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RISensing: Leveraging Reconfigurable Intelligent
Surfaces to Empower Wi-Fi Sensing

Xiaojing Wang, Binbin Xie, Guanghui Lv, Boyang Liu, Chenhao Ma, Renjie Zhao, Chao Feng, Xiaojiang Chen

Abstract—Wi-Fi technology has emerged as a promising solu-
tion for contact-free sensing owing to the pervasiveness of Wi-Fi
signals in indoor environments. However, Wi-Fi sensing faces
several fundamental issues, including limited sensing range and
unstable orientation-dependent sensing performance, hindering
the widespread adoption of Wi-Fi sensing in real-life scenarios. In
this paper, we propose RISensing, a novel system that leverages
Reconfigurable Intelligent Surfaces (RIS) to address these two
fundamental issues of Wi-Fi sensing and bring Wi-Fi sensing one
step closer to real-world adoption. Unlike prior Wi-Fi sensing
works which typically rely on a single target reflection signal
to capture the target movement, RISensing utilizes two target
reflection signals, i.e., the direct target reflection signal and RIS-
based target reflection signal, to boost the sensing capability.
RISensing characterizes the RIS-based target reflection signal,
and constructively combines it with the direct target reflection.
We evaluate the sensing performance of RISensing in various
environments, including corridor, office and lab. Extensive exper-
iments demonstrate RISensing can improve the sensing range of
Wi-Fi from 4 m to 23 m, and effectively mitigate the orientation-
dependent issue.

Index Terms—Wi-Fi sensing, Reconfigurable intelligent surface
(RIS), Sensing range

I. INTRODUCTION

In recent years, we have witnessed the rapid advancement of
wireless sensing which is capable of capturing human motion
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Figure 1: Prior Wi-Fi sensing vs RIS-based Wi-Fi sensing.

without requiring any devices to be attached to human body.
The underlying principle of wireless sensing is that the signals
can be reflected from human body, and by analyzing the
signal variation induced by human motion, valuable infor-
mation about the motion can be obtained. Various wireless
technologies have been utilized for sensing, including Wi-
Fi [1], [2], RFID [3], [4], LoRa [5], [6], mmWave [7], [8], and
ultrasound [9], [10]. Among these, Wi-Fi sensing has gained
significant attention owing to the widespread availability of
Wi-Fi signals. Wi-Fi sensing has enabled a wide range of
applications, such as human activity recognition [11], [12],
vital sign monitoring [13]–[16], material identification [17]
and object size measurement [18].

Although promising, Wi-Fi sensing has several fundamental
issues which hinder its wide adoption in real-life scenarios.
(i) The sensing range of Wi-Fi is very limited because it
inherently relies on weak reflection signal from the target
(i.e., human body). The state-of-the-art Wi-Fi sensing system,
Farsense [19], achieves a maximum range of only 8 meters. (ii)
The sensing performance of Wi-Fi sensing is highly dependent
on the target’s orientation. Existing Wi-Fi sensing approaches
typically require the target to maintain a specific orientation
(facing directly toward both the transmitter and receiver)
to achieve good sensing performance [20]. When the target
orientation changes, the fine-grained motion information (e.g.,
respiration pattern) cannot be captured.

In this paper, we present RISensing, a Wi-Fi-based sens-
ing system that leverages Reconfigurable Intelligent Surfaces
(RIS) to address these fundamental issues, moving Wi-Fi
sensing one step closer to real-life adoption. Specifically, as
shown in Figure 1(b), we introduce an RIS to create a new
target reflection signal (i.e., signal reflected once by the RIS
and once by the target), as highlighted in red. Unlike existing
Wi-Fi sensing systems which rely on only one reflection as
shown in Figure 1(a), reflected by the target and reaching the
receiver without other intermediate reflections (as highlighted
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in blue), we smartly combine the direct target reflection and
the newly created RIS-based target reflection to capture human
motion. Employing the RIS-based target reflection for Wi-Fi
sensing provides the following benefits.

• By constructively combining the RIS-based target reflec-
tion signal and direct target reflection signal, we are able
to improve the overall signal strength of target reflection
signal, significantly improving the sensing range.

• The RIS-based target reflection signal and direct target
reflection signal present multiple sensing views from
different orientations with respect to the target. With
these two different signals, we eliminate the need for
the target to maintain a specific orientation, and the
signal variations captured from different views greatly
enhance the robustness of Wi-Fi sensing. For instance,
as shown in Figure 1(a), the direct reflection signal
(highlighted in blue) is reflected by the side of human
chest, resulting in minimal signal variation due to lim-
ited displacement during respiration, and correspondingly
poor sensing performance. In contrast, as shown in
Figure 1(b), by deploying an RIS, the reflected signal can
originate from the front of chest, where the displacement
during respiration is much larger and the corresponding
signal variation is more clearer. By combining these two
different reflections, we can make Wi-Fi sensing more
robust in real-world scenarios.

To effectively leverage RIS for Wi-Fi sensing, we first
characterize the RIS-based target reflection signal. Specifically,
we model the power of signal generated by RIS, and validate
that the signal reflected by RIS has larger power than the
direct target reflection. Different from direct target reflection,
whose power depends on two distances, i.e., transmitter-target
distance and target-receiver distance, the RIS-based reflection
signal power is determined by three distances: transmitter-RIS
distance, RIS-target distance and target-receiver distance. The
longer propagation distance results in weaker signal power
of RIS reflection. To compensate for this and significantly
improve the signal power, the RIS leverages hundreds of unit-
cells to reflect Wi-Fi signals as shown in Figure 2, and employs
beamforming to focus the reflected signal toward the target.

In this paper, we propose to constructively combine the RIS-
based target reflection signal and direct target reflection signal
to significantly boost the sensing performance. This can be
achieved by tuning the phase of RIS-based target reflection
signal to align with that of direct target reflection. While this is
a promising technique, two key challenges need to be tackled
to implement this approach in a functional system.

• First, it is difficult to change the phase of RIS-based
target reflection signal in a fine-grained granularity. This
occurs because RIS employs many unit-cells to generate
the reflection signal, and each unit-cell is equipped with
two PIN diodes to tune its phase shift, but with limited
phase tuning resolution [21], [22].) Specifically, each
programmable unit-cell employed in our system typically
supports only four discrete phase shifts (i.e., 0◦, 90◦, 180◦

and 270◦) [22], resulting in coarse phase adjustments.
• Second, the phase of direct target reflection signal is

unknown. A straightforward approach is to try all the
possible phase shifts of RIS-based target reflection signal
(0◦∼360◦) and identify the one that yields the best
sensing performance. The best sensing performance is
achieved when the phase of RIS-based target reflection
signal is changed to be the same as that of direct
target reflection signal. To determine whether the best
performance is achieved or not, for each phase shift, we
need to collect the received signal over a period (e.g., 3 s)
during target movement to check the target-induced signal
amplitude variation. However, this process is quite time-
consuming and the time delay can be as large as tens of
minutes, making it impractical for real-time applications.

To achieve fine-grained phase tuning (i.e., with a granularity
of 1◦) of RIS-based target reflection signal, we smartly
leverage the combination effect of multiple RIS unit-cells.
In our design, the RIS consists of 16 × 16 unit-cells, and
each unit-cells reflects Wi-Fi signal. The RIS-based target
reflection signal is a combination of signals reflected by these
unit-cells. Even though each unit-cell can only support four
discrete phase shifts, we observe that by carefully configuring
different phase shifts across these unit-cells, we can effectively
change the phase of RIS-based target reflection signal in a
much finer granularity. To determine the optimal phase shift
combination of these unit-cells for the desired RIS-based target
reflection signal’s phase change, we adopt the Particle Swarm
Optimization (PSO) algorithm [23].

To significantly reduce the time delay when searching for
the desired phase change of RIS-based target reflection signal,
we propose a novel method based on two key observations.
Our basic ideas are (i) to significantly reduce the search space
from hundreds of candidates to just a few, and (ii) to minimize
the required number of signal collection periods to just one.

Observation I. When we vary the phase shift of RIS-based
target reflection signal, the sensing performance varies fol-
lowing a sine-wave pattern. The optimal sensing performance
is achieved when the phase of RIS-based target reflection
signal is tuned to be exactly the same as that of direct target
reflection signal. We observe that the relationship between the
sensing performance and the phase shift of RIS-based target
reflection signal demonstrate a sine-wave pattern. Therefore,
instead of exhaustively searching all the possible phase shifts
(i.e., 360 values), we propose to sample only a subset of the
phase shift space (i.e., 8 values) and leverage the sine-wave
pattern to efficiently estimate the optimal one.

Observation II. We leverage one observation to further
reduce the latency: the target movements are typically at
low frequencies (≤ 20 Hz) while the sampling rate of Wi-
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Fi receiver is much higher (e.g., 2000 Hz). Thus, the signals
sampled at the close-by timestamps contain the same target
movement information. By sub-sampling the received signals
in the time domain, we obtain multiple groups of signal
samples containing the same target movement information.
For each group, we adjust the phase shift of RIS-based target
reflection signal. As mentioned earlier, the sine-wave curve
generation requires 8 distinct phase changes. Initially, for each
phase change, we need to sample the received signal for 3 s
to evaluate sensing performance, resulting in a total latency of
24 s. However, based on the observation, we do not need to
sample the received signals for each phase change separately,
but we can sample the received signals for all 8 phase changes
at the same time within the same 3 s window. This reduces
the total latency from 24 s to just 3 s.

Contributions. The main contributions of RISensing are
summarized as follows.

• To the best of our knowledge, we study the feasibility of
leveraging Reconfigurable Intelligent Surfaces to address
two fundamental issues (i.e., limited sensing range and
orientation-dependent issue) of Wi-Fi sensing for the first
time. Unlike prior Wi-Fi sensing systems which rely on
a single direct target reflection signal, we leverage two
target reflection signals to boost the sensing performance.

• We characterize the RIS-based target reflection signal
for sensing, and propose an RIS-based sensing model.
Additionally, we design novel signal processing methods
to address two challenges when constructively combining
the RIS-based and direct target reflection signals.

• We implement RISensing using commodity Wi-Fi devices
and an RIS which consists of 16×16 unit-cells with a
total size of 0.35 × 0.35 m2. The experiment results
demonstrate that RISensing can significantly improve
the sensing range from 4 m to 23 m, and mitigate the
orientation-dependent issue.

II. RELATED WORK

In this section, we introduce the prior work closely related
to RISensing.

RF-based wireless sensing. RF-based wireless sensing
technologies have enabled many appealing applications,
ranging from coarse-grained activity recognition [11],
[12], keystroke identification [24], [25], and hand
gesture recognition [26]–[29] to fine-grained vital sign
monitoring [13]–[16], [30]. Although promising, existing
Wi-Fi sensing systems have two fundamental issues: limited
sensing range and sensitivity to target orientation [20], [31].
The short sensing range primarily stems from the weak
signal reflections from the human body, which fundamentally
restricts the sensing coverage. Moreover, most Wi-Fi sensing
systems rely on the assumption that the target maintains
a fixed orientation to the transmitter and receiver, which
have a poor sensing performance when the target changes
orientation. These limitations pose significant challenges for
deploying Wi-Fi sensing in real-world scenarios.

To address the limited sensing range, FarSense [19] com-
putes the ratio of CSI values from two antennas at the
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Figure 3: Prior Wi-Fi sensing model.

receiver, which effectively eliminates both amplitude noise
and phase offset of CSI. By a joint utilization of CSI
amplitude and phase, FarSense extends the sensing range to
8 m. Building upon this, EMA [16] employs multi-antenna
beamforming to further enhance the sensing distance to 11 m.
Diversense [32] integrates signals from 30 subcarriers of 3 an-
tennas at the receiver to improve the sensing range. Compared
with FarSense [19] and EMA [16], RISensing achieves longer
sensing range (23 m). Moreover, RISensing smartly addresses
the orientation-dependent issue for wireless sensing, which is
not explored in Diversense [32], FarSense [19] and EMA [16].

RIS-based sensing. The emerging RIS technology is
promising for wireless sensing. RFlens [21] improves the
respiration sensing performance under non-line-of-sight
(NLoS) scenarios via RIS beamsteering. LLAMA [33]
utilizes RIS to enhance the reflected signal by polarization
matching, which enables the respiration detection even with
low transmission power. Moreover, researchers also leverage
RIS to enable multi-target respiration sensing [34]–[36].
Different from these works which overlook the direct target
reflection signal [34]–[36] or make the direct reflection
signal negligible [21], RISensing constructively combines
the RIS-based target reflection signal with the direct target
reflection signal to address two fundamental issues, i.e.,
limited sensing range and orientation-dependent issue.

RIS-based localization. MetaRadar [37] and
Meta2Locate [38] use an RIS to assist RSS fingerprint-
based indoor localization. MetaSight [39] employs multiple
RISs to localize objects under the NLoS scenario. RIScan [40]
leverages RIS to perform Wi-Fi beam scanning for parallel
multi-user indoor localization. Different from these works
that utilize RIS for localization, we focus on a different
research topic, i.e., RIS-based wireless sensing.

III. PRELIMINARY

A. Prior Wi-Fi Sensing Model

Wi-Fi signals propagate from the transmitter to receiver
through multiple paths, as shown in Figure 3(a). The overall
Channel State Information (CSI) H(f, t), which characterizes
the wireless channel [41], can be expressed as H(f, t) =
Y (f,t)
X(f,t) , where X(f, t) and Y (f, t) represent the transmitted
and received signals, f denotes the subcarrier frequency and
t is the timestamp. We divide these signals into two groups:
static signal and dynamic signal. The static signals consist
of the line-of-sight (LoS) signal between the transmitter and
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Figure 4: Our RIS-based Wi-Fi sensing model.

receiver, and the signals reflected from static objects such
as walls. The dynamic signal represents the signal reflected
from the moving target. We employ Hs (f, t) and Hd (f, t)
to represent the channels of static path and dynamic path,
respectively [41]. The overall CSI can be rewritten as

H (f, t) = Hs (f, t) +Hd (f, t)

= Hs (f, t) +A (f, t) ej 2πd(t)
λ ,

(1)

where d(t) represents the propagation path length of dynamic
signal which changes with the target movement, λ is the
wavelength, and A (f, t) is the complex attenuation.

The relationship between the target movement and ampli-
tude variation is presented in Figure 3(b). We illustrate the
static and dynamic channels in the I/Q vector space, where
the length of the vector represents the amplitude, and the
angle between the vector and the I-axis represents its phase.
The overall vector H is the sum of dynamic vector Hd

and static vector Hs. The overall vector represents the CSI
which is retrieved from the Wi-Fi receiver, and we utilize
the amplitude of CSI to capture target movement. During
the target movement, the static vector Hs does not change,
while the dynamic vector Hd changes. For example, for the
respiration sensing with a chest displacement of around 5 mm,
the dynamic vector Hd rotates 60◦ with respect to the static
vector, inducing the amplitude of overall vector to change.

B. RIS-based Target Reflection Signal Generation

An RIS consists of M unit-cells where each unit-cell is
equipped with two PIN diodes to change the phase shift. Each
unit-cell receives and reflects the signals from Wi-Fi transmit-
ter, and the combination of these reflected signals forms the
overall RIS signal. To utilize RIS signal for sensing, we focus
the RIS signal toward the target via beamforming [21], [22].
Specifically, by identifying the direction where the target is
located, we can configure the unit-cells to generate an RIS
signal toward that direction. As a result, the power of RIS-
based target reflection signal is directly affected by the number
of unit-cells. A large number of unit-cells can generate a
stronger RIS-based target reflection signal. In our design, we
employ an RIS comprising 16 × 16 unit-cells (a total of 256),
which enables a large beamforming gain.

IV. RIS-BASED SENSING MODEL

In this section, we introduce the RIS-based sensing model
which involves two dynamic signals (i.e., target reflection
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Figure 5: Analyzing direct target reflection signal and RIS-
based target reflection signal.

signals)1. This model can guide the design of RIS-based
sensing systems.

A. Modeling Received Signal with RIS

Different from the prior Wi-Fi sensing model which involves
only one dynamic signal, our sensing model includes two dy-
namic signals, i.e., direct target reflection signal and RIS-based
target reflection signal. The overall CSI can be represented as

H(f, t) = Hs(f, t) +Hd(f, t) +HRIS(f, t), (2)

where HRIS(f, t) represents the channel of RIS-based target
reflection signal. Both dynamic components contain the target
information, and induce the overall CSI to vary. As shown
in Figure 4(a), when we introduce an RIS into the sensing
scenario, the transmitted signal reaches the receiver through
two dynamic paths, including the direct reflection from the
target and an RIS-based reflection. Figure 4(b) illustrates the
vector representation in the complex I/Q vector space. The
direct dynamic vector Hd (highlighted in blue) and the RIS
dynamic vector HRIS (highlighted in red) are combined to
form a new dynamic vector Hnew

d . The overall dynamic signal
Hnew

d varies with the target movement and combines with
the static vector Hs at the receiver, resulting in the amplitude
variation of the overall signal vector H for sensing as shown
in Figure 4(c).

B. Modeling Direct Target Reflection Signal

The direct reflection path can be divided into two segments
(i.e., TX→Target and Target→RX) as shown in Figure 5(a).
d1 and d2 represent the transmitter-target distance and target-
receiver distance, respectively. By applying the Friis equa-
tion [42] to the first part (TX→Target), we can obtain the
signal power arriving at the target as

Ptx→tar = PTGT · 1

4π (d1)
2 =

PTGT

4π (d1)
2 , (3)

where PT is the transmission power and GT is the antenna
gain of the transmitter. The signal reflected by the target
reaches the receiver (Target→RX), and the power Pd of direct
target reflection signal at the receiver can be represented as

Pd = Ptx→tar · σ · 1

4π (d2)
2 ·AR =

PTGTσAR

(4π)2 (d1d2)
2 , (4)

where σ is the Radar Cross Section (RCS) of target. AR =
GRλ2

4π where GR is the antenna gain of the receiver and λ is

1We use target reflection signal, dynamic signal, and dynamic vector
interchangeably in this paper.
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the signal wavelength. Therefore, the power of direct target
reflection signal is determined by the product of two distance
segments d1d2.

C. Modeling RIS-based Target Reflection Signal

Different from the direct target reflection signal which only
involves two distance segments, the RIS-based target reflection
signal is divided into three segments: transmitter-RIS distance
d

′

1, RIS-target distance d
′

2 and target-receiver distance d
′

3 as
shown in Figure 5(b). The signal power arriving at the RIS
(i.e., TX→RIS) can be expressed as

Ptx→RIS = PTGT · 1

4π
(
d

′
1

)2 =
PTGT

4π
(
d

′
1

)2 , (5)

where PT is the transmission power and GT is the antenna
gain of the transmitter. Then we model the signal power
arriving at the target, i.e., RIS→Target, as

PRIS→tar = Ptx→RIS ·GRIS ·
1

4π
(
d

′
2

)2 =
PTGTGRIS

4π2
(
d

′
1d

′
2

)2 , (6)

where GRIS represents the beamforming gain of RIS, which
is determined by the number of unit-cells. Finally, for the third
part, i.e., Target→RX, the power of RIS-based reflection signal
at the receiver can be expressed as

PRIS = PRIS→tar · σ · 1

4π
(
d

′
3

)2 ·AR =
PTGTGRISσAR

4π3
(
d

′
1d

′
2d

′
3

)2 ,

(7)
where σ is the RCS of target. AR = GRλ2

4π where GR is the
antenna gain of the receiver and λ is the signal wavelength.
Now we observe that the power of RIS-based target reflection
signal is determined by the product of three distances d

′

1d
′

2d
′

3.
Power comparison between two target reflection signals.

Now we compare the power of these two target reflection
signals. The RIS-based target reflection signal propagates a
longer path than the direct target reflection signal, resulting
in much larger signal attenuation. If the power of RIS-based
target reflection signal is comparable to that of direct reflection
signal, we are able to effectively leverage the RIS to boost the
sensing performance.

The power of RIS-based target reflection signal is inversely
proportional to the square of the product of three distances,
whereas the direct target reflection signal power is inversely
proportional to the square of the product of two distances. The

power ratio between these two target reflection signals can be
expressed as

PRIS

Pd
=

(d1d2)
2

4π(d
′
1d

′
2d

′
3)

2
·GRIS . (8)

Based on the power ratio, we analyze the power of two target
reflection signals.

1) Based on our empirical experiments, the beamforming
gain GRIS can be as large as 6 dBi.

2) d2 in the direct target reflection path is almost identical to
d

′

3, i.e., d2 ≈ d
′

3. This is because both of them represent
the distance between target and receiver, as shown in
Figure 5(a) and (b).

3) To minimize the product d
′

1d
′

2 of the transmitter-RIS
distance d

′

1 and RIS-target distance d
′

2 in the RIS-based
reflection path (Figure 5(b)), we deploy the RIS as close
as possible, e.g., 0.5 m, to the transmitter.

As a result, the power of RIS-based target reflection signal
can be larger than that of direct target reflection signal. Our
empirical experiments demonstrate that the power of RIS-
based target reflection signal can reach up to 2.5 times that of
direct target reflection signal, i.e., PRIS = 2.5Pd.

V. SYSTEM DESIGN

In this section, we illustrate the system design of RISensing.
Our key idea is to make the two target reflection signals con-
structively combine to improve the sensing range and address
the orientation-dependent issue, as illustrated in Section V-A.
To achieve this, we propose to change the phase of RIS-
based target reflection signal to align with that of direct target
reflection signal. Note that the phase of direct target reflection
signal cannot be controlled while that of the RIS-based target
reflection signal is programmable. However, there are two
challenges as described below.

• The first challenge is how to tune the phase of RIS-based
target reflection signal with a fine-grained granularity.
Specifically, the unit-cells of RIS support only four
discrete phase shifts, making it difficult to achieve the
desired phase adjustment accurately. We address this
issue in Section V-B.

• The second challenge is the unknown phase of direct
target reflection signal. We have to try all the possible
phase shifts and search for the optimal one, leading to
very high latency. We explain how to significantly mini-
mize the latency and achieve real-time human sensing in
Section V-C.
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A. Constructive Combination of Two Target Reflection Signals

In this section, we explain the benefits of constructively
combining the two target reflection signals.

Random combination of two reflection signals. As shown
in Figure 6(b), where the signals are represented in the I/Q
vector space, the two reflection signals, i.e., direct target
reflection signal Hd (highlighted in blue) and RIS-based target
reflection signal HRIS (highlighted in red), are typically
combined randomly at the receiver. The random combination
results in unpredictable sensing performance and can even
cause performance degradation. Note that we employ CSI
amplitude variation to quantify the sensing performance, and
a larger CSI amplitude variation indicates better sensing
performance. By comparing Figure 6(a) (without RIS) to
Figure 6(b) (with RIS), we observe that the RIS-based target
reflection signal can cause CSI amplitude variation to be
smaller. This is because the RIS-based target reflection HRIS

is not constructively combined with the direct target reflection
signal Hd, and the amplitude of overall target reflection signal
Hnew

d is reduced. This occurs when the phase difference
between the two reflection signal vectors falls within the range
of [−90◦, 90◦].

Constructive combination of two reflection signals. In
contrast, the constructive combination of the two target reflec-
tion signals can significantly improve the sensing performance.
As presented in Figure 6(c), when the phase of RIS-based
target reflection signal HRIS is exactly the same as that of the
direct target reflection signal Hd, these two reflection signals
are constructively combined and the overall target reflection
signal is maximized. This constructive combination results in
the largest amplitude variation, and consequently the optimal
sensing performance. With the maximum amplitude of overall
target reflection signal, the sensing range can be significantly
improved. In addition, the RIS-based target reflection signal
and direct target reflection signal present multiple sensing
views from different orientations with respect to the target.
When the direct target reflection signal alone does not provide
a clear amplitude variation for sensing, we can still leverage
the RIS-based target reflection signal to enlarge the overall
amplitude variation.

Benchmark experiments. We conduct experiments to ver-
ify the effect of RIS on respiration sensing. We mainly pay
attention to the combination of two target reflection signals.
In the experiments, we set the transmitter-RIS distance as

Q
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𝑉1

𝑉2

𝑉3 𝑉4

Q

I

(a) The phase change of RIS 
reflection signal is 45°
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Figure 8: Leveraging the phase shift combination of multiple
unit-cells to fine-tune the phase of RIS-based reflection signal.

0.3 m and transmitter-receiver distance as 3 m. The target
sits in a chair and breathes normally. By generating different
RIS-based target reflection signals, we vary the combination
of two target reflection signals. Figure 7 shows the CSI
amplitude variation induced by respiration under different
path combinations. We observe that when the two target
reflection signals constructively combine, the CSI amplitude
variation induced respiration is more significant. In contrast,
when the two target reflection signals randomly combine,
the respiration-induced CSI amplitude variation remains un-
changed or becomes smaller, compared to that without RIS.
Therefore, to improve sensing performance, we aim to achieve
constructive combination of the two target reflection signals.

B. Tuning Phase in Fine-grained Granularity

We adjust the phase shifts of RIS unit-cells to change the
phase of RIS-based target reflection signal. However, each RIS
unit-cell supports only four discrete phase shifts (i.e., 0◦, 90◦,
180◦ and 270◦) [22]. This limited resolution makes it difficult
to finely tune the phase of RIS-based target reflection signal.
For example, if a 41◦ phase adjustment is needed, which is
not supported by the available discrete phase shifts, we cannot
achieve constructive combination.

Fortunately, we observe that by carefully configuring dif-
ferent phase shifts across multiple RIS unit-cells, we can
effectively change the phase of RIS-based target reflection
signal in a much finer granularity. A simple example is shown
in Figure 8 where the RIS consists of four unit-cells. Each
vector Vn (n = 1, 2, 3 and 4) represents the signal reflected
from a unit-cell in the I/Q vector space. The angle between
each vector and I-axis represents its new phase shift. The initial
phase shift of each vector is 0◦. Suppose the desired phase shift
of RIS reflection signal HRIS is 45◦. As shown in Figure 8(a),
by configuring the phase shifts of two unit-cells to 0◦ and
the other two to 90◦, we can induce the phase of RIS-based
target reflection signal HRIS to change by 45◦. Similarly, as
shown in Figure 8(b), by configuring three unit-cells with a
phase shift of 90◦ and the remaining one unit-cell to 0◦, we
can tune the phase of RIS-based target reflection signal by
72◦. As a result, by combining the phase shifts of multiple
RIS unit-cells, we can change the phase of RIS-based target
reflection signal with a much finer granularity. Given that our
RIS consists of 16 × 16 unit-cells, this approach allows us to
achieve a phase adjustment granularity as small as 1◦.

Now we analyze the relationship between the phase shift
combination of unit-cells and the phase change of RIS-
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based target reflection signal. The mathematical relationship
is expressed as

ej∆ΦRISHRIS =

N∑
n=1

Vne
j(∆ϕn), (9)

where Vn and ∆ϕn represent the signal of the nth unit-
cell and its phase shift. HRIS denotes the original RIS-
based target reflection signal, and ∆ΦRIS stands for its
phase change. Since there are 256 (16 × 16) unit-cells
and each unit-cell has 4 possible discrete phase shifts, there
are 4256 phase shift combinations. It is not possible to
check all of these combinations. We observe that multiple
phase shift combinations can lead to an identical phase
change of RIS-based target reflection signal. Therefore, we
just find one of these combinations to reduce the latency
and effort. Specifically, we create a matching table which
shows one phase shift combination of unit-cells for each phase
change of RIS-based target reflection signal. Once this table
is established, we can efficiently determine the appropriate
phase shift combination for fine-grained phase tuning of RIS-
based target reflection signal. More importantly, this table is
constructed only once before we sense human motion.

Now we explain how to efficiently construct the matching
table. In this table, we derive one phase shift combination
of all the RIS unit-cells for each phase change of RIS-
based target reflection signal. To derive one combination
for a specific phase change, we adopt the Particle Swarm
Optimization (PSO) algorithm [23]. The PSO algorithm is
inspired by the behavior of bird swarm, whose key idea is
to iteratively adjust the position of each “bird” in the search
space, allowing the swarm to progressively search for and
converge toward the global optimal solution. In our design,
each “bird” represents a combination of all RIS unit-cell phase
shifts, i.e., ∆ϕ = [∆ϕ1,∆ϕ2,∆ϕ3, . . . ,∆ϕn]. The phase
change of the RIS-based target reflection signal generated by
this combination is the position of “bird” in the search space.

The details about applying PSO to achieve the optimal phase
shift combination are shown below.

• Initialization. We initialize the number of “birds” (i.e.,
the phase shift combinations of all RIS unit-cells ∆ϕ)
to Nbird = 50 based on our empirical experiments.
Our objective is to search for the optimal phase shift
combination, and the process terminates once one of
these “birds” achieves it. To balance exploration and prior
knowledge, half of these combinations are generated ran-
domly, while the other half follow the RIS beamforming
method described in Section III-B.

• Fitness function. We define a fitness function [43] to
evaluate the quality of each bird’s current position, which
measures how closely the phase shift combination of
each bird approaches the desired phase shift combination.
Specifically, the fitness function is defined as the squared
difference between the phase change of the RIS-based
target reflection signal ∆ΦRIS and the desired phase
change ∆Φgoal

RIS :

Ffit =
(
∆ΦRIS −∆Φgoal

RIS

)2

, (10)

(b) By 0° to 20° with a 
step size of 1°

(a) By 0° to 360° with a 
step size of 20°

Figure 9: Fine-tuning the phase change of RIS-based target
reflection signal.

where ∆ΦRIS can be derived from a bird’s current phase
shift combination via Equation (9). The smaller value of
Ffit, the current phase shift combination is closer to the
desired one.

• Iteration. We evaluate whether any of the 50 “birds”
(phase shift combinations) achieves the optimal solution
based on the fitness function. If none are optimal, we
update the position of each “bird” and re-evaluate. This
process repeats iteratively until the optimal phase shift
combination is achieved. Now we explain how to update
the position of each “bird”. First, we select the “bird”
(i.e., phase shift combination) among 50 “birds”, which is
closest to the optimal combination. Second, we compare
the bird’s current position and previous position in the
last step, and identify the one which is closer to the
optimal phase shift combination. We employ these two
pieces of information to compute an updated position of
the “bird” [23].

The computation complexity of PSO algorithm is O(Nbird ·
N ·T ), where Nbird represents the size of “bird” swarm (set as
50 in our implementation), N denotes the problem dimension,
i.e., the number of RIS unit-cells (256), and T is the number
of iterations (maximum 1000 times in our implementation).
The PSO algorithm converges within 10 s on average under
these settings. Note that even though the PSO algorithm is an
iteration-based method, we apply PSO offline just once before
performing sensing task.

Benchmark experiments. We conduct benchmark experi-
ments to verify whether we can fine-tune the phase of RIS-
based target reflection signal. During phase tuning, we check
the CSI amplitude to ensure that the newly adjusted RIS-based
target reflection signal maintains maximum signal power. If
the CSI amplitude decreases, the newly applied phase shift
for the RIS-based target reflection signal is not optimal. First,
we change the phase of RIS-based target reflection signal by
0◦ to 360◦ with a step size of 20◦. As shown in Figure 9(a),
we observe that we can change the phase by 60◦, 120◦, 160◦,
240◦ and 300◦, which are not supported by the default phase
shifts of the unit-cell. Moreover, we are able to maintain the
maximum signal strength even during the fine-tuning process.
Second, we change the phase of RIS-based target reflection
signal by 0◦ to 20◦ with a step size of 1◦. As shown in
Figure 9(b), we observe that we can change the phase with a
step size as small as 1◦, while still maintaining the maximum
signal strength.
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Figure 10: Sine-wave relationship between sensing perfor-
mance and phase change of RIS-based target reflection signal.

C. Addressing Unknown Phase for Constructive Combination

To make the two reflection signals constructively combine,
we propose to tune the phase of RIS-based target reflection
signal, which is programmable, to be the same as that
of direct target reflection signal. However, the phase of
direct target reflection signal is unknown. A straightforward
method is to try all the possible phase changes (i.e., 0◦ ∼
360◦), and search for the desired one that enables the best
sensing performance. However, this simple approach can
introduce latency significantly, making it impractical for real-
time applications. Specifically, we employ the target-induced
CSI amplitude variation as the metric for sensing performance
to check whether the phase of RIS-based target reflection
signal is changed to be the same as that of direct target
reflection signal. The maximum target-induced CSI amplitude
variation is achieved if the two phase values are the same.
Therefore, for each search, we need to collect the received
signal over a period (e.g., 3 s) during target movement to check
the target-induced CSI amplitude variation. Given a search
space of [0◦, 360◦], the latency can be 360 × 3 s = 1080 s
(18 min), which is unacceptable for real-time target sensing.

We significantly reduce the latency of the phase shift search
process by leveraging two key observations, and the latency is
minimized to just 3 s. Our basic ideas are (1) to significantly
reduce the search space from hundreds of candidates to just
a few, and (2) to minimize the required number of signal
collection periods to just one.

Observation 1. The relationship between sensing perfor-
mance and the phase change of RIS-based target reflection
signal demonstrates a sine-wave pattern.

As shown in Figure 10, when we continuously change the
phase of RIS-based target reflection signal with a granularity
of 1◦, the sensing performance (i.e., the target-induced CSI
amplitude variation) exhibits a sine-wave pattern. This occurs
because the optimal sensing performance is achieved when
the phase of RIS-based target reflection signal is tuned to be
exactly the same as that of direct target reflection signal. As
the RIS phase deviates from this optimal value, the sensing
performance gradually degrades. When the RIS phase becomes
exactly out of phase (i.e., 180◦ offset) with the direct reflection
signal, the sensing performance reaches its minimum. As the
phase continues to deviate away from this worst-case point,
the sensing performance begins to improve again.

(a) Scenario 1 (b) Scenario 2

Measurement Measurement
Fitting curve Fitting curve
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Figure 11: Sine-wave relationship between sensing perfor-
mance and phase change of RIS-based target reflection signal.

Therefore, instead of exhaustively searching all the possible
phase changes, we propose to sample only a subset of
the phase shift space and leverage the sine-wave pattern to
efficiently estimate the optimal phase change of RIS-based
target reflection signal. Specifically, we vary the phase change
from 0◦ to 360◦ with a step size of 10◦, and obtain the sensing
performance at 37 points, as shown in Figure 11(a). We then
apply the nonlinear least squares fitting method to obtain a
smoothed curve (highlighted in red), which demonstrates a
clear sine-wave pattern. The optimal phase change can be
identified based on the peak of sine-wave curve. Moreover,
while the location of peak (i.e., optimal phase change) can
vary in different scenarios as shown in Figure 11(a) and (b),
the sine-wave pattern remains stable. This method enables us
to accurately identify the optimal phase change for RIS-based
target reflection signal with much fewer measurements. As a
result, the latency is reduced significantly. In our experiments,
we use 8 phase changes to generate the sine-wave curve.
Therefore, the latency is reduced from 360 × 3 s = 1080 s to
8 × 3 s, i.e., 24 s, where for each phase change, we collect
received signal samples for 3 s to estimate the corresponding
sensing performance (target-induced CSI amplitude variation).

We leverage the following observation to further reduce the
latency. Specifically, the sine-wave curve generation requires
8 distinct phase changes. Initially, for each phase change, we
need to sample the received signal for 3 s to evaluate sensing
performance, resulting in a total latency of 24 s. However, we
observe that we do not need to sample the received signals
for each phase change separately, we can sample the received
signals for all 8 phase changes at the same time within the
same 3 s window. This reduces the total latency to just 3 s.

Observation 2. The target movements are typically at low
frequencies (i.e., ≤ 20 Hz), whereas the sampling rate at the
Wi-Fi receiver is in the scale of kilohertz (e.g., 2000 Hz), which
is hundreds of times higher.

The human respiration rate is just 0.16∼0.6 Hz [19], [30],
[31], which is much smaller compared to the signal sampling
at the Wi-Fi receiver (e.g., 2000 Hz). Based on the observation
described above, we propose to sub-sample the received
signals in time domain, to obtain multiple groups of signal
samples which contain the same target movement information.
More importantly, for each group of signal samples, we vary
the phase change of RIS-based target reflection signal and the
number of groups of signal samples is exactly the same as that
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(b) The signal samples of 8 phase changes by sub-sampling in the time-domain

(a) The overall received target-induced signal amplitude variation  

Original signal Filtered signal

Figure 12: Extracting multiple signal samples corresponding to different phase changes from the same received target-induced
signal amplitude variation.

(b) Extracting respiratory patterns corresponding to different phase changes

zoom in
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(a) Dividing the received signal into multiple 
sub-sampling patterns

phase change = 90° phase change = 144°

Received signal amplitude Patterns of different phase changes

∆𝑡 = 3𝑠

Figure 13: Time-domain sub-sampling for multiple phase
changes of RIS-based target reflection signal.

of RIS phase change. As a result, by collecting the received
signal once (i.e., for 3 s), we are able to obtain the multiple
signal samples of different RIS phase changes to estimate the
sensing performance.

One simple example with three phase changes is illustrated
in Figure 13. As shown in Figure 13(a), when we sample the
received signals during human respiration for 3 s, we period-
ically change the phase of RIS-based target reflection signal
by three different values, i.e., 0◦, 90◦ and 144◦ (highlighted in
red, orange and green). As a result, as shown in Figure 13(b),
the overall respiration-induced CSI amplitude variation can be
divided into three CSI amplitude variations based on the phase
change. All these three CSI amplitude variations demonstrate
the same respiration pattern, but with different phase changes
of RIS-based target reflection signal. Therefore, by sampling
the received signals only once, we can obtain the target-

(a) The top and bottom view of RIS (b) The Wi-Fi transmitter and receiver

Omni-directional antenna

Figure 14: Hardware.

induced CSI amplitude variations for multiple phase changes
at the same time. However, without such a design, we need
to collect the received signals for multiple collection periods,
each corresponding to a different phase change, in order to
determine the optimal phase change.

Benchmark experiments. We conduct benchmark exper-
iments to evaluate the effectiveness of sub-sampling the re-
ceived signals for multiple phase changes. In the experiments,
the transmitter-RIS distance and transmitter-receiver distance
are set as 0.3 m and 3 m, respectively. The target sits 6 m from
the transmitter and breathes normally. In the experiment, we
choose the number of signal sub-sample groups as 8 and vary
the phase changes with a step size of 50◦ from 0◦ to 360◦.
Figure 12(a) presents the overall received target-induced signal
amplitude variation over 18 s. By applying our method, we can
obtain 8 respiration patterns corresponding to 8 different phase
changes, as shown in Figure 12(b). We observe that when we
vary the phase change of RIS-based target reflection signal, the
sensing performance (i.e., respiration-induced CSI amplitude
variation) varies significantly. Specifically, the respiration-
induced CSI amplitude variation is worse at the phase change
of 200◦. As the phase change is increased, the respiration-
induced CSI amplitude variation becomes more obvious.

VI. IMPLEMENTATION

In this section, we introduce the implementation of RISens-
ing, including RIS prototype, Wi-Fi transmitter and receiver,
and data processing.
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RIS

Target

TxRx

Figure 15: Default experiment scenario.

RIS prototype. Our RIS prototype operates at the 5 GHz
frequency band with a bandwidth of 200 MHz (ranging from
5.15 GHz to 5.35 GHz), falling within the Wi-Fi spectrum.
As shown in Figure 14(a), the RIS hardware consists of
16× 16 unit-cells, and the overall size is 35 × 35 cm2. Each
unit-cell consists of two PIN diodes (SMP1340-040LF [44]).
To independently adjust the phase shift of each unit-cell,
we employ a microcontroller (i.e., STM32H743IIT6 from
STMicroelectronics) and 64 SN74LV595 shift registers. We
divide the 16 × 16 unit-cells into 16 groups and each group
consists of 16 unit-cells with 32 PIN diodes. Each group is
controlled by 4 shift registers which provide different DC
voltages (0 V and 5 V) for the PIN diodes. By applying two
different DC voltage levels to each PIN diode, we can obtain
four states for each unit-cell, and correspondingly four discrete
phase shifts (i.e., 0◦, 90◦, 180◦ and 270◦). The microcontroller
can reconfigure all the unit-cells within 0.6 ms and the overall
power consumption of RIS is just in the milliwatt level.

Wi-Fi transmitter and receiver. We setup one pair of mini-
computers equipped with Intel 5300 Wi-Fi NICs (Network
Interface Card) as the transmitter and receiver, as shown in
Figure 14(b). Both the transmitter and receiver are equipped
with one omni-directional antenna. The central frequency of
Wi-Fi transmitter and receiver is set as 5.24 GHz with a
bandwidth of 20 MHz. The sampling rate of the receiver is
set as 2000 Hz.

Data processing. We collect CSI data using the CSI tool
developed by Halperin [45] and a laptop with a 2.3 GHz CPU
(Intel i7-11800) and 16 GB memory for signal processing.
After receiving the CSI, we first apply a Hampel filter [46]
to denoise the raw CSI amplitude signals and then apply
the Savitzky-Golay filter [47] to smooth the CSI amplitude.
We calculate the autocorrelation coefficients of the processed
CSI data across 30 subcarriers, to identify the most accurate
subcarrier for sensing.

VII. EVALUATION

In this section, we first evaluate the overall performance
of RISensing in terms of sensing range, through-wall sensing
capability, and its ability to address orientation-dependency
issue. We then conduct comparison experiments with the state-
of-the-art RIS-based sensing. Next, we evaluate the robustness
of RISensing under different factors. Finally, we demonstrate
the applicability of RISensing for gesture recognition.

Experimental scenarios and setup. We conduct compre-
hensive experiments in different indoor environments, includ-
ing a corridor, an office and a laboratory. By default, we

TxRx
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23m

RIS
3m

(a) Layout (b) Sensing range of three methods
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Figure 16: Comparison between RISensing and two baseline
methods.
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Figure 17: Performance of through-wall sensing.

conduct experiments in the corridor environment as shown in
Figure 15(a). We set the transmitter-RIS distance as 0.3 m and
transmitter-receiver distance as 3 m. Both the antennas and RIS
are deployed at a height of 1.1 m. For respiration monitoring,
we recruit 12 targets (8 males and 4 females) with respiration
rates ranging from 13 bpm (breaths per minute) to 25 bpm.
To obtain the ground truth of respiration rate, we employ a
respiration monitor belt logger sensor NUL-236 [48]. All the
experiments have been approved by the Institutional Review
Board (IRB).

Evaluation metric. For respiration sensing, we extract the
respiration pattern and estimate the respiration rate for each
measurement. To evaluate the respiration sensing performance,
we calculate the mean respiration estimation error by compar-
ing the estimated respiration rate against the ground truth.

A. Overall Performance

Improving sensing range. To evaluate the effectiveness
of RISensing on improving sensing range, we conduct com-
parison experiments between RISensing and two baseline
methods: (i) Wi-Fi sensing without RIS and (ii) the state-of-
the-art Wi-Fi sensing, Farsense [19]. In the experiment, we set
the transmitter-RIS distance as 0.3 m and transmitter-receiver
distance as 3 m. We vary the target location from 1 m to
23 m with a step size of 1 m, along the perpendicular bisector
of the transmitter-receiver line, as shown in Figure 16(a).
Figure 16(b) shows the maximum sensing ranges for the three
methods. Specifically, without RIS, we can only sense the
target respiration up to 4 m, indicating the limited range of
Wi-Fi sensing. The sensing range of Farsense is around 11 m.
In contrast, RISensing achieves a sensing range of 23 m,
significantly outperforming both the two baseline methods.
The experiment results validate the effectiveness of RISensing
in significantly extending the sensing range of Wi-Fi.

Enabling through-wall sensing. To evaluate the through-
wall sensing capability of RISensing, we conduct experiments
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Figure 18: CSI amplitude patterns under different target orientations.
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Figure 19: Performance without RIS, RFlens and RISensing.

in the scenario as shown in Figure 17(a). The transmitter and
receiver are placed in room 1 with a distance of 2 m. The target
is located in room 2. We conduct experiments with and without
RIS. Note that without RIS, we rely on direct target reflection
signal for sensing, while with RIS, we combine RIS-based and
direct target reflection signals for sensing. The target breathes
normally at 8 locations with varying distances to transmitter
and receiver. Figure 17(b) shows that RISensing can still
accurately monitor respiration even through one wall and the
respiration rate errors are below 1 bpm. However, without
RIS, the respiration estimation errors are much larger than
1 bpm. Note that 1 bpm is the threshold for accurate respiration
sensing [19]. The experiment results indicate that RISensing
effectively enhances through-wall sensing capability.

Addressing the orientation-dependent issue. Prior Wi-Fi
sensing typically suffers from strong orientation dependency
issue and accurate sensing requires the target to face a
specific direction. When the target changes orientation, the
sensing performance can degrade significantly [19], [49]. To
address this issue, we leverage RIS to improve the orientation
robustness. Now we conduct experiments to evaluate the
impact of different target orientations on respiration sensing.
Specifically, we ask the target to rotate the body orientation
while maintaining a fixed physical location as shown in
Figure 18(a). For each orientation, we ask the target to breathe
normally and extract the respiration patterns with and without
RIS, respectively. As shown in Figure 18(b), we can observe
that without RIS (highlighted in gray), the respiration pattern is
clear at the orientation of 0◦. However, the respiration pattern
becomes less distinct when the body orientation changes,
especially at 90◦, 120◦ and 150◦. In contrast, when RIS is
deployed (highlighted in red), the respiration pattern is always
clear across different target orientations. This occurs because
RIS provides an alternative signal path for Wi-Fi sensing, and
effectively acts as an additional sensing view. When the direct
target reflection is not available for sensing, the RIS-based

target reflection signal can be utilized to compensate for the
direct one.

B. Comparison with State-of-the-art RIS-based sensing

In this section, we compare RISensing with the state-of-the-
art RIS-based sensing, RFlens [21], which does not address the
fundamental issues of wireless sensing, in terms of respiration
sensing. During this experiment, we change the target location
along the perpendicular bisector of the transmitter-receiver line
from 1 m to 15 m with a step size of 1 m, as shown in in
Figure 16 (a). For each target location, we conduct experiments
under three different conditions: (i) without RIS, (ii) with RIS
configured according to RFlens, and (iii) with RIS configured
using our method.

Figure 19(a) shows the respiration patterns at 1∼10 m.
We can observe that the sensing performance of RFlens
varies significantly. While good performance (i.e., respiration-
induced amplitude variation) is achieved at some distances,
we cannot observe the respiration pattern at other distances.
Moreover, the performance of RFlens can be worse than that
without RIS, i.e., 1 m and 4 m, because of the random
combination between the direct reflection signal and the
RIS-based target reflection signal. In contrast, RISensing
always achieves better performance, which benefits from the
constructive combination of reflection signals.

Figure 19(b) shows the mean respiration rate estimation
error. We observe when the target is located further away
from the transmitter and receiver, the error increases. The
error of RISensing is still less than 1 bpm at the distance of
15 m, while the mean error of RFlens is much larger and
varies significantly with the target location. Even at target
locations (i.e., 7 m and 9 m) where RFlens achieves lower
error, RISensing still outperforms RFlens and has smaller
errors. Without RIS, the error is much larger than 1 bpm even
the distance is 5 m.
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Figure 20: Combination of the RIS-based target reflection signal and the direct target reflection signal.
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Figure 22: Performance under different environments.

C. Performance under Different Parameters

In this section, we evaluate the robustness of RISensing by
varying different parameters.

Impact of the number of sub-sampling groups. We
evaluate the impact of the number of sub-sampling groups
on the performance of searching for the phase change. In
this experiment, the transmitter-receiver distance is set as
3 m and the target is 8 m from the midpoint between the
transmitter and the receiver. For all the experiments, the target
breathes normally. We use four step sizes of the phase change
from 0◦ to 360◦: 90◦, 50◦, 40◦ and 10◦ for sub-sampling
in time domain, resulting in 4, 8, 10 and 37 sample groups,
respectively. Figure 20 shows the relationship between sensing
performance (i.e., respiration-induced amplitude variation) and
the phase change of RIS-based target reflection signal. Our
measurement is highlighted in blue while the fitting sine-wave
curve is highlighted in red. In general, the larger the number of
sample groups, the more accurate the fitting sine-wave curve
will be. However, we observe that when the number of sample
groups is 8 in Figure 20(b), the fitting sine-wave curve is close
to that in Figure 20(d) where the number of sample groups
is 37. Therefore, in our experiments, we set the number of
sample groups as 8, which can significantly reduce the delay
of searching for the phase change.

Performance under different types of non-target in-
terference. The non-target motion in the same environment
can cause severe interference to target sensing. RISensing has
the potential to mitigate non-target interference by controlling
RIS-based signal toward the target. Specifically, RISensing can
leverage RIS to significantly improve the target-induced signal
variation, while the interferer-induced signal variation is not
increased. In this case, the impact of non-target interference
is mitigated.

We now evaluate the robustness of RISensing under differ-
ent types of non-target interference, including walking, leaping
and standing. In this experiment, we set the transmitter-
receiver distance as 3 m and the transmitter-RIS distance as
0.5 m. The target sits 3 m away from the midpoint between the
transmitter and the receiver. For each experiment, an interferer
randomly walks, leaps or stands in the areas as highlighted in
blue circles, as Figure 21(a) and (b) shown.

The experiment results are shown in Figure 21(c), (d) and
(e), where we show the mean estimation error of respiration
rate under three different types of interference. We observe
that without RIS (highlighted in blue), the interference can
significantly degrade the sensing performance of target sensing
and result in very large respiration rate estimation errors.
These respiration rate estimation errors are much larger than
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Figure 23: Performance of gesture recognition.

the threshold of 1 bpm, and thus they cannot be utilized for
accurate respiration sensing. Moreover, the walking interfer-
ence leads to the largest errors (i.e., 9 bpm), as shown in
Figure 21(c). In contrast, RISensing can significantly mitigate
the impact of these interference, and the respiration estimation
errors (highlighted in yellow) are reduced. This is because
RISensing can point the RIS-based signal toward the target to
significantly improve the target-induced signal variation, while
the interferer-induced signal variation is unchanged. Note
that RISensing still has limitations in mitigating interference.
Specifically, when the interferer is moving in the area of W4 in
Figure 21(a), the respiration estimation error is 5 bpm, which
is larger than the threshold of 1 bpm. This is because when
the interferer randomly walks within the area of W4, it can
block the target, and the large-scale motion of walking (on the
meter level) significantly overshadows the tiny respiration of
target, which occurs at the millimeter level.

Performance under different environments. To evaluate
the performance of RISensing in different environments, we
conduct experiments in three typical scenarios with different
amount of multipath conditions: an office, a corridor and a
laboratory, as shown in Figure 22(a). In each environment,
we conduct respiration sensing experiments with the target
located at 12 different locations, as highlighted in blue dots.
As shown in Figure 22(b), the mean respiration rate estimation
errors in the three environments are less than 1 bpm with
RIS. In contrast, without RIS, the estimation errors increase
significantly in all environments. In the corridor and laboratory
scenarios, the respiration rate estimation errors exceed 5 bpm.
The performance degradation is due to the longer distances
between the target and the transmitter/receiver, which result
in severe signal fading and interference, making it difficult
to extract accurate respiration patterns. By enhancing the
strength of the target reflection signal and suppressing irrel-
evant multipath, RISensing effectively improves the sensing
accuracy. These experiment results demonstrate the robustness
of RISensing in different multipath environments.

D. Gesture Recognition

To evaluate the capability of RISensing to enhance other
sensing tasks, we apply RISensing to sense hand gestures.
This experimental setup is the same as the default. We let
targets stand 1.5 m away from the transmitter-receiver line
and ask them to perform five gestures. We ask 15 targets to
perform five different gestures (e.g., draw a circle, slide, draw
a zigzag, push and clap), and collect 20 measurements for

each gesture. Figure 23 plots the results with and without
the RIS. We observe that the average gesture recognition
accuracy is increased from 83% to 96% when the RIS is
applied. This result demonstrates that RISensing is effective
in the gesture recognition task. This is because RISensing can
amplify the gesture-induced signal variations, thus improving
the recognition accuracy.

VIII. DISCUSSION

Moving target scenario. RISensing is effective for respi-
ration sensing and gesture recognition only when the human
target is stationary, such as sitting in a chair. When the target is
walking or running, we are not able to capture the respiration
or gesture information. This is because the signal variations
induced by large-scale walking and running are much larger
than those induced by respiration and gestures. As a result, the
subtle signal variations induced by respiration or gestures are
overwhelmed and buried in the larger motion-induced signal
variations. It is very challenging to recover these tiny signal
variations. Existing wireless sensing systems also commonly
assume the target remains stationary during sensing. Resolving
such challenges is crucial to make wireless sensing work in
practical scenarios.

Severe dynamic interference. Based on our experiments
with interference, we observe that RISensing is more robust
against static non-target interference, such as leaping or
standing still. However, when an interferer walks across
the LoS path between the RIS and the target, or between
the transmitter and the receiver, the sensing performance
significantly degrades because the target is blocked. We leave
this issue as a challenging yet interesting research direction
for future work.

IX. CONCLUSION

In this paper, we present the design, implementation, and
evaluation of RISensing, a system that deploys an RIS in
the environment to enhance performance of Wi-Fi sensing.
RISensing leverages RIS to generate a new target reflection
signal, which can be carefully controlled to constructively
combine with the original direct target reflection signal. We
utilize the combination of two target reflection signals to
address two fundamental issues in Wi-Fi sensing, i.e., limited
sensing range and orientation-dependent issue. We conduct
extensive experiments and demonstrate the effectiveness of
RISensing in real-world setting. We believe the proposed RIS-
based sensing model and signal processing methods can be
applied to other RIS-based sensing modalities.
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