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ABSTRACT

While a large range of sensing applications such as activity sensing
and vital sign monitoring have been realized with WiFi sensing,
using commercial WiFi devices to obtain fine-grained size informa-
tion of objects remains challenging due to the narrow bandwidth of
WiFi. Very recent studies attempted to measure object sizes using
WiFi signals. However, these systems are still far from practical
with a lot of limitations including requiring multiple transceiver
pairs and can only measure one-dimensional size, hindering their
real-life adoption. Also, these systems rely on Channel State Infor-
mation (CSI) to work, which is only available on few commercial
WiFi cards. In this work, we propose to employ a new channel
data, i.e., Beamforming Feedback Information (BFI), widely avail-
able on almost all new generation WiFi cards for fine-grained size
measurement. Through thoroughly analyzing the mathematical re-
lationship between BFI and CSI, we show how to use BFI to achieve
fine-grained size measurement. We propose a novel method to accu-
rately measure the two-dimensional size of an object using a single
transceiver pair by identifying the positions of singularities when
the object passes through the diffraction zone of the transceiver pair.
Experiment results show that Wi2DMeasure can accurately mea-
sure the two-dimensional size of objects under various conditions,
achieving a small median error of only 3.7 mm.
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1 INTRODUCTION

In the last few years, wireless sensing has attracted a lot of atten-
tion from both academia and industry. Besides the conventional
functions (e.g., communication), wireless signals are extensively
explored for sensing purposes. Among the signals recently ex-
ploited for sensing, WiFi stands out owing to the ubiquitous de-
ployment of WiFi infrastructure in indoor environments and the
widespread availability of WiFi modules in smartphones, home
appliances and IoT devices. A large range of motion-based appli-
cations have been enabled with WiFi sensing including intruder
detection [23, 24, 45], trajectory tracking [25, 26, 31, 50], activ-
ity/gesture recognition [1, 12, 15, 49, 57], and vital sign monitor-
ing [29, 32, 42, 44, 54, 56]. Besides motion sensing, WiFi signals
have also been applied for material sensing such as liquid recogni-
tion leveraging fine-grained phase changes when signals propagate
through the target [10, 38, 39].

While promising, we notice that very little attention has been
paid to WiFi-based target size sensing. This is mainly due to the
limited frequency bandwidth (e.g., 20-40 MHz) of WiFi signals and
conventional imaging-based size measurement requires a large
bandwidth. It can thus only be realized with large-bandwidth sig-
nals such as UWB (ultra-wideband) and mmwave signals which
have a bandwidth larger than 500 MHz. While conventional LiDAR
and radar can capture the shape information of a target, obtaining
accurate size information is still challenging and the accuracy of
size measurement is limited to a few centimeters [8]. On the other
hand, target size measurement plays an important role in many
real-world applications such as logistics and quality control. In
logistics, size information helps save storage space efficiently. In
fruit quality control, fruits are graded based on size for pricing.

Very recently, some preliminary work explored the possibility of
employing WiFi signals which are narrow band for size measure-
ment [43]. Instead of employing reflection which requires a large
bandwidth, diffraction is employed for size measurement. However,
the proposed system requires multiple transmitter-receiver pairs
which is far from practical and can only capture the size information
of one target dimension. Another critical issue associated with the
proposed system is that it relies on Channel State Information (CSI)
readings for sensing. Besides technical challenges, one practical
issue hindering WiFi sensing from being adopted in real life is the
non-availability of CSI readings on the vast majority of commodity
WiFi hardware.

In this work, we address all the issues associated with the ex-
isting solution, moving WiFi-based size measurement one step
forward towards real-life adoption. The proposed system exhibits
the following advantages:
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Figure 1: Two-dimensional object size measurement with one
pair of WiFi transceivers.

e Universal Accessibility of BFI on Modern WiFi Devices:
Compared to CSI which is available on very few WiFi devices,
BFI readings are available on almost all new-generation com-
modity WiFi devices. With the widespread adoption of the IEEE
802.11ac/ax WiFi standards, an increasing number of commercial
WiFi devices nowadays support MU-MIMO (multi-user multiple-
input multiple-output) technology. To enable MU-MIMO, Beam-
forming Feedback Information (BFI) is measured at the WiFi
nodes and transmitted to the WiFi access point (AP). Since BFI
also contains channel information, it can be used for sensing
just like CSI. What makes BFI exciting is that BFI is transmitted
without encryption and it can be extracted from almost all new-
generation WiFi devices on the market without requiring any
firmware or driver hacking. For example, BFI is supported by
smartphones including iPhone, Samsung Galaxy phones, Google
Pixel phones and Xiaomi phones. For access points, nine out of
the top ten best sellers on Amazon support BFI [3].

e Accurate Size Measurement with a Single Device Pair: It
requires only one pair of WiFi transceivers for size measurement.
The state-of-the-art solution utilizes the number of singularity
points to infer the target size [43]. This is coarse because a partic-
ular number of singularities correspond to a target size range (e.g.,
4-10 cm) but not a precise size. Therefore, multiple transceiver
pairs need to be employed to narrow down the range for accurate
estimates. In this work, we propose to capture the fine-grained
position information of the singularity points to estimate the
target size which requires just one transceiver pair.

o Two-Dimensional Size Sensing Capability: The proposed sys-
tem can capture two-dimensional size information of the target.
Existing method [43] can only capture the size information of
one target dimension. By leveraging multiple antennas widely
available at WiFi APs nowadays, we can measure the projection
of the two-dimensional target size (i.e., width and thickness in
Figure 1) from slightly different angles. By smartly fusing the
projection views from different angles, we can obtain the size
information of two dimensions. Note that we consider the most
commonly seen case that the target moves with a horizontal
conveyor belt and the transceiver pair does not move. Size infor-
mation of the third dimension (i.e., height) can be obtained if the
conveyor belt has vertical displacement.

While promising, we encountered multiple challenges before we
can turn the exciting idea into a functioning system.
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Figure 2: The ideal CSI signal exhibits two singularities when
the target moves in the diffraction zone, whereas the BFI
signal does not contain any singularities.

e Challenge 1: To reduce the transmission overhead, BFI is a
compressed version of CSI, containing only partial CSI informa-
tion [52]. BFI essentially is a distorted version of the original
CSI, rendering direct application of existing CSI-based sensing
models infeasible. Take size measurement as the example. The
occurrence of singularities (i.e., abrupt changes in direction) on
the CSI curve as illustrated in Figure 2a is the key information
utilized for size measurement. However, the BFI curve may not
even contain any singularities as shown in Figure 2b. Recovering
precise singularity information from the distorted BFI data for
accurate size measurement presents a big challenge.

e Challenge 2: To reduce the BFI transmission overhead for MU-
MIMO communication, BFI adopts a much lower sampling rate
compared to CSL This low sampling rate makes it difficult to
extract the precise positions of the singularities which are criti-
cal for size measurement. Furthermore, compared to CSI-based
method which relies on counting the number of singularity points
for sensing, it is much more difficult to obtain the precise po-
sitions of the singularity points under low sampling rate and
hardware noise.

Challenge 3: There is no exiting model which captures the

relationship between the positions of the singularities and the

target size. Two-dimensional size measurement further compli-
cates the problem because size information extracted at each
antenna pair is a one-dimensional projection of the target size.

The two-dimensional size information is thus superimposed in

the one-dimensional projection. Even with the novel idea of lever-

aging multiple antenna pairs to capture multiple views of the
projection, it is still non-trivial to separate and obtain precise
size information of each individual dimension.

To address the first challenge, we establish the mathematical
relationship between BFI and CSI. Although it is not possible to
fully recover CSI using BFI, we show that BFI can be used to rep-
resent CSI ratio. Through deeply understanding the mathematical
relationship, we show that CSI ratio can be represented by the
trigonometric functions of BFI readings. We further prove that
when two antennas are close to each other, CSI ratio and the two
CSIs exhibit roughly the same singularity characteristics. When the
spacing between two antennas are relatively large (e.g., 20 cm), the
singularity characteristics of the CSI ratio is only similar to the CSI
whose signal link is closer to the target. Thus, to fully utilize all the
antennas available for sensing, the spacing between antennas needs
to be taken into consideration. To deal with the second challenge,
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we increase the number of samples to reduce the noise level lever-
aging the Law of Large Numbers [4]. Specifically, we increase the
sampling rate through interpolation [35] and utilize a large number
of subcarriers available at commodity WiFi hardware. To address
the third challenge, we first establish the quantitative relationship
between the position of the singularity and the target size for one
antenna pair. A singularity occurs when the signal propagation
length difference along the upper boundary and lower boundary
of the target is an integer multiple of the signal wavelength. The
position of the singularity is thus related to the target size, i.e., the
distance between the target upper boundary and lower boundary.
We thus measure the two-dimension size of the object from slightly
different angles using projections obtained from different antenna
pairs. As WiFi antennas are co-located, the diversity of the projec-
tions is not that big. We thus adopt the least squares method [47]
to obtain the optimal values for target size estimates.
To summarize, the main contributions are as follows.

e Based on a deep understanding of the mathematical relation-
ship between BFI and CSI, we show that although CSI is not
able to be fully recovered using BFI, we can construct CSI
ratio using BFI. As CSI ratio and CSI share similar sensing
capabilities in a lot of scenarios, we successfully enable sens-
ing with BFL, laying the theoretical foundation for sensing
with new-generation WiFi cards.

e To achieve accurate two-dimensional size measurement of
objects using just a single pair of transceivers, for the first
time, we propose to use the position information of the sin-
gularity points when a target moves across the diffraction
zone of the transceiver pair. We address critical inherent
issues associated with BFI such as low sampling rate and
high noise leveraging interpolation and the large number of
subcarriers available at commodity WiFi hardware.

e We show for the first time that antenna spacing affects the
characteristics of the constructed CSI ratio using BFI and
propose corresponding strategies for different antenna spac-
ing cases. To obtain accurate size estimates, we fuse the
information captured at multiple antenna pairs as an opti-
mization problem and adopt the least squares method with
linear regression to obtain the final estimates.

e We implement the proposed system Wi2DMeasure on com-
modity WiFi hardware and show that the proposed system
can measure the two-dimensional size of the target at a me-
dian error of 3.7 mm with a single transceiver pair, pushing
WiFi-based size measurement one important step towards
real-world adoption.

2 BACKGROUND KNOWLEDGE

Before presenting our design, we first introduce the principle of
size measurement using CSI and the basics of BFL

2.1 CSI-based Size Measurement

In WiFi transmission, CSI is used to describe the characteristics of
signal propagation paths from the AP to the node. For a wireless
channel with a central frequency f, the CSI of this channel at time
t can be expressed as H(f,t) = Y(f,t)/X(f,t), where Y(f,t) and
X (f,t) are the frequency domain representations of the transmitted
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Figure 3: When the signal path difference on two sides of
the object is an integer multiple of the signal wavelength,
the signal curve exhibits singularities on the I-Q plane.

and received signals, respectively. When the positions of the AP
and node are fixed, and an object moves through the diffraction
zone as shown in Figure 3a, the received signal can be expressed as
the signal without object Hyo (f, t) minus away the signal blocked
by the object Hyp;(f,t). Specifically, Hywo(f,t) does not change
over time and is the static component in the received signal, while
H,pj(f,t) varies with the object movement and is the dynamic
component. Mathematically, the received signal can be expressed
as:

H(f,t) = Huwo — Hobj(f’ t)
i dc(t)+¥ A

(1)

2 (ip+R)
——e T dx,

"2 Jay -y Il

where A is the signal wavelength, and A is the amplitude of the
transmitted signal. H,p; can be obtained by integrating the signal
from the left boundary of the object d. (t) — % to the right boundary
of the object d.(t) + % where d, is the vertical distance from the
center of the object to the LoS path, and W is the object width. The
path lengths from the integral point with vertical height x to the
AP and node are I = Viro? + x2 and Ig = VIgo? + x2, respectively.
Here I7, (Igo) represents the distance from the vertical projection
point (i.e., O) on the LoS to AP (node).

To further analyze signal variation patterns when the object
moves across the LoS path, we visualize the signal in Equation 1
as vectors on the I-Q plane. For simplicity, we denote —H,p;(f,1)
as Ho_bj (f, 1), so the received signal is the vector addition of H,,,
and H;bj (f,t) on the I-Q plane, as shown in Figure 3b. On the [-Q
plane, the diffraction signal vector Ho_bj (f,t) rotates with respect
to the static signal vector Hy,,, leading to variations of the received
signal vector H(f,t).

Note that different object widths lead to different path length
differences between the right boundary (L7, + Lg,) and left bound-
ary (L7;+Lp;) of the object. Singularity occurs when the path length
difference between the left and right boundaries of the object is an
integer multiple of the wavelength A which can be expressed as:

(Lrr + Lrr) = (L7 + Lgy) = kA ()

As shown in Figure 3b, when the LoS distance is 1 m, an ob-
ject with a width of 0.1 m produces a singularity point when it
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Figure 4: The sounding procedure for MU-MIMO transmis-
sions (IEEE 802.11ac).

moves outward from the midpoint of the LoS along the perpendic-
ular bisector. The width of the object is related to the number of
singularities as the object moves along a specified trajectory.

2.2 BFI Primer

BFI is mainly used to enable MU-MIMO transmission, a key feature
of the 802.11ac/ax WiFi standards. Figure 4 shows the procedure
of obtaining BFIL. To support MU-MIMO, the WiFi AP needs to
know the channel state information between the AP and all nodes.
Directly transmitting complete CSI to the AP incurs significant
overhead. To reduce this overhead, the node uses Singular Value
Decomposition (SVD) to decompose the measured CSI. Specifically,
SVD decomposes the CSI matrix H into three matrices: H = usvt ,
where matrices U and S represent the information at the node and
the channel gain, respectively, and matrix V' contains the most crit-
ical beamforming feedback information for the AP. T denotes the
conjugate transpose operation. To further reduce the communica-
tion overhead, matrix V is compressed into two angle information
¢ and ¢ (i.e., BFI), which are subsequently sent to the AP for MU-
MIMO transmission.

3 SYSTEM OVERVIEW OF WI2DMEASURE

Figure 5 presents an overview of the system, which consists of four
modules: data acquisition, signal construction, singularity extrac-
tion, and 2D size measurement.

e Data acquisition: To collect BFI readings, we employ a
sniffer to monitor the beamforming feedback packets using
Wireshark. To support MU-MIMO, the AP is equipped with
multiple antennas.

e Signal construction: BFI is a compressed version of CSI.
Although CSI is not able to be fully recovered using BFI, CSI
ratio which possesses similar sensing capability as CSI can
be reconstructed from BFL

e Singularity extraction: Since the sampling rate of BFI data
is only tens of hertz, we employ linear interpolation to in-
crease the number of samples. We further leverage the law of
large numbers to combine BFI data from multiple subcarriers
to reduce the noise. Using the up-sampled and noise-reduced
signal samples, we can accurately extract the positions of
singularities for fine-grained object size measurement.

e 2D size measurement: For each antenna pair, we calculate
the object’s size projection using the singularity positions.
By combining the measurement results of multiple antenna
pairs, we obtain the accurate width and thickness of the
object, achieving two-dimensional size measurement.
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4 SIGNAL CONSTRUCTION

In this section, we first establish the mathematical relationship
between BFI and CSI. We then reconstruct CSI ratio using BFL

4.1 The Mathematical Relationship Between
CSI and BFI in Diffraction Zone

The data processing from CSI to BFI involves using SVD to decom-
pose CSI, obtaining the matrix V, and then performing a compres-
sion decomposition on the V matrix to obtain two types of angles, ¢
and ¢. In light of this, we first study the mathematical relationship
between ¢ (/) and CSL

Assume Hyyps is the channel matrix of a subcarrier, where
M represents the number of AP’s antennas and N represents the
number of the node’s antennas. The SVD of the channel matrix H
is as follows:

H=10sv, ®3)

where S is a diagonal matrix with diagonal elements o (k =
1,..., Ns) representing the real singular values, and Ny = min(N, M).
U and V are the left singular matrix and the right singular matrix,
respectively. They are both unitary matrices containing complex
elements (with size N x N and M x M, respectively). V1 denotes
the Hermitian transpose of V.

Without loss of generality, assume that there is only one antenna
at the node, i.e., N = 1. Then, the right singular matrix V satisfies
the following condition:

V = lH = ;2
N (O

where the matrix V is equal to the CSI amplitude scaled by the sin-
gular value o. The singular value o is calculated as the square root
of the sum of the squares of the CSI amplitudes. As CSI amplitude
varies with target movement, o is time-varying.

Transmitting the entire V matrix with N X M complex values
incurs significant overhead especially when there are a large num-
ber of subcarriers (256). To reduce transmission overhead, the V
matrix is further decomposed and expressed in polar coordinates
as two angles ¢ and 1. The V matrix can be split into the product

H, )

of a preprocessing matrix D;(¢) and a rotation matrix GlI (¥):

M
[Tenw
=2

where D is a pre-processing matrix, D; (¢) is also a pre-processing

V =D |Di($) ()

)HMXL

matrix which contains the angle ¢, and Gl'l(l//) is a rotation ma-
trix which contains the angle 1. [y1x; is an M X 1 identity vector,
with additional rows filled with zeros. The beamforming feedback
information is a series of angles ¢ and . Compared with the original
channel matrix V, BFI does not contain the information of D. This
omission does not affect communication. However, for sensing, the
loss of D means that only the relative information between antennas
exits and the absolute amplitude and phase information is missing.
Based on the derivation, ¢ satisfies the following relationship:

(}31,1 =Z(HM’1)—A(HL1) forl=2,...,M. (6)
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Figure 5: System overview of Wi2DMeasure.
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Figure 6: Conversion from CSI to BFI.

That is, the [-th element of ¢ equals to the phase difference between
the I-th antenna and the reference antenna. i/ can be expressed as:

VE H
\/Zﬁﬂ ’Hllllz

|Hi.1|

V Zg:l |Hi,1i2

¥ describes the difference in signal amplitude space before and after
adding the CSI from the [-th antenna. If ¢ is close to 0, it means
that the new path (i.e., Ith path) is almost aligned with the previous
paths, contributing little new information for beamforming. If ¢
is close to 90 degrees, it means that the new path is orthogonal to
the previous paths, adding new information. Figure 6 presents the
detailed conversion procedure from CSI to BFL

Y11 = arccos
™)

= arcsin forl=2,...,M.

4.2 Using BFI for Object Size Measurement

In the previous section, we established the mathematical relation-
ship between BFI and CSI. To achieve two-dimensional size measure-
ment, we represent CSI ratio with BFI and validate its effectiveness
for sensing in this section.

4.2.1 Object Measurement with BFI. Based on Section 2.1, the key
to measuring object size in the diffraction zone is extracting the
singularity information from the signal. We now compare the dif-
ferences between BFI and CSI on the complex plane through simu-
lation. By letting the same object move 0.15 m away from the LoS,
we obtain the CSI and BFI variation patterns as shown in Figure 2.
Unlike the CSI trajectory which has singularities, the BFI does not
necessarily have singularities, or the positions of singularities vary.
Due to the significant differences between BFI and CSI patterns
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on the complex plane, existing object size measurement methods
based on CSI cannot be directly applied to BFI-based sensing.

4.2.2 Constructing CSI Ratio with BFI. To extract singularity in-
formation from BFI, we propose to construct CSI ratio using BFIL.
Although the amplitude and phase of CSI cannot be directly ex-
tracted from BFI, the ¢ of BFI represents the phase difference of
CSI between two AP antennas, and the ¢ of BFI represents the
amplitude ratio of CSI between two AP antennas. This is equivalent
to dividing the CSIs of two AP-node links. This indicates that we
can construct the CSI ratio using BFIL. According to the Mobius
theorem [30], the CSI ratio retains the conformality of the CSI, and
thus the singularity information is preserved in the CSI ratio. For
any two of the AP’s antennas p and g, according to Equation 6, the
phase of the CSI ratio between them can be expressed as:

H
(i)
Hg

£(Hp,1) = £(Hg,1)
8)

£(Hp) = £(Hpm,1) + £(Hp,1) — £(Hg1)
= _(¢p,1 - ¢q,1)-

Equation 8 indicates that the difference between the p-th and q-th

elements in ¢ equals to the phase difference of the CSIs at the AP’s

p-th and g-th antenna. According to Equation 7, the amplitude of

the CSI ratio between the p-th and g-th (p > ¢) antenna can be

expressed as:

_ |Hpa|
[Flg.

Ll VRl il
R I N S
sin ¥p,1
sin g1 Hf:q +1 COS Y1

Hp1
Hga

(p>q).
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Equation 9 shows that the amplitude ratio of CSI can be represented
as a series of trigonometric operations on the p-th and q-th elements
of ¢. Similarly we have:

sin ¥p,1 H?=p+1 cos i1
sin lrl/q,l

By combining the phase relationships between CSI ratio and
BFI (Equation 8) together with the amplitude relationship between
CSI ratio and BFI (Equations 9 and 10), we can fully construct CSI
ratio using BFI:

Ip,

Hp:
Hg1

(10)

(p <.

sin l,bp,l

[H p.1 _ e—i(¢p1—¢q1) (p N q)
[Hlg1  sin Vg1 [—[f:qul cos i1

. q )
[Hlp1 _ sinp1 H,-:pﬂ cos i1 o iGpi-Bar) v <a
[H]q,l sin Ipql
———
CSI ratio BFI Processing

(11)

This indicates that, although BFI is a compressed version of CSI, we
can still construct CSI ratio for sensing as shown in Figure 7a, which
contains the same singularity information as that in CSI (Figure 3b).

4.2.3 Selecting Effective Antenna Pair to Construct CSI Ratio Based
on Antenna Spacing. From the two CSI ratio patterns constructed
with BFI shown in Figure 7, we can see that the constructed CSI
ratio patterns with different BFI corresponding to different links
are not consistent.

Through further analysis, we find that this is related to the spac-
ing between antennas. Specifically, assuming the distance between
the p-th and g-th antennas at the AP is Ad as shown in Figure 8,
we can establish a direct mathematical relationship between the
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constructed CSI ratio and the signals according to Equation 11 and
Equation 1:

sin lﬁp1 H?=p+1 cos i1

e~ (Pp1—0q1)
sin ¥g1
[H ] i dc(t)"'% A e_iw -
wolp,1 = 53 do ()= lrlpillrlps
(Huolos — 4 de(£)+ W A e‘iwdx
wolg,1 ™~ 33 de(t)-% llrlg1lirlg
(12)

If Ad is much smaller than the distance from the target to the
transceivers (Figure 8a), Equation 12 can be simplified as:

. q )
sinYp1 [T 4, cos i1 (G pa—tar) Ap+Z (13)
e ’ R T T
sin g1 Aq+BZ
() A _j e irlpi+liRlp)
- i DA ! )
where Z = —55 d.(t)-% 1o rlps € ’ b rep

resents the diffraction signal from the object to the node for the
p-th AP antenna. We can see that in this case, the constructed CSI
ratio satisfies the Mobius transformation, preserving the confor-
mality (e.g., the singularity property) of the original CSIs. Very
interestingly, we observe that when the two antennas are separated
relatively far away, the constructed CSI ratio does not satisfy the
Moébius transformation but still preserves the conformality of one
of the CSIs. This is because when two antennas are far away, the
target can be close to one of the links and relatively far away from
the other link during the process of movement. In this case, the
diffraction effect at the close-by link is much stronger than the
far-away link and the constructed CSI ratio can be approximated
as a CSI because the variation of the far-away link can be ignored
and the denominator in Equation 12 can be assumed as a constant.
Based on these important findings, we process the BFI-constructed
CSI ratio differently accordingly to the spacing between antennas.

5 SINGULARITY POSITION EXTRACTION

In this section, we first introduce how to segment the reconstructed
CSI ratio that contains size information. Then, we present our
denoising method to extract accurate singularity positions.

5.1 Signal Segmentation

As the constructed CSI ratio involves more than one link, we need
to determine which link to use (i.e., at what angle the projection is
viewed) when we map the position of singularity point to the target
size. When two AP antennas are close to each other, the singularity
plots of the two CSIs are similar to each other. In this case, we can
use either link. In this work, we propose to use a virtual link in the
middle of the two actual links for the best performance as shown
in Figure 9a. When the two antennas are far away, the constructed
CSI ratio only exhibits the characteristic of the link closer to the
target. Thus, we choose the link closer to the target which can
be identified with a larger signal variation for size measurement
shown in Figure 9b.

We further observe that when the target is closer to the LoS
path, the diffraction effect is much stronger, presenting clearer
singularity points. Thus, during the process of a target moving
across the diffraction zone as shown in Figure 9, we use the signal
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segment when the target is relatively close to the LoS path of an AP-
node antenna pair for size measurement. Based on our experiments,
the diffraction effect is strong as long as the boundary of the target
is within the range of 25 cm from the LoS path.

We employ an example to illustrate the above concept. As shown
in Figure 10, the AP is equipped with four antennas. According
to the above analysis, the CSI ratio constructed by the 2nd and
3rd close-by antennas corresponds to link-2, while the CSI ratio
constructed by the 1st and 4th farther-away antennas corresponds
to link-1 and link-3. When the object moves from left to right, we
can extract three signal segments corresponding to three projection
views from link-1, link-2 and link-3 respectively.

5.2 Noise Reduction

As shown in Figure 11a, when an object moves across the link,
the noise in the BFI and correspondingly constructed CSI ratio
extracted from the commodity WiFi device is high. To mitigate the
effect of noise ¢(ft, t), the insight from Wiener-chinchin law of
large numbers suggests that statistically averaging a large number
of observations of the same noisy signal can effectively reduce the
noise level [4]. This approach is based on the fact that the sample
mean of a large number of independent observations will converge
to the true mean, thereby diluting the random noise present in
individual observations. To save the power consumption, storage
and transfer load, the sample rate of BFI on commodity devices
is usually quite low. To increase the number of observations, we
upsample the data and utilize readings from multiple subcarriers.
Even when the signal is affected by human activities, it still
exhibits stability within a short period (e.g., 0.02 s). This tempo-
ral stability presents us the opportunity to upsample the data. We
employ linear interpolation to better preserve the local characteris-
tics of the signal, especially near singularity points, avoiding the
smoothing effect caused by other interpolation schemes such as
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Figure 12: Extracting singularities with curvature feature.

mean interpolation. Figure 11b shows the results of upsampling the
signal and a larger number of data points are generated.

By leveraging the larger number of subcarriers available at com-
modity WiFi hardware (e.g., 256 for 802.11 ac), we can collect more
data samples, each representing an independent observation of
the signal. However, the signal trajectories captured from different
subcarriers exhibit a different angle rotation as shown in Figure 11c
and Figure 11d. We thus search the phase adjustment to make the
subcarriers aligned at the same angle and average them as below:

[H(fi, D)]p, 0,

c(1) = —Z( G D], s(fi,t))ef@l
14
_ Z [H(fi. )]pa jei+l§:g(f~ )el0: "

~ [H(fi.1)]ga Ko )

where 6; represents the phase adjustment of the signals on each sub-
carrier. The noise part ¢(f;, t)e/% follows a normal distribution with
zero mean and with a large number of samples, % Z{i 1&(fi 1) e0i
approaches 0 [27]. This method reduces environmental noise and
improves the signal-to-noise ratio without distorting the singularity
information as shown in Figure 11e.

5.3 Singularity Position Extraction

To detect singularities, we identify points where the signal vector
direction changes sharply over time. Mathematically, we use cur-
vature to describe the rate of direction change. If we know three
adjacent points on a CSI trajectory (e.g., A, B, and C, as shown in
Figure 12a), we can calculate the curvature of these three points.
Specifically, AB and BC represent the adjacent tangent vectors, and
As represents the arc length between A and C. When the arc length
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As approaches 0, the curvature k at point B is calculated as:

Aa

a(AB) — a(BO)
‘As

As

As—0

, (15)

k = lim
As—0

where Aa represents the change of direction between adjacent
tangent vectors. As shown in Figure 12b, we present the curvature
graph of an object moving along the perpendicular bisector of
the AP’s and node’s antennas. Due to the very high curvature
values at singularity points, a simple peak detection algorithm can
achieve robust singularity detection. Combined with the object’s
motion trajectory information, we can calculate the positions where
singularities appear.

6 2D SIZE MEASUREMENT USING MULTIPLE
ANTENNA PAIRS

We now introduce how to employ CSI ratios from multiple antenna
pairs to calculate the size, i.e., width and thickness of the object.

6.1 1D Size Measurement

To calculate the one-dimensional size of an object, we start by con-
sidering the position of the singularity. As detailed in Section 2.1,
singularities on the signal curve arise when the path length dif-
ference at the object’s edges equals to an integer multiple of the
wavelength. This phenomenon allows us to establish a relationship
between the object’s one-dimensional projection size w’ and the
singularity position Ps. From the trajectory in Figure 12, we can tell
the actual physical location where the singularity occurs. Specif-
ically, the color indicates the distance (ds) between the physical
location of the singularity point and the LoS path. The quantitative
relationship between ds and the projection size w’ can thus be
expressed as the following equation:

w2 w\?
lT0+(ds+7) + lR0+(d5+?) -
w\? w\?
lTO + (ds - ?) + lRO + (ds - 7) =kA.

Given the positions of the WiFi devices (i.e., AP and node) and the
object’s movement trajectory, I, and Ig, can be calculated from
the physical position of the singularity points and the locations of
the AP and node. Thus, in the above equation, the only unknown
variable is the one-dimensional projection size of the object, w’. By
solving this equation for each link formed by one antenna pair, we
can determine the one-dimensional projection size w’ using the

(16)
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measured singularity distance ds. The one-dimensional projection
size refers to the length of the object’s size projection at the direction
perpendicular to the antenna pair link.

To mathematically express the relationship between the projec-
tion size and the object’s true size, we define the angle 6 between
the projection direction and the object’s motion direction (x-axis) in
Figure 13b. When 0 is 0 degrees, the projection length w” measured
equals to the object’s width w. When 6 is not 0 degrees, the mea-
sured projection length w’ is a combination of the object’s width w
and thickness ¢ which can be described by the following equation:

(17)

If the object is not rectangular but other shapes, the relation-
ship between the projection length and the actual size changes
accordingly. For example, for a circular object shown in Figure 13c,
the projection length w’ is only related to the diameter d of the
object and is independent of the angle 6, which can be expressed
as w’ = d. The proposed system can be applied to measure object
size of different shapes.

w =w-cosf+t-sinf.

6.2 2D Size Measurement

As illustrated in Section 6.1, the projection size is dependent on the
angle between projection direction and target moving direction. The
relationship between the projection length w’(0) and the object’s
actual width w and thickness t is described as Equation 17. With
multiple links, we can obtain multiple equations. We apply the
least squares method to find the optimal values of w and ¢ that best
satisfy all the equations. Specifically, we achieve this by minimizing
the following objective function:

n

J(w,t) = Z (W' (8;) = (w - cos 6; + ¢ - sin 6;)),

i=1

(18)

where n is the number of equations, and w’ (6;) is the projection
length at the i-th angle ;. To solve the above minimization problem,
we adopt linear regression which is commonly used for minimizing
the objective function to estimate the values of w and t. We rewrite
Equation 18 in matrix form:

Ax =, (19)
where
cos0; sin6 w’ (01)
cosfy sinfs w w’ (02)
A= ], ox= [ } , b= . ,
: : t :
cosl, sind, w’ (0p)
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Figure 15: System setup.
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Figure 16: Box sizes

By solving the matrix equation AT Ax = ATb, we can obtain the
optimal solution x = [w t] T, which are the width and thickness
of the target.

7 EVALUATION

7.1 Experiment Setup

Implementation: We use a Netgear R7800 router equipped with
Qualcomm WiFi QCA9984 chipset as the AP and a Tenda U10 card
as the WiFi node. Our system operates at a central frequency of
5.32 GHz, and the channel bandwidth is 80 MHz. We use a Netgear
A6210 as a sniffer to capture BFI packets. We use the iperf3 tool [18]
to generate UDP traffic from the AP to the node that triggers MU-
MIMO transmissions.

Experiment setup: We conduct experiments in three typical
indoor environments: a large hall with little multipath (10 m x 8 m),
a corridor with certain multipath (6 m X 2 m), and an office with
rich multipath (4 m X 3 m), as shown in Figure 14. In each environ-
ment, we deploy Wi2DMeasure as shown in Figure 15. During the
experiment, we move the target along the sliding track at a speed of
0.12 m/s. The default moving distance is 1.2 m. The default distance
between the WiFi AP and the node is 0.5 m.

Ground truth measurement: The ground truth is measured
using a vernier caliper with an accuracy of 0.05 mm [20]. The
difference between the measured size and the ground truth size is
the size measurement error.

7.2 Overall Performance

To evaluate the overall performance of Wi2DMeasure, we first
use standard shipping boxes of varying widths and thicknesses

1

2
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Figure 17: Overall performance.

which are commonly used in logistics as targets. For each target,
we repeat the experiment five times to ensure consistency and
reliability of the results. Figure 16 shows the width and thickness
of eight different-sized boxes tested in our experiment. Figure 17a
and Figure 17b show the absolute estimation errors for the object’s
width and thickness measurements, respectively. In all the cases,
the median error is smaller than 0.6 cm which is a surprisingly
accurate result for WiFi-based size measurement. We also notice
that the width error is slightly smaller than the thickness error.
We believe this is because under the current device placement, the
projection length contains more width information.

Note that in real-life logistics, the boxes need to be grouped
based on size. We thus use the obtained size measurements to group
the boxes. Specifically, we compared the obtained sizes with the
eight ground truths and put the box in the group with the smallest
difference. Figure 17c shows the classification accuracy. We can see
that the classification accuracy for boxes 1 to 6 is always 100%. A
slightly lower accuracy (i.e., 97%) is achieved with boxes 7 and 8
because they are small and their thickness differ by only 0.6 cm.

7.3 Comparison with SOTA Work

We further compare the proposed system with the state-of-the-art
work WiMeasure [43], a 1D size measurement system based on CSIL.
For a fair comparison, we downgrade our system to perform 1D
size measurement. In this experiment, we use only a single pair of
transceivers, following the same setup as described in Section 7.1.
The results are shown in Figure 18. The measurement errors of the
proposed system are consistently lower than those achieved with
WiMeasure. This is because WiMeasure relies on the number of
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singularities for estimation whereas our system utilizes the more
fine-grained singularity position information for size estimation.

7.4 System Robustness

Next, we investigate possible factors that may affect the sensing
performance, including device type, object moving speed, envi-
ronment, target material, item inside the box, antenna height, and
surrounding interference.

7.4.1 Impact of Device Type. To demonstrate the generality of
our method, we test our system with four different WiFi routers,
including the Asus RT-AC86U, Netgear R7800, TP-LINK WDR7660,
and TP-LINK WDR?7661, equipped with 3, 4, 6, and 6 antennas,
respectively, as shown in Figure 19. These routers are denoted
as R1 to R4. Although these routers are of different brands and
embedded with different WiFi chips, we are able to successfully
collect BFI from all of them without modifying any firmware or
drivers. Figure 20 shows that Wi2DMeasure can achieve accurate
two-dimensional size measurements with all these routers. We also
observe that more antennas can bring higher accuracy because a
larger number of antennas can provide more measurements from
different angles.

7.4.2  Impact of Moving Speed. The speed of the conveyor belt
ranges from 10 cm/s to 70 cm/s. Industrial assembly lines typically
move at speeds of 10-20 cm/s. Figure 21 shows that Wi2DMeasure
can achieve accurate two-dimensional size measurements under a
wide range of motion speeds. For instance, increasing the object
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Figure 24: Impact of target material.
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speed from 10 cm/s to 90 cm/s only slightly increases the measure-
ment error by about 0.1 cm. Note that a higher sampling rate can
be used to measure the size of a target moving at higher speeds.

7.4.3 Impact of Different Environments. In this set of experiments,
we evaluate Wi2DMeasure in three different indoor environments
as shown in Figure 14. Figure 22 shows the absolute measurement
errors. It can be seen that Wi2DMeasure performs robustly in all
environments. The impact of multipath on performance is minimal
because we use curvature to detect singularity points, and curvature
information is independent of signals reflected from static objects
such as walls and furniture.

7.4.4  Impact of Target Material. To evaluate the impact of material,
we test a metal box, a wood box, a glass box, and a plastic bottle,
as shown in Figure 23. Figure 24 shows the average measurement
error for metal objects (0.22 cm) is the smallest. The average errors
for wood and glass are 0.25 cm and 0.26 cm, respectively. The plastic
has the largest average error (0.41 cm). We believe this is because
metal has the strongest diffraction effect, while plastic can absorb a
large amount of signal power.

7.4.5 Impact of Items Inside the Box. We further verify the impact
of different items inside the box on the measurement performance.
We place items made of metal (i.e., laptop and can), non-metallic
objects (i.e., glass photo frame and ceramic jar), liquids (i.e., mineral
water and beverage), and fruits (i.e., apple and orange) inside the
box. Figure 25 shows the errors of Wi2DMeasure when measuring
boxes containing different items. We observe that with different
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items inside the box, the width and thickness measurement er-
rors remain within 0.375 cm. This is because our system relies on
diffraction signals that go around the surface of the box and thus
are independent of the items inside the box.

7.4.6  Impact of Antenna Height. To evaluate the impact of antenna
height, we fix the position of the sliding track where the object is
located and adjust the antenna height to five positions as shown in
Figure 26: (a) the object’s center blocks the LoS path of the antenna
pair (Figure 26a), (b) the object’s lower edge just touches the LoS
path of the antenna pair (Figure 26b), (c) the object’s upper edge
just touches the LoS path (Figure 26c), (d) the object is above and (e)
below the LoS path (Figures 26d and 26e). Figure 27 shows that the
experiment results match the theoretical results well, indicating that
a small antenna height change has little impact on the performance.
The performance only decays when the antenna height is too low
or too high. Therefore, when the system is deployed in practice,
the user is suggested to adjust the antenna height to ensure that
the LoS path is roughly at the same height of the target.

7.4.7  Impact of Interference from Surrounding People. To evaluate
the impact of interference from surrounding people, we instruct
an interferer to move along the perpendicular bisector of the LoS
path. We vary the distance between the interferer and the target
from 0.5 m to 2.5 m at a step size of 0.5 m. From Figure 28, we
observe that when the interferer is more than 1 m away from the
target, the achieved error is close to that without an interferer.
This indicates that when the interferer is more than 1 m away,
the induced interference has a negligible effect on the sensing
performance. When the interferer is 0.5 m away from the target, the
error is 0.98 cm, which is still good enough for most applications.
This is because compared to the reflections from further away
interferers, the diffraction signals in the first Fresnel zone near the
LoS path utilized by our system for sensing is stronger.

7.5 Performance of Other Applications

7.5.1 Grading Apples by Size and Symmetry. To demonstrate the
practical application of our WiFi measurement system, we evaluate
its performance in measuring the fruit size. Accurate measurement
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Figure 29: Grading apples by size and symmetry.

of fruit size is crucial for quality control and pricing. By analyz-
ing the diffraction signal caused by the fruit, we can measure its
diameter, realizing a non-invasive solution for fruit grading.
During the measurement process, we randomly select 15 apples
with diameters ranging from 6.2 cm to 9.8 cm. Wi2DMeasure mea-
sures the diameter of each apple using the method in Section 6.
Following the apple grading standard [33], we classify the apples
into extra-large (diameter greater than 8.9 cm), large (diameter be-
tween 7.9 cm and 8.9 cm), medium (diameter between 6.6 cm and
7.9 cm), and small (diameter smaller than 6.6 cm). The true sizes of
the apples are measured using a vernier caliper with an accuracy
of 0.01 mm. Figure 29a shows the size-based apple grouping based
on our method and 100% classification accuracy can be achieved.
For apple grading, it is also necessary to evaluate their symmetry
level in addition to the size. As shown in Figure 29b, the diame-
ters of an apple vary across dimensions. Wi2DMeasure can obtain
the projection length of an apple from different directions, telling
whether the apple is symmetrical for more advanced grading.

7.5.2  Measuring the Size of an Object Inside a Paper or Plastic Bag.
Since WiFi signals can penetrate opaque materials, we measure the
size of a metal tin inside a paper bag and an aluminum can inside a
plastic pad in this experiment. Note that to sense the target inside
a box, the WiFi signals need to penetrate through the box twice,
therefore, the diffracted signals from the target become extremely
weak. Because of this, the proposed system can only sense a target
inside a thin box such as a plastic bag or a paper bag. For a target
inside a thicker box such as the cardboard box in Section 7.2, our
system is not able to sense the target inside but captures the size
of the cardboard box. As shown in Figure 30b, the actual width
and thickness of the metal tin are 15.88 cm and 10.22 cm, respec-
tively. Wi2DMeasure measures the width and thickness of the tin
as 15.53 cm and 9.97 cm. The measurement errors for both width
and thickness are less than 0.4 cm. Figure 30d shows that the ac-
tual diameter of the aluminum can is 8.01 cm, and Wi2DMeasure
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Figure 30: Measuring the size of object inside.

measures the diameter as 8.23 cm, with a small error of 0.22 cm.
It is thus possible for the proposed system to measure the size of
objects without opening the package.

8 RELATED WORK

In this section, we introduce RF-based object size measurement and
existing sensing work using BFI/BFM.

8.1 RF-based Object Size Image or Measurement

Research on RF-based imaging began in the late 1970s [9]. Various
technologies including millimeter-wave radar [13, 40, 46, 53], ter-
ahertz radar [5-7, 11], and LiDAR [16, 21, 28, 55, 58], have been
explored for imaging and size measurement. These technologies
primarily rely on reconstructing the target’s point cloud by pre-
cisely measuring the parameters of reflected signals, such as Time
of Flight (ToF), Angle of Arrival (AoA), and Doppler Frequency
Shift (DFS). High frequencies and large antenna arrays are required
to form narrow signal beam, and a wide bandwidth is needed to
obtain accurate time information. For instance, RF-Capture [2]
employs a bandwidth of 1.78 GHz and a 4 X 16 antenna array to
capture the skeletal information of a human target. Similarly, Mil-
liPoint [36] leverages commercial millimeter-wave radar with a
bandwidth of 4 GHz and a 6 X 8 antenna array to achieve a median
height estimation error less than 5 cm.

Low-frequency signals such as WiFi (e.g., 2.4 GHz or 5 GHz)
still face challenges for imaging or size measurement due to their
narrow bandwidth. WiFi-based target imaging methods utilize both
reflection signals [17, 19, 22, 37] and diffraction signals [34, 43, 51]
for size measurement. To address the issue of limited number of
antennas, recent studies propose to create a virtual antenna array
by moving the transceiver’s antennas [17, 37]. While effective in
locating targets, these methods can only capture very coarse shape
information. Diffraction-based techniques like Wiffract [34] use
Keller cone diffraction to fit object edges. The accuracy is still low
and it can only classify objects without the capability of measuring
the size. WiMeasure [43] measures object size using the number
of signal singularities but requires multiple transceiver pairs and
can only achieve one-dimensional measurement. WiProfile [51]
measures object width and height contours via the Fresnel inverse
transform. It requires complete CSI information and is not suitable
for measurements with BFI signals.

Note that although LiDAR and radar can capture the shape in-
formation of a target, obtaining accurate size information is still
challenging. Typically, distance and signal strength data are re-
quired to infer the target size. However, even with advanced signal
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processing and machine learning techniques, the accuracy of size
measurement is still limited to a few centimeters [8]. Besides, Unlike
camera-based methods, Wi2DMeasure is less affected by environ-
mental factors such as lighting conditions.

8.2 BFI and BFM Sensing

In the field of wireless sensing based on WiFi signals, research on
BFI and Beamforming Feedback Matrix (BFM) has just started [14,
41, 48, 52]. BeamSense [14] employs a VGG-based Convolutional
Neural Network (CNN) to obtain the correlation between BFI data
and human activities, successfully classifying 20 different human
activities. BFMSense [52] establishes the mathematical relationship
between CSI changes and target activities in the reflection zone,
which can effectively sense target breathing and moving trajectories.
MuKI-Fi [41] adopts adversarial learning techniques to study the
relationship between user keystroke activities and signal variations
in the diffraction zone.

While these studies demonstrate the potential of using BFI and
BFM for motion tracking, we move one step further to use BFI for
size measurement. Our work quantitatively analyzes the mathe-
matical relationship between BFI and CSI and achieves a sensing
accuracy comparable to CSI. Moving from CSI to BFI presents a
new alternative for WiFi sensing.

9 DISCUSSION

Measuring the size of a static object: Compared with traditional
reflection-based methods which can image static objects, it is still
difficult for the proposed system to measure the size of a static
object. However, conventional reflection-based methods require a
large bandwidth to achieve a fine-grained resolution to obtain accu-
rate point cloud. We believe the proposed system can complement
existing systems in many real-world scenarios.

Objects with irregular shapes: If the target has an irregular
shape, or is placed on the belt with an unknown orientation, it
is challenging for our system to accurately measure its size. This
limitation is mainly due to the limited number of antennas (2-6) at
the commodity WiFi APs. By increasing the number of antennas, it
is possible for the proposed system to mitigate these issues with
projection views from more antenna pairs. For new-generation WiFi
protocols, it is fair to assume a setup with one AP and multiple
nodes which can provide us with more projection views.

Impact of humidity and temperature variations: For our
current deployment with a relatively short propagation distance,
humidity and temperature have minimal impact on the propagation
of electromagnetic waves with a frequency below 10 GHz [59].

10 CONCLUSION

In this work, for the first time, we make WiFi-based two-dimensional
target size measurement possible by analyzing the positions of
singularities as the target moves through the diffraction region.
Comprehensive experiments demonstrate the effectiveness of the
proposed system in estimating the two-dimensional sizes of every-
day objects of varying sizes and materials.
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