,
with no need to account for the background interference.

3.2.1 Sensing Model with Phase Pre-coding. Since metasurfaces’
homogeneity makes reflected signals indistinguishable, the Rx can-
not directly recognize which metasurface is logically associated
with a certain target. Therefore, to enhance the distinguishability
of reflected signals from different metasurfaces, we assign a unique
phase pre-coding for each metasurface by introducing the addi-
tional shared phase 𝜑𝑛 (𝑡), as described in Section 2.3. This phase
pre-coding introduces distinct variations in the received CSI over
time, enabling the Rx to differentiate signals from different meta-
surfaces. Specifically, let 𝒄𝑛 = [𝜑𝑛 (1), 𝜑𝑛 (2), ..., 𝜑𝑛 (𝑇 )] denote the
pre-coding sequence for the 𝑛-th metasurface, where𝑇 is the length
of the pre-coding sequence (i.e., the number of time slots). At time
slot 𝑡 (with 𝑡 = 1, ...,𝑇 ), the received CSI can be rewritten as:

ℎ(𝑡) =
(
ℎD +

𝑁∑︁
𝑛=1

(
ℎM
𝑛 𝑒− 𝑗𝜑𝑛 (𝑡 )

))
𝑒 𝑗𝜃

offset (𝑡 ) , (7)

where ℎM
𝑛 =

∑
𝑚,𝑘 (ℎT

𝑛,𝑚,𝑘
𝑒− 𝑗𝜃𝑛,𝑚,𝑘ℎR

𝑛,𝑚,𝑘
) is the CSI component

that reflected by the 𝑛-th metasurface without 𝜑𝑛 (𝑡). By collecting
measurements over 𝑇 time slots, the received CSI vector, 𝒉En, with
phase pre-coding can be expressed as:

𝒉En = [ℎ(1), ℎ(2), ..., ℎ(𝑇 )]′ . (8)

3.2.2 Pre-coding Sequence Design. Based on the above model, the
distinguishability of reflected signals from different metasurfaces
can be enhanced by increasing the length of the pre-coding se-
quence, 𝒄𝑛 , but comes at the expense of reduced phase continuity
of the reflected signals. To this end, we propose a method to deter-
mine the pre-coding length 𝑇 that ensures high-fidelity separation
of metasurface sensing links at Rx. This method is achieved by
minimizing 𝑇 while guaranteeing a unique separation based on
Eqns. (7) and (8), which in turn requires that the total number of
unknown parameters on all sensing links is less than the num-
ber of observations collected by the receiving antennas in 𝑇 time
slots. Specifically, the Rx collects CSI from 𝑁Rx antennas, where
each CSI measurement is a complex number comprising real and
imaginary components. According to Eqn. (7), at a given time slot
𝑡 , the unknown parameters to be estimated include: i) the direct
signal channel contributing 2𝑁Rx unknown parameters; ii) the 𝑁
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metasurface-reflected channels introducing 2𝑁Rx𝑁 unknown pa-
rameters; and iii) an additional unknown parameter corresponding
to the phase offset. Given that the total number of independent
observations at the Rx over the measurement interval of 𝑇 time
slots is 2𝑁Rx𝑇 , the minimum pre-coding sequence length 𝑇 for
recovering the metasurface-reflected channel from the received CSI
needs to satisfy:

𝑇 ≥ 2𝑁Rx (𝑁 + 1)
2𝑁Rx − 1

. (9)

Let us consider that Mirror-Fi employs 𝑁Rx = 2 Rx antennas
and 𝑁 = 4 metasurfaces, the length of the pre-coding sequence
should thus be set to 𝑇 = 7. Consequently, we have the design of a
7-bit pre-coding sequence for each metasurface based on the Gray
code concept [6]. Specifically, during two consecutive time slots,
the extra shared phase, 𝜑𝑛 (𝑡), of only one metasurface is reversed,
while all others remain unchanged. The pre-coding sequences for
the four metasurfaces over the time slot period are presented in
Table 1. Although phase pre-coding can effectively enhance the
distinguishability of metasurface’s reflected signal, the periodicity
of the pre-coding sequence, making it difficult to accurately identify
the start time of pre-coding (i.e., 𝜑𝑛 (1)’s position), as shown in Fig-
ure 8(a). To mitigate potential time alignment issues (as discussed in
Section 2.3), we add a synchronization bit after the 7-bit pre-coding
sequence by repeating 𝜑𝑛 (6) (i.e., ‘bit-6’) of the 7-bit pre-coding se-
quence, finally resulting in an 8-bit pre-coding sequence, as shown
in Table 1. The underlying rationale is that adjacent synchronization
bits are less error-tolerant, while bits repeated at longer intervals
are more susceptible to desynchronization (i.e., different patterns
in the received CSI). As illustrated in Figure 8(b), the introduction
of the synchronization bit serves as a marker, enabling accurate
identification of the starting position of the pre-coding sequence
within a pre-coding period. Finally, to fit the sequence within CSI
coherence time of roughly 50ms [58], the sequence duration should
be set below 50ms.

3.3 Sensing Link Separation
To extract a unique sensing link for each target on the Rx side for
RPD sake, the CSI component reflected by each metasurface needs

Table 1: Pre-coding sequences for four metasurfaces.

bit1 bit2 bit3 bit4 bit5 bit6 bit7 sync
𝒄1 𝜋 0 0 0 0 𝜋 𝜋 𝜋

𝒄2 𝜋 𝜋 0 0 0 0 𝜋 0
𝒄3 𝜋 𝜋 𝜋 0 0 0 0 0
𝒄4 𝜋 𝜋 𝜋 𝜋 0 0 0 0
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received signal.

to be separated from the composite CSIs. Although the problem
is theoretically solvable given the properly designed pre-codings,
the uncontrollable non-linearity in the complex coupling among
multiple metasurface reflections largely incapacitates traditional
statistical methods [4, 7]. To this end, we resort to a deep neural
model to exploit the pre-coding sequences as prior knowledge and
thus to enable an effective separation of the composite CSIs.

3.3.1 Determination of Pre-coding Start Time. To facilitate the ef-
fective separation of mixed signals on the Rx side using pre-coding
information, it is essential to synchronize the start time between
pre-coding sequences and the received CSI. To this end, our core
approach involves identifying the synchronization bit pattern by
computing the discrepancies between the CSI samples separated
by one time slot. In particular, the difference at time slot 𝑡 is ob-
tained by calculating the absolute difference between all samples
within time slot 𝑡 and those within the time slot 𝑡 + 2. Since ‘bit6’
and the ‘sync’ share the same pattern, the difference exhibits a
unique minimum value within each pre-coding period. To this end,
a sliding window with the window length equal to the pre-coding
period (e.g., 32ms) is moved to obtain the differences and in turn
identify the trough within the window, as illustrated in Figure 9.
To refine estimation, the detected minima and their corresponding
timestamps are fitted using the linear least squares method, aiming
to further improve detection accuracy. Given that each bit in the
pre-coding sequence occupies the same time span (e.g., 4ms), the
start time (i.e., ‘bit1’) of the next pre-coding sequence is just three
time slots after that of ‘bit6’, as shown by Figure 9.

3.3.2 Network Architecture. After synchronizing the received CSI
with the pre-coding sequences, we propose a model-based deep
neural network (mDNN) to decompose the composite CSIs into
individual metasurface-reflected components. The core principle
of mDNN is to design a signal separation model based on prior
pre-coding guide, which distinguishes it from conventional blind
source separation approaches [7] that rely solely on statistical as-
sumptions such as source independence. Specifically, the mDNN
employs an attention mechanism to learn the association between
the unique signature of each pre-coding sequence and its corre-
sponding signal component within the mixed CSI, thereby enabling
the network to effectively handle the complex, non-linear cou-
plings among reflections. Formally, our separation model imple-
ments a mapping F𝜔 : {𝑯En (𝑡), 𝒄𝑛} ↦→ {𝑯M

𝑛 (𝑡)}𝑁
𝑛=1, where F𝜔

denotes the parameterized neural network with learnable weights
𝜔 . Here, 𝑯En (𝑡) = [𝒉En,A1 (𝑡),𝒉En,A2 (𝑡)] ∈ C𝑇

s×2 represents the
CSI time-series over 𝑇 s samples from two receiving antennas, and
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Figure 10: The mDNN architecture takes mixed CSIs and pre-coding se-
quences as input, processes them through a fusion module, and outputs the
separated CSIs.

Module Operations Output dim

Input stream Concat (CSI + Sequences) (𝐵, 12,𝑇 )
Sequence encoder C-Conv1D (4 → 32) (𝐵, 64,𝑇 )

C-Conv1D (32 → 64) + C-BN + C-GELU (𝐵, 128,𝑇 )
C-Conv1D (64 → 128) + C-BN + C-GELU (𝐵, 256,𝑇 )

CSI encoder C-Conv1D (2 → 32) + C-BN + C-GELU (𝐵, 64,𝑇 )
C-Conv1D (32 → 64) (𝐵, 128,𝑇 )
C-ResBlock(64 → 64) (𝐵, 128,𝑇 )

C-Conv1D (64 → 128) + C-BN + C-GELU (𝐵, 256,𝑇 )
Concatenation 2× (Parallel attention)

C-Conv1D(128 → 128, 𝑘 = 1) Q,K,V: (𝐵, 256,𝑇 )
Dot-product attention (𝐵, 256,𝑇 )

Concat (𝐵, 512,𝑇 )
C-Conv1D(256 → 128, 𝑘 = 1) (𝐵, 256,𝑇 )

Decoder C-Conv1D (128 → 128) + C-BN + C-GELU (𝐵, 256,𝑇 )
C-ResBlock + C-Conv1D (𝐵, 256,𝑇 )

4× (Parallel block)
C-Conv1D (32 → 16) (𝐵, 32,𝑇 )
C-Conv1D (16 → 2) (𝐵, 4,𝑇 )

Final Output (𝐵, 16,𝑇 )

Figure 11: Detailed configuration of the
mDNN, where dimensions are denoted as
(batch 𝐵, real + imaginary channels, time 𝑇 ).

{𝒄𝑛}𝑁𝑛=1 are the pre-coding sequences for 𝑁 metasurfaces. The
output 𝑯M

𝑛 (𝑡) = [𝒉M,A1
𝑛 (𝑡),𝒉M,A2

𝑛 (𝑡)] ∈ C𝑇
s×2 represents the re-

constructed CSI components reflected by the 𝑛-th metasurface for
both receiving antennas. We adapt the classical encoder-decoder
architecture [2, 56] and fine-tune it for our signal separation task.
As illustrated in Figure 10, the separation model F𝜔 consists of
three components: i) an encoder extracts features from the complex
CSI and pre-coding sequences, respectively, ii) a fusion module
integrates the pre-coding features to selectively focus on different
metasurface signals and extract their respective features, and iii)
a decoder reconstructs the CSI for each metasurface individually
by separating them at feature layer. In addition, to preserve phase
information and minimize potential loss, we employ a dual-channel
complex convolution layer [57] instead of simply splitting the CSI
complex signals into real and imaginary channels. The detailed
configuration of this module is presented in Figure 11.

3.3.3 Training Strategy. To train the mDNN as a generalized solver
rather than a model overfitted to a specific physical space, we con-
struct our training data from diverseWi-Fi CSI datasets [19, 59] that
contain various application scenarios. Specifically, we randomly se-
lect eight CSIs from two antennas and use the pre-coding sequences
in Table 1 to generate reflected signals from 𝑛-th metasurface (i.e.,
ground truth), 𝑯M

𝑛 (𝑡), and then according to Eqn. (7) construct a
mixed signal, 𝑯En (𝑡), as mDNN input. Based on this method, our
experiment dataset comprises 55,000 synchronized CSI temporal
segments partitioned into training (45,000 instances), validation
(5,000 instances), and test (5,000 instances) sets. To ensure the model
remains invariant to the time-varying hardware-induced phase off-
set (𝜃offset), we perform data augmentation by injecting random
Gaussian noise (mean is 0, standard deviation is 0.5) into the input
signal phase. This encourages mDNN to learn stable relative phase
relationships rather than relying on the absolute phase, which is
corrupted by common-mode disturbances. Our strategy efficiently
generates diverse training samples that provide a strong inductive
bias, rather than aiming to reproduce real-world physics. While the

synthetic test set serves as a preliminary validation (Figure 16), we
further verify generalization in Section 5.2.

To preserve the phase and magnitude information of the com-
plex signal, we design a complex loss function composed of two
components: i) a mean squared error to minimize separation errors
of real and imaginary, and ii) a smoothness loss to enforce tempo-
ral consistency in the reconstructed signals. This loss function is
formulated as follows:

L =𝜆1 1
𝑁

∑𝑁
𝑛=1

(
𝑯M
𝑛 − 𝑯̂M

𝑛

)2

+ 𝜆2 1
𝑁

∑𝑁
𝑛=1

∑𝑇 s
𝑡=2

��𝑯̂M
𝑛 (𝑡) − 𝑯̂M

𝑛 (𝑡 − 1)
��, (10)

where 𝑯̂M
𝑛 denotes the prediction result of 𝑛-th metasurface; The

parameters 𝜆1 and 𝜆2 are weighting factors that balance the loss
terms, set to 1 and 0.01, respectively. We train the model for 200
epochs with a batch size of 64 using the Adam optimizer (𝛽1 =

0.9, 𝛽2 = 0.999). The initial learning rate is 1 × 10−3, which is
reduced by a factor of 10 at epoch 150. For model evaluation, we
adopt the scale-invariant source-to-distortion ratio (SI-SDR) [32]
as the primary metric, assessing performance on the validation set
every 10 epochs.

4 PROTOTYPE AND EXPERIMENT SETUP
This section provides an overview of Mirror-Fi’s implementation
and the experiment setup used for evaluation.

4.1 Implementation
We start by presenting the design of the metasurface, including
the meta-atom structure and the prototype implementation. This
is followed by the overall construction of Mirror-Fi that leverages
multiple metasurfaces.

4.1.1 Metasurface Prototype. Figure 12(a) presents the proposed
1-bit phase-shifting programmable meta-atom design. The meta-
atom comprises three metal layers (i.e., top reflection layer, in-
termediate ground plane, and bottom control circuit layer) and
three dielectric substrates (i.e., F4B, RO4450F, and FB-4) separating
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Figure 12: Prototype of the metasurface: (a) structure of the
meta-atom, (b) amplitude and phase of the reflection coeffi-
cient, and (c) control architecture of Mirror-Fi, with dimen-
sions specified in millimeters (mm).

metallic layers. A surface-mounted PIN diode (MACOM MADP-
000907-14020x) [24] is integrated into the structure, bridging the
top reflection patch with the bottom control layer through a via
hole. This setup allows for dynamic phase modulation by switch-
ing the diode’s bias voltage. The performance of the meta-atom is
characterized by its reflection coefficient, as shown in Figure 12(b).
By toggling the bias voltage supplied to the PIN diode between
0V (OFF state) and 1.35V (ON state), the reflection phase of the
meta-atom can be switched between two distinct states. Within our
operational bandwidth centered around 5.2GHz (the shaded region),
this switching induces a stable phase shift of nearly 180◦. Further-
more, the reflection amplitude for both states remains high across
this band, with a low reflection loss of less than 1.0dB. The meta-
atom’s electrical design is inspired by a communication-oriented
metasurface [71], adapted for our sensing application. As shown in
Figure 12(c), considering the power requirements of all PIN diodes
for the four metasurfaces, each metasurface is equipped with a dri-
ver bridging it with an FPGA control unit. To overcome input/output
port limitations of the FPGA (e.g., ALINX AXU2CGB [23]), shift
registers (e.g., SN74HC595 [25]) are integrated into the driver. These
registers efficiently convert the FPGA’s 1-bit-width serial output
into an 8-bit parallel signal, allowing for synchronized control of
metasurfaces. The power required by our metasurface system (i.e.,
diodes and FPGA) is about 9W, which is less than half the power
consumption of a router (e.g., ASUS RT-BE88U router [5]).

4.1.2 System Implementation. Mirror-Fi consists of a Wi-Fi AP,
four metasurfaces controlled by an FPGA, and a receiver. The AP is
an ASUS RT-BE88U router [5], while the receiver is an Acer Travel-
Mate laptop equipped with an Intel AX210 Wi-Fi NIC [12], used for
CSI collection via PicoScenes [27]. To maximize the Rx signal power,
we equip each metasurface with a unique feed. Consequently, the
signals received by a metasurface from non-front-facing feeds are

significantly weakened and can thus be neglected [47]. As shown
in Figure 13, we connect one antenna port of the Wi-Fi AP to
a 1-to-4 power splitter so that each metasurface gets a feed (an
antenna) placed in front of it, without affecting normal commu-
nications. The software components of Mirror-Fi are divided into
three parts for implementation First, the low-level, real-time con-
trol logic is programmed on the FPGA using Verilog. This includes
the hyper-metasurface configuration strategy (Section 3.1) and the
phase pre-coding scheme (Section 3.2). The pre-coding sequence
contains 8 bits spanning a 32ms period. Second, the high-level signal
processing algorithms, including radio direction estimation (Sec-
tion 3.1) and time synchronization (Section 3.3), are implemented
on a laptop using MATLAB. Finally, the mDNN model (Section 3.3)
is implemented in Python with PyTorch and trained on an NVIDIA
RTX A5000 GPU.

4.2 Experiment Setup
We begin with micro-benchmark studies involving 4 persons, fol-
lowed by three case studies to evaluate Mirror-Fi under realistic
sensing applications. The setups for the case studies share three
key aspects: i) each person remains within the coverage of the
metasurface without mutual occlusion, ii) all persons perform des-
ignated activities simultaneously to assess Mirror-Fi’s capability in
multi-target sensing, iii) all experiments take place in a typical class-
room, and iv) four participants are invited to simultaneously and
randomly perform one of the three sensing applications described
below. Note that, for clarity, the results in Section 5.2 are presented
separately for each application. Figure 13 illustrates the experiment
setup for benchmark and case studies, showing the metasurfaces,
persons, and Wi-Fi devices. For each trial, the persons are arranged
to cover a random combination of azimuths within the range of
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Figure 13: (a) Experiment scene, (b) detailed view, and (c)
layout of target arrangement for all three case studies.
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±60◦. Comparison baselines are obtained under the same configu-
ration but without leveraging metasurfaces. Though RIScan [33]
demonstrates the capability for multi-person indoor localization, its
functionality is confined to this specific task. It cannot be directly
extended to other fine-grained, multi-person sensing applications,
as localization is an inherently coarse-grained task that provides
only a target’s spatial coordinates, which is fundamentally differ-
ent from fine-grained sensing that requires analyzing subtle and
dynamic features. Instead, our Mirror-Fi is designed to overcome
the signal separation challenge for fine-grained sensing, so these
two systems are not comparable in terms of sensing functionality.

Azimuth Estimation. The performance evaluation consists of 40
trials, each having different number of persons standing or sitting at
various predefined positions, as illustrated in Figure 13(c). Each trial
has 60 cycles, upon which average errors are derived. Each cycle
involves the hyper-metasurface conducting full-angle scanning
over the azimuthal range in 5◦ increments; each direction is scanned
for 40ms, resulting in a complete scanning cycle of one second.

Respiration Monitoring. We invite four persons to breathe simul-
taneously while using NeuLog chest belts [49] to collect ground
truth. The total respiration recording duration is 80 minutes. Af-
ter separating the metasurface-reflected CSIs using mDNN, we
apply the method proposed by MoRe-Fi [76] to reconstruct their
respiratory waveforms.

Gesture Detection. We evaluate six gestures, including push-pull
(PP), up-down (UD), sweep (SW), draw a circle (DC), draw a zig-zag
(DZ), and clap (CL). Each gesture is repeated 70 times per person in
each trial, with a total of 20 trials. We leverage mDNN to separate
the CSI for each person and employ the classifier proposed by
Widar3.0 [77] for gesture recognition.

Activity Recognition. We also evaluate six activities, including
bending (BD), jumping (JM), rotating (RT), sitting down (SD), stand-
ing up (SU), and walking (WL). Each activity is repeated 70 times
per person in each trial, with a total of 20 trials. We employ mDNN
to separate the CSI corresponding to each person and utilize RF-
Net [13] to classify these activities.

Our evaluations aim to demonstrate Mirror-Fi’s capability for
multi-person sensing without requiring firm/hardware modifica-
tions to commodity Wi-Fi devices, rather than competing with
existing Wi-Fi sensing proposals in specific tasks. All experiments
strictly adhere to the IRB guidelines of our institute.

5 EVALUATIONS
In this section, we begin with two micro-benchmark studies, ver-
ifying the effectiveness of multi-target azimuth estimation and
CSI separation. We then study three cases specified in Section 4.2,
followed by discussions on several key design factors.

5.1 Micro-benchmark Studies
5.1.1 Performance of Azimuth Estimation. Although RIScan [33]
has the capability of multi-person indoor localization, it does not
provide openly accessible hardware for others to test. Therefore,
we cannot directly compare Mirror-Fi with it even in terms of
localization. Figure 14 shows that when the azimuth separation
between targets exceeds 16◦, the multi-target detection success rate
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reaches 100%. Even with an azimuth separation error of 5◦, Mirror-
Fi achieves an azimuth estimation accuracy of 86.9%. These results
evidently validate the reliability and effectiveness of Mirror-Fi’s
multi-target azimuth estimation capability enabled by its hyper-
metasurface configuration.

5.1.2 Performance of Sensing Link Separation. To evaluate the ef-
fectiveness of mDNN in separating sensing links, we utilize the CSI
time series dataset generated in Section 3.3.3. We assess mDNN us-
ing a hold-out validation method with a fixed, independent test set,
an approach chosen for its statistical reliability and computational
efficiency on our large dataset. The analysis is based on two key
metrics: separation loss between the recovered and ground truth
signals, as defined in Eqn. (10), and the SI-SDR metric mentioned
there; it assesses the quality of signal separation on the test dataset
by calculating the distortion between the reconstructed signal and
the ground truth. Figure 15 demonstrates the changes in separation
loss, which rapidly decreases during the initial training stages and
eventually stabilizes at 0.068. Meanwhile, the SI-SDR of the recon-
structed signals shows a steady increase, ultimately reaching up
to 14.6dB. The observed low loss and high SI-SDR value indicate
that mDNN effectively separates signals reflected from different
metasurfaces with minimal distortion.

To further investigate the performance of the separation model,
Figure 16 provides examples of the separated CSI reflected by meta-
surfaces, including both magnitude and phase. i) Amplitude: The
separated CSI magnitude aligns with the ground truth, accurately
capturing the primary peaks and valleys. A notable observation is
that the mDNN’s output appears smoother than the ground truth,
as it filters out some high-frequency transients. This behavior is
expected due to the loss function (Eqn. (10)), which includes a
smoothness term (𝜆2) that penalizes rapid signal changes. Since the
subsequent sensing stage inherently requires low-pass filtering, this
smoothing effect does not compromise system performance. More-
over, although mDNN exhibits minor imperfections in recovering
finer details, particularly at lower amplitude variations, these do not
affect the primary sensing tasks. This slight deviation may result
from the network’s focus on minimizing overall loss rather than
capturing subtle fluctuations. ii) Phase: While minor and nearly
constant phase shifts can be observed in certain segments (e.g.,
Figures 16(a) and 16(b)), these are likely caused by slight residual in-
terference that the network is unable to fully suppress. Importantly,
in phase-based sensing applications such as respiration monitoring,
it is the temporal variation in phase, rather than its absolute value,
that carries meaningful information. As mDNN faithfully preserves
the phase variation trend over time, these small static offsets have a
negligible impact on the performance of downstream sensing tasks.
These results evidently confirm mDNN’s capability to effectively
separate sensing links, ensuring high fidelity in both magnitude
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(b) The 2-nd metasurface.
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(c) The 3-rd metasurface.
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Figure 16: CSIs of each metasurface obtained by mDNN.

and phase reconstruction, and thus to achieve RPD. The inevitable
“glitches” in both magnitude and phase virtually have no impact on
the downstream sensing tasks.

5.1.3 Impact on Communication Performance. A critical require-
ment for any practical Wi-Fi sensing system is to avoid degrading
the performance of the primary communication. This challenge
involves two distinct aspects: i) ensuring the added sensing hard-
ware (our metasurfaces) does not interfere with the link, and ii)
managing the AP’s resources for concurrent sensing and communi-
cation, which can be non-trivial (e.g., as explored in SenCom [17]).
Our evaluation focuses on the first aspect, confirming the Mirror-
Fi metasurface system has a negligible impact. We note that the
second aspect, which concerns the AP’s internal mechanisms, is
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Figure 17: A comparison of communication performance
between Mirror-Fi and a baseline, evaluating (a) throughput
and (b) latency at five different positions.

orthogonal to our design. Mirror-Fi can be seamlessly integrated
with SenCom-based APs to support concurrent sensing and commu-
nication if such compatibility is needed. This is achieved through
two design principles: i) the metasurfaces operate entirely passively,
reflecting signals from the existing Wi-Fi AP without emitting any
radio frequency energy; and ii) eachmetasurface is controlled via an
FPGA, ensuring control signaling remains fully isolated from data
communication. We empirically validate the effectiveness of this
non-interfering design by measuring throughput and latency. The
experiment is conducted at five different user positions, comparing
Mirror-Fi against a baseline setup operating without Mirror-Fi. We
let the Wi-Fi AP transmit communication packets at a high fre-
quency and reuse these packets for sensing. This enables passive
CSI collection and allows throughput evaluation under full-load
conditions. The results, presented in Figure 17, demonstrate that
Mirror-Fi introduces negligible overhead to the communication link.
As shown in Figure 17(a), Mirror-Fi consistently achieves through-
put on par with the baseline at most positions. In terms of com-
munication latency, Mirror-Fi shows no significant difference from
the baseline. While its latency may be marginally higher at certain
points (e.g., about 0.1ms at position C), this minimal variation does
not affect the communication function. Together, these findings
confirm that Mirror-Fi can be deployed without adversely affecting
primary communication channels while significantly enhancing
multi-target awareness capabilities.

5.2 Case Studies and Design Factors
5.2.1 Respiration Monitoring. We conduct experiments to monitor
multi-person respiration using the setup described in Section 4.2.
The objective is to evaluate the ability of Mirror-Fi to accurately
extract respiration rates from multiple persons simultaneously,
leveraging the separated CSI results for each metasurface. We first
use Figure 18 to compare the respiration waveforms of a person
obtained respectively by Mirror-Fi and the baseline method. Mirror-
Fi effectively reconstructs respiration waveforms with high fidelity,
evidently capturing inhalation and exhalation patterns. In contrast,
the baseline method obtains only noisy mixed signals, hindering
individual respiration detection. Furthermore, Figure 19(a) shows
the accuracy of respiration rate estimation for both Mirror-Fi and
the baseline. The results indicate that Mirror-Fi achieves multi-
person respiration monitoring, with a mean respiration rate error
below 1.2 bpm, as opposed to 6.59 bpm of the baseline, indicating
the latter’s ineffectiveness in multi-person scenarios.

To gain deeper insights into Mirror-Fi’s capability for multi-
person respiration sensing, we conduct a breath-holding experi-
ment in which persons sequentially hold their breath for 15 seconds
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Figure 18: Comparison between Mirror-Fi and the baseline
regarding respiration waveforms.
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Figure 19: Comparison and analysis on Mirror-Fi and the
baseline in terms of the respiration.

each. The spectrograms of Mirror-Fi and the baseline are presented
in Figure 19. The alignment between the breath-holding periods
and signal interruptions (start time indicated by red line markers)
on the spectrograms demonstrates that the respiration signals from
different persons are well separated. As shown in Figures 19(b)
to 19(e), the signal energy in the corresponding frequency bands
decreases significantly during each person’s breath-holding period.
This indicates that Mirror-Fi can accurately separate and monitor
breathing stops for different persons. In contrast, Figure 19(f) indi-
cates that the spectrogram produced by the baseline is dominated
by overlapping and noisy components, preventing the effective
extraction of respiration rates. These results provide compelling
evidence of the effectiveness of Mirror-Fi in multi-person respi-
ration monitoring. By separating and reconstructing individual
respiration signals, Mirror-Fi achieves high accuracy in respiration
rate estimation while demonstrating robustness to interference and
noise, making it a promising solution for device-free Wi-Fi sensing.
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Figure 20: Comparing gesture and action recognition accu-
racy between Mirror-Fi and the baseline.
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Figure 21: Comparison between Mirror-Fi and the baseline
in gesture confusion matrices.

5.2.2 Gesture Detection. We also conduct experiments to evaluate
the performance of Mirror-Fi in detecting gestures, and summa-
rize the results in Figure 20(a). The results indicate that Mirror-Fi
achieves a mean accuracy exceeding 96%, significantly outperform-
ing the baseline that obtains only 49%. This substantial accuracy gap
highlights the effectiveness of Mirror-Fi in multi-person gesture
detection scenarios. To gain deeper insights into this performance
gap, we examine the confusion matrices of Mirror-Fi and baseline,
as shown in Figure 21. The confusion matrices reveal that Mirror-
Fi can correctly classify most gestures, while the baseline often
confuses one gesture with others. Specifically, due to overlapping
gestures from multiple persons, the PP and UD gestures perform
the worst for the baseline with accuracy below 25%, as opposed to
the 95% accuracy readily achieved by Mirror-Fi. The inferior perfor-
mance of the baseline can be attributed to its inability to separate
signals from interference caused by the simultaneous movement
of the hands of multiple persons, resulting in an overall detection
accuracy 47% lower than that of Mirror-Fi.

5.2.3 Activity Recognition. Similar experiment validations also ex-
tend to activity recognition, with comparative results depicted in
Figure 20(b). Mirror-Fi achieves 94% average classification accuracy,
indicating 2.69× improvement over 35% of the baseline. Confusion
matrix analysis in Figure 22 reveals that Mirror-Fi achieves an ac-
curacy exceeding 84% for all six activities, whereas the baseline
remains below 50% in most cases, with the sole exception of SU
reaching 71%. For instance, BD is frequently misclassified as JM
at a rate of 32% or RT at 37%, while the recognition rate for RT
itself is merely 13%. This poor performance stems from signal en-
tanglement; without the RPD provided by Mirror-Fi, the baseline
receives a single, convoluted signal where the concurrent activities
of four individuals interfere, making them fundamentally difficult
to separate. These results, along with previous case studies, collec-
tively demonstrate the feasibility of multi-person Wi-Fi sensing
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Figure 22: Comparison between Mirror-Fi and the baseline
in action confusion matrices.
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in real-world scenarios, thanks to the significantly enhanced RPD
offered by Mirror-Fi.

5.2.4 Deployment Flexibility and Practicality. Our work establishes
a proof-of-concept for a new sensing paradigm, with future ef-
forts directed toward cost reduction and miniaturization. Therefore,
demonstrating deployment flexibility is key to addressing these
practical concerns and showcasing a clear path toward real-world
integration. To validate this, we move beyond the basic linear setup
and evaluate a more practical configuration. As illustrated in Fig-
ure 23(a), four metasurfaces are arranged in an “L-shaped” corner
configuration within a 5-meter-wide room. Four participants are
distributed throughout the area and instructed to perform gestures
simultaneously. We focus on gesture detection tasks due to their
relevance to human-computer interaction (HCI) in extended real-
ity (XR) applications [3, 30, 51]. Figure 23(b) shows that despite
changes in metasurface deployment, multi-person gestures can still
be effectively classified with an average accuracy of 97.4%, which
closely aligns with the results in the linear deployment scenario
shown in Figure 21(a). In summary, this flexibility confirms that the
core principle of Mirror-Fi, enabling RPD for sensing, is maintained
across different configurations.

5.2.5 Environmental Generalizability. To be viable in the real world,
the systemmust generalize by overcoming limitations such as static
occlusions and dynamic target mobility. In practice, occlusions be-
tween targets may prevent a metasurface from beamforming to
a single target. As shown in Figure 23(a), the beamforming con-
structed by the metasurface ‘MTS 3’ covers two targets, with Person
B occluded by Person A. To address this issue, we can effectively
alleviate target occlusion by strategically re-arranging metasur-
faces’ locations and beamforming directions, thanks to the flexibil-
ity offered by Mirror-Fi. In addition, complex indoor environments,
particularly those involving line-of-sight (LoS) occlusions, can sub-
stantially impair the accuracy of multi-target azimuth estimation
and the robustness of subsequent perception links. A practical and
effective mitigation strategy is a top-mounted deployment, in which
the metasurface is installed on the ceiling to reduce occlusions from
furniture and other indoor obstacles. However, due to installation
constraints in our current laboratory setting, this work focuses
on evaluating a horizontal deployment scheme under LoS condi-
tions. While our current work focuses on quasi-static scenarios,
the system can support mobile users with a “track-then-sense” ap-
proach: a quick initial scan finds targets, followed by rapid, targeted
scans to track their movement while sensing is performed. The key
challenge is distinguishing small actions (e.g., gestures) from the
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Figure 23: Sensing accuracy of Mirror-Fi under nonlinear
deployment conditions.
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Figure 24: Gesture and action recognition accuracy of Mirror-
Fi when the number of targets exceeds the metasurfaces.

large-scale signal interference of whole-body movement (e.g., walk-
ing). Developing the advanced algorithms required to resolve this
is a substantial research effort in itself, and it is beyond our scope.

5.2.6 Scalability for a Higher Number of Targets. The quantity
matching is not an issue if target number is less, so we are only
concerned with where the number of targets exceeds that of meta-
surfaces. To this end, we test an augmented metasurface control
mechanism that applies multiple groups of pre-coding sequences
to a metasurface. We combine code-division with time-division,
assigning different pre-coding sequences to individuals at different
time slices, ensuring that each metasurface constructs multiple in-
dependent sensing links. To validate this, we conduct experiments
using four metasurfaces to perceive more than four individuals. By
assigning unique time-division pre-coding sequences, the system
successfully separated the signals and achieved robust performance
in multi-person gesture and action recognition. As shown in Fig-
ure 24, Mirror-Fi maintains exceptionally high and stable recogni-
tion accuracy for both gestures (∼93%) and actions (∼92%), even
as the number of people doubles the amount of metasurface. This
result confirms that Mirror-Fi is not limited to one-to-one meta-
surface correspondence and has the potential to enable scalable
multi-person sensing.

5.2.7 Potential Applications. With physical separability ensured
by metasurface-created sensing links, Mirror-Fi is scalable to ubiq-
uitous Wi-Fi infrastructures, enjoying an ever expanded scope of
sensing applications. As demonstrated in Section 5.2, Mirror-Fi can
simultaneously capture fine-gained body motions of multiple tar-
gets, including gestures and even breathing patterns. This capability
extends to smart homes with the need for, for example, remote con-
trol and vital sign monitoring. Meanwhile, its gesture and activity
recognition capabilities can enhance the convenience of XR inter-
actions [51, 64] while potentially reducing the cost and complexity
of HCI development. Of course, co-existing with other co-channel
communication systems [35, 36, 69], as well as the incurred privacy
infringement [20, 21] should be handled in the future.

6 RELATEDWORK
In this section, we review existing works on Wi-Fi sensing and
metasurfaces.

Wi-Fi Sensing. The ability of Wi-Fi sensing to enable localiza-
tion [31, 52, 68, 74] and human behaviors [10, 13, 17, 26, 61, 72, 76,
77] using wireless signals (i.e., CSI [16]) has gained increasing recog-
nition for its advantage of leveraging commodity devices. Due to

12



Sense with Polyface Mirror: Enhancing Wi-Fi Sensing Diversity via Programmable Metasurfaces SenSys’26, May 11–14, 2026, Saint Malo, France

page limit, we focus only on exploiting (physical) diversity for multi-
person sensing (MPS) in the following. Widar2.0 [52] uses multiple
antennas to enhance spatial diversity, providing potential for MPS.
Subsequently, Karanam et al. [29] utilize magnitude measurements
from three dual-antenna Rx to actually achieve MPS. Later pro-
posals enhance antenna-induced spatial diversity via specifically
crafted algorithms, typically including mD-Track [66] to leverage
spatial search and expectation-maximization for separating multi-
path signals, and MultiSense [73] to employ blind source separation
for extracting individual signals. In fact, such approaches are still
confined by diversity regardless of what ingenuity has been put
into algorithm design: for example, MultiSense can recognize at
most 4 persons with 5 antennas. Consequently, latest proposals
directly target diversity enhancement, which includes, among oth-
ers, MUSE-Fi [22] exploiting near-field dominance in link diversity
while UWB-Fi [41] and 𝜇Ceiver-Fi [40] significantly expanding fre-
quency diversity via compressive channel sampling and multi-link
receivers. Quite unfortunately, these proposals either require addi-
tional user devices (e.g., smartphones) for assistance or cannot be
readily deployed due to the need formodifyingWi-Fi firm/hardware.
In contrast, Mirror-Fi offers a device-free solution without modify-
ing commodity Wi-Fi devices; it exploits link diversity (i.e., RPD)
created via multiple external metasurfaces.

Metasurfaces. Extensive research has exploredmetasurfaces, clas-
sified into passive [45, 50, 53, 62] and active (programmable) [11, 28,
38, 39, 48, 75] types, to modulate electromagnetic waves for enhanc-
ing wireless environments. These approaches include RIScan [33]
that applies metasurface-based beamforming for multi-person in-
door localization as the only sensing application; the remaining con-
tributions center on communication performance. RoS [50] pioneers
in improving roadside-to-vehicle communication by embedding
digital information into reflected signals using passive metasurfaces.
Building on this, AutoMS [45] introduces an automated framework
to optimize mmWave coverage by strategically placing metasur-
faces in a more convenient manner. In contrast to the static nature
of passive solutions, active metasurfaces enable real-time reconfigu-
ration, offering adaptability in dynamic environments. RFlens [15],
for example, explores the beamforming capabilities of a reconfig-
urable metasurface, lifting signal strength for both communication
and sensing. Extending this concept, RF-Bouncer [39] introduces a
dual-band programmable metasurface enabling simultaneous beam-
forming on two sub-6 ISM bands, which is later utilized to enhance
signal coverage [42] or to attack wireless sensing systems [28]. Fi-
nally, a recent work STCM [8] claims to perform communication
beamforming via coding, yet it appears to be very similar to that
proposed by RIScan and is rather irrelevant to tackling the issue of
signal separation required in our context. In summary, none of the
existing methods effectively tackles the key challenges inherent in
general-purpose, multi-target sensing. Mirror-Fi is, on the contrary,
the first work to leverage metasurfaces for achieving RPD and thus
supporting general multi-target sensing.

7 CONCLUSION
Taking an essential step towards ubiquitous human sensing, Mirror-
Fi has pioneered in multi-target sensing by addressing the major

challenge of physically separating multiple targets without modi-
fying Wi-Fi firm/hardware. By leveraging metasurfaces to create
a unique sensing link for each individual, Mirror-Fi has success-
fully achieved reflected path diversity (RPD) and thus demonstrated
multi-person sensing for respiration monitoring, gesture detection,
and activity recognition. Two key technical advancements have
contributed to this success: i) a pre-coding scheme to enhance the
distinguishability of metasurface-reflected signals, and ii) a model-
based neural network employed to separate sensing links effectively.
Our extensive evaluations have clearly demonstrated that Mirror-Fi
can be a more readily deployable alternative to existing device-free
Wi-Fi sensing systems. Looking ahead, we believe Mirror-Fi holds
significant potential for diverse applications, including healthcare,
smart homes, and security. Additionally, we plan to scale Mirror-Fi
for deployment in larger environments to evaluate its performance
in more diversified scenarios.
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