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Abstract—As a technology with ubiquitous presence in unli-
censed spectrum, Wi-Fi has demonstrated prominent capabilities
in both communication and sensing. However, since the band-
width requirements for communication and sensing differ
significantly, channel bandwidths excessive for communication
(e.g., 160 MHz) still fail to achieve multi-person sensing. Though
stitching multiple consecutive channels to expand the effective
bandwidth sounds plausible, it may never reach ultra-wideband
(UWB) in practice. To this end, we propose UWB-Fi as a
novel Wi-Fi sensing framework with ultra-wide bandwidth,
leveraging only discrete and irregular channel samples. We
first design a fast channel hopping scheme to enable arbitrary
channel sampling across 4.7 GHz bandwidth on commodity
Wi-Fi hardware without interrupting default communications.
As no algorithm exists to exploit such channel samples, we
establish a theoretical analysis driven by compressive sensing,
so as to enable an explainable deep learning model. This
model transforms sparse channel samples into high-dimensional
(position) spectra, effectively avoiding the bias-variance dilemma
in parameter estimation while encoding sufficient information
for general sensing. Our extensive evaluations demonstrate that
UWB-Fi successfully achieves centimeter-level fine-granularity
multi-person sensing.

Index Terms—Wi-Fi human sensing, multi-person sensing,
ultra-wideband sensing, Wi-Fi localization.

I. INTRODUCTION

W I-FI has gradually evolved into the most ubiquitous
technology operating in unlicensed spectrum, thanks

to its widespread low-cost infrastructure. With its prominent
deployment scale and spectrum efficiency, Wi-Fi communi-
cation is widely applied in personal, commercial, industrial,
and public services, thus becoming an indispensable part
of modern life [2]. This ubiquity has in turn fueled the
rapid growth of another prominent research direction: Wi-
Fi’s sensing capability has consistently been recognized as
an essential area of development [3], [4], [5], [6], [7], [8],
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Fig. 1. Communication and sensing have very different bandwidth require-
ments. To expand sensing bandwidth, continuous stitching is far from
practical, but all its weaknesses can be overcome by sparse channel sampling.

[9], [10], [11], [12]. Promoted by the availability of channel
state information (CSI) [13], diversified sensing applications
have been proposed over the past decade, including vital signs
monitoring [8], [9], [10], gesture detection [4], [6], activity
recognition [7], [11], [12], as well as localization and motion
tracking [3], [5], [14].

Though promising on both sides, Wi-Fi’s communication
and sensing bear sharp difference in channel bandwidth
requirement, as shown in Fig. 1(a). For Wi-Fi communication,
the channel bandwidth is restricted from being too wide [15],
[16], since excessive wide bandwidth incurs higher channel
interference to the normal operation of other devices [15].
In addition, under the fixed transmission power (configured
for energy efficiency) of access points (APs), excessively
increasing bandwidth reduces the power per subcarrier, ulti-
mately harming communication robustness [16]. Meanwhile,
fine-granularity multi-person sensing demands a resolution of
around 20 cm, considering the typical body size and inter-
body distance in common indoor scenarios, which can only
be offered by GHz-level bandwidth [17]. In other words,
even the 320 MHz bandwidth promised by Wi-Fi 7 fails
to provide sufficient spatial resolution (in both range and
bearing). Although a specific device [18] or algorithm [9]
can distinguish multiple people in individual applications, it
cannot provide general support for fine-granularity sensing
at the physical layer. Since GHz-level channel bandwidth
has not been available to Wi-Fi, efforts was made to utilize
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multiple links [19], [20] or antennas [21], [22] to obtain
physical diversity, yet they can hardly be extended beyond
differentiating very few persons, significantly restricting their
applicability.

Inspired by the Wi-Fi spectrum spanning 2.4 to 7.1 GHz,
fully exploiting multiple channel resources to achieve ultra-
wideband (UWB) sensing in a physical sense has emerged
as a promising yet challenging research for the future of
Wi-Fi. An attempted approach was continuous channel stitch-
ing [23], [24]: it combines multiple consecutive channels
to form a wider bandwidth and indicates the theoretical
performance upper bound due to the complete information.
Unfortunately, this approach suffers from four major weak-
nesses as shown in Fig. 1(b), rendering it far from practical.
Firstly, consecutive channels may not always be available for
sensing since other devices might contend for or occupy some
channels [25]. Secondly, it demands excessively overlapped
channels to handle the boundary effect of frequency response,
making the stitching process highly complex. Thirdly, the
budget of channel coherence time is insufficient to scan a large
number of overlapped channels needed by fine-granularity
sensing. Finally, stitching approaches [23], [24] were only
shown to be viable for localization purpose; it remains open
if they can extend to fine-granularity general sensing.

Intuitively, one may potentially overcome all the aforemen-
tioned limitations by resorting to sparse channel sampling:
as shown in Fig. 1(c), a wide bandwidth can be recovered
from non-continuous and even irregular channel samples,
totally avoiding the need for continuous bandwidth stitching.1

This stems from the compressive sensing theory that sparse
physical phenomena can be recovered with a small quantity of
samples [27]. This strategy allows a free selection of arbitrary
channels according to their availability in runtime, so it has a
higher chance to gather sufficient information for “assembling”
an effective spectrum for both fine-granularity and general-
purpose sensing. Being sparse samples also naturally avoids
the boundary effect of frequency response, since samples
do not share common boundaries. Last but not least, sparse
channel sampling potentially requires much fewer samples
and thus can readily meet the channel coherence time budget,
making accurate parameter estimation feasible.

Of course, this intuitive strategy faces its own challenges.
Firstly, existing Wi-Fi CSI acquisition schemes are not able
to achieve fast channel hopping, hampering the realization of
sparse channel sampling. Secondly, a comprehensive theory
to model general sensing based on sparse channel samples
remains unestablished. Thirdly, unlike RFID [28] and radar
[29] systems, each channel hopping in Wi-Fi may poten-
tially introduce intractable random hardware-related offsets (in
particular carrier phase offset or CPO) [30]; these offsets,
along with various other interferences [31] in the specific
Wi-Fi waveform, significantly degrade the accurate and
coherent sparse recovery. Lastly, the factors that affecting
the performance of sparse channel sampling remain largely
unknown.

1Although Chronos [26] does not adopt a continuous bandwidth stitching
strategy, its algorithm is limited to estimating the range between a pair of
Wi-Fi devices, far from serving the general sensing purpose in our context.

To tackle these challenges, we propose UWB-Fi, a novel
framework that leverages discrete and irregular channel
sampling to expand Wi-Fi bandwidth and thus to achieve fine-
granularity sensing. UWB-Fi first comprises a fast channel
hopping scheme to perform arbitrary sampling within all Wi-
Fi channels (2.4 GHz to 7.1 GHz) on commodity Wi-Fi
devices (e.g., Intel AX210). As no existing signal processing
algorithm can synthesize channel samples bearing random
offsets into a coherent “snapshot”, we innovate an explainable
deep learning approach based on compressive sensing: it is
guided by a ray-tracing model [32] to train a neural network,
so as to map channel samples into high-dimensional spectral
parameters rather than individual scalar values. As a result,
our channel synthesizing pipeline successfully avoids the
bias-variance dilemma in parameter estimation and removes
offsets/interferences inherent to Wi-Fi, thanks to the diversity
offered by ultra-wideband, while laying the foundation for
general sensing. Finally, we implement a prototype of UWB-
Fi using two laptops and conduct extensive experiments to
evaluate its performance and influencing factors. In summary,
our main contributions are:
• We propose UWB-Fi as the first Wi-Fi framework to

achieve physical UWB sensing using only discrete and
irregular channel samples across 4.7 GHz bandwidth.

• We design a fast channel hopping scheme for UWB-Fi
to execute arbitrary channel sampling upon commodity
Wi-Fi devices.

• We innovate an explainable deep learning approach based
on compressive sensing to synthesize sparse channel
samples bearing unknown offsets and interferences.

• We implement the first UWB sensing prototype on
commodity Wi-Fi hardware, and demonstrate UWB-Fi’s
GHz-level effective sensing bandwidth and general sens-
ing capabilities through extensive evaluations.

The rest of our paper is structured as follows. Section II
introduces the theoretical basis and motivation of UWB-Fi.
Section III elaborates on the framework design of UWB-Fi.
Sections IV and V respectively explain UWB-Fi’s imple-
mentation and report the extensive evaluations on UWB-Fi,
followed by the conclusion of our paper in Section VI.

II. THEORETICAL BASIS AND MOTIVATION

In this section, we first establish Wi-Fi sensing basics and
analyze the impact of bandwidth on parameter estimation. We
then explain why existing channel stitching approaches cannot
realize fine-granularity sensing. Moreover, we point out that
sparse channel sampling guided by compressive sensing theory
is a promising method. Finally, we analyze the incapability of
the conventional approach for sparse recovery and discuss its
potential to inspire a neural network.

A. Wi-Fi Sensing Basics

Assuming a Wi-Fi sensing system with a Tx-Rx pair and
multiple sensing subjects, we start by introducing a ray-tracing
model to characterize a “snapshot” of sensing results; it serves
as the basis for all sensing tasks, as any task is simply a con-
catenation of several such snapshots. The snapshot involves a
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set of (range,bearing) tuples as {(τ0, θ0), · · · , (τk, θk), · · ·},
where k indexes a subject (hence the introduced reflection
path), while τ and θ derived by Wi-Fi sensing are actually
the time of flight (ToF) and angle of arrival (AoA). Let the
Rx be equipped with uniformly spaced antennas of interval d,
the received CSI [H]n,m = hn,m can be modeled as follows:

hn,m =

K∑
k=1

αn,m,k · hToF
m,k · hAoA

n,k + ε

=

K∑
k=1

αn,m,ke−i2π(fc±(m−1)fb)τke−i2π(n−1)d cos(θk) fc
c

+ ε, (1)

where n and m respectively index the antenna and subcarrier, α
represents channel gain, fc and fb respectively denote channel
centre frequency and subcarrier bandwidth, ε indicates noise,
and c is the speed of light.

According to [17], the temporal resolution ∆τ = 1/B,
where B denotes the total sensing bandwidth, grows linearly
with B, so the range resolution of a snapshot, derived from
the ToF term in Eqn. (1), benefits from a wider bandwidth
B. Though the bearing (AoA) resolution is contingent upon
antenna quantity, the estimation of AoA may still benefit from
a wider B, because improving the resolution of d cos(θk)/c
(also a temporal component) yields a higher precision in
estimating AoA. These observations allow us to conclude that
the total sensing bandwidth holds pivotal significance in
realizing fine-granularity sensing.

In sensing, ToF and AoA can generally be derived from the
received CSI H by leveraging an estimation denoted by:

Ξ(τ, θ) = G (H) , (2)

where G is a mapping operation that can be implemented by
various algorithms, in which we adopt the classical MUltiple
SIgnal Classification (MUSIC) [33] in this work. By construct-
ing a matrix E from the eigenvectors of HHH that correspond
to eigenvalues smaller than a threshold, the ToF-AoA spectrum
is Ξ(τ, θ) = 1

vH(τ,θ)EEHv(τ,θ)
, where superscript H denotes the

Hermite transpose of the matrix. Since E represents the noise
vector subspace orthogonal to the signal vector subspace, the
subject information will appear as peaks in Ξ(τ, θ) [31].

B. Infeasibility of Stitching Methods

To expand bandwidth, Splicer [23] and ToneTrack [24] con-
duct channel stitching to merge continuous spectra. However,
the boundary effect (i.e., drastic roll-off) of the frequency
response makes it impossible to stitch neighboring channels
while preserving continuous phases and magnitudes. This has
forced [23], [24] to use channels substantially overlapping with
each other and sophisticated algorithms to align/calibrate these
spectra. To demonstrate it, we perform continuous channel
scanning in the 2.4 GHz band, where standard channels
overlap [34]. By initially stitching 4 channel samples spanning
80 MHz, we observe significant fluctuations in both phase
and magnitude, as depicted in Fig. 2. After noticing persistent
fluctuations with 8 channel samples, we gradually increase the
number to 13, at which point the stitched phase and magnitude

Fig. 2. Results of continuous channel stitching.

Fig. 3. Estimation results of sparse channel samples. Left: ToF-AoA spectra
of channel samples with different centre frequencies; Right: the synthesized
ToF-AoA spectra.

finally become smooth. Consequently, as we shall demonstrate
soon, this approach is confined by two-time budget constraints,
namely coherence time and real-time processing, rendering it
inapplicable to real-life applications. To put the illustration into
our perspective, we consider a spectrum with a bandwidth of
4.7 GHz, ranging from 2.4 GHz to 7.1 GHz, stitched from
multiple overlapped 20 MHz channels shifted by 5 MHz,
resulting in a total of 936 channels.

Technically, all the channel samples should be obtained
within coherence time to guarantee effective synthesizing.
According to [35], [36], and [37], the coherence time is
approximately 100 ms for the Wi-Fi spectrum. Meanwhile,
sampling a single channel empirically demands at least 2 ms
[26]. Thus, at most 100/2 = 50 overlapped channel samples
can be captured, significantly short of the necessary amount
for stitching a wide bandwidth. In addition, the alignment
process introduces a substantial cost in computation due to
the need for a large number of overlapped channels, rendering
the feasibility of real-time sensing questionable. According
to our experiments, each stitching performed in MATLAB
takes approximately 13 ms on a 12th Gen Intel(R) Core(TM)
i5-12500H processor in a Lenovo Thinkbook 14 laptop.
Extrapolating this result to the stitching of 936 channels leads
to an excessive duration of around 12 s. Thus, it is imperative
to propose novel approaches to extend bandwidth towards
UWB range in practice.

C. Compressive Sensing-Inspired Channel Sampling

Fortunately, since the physical phenomena captured by each
snapshot are often sparse in nature [38], [39], it is feasible to
apply the compressive sensing framework [27]. To demonstrate
the sparsity, in terms of information in wideband signals,
related to sensing (range) resolution, we simulate three ideal
20 MHz bandwidth channel samples distributed across the
2.4 GHz and 5 GHz based on Eqn. (1) to distinguish two
subjects separated by 0.88 m, with their ToF-AoA spectra
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Fig. 4. Analysis of real-life channel samples illustrates that additional
interference from channel hopping impedes parameter estimation.

illustrated in the left panels of Fig. 3. Due to insufficient
resolution indicated by ∆τ = 1/B, none of these three
individual channel samples can effectively differentiate the
two subjects. Meanwhile, we observe that each spectrum
shows different ambiguity in the subjects’ information due
to the estimated area varying with fc, which inspires us to
synthesize their spectra to gain higher resolution. As shown
in the right panels of Fig. 3, combining two spectra from the
2.4 GHz band still fails to separate the two subjects, whereas
incorporating two spectra from both the 2.4 GHz and 5 GHz
bands succeeds, evidently demonstrating the sparsity: not all
information across 2.7 GHz bandwidth is needed to achieve
an adequate resolution. Moreover, this comparison highlights
that high resolution can be acheived with sparse samples only
if the samples are largely independent from each other.

Intuitively speaking, expanding the sensing bandwidth B
can be interpreted as increasing channel samples, offering
greater information diversity for estimation algorithms to
derive both range and bearing. Assuming a wide-bandwidth
signal composed of a large number of continuous 20 MHz
channel samples, Y = {Y1, . . .,YQ}, it can be expressed as
Y = ΨY using a Q×Q sparse basis matrix Ψ and a sparse
representation Y containing complete spectrum information
due to sparsity. Assuming a M × Q (M < Q) measurement
matrix Φ that H = ΦY , the compressive sensing framework
is:

H = ΦΨY = ΘY , (3)

where Θ is the sensing matrix. The principle of compressive
sensing [27] indicates that we can effectively acquire the fine-
granularity information contained in Y across B by sampling
a discrete and low-dimensional channel measurement H (even
the subcarriers within them), rather than sampling every chan-
nel within B.

D. Sparse Recovery for Sensing

Compressive sensing lays the theoretical foundation for fine-
granularity sensing with sparse channel samples. However,
despite the theoretical feasibility being validated, attempting
to estimate ToF and AoA using real-life channel samples,
as shown in Fig. 4(a), does not yield meaningful subject-
related information. Apart from common noise and channel
fading, the reason for this failure is the unknown parameters
introduced by the sparse sampling. In particular, the CPO may
randomly vary for every channel hopping due to the NIC
restarting. To illustrate this issue, we control Wi-Fi NICs to
collect samples from the same channel within the coherence
time under two conditions: restarting the NICs during every

sampling and normal sampling without restarting. The phase
differences between the current and the previous CSIs sampled
across 50 channels within the 6 GHz band are shown in
Fig. 4(b). The results indicate that, compared with normal
sampling, the phase differences under the restarting exhibit
significant random fluctuations. With multiple restarts during
channel hopping, it is not a surprise that the accumulated
randomness can totally overwhelm the information embedded
in these samples. Consequently, conventional signal processing
approaches are unable to derive reliable estimation outcomes
of multiple reflection paths from sparse channel samples.

Since conventional tools can hardly characterize all such
interferences (some rather random) to recover ToF-AoA
parameter tuples from sparse channel samples, one may think
that a well-trained neural network can be a competent alter-
native. However, such a direct recovery can be far from
effective due to the bias-variance dilemma [40] (to be proven
in Sections III-B and V-D) and the absence of general sensing
information. Inspired by the spectra shown in Fig. 3, we
consider a composite function G̃(Θ̃†(·)) : H → Ξ mapping
real-life channel samples H to spectrum Ξ that imply ToF-
AoA parameter tuples. Nevertheless, this recovery remains
rather complex, involving not only the filtering of interferences
but also the estimation of spectra with general sensing capa-
bilities; comprehensively considering all factors to derive an
explicit expression by conventional approaches is extremely
challenging, if not entirely impossible. Thus, we invoke the
universal approximation theorem [41] to approximate the well-
founded G̃(Θ̃†(·)) with a neural network g. We shall discuss
how g is established and trained in Sections III-B and III-C.

III. UWB-FI FRAMEWORK DESIGN

Our UWB-Fi is designed to achieve fast sparse channel
sampling for meeting the coherence time budget and to recover
informative spectra from sparse channel samples. As illus-
trated in Fig. 5, UWB-Fi consists of three major components:
• Fast channel hopping scheme: It involves a high-level

strategy to reliably manage channel hopping and a low-
level scheme to efficiently access CSIs.

• Sparse recovery neural network: An encoder-decoder
structure is adopted to emulate both a spectrum filter and
the recovery of one spectral domain to another.

• Model-driven training strategy: Instead of using limited
CSIs and scalar tuples as the training set, this strategy
takes model-augmented data with enriched information.

We elaborate on these components in Sections III-A to III-C,
and explain how to produce fine-granularity sensing results by
synthesizing the neural-inferred snapshots in Section III-D.

A. Fast Channel Hopping Scheme

In compressive sensing, the initial task is to achieve sparse
channel sampling, which needs to be fast enough to fulfill
channel coherence time requirements. Due to the absence of
available tools, we develop a fast channel hopping scheme on
commercial Wi-Fi NICs with a focus on practicality.

Authorized licensed use limited to: Nanyang Technological University Library. Downloaded on April 22,2026 at 07:48:50 UTC from IEEE Xplore.  Restrictions apply. 



3786 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 43, NO. 11, NOVEMBER 2025

Fig. 5. UWB-Fi framework overview.

Fig. 6. Fast channel hopping scheme.

1) High-Level Control Strategy: This strategy comprises
four essential stages: channel selection, synchronized hopping,
data acquisition, and information extraction, as depicted in
Fig. 6. We have in total 97 Wi-Fi channels of 20 MHz
bandwidth as our hopping candidates across the 2.4 GHz, 5
GHz, and 6 GHz bands. Each hopping is initiated by the Tx
that first checks the availability of a randomly selected channel
and sends a probe frame to the Rx in the current channel so
as to synchronize this hopping. Upon a successful channel
hopping, the Rx promptly responds to the Tx to enable a two-
way channel sampling, which then brings the Tx to select
the next channel to hop; here the choice has to abide by
the principle of being different from all previously visited
channels. If the Rx fails to respond within the allocated time,
the Tx logs a failure; in the case of persistent failures of
hopping to unavailable channels, the Tx simply reverts back to
the 2412 MHz “rendezvous” channel to reset. User-specified
channel sampling sequences are also allowed.

Since normal Wi-Fi sensing uses only one frame to achieve
a narrowband snapshot while carrying data traffic within the
frame, UWB-Fi may have the same data payload segmented
into all hopping frames to avoid interrupting default Wi-Fi
communications. Moreover, the proportion of frames used
for sensing and their transmission timing can be adjusted
according to different applications, further reducing the impact
on communication efficiency. In typical indoor environments
with 3-5 dominant multipath components [42], we empirically
set the total channel samples as 20 (also see Section V-C.3).
For complex scenarios, we can increase the number of sampled
channels or the sampling rate to accumulate more snapshots
within the coherence time, effectively obtaining more samples.

Fig. 7. Channel hopping time of UWB-Fi.

2) Low-Level Access Scheme: To accelerate channel hop-
ping (from at least 2 ms [26] down to around 1 ms),
we need to decrease the latency of data acquisition caused
by interactions between user and kernel spaces. We firstly
leverage debugfs[43] to connect kernel and user spaces
without kernel access constraints (e.g., sysfs[44] has strict
one-value-per-file rules). To further speed accessing kernel
space, we create two threads: para_set, and data_proc,
respectively used to set hardware parameters (e.g., hopping
channels) and to quickly move channel data from kernel to user
space. We adopt an inter-process communication method (e.g.,
POSIX shared memory) to achieve fast data exchange among
these two threads and upper-layer computation modules.
Although setting hardware parameters may require resetting
the Wi-Fi hardware, the drivers of certain hardware [45] offer
direct register access and can avoid the latency caused by
resetting.

To assess the low-level access scheme, Fig. 7(a) displays the
cumulative distribution of the time required for one channel
hopping, showing rapid and consistent performance, with an
average duration of around 1 ms. Additionally, we measure
the total mean time needed to sample a various numbers
of channels; as depicted in Fig. 7(b), it linearly grows with
the number of channels. In particular, collecting 20 channel
samples (see Section III-A.1) requires only 20 ms. Given
a coherence time of 100 ms [35], [36], [37], this 20 ms
duration comfortably adheres to the coherence time budget.
Furthermore, considering the data processing time (detailed in
Section III-D) and other possible delays, the total overhead
of UWB-Fi remains below 100 ms. These results underscore
UWB-Fi’s capability to conduct real-time sensing tasks under
most circumstances.

B. Sparse Recovery Neural Network

The essential task for UWB-Fi to realize fine-granularity
sensing, similar to UWB radar sensing [46], is to sharply iden-
tify multiple subjects (in terms of their respective multipath
components) as clearly separated bins in each snapshot. In
this section, we will design the sparse recovery neural network
following this purpose. As our main contribution lies in the
design of an explainable model and training strategy, we select
modules for approximation based on our experience in [47].
We shall elaborate on the model design in the following, but
refrain from evaluating it against other possible choices later.

1) Overview of Sparse Recovery Network: As described
in Section II-D, directly mapping channel samples into ToF-
AoA tuples can be far from effective; even if effective, it
is confined to pure localization purpose and fails to deliver
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Fig. 8. SpecTrans: Spectral transformation across two spectral domains for sparse recovery.

CSI phase information in the form of bins for further fine-
granularity general sensing. We prove in following Corollary 1
and Proposition 1 that, as a recovery target, the well-crafted
spectrum can improve estimation performance and encode
information for general sensing, respectively. Thus, we employ
a neural network g to recover ToF-AoA spectra in the real
domain from sparse channel samples in the CSI domain.

Corollary 1: Under the constraints of the bias-variance
dilemma, the spectral parameter structure achieves a substan-
tially lower MSE than the tuple parameter as the output of an
estimation algorithm.

Proof: Assuming Ξ = g(H) + ε, where ε is the noise. The
trained neural network is ĝ, then the MSE of it is:

MSE = (E[ĝ(H)]− g(H))
2︸ ︷︷ ︸

Bias

+ E[(ĝ(H)− E[ĝ(H)])
2
]︸ ︷︷ ︸

Variance

+ζ2, (4)

where ζ2 = E[(Ξ− g(H))
2
] is unrelated to ĝ and considered

as a constant. The overall Bias is distributed across all spectral
parameters and tends to be offloaded to non-peak regions due
to its global continuity, while the local strong convexity near
spectral peaks attenuates Bias in their estimated positions
[48]. Meanwhile, as a high-dimensional tensor representation,
the spectrum inherently imposes both implicit regularization
and smoothness constraints, effectively suppressing Variance
[49]. Therefore, the spectrum structure contributes to ToF-AoA
estimation in both low Bias and Variance. �

Proposition 1: The amplitude parameters of the ToF-AoA
spectrum can encode the phase information of CSI, enabling
fine-granularity general sensing.

Proof: The proposition is equivalent to perturbations in
the CSI phase leading to amplitude fluctuations of the ToF-
AoA spectrum, which can be simplified to impact the EEH

term w.r.t. Eqn. (2). Assuming the phase perturbation in CSI
is δ = [ei∆ωn,m ], then H̃ = H � δ, where � represents
Hadamard product. Given that ei∆ωn,m ≈ 1 + i∆ωn,m and
∆H = H�[i∆ωn,m], then H̃ ≈H+∆H . With H = HHH

and H̃ = H̃H̃
H

, the difference between them is ∆H ≈

H∆HH +∆HHH. By constructing an orthogonal projection
matrix P j = I−EjEH

j , the perturbation in the eigenvector is:

∆Ej ≈
∑
i 6=j

EHi ∆HEj
λj − λi

Ei, (5)

where λj and Ej are the j-th eigenvalue and eigenvector of
H, respectively. The term EEH will introduce the fluctuation
E∆EH + ∆EEH with ∆E = [∆Ej ]. �

To handle the sparse recovery, we design a SpecTrans
network g following an encoder-decoder (ED) architecture
[50], with the fully convolutional backbone structure and
trainable attention layers adopted for efficient implementation.
We also note that SpecTrans in the sparse recovery framework
incorporates two model-based algorithms: i) a matched filter
to remove hardware-related interferences/offsets and ii) the
estimation algorithm to transform sparse channel samples to
ToF-AoA spectra. Network modules share similar algorithmic
nature with those involved in the two model-based algorithms
but their weights are variables to be trained. Based on Fig. 8,
we explain each block of SpecTrans in the following.

2) Basic Module: This module acts both as a trainable
matched filter to remove hardware-related interferences/offsets
from sparse channel samples and as a feature extractor.
Assuming the received CSI is H = Hs + Hn, the matched
filter applied to H is determined as V = arg maxV |V ∗
Hs|2/E|V ∗Hn|2, where Hs and Hn are the signal and noise
components, respectively. This can be efficiently implemented
using convolutional layers, for which we adopt DenseNet
[51] and denote it by d (·). To further extract features, an
SKNet [52], denoted as s (·) and having an attention-intensive
structure, is selected for precise estimation. Thus, the basic
module is built by:

xout
` = [xin

` , s`(d`(x
in
` )], (6)

where xin
` and xout

` indicate the input and output of the `-th
layer, respectively. As shown in Eqn. (6), modules s and d are
applied to produce part of the layer output, and their results are
concatenated with the layer input, ensuring the concentration
of critical channel information (for computational efficiency),
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while maintaining the availability of model gradient. Addi-
tionally, to avoid variance shift [53], we specifically use batch
normalization for regularization. Finally, the basic module
keeps the size of the feature map unchanged to better control
over the sparse recovery.

3) Cross-Domain Transformation: Given the inherent spa-
tial transformations, this module fits the core sparse recovery
and spectrum estimation processes. Based on Eqn. (3) and the
compressive sensing techniques, to recover Y from H , L1
relaxation and the Lagrange multiplier λm [54] are adopted to
formulate an unconstrained problem:

Ŷ = arg min
Y

µ||Y ||1 +
λm

2
||H −ΘY ||22, (7)

where µ is a soft threshold. As the L1 norm is not completely
differentiable, proximal operator [55] is introduced to update:

Ŷ
q+1

= Proxµ||Y q||1

(
Ŷ
q
− ηλmΘTΘŶ

q
+ ηλmΘTH

)
,

(8)

where Proxµ||·||1(x) = sign(x) max(|x| −µ, 0) and is abbre-
viated as Prox hereafter and η is the step-size. Network
modules are initially built to emulate the iterations of Eqn. (8):

Ŷ
q+1

= Prox
(

(I− ηλmW TW )Ŷ
q

+ ηλmW TH
)
, (9)

where W is the weight matrix, and parameters {W , λm, η}
are all trainable. However, fully recovering continuous channel
samples incurs high complexity and is unnecessary. Thus, we
divide Eqn. (9) into two steps to further refine it with diverse
weight matrices, along with a nonlinear function to handle
various recovery targets (e.g., ToF-AoA spectrum). The first
and second steps are refined as Ŷ

q+1

0 = ReLU
(
W 1 ∗ Ŷ

q
)

and Ŷ
q+1

= Prox
(
Ŷ
q+1

0 + W 2 ∗H
)

respectively, where
W 1,2 and * denote the convolution kernels and the convolu-
tion operation. Thus, the cross-domain transformation module
is stacked leveraging a two-layer structure to facilitate the
sparse recovery and spectrum estimation:

xout
` = Prox

(
ReLU(W 1 ∗ xin

` ) + W 2 ∗ xin
0

)
. (10)

Specifically, we utilize a fully convolutional structure, with
strided convolutions as the encoder for down-sampling trans-
formation and transposed convolutions as the decoder for
up-sampling transformation. As the number of feature maps
increases in basic modules, we avoid dense connections in
transformation modules to reduce the quantity of feature maps.

4) Spatial Adaptation: Although UWB-Fi is largely
immune to input variations across different environments
thanks to its UWB nature (confirmed in Section V-C.2), we
consider the worst case scenarios where cross-environment
variations become so prominent that they overwhelm the
signals in the estimation results. Thus, we introduce spatial
adaptation (SA) in the fine-tuning stage after the completion
of training the core ED network; it is achieved through
convolutional layers plugged at the points of entry and egress
of the core network. Fine-tuning the core network without
altering its structure by spatial adaptation allows our overall
design to gain sufficient versatility for adapting to diverse
application scenarios.

Fig. 9. Data augmentation training strategy.

C. Training With Data Augmentation

As our SpecTrans aims to effectively map sparse channel
samples to the ToF-AoA spectra, it has to be trained with the
same type of data: in particular, the ground truth labels have
to be in the form of ToF-AoA spectra (as shown in Fig. 3),
rather than ToF-AoA tuples {(τ0, θ0), · · · , (τk, θk), · · ·} that
we obtained during the data collection process. However,
without a well-trained SpecTrans, we cannot derive the ToF-
AoA spectra from real-life channel samples using traditional
methods (as already explained in Section II-D). Therefore,
what we need is a procedure to convert the known ToF-AoA
tuples into the corresponding spectra that may potentially yield
these tuples as the estimation results. Firstly, we generate
ideal CSI data with different centre frequencies based on
Eqn. (1). Next, we perform joint estimation of ToF-AoA
spectrum for each ideal channel sample and then synthesize
the spectra. The synthesized spectrum is further enhanced
through exponential lifting and Laplacian filtering [56] to
obtain the final label. Moreover, training data should be
endowed with diversified background multipath interference
to train SpecTrans towards competent generalizability across
distinct/unseen environments. To finally train the core ED
network, we adopt the following objective function with an
L2 penalty term on network weights:

min
W

(∑
(gW (H)−Ξ)2 + 0.5λp

∑
W 2

)
, (11)

where, gW (·) represents the core network with weight W ,
Ξ denotes the spectrum label, H refers to the input sparse
channel samples, and λp is the coefficient of L2 penalty.
Building on this, the data augmentation training strategy is
shown in Fig. 9, and the algorithms are detailed as follows.

1) Background Interference Generation: The cross-
environment of Wi-Fi sensing system is typically addressed
by training with large datasets, which comes with high
costs and often yields unsatisfactory performance in unseen
environments. Besides facilitating precise subject information
capture through high spatial resolution, UWB-Fi offers an
efficient solution by diversifying the training dataset with
model-generated interferences. We analyze various types of
background interference in typical indoor environments and
estimate their reflection paths [57]. They are then transformed
into CSI samples based on Eqn. (1) and integrated with
the real-life samples as a diverse dataset. The details are
illustrated in Algorithm 1.

2) Model-Driven Label Generation: Since we can generate
channel samples by plugging the known ToF-AoA tuples into
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Algorithm 1 Diversification of Background Interference

Eqn. (1), we can then utilize Eqn. (2) to derive the ToF-AoA
spectra as labels. Because we need only to train SpecTrans for
deriving meaningful ToF-AoA spectra that can yield accurate
ToF-AoA estimations, the ideal channel samples used for gen-
erating the training labels do not need to match the randomly
sampled channels. Instead, we can leverage more channel
samples for a more accurate spectrum estimation [14], while
expecting SpecTrans to be powerful enough for performing
a sparse recovery. Moreover, we should also consider the
limitations of SpecTrans’s fitting capacity, so we refrain from
using all frequency bands as the ideal channel samples but
empirically simulate 50 discrete channel samples to derive
the ToF-AoA spectra labels; these spectra labels are further
enhanced by exponentially amplifying the magnitude of the
points pertaining to a subject. Besides, the ToF-AoA spectrum,
defined by a discrete grid of ∆ = (∆τ,∆θ), implies the
existence and controllability of the quantization error bound,
enabling the design of spectra that encode comprehensive
information by introducing a fluctuation term ∆̂ < ∆/2. The
whole label generation process is detailed in Algorithm 2,
where the parameter estimation algorithm is denoted as G(·).

D. From Snapshots to General Sensing

As shown in Fig. 5, UWB-Fi starts with the fast channel
hopping scheme to collect sparse channel samples and assem-
bles them into a sensing tensor (Section III-A). UWB-Fi then
leverages the trained SpecTrans network (Section III-B) to
derive ToF-AoA spectra, i.e., the estimation tensor, from the
sensing tensor; this network is trained via model-augmented
data and the corresponding training method (Section III-C),
where sparse channel samples are diversified with background
interference following Algorithm 1 as input, and ToF-AoA
tuples are converted into spectra based on Algorithm 2 as
labels. At this point, UWB-Fi follows the convention to use a
thresholding technique [5] to filter out the minor peaks caused
by periodic aliasing and obtain the main peaks indicating
the ToF-AoA tuples of distinct subjects of interest in each
ToF-AoA spectral snapshot. The outcomes are then converted

Algorithm 2 ToF-AoA Spectrum Generation

from polar coordinates (i.e., ToF-AoA tuples) to Cartesian
coordinates to determine the subjects’ locations. Moreover, the
phase information of a subject’s motion is encoded into the
multiple spectral amplitudes around the subject in the snapshot
(confirmed in Sections III-B.1 and V-C.1). Therefore, tracking
the spectral amplitudes across multiple snapshots for each
subject should provide information about its motion status.

In particular, for the k-th subject, UWB-Fi extracts a
set of tuples in its neighborhood with an empirical radius
∆r = 0.3 m, {(τ, θ)|

√
(τ − τk)2 + (θ − θk)2 ≤ ∆r} to

form its own bin, since the motion of the k-th subject affects
its surrounding spectral values. We further extend the tuples
of a bin in a snapshot at time t: (τ, θ) to (τ(t), θ(t), φ(t))
where φ(t) is the spectral amplitude at (τ(t), θ(t)). Finally,
UWB-Fi delivers the tuples contained in a bin across mul-
tiple snapshots to upper-layer sensing applications, including
gesture recognition, vital signs monitoring, and so on. It is
worth noting that UWB-Fi, being implemented with neural
model, operate at the millisecond level during the inference
time. This processing time (plus the millisecond-level channel
sampling time discussed in Section III-A.2) is still significantly
shorter than the 12 seconds required for stitching channels as
explained in Section II-B, thus greatly enhancing real-time
sensing capabilities.

IV. PROTOTYPE AND EXPERIMENT SETUP

In this section, we elaborate on UWB-Fi’s implementation,
and also introduce the experiment setup.

A. Framework Implementation

We use two Acer TravelMate laptops equipped with Intel
AX210 Wi-Fi NIC to implement a UWB-Fi prototype. This
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Fig. 10. Experiment setting examples: (a) training scene in the RR with (b) a
layout containing positions marks; (c) a typical testing scene in the CR, and
(d) a case with two electric pendulums as subjects.

Wi-Fi NIC has two antennas and supports all channels men-
tioned in Section III-A.1. We implement the fast channel
hopping scheme (Section III-A) in the laptops to capture
the channel samples. The channel samples are then parsed
and converted into the matrix structure using MATLAB.
Our SpecTrans network is implemented in the PyTorch 1.7.1
environment. The encoder consists of 3 basic modules and
one down-sampling transformation module, while the decoder
comprises 3 basic modules and one up-sampling transforma-
tion module.

B. Experiment Setup

We recruit 8 subjects, 6 males and 2 females, aged between
20 and 30. We conduct experiments in six environments,
including rehearsal room (RR), lecture room (LR), reading
room (RD), conference room (CR), discussion room (DR), and
private office (PO). We collect training data in RR and use data
collected in other environments for testing purposes. Although
our testing environments have diversified sizes and laptop
distance settings (ranging from 3 m to 9 m), we set the distance
between the two laptops to 7 m in the training environment,
which is proven to be generalizable to other environments in
Section V-C.2, thanks to the augmented data with diversified
interference “background” (see Section III-C.1) and the model-
based neural network design. Besides comparison and ablation
studies, we mainly perform three sets of experiments on multi-
person sensing applications; they have strictly followed the
IRB of our institute.

1) Localization: We instruct subjects to stand or sit in
different positions in each experiment. Fig. 10(a) shows the
training environment in the RR and Fig. 10(b) marks the
positions for data collection: we take the gravity center of a
subject as its ground truth position. We adopt one continuous
channel stitching scheme [24] as our comparison baseline,
where overlapped channels at 2.4 GHz band are all collected
for stitching a sensing bandwidth of 80 MHz. As no existing
solution can span across 4.7 GHz using commodity Wi-Fi
hardware to provide the same sensing bandwidth as UWB-
Fi, we only get two barely comparable choices to serve as

Fig. 11. SpecTrans output clearly differentiates two paths.

baseline [23], [24], while the other one [23] is omitted as
it yields similar results in our experiments. We arrange for
the testing environment of the baseline to also be within our
training environment, because cross-environment capability is
irrelevant to the baseline thanks to its model-driven processing
nature. Subsequently, we conduct localization for the baseline
according to its own proposed methodology. In order to exert
the finest resolution of UWB-Fi, we arrange a testing scene
with two electric pendulums as shown in Fig. 10(d).

2) Gesture Recognition: We choose one of the testing
environments with 8 subjects sitting around a table in the
CR (shown in Fig. 10(c)) for this purpose. The subjects
are instructed to simultaneously perform six distinct hand
gestures: forward-backward (FB), up-down (UD), left-right
(LR), draw circle (DC), zig-zag (ZZ), and clap (CL). Each
gesture is performed 20 times. These six gesture classes serve
as ground truth. After obtaining the temporal sequence of ToF-
AoA spectra produced by SpecTrans, we extract individual bin
sequences corresponding respective subjects. Then, we employ
the classifier proposed by Widar3.0 [6] to recognize gestures.

3) Respiration Monitoring: We use the “8-subject in CR”
scene here again. Apart from recording channel samples, we
concurrently record subjects’ respiratory waveforms as ground
truth, for both training the already established respiration
monitoring algorithms and evaluation purposes, using NeuLog
chest strap [58]. The total recording time for respiration is
80 minutes. A processing pipeline similar to the gesture
recognition is adopted here, except that we employ the method
proposed by MoRe-Fi [59] to predict respiratory waveforms.

V. EVALUATIONS

In this section, we embark on a comprehensive evaluation of
UWB-Fi’s capabilities. Given its essential function of differ-
entiating multiple subjects, we start with an investigation into
UWB-Fi’s localization resolution and accuracy: comparing
UWB-Fi with the baseline stresses on its superiority in fine-
granularity sensing. We also further report sensing results for
multi-subject gesture recognition and respiration monitoring,
demonstrating UWB-Fi’s fine-granularity general sensing per-
formance. Finally, we perform the analysis of impact factors
and an ablation study on our training approach, demonstrating
the robustness and rationale of our UWB-Fi framework.

A. Localization and Comparison

1) Localization Accuracy: Let us first use an example to
illustrate the localization capability of UWB-Fi. As shown in
Fig. 11(a), a ToF-AoA spectrum derived from channel samples
via SpecTrans clearly exhibits two peaks (after filtering out
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Fig. 12. Contrasting UWB-Fi with baseline in localization accuracy: about
70 times lower in median error!.

Fig. 13. Significant distinction in localization resolution between UWB-Fi
and baseline.

the minor peaks caused by periodic aliasing, as explained in
Section III-D) corresponding to two ToF values of 23.3 ns
and 25.3 ns, indicating two different propagation paths. In the
meantime, Fig. 11(b) shows two sectional views in AoA at
these two ToF values; they sharply indicates two bearings of
90◦ and 78.5◦. In fact, these two ToF-AoA tuples precisely
correspond to the (direct) Tx-Rx path and the reflection path
caused by a subject: the former apparently contains much
higher energy. Recall that earlier proposals made great efforts
to either get around or infer the information on Tx-Rx path
[21], [26], [31], yet UWB-Fi can naturally obtain it and further
leverages it as a reference to establish the coordinate system
for localization.

Given these precise ToF-AoA tuples and the established
coordinate system, individual subjects can be located via the
method described in Section III-D. Fig. 12 compares UWB-Fi
with the baseline in terms of their localization accuracy. One
can readily observe that UWB-Fi achieves a median error of 6
cm, about 70 times lower than the baseline’s 4 m. Meanwhile,
the 90th percentile tail errors for UWB-Fi and the baseline
are 0.17 m and 6.5 m, respectively. Considering the typical
size of an adult, UWB-Fi clearly demonstrates a sufficient
accuracy for common indoor scenarios, whereas the baseline’s
performance is far from adequate (even considering the bias
between the potential reflection surface and the gravity center),
making it inapplicable to fine-granularity sensing contexts.

2) Localization Resolution: We proceed to investigate
localization resolution of UWB-Fi, by having 8 subjects stand-
ing symmetrically with respect to the Tx-Rx path in the RD
environment. Fig. 13(a) and Fig. 13(b) depict the ToF-AoA
spectra in multi-person localization scenes for UWB-Fi and
the baseline, respectively. One may clearly discern multiple
peaks/bins (as specified in Section III-D) in the spectrum of
Fig. 13(a), each representing distinct individuals and facilitat-
ing further sensing requirements. On the contrary, Fig. 13(b)
confirms that, when employing the baseline method for local-
ization, the ToF-AoA spectrum is apparently incapable of
discerning different subjects. UWB-Fi’s exceptional perfor-
mance is primarily attributed to its capability in effectively

Fig. 14. Gesture recognition results.

Fig. 15. Recovered respiration waveforms in (a) normal, (b) fast, (c) irregular
modes, and (d) their cosine similarity values.

acquiring ultra-wide bandwidth and eliminating hardware-
related random offsets. In particular, this capability may even
compensate the hardware deficit in antenna quantity, as acquir-
ing AoA with only two antennas were otherwise impossible
due to the limited angular resolution [60] offered by two
coarse-grained observations.

B. Fine-Granularity Sensing

Once subjects’ bins are clearly identified, individual human
sensing can be readily performed via tracking the spectral
amplitude across multiple snapshots. In this section, we show-
case two upper-layer applications that successfully achieve
fine-granularity sensing based on UWB-Fi, without comparing
it to the baseline, as the baseline is intended solely for
localization.

1) Gesture Recognition: Using the setup prescribed in
Section IV-B.2, the performance of gesture recognition upon
UWB-Fi’s output can be evaluated. As shown by the confusion
matrix for all subjects in Fig. 14(a), UWB-Fi achieves an
overall recognition rate of 97.1%: the FB gesture has the high-
est recognition rate at 99.0%, while the UD and LR gestures
exhibit more confusion. As both UD and LR gestures primarily
involve subtle wrist movements whereas other gestures involve
more extensive arm movements, their weaker performance can
be largely attributed to their lower impacts on channel samples.
We then proceed to analyze the recognition rate of different
subjects for all gestures: as shown in Fig. 14(b), the rates of
all subjects stand around a satisfactory 97%.

2) Respiration Monitoring: We hereby demonstrate how
UWB-Fi’s output (ToF-AoA spectrum) can be used to acquire
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Fig. 16. Sensing results of (a) a pendulum damping process and (b) a finger
gesture writting letter ‘M’ in the air.

Fig. 17. Localization median and 90th percentiles tail errors across various
(a) environments and (b) subjects.

respiratory waveforms, using the setup described in Sec-
tion IV-B.3. To validate waveform recovery across diverse
breathing dynamics, we instruct one subject to perform
normal, fast, and irregular respiration, while keeping other
subjects’ breathe regularly. Figs. 15(a), 15(b), and 15(c)
present the recovered respiratory waveforms of these three
situations; one can readily observe that the recovered wave-
forms by UWB-Fi effectively adapt to the variations taking
place in reality. Even in such challenging circumstance of
irregular respiration, the output of UWB-Fi still allows for
a remarkably successful recovery in a respiratory waveform,
with only a minor discrepancy observed during the 10 s to
20 s interval, corresponding to the period of extremely light
respiration. Besides, all waveforms bear high morphological
similarity to the ground truth according to Fig. 15(d).

C. Impact Factors

In this section, we delve deeper into the sensing principle
and impact factors.

1) Sensing With Spectral Amplitude: Trained by the ToF-
AoA spectrum, UWB-Fi also encodes phase information
in spectral amplitude. To confirm this claim, we extract
the subject’s bin sequences across multiple snapshots (as
explained in Section III-D) for both a pendulum and a finger
gesture (writing the letter ‘M’), and track their processed mean
values, as depicted in Fig. 16. Since continuous tracking such
motions is impossible with only signal amplitude (which only
infers range variation and has centimeter-level precision even
for UWB-Fi), the demonstrations in Fig. 16 strongly confirm
that continuous variations in phase have been represented by
the spectral amplitudes of UWB-Fi’s snapshots.

2) Environments and Subjects: We evaluate the localization
accuracy of all subjects across five unseen environments. The
results, as depicted in Fig. 17, confirm that varying environ-
ments and subject positions have a minimal impact on the
localization performance: the median and 90th percentiles tail
errors remain consistent (with only minor fluctuations) around
6 cm and 17 cm, respectively; this is true even in the PO that
substantially deviates from our RR training environment. It is
worth noting that this generalizability, though partially coming

Fig. 18. Localization error and resolution vs. varying channel quantity.

from the design of SpecTrans (without even invoking the SAs
in Section III-B.4), should be more attributed to the ultra-wide
bandwidth of UWB-Fi and the training method: the resulting
fine-granularity sensing allows UWB-Fi to accurately discern
bins pertinent to specific subjects, naturally filtering inferences
related to various multipath.

3) Channel Quantity: We hereby use experiment results to
analyze the impact of the channel quantity on localization
accuracy and resolution. For the accuracy analysis, UWB-
Fi randomly collects 5 to 50 sparse channel samples and
evaluates performance leveraging median and 90th percentile
errors. The results, as shown in Fig. 18(a), indicate that both
the errors decrease as the number of channels increases, but
these changes level off after reaching 20 channel samples. We
employ the same setup to analyze spatial resolution. To ensure
a sufficiently small distance between the two subjects, we
conduct tests on the two pendulums, as shown in Fig. 10(d).
The results, shown in Fig. 18(b), indicate that resolution
improves with an increase in the sampled channel quantity,
reaching sub-decimeter level at 50 channels. For real-time and
error considerations, UWB-Fi samples 20 channels, achieving
a resolution of approximately 20 cm, which is sufficient for
indoor scenarios to distinguish normal-sized adults. Of course,
these results might still be affected by conditions unknown
to us by far, but we have offered adaptation schemes in
Section III-A.1.

It is worth noting that, when contrasting with Figs. 12(b)
and 13(b), it becomes evident that, even with only 5 chan-
nels, UWB-Fi yields much higher precision than the baseline
employing 13 overlapped channels. The reason accounting
for this is twofold: i) UWB-Fi’s the fast channel hopping
allows it to gather channel samples across up to 4.7 GHz
UWB bandwidth and hence to acquire far more comprehensive
information, and ii) the impressive sparse recovery and offset
elimination capabilities of SpecTrans helps UWB-Fi to fully
extract the useful information within the channel samples.

4) Placement of Channels: Following the same experiment
setup as previously described using 20 channel samples,
we proceed to investigate the impact of channel placement
on accuracy and spatial resolution. We design three scenar-
ios: randomly selected channel samples (Regular), manually
selected compact channel samples (Compact), and manually
selected loose channel samples spanning from 2.4 GHz to
6 GHz bands (Loose). The results, as depicted in Fig. 19,
demonstrate that both accuracy and resolution achieve the best
performance under the loose placement, while performing the
worst under the compact scenario. The main reason is that the
broader span of the loose placement provides greater diversity,
enabling the recovery of a wider effective bandwidth from
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Fig. 19. Impact of channel placement.

Fig. 20. A significant number of recognizable subjects.

sparse channel samples. Therefore, when the availability of
all channels is known, manually setting a loose placement of
channels can assist UWB-Fi in achieving better performance.

5) Number of Subjects: To demonstrate UWB-Fi is reli-
able for a significant number of subjects, we increase to 15
people, enough to fill the CR, standing randomly in various
positions. The result, as shown in Fig. 20(a), clearly displays
multiple distinct peaks in the ToF-AoA spectrum, enabling
us to identify all 15 subjects. Furthermore, we also conduct
additional analysis on the localization errors of the 15 subjects,
as depicted in Fig. 20(b). The maximum error is only 10.6 cm,
while the minimum error is less than 2 cm. These findings
underscore the stable sensing performance of UWB-Fi, even
in scenarios involving highly crowded subjects.

D. Training Approaches Ablation

In order to validate the effectiveness of our training
approach proposed in Section III-C, we compare it against four
distinct label generation methods that include: A) generating
a pseudo-spectrum directly from ToF-AoA tuples, B) training
data without background interference (w/o Diver.), C) esti-
mating ToF-AoA spectra without enhancement (w/o Enhan.),
and D) generating labels without using the Tx-Rx path as a
reference (w/o LoS). Note that one should not expect a neural
network to directly output ToF-AoA tuples (hence should not
be trained so), the fundamental reason lies in the the bias-
variance dilemma in estimation [40]. As discussed in III-B.1,
directly translating channel samples to a few real-valued tuples
has to strike a balance between bias and variance, leading to
bad performance on either side.

1) Method A: We first take a straightforward method to
generate labels by converting each ToF-AoA tuple into a
Gaussian kernel placed at corresponding position in a 2D
spectrum; however, training with this kind of spectrum fails.
Denote the neural network taking such spectra as labels by gA,
we train both gA and gW (see Section III-C) and measure the
entropy [61] of them; the results show that entropy values of
253 and 132 for gA and gW , respectively. Due to the higher
complexity of gA, using labels generated by Method A for
training certainly hampers convergence.

Fig. 21. Ablation studies on localization error.

Fig. 22. AoA-Amplitude curves (a) without and (b) with enhancement: the
latter allows for a much better differentiation.

2) Method B (w/o Diver.): Since UWB-Fi’s resolution helps
isolate subjects from the environment, we consider removing
Algorithm 1. However, as shown in Fig. 21, the median and
90th percentile errors increase to 28 cm and 3.8 m, respec-
tively. It indicates that incorporating background interferences
generated by Algorithm 1 into real-life channel samples can
help SpecTrans achieve superior cross-environment capability.
Besides, this algorithm is also crucial for reducing the work-
load associated with training data collection.

3) Method C (w/o Enhan.): While generating labels using
Algorithm 2, one might wonder if the enhancement (the
Enhance(·) function) is necessary. According to Fig. 22(a),
it appears that removing the enhancement could significantly
affect the estimation results. Specifically, we create a set of
ideal channel samples with only one target peak at 87.5◦.
However, as the antenna quantity is limited, the resulting alias-
ing causes multiple interference peaks with one prominently
appearing at around 110◦. Without proper enhancement to
differentiate these peaks, using such labels to train SpecTrans
could significantly reduce accuracy. As depicted in Fig. 21,
the median error increases to around 13 cm, while the 90th
percentile error even surpasses 4 m, which is obviously worse
than our previous results in Fig. 12(a). With the enhancement,
Fig. 22(b) shows that the target peak becomes significantly
more distinguishable compared to other “fake” ones, poten-
tially improving the training outcome.

4) Method D (w/o LoS): Since the Tx-Rx path appears to be
largely irrelevant to sensing often based on reflection paths, we
consider removing it from the labels for the sake of simplicity.
Unfortunately, the outcomes, as depicted in Fig. 21, fall short
of expectations. Despite the median error remaining reason-
ably small, there is a pronounced long tail in the distribution,
with the 90th percentile error exceeding 3 m. This negative
effect can be explained by Fig. 11(b): in reality, the Tx-Rx
path signal energy is much stronger than other paths; removing
it can be seen as introducing a significant perturbation, as
shown in Eqn. (5). Though the Tx-Rx path signal is probably
not useful for sensing reflection paths, ignoring it outright
could fundamentally change the “landscape” of a snapshot
rather than merely removing a peak from the spectrum, hence
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negatively affecting the correspondence between training data
and real-life samples. Therefore, regardless of whether the Tx-
Rx path is used for sensing or not, the training labels have to
emulate all paths. In fact, UWB-Fi indeed needs the Tx-Rx
path as a reference point to establish a coordinate system for
localization.

VI. CONCLUSION

We have introduced UWB-Fi to be a pioneering Wi-Fi
sensing framework operating with a 4.7 GHz ultra-wide band-
width; it achieves this bandwidth exclusively via discrete and
irregular channel sampling. UWB-Fi first boasts a fast channel
hopping scheme to enable sparse sampling across its UWB
on commodity Wi-Fi hardware, all without disrupting default
communications. In absence of suitable signal processing
tools for handling such channel samples, we have innovated
in a model-based deep learning approach: along with its
model-drive training strategy, UWB-Fi’s SpecTrans network is
capable of translating sparse channel samples into parameter
spectra precisely implying ToF-AoA attributes of individual
subjects, effectively sidestepping the curse of bias-variance
dilemma. Meanwhile, SpecTrans also effectively mitigates
hardware-induced offsets inherent to Wi-Fi signals. Leveraging
extensive experiments on our UWB-Fi prototype, we have
demonstrated that UWB-Fi can help common Wi-Fi sensing
applications successfully achieve fine-granularity sensing in
indoor multi-subject scenarios. As a future direction, we plan
to fully explore beamforming enabled by channel sounding
mechanisms [62], [63] to further enhance the performance of
UWB-Fi. The codes accompanying this paper are available via
https://github.com/DeepWiSe888/UWB-Fi.
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