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As one widely used wireless technique,WiFi has the potential to perform non-contact monitoring of respiration.
While pioneering works have demonstrated promising performance, they inevitably ignore the impact of
pervasive motion interference caused by non-target body areas or nearby surrounding interferers. Furthermore,
motion interference has a significant negative impact on the accuracy of respiration monitoring due to signal
aliasing, which further decays the recognition accuracy of these systems. To tackle these limitations, by
employing a novel beamforming algorithm, we proposeWi-Spatial, an anti-motion interference respiration
monitoring system based on commodity WiFi devices that can robustly mitigate the motion interference of
non-target persons and further effectively extract the respiration signals from the target person.Wi-Spatial
first enables stable beam pattern generation of channel state information (CSI) via adaptive phase shift
compensation. Then, a directional nulling beamforming (DN-BF) scheme that directs the main lobe toward the
target subject while adaptively placing beam nulls in the directions corresponding to the interferer is proposed
to enhance the signal response in the area where the target subject is located. Extensive experiments have
demonstrated thatWi-Spatial achieves high performance in monitoring respiration under various intensity
motion inferences, especially in high-intensity motion interference, with a median absolute deviation of 0.41
bpm, which outperforms the state-of-the-art solutions by 28%.
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1 INTRODUCTION
Respiration information is one of the main factors reflecting human health status. It could indicate
physical and mental health conditions of a human person[29, 46], and has enabled a wide range
of healthcare applications, such as sleep status monitoring[12, 44], fatigue detection[33, 37], and
post-illness recovery status monitoring[36, 45]. Traditional approaches for respiration monitoring
depend onwearable sensors such as pulse and capnometers[17], which need to be attached to human
bodies and may further make subjects uncomfortable. Apparently, these approaches are intrusive
and inconvenient to use, especially for elderly people. In the past few years, both academia and
industry have devoted efforts to developing contact-free respiration monitoring systems to address
the limitations of wearable and intrusive sensors. Basically, the contact-free approaches leverage
the reflected signal of various media (e.g., light, acoustic, WiFi, Bluetooth, other radar signals,
etc.) to detect the subtle human chest movements of breathing [3, 9, 10, 30, 36, 41, 47]. Among
all of them, WiFi [36, 41, 47], has emerged as a promising option due to its low cost, widespread
deployment of indoor environments, and the capability to repurpose pre-existing communication
infrastructure. Moreover, it is less susceptible to Line-of-Sight (LoS) occlusion, which seriously
affects light/vision-based and short-wavelength Radio Frequency (RF)-based solutions.
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Fig. 1. Overview.Wi-Spatial performs CSI-based Directional Nulling BeamForming (DN-BF) algorithm to
strengthen the signal from the direction of the target subject (with the main lobe) while suppressing the
interference from interference directions (with the beam nulls).

Q1:What requirements should a practical wireless respiration monitoring system meet?

Although showing promising progress, existing WiFi-based respiration monitoring systems are
still far from practical due to their susceptibility to motion interference from non-target body areas
or individuals. The main reason is that the WiFi channel state information (CSI) tends to capture
all motion information within the sensing area, which inevitably leads to potential indistinctness
[22]. Existing approaches assume a stationary sensing environment and primally rely on spectral
analysis of the CSI amplitude or phase to obtain the respiration rate over a period of time [13, 44].
However, such a strong assumption of a stationary environment is unrealistic, as dynamic motion
interference is pervasive in practical environments. Furthermore, in such situations, the respiratory
signals reflected from the target person are entangled with the motion noise from non-target
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individuals, which can potentially lead to overestimation of the target’s respiration information.
Thus, these systems inevitably fail to work properly when non-target individuals are present.
Obviously, an anti-motion interference WiFi-based respiration monitoring system that can extract
respiration signals under pervasive human motion interference scenarios is necessary and valuable.

To address the motion interference issue, a straightforward way is to filter out the motion signal
of non-target persons while preserving the respiration of the target person (i.e., spatial filtering,
also known as beamforming). The basic idea of beamforming is to strengthen the signal from a
specific direction. Hence, signals from other directions are much weaker and thus do not interfere
with the sensing at the specific direction. Therefore, we ask the question,

Q2: Can we achieve anti-motion interference sensing in the area-of-interest via CSI beam-
forming with one pair of commodity WiFi transceivers?

Although the idea of CSI beamforming-based anti-motion interference sensing sounds simple,
it is not straightforward to achieve this goal. There are two major challenges that need to be
seriously tackled. Firstly, the high-level phase noise in CSI measurements hindered precise control
of beamforming direction. Considering that two conditions, i.e., the transceiver pair needs to be
synchronized, and the initial value between antenna elements needs to be the same, are not met,
the conventional beamforming method can not be directly applied to WiFi sensing systems (radar
meets these two conditions because it transmits and receives in one device). Secondly, due to the
limited antenna number of existing WiFi devices, it is challenging to form forceful beams to filter
out the motion interference from non-target directions. Different from radar systems, since the
main lobe generated by limited antennas of commodity WiFi devices may not be strong enough to
mitigate the noise from other directions, side lobe interference cannot be ignored in WiFi systems.
Furthermore, when the interferers appear in the side lobe direction, the weak respiration signal
may be buried in strong motion interference signals.

In this paper, we take the following steps to address the above challenges. Firstly, to enable CSI
beamforming with high-noise measurements, we optimize the traditional phase offset calibration
schemes by not only eliminating the time-varying phase noise but also addressing the between-
antenna phase shift, which may lead to significant deviations in the beam direction [16, 31].
Specifically, we first employ a reference CSI-based algorithm to cancel out the identical hardware
noise (e.g., PDD, SFO, CFO) resulting from the asynchronous between WiFi transceivers in time
domain [38, 40]. Then, considering that the cycle slips in the phase lock loop (PLL) [7, 16, 51] at
each antenna, by using the cross-correlation method, a beam-direction correction (BDC) algorithm
is proposed to compensate for the between-antenna phase shift and ensure stable beam generation
that accurately aligns the main beam toward the target direction.
Secondly, given the limited antenna number of existing WiFi devices, we explore the noise

suppression capability of beam nulls to mitigate the motion interference from interfering directions.
In particular, a Directional Nulling BeamForming (DN-BF) algorithm is designed to adaptively
suppress the motion interference from other non-target directions via the null scan scheme, as
illustrated in Fig. 1. During the beam null scan process, the receiver array sequentially directs
the CSI null towards different interference angles while constraining the main lobe to the target
direction. Then, by further analyzing the respiration energy of each scanned signal in different
directions, we can adaptively find and eliminate the motion interference impacts of interfering
angles.

We summarize our contributions as follows:

• We design Wi-Spatial, a respiration sensing system that can accurately monitor a target
person even in the presence of motion interference. To the best of our knowledge, this is the

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2025.



111:4 M. Wang et al.

first system that can monitor respiration accurately amidst motion-interference with one
pair of commercial WiFi transceivers.
• By canceling out the identical hardware noises and further compensating the residual initial
phase shifts between antennas, stable beamforming schemes are enabled for CSI-based
sensing systems, which are proved both theoretically and experimentally.
• By steering the main lobe towards the target person and directing the beam nulls to the
interference directions, an anti-motion interference algorithm, DN-BF, is designed to mitigate
various intensity motion interference.
• Extensive experiment results based on commodity WiFi show thatWi-Spatial outperforms
the state-of-the-art (SOTA) systems in various motion interference scenarios and can achieve
0.41 bpm median absolute deviation even in the presence of high-intensity interference1.

The remainder of this paper is organized as follows: Sec. 2 surveys the related work of human
respiration monitoring systems. Then, in Sec. 3, we exploit the feasibility of CSI beamforming
and its anti-interference capability. Sec. 4 details the design and implementation of theWi-Spatial
system. Next, the experiment settings and the evaluation results of our system are presented in Sec.
5. Finally, we conclude our work in Sec. 7.

2 RELATEDWORKS
Numerous studies have been conducted on respiration monitoring. For example, sensors can be
either attached to a user’s body or placed in proximity to the user to monitor respiration. However,
those methods are intrusive[1, 18] or suffer from limited coverage area[22, 49]. Compared with
those methods, Radio Frequency (RF)-based approaches provide broader coverage and greater
mobility, making them ideal for monitoring in contact-free and ubiquitous scenarios. The design
space of these approaches is summarized in Fig. 2.
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Fig. 2. Design Space: comparing to related work.

Radar-driven approaches.Given the large bandwidth, numerous high-precision respiration sensing
systems have been implemented based on radar devices, including frequency-modulated continuous-
wave (FMCW) radars[4], ultra-wideband (UWB) pulse radars[48], imaging radars[28], and mmWave
radars[25], etc. For example, DeMan [28] used an imaging radar to monitor breathing-induced
patterns and detect stationary people. V2iFi [48] utilized the wide 1.4 GHz bandwidth of its IR-UWB
radar to discriminate different subjects in a vehicle. By employing two modality data, i.e., mmWave
radar and camera data, Var-VSM[25] monitored vital signs for the location-fixed human subject
1The high-intensity interference is defined as the motion interference that involves the whole body region of the interferer
(i.e., stepping), characterized by its intense movement and a large area of effect.
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in the presence of interference from both the motion interference of other people and the body
movements of the target individual. Some of these works are capable of achieving satisfactory
monitoring robustness even in the presence of motion interference. However, they need dedicated
hardware and spectrum, which inevitably adds cost, and lack scalability, which impedes large-scale
and long-term deployment.

WiFi-based approaches. WiFi-based respiration sensing approaches have gained particular popu-
larity due to their compatibility with existing communication hardware and widespread deployment.
Conventional methods [13, 14, 21, 35, 39] are based on the fact that the wireless channel state shows
rhythmic patterns associated with the breathing process of a single person to perform respiration
monitoring. For instance, Liu et al. [13, 14] presented the first attempt to estimate respiration rate
by analyzing the power spectral density (PSD) of CSI amplitude in the frequency domain. Wang
et al. [21] presented the Fresnel zone model for WiFi-based respiration monitoring. Zeng et al.
[39] leveraged the complementary CSI amplitude and phase information to improve the system
robustness of user location. By utilizing the CSI difference between antennas, the sensing range
of WiFi-based respiration monitoring systems was further improved in work[41]. However, these
systems are all based on the assumption that there is only one breathing person in the sensing area
and thus may not be applicable to real-world scenarios since motion interference from others may
occur occasionally.
Recently, some works have been proposed to leverage the physical separation or algorithmic

separation methods to realize respiration monitoring under motion interference environments. For
example, Hu et al.[8] exploited the dominating effect of WiFi near-field and achieved respiration
sensing under the interference of other people. Qiu et al. [15] enabled respiration monitoring in
dynamic environments through the integration of multiple consecutive WiFi channels. However,
these approaches required the interferers to keep a sufficient distance from the target person
and WiFi transceivers. Zeng et al.[40] leveraged the statistical independence of different subjects
to separate the respiration signal of each person. However, they fail to identify to whom each
respiration signal belongs, thereby introducing potential ambiguity. There also has been a growing
interest in leveraging compressed beamforming reports (CBR) for WiFi sensing [27]. Nevertheless,
considering that CBR provides only partial and compressed channel information, the coarse-grain
data may pose challenges in accurately extracting target signals within complex and dynamic
environments.

Summary. Despite extensive research efforts on WiFi-based respiration sensing, there is still an
evident gap between research and real-life applications. One of the main reasons for this gap is the
underlying assumptions of the ideal environment without any interfering individuals. To address
these issues, certain works recommended increasing the resolution of multipath discrimination
by increasing bandwidth to achieve anti-motion interference capability [15, 19]. However, these
approaches need a wire-direct connection (WDC) to mitigate the accumulating hardware-related
noises induced by the process of WiFi channel synthesizing. Recently, researchers have exploited
beamforming techniques [38, 43] to reinforce the respiration signals carried by the WiFi dynamic
component vector. However, they only focused on the single-person case and totally disregarded
common scenarios involving multiple interfering subjects.

3 MOTION NOISE-TOLERABLE CSI BEAMFORMING
In this section, we introduce the basics of WiFi human sensing and systematically study the
capability of CSI beamforming for anti-motion interference sensing. Compared with conventional
respiration sensing systems developed for human sensing in static environments[40, 41], our system
is capable of monitoring the respiration of a target in the presence of motion interference from
other persons.
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(a) -60° (b) -30° (c) 0° (d) 30° (e) 60°

Fig. 3. Simulation ofWiFi Beamforming in different directions (5.32 GHz, 2.8 cm interval, 3-element uniformed
linear array).

3.1 WiFi Sensing in Dynamic Environments
The CSI, under an ideal condition, is a complex value to describe the multipath propagation from
transmitter to receiver at a certain carrier frequency, which can be represented as:

ℎ(𝑓 , 𝑡) =
𝐿∑︁

𝑘=1
𝛼𝑘 (𝑓 , 𝑡) · 𝑒− 𝑗2𝜋

𝑑𝑘 (𝑓 ,𝑡 )
𝜆 , (1)

where 𝐿 is the total number of propagation paths, 𝛼𝑘 is the amplitude attenuation factor, 𝑑𝑘 is
length of 𝑘𝑡ℎ propagation path, and 𝑓 is the carrier frequency. Consider a WiFi sensing system
with a transmitter (Tx) and a receiver (Rx) aiming to sense the physical motion of a human subject
S in a dynamic environment with multiple interferers. To focusing on the influence of the target
subject S, we model the CSI between transmitter and receiver as[8]:

ℎ(𝑓 , 𝑡) = ℎ𝑇,𝑆,𝑅 (𝑓 , 𝑡) + ℎ𝑠𝑇 ,𝑅 (𝑓 ) + ℎ
𝑑
𝑇,𝑅 (𝑓 , 𝑡), (2)

where ℎ𝑇,𝑆,𝑅 (𝑓 , 𝑡) represents the channel gain from Tx to Rx through the reflection of the target
person S, and ℎ𝑠

𝑇 ,𝑅
(𝑓 ), ℎ𝑑

𝑇,𝑅
(𝑓 , 𝑡) represent the static and dynamic channel gains between Tx

and Rx corresponding to the communication path and interfering motions along it, respectively.
Due to the clock unsynchronization between Tx and Rx, the actual CSI readings are mixed with
hardware-related noises[15], which can be expressed as:

𝑥 (𝑓 , 𝑡) = 𝛼𝑁 · 𝑒− 𝑗 (𝑘 (𝜆𝑝+𝜆𝑠 )+𝜆𝑐+𝛽 ) · ℎ(𝑓 , 𝑡) + 𝑍, (3)

where 𝑥 (𝑓 , 𝑡) represents the CSI measurements with hardware-related noises at time 𝑡 for a specific
subcarrier frequency 𝑓 . Additionally, 𝛼𝑁 is the power control gain of the receiver, 𝜆𝑝 , 𝜆𝑠 , and 𝜆𝑐
denote the phase offset of packet detection delay (PDD), sampling frequency offset (SFO), and
central frequency offset (CFO), respectively. Furthermore, 𝛽 represents the initial phase offset, and
𝑍 denotes the Gaussian noise. It is worth noting that the initial phase offset 𝛽 varies from antenna
to antenna, which is likely due to the initial phase difference of the phase-locked loop (PLL) or
the inherent circuit imperfection in commercial WiFi NICs (e.g., Intel 5300, Intel 9260, Atheros
AR9380) [42, 52]. Previous studies have shown that this initial phase offset is semi-time-invariant,
usually alternating between two possible values, and similar observations have been reported in
the context of angle-of-arrival estimation based on inter-antenna phase [7, 50, 52].

3.2 CSI Beamforming for Directional Sensing
Suppose the WiFi receiver is equipped with a linear antenna array with𝑀 elements and that the
distance between adjacent antennas is 𝑑 . Consider a piece of consecutive CSI with a length of 𝐿
from the antenna array:

𝑿 = [𝑥1 (1), · · · , 𝑥1 (𝑙), · · · , 𝑥1 (𝐿), · · · , 𝑥𝑚 (1), · · · , 𝑥𝑚 (𝑙),
· · · , 𝑥𝑚 (𝐿), · · · , 𝑥𝑀 (1), · · · , 𝑥𝑀 (𝑙), · · · , 𝑥𝑀 (𝐿)],

(4)
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Fig. 4. One case of respiration energy distribution of beamformed CSI for single person scenario (𝜃 = 0°,
𝑅𝑅 = 0.18 Hz). (a-c) The respiration signal of the subject is strengthened, however, the estimated direction
has a large deviation due to the PLL phase offset between antenna elements. (d-f) The beamformed CSI after
initial PLL phase offset compensation, however, the energy of side lobes is non-negligible.

where 𝑥𝑚 (𝑙) represents the complex CSI value for 𝑚𝑡ℎ antenna at 𝑙𝑡ℎ sample. In the multipath
probation environment, each propagation path induces a distinct phase shift at each antenna
element depending on its incident angle 𝜃 . The steering vector 𝒂(𝜃 ) corresponding to the incident
angle 𝜃 can be represented by:

𝒂(𝜃 ) = [1, · · · , 𝑒 𝑗Δ𝜑𝑚 , · · · , 𝑒 𝑗Δ𝜑𝑀 ]𝑇 , (5)

where Δ𝜑𝑚 =
2𝜋 (𝑚−1)𝑑𝑠𝑖𝑛 (𝜃 )

𝜆
is the phase delay between the𝑚𝑡ℎ and the 1𝑠𝑡 antenna corresponding

to the arrival angle 𝜃 . By compensating for the phase shift delay and summing up the signals of
antenna elements using 𝒂(𝜃 ), the beamformed CSI can be represented as:

𝒚 = 𝒂(𝜃 )𝑇𝑿 , (6)
where 𝒚 is the beamformed CSI with the main lobe directed to 𝜃 . Then, we define a spatial grid of
all candidate AoAs 𝑨 to extract the signals from all azimuth directions. The beamformed CSI of all
azimuth directions can be expressed as:

𝒚 = 𝑨𝐻𝑿 , (7)
where 𝑨 is the weight matrix of all candidate AoA values, which could be expressed as:

𝑨 =
[
𝒂(𝜃1) 𝒂(𝜃2) , · · · , 𝒂(𝜃𝑔𝐴 )

]𝑇
, (8)

where 𝑔𝐴 denotes the number of candidate AoA.
Next, we simulate the beam patterns in different directions to test the feasibility of using CSI

beamforming for directional respiration sensing. In the simulation, the antenna array is configured
with 3 antennas with adjacent intervals of half a wavelength (i.e., 2.8 cm for a frequency of 5.32
GHz). The beam direction is set to −60°, −30°, 0°, 30°, and 60°, respectively. With three-element
uniform linear array, the corresponding half-power beamwidth can be approximated as Δ𝜃3𝑑𝐵 =
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0.886 · 𝜆/(𝑀 · 𝜆/2) ≈ 33.9°. This beamwidth is narrow enough to direct the main lobe toward the
target subject in typical indoor environments. As illustrate in Fig. 3, we can observe that the main
lobe is oriented toward the targeted directions and the gain of other directions is much smaller
than the main lobe. However, the energy of the side lobes in non-target directions is non-negligible
due to the limited number of antenna elements in commodity WiFi devices.
Afterward, we carry out a benchmark experiment to validate the capability of main lobe gen-

eration for a three-antenna array, as illustrated in Fig. 4. In the experiment, a target person is
positioned in front of the receiving antenna array (𝜃 = 0°), and his respiration rate (RR) of 0.18
Hz that measured by a commodity ECG sensor node[2]. We then apply the approach presented
in [43] to generate the directions-frequency spectrum for spectral analysis. The results clearly
demonstrate that after beamforming, a sharp and stable spectral peak emerges precisely at 0.18 Hz.
This indicates that the three-antenna array can enhance the target’s respiratory signal. In other
words, the main lobe can be directed toward the target user. According to [43], for one person, the
direction-frequency spectrum is expected to show one bright spot in the direction corresponding
to the target person. However, the target direction does not exhibit the highest respiratory
energy, instead, it demonstrates the lowest intensity of the respiratory energy. One of the
main reasons behind this is the initial phase offset of actual CSI readings across different receiver
antennas, which will be addressed in Sect. 3.4.

3.3 Directional Nulling Beamforming for Motion-tolerance Sensing
To address the issue of side lobe interference, we propose a Directional Nulling Beamforming
(DN-BF) method, which directs the main lobe to the target direction while adaptively nulling the
motion interference signals from interferers in other directions.
In theory, a linear antenna array with 𝑀 elements can control the main lobe direction while

controlling up to𝑀−1 null directions [20].With three antennas of commercialWiFi transceivers, the
array can generate a main beam while placing nulls in up to two distinct directions. Conventional
beamformers that leverage beam nulls to suppress the interfering noise (e.g., Minimum Variance
Distortionless Response, MVDR), formulate as an optimizing problem. By minimizing the total
output power while constraining the gain of the target direction, the interference from other
directions can be suppressed[25]. The problem is formulated as follows:

min
𝒘

𝒘𝐻𝑹𝒘

𝑠 .𝑡 .𝒘𝐻𝒂(𝜃 ) = 1,
(9)

where 𝑹,𝒘 represent the covariance matrix of the received signals and the complex weight applied
to the beamformer, respectively. Whereas the optimized MVDR beamformer can theoretically
achieve a higher signal-to-noise ratio (SNR), they were not designed to prioritize sensing quality.

Therefore, we need to find another "ruler" to measure the sensing quality of human respiration.
We adopt the sensing-signal-to-noise-ratio (SSNR) defined in [38] to quantify the human sensing
quality. In typical monitoring scenarios, the direction or position of the target user is usually fixed,
while those of non-target individuals are typically random, e.g., in a hospital ward with multiple
patients. Therefore, let us assume the directions of motion interferers are unknown, while the
target user’s direction is known. The problem of motion-tolerance CSI beamforming is formulated
as follows:

max
𝒘

𝑠𝑠𝑛𝑟

𝑠.𝑡 .𝒘𝐻𝒂(𝜃S) = 1,
(10)
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Fig. 5. Comparison of beam patterns between conventional beamforming and DN-BF. With the main lobe
direction determined (i.e., 𝜃S = 0°), the null position of the conventional beamformer is fixed, whereas DN-BF
allows for placing beam nulls at a specific direction (e.g., 𝜃𝐼 = 30°, 𝜃𝐼 = 60°).

where 𝑠𝑠𝑛𝑟 is defined as the ratio of the power of dynamic component and noise:

𝑠𝑠𝑛𝑟 =
𝑃𝑡𝑎𝑟𝑔𝑒𝑡

𝑃𝑛𝑜𝑖𝑠𝑒
=
|𝛼S (𝑓 , 𝑡) |2
|𝜖 (𝑓 , 𝑡) |2 , (11)

where 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 denotes the power of the target-reflected signal, 𝑃𝑛𝑜𝑖𝑠𝑒 denotes the noise power,
𝛼S (𝑓 , 𝑡) represents the amplitude attenuation of the signal reflected from the target subject, and
𝜖 (𝑓 , 𝑡) represents the measurement noise on subcarrier 𝑓 at time 𝑡 . As we can observe from Eq. (11),
a higher target-reflected signal power or a lower noise power results in a larger SSNR, and thus
indicates a stronger sensing capability.

Since the SSNR defined in Eq. (11) has not yet taken into account the noise components caused
by motion interference in dynamic environments, we extend the SSNR to be suitable for measuring
sensing quality in motion interference environments and define it as follows:

𝑠𝑠𝑛𝑟 =
𝑃𝑡𝑎𝑟𝑔𝑒𝑡

𝑃𝑖𝑛𝑡𝑒𝑟 𝑓 𝑒𝑟𝑒𝑟 + 𝑃𝑛𝑜𝑖𝑠𝑒
=

|𝛼S (𝑓 , 𝑡) |2
|𝛼𝐼 (𝑓 , 𝑡) |2 + |𝜖 (𝑓 , 𝑡) |2

, (12)

where 𝑃𝑖𝑛𝑡𝑒𝑟 𝑓 𝑒𝑟𝑒𝑟 denotes the power of motion interference, and 𝛼𝐼 (𝑓 , 𝑡) represents the amplitude
attenuation of the signal reflected from the motion interferers.

Assuming that the target subject is at angle 𝜃S and the interferer is at angle 𝜃𝐼 , the SSNR of the
beamformed signal can be represented as:

𝑠𝑠𝑛𝑟 =
|𝒘𝐻𝒂(𝜃S)𝒙 (𝑓 , 𝑡) |2

|𝒘𝐻𝒂(𝜃𝐼 )𝒙 (𝑓 , 𝑡) |2 + |𝜖 (𝑓 , 𝑡) |2
, (13)

where 𝒂(𝜃 ( ·) )𝒙 (𝑓 , 𝑡) is the signal of direction 𝜃 ( ·) . Thus, the problem is formulated as follows:

max
𝒘

|𝒘𝐻𝒂(𝜃S)𝒙 (𝑓 , 𝑡) |2
|𝒘𝐻𝒂(𝜃𝐼 )𝒙 (𝑓 , 𝑡) |2 + |𝜖 (𝑓 , 𝑡) |2

(14)

𝑠 .𝑡 .𝒘𝐻𝒂(𝜃S) = 1. (15)

By substituting the constraints𝒘𝐻𝒂(𝜃S) = 1 into the objective function, the optimization problem
can be reformulated as follows:

max
𝒘

1
|𝒘𝐻𝒂(𝜃𝐼 ) |2 + 𝜎2 , (16)

s.t.𝒘𝐻𝒂(𝜃S) = 1, (17)

where 𝜎2 =
|𝜖 (𝑓 ,𝑡 ) |2
|𝒙 (𝑓 ,𝑡 ) |2 denotes the noise-to-signal ratio. Since 𝜎2 can be assumed approximately

constant over a short time window [26], it does not affect the optimization structure. By converting
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Fig. 6. Illustration of between-antenna 𝜋-shift phase offset.

the maximum optimization problem to a minimum optimization problem and simplifying the
formula, we can obtain:

min
𝒘

��𝑤𝐻 (𝑎(𝜃𝐼 ))
��2 + 𝜎2��𝑤𝐻𝑎(𝜃𝑆 )
��2 (18)

𝑠 .𝑡 .𝒘𝐻𝒂(𝜃S) = 1, (19)

where |𝒘𝐻𝒂(𝜃𝐼 ) |2 represents the power gain of the direction of the interferer,𝒘𝐻𝒂(𝜃S) represents
the gain of target direction, and 𝜎2 is the noise term. The minimum interference can be achieved
by minimizing the signal power of the interfering direction while constraining the target gain.

Fig. 5 illustrates the comparison between the conventional phase-shift beamformer and DN-BF.
These results demonstrate that DN-BF has a strong capability of placing beam nulls in a specified
direction while maintaining the direction of the main lobe. Therefore, when an interferer is present
in random unknown directions with the predefined target direction, DN-BF can adaptively mitigate
motion interference using the beam null scan scheme. Specifically, during the beam null scan
process, DN-BF constrains the main lobe to the direction of the target person while sequentially
placing beam nulls towards different azimuth angles. By analyzing the respiration energy (RER) of
each scanned signal, we can select the target respiration signal with the lowest motion interference.

3.4 Enable Stable CSI Beamforming via Initial Phase Offset Compensations
As explained in Sec. 3.1, the beamforming technology cannot be directly employed for WiFi-based
respiration sensing due to the hardware-related noise of CSI measurements. To realize DN-BF
on off-the-shelf WiFi devices, we leverage two steps to enable stable CSI Beamforming via phase
compensations: (1) time-varying phase noise removal, which cancels out the identical hardware
noise between antennas (e.g., PDD, SFO, CFO), and (2) between-antenna phase shift calibration,
which compensates the phase offset among receiver antenna.

Time-varying phase offset removing for CSI Beamforming. By adding a reference channel,
the obtained CSI ratio can subdue time-varying hardware-related noises[23, 24, 41]. We utilize
an optimization-based approach to construct the reference CSI without requiring any additional
hardware. The reference CSI is represented as follows:

ℎ𝑟𝑒 𝑓 =𝑊 𝐻𝑋 (20)

where𝑊 =
[
𝑟1𝑒

𝑗𝜖1 𝑟2𝑒
𝑗𝜖2 · · · 𝑟𝑀𝑒

𝑗𝜖𝑀
]
is a 1 × 𝑀 weight vector with 2𝑀 parameters. The

weighted vector𝑊 can be obtained by minimizing the energy of dynamic frequency components,
which can be expressed as:

𝑊 = argmin
𝑊

𝑟𝑒 (𝑊 𝐻𝑋 ) (21)
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where 𝑟𝑒 (·) is the energy of the dynamic frequency component, which can be calculated by taking
the Fast Fourier Transform (FFT) over a time window to CSI phase information. Note that instead of
minimizing the respiration energy ratio (RER) of CSI amplitude as in [38], we directly minimize the
energy of human motions of CSI phase information to construct the reference CSI. This is mainly
because the calculated RER is a relatively small value and using it as the optimization function
may result in residual dynamic components in the constructed reference CSI. The weighted sum of
signals is given by:

𝑀∑︁
𝑖=1

𝑊𝑖 · 𝑥𝑖 (𝑓 , 𝑡) =
𝑀∑︁
𝑖=1

𝑊𝑖 · 𝑒− 𝑗 (𝜙𝑇 +(𝛽0+Δ𝛽𝑖 ) ) · [ℎ𝑆𝑇 ,𝑅 (𝑓 ) + ℎ
𝐷
𝑇,𝑅 (𝑓 , 𝑡)]

= 𝑒− 𝑗𝜙𝑇
𝑀∑︁
𝑖=1

𝑊𝑖 · [ℎ𝑆𝑇 ,𝑅 (𝑓 ) + ℎ
𝐷
𝑇,𝑅 (𝑓 , 𝑡)] · 𝑒

− 𝑗 (𝛽0+Δ𝛽𝑖 )

= 𝑒− 𝑗𝜙𝑇
𝑀∑︁
𝑖=1
[𝑊𝑖 · ℎ𝑆𝑇 ,𝑅 (𝑓 ) +𝑊𝑖 · ℎ𝐷𝑇,𝑅 (𝑓 , 𝑡)] · 𝑒

− 𝑗 (𝛽0+Δ𝛽𝑖 ) ,

(22)

where 𝜙𝑇 = 𝑘 (𝜆𝑝 + 𝜆𝑠 ) + 𝜆𝑐 represents the random time-varying phase offsets induced by PDD,
SFO, and CFO that is equivalent to CSI for each receiver antenna, 𝑒− 𝑗Δ𝛽𝑖 = 𝑒− 𝑗 (𝛽𝑖−𝛽0 ) represents
the initial phase offsets of 𝑖𝑡ℎ antenna with respect to the 1𝑠𝑡 antenna 𝑒− 𝑗𝛽0 , and ℎ𝐷

𝑇,𝑅
(𝑓 , 𝑡) =

ℎ𝑇,𝑆,𝑅 (𝑓 , 𝑡) + ℎ𝑑𝑇,𝑅 (𝑓 , 𝑡) represents the overall dynamic components of CSI which contain both
the signal of the target person and the interference signal of interferers. After minimizing the
human motion energy of CSI in the frequency domain, the optimal weight𝑊 ∗ can be obtained.
The constructed reference CSI can be expressed as:

ℎ𝑟𝑒 𝑓 (𝑓 , 𝑡) = 𝑒− 𝑗𝜙𝑇
𝑀∑︁
𝑖=1

𝑊 ∗𝑖 · ℎ𝑆𝑇 ,𝑅 (𝑓 ) · 𝑒
− 𝑗𝛽𝑖 = 𝑒− 𝑗𝜙𝑇𝑏, (23)

where 𝑏 =
∑𝑀

𝑖=1𝑊
∗
𝑖 · ℎ𝑆𝑇 ,𝑅 (𝑓 ) · 𝑒

− 𝑗 (𝛽0+Δ𝛽𝑖 ) is a complex-valued constant. By calculating the ratio
between the CSI of each antenna and the reference CSI, we can subdue the hardware-related
time-varying phase noises. The denoised CSI of the 𝑖𝑡ℎ antenna can be calculated as:

𝑥𝑖 (𝑓 , 𝑡)
ℎ𝑟𝑒 𝑓 (𝑡)

= (�ℎ𝑆
𝑇 ,𝑅
(𝑓 ) + 𝛼𝐷

𝑇,𝑅
𝑒
− 𝑗2𝜋𝑑𝑖 (𝑓 ,𝑡 )

𝜆 ) · 𝑒− 𝑗 (𝛽0+Δ𝛽𝑖 ) , (24)

where ℎ̂𝑆
𝑇 ,𝑅

= ℎ𝑆
𝑇 ,𝑅
/𝑏 is the constant static component and 𝛼𝐷

𝑇,𝑅
𝑒
− 𝑗2𝜋𝑑𝑖 (𝑡 )

𝜆 is the calibrated dynamic
component. Now, the random time-varying phase noise has been eliminated. However, the between-
antenna chains phase noise 𝑒− 𝑗Δ𝛽𝑖 still exists.

Between-antenna phase offset removing for CSI Beamforming. After removing the time-
varying phase offset, there is still an initial constant phase offset between the antenna pairs of
the receiver, as illustrated in Fig. 6. To understand its impact on CSI beamforming, we consider a
simple beamforming process using two RF chains. Let ℎ0 (𝑓 , 𝑡) and ℎ1 (𝑓 , 𝑡) denote the CSI of two
RF chains, with 𝜃 denoting the angle of arrival of the signal reflected by the target individual. We
have the beamformed CSI of combined RF chains as follows:

𝑦 (𝜃, 𝑡) = ℎ0 (𝑓 , 𝑡) + ℎ1 (𝑓 , 𝑡) · 𝑒 𝑗
2𝜋𝑠𝑖𝑛 (𝜃 )

𝜆 . (25)
Considering the initial random between-antenna phase offset, we have:

𝑦 (𝜃, 𝑡) = 𝑒− 𝑗𝛽0ℎ0 (𝑓 , 𝑡) + 𝑒− 𝑗𝛽1ℎ1 (𝑓 , 𝑡) · 𝑒 𝑗
2𝜋𝑠𝑖𝑛 (𝜃 )

𝜆

= 𝑒− 𝑗𝛽0 [ℎ0 (𝑓 , 𝑡) + ℎ1 (𝑓 , 𝑡) · 𝑒 𝑗
2𝜋𝑠𝑖𝑛 (𝜃 )

𝜆 · 𝑒 𝑗 (𝛽1−𝛽0 ) ],
(26)
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Fig. 7. The system pipeline ofWi-Spatial.

where 𝑒 𝑗 (𝛽1−𝛽0 ) represents the between-antenna phase offset and can potentially disrupt the direc-
tion of the CSI beam. Fortunately, the phase difference between two antennas has two constant
values, and the relationship between those two values is given by [7]:

|𝛽1 − 𝛽0 | = 𝑘𝜋, 𝑘 ∈ 0, 1, 2, . . . , 𝑁 (27)

where 𝛽0 and 𝛽1 represent the initial phase of the 1𝑠𝑡 and 2𝑒𝑑 antenna at the same receiver, respec-
tively. This phenomenon is called 𝜋-shift [7], which may be due to the imperfection of the inertial
circuits or the initial phase difference of the phase-locked loop (PLL) of commercial off-the-shelf
(COTS) WiFi chips [7, 52]. Therefore, we can compensate for the 𝜋-shift between antennas to
correct the CSI beam pattern. Our method is presented in Algo. 1, and we will discuss it in detail in
the next section.
As shown in Fig. 4 (d-f), it can be observed that before the initial phase shift compensation,

the direction of the generated beam has a significant deviation. After compensating the 𝜋-shift
offset, the beam direction of CSI has been aligned with the corresponding steering vector 𝒂(𝜃 ),
which indicates that the denoised CSI can be applied to beamforming methods. Note that there
are slight deviations between the direction of the maximum respiratory energy and the ground
truth direction. This is mainly because we have assumed that the target direction is the angle of
the subject relative to the Rx antenna array, while the actual incidence angle needs to take into
account the signal propagation process from the transmitter to the subject and then to the receiver.
Additionally, we can also observe that the relatively high-energy respiration signals appear in the
directions of the side lobes (e.g., +60° and -60°), which indicates that the interference from the side
lobes is non-negligible. For instance, when the interferer appears in the direction of a side lobe, the
signal we extract will contain not only the respiratory signal amplified by the main lobe but also
the interference signal amplified by the side lobe.

4 SYSTEM DESIGN
4.1 System Overview
Fig. 7 illustrates the pipeline of our system. The goal of our design is to achieve motion interference-
tolerance respiration sensing.Wi-Spatial is mainly composed of three components: : data prepos-
sessing, interference mitigation, and respiration rate estimation. The data preprocessing module
first eliminates the time-varying phase offsets from raw CSI measurements, then denoises and
normalizes the data. Then, the most sensitive subcarrier is selected to mitigate the impact of fre-
quency selective fading. Subsequently, the interference mitigation module performs the PLL phase
offset compensation algorithm to eliminate the phase offset between antennas and correct the CSI
beam direction. After that, the DN-BF is employed to mitigate the motion interference signal from
non-target persons. Finally, the respiration rate estimation module extracts the CSI phase waveform
with the lowest motion interference and estimates the respiration rate of the target person.
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Fig. 8. Examples of DN-BF with different levels of SSNR. (a),(c) the CSI amplitude and direction-frequency
spectrum after the DN-BF scan under a high SSNR (i.e., no interference) scenario. (b), (d) the case under low
SSNR (e.g., high interference).

4.2 Data Preprocessing
Commodity WiFi NIC reports noisy CSI values, both due to the unsynchronized clock between
transceiver devices and the low resolution of the analog-to-digital converters (ADCs). Therefore, to
enable CSI beamforming on commercial WiFi devices, we have the following three preprocessing
steps: 1) address the time-varying phase offset, 2) normalize the magnitude of complex-valued CSI,
and 3) select the sensitive subcarrier.

Time-varying phase offsets removing. For each subcarrier, we cancel out the time-varying phase
offsets through two steps as described in Sec. 3.4. First, to construct the reference CSI, we take
the FFT to the phase of the combined CSI over a time window of 20 seconds and calculate the
energy of human motion by the energy sum of FFT bins in the range of 0.1-10 Hz2. The optimal
weight𝑊 ∗ is obtained by minimizing the human motion energy by a genetic algorithm [5]. Second,
once the optimal weight𝑊 ∗ is obtained, we constructed the reference CSI based on Eq.(20), where
ℎ𝑟𝑒 𝑓 =𝑊 ∗𝐻𝑋 , and divided it to each antenna to eliminate the time-varying phase offsets.

CSI Denoising and Normalization. After removing time-varying phase offsets, the CSI time series
is filtered and normalized so that the samples across different antennas can be identical in CSI
amplitude to facilitate subsequent beamforming and accurate respiration waveform recovery. We
first identify the outliers using the three-sigma statistical threshold criteria method and replace
these outliers using linear interpolation. Then, we denoised the CSI through a low-pass filter with
a cut-off frequency of 𝑓𝑐𝑢𝑡 = 0.5 Hz for respiration monitoring. Afterward, we subtracted the direct
current (DC) components of CSI for static background elimination and scaled the magnitude for
CSI dynamic components normalization. This allows us to focus on the phase change of dynamic
components.
Subcarrier Selection. The sensitivity of capturing the target subject’s respiration signals varies

among different subcarriers due to the multipath fading and shadowing effects at different frequen-
cies. Therefore, we just select the high-quality observations for anti-motion interference respiration
sensing. We adopt the method proposed in [40] to select the most sensitive subcarrier. Based on the
phenomenon that a higher RER of a time series of CSI readings for a certain subcarrier indicates a
higher possibility that it contains useful respiration information, the sensitive subcarrier can be
selected.

4.3 Motion-interference Mitigation
Beam direction correction (BDC). According to Sec. 3.4, the between-antenna phase shift

𝑒 𝑗 (𝛽 𝑗−𝛽𝑖 ) may induce a large deviation in the beam direction. Thus, before applying DN-BF to

2The normal range for human respiration rate is 0.1-0.5 Hz, while human activity frequencies range from 0-10 Hz.

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2025.



111:14 M. Wang et al.

suppress the motion-induced interference from other individuals, we first compensate for the phase
shift between antennas. The initial PLL phase offsets of a certain antenna element are two possible
constant values[7, 42], and the phase difference between two antennas remains two possible values
for one frequency channel as described in Eq. (27).
The pseudo-code of the PLL phase offset compensation is shown in Algo. 1. The input of the

algorithm is the time-varying phase offset calibrated CSI sequence, which is denoted as 𝐻 =

(ℎ̂1, ℎ̂2, · · · , ˆℎ𝑀 ). The phase compensation is based on the following insight. When the phase offset
in each RF chain is correctly compensated, the CSI values between the 2𝑛𝑑 to𝑀𝑡ℎ antenna and the
1𝑠𝑡 antenna exhibit the highest similarity. It should be noted that once the PLL phase offset values
are determined, they are long-term valid unless the Rx devices are restarted. After compensating
the PLL phase offset, we can obtain the denoised CSI, which is taken as the input of CSI DN-BF to
mitigate the motion interference from other persons.

DN-BF based motion interference suppression.We direct the main lobe to the target direction while
scanning the directions ranging from −80° to 80° with beam nulls (at a step size of 1°). However, due
to the lack of precise knowledge about 𝜖 (𝑓 , 𝑡), directly obtaining a nontrivial solution by solving Eq.
(18) is infeasible. To address this, we employ an optimization algorithm to determine the optimal
DN-BF weights. For computational efficiency, we reformulate the optimization function as follows:

𝒘∗ = argmin
𝒘

𝑐1𝒘
𝐻𝒂(𝜃𝐼 ) − 𝑐2𝒘𝐻𝒂(𝜃𝑇 ) (28)

where 𝑐1 and 𝑐2 are scale factors that ensure the main lobe is steered toward 𝜃𝑇 . Specifically, we
set the 𝑐1 to about approximately ten times 𝑐2 to maintain this constraint. Once the𝒘∗ is obtained,
we multiplied the denoised CSI signal by the corresponding weight of DN-BF for each direction.
This process generates a set of beam patterns, each of which enhances the reflected signals from
the target direction while suppressing motion noise from the corresponding interference direction
using beam nulls.

Algorithm 1: PLL Phase Offset Compensation
Input: Time-varying phase offsets calibrated CSI of𝑀 RF chains: 𝐻 = (ℎ1, ℎ2, · · · , ℎ𝑀 ),

reference CSI, ℎ𝑟𝑒 𝑓
Output: Compensated CSI data, 𝐻 ′ = (ℎ′1, ℎ′2, · · · , ℎ′𝑀 ),
values of phase offset 𝜑

1 Initialize the PLL phase offset compensation set,
2 𝜙 ← {0, 𝜋};
3 for i = 2 to M do
4 similarity = Null;
5 for j = 1 to length(𝜙) do
6 Calibrate ℎ𝑖 using 𝜙 𝑗 , ℎ𝑡𝑚𝑝 ← ℎ𝑖 + 𝜙 𝑗 ;
7 similarity[j]← ∑𝑛

𝑖=1 ( | |ℎ𝑡𝑚𝑝𝑖 − ℎ1𝑖 | |)/(𝐿 − 1);
8 end
9 Ind← index of min(similarity);

10 values of phase offset 𝜑𝑖 ← 𝜙𝐼𝑛𝑑 ;
11 ℎ′𝑖 ← compensating ℎ𝑖 with 𝜑𝑖 ;

12 end
13 return 𝐻 ′, 𝜑 ;

4.4 Respiration-induced Path Identification and Respiration Rate Estimation
Observation selection. After obtaining the DN-BF processed beamformed CSI for each direction,

we calculate the unwrapped CSI phase information as candidate waveforms. Afterward, we generate
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Fig. 9. Examples of respiration waveform recovery from three types of interference action.

the direction-frequency spectrogram for interference analysis. Firstly, we denoise the candidate
waveforms using a band-path filter in the range of human respiration rate (0.1-0.5 Hz). Then,
we apply the FFT to each candidate waveform to generate the direction-frequency spectrogram,
which characterizes the distribution of respiration energy in various directions. For each candidate
waveform, the SSNR is calculated as the ratio between the sum of the bins corresponding to the
respiratory frequency range (i.e., 0.1-0.5 Hz) and the sum of the bins corresponding to the noise
energy. The noise energy is estimated as the residual energy (i.e., the total energy minus the
respiration signal energy).

Fig. 8 illustrates two DN-BF examples with different levels of SSNR, where both of them have a
target direction of 0° relative to the receiver antenna array. The example with higher SSNR was
collected in a static environment without any interferer, while the example with lower SSNR was
collected with an interferer performing a stepping action at a direction of 45°. From the generated
direction-frequency spectrogram in Fig. 8 (a)(c), one can observe that the respiration energy levels
across all directions exhibit a consistently high magnitude. This is because the main lobe of DN-BF
is always directed toward the target. Consequently, in the absence of interfering motion or when
the interference is weak, mitigating signals from other directions does not effectively enhance the
respiration energy in the target direction. Conversely, in the low-SSNR case, steering the beam null
toward the interferer effectively mitigates interference, leading to a significant improvement in
the target’s RER. Therefore, based on this observation, we select candidate waveforms from the
direction with the strongest respiratory energy for respiration sensing.

Respiration estimation.Once the respiration waveform is extracted, we employ the autocorrelation
function (ACF) [44] to estimate the respiration rate. Based on the calculated ACF, the periodic
breath cycle can be measured by the horizontal distance between the origin and the peak. We utilize
ACF for respiration rate estimation since it can shorten the time delay and produce instantaneous
estimation.

5 EVALUATION
In this section, we evaluateWi-Spatial’s performance in estimating respiration rates under both
static and motion interference conditions. We examine various scenarios and parameter settings to
assess the system’s accuracy.

5.1 Experiment Methodology
Implementation. As shown in Fig. 11,Wi-Spatial consists of one transmitter and receiver pair. All
transceivers are off-the-shelf mini-PCs equipped with an Intel 5300 wireless NIC. Devices are set
to work in the monitor mode on channel 64 at 5.32 GHz with a 20 MHz bandwidth to avoid radio
interference [11]. The transmitter activates one antenna and broadcasts WiFi packets at a rate of
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Fig. 10. Overall Performance.
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Fig. 11. Experimental setup.

1,000 packets per second. The receiver activates all three antennas, with the antenna spacing set to
half the wavelength of the WiFi signal. We collect the ground-truth respiration waveform with a
shimmer ECG sensor node[2] attached to the participant’s chest. The CSI tool [6] is utilized for the
CSI collection, and we process the CSI data offline using MATLAB on a DELL Vostro 5890 desktop
computer.
Evaluation setup. To fully explore the performance ofWi-Spatial, we conduct extensive experi-

ments on respiration rate estimation in both static and dynamic environments where the target
person and non-target participants are spatially separated. We place the antennas of Tx and Rx
at a distance of 1.5 m apart, with the target person being monitored in front of the Rx. All the
transceivers are held up at a height of 10 dm, corresponding to the ergonomic sitting and breathing
level of users. The Wi-Spatial is deployed in a home-like environment. We recruited 9 healthy
volunteers (5 males and 4 females) of different heights (185 to 160 cm) and weights (50 to 79 kg) to
participate in experiments. The ages of volunteers vary from 18 to 25.
We collect respiration data in the presence of non-target persons performing various types of

interfering behaviors (e.g., breath, handwave, and step), representing different levels of interference
(e.g., low, medium, and high). These levels correspond to the size of the body region affected by the
movement interference, with low-level interference involving small localized movements, medium-
level interference affecting the upper body region, and high-level interference impacting the entire
body. During data collection, the participants were asked to work in groups of four, with one person
acting as the target and one to three others acting as dynamic interferers. The target person is asked
to sit (quasi-)statically, while the interferer is asked to perform different interference behaviors in
different positions, directions, and distances. Note that the distance between the interferer and the
receiver is always equal to or greater than the distance between the target subject and the receiver
to recreate daily breathing monitoring scenarios under non-intentional motion interference.

Baseline.We compare our techniquewith twoWiFi-based respirationmonitoring systems in terms
of respiration rate accuracy under dynamic backgrounds with motion interference - an independent
component analysis (ICA)-based multi-person signal separation method named MultiSense (MS) in
[40] and a beamforming-based method named EMA [38]. Note that since the MS cannot identify
to whom each respiration pattern belongs based on the ICA algorithm, we select the waveform
whose estimation is closer to the ground truth for comparison.

Metrics. We use two metrics: 1) Median Absolute Deviation (MAD), defined as the median of
absolute error compared with the ground truth in each slipping window during one measurement;
and 2) Detection rate [41], defined as 𝑁𝑑𝑡

𝑁
, where the 𝑁𝑑𝑡 is the number of CSI measurements whose

respiration rate estimation is close to the ground truth (absolute error < 0.5 bpm) and 𝑁 is the total
number of collected CSI samples.
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Fig. 12. Impact of different separation angles.
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5.2 Overall Performance and Comparison
As illustrated in Fig. 9, we first present four examples of respirationwaveform recovery byWi-Spatial
under different intensity levels of motion interference. For motion interference, we divide it into
four levels: static, low, medium, and high. We represent these levels with four interference behaviors:
no interference, breathing interference, handwaving interference, and stepping interference. To
ensure a clear comparison, the examples presented are all from the same target subject, with only
one interferer in the environment. The waveforms illustrated from top to bottom represent the
raw CSI signal, recovered respiration waveform, and ground truth waveform. It is evident that
Wi-Spatial captures the respiration waveform of the target subject accurately, even in environments
with high motion interference. Moreover, in low and medium interference scenarios,Wi-Spatial
captures not only the accurate respiration rate but also the respiration pattern of the target person.

Table 1. Comparison of overall estimation errors.

Overall Static
Environment

Dynamic Environment
Breath Hand wave Step

EMA 1.01 0.18 0.84 1.67 0.9
MS 0.36 0.2 0.29 0.51 0.42
Ours 0.28 0.19 0.27 0.42 0.41

We further report the quantitative evaluation results and compare them with baselines by
applying the metrics defined earlier. As shown in Tab. 1, it can be seen that when the sensing
environments are static (i.e., no interferer in the sensing area), all the systems work well, with
Wi-Spatial achieving a comparable high level of accuracy (i.e., 0.19 bpm). However, when motion
interference occurs,Wi-Spatial outperforms the other two systems. Note that while MS achieves
accuracy comparable toWi-Spatial, it does not address the challenge ofmatching the extracted signal
to the corresponding target. In our replication, we selected the waveform that best corresponded to
the target, which likely led to an overestimation of MS’s accuracy under motion interference.

As shown in Fig. 10(a) and Fig. 10(b), it can be seen thatWi-Spatial achieves the highest detection
rate of 68.8%, while the same quality for MS and EMA is 63.7% and 41.3%, respectively. For MAD of
all samples,Wi-Spatial achieves an overall median error of 0.28 bpm, while the baseline method
has the overall median errors of 0.36 bpm and 1.01 bpm. In summary, all the results demonstrate
Wi-Spatial’s ability to achieve anti-motion interference respiration sensing in dynamic backgrounds.

5.3 System Robustness to Interference Factors
In the following, we study the performance of Wi-Spatial under different motion interference
scenarios.
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5.3.1 Impact of separation angle. We first conduct a two-subject experiment to evaluate the impact
of the separation angle between the target person and the interfering person. The separation
angle is a key factor in Wi-Spatial’s motion interference mitigation ability that directly affects
the performance of the system. A separation angle smaller than the beam width may cause the
target signal to be inseparable from the interference signal, while a larger separation angle might
be susceptible to side lobes. In this experiment, both the interferer and target person are put 1.5
m away from the receiver. We put the target person at 0° and the interferer at 30°, 45°, and 60°,
respectively. To maintain other factors constant, we instructed both the target person and the
interferer to engage in natural breathing.

The results are shown in Fig. 12(a). The system errors decrease as the separation angle increases.
When the subjects get closer, the interference nulling ability of DN-BF declines, and the two subjects’
reflected signals are superimposed. The reason behind this is that when the direction of nulls is
small enough, the main lobe width of DN-BF will not continue to shrink to ensure that the gain in
the target direction is high enough.

As illustrated in Fig. 13, we further investigate the impact of the rotation direction of interferers
on our system. In this experiment, the interferer is put at the same separation angle but in a different
rotation direction, where the angles are measured clockwise as positive and counterclockwise as
negative. We vary the separation angle while keeping other factors unchanged (i.e., −45° and 45°).
The angle +45° corresponds to the direction away from the Tx-Rx axis, with the Rx is set as the
origin in the polar coordinate system.
The statistical results are shown in Fig. 12(b). The MAD under these settings is 0.38 bpm

and 0.16 bpm for the counterclockwise and clockwise directions, respectively. Comparing the
two experimental settings, the interferer is in the clockwise direction, which will result in a
comparatively weaker interference. This is because of the physical separation of the WiFi device
transceiver. When the interferer is located away from the transmitter, the reflected signal caused
by the interference will exhibit a smaller magnitude, thereby leading to diminished interference to
the system.

5.3.2 Impact of Subject Diversity. The main challenge of monitoring the respiration of a target
person under motion interference is that reflections from a strong target may overwhelm the
reflections from a weak target [34]. Various factors, such as body shape, movement patterns, and
other variables, can exert different impacts on motion interference across different subjects. Thus,
we evaluate the impact of subject diversity across all 9 volunteers, encompassing variations in
height, weight, and gender. For each scenario, we repeat the experiment with those three different
interfering motions.

The performance of Wi-Spatial for all 9 subjects is presented in Fig. 15, showing a detection rate
greater than 60% for 8 subjects and for the rest still have a median error lower than 2 bpm. This
is because the respiration signals of different individuals exhibit inherent variations, particularly
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Fig. 17. Experimental setup with different types (intensi-
ties) of motion interference.

among individuals with weaker breathing movements, which can be easily buried by interference
from other individuals. Compared with baseline,Wi-Spatial demonstrates robust performance in
motion interference scenarios, even when the interferers exhibit diverse characteristics. Although
the performance of Wi-Spatial is lower than that of MultiScense in the data from user 1 and user 4,
it achieves good performance in most cases. Note that MultiScense is unable to distinguish which
extracted waveform corresponds to the target. Therefore, in our experiments, we selected the
waveform that most closely resembled the target signal for comparison. This selection process may
have resulted in an overestimation of MultiScense’s accuracy.

5.3.3 Impact of the Type (Intensity) of Interfering Motion. In real-world scenarios, Wi-Spatial
should be capable of handling situations where the interferer performs various types of motion
with different intensities. Therefore, we investigate the performance ofWi-Spatial under varying
levels of motion interference intensity. The levels of motion interference intensity are defined based
on the extent of the body area involved in motion, where larger movement regions correspond to
higher interference intensity. For example, breathing involves minimal movement confined to the
chest area, resulting in low interference, whereas hand waving engages the upper body, causing
moderate interference, and stepping utilizes the entire body, leading to high interference. We
conduct two-target sensing tests, with the subject sitting in front of the receiver as the monitoring
target. We vary the motion intensity from low to high while keeping other factors unchanged. As
illustrated in Fig. 17, the levels of interfering intensity ranged from low to high, represented by
breathing, hand waving, and stepping, respectively.
As shown in Fig. 14, Wi-Spatial achieves a median error lower than 0.5 bpm for all types of

interference motion. However, it might be counter-intuitive that the accuracy of medium inter-
ference (hand waving interference) is comparatively lower when compared to high interference
(stepping interference). This might be attributed to the similarity between CSI variations induced
by hand waving and those induced by breathing, yet the magnitude of CSI variation induced by
hand waving is larger.

5.3.4 Impact of the number of interferers. In real-life scenarios, the presence of multiple interferers
is frequently observed. To study the impact of the number of interferers, we vary the number of
non-target subjects from 0 to 3, as illustrated in Fig. 19. The target position was set at 0°, while
the interferers were distributed in directions equal to or greater than 36.38° to avoid the cluster
merge when the separation angle is smaller than the Rx half-power beamwidth (36.38°). The target
is positioned at a distance of 0.8 m from the receiver, while the interferer’s position is intentionally
set beyond 1.5 m to prevent crowding.

The results are shown in Fig. 18 (a). The system errors increase when the number of interferers
increases. When the number of interferers reaches three, the error of Wi-Spatial increases signifi-
cantly. This can be attributed to the selective suppression mechanism of DN-BF, which positions the
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beam null in the direction of the strongest motion interference. However, since the beam reshaping
is optimized for a single null position, its effectiveness in mitigating interference diminishes when
multiple interferers are present.

5.3.5 Impact of the distance between WiFi devices and the target subject. The distance between
the Rx antenna array and the target subject can affect the sensing performance. To evaluate the
impact of the distance between the WiFi devices and the target subject, we conduct a two-subject
experiment. We let the target subject vary their distance from 0.8 m to 2.5 m and keep other
factors unchanged (i.e., 30° and 1.5 m away from the receiver). We repeat the experiments for each
interfering motion.

As shown in Fig. 16, as the distance increases, the detection rate declines from 68.8% at 0.8 m to
14.3% at 2.5 m. This performance reduction is primarily attributed to inaccurate initial phase-offset
calibration caused by the weakened CSI strength at longer distances. Although beamforming theo-
retically enhances long-range sensing by amplifying signals in the target direction, its performance
is constrained by the imperfections of the commodity linear antenna array. As the strength of the
target-reflected signal decreases substantially, the accuracy of phase-offset calibration diminishes,
which in turn leads to beam misalignment and degraded DN-BF performance.

5.3.6 Impact of the distance between interferer and Rx. The distance between the interferer and
Rx can also affect the sensing performance. Therefore, we conduct a two-subject experiment to
evaluate the impact of the distance between the interfering person and the receiver. We let the
interferer vary their distance from 1.5 m to 3.5 m and keep their direction unchanged (i.e., 30°). We
repeat the experiments for each interfering motion. The target person’s position is set at 0° and 0.8
m away from the receiver.
The results are shown in Fig. 18 (b). The system errors increase when the distance between

the interferer and receiver decreases. When the interferer moves closer, the motion interference
becomes stronger, making it more challenging to decompose the target and interference signals.
However, even at the nearest distance of 1.5 m,Wi-Spatial can still achieve a median error of 0.45
bpm, which is enough for most applications, thus firmly proving the effectiveness of our system.

5.4 Effectiveness of the Components of Wi-Spatial
In the following, we demonstrate the efficacy of employing our proposed methods for anti-motion
interference respiration sensing.

5.4.1 Effectiveness of BDC. The beam-direction corrector (BDC) compensates for the initial phase
offset among antenna elements. It is a crucial preprocessing step for enabling beamforming-
based perception on commercial WiFi devices. This step is especially important when precise and
controllable beam patterns are required.
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Overall Static
Environment

Dynamic Environment
Breath Handwave Step

-DN-BF 0.72 0.37 0.75 1.29 0.71
-BDC 0.35 0.17 0.59 0.51 0.23
All 0.28 0.19 0.27 0.42 0.41

Table 2. Effectiveness of the components of Wi-
Spatial.

To assess the impact of BDC on reducing motion interference in respiration monitoring, we
evaluate the performance ofWi-Spatial both with and without it. Without the BDC, the direction
of the beam may experience significant deviation, resulting in the main lobe being misaligned with
the target. This misalignment leads to inadequate signal enhancement in the intended direction,
potentially compromising the system’s accuracy. For the experiments without BDC, we used
the same experimental configuration as in Sec. 5.1, except that we omitted the PLL phase offset
compensation before applying DN-BF.

The results are shown in Fig. 20 (a) and Tab. 2. The absolute errors without the BDC for these three
types of motion interference are 0.59 bpm, 0.51 bpm, and 0.23 bpm, respectively. In comparison,
respiration monitoring with the BDC yields errors of 0.27 bpm, 0.42 bpm, and 0.41 bpm. This
demonstrates a significant decline in system performance under motion-interference conditions
without the BDC. Therefore, it is evident that the BDC module enhances the controllability of beam
pattern generation, thereby improving overall system reliability.

5.4.2 Effectiveness of DN-BF. The DN-BF is the key module to suppress the motion-interference
signal from other directions. It adaptively positions the beam null to the interfering directions to
mitigate the motion interference.

To evaluate the efficacy of the DN-BF algorithm, we validate the performance ofWi-Spatial both
with and without it. In the absence of DN-BF, the acquired CSI data consists of three denoised
streams. To ensure a fair comparison, we select the data stream with the highest RER. This ensures
that any observed improvement in accuracy results from DN-BF’s suppression of motion noise,
rather than simply a low inherent level of motion noise in the collected CSI data.

The results are shown in Fig. 20 (b) and Tab. 2. The MAD without the DN-BF for these three types
of motion interference are 0.75 bpm, 1.29 bpm, and 0.71 bpm, respectively. In contrast, with DN-BF
enabled, the errors are reduced to 0.27 bpm, 0.42 bpm, and 0.41 bpm. This significant performance
decline in motion-interference scenarios highlights the effectiveness of DN-BF in mitigating motion
noise.
In summary, all these results have demonstrated the effectiveness of the BDC and DN-BF for

respiration rate estimation in motion-interference scenarios.

6 LIMITATION AND DISCUSSION
6.1 Predetermined Sensing Area
Due to the high energy of side lobes when applying conventional beamforming to WiFi CSI, we
present the directional nulling beamforming (DN-BF) method to suppress the motion interference
from other directions. While our method significantly reduces the motion interference from non-
target individuals, it assumes prior knowledge of the target’s direction. The reason behind this is
that when the motion interference from non-target individuals has similar frequency characteristics
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with the target user, the identity of each signal source becomes ambiguous. For instance, if both the
target and the interferers are performing breathing motions simultaneously, relying solely on the
spectral properties is inadequate to identify the target’s breathing signal. One potential solution is
to incorporate new features that can distinguish signals from the target user and the interferer,
such as distance information [8] and motion pattern [15, 32].

6.2 Requirement of Sufficient Separation
When we perform respiration signal extraction using the DN-BF method, a sufficient separation
angle between the interferer and the target person is necessary for proper distinction. Empirically,
this separation angle should be greater than 35°, which is close to the half-power beamwidth ofWiFi
beamforming. However, it is not always possible to meet this requirement in real-life environments.
For instance, there may be multiple subjects in close spatial proximity in a sleeping scene. Basically,
there are two ways to address the challenging issue. One is to adopt more advanced WiFi protocols,
such as 802.11ac, which support more antennas and wider frequency bandwidth. For instance, the
802.11ac standard theoretically allows up to 8 antennas per NIC card, enabling a stronger main lobe
and improved control over beamforming nulls. The other solution is to employ the multi-source
separation method to separate the signals of multiple individuals, e.g., the WiFi-based system
MultiSense[40].

6.3 Applicability for Multi-Target Sensing
The current system is primarily designed for anti-motion interference respiration sensing in
single-target scenarios. We believe that this is an important use case, particularly for hospital ward
scenarios, which aims to ensure the accurate monitoring of a single in-place patient even when other
individuals are present, such as the attending nurses or nearby patients. Nevertheless, simultaneous
monitoring of multiple targets’ respiration is also an important direction for optimizing our system,
as monitoring multiple targets can enhance both the functionality and applicability. A feasible way
to extend the proposed DN-BF method to multi-target sensing is to first perform beam scanning
to estimate the angular positions of multiple users. Once these directions are identified, DN-BF
can then be applied individually to each direction to enhance the corresponding target signal
while suppressing interference from other users. It should be noted that the effectiveness of this
approach depends on the angular separation among users and the number of antennas available.
With sufficient angular separation and antenna resources, this extension is practical.

7 CONCLUSION
This paper presents Wi-Spatial, a WiFi-based sensing system that supports respiration monitoring
in motion-interference scenarios. Different from prior work,Wi-Spatial exploits the multi-objective
beamforming to suppress noise from interfering directions. As the CSI measurements of the
commodity WiFi antenna array are buried with between-antenna phase noise, we design the beam
direction correction method to address the challenge of generating controllable CSI beam patterns.
Additionally, since the high energy of side lobes may amplify the signal from noisy directions
when applying conventional beamforming to WiFi sensing systems, we propose a novel directional
nulling beamforming (DN-BF) method to adaptively suppress the motion interference of non-target
interferers. Extensive experiments show thatWi-Spatial can achieve accurate respirationmonitoring
with a median absolute respiration deviation of 0.41 bpm even in the presence of intensity stepping
interference with only a pair of WiFi transceivers. In future works, more fascinating applications
can be implemented on the proposed anti-motion interference respiration sensing.
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