
HAL Id: hal-04783812
https://hal.science/hal-04783812v1

Submitted on 6 Mar 2026

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License

WiProfile: unlocking diffraction effects for sub-centimeter
target profiling using commodity WiFi devices

Zhiyun Yao, Xuanzhi Wang, Kai Niu, Rong Zheng, Junzhe Wang, Daqing Zhang

To cite this version:
Zhiyun Yao, XuanzhiWang, Kai Niu, Rong Zheng, JunzheWang, et al.. WiProfile: unlocking diffraction effects
for sub-centimeter target profiling using commodity WiFi devices. 30th Annual International Conference on
Mobile Computing and Networking (ACMMobiCom ’24), Nov 2024, Washington D.C. DC USA, United States.
pp.185-199, ⟨10.1145/3636534.3649355⟩. ⟨hal-04783812⟩

https://hal.science/hal-04783812v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


WiProfile: Unlocking Diffraction Effects for Sub-Centimeter
Target Profiling Using Commodity WiFi Devices
Zhiyun Yao†, Xuanzhi Wang†, Kai Niu♮, Rong Zheng‡, Junzhe Wang†, Daqing Zhang†♯

†School of Computer Science, Peking University, ♮Beijing Xiaomi Mobile Software Company Ltd.,
‡Dept. of Computing and Software, McMaster University, ♯SAMOVAR, Telecom SudParis, IP Paris

zhiyunyao@stu.pku.edu.cn, xuanzhiwang@stu.pku.edu.cn, xjtunk@pku.edu.cn,
rzheng@mcmaster.ca, wjz020606@stu.pku.edu.cn, dqzhang@sei.pku.edu.cn

ABSTRACT
Despite intensive research efforts in radio frequency non-
contact sensing, capturing fine-grained geometric properties
of objects, such as shape and size, remains an open problem
using commodity WiFi devices. Prior attempts are incapable
of characterizing object shape or size because they predom-
inantly rely on weak signals reflected off objects in a very
small number of directions. In this paper, motivated by the
observation that the diffracted signals around an object be-
tween two WiFi devices carry the contour information of
the object, we formulate the problem of reconstructing the
2D target profile and develop WiProfile, the first WiFi-based
system that unlocks the diffraction effects for target profiling.
We introduce a CSI-Profile model to characterize the relation-
ship between the CSI measured at different target positions
and the target profile in the diffraction zone. With suitable
approximations, the inverse problem of deriving the target
profile from CSI can be solved by the inverse Fresnel trans-
form. To mitigate CSI measurement errors on commodity
WiFi devices, we propose a novel antenna placement strategy.
Comprehensive experiments demonstrate that WiProfile can
accurately reconstruct profiles with median absolute errors
of less than 1 cm under various conditions, and effectively
estimate the profiles of everyday objects of diverse shapes,
sizes, and materials. We believe this work opens up new di-
rections for fine-grained target imaging using commodity
WiFi devices.

CCS CONCEPTS
• Human-centered computing→ Ubiquitous and mo-
bile computing systems and tools; Ubiquitous computing;
Mobile computing; Ambient intelligence.
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1 INTRODUCTION
WiFi-based non-contact sensing, repurposing ubiquitous 
WiFi devices to sense and analyze human behaviors with-
out any physical attachment, has received considerable at-
tention in both the research and industrial communities. A 
multitude of applications boasting impressive performance 
have been implemented, including intrusion detection [18, 
19, 46, 52], indoor tracking [20, 21, 33, 45], activity recogni-
tion [17, 26, 30, 37], gesture recognition [8, 9, 25, 42], and 
vital sign monitoring [22, 23, 36, 48]. However, due to the 
constrained bandwidth (e.g., 20 MHz) and the limited number 
of antennas (e.g., three), target imaging with the goal of cap-
turing fine-grained geometric properties of objects, such as 
shape and size, remains an open problem using commodity 
WiFi devices.

Target imaging is critical to object recognition and quality 
control, and can find applications in various fields, such 
as industrial automation, robotics, healthcare, and security. 
Unlike camera-based approaches, WiFi-based target imaging 
is less susceptible to environmental factors such as lighting 
conditions, smoke, and dust. Furthermore, since WiFi signals 
can permeate opaque materials like foam or paper, they allow 
the inspection of internal objects without the need to unwrap 
or remove packaging.

As listed in Table 1, prior attempts predominantly utilize 
signals reflected off objects [12, 14, 16, 31, 34]. Their coarse
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Table 1: Existing works on WiFi-based target imaging.

Reference Principle Size Estimation Device

WiPose [14] Reflection ✘ Commodity
WiSIA [16] Reflection ✘ Commodity
GoPose [34] Reflection ✘ Commodity
Wision [12] Reflection >5 cm USRP
Wiffract [31] Scattering ✘ Commodity
WiProfile Diffraction 1 cm Commodity

Tx

Rx

Diffraction

ReflectionProfile

Figure 1: Specular reflection and diffraction effects.

imaging performance can be informative in terms of detect-
ing and localizing objects, but is incapable of characterizing
object shape or size [31]. The fundamental reason is that the
surfaces of everyday objects appear smooth to the relatively
long wavelength of WiFi signals, and only reflect off the sig-
nals in a very small number of directions – a phenomenon
called specular reflection [31]. For example, the “Reflection”
in Figure 1 illustrates a common setup in previous studies,
where a yellow L-shaped object is placed away from the Line
of Sight (LoS) path between a pair of WiFi transmitter (Tx)
and receiver (Rx). Only a portion of reflected signals can
be intercepted by Rx owing to specular reflection. Addition-
ally, the signals are more attenuated as they need to traverse
longer paths compared to the LoS path.
On the other hand, when a target with a clear edge ob-

structs the LoS path between Tx and Rx (e.g., the blue object
in Figure 1), diffraction is pronounced since the transmitted
signals can “bend” around the edges of the target. Impor-
tantly, the received diffracted signals carry the contour infor-
mation of the target in accordance to the Huygens–Fresnel
principle [2]. Exploiting diffraction for target imaging, how-
ever, is non-trivial in practical WiFi systems.
• First, since most of the surface area of the target facing
the Tx or Rx remains blocked or shadowed, one can at best
estimate the contour of its largest cross-section, oriented
perpendicular to the LoS path, from the diffracted signals.
We refer to this cross-section as the target profile. Therefore,
instead of 3D shapes, we aim to reconstruct the 2D profile
of objects without internal holes, termed as target profiling.
• Second, for a stationary target, the received signal is a

mixture of diffracted signals around it. Therefore, the target
profile information is “buried” in the received signal. To re-
construct the profile, inspired by Inverse Synthetic Aperture
Radar (ISAR) imaging [3, 4, 29], we let the target move in
the plane perpendicular to the LoS path. A CSI-Profile model
is derived to characterize the relationship between the CSI
measured at different target positions and the target profile.
• Third, determining the target profile from the CSI mea-
surements necessitates solving the inverse problem to the
CSI-Profile model, which is extremely sensitive to noise. For-
tunately, with suitable approximations, a robust solution can
be obtained by the inverse Fresnel transform [13].
• Fourth, a setup with physically separated Tx and Rx de-
vices will introduce CSI measurement errors due to unsyn-
chronized clocks [44]. Conventional techniques [49, 50] that
employ two closely situated Rx antennas to cancel phase
errors are no longer effective since the received signals from
both antennas contain strong dynamic components due to
diffraction and target movements. To overcome this chal-
lenge, we introduce an auxiliary Rx antenna placed next to
the Tx as reference to calibrate the received signals on the
primary Rx antenna.
Building upon the theoretical foundation and the novel

CSI error mitigation technique, we developWiProfile, aWiFi-
based target profiling system using only a pair of commodity
WiFi devices. To achieve optimal performance, WiProfile
employs a controlled setup, where the target to be profiled
moves at a constant velocity along a linear trajectory be-
tween the transceivers, perpendicular to the LoS path.WiPro-
file has been evaluated using a variety of target shapes in
diverse surrounding environments. Comprehensive experi-
ments show that WiProfile can achieve sub-centimeter me-
dian absolute errors under various conditions. Furthermore,
it can effectively estimate the profiles of everyday objects
of diverse shapes, sizes, and materials. To the best of our
knowledge, this is the first work that unlocks the diffraction
effects of WiFi signals for fine-grained target profiling.
The main contributions of this paper are summarized as

follows:
• We introduce a CSI-Profile model to characterize the re-
lationship between the CSI measured at different target
positions in the diffraction zone and the target profile.

• We propose an analytical solution to determine the target
profile from CSI and a novel antenna placement strategy
to mitigate CSI measurement errors on commodity WiFi
devices.

• We developWiProfile, aWiFi-based target profiling system
using only a pair of commodity WiFi devices.

• Comprehensive experiments demonstrate the effective-
ness of WiProfile under various conditions, yielding sub-
centimeter median absolute errors.
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2 TARGET PROFILING BASED ON
DIFFRACTION EFFECTS

In this section, we begin with an analytical CSI-Profile model
to characterize the relationship between the target profile
and the CSI induced by the target when it obstructs the
LoS path between a pair of WiFi transceivers. The inverse
problem of determining the target profile from CSI is then
solved, followed by a discussion on operation conditions of
target profiling.

2.1 CSI-Profile Model
Consider the scenario in Figure 1, where a target (the L-
shaped object in blue) is located between a transmitter (Tx)
and a receiver (Rx). As shown in Figure 2a, we define a global
coordinate frame (𝑋,𝑌, 𝑍 ) with Tx and Rx positioned along
the 𝑌 -axis at coordinates (0,−𝑦𝑇 , 0) and (0, 𝑦𝑅, 0), respec-
tively. The 𝑋 -𝑍 plane encompasses the target’s largest cross-
section oriented perpendicular to the 𝑌 -axis. The thickness
of the target is the distance between two opposite surfaces
that are parallel to the𝑋 -𝑍 plane and tangential to the target.
Under the assumption that its thickness is much smaller than
the Tx-Rx separation 𝑦𝑇 +𝑦𝑅 , the target can be approximated
as a 2D shape and its profile 𝑆 is defined as its 2D projec-
tion on the 𝑋 -𝑍 plane. Note that under the 2D projection,
different orientations of the same object may result in dis-
tinct profiles. For example, the profile of the object with its
elongated bottom edge misaligned with the 𝑋 -axis is nar-
rower than that of the object whose bottom edge aligns with
the 𝑋 -axis. However, in both cases, the height of the profile
remains the same.

As illustrated in Figure 2b, 𝑆 can be characterized by two
functions 𝑢𝑆 (𝑥) and 𝑙𝑆 (𝑥), namely,

𝑆 = {(𝑥, 𝑧) | 𝑥 ∈ [𝑊𝐿,𝑊𝑅], 𝑧 ∈ [𝑙𝑆 (𝑥), 𝑢𝑆 (𝑥)]}, (1)
where𝑊𝐿 and𝑊𝑅 are the left and right limits of the target
profile along 𝑋 -axis.

When a target is located between a pair ofWiFi transceivers,
the diffraction effects are pronounced [11, 51, 53]. Accord-
ing to the Fresnel–Kirchhoff diffraction formula [2], the
diffracted signal originated fromTx and received at Rx around
region 𝑆 (or equivalently through 𝑆 , the area outside 𝑆 in the
𝑋 -𝑍 plane) can be expressed as the integral of 𝑓 (𝑥, 𝑧) over
the unbounded region 𝑆 :

𝐻
𝑆
=

∬
𝑆

𝑓 (𝑥, 𝑧) 𝑑𝑥𝑑𝑧, (2)

where 𝑓 (𝑥, 𝑧) is a basic function to characterize the diffrac-
tion signal induced by only a single point in the space:

𝑓 (𝑥, 𝑧) = 𝐴

2 𝑗𝜆
cos𝛼𝑇 (𝑥, 𝑧) + cos𝛼𝑅 (𝑥, 𝑧)

𝑟𝑇 (𝑥, 𝑧) 𝑟𝑅 (𝑥, 𝑧)
𝑒− 𝑗𝑘 [𝑟𝑇 (𝑥,𝑧 )+𝑟𝑅 (𝑥,𝑧 ) ],

(3)

Table 2: Key notations.

Symbol Definition

𝑦𝑇 the distance between Tx and the origin
𝑦𝑅 the distance between Rx and the origin

𝑟𝑇 (𝑥, 𝑧) the distance between Tx and a point (𝑥, 0, 𝑧)
𝑟𝑅 (𝑥, 𝑧) the distance between Rx and a point (𝑥, 0, 𝑧)
𝛼𝑇 (𝑥, 𝑧) the space angle between 𝑌 -axis and Tx-(𝑥, 0, 𝑧)
𝛼𝑅 (𝑥, 𝑧) the space angle between 𝑌 -axis and Rx-(𝑥, 0, 𝑧)
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(a) Global coordinate frame.

uS (x )

lS (x )
WRWL

O X

Z

z S

x

(b) Region 𝑺.

Figure 2: Diffraction scenario.

where 𝐴 is the amplitude of the transmitted signal, 𝑗 is the
imaginary unit, 𝜆 is the signal wavelength, and 𝑘 is the signal
wavenumber given by 𝑘 = 2𝜋

𝜆
. 𝑦𝑇 , 𝑦𝑅 , 𝑟𝑇 , 𝑟𝑅 , 𝛼𝑇 , and 𝛼𝑅 are

defined in Table 2 and illustrated in Figure 2a.
Since 𝑆 is unbounded, Equation (2) cannot be calculated

directly. Fortunately, according to Babinet’s Principle [35],
we have 𝐻

𝑆
= 𝐻𝑤𝑜 − 𝐻𝑆 , where 𝐻𝑤𝑜 =

∬
𝑓 (𝑥, 𝑧) 𝑑𝑥𝑑𝑧 and

𝐻𝑆 =
∬
𝑆
𝑓 (𝑥, 𝑧) 𝑑𝑥𝑑𝑧.𝐻𝑤𝑜 , calculated as the infinite integral

of 𝑓 (𝑥, 𝑧) over the𝑋 -𝑍 plane, is the received signal in absence
of the target. Given a fixed deployment of Tx-Rx pair, it is a
constant independent of the target position. 𝐻𝑆 , the integral
of 𝑓 (𝑥, 𝑧) over the region 𝑆 , on the other hand, corresponds to
the signal diffracted through 𝑆 when 𝑆 is obstructed instead.
It changes when the target position changes.

Measuring𝐻
𝑆
for a fixed target is insufficient to determine

its profile. Next, we consider the received signals as the target
undergoes linear movements along the 𝑋 -axis, as shown in
Figure 3. Let 𝑆 (𝑑𝑡 ) denote the 2D profile of the target when
it shifts by a displacement 𝑑𝑡 . From Equation (1), we have
𝑆 (𝑑𝑡 )= {(𝑥,𝑧) |𝑥 ∈ [𝑊𝐿+𝑑𝑡 ,𝑊𝑅+𝑑𝑡 ], 𝑧 ∈ [𝑙𝑆 (𝑥−𝑑𝑡 ),𝑢𝑆 (𝑥−𝑑𝑡 )]}.
Without loss of generality, we let𝑊𝐿 = −𝑊

2 and𝑊𝑅 = 𝑊
2 ,

where𝑊 is the width of the profile. Define

𝑢 (𝑥) =
{
𝑢𝑆 (𝑥), 𝑥 ∈ [𝑊𝐿,𝑊𝑅],
0, otherwise.

and

𝑙 (𝑥) =
{
𝑙𝑆 (𝑥), 𝑥 ∈ [𝑊𝐿,𝑊𝑅],
0, otherwise.
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Figure 3: The target moves along the 𝑿-axis.
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Figure 4: Approximation of the profile function.

Then, upon substituting the region 𝑆 with 𝑆 (𝑑𝑡 ) in 𝐻𝑆 =∬
𝑆
𝑓 (𝑥, 𝑧) 𝑑𝑥𝑑𝑧, the dynamic component 𝐻𝑆 (𝑑𝑡 ) is given by

𝐻𝑆 (𝑑𝑡 ) =
∬

𝑆 (𝑑𝑡 )
𝑓 (𝑥, 𝑧) 𝑑𝑥𝑑𝑧 =

∬
𝑆

𝑓 (𝑥 + 𝑑𝑡 , 𝑧) 𝑑𝑥𝑑𝑧

=

∫ +∞

−∞

[∫ 𝑢 (𝑥 )

𝑙 (𝑥 )
𝑓 (𝑥 + 𝑑𝑡 , 𝑧) 𝑑𝑧

]
𝑑𝑥.

(4)

The second equality is the result of replacing the integration
variable 𝑥 by 𝑥 +𝑑𝑡 . The diffracted signal𝐻𝑆

(𝑑𝑡 ) is a superpo-
sition of a static component 𝐻𝑤𝑜 and a dynamic component
𝐻𝑆 (𝑑𝑡 ) as the target moves. That is,

𝐻
𝑆
(𝑑𝑡 ) = 𝐻𝑤𝑜 − 𝐻𝑆 (𝑑𝑡 ). (5)

Under the condition that max𝑥 {𝑢 (𝑥) − 𝑙 (𝑥)} ≪ 𝑦𝑇 + 𝑦𝑅 ,
namely, the height of the target profile is much smaller than
the Tx-Rx separation, we can show that

𝑓 (𝑥 + 𝑑𝑡 , 𝑧) ≈ 𝑓 (𝑥 + 𝑑𝑡 , 0)𝑒− 𝑗𝑘𝜌0𝑧
2
, (6)

where 𝜌0 = 1
2𝑦𝑇 + 1

2𝑦𝑅 . The detailed derivation can be found
in Appendix A.1. Substituting Equation (6) into Equation (4),
we have

𝐻𝑆 (𝑑𝑡 ) ≈
∫ +∞

−∞

[∫ 𝑢 (𝑥 )

𝑙 (𝑥 )
𝑓 (𝑥 + 𝑑𝑡 , 0)𝑒− 𝑗𝑘𝜌0𝑧

2
𝑑𝑧

]
𝑑𝑥 . (7)

Noting that 𝑓 (𝑥 + 𝑑𝑡 , 0) is independent of 𝑧, we can factor it
out of the inner integral so that

𝐻𝑆 (𝑑𝑡 ) ≈
∫ +∞

−∞

∫ 𝑢 (𝑥 )

𝑙 (𝑥 )
𝑒− 𝑗𝑘𝜌0𝑧

2
𝑑𝑧︸                 ︷︷                 ︸

1○

𝑓 (𝑥 + 𝑑𝑡 , 0)︸        ︷︷        ︸
2○

𝑑𝑥. (8)

Equation (8) is an integral of the product of two terms, 1○
and 2○. Next, we explain their physical meanings and impli-
cations on the dynamic component 𝐻𝑆 (𝑑𝑡 ).

The Profile Function. Term 1○ is determined by the integral
limits 𝑢 (𝑥) and 𝑙 (𝑥), i.e., the upper and lower bound func-
tions of the profile with the relation 𝑢 (𝑥) ≥ 𝑙 (𝑥). Therefore,
we refer to 1○ as the “profile function”, and denote it by 𝑃 (𝑥).
That is,

𝑃 (𝑥) =
∫ 𝑢 (𝑥 )

𝑙 (𝑥 )
𝑒− 𝑗𝑘𝜌0𝑧

2
𝑑𝑧. (9)

Interestingly, we observe that the magnitude of the profile
function (i.e., |𝑃 (𝑥) |) appears to distinctly delineate the target
profile. Since the integral lacks an antiderivative that can
be expressed using elementary functions, we explain this
phenomenon through numerical simulations. Letting 𝑎 =√︁
𝑘𝜌0 and 𝑧 = 1

𝑎
𝑧, Equation (9) is rewritten to move 𝑘 and 𝜌0

into the integral variable 𝑧, as follows:

𝑃 (𝑥) = 1
𝑎

∫ 𝑤2

𝑤1

𝑒− 𝑗𝑧2 𝑑𝑧 =
1
𝑎
𝐹 (𝑤1,𝑤2), (10)

where𝑤1 = 𝑎·𝑙 (𝑥),𝑤2 = 𝑎·𝑢 (𝑥), and 𝐹 (𝑤1,𝑤2) =
∫ 𝑤2

𝑤1
𝑒− 𝑗𝑧2 𝑑𝑧.

We will investigate the impacts of 𝑘 and 𝜌0 in Section 2.3.
Figure 4 shows the heatmaps of |𝐹 (𝑤1,𝑤2) |, |𝑤2 − 𝑤1 |,

and their absolute difference with respect to𝑤1 and𝑤2. As
illustrated in Figure 4c, when both𝑤1 and𝑤2 fall within the
interval [−1.5, 1.5], the pair (𝑤1, 𝑤2) lies within the white
box in the heatmaps, resulting in a negligible absolute differ-
ence, i.e., |𝐹 (𝑤1,𝑤2) | ≈ |𝑤2 −𝑤1 |. Hence,

|𝑃 (𝑥) | = 1
𝑎
|𝐹 (𝑤1,𝑤2) | ≈

1
𝑎
|𝑤2 −𝑤1 | = 𝑢 (𝑥) − 𝑙 (𝑥). (11)

Therefore, the magnitude of the profile function |𝑃 (𝑥) | rep-
resents the difference between the upper and lower bound
functions. When the lower bound function 𝑙 (𝑥) is constant,
this difference gives the upper bound function 𝑢 (𝑥), effec-
tively delineating the target profile.

The Displacement Function. Term 2○ is a function of 𝑑𝑡 , i.e.,
the target’s displacement. Therefore, we refer to 2○ as the
“displacement function”, and denote it by 𝐷 (𝑥 + 𝑑𝑡 ). That is,

𝐷 (𝑥 + 𝑑𝑡 ) = 𝑓 (𝑥 + 𝑑𝑡 , 0). (12)
As an illustration, consider the scenario depicted in Fig-
ure 3, where an L-shaped object moves from 𝑑1 = −0.3 m
to 𝑑4 = 0.3 m along the 𝑋 -axis. Figure 5a illustrates the am-
plitude of the displacement function. It is symmetric and
peaks when the target is right in between Tx and Rx (i.e.,
𝑑2 = 0 m). Figure 5b illustrates the displacement function in
the IQ plane. As the target moves from𝑑2 = 0m to𝑑4 = 0.3m,
the diffraction path lengthens, causing both the amplitude
and phase of the displacement function to decrease. This
results in a clockwise spiral rotation. Therefore, the displace-
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Figure 5: The displacement function 𝑫 (𝒅𝒕 ).
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Figure 6: The dynamic component 𝑯𝑺 (𝒅𝒕 ).

ment function captures the relative positional information
between the target and the transceivers.
Substituting 𝑃 (𝑥) and 𝐷 (𝑥 + 𝑑𝑡 ) in place of Term 1○ and

2○, Equation (8) becomes

𝐻𝑆 (𝑑𝑡 ) =
∫ +∞

−∞
𝑃 (𝑥) 𝐷 (𝑥 + 𝑑𝑡 ) 𝑑𝑥 . (13)

It immediately becomes apparent that Equation (13) repre-
sents the convolution between 𝑃 (−𝑥) and 𝐷 (𝑥) evaluated at
displacement 𝑑𝑡 , or, 𝐻𝑆 (𝑑𝑡 ) = 𝑃 (−𝑥) ∗ 𝐷 (𝑥), where ∗ is the
convolution operator.
Figure 6 shows the amplitude and the IQ plot of the dy-

namic component 𝐻𝑆 (𝑑𝑡 ) calculated using Equation (13).
From Figure 6a, it can be seen that unlike the displacement
function, the amplitude of the dynamic component is not
symmetric. This is due to the asymmetric profile of the L-
shape. Additionally, when the target is relatively far away
from the LoS path between Tx and Rx (i.e., |𝑑𝑡 | > 0.2 m), the
amplitude of the dynamic component is small; as the target
approaches the LoS path (i.e., 𝑑𝑡 → 0 m), the amplitude in-
creases due to heightened obstruction. Figure 6b shows that
slight movements of the target result in discernible phase
differences in the IQ plot. Additionally, when the target is
relatively far away from the LoS path (i.e., |𝑑𝑡 | > 0.2 m), the
dynamic component circles around the origin with a zero
mean. This allows us to estimate the static component as the
average of these CSI samples.

2.2 Solving for the Target Profile
To this end, we have established the CSI-Profile model to
characterize the relationship between the ideal CSI, the target
profile and the target positions relative to the Tx and Rx. In
this section, we solve the inverse problem, namely, the task
of determining the target profile from the ideal CSI at known
target positions. It is worth noting that the assumption of
known target positions holds validity in real-world scenarios.
For instance, in a factory assembly line, objects are conveyed
using a belt with a known speed and direction.

Equation (5) shows that the ideal CSI consists of two com-
ponents: a static component 𝐻𝑤𝑜 that is independent of
the target positions and a dynamic component 𝐻𝑆 (𝑑𝑡 ) that

changes as the target moves along the 𝑋 -axis. Therefore,
we first estimate and eliminate the static component from
the ideal CSI signal to obtain the dynamic component, i.e.,
𝐻𝑆 (𝑑𝑡 ) = 𝐻𝑤𝑜 − 𝐻

𝑆
(𝑑𝑡 ).

Next, we determine the target profile from the dynamic
component. Since the displacement function 𝐷 (𝑥) is known,
one direct way to solve for 𝑃 (𝑥) is through deconvolution,
namely, by taking the ratio of 𝐻𝑆 (𝑑𝑡 ) and 𝐷 (𝑥) in the fre-
quency domain and then performing inverse Fourier trans-
form. However, the solution is extremely sensitive to noise
in regions where the spectral magnitude of 𝐷 (𝑥) is close to
zero [27]. Inspired by the work in MRI [13], we resort to an
alternative representation using the Fresnel transform:

𝐻𝑆 (𝑑𝑡 ) ≈
∫ +∞

−∞
𝑃 (𝑥) 𝐷 (𝑑𝑡 )𝑒− 𝑗𝑘𝜌0 (𝑥2+2𝑑𝑡𝑥) 𝑑𝑥 . (14)

The approximation is due to the following equation:

𝐷 (𝑥 + 𝑑𝑡 ) ≈ 𝐷 (𝑑𝑡 )𝑒− 𝑗𝑘𝜌0 (𝑥2+2𝑑𝑡𝑥) . (15)
See Appendix A.2 for the detailed derivation.

Though Equation (14) looks complicated, it is actually an
easily analyzable integral transformation. Specifically, the
profile function 𝑃 (𝑥) can be obtained by an inverse Fresnel
transform:

𝑃 (𝑥) =
∫ +∞

−∞

𝑘𝜌0

𝜋

𝐻𝑆 (𝑑𝑡 )
𝐷 (𝑑𝑡 )

𝑒 𝑗𝑘𝜌0 (𝑥2+2𝑥𝑑𝑡 ) 𝑑𝑑𝑡 . (16)

The right hand of Equation (16) contains an infinite integral.
In practice, the length of the displacement is often limited.
Under this constraint, Equation (16) is subsequently rewrit-
ten as

𝑃 (𝑥) =
∫ 𝐿

2

− 𝐿
2

𝑘𝜌0

𝜋

𝐻𝑆 (𝑑𝑡 )
𝐷 (𝑑𝑡 )

𝑒 𝑗𝑘𝜌0 (𝑥2+2𝑥𝑑𝑡 ) 𝑑𝑑𝑡 , (17)

where 𝐿 denotes the displacement distance.
Finally, the magnitude of the estimated profile function

gives the difference between the upper and lower bound
functions:

𝑢 (𝑥) − 𝑙 (𝑥) =
��𝑃 (𝑥)�� . (18)

For objects with a wide, flat bottom (e.g., a cuboid, cylinder,
and cone), the lower bound function is constant. This dif-
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ference is thus proportional to the upper bound function, 
namely, the target profile.

2.3 Operation Conditions
Several approximations have been made in the CSI-Profile 
model and the subsequent solution to the inverse problem. 
Next, we delve into the conditions such that the estimation
in Section 2.2 remains accurate.

2.3.1 Target Height. Equation (11) is valid under the condi-
tion that both 𝑤1 and 𝑤2 fall within the interval −1.5, 1.5],
meaning a limit of the target height. Letting |𝑤 | =

√︁
𝑘𝜌0·|𝑧 | <

1.5, we have the empirical maximum height as follows:

|𝑧 | < 1.5√︁
𝑘𝜌0

=
1.5√︂

𝜋
𝜆

(
1
𝑦𝑇

+ 1
𝑦𝑅

) . (19)

Equation (19) shows that the target height is limited by the
Tx-Rx separation (𝑦𝑇 + 𝑦𝑅) and the signal wavelength (𝜆). A
longer Tx-Rx separation or signal wavelength contribute to a
larger maximum height. For example, with WiFi transceivers
operating at the center frequency of 5.32 GHz and placed
1 m apart (𝑦𝑇 = 𝑦𝑅 = 0.5 m), Equation (19) gives |𝑧 | < 10 cm,
and the maximum height is 20 cm. When the target height
exceeds 20 cm, the profiling accuracy decreases.

2.3.2 Tx-Rx Separation. The Tx-Rx separation affects the
profiling accuracy in two ways. When the Tx and Rx are
far apart, the signal-to-noise ratio of the received signal is
low, resulting in a lowered profiling accuracy. Conversely, a
shorter Tx-Rx separation imposes limitations on the maxi-
mum height and thickness of the target. Consequently, the
profiling accuracy drops when the target height exceeds the
maximum height. Hence, to achieve accurate estimations, it
is important to select an appropriate Tx-Rx separation based
on the rough dimension of the target.

2.3.3 Displacement Distance. Due to the truncation of the
diffracted signal in Equation (17), the displacement distance
𝐿 significantly impacts the profiling accuracy. Its effect is
akin to spatial windowing in radars of finite aperture. As in-
dicated by signal processing principles [28], a larger window
size implies more captured signal, and thus increased accu-
racy of the transformation. However, in practice, this is not
always true for a larger 𝐿. Specifically, as the target moves
farther from the LoS path, the amount of diffraction rapidly
diminishes, while reflection intensifies. At a considerable dis-
tance, the reflection signal becomes dominant, devoid of any
profile information, and the accuracy drops consequently.
Therefore, the displacement distance 𝐿 should be selected
with careful consideration of both the Tx-Rx separation and
the signal wavelength.

Sliding track

Metal plate
Rx

0.6 m
Tx

WARP board

Feeder line

Linked to the board

(a) WARP setup.

dt

d2

d3

d4 Q

 I

O

(b) Raw CSI in the IQ plane.

Figure 7: Experiments on the WARP board.
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(a) Commodity devices setup.

O dt Q

 I

(b) Raw CSI in the IQ plane.

Figure 8: Experiments on the commodity WiFi devices.

3 TARGET PROFILING USING
COMMODITY WIFI DEVICES

In this section, we first validate the CSI-Profilemodel through
measurements on a software defined radio platform and show
the non-trivial nature of obtaining accurate estimations using
commodity WiFi devices. Then, we propose a novel antenna
placement strategy to overcome the challenge of such devices.
Finally, we present WiProfile, a WiFi-based target profiling
system using only a pair of commodity WiFi devices.

3.1 A Validation Study
To validate the CSI-Profile model and the performance of
target profiling, we conduct experiments both on a software
ratio platform (i.e., WARP v3 hardware [5]) and commodity
WiFi devices (i.e., Intel 5300 WiFi cards [10]).

As shown in Figure 7a, the two radio interfaces on the
same WARP board are configured as the Tx and Rx, respec-
tively. Being on the same board ensures the two interfaces
to be perfectly synchronized. The Tx sends WiFi packets
at a rate of 500 pkt/s, modulated to the center frequency
of 5.32 GHz with a channel bandwidth of 20 MHz. A slid-
ing track, aligned with the perpendicular bisector of the
transceiver pair, moves an L-shaped metal plate over a dis-
tance of 0.6 m at a constant speed of 0.12 m/s. Omnidirec-
tional antennas are utilized on both the Tx and Rx, placed 1 m
apart. Figure 7b illustrates the IQ plot of the measured CSI,
displaying a notable agreement with the analytical model
depicted in Figure 6b.

Next, as shown in Figure 8a, we replace the WARP board
with a pair of commodityWiFi devices, one serving as Tx and
the other as Rx. The rest of the experimental setup remains
the same. The measured CSI is depicted in Figure 8b. The lack
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Figure 9: Experiments under conventional antenna layout.
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Figure 10: Experiments under WiProfile’s antenna layout.

of any discernible pattern can be attributed to the Central
Frequency Offset (CFO), Sampling Frequency Offset (SFO),
and Packet Boundary Detection (PBD) errors between the
two devices due to unsynchronized clocks [44].

To mitigate these errors, previous work employed the ratio
of received signals from two antennas attached to the same
Rx device [49, 50]. Figure 9a–9d illustrate the conventional
antenna layout, the amplitude of received signals from the
two antennas, the IQ plot of the CSI quotient, and the sub-
sequent profile estimated using Equation (17), respectively.
We find a significant discrepancy between the estimated and
the actual profile of the L-shaped target.

The failure of the conventional techniques on commodity
devices arises from the presence of strong dynamic compo-
nents in the received signals from both antennas, originating
from the diffraction caused by the moving target. As depicted
in Figure 9a, in the conventional antenna layout, the two
receiving antennas are placed adjacently, with Rxpri denoting
the primary receiving antenna and Rxref denoting the ref-
erence receiving antenna. The raw CSI readings from Rxpri
can be expressed as

𝐻
𝑆,pri (𝑡) = 𝑒− 𝑗𝜙 (𝑡 )𝐻

𝑆,pri (𝑡), (20)

where 𝜙 (𝑡) denotes time-varying phase errors introduced
by unsynchronized clocks, and 𝐻

𝑆,pri (𝑡) is the ideal CSI be-
tween the Tx and Rxpri, consisting of a static and a dynamic
component according to Equation (5):

𝐻
𝑆,pri (𝑡) = 𝐻𝑤𝑜,pri − 𝐻𝑆,pri (𝑡). (21)

Due to the short distance between Rxref and Rxpri, the raw
CSI readings from Rxref 𝐻𝑆,ref(𝑡) can be expressed similarly,
with “pri” in the subscript replaced with “ref”. Thus, the CSI

quotient of the two antennas is given by

𝑄 (𝑡) =
𝐻
𝑆,pri (𝑡)

𝐻
𝑆,ref(𝑡)

=

XXX𝑒− 𝑗𝜙 (𝑡 ) [𝐻𝑤𝑜,pri − 𝐻𝑆,pri (𝑡)]
XXX𝑒− 𝑗𝜙 (𝑡 ) [𝐻𝑤𝑜,ref − 𝐻𝑆,ref (𝑡)]

. (22)

Clearly, the phase errors can be removed. However, since
both𝐻𝑆,pri (𝑡) and𝐻𝑆,ref (𝑡) are non-negligible in Equation (22),
we cannot easily disentangle the diffraction induced dynamic
components from either CSI (Figure 9b). As illustrated in Fig-
ure 9c, although the CSI quotient 𝑄 (𝑡) shows noticeable
patterns, the amplitude and phase information is corrupted,
making it impossible to recover the target profile (Figure 9d).

3.2 Antenna Placement to Disentangle
Dynamic Components

To address the aforementioned issue, we propose a novel
antenna placement strategy. The key idea is to obtain a “ref-
erence CSI” devoid of dynamic components due to target
movements. This can be accomplished by placing Rxref close
to the Tx, and Tx-Rxref should be in parallel to the moving
direction of the target, as illustrated in Figure 10a. Since
the magnitude of the reflected signal is low and its Doppler
frequency shift is small [24, 39, 40], the CSI from Rxref is dom-
inated by the static component. Under this configuration,
the CSI quotient of the two antennas becomes

𝑄
𝑆
(𝑡) =

𝐻
𝑆,pri (𝑡)

𝐻
𝑆,ref (𝑡)

=

XXX𝑒− 𝑗𝜙 (𝑡 ) [𝐻𝑤𝑜,pri − 𝐻𝑆,pri (𝑡)]
XXX𝑒− 𝑗𝜙 (𝑡 ) [𝐻𝑤𝑜,ref − 𝐻𝑆,ref (𝑡)]

=
𝐻𝑤𝑜,pri − 𝐻𝑆,pri (𝑡)
𝐻𝑤𝑜,ref + 𝜖 (𝑡) ≈

𝐻𝑤𝑜,pri

𝐻𝑤𝑜,ref
−
𝐻𝑆,pri (𝑡)
𝐻𝑤𝑜,ref

= 𝑄𝑤𝑜 −𝑄𝑆 (𝑡),

(23)
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𝐻

where 𝜖 (𝑡) denotes a negligible residual dynamic component
in the received signal from Rxref. The variables 𝑄𝑤𝑜 = 𝐻𝑤

𝑤

𝑜

𝑜

,

,

pri

ref

and 𝑄𝑆 (𝑡) =
𝐻𝑆,pri (𝑡 )
𝐻𝑤𝑜,ref

represent the new static and the new
dynamic component constituting the CSI quotient, respec-
tively. As can be seen, the CSI quotient eliminates the phase
errors. However, in the new dynamic component 𝑄𝑆 (𝑡), the
desired dynamic component𝐻𝑆,pri (𝑡) is scaled by the denom-
inator 𝐻𝑤𝑜,ref. Fortunately, 𝐻𝑤𝑜,ref is solely dependent on the
distance between Tx and Rxref as well as the surrounding en-
vironment. Unaffected by the shape, size, and position of the
target, it is a constant in a fixed setup, and can be measured
in advance.
We apply the above antenna placement strategy using

Intel 5300 WiFi cards, where Rxref is closely located next
to the Tx within a distance of 10 cm and is connected to
the Rx device via a feeder line. Figure 10b shows that the
dynamic component due to target movements in the received
signal from Rxref is remarkably small. Figure 10c shows that
the calibrated dynamic component is in fact close to the CSI
obtained through theWARP board (Figure 7b). Consequently,
Figure 10d shows that there is good agreement between the
estimated and the actual profile, which is far better than the
case without the technique.

3.3 WiProfile System
Building upon the CSI-Profile model, the analytical solution
to determine the target profile from CSI, and the novel CSI
error mitigation technique, we are now in the position to
presentWiProfile, aWiFi-based target Profiling system using
only a pair of commodity WiFi devices. Figure 11 illustrates
the system diagram consisting of three key modules: Data
Acquisition, Signal Processing, and Profile Estimation. Next,
we introduce the design of each module in detail.

Signal Processing

CSI Quotient

Static Removal

Profile EstimationData Acquisition

Raw CSI 

Positions

Rescaling

Displacement 
Function

Inverse Fresnel 
Transform

Profile
Tx

X

Rxpri

Rxref

v

Rx device

Setup

dt

Figure 11: System diagram of WiProfile.

Data Acquisition: The target positions over time 𝑑𝑡 (𝑡)
are recorded, and raw CSI samples 𝐻

𝑆,pri (𝑡) and 𝐻𝑆,ref (𝑡) are
collected from the two antennas of the Rx device. The scaling
factor 𝐻𝑤𝑜,ref of current setup is measured in advance.
Signal Processing: In this module, three steps are con-

ducted successively. First, we mitigate CSI measurement
errors by computing the CSI quotient of the primary and

reference Rx antennas, i.e., 𝑄
𝑆
(𝑡) =

𝐻
𝑆,pri (𝑡 )

𝐻
𝑆,ref (𝑡 )

. Second, to ob-

tain the dynamic component 𝑄𝑆 (𝑡), we estimate the static
component 𝑄𝑤𝑜 as the average of samples measured at posi-
tions |𝑑𝑡 (𝑡) | > 0.2 m and eliminate it from the CSI quotient.
Finally, we perform rescaling to correct the contribution of
𝐻𝑤𝑜,ref.

Profile Estimation: The displacement function is calcu-
lated using the positions and system parameters following
Equation (12). With the displacement function and the dy-
namic component, we apply the inverse Fresnel transform
defined in Equation (17) to obtain the profile function 𝑃 (𝑥).
To suppress the sidelobe caused by the truncation, a Hann
window is applied to the dynamic component [28]. Since the
magnitude of the profile function

��𝑃 (𝑥)�� gives the difference
between the upper and lower bound functions, for objects
with a wide, flat bottom (e.g., a cuboid, cylinder, and cone), it
in fact captures the profile of the target. Finally, we smooth
the estimated profile with a median filter.

4 PERFORMANCE EVALUATION
In this section, we conduct extensive experiments to eval-
uate the WiProfile system. The experimental setup is first
introduced, followed by the overall performance. Next, the
impacts of experimental conditions are studied, including the
Tx-Rx separation, displacement distance, sample rate, and
surrounding environment. Finally, we evaluate WiProfile on
everyday objects of diverse shapes, sizes, and materials to
demonstrate its versatility.

4.1 Experimental Setup
In this section, we introduce the implementation ofWiProfile,
the experimental setup, the process of acquiring ground truth,
and the performance metrics.

Implementation:We use two mini PCs equipped with In-
tel 5300 WiFi cards as transceivers, and use the CSI-Tool [10]
to acquire CSI readings. By default, the Tx is set to the injec-
tion mode to transmit WiFi packets at a rate of 500 pkt/s at
the center frequency of 5.32 GHz with a channel bandwidth
of 20 MHz. The Rx works in the monitor mode to capture
WiFi packets from the Tx and extract CSI streams. All Tx
and Rx antennas are omnidirectional. A laptop with Intel i7
CPU and 32G RAM is connected to the Rx with routers and
processes the CSI readings in MATLAB to report the results.
We utilize only one subcarrier to estimate the target profile.

Experimental setup:We conduct experiments in three
typical indoor environments: a small meeting room (4 m ×
3 m), an office (6 m × 4 m), and a lobby (10 m × 8 m). This
corresponds to small, medium and large space, as shown in
Figure 12. In each environment, we choose a 1.5 m × 1 m
test area and deploy WiProfile following the layout shown
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Figure 12: System setup and experimental environments.
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Figure 13: Estimated profiles of metal plates of eight shapes (Unit: cm).

in Figure 12. In the conducted experiments, we move the
target at a constant speed of 0.12 m/s along a sliding track
aligned with the perpendicular bisector of the transceiver
pair. Unless otherwise specified, the default displacement
distance is 1.2 m. The primary Rx antenna is positioned at a
default distance of 1m from the Tx antenna, and the reference
Rx antenna is placed close to the Tx antennawithin a distance
of 10 cm, as discussed in Section 3.2. All antennas are elevated
using tripods by 10 cm above the top of the sliding track.
Following the analysis in Section 2.3, this arrangement allows
a maximum target height of 20 cm.

Ground truth:We establish the ground truth of the target
profile through direct measurements using a vernier caliper
with a measurement accuracy of ±0.05 mm, supplemented
by images captured by a camera for qualitative comparison.
Performance metrics: Let 𝑢 (𝑥𝑖 ) and 𝑢 (𝑥𝑖 ) (𝑖 ∈ [1,𝑚])

denote the estimated profile and the ground truth, respec-
tively, where 𝑥𝑖 is the position in 𝑋 -axis for the 𝑖-th sample,
and𝑚 is the total number of samples. The absolute error of
the two sequences can be used to evaluate the performance
at each sample, i.e., |𝑢 (𝑥𝑖 ) − 𝑢 (𝑥𝑖 ) |. Additionally, the Mean
Absolute Error (MAE) and Intersection over Union (IoU) are
applied as the overall evaluation metrics, which are defined
as follows:

MAE =
1
𝑚

𝑚∑︁
𝑖=1

|𝑢 (𝑥𝑖 ) − 𝑢 (𝑥𝑖 ) | , IoU =

∑𝑚
𝑖=1 min{𝑢 (𝑥𝑖 ), 𝑢 (𝑥𝑖 )}∑𝑚
𝑖=1 max{𝑢 (𝑥𝑖 ), 𝑢 (𝑥𝑖 )}

.

4.2 Overall Performance
To evaluate the overall performance of WiProfile, we employ
metal plates of eight shapes as test targets. The shapes are
semicircle, triangle, pentagon, trapezoid, rectangle, L-shape,
inverted-T-shape, and U-shape, as illustrated by the shaded
areas in Figure 13. The thickness of the metal plates is only
0.5 mm, resulting in negligible reflected signals from the
sides. For each target, we repeat the experiments five times
to ensure a consistent and reliable result.

Figure 13 shows the profiles of all eight targets estimated
by WiProfile (red curve). It can be observed that they closely
follow the ground truth. Figure 14a shows the box plot of
the absolute estimation errors. For each of the eight targets,
the MAE is less than 1 cm. As the shape becomes more
complicated, the performance ofWiProfile slightly drops due
to the windowing effect of the finite displacement distance.
Figure 14b shows the IoU between the estimated profile and
the ground truth. The IoUs of semicircle and pentagon are
the highest at 90%, while the lowest IoU of the complicated
inverted-T-shape is still at 83%.
We also implement a simple shape classifier and use its

accuracy as an alternative measure of the target profiling
accuracy. Compared to MAE and IoU, this measure is more
relevant to downstream applications such as target iden-
tification. Specifically, we calculate the MAE between the
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(a) Box plot of absolute error. (b) IoU. (c) Confusion matrix.

Figure 14: Overall Performance.

(a) Tx-Rx Separation. (b) Displacement distance. (c) Sample rate. (d) CDF of three environments.

Figure 15: Impacts of experimental conditions.

estimated profile and all eight ground truth shapes, and out-
put the shape with the lowest MAE as the prediction. Fig-
ure 14c shows the classification accuracy. For each shape,
the accuracy is larger than 95%. The classification accuracy
of rectangle, L-shape and U-shape are 100% because they are
quite different from the others. On the other hand, semicircle
and pentagon can sometimes be confused with one another,
and trapezoid is occasionally classified as rectangle. This can
again be attributed to the windowing effect that hinders the
precise estimation of sharp side edges, resulting in potential
confusion amongst these similar shapes.

4.3 Impacts of Experimental Conditions
Next, we investigate the impacts of experimental conditions
on WiProfile’s performance of target profiling, including the
Tx-Rx separation, displacement distance, sample rate, and
surrounding environment.

4.3.1 Impacts of Tx-Rx Separation. In this set of experiments,
we increase the Tx-Rx separation from 0.4 m to 1.4 m, with
a step size of 0.2 m. Figure 15a shows that the MAEs of
WiProfile first decrease but then increase. A longer Tx-Rx
separation contributes to a larger maximumheight, but lower
profiling accuracy, as discussed in Section 2.3. For the small-
est Tx-Rx separation at 0.4 m, the maximum height allowable
is 12.7 cm, lower than the target height. As a result, the MAE
is large as well. Thus, to achieve a higher level of profiling
accuracy, an appropriate Tx-Rx separation should be chosen
based on the rough dimension of the target.

4.3.2 Impacts of Displacement Distance. In this set of exper-
iments, we increase the displacement distance from 0.9 m to
1.4 m, with a step size of 0.1 m. Figure 15b shows that the
MAEs of WiProfile decrease when the displacement distance
increases from 0.9 m to 1.2 m, and almost level off when it
is above 1.2 m. This is consistent with the analysis in Sec-
tion 2.3. Namely, 1) a larger displacement distance increases
accuracy; and 2) as the target moves farther from the LoS
path, the amount of diffraction rapidly diminishes. However,
thanks to the tiny reflection areas of the thin metal plates,
the reflected signals remain relatively low and thus do not
have a much adverse effect on profile estimations, even when
the target is 0.7 m (a half of 1.4 m) away from the LoS path.

4.3.3 Impacts of Sample Rate. In this set of experiments, we
vary the packet transmission rate of the WiFi transmitter
to increase the sample rate of CSI readings from 50 Hz to
1000 Hz, while the target speed remains the same at 0.12 m/s.
Figure 15c shows that WiProfile can achieve accurate target
profiling over a wide range of sample rates. For example,
halving the sample rate from 100 Hz to 50 Hz only results
in an increase of 0.1 cm in MAE. Note that the sample rate
(samples per second) should be chosen in accordancewith the
target speed (displacement distance per second). As a general
rule of thumb, a total of 142 samples per meter can yield good
accuracy. When the target moves faster, the minimal sample
rate needs to be scaled up accordingly.

4.3.4 Impacts of Surrounding Environment. In this set of ex-
periments, we test WiProfile in the three different indoor
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environments illustrated in Figure 12. Figure 15d shows Cu-
mulative Distribution Function (CDF) of the absolute errors 
for all shapes in three environments. As can be seen, WiPro-
file performs robustly and consistently across different en-
vironments. The performance in the lobby environment is 
slightly better because the environment is more open and 
has less multipath reflections.

4.4 Experiments on Everyday Objects
To assess the versatility of WiProfile in practice, we further 
evaluate it using everyday objects of diverse shapes, sizes, 
and materials, as listed in Table 3.

Table 3: Test objects.

Object Shape Width Height Material

A steel bowl Trapezoid 24 cm 10 cm Metal
A zip-top can Rectangle 6 cm 12 cm Metal
A piece of rock Trapezoid 20 cm 10 cm Granite
A wireless mouse Triangle 12 cm 5 cm Rubber, plastic
A bottle of drink Pentagon 9 cm 17 cm Water, plastic
Two bottles of water Rectangle 12 cm 16 cm Water, plastic
A coconut Rectangle 11 cm 11 cm Water, wood
A bunch of grapes Triangle 18 cm 10 cm Water, wood

4.4.1 Metal Objects. Figure 16 depicts the estimated profiles
for a steel bowl and a metal zip-top can. The estimation for
the steel bowl agrees well with the actual profile in part
due to its slanted sides. A larger deviation is observed in the
sides of the zip-top can, which can be attributed to its narrow
width and long vertical sides. However, the MAE of 0.77 cm
remains below 1 cm, indicating a high profiling accuracy.
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(a) A steel bowl.
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(b) A zip-top can.

Figure 16: Estimated profiles of metal objects.

4.4.2 Non-metallic Objects. Figure 17 shows the estimated
profiles for a piece of rock and awireless mouse with a rubber
and plastic shell. The estimated profiles agree very well with
the actual profiles in both cases.
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(a) A piece of rock.
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(b) A wireless mouse.

Figure 17: Estimated profiles of non-metallic objects.

4.4.3 Liquids. Figure 18 shows the estimated profiles for
a bottle of soft drink and two bottles of water side-by-side.
Again, the estimated profiles generally agree well with the
actual profiles of the liquids except for the rolling edges. Note
that the target shapes here are corresponding to actually the
contours of liquid inside the containers. The top of the bottles,
above the liquid level, is made of plastic with relatively weak
diffraction and is undetected.
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(a) A bottle of soft drink.
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(b) Two bottles of water.

Figure 18: Estimated profiles of liquids.

4.4.4 Fruits. We further test WiProfile on a coconut and
a bunch of grapes, both composed mostly of water. The
estimated profiles are shown in Figure 19. Despite the uneven
surfaces of both objects, the results are quite encouraging.
We conclude that WiProfile can indeed work well over a
variety of objects of diverse shapes, sizes, and materials.
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(a) A coconut.
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(b) A bunch of grapes.

Figure 19: Estimated profiles of fruits.

5 DISCUSSION
In this section, we discuss the limitations and possible exten-
sions to WiProfile.

Restrictions on the target: To be accurately profiled by
WiProfile, restrictions on the target material, size and profile
shape should be in place:
• Material: The target should fully block the RF signal trans-
mission. In other words, the target material is either metal
or non-metal with large permittivity at the WiFi frequency
band (e.g., water). In instances where a significant portion of
the signal penetrates the target, the received signal contains
both diffraction and direct transmission. Thus, it is influ-
enced not only by the profile but also by the permittivity
and the thickness of the target [7, 38, 43], in which case a
different signal model should be adopted.
• Size: The target size should fall in a proper range. Specifi-
cally, the smallest discriminable diameter is half-wavelength
(3 cm for 5 GHzWiFi), the maximum height is given by Equa-
tion (19), and the maximum width corresponds to half the
length of the Tx-Rx separation.
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• Profile Shape: The target profile should be flat-bottomed
and be free of internal holes as WiProfile estimates the dif-
ferences between the upper and bottom contours. For more
general shapes, the estimated profile may deviate from the
actual target profile.
Removal of the feeder line: The feeder line, as part

of the novel antenna placement strategy, allows the con-
nected reference Rx antenna to be co-located with the Tx
antenna. The arrangement provides a reference CSI to com-
bat synchronization errors. While enabling target profiling
on commodity devices, the use of a feed line introduces extra
cost and additional system requirements, potentially limiting
the real world applications of the proposed system. Explor-
ing approaches to remove the feeder line will be an impor-
tant venue for future research. For example, MultiSense [48],
which constructs a reference CSI by combing CSIs from mul-
tiple antennas pairs, presents a promising direction.
Beyond controlled linear target motion: To achieve

optimal performance, WiProfile employs a controlled setup,
where a target moves at a constant velocity along a linear
trajectory between the transceivers. However, as long as the
positions of the target are known at the time of packet recep-
tions and the packet transmission rate is sufficiently high,
variations in target speeds can be accommodated. Such con-
ditions can be satisfied in industrial settings such as conveyor
belt systems. Investigating the impacts of positioning errors
on target profiling and extending WiProfile to non-linear
motions will be important venues for future research.
Applicability to other RF technologies: In this paper,

WiProfile is implemented and evaluated using commodity
WiFi devices in the 5 GHz band. Actually, the proposed CSI-
Profile model andWiProfile are applicable to other frequency
bands of common wireless systems (e.g., 4G, 5G, UWB, and
LoRa), from several hundred MHz to several GHz. Generally
speaking, employing higher frequency radios and smaller Tx-
Rx separation imply smaller target sizes but more accurate
estimation. The opposite is true for RF technologies at lower
frequency ranges such as LoRa.

6 RELATED WORK
In recent years, there are several research works on imag-
ing objects with RF signals. Based on the type of devices
employed, these approaches can be grouped into two major
categories: radar-based target imaging andWiFi-based target
imaging.
Radar-based target imaging: The basic idea behind

radar-based target imaging is to reconstruct a target’s point
cloud by precisely measuring parameters of reflected signals,
such as Time of Flight (ToF), Angle of Arrival (AoA), and
Doppler Frequency Shift (DFS). Prior research endeavors [1,
32, 41, 47, 54, 55] have commonly utilized ultra-wideband

(UWB) or mmWave monostatic radars equipped with multi-
ple antennas to achieve finer spatial resolution. For instance,
RF-Capture [1] employs a 1.78 GHz bandwidth and an an-
tenna array of 4 × 16 to capture basic skeletal information
of a human target concealed behind a wall. MilliPoint [32],
on the other hand, leverages a commercial mmWave radar
featuring 4 GHz bandwidth and an antenna array of 6 × 8,
achieving a median error below 5 cm for height estimation.

While UWB or mmWave radars can achieve high ranging
accuracy due to their expansive operational bandwidth, their
spatial resolution remains constrained by the number of an-
tennas. To further increase spatial resolution, movements of
the radar or the target can be exploited. The relative move-
ments between the two create a large virtual array and thus
allow “synthesizing” higher resolution images [32, 41, 47].
WiProfile bares some similarity with Inverse Synthetic

Aperture Radar (ISAR) imaging in utilizing targetmovements.
However, it works on a different principle – diffraction as
opposed to reflection. Furthermore, the significantly nar-
rower operational bandwidth and spatially separated Tx and
Rx devices make imaging using WiFi devices much more
challenging.

WiFi-based target imaging: Prior efforts in WiFi-based
target imaging predominantly center on utilizing signal re-
flection [12, 14, 16, 31, 34] and penetration [6, 15]. With re-
flected signals, to mitigate the limited spatial resolution due
to the low frequency (e.g., 5 GHz), narrow bandwidth (e.g.,
20 MHz), and the limited number of antennas (e.g., three)
of commodity WiFi devices, some works move Rx antennas
to create virtual antenna arrays [12, 31]. Though showing
promising results in detecting and localizing objects, existing
approaches fall short of capturing finer details, such as object
shape or size.

Another line of approaches leverage the inherent ability of
WiFi signals to penetrate non-metallic objects and generate
images of the cross-sections of objects [6, 15]. By placing a
pair of Tx and Rx on the opposite sides of a target and mov-
ing them together, one records the amounts of amplitude
and phase changes as the signal penetrates the target. The
cross-sectional image of the target is then estimated using
tomographic scanning techniques. However, several limita-
tions in such methods restrict their adoption in real-world
applications. First, the movements of the Tx and Rx have to
be tightly coordinated and synchronized, adding to hardware
costs. Second, these methods only work with uniform objects
of known material. Lastly, they fail in case of non-penetrable
objects such as those encased in metallic shells.
In contrast, WiProfile can work with objects of a vari-

ety of materials including non-uniform ones. Furthermore,
WiProfile leverages movements of the target instead of the
transceivers, which has relatively low deployment costs in
certain scenarios.
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7 CONCLUSION
In this paper, we presented the first work that harnesses the 
diffraction effects of WiFi signals for fine-grained target pro-
filing. We introduced a CSI-Profile model to characterize the 
relationship between the CSI measured at different target po-
sitions and the target profile, and showed a robust solution to 
determine the target profile by the inverse Fresnel transform. 
Additionally, we proposed a novel antenna placement strat-
egy to mitigate CSI measurement errors on commodity WiFi 
devices. Comprehensive experiments demonstrated that the 
proposed WiProfile system could accurately reconstruct pro-
files with MAEs of less than 1 cm under various conditions, 
and effectively estimate the profiles of everyday objects of 
diverse shapes, sizes, and materials. Overall, our work opens 
up new directions for fine-grained target imaging using RF 
signals.
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Figure 20: Geometrical relations.

A.1 Derivation of Equation (6)
As illustrated in Figure 20a, the projection of any point
𝐶 with coordinates of (𝑥 + 𝑑𝑡 , 0, 𝑧) on the 𝑋 -𝑌 plane is at
point𝐶0 with coordinates of (𝑥 +𝑑𝑡 , 0, 0). Accordingly, 𝑟𝑇 0 =
𝑟𝑇 (𝑥 + 𝑑𝑡 , 0), 𝑟𝑅0 = 𝑟𝑅 (𝑥 + 𝑑𝑡 , 0), 𝛼𝑇 0 = 𝛼𝑇 (𝑥 + 𝑑𝑡 , 0), 𝛼𝑅0 =

𝛼𝑅 (𝑥 + 𝑑𝑡 , 0). When 𝑧 ≪ 𝑦𝑇 , using the Taylor series expan-
sion, we have the following approximation: 𝑟𝑇 (𝑥 + 𝑑𝑡 , 𝑧) =√︃
𝑟 2
𝑇 0 + 𝑧2 = 𝑟𝑇 0

√︃
1 + 𝑧2

𝑟 2
𝑇 0

≈ 𝑟𝑇 0 + 𝑧2

2𝑟𝑇 0
≈ 𝑟𝑇 0 + 𝑧2

2𝑦𝑇 . Similarly,

when 𝑧 ≪ 𝑦𝑅 , 𝑟𝑅 (𝑥 + 𝑑𝑡 , 𝑧) ≈ 𝑟𝑅0 + 𝑧2

2𝑦𝑅 .
Omitting high order terms and letting 𝜌0 = 1

2𝑦𝑇 + 1
2𝑦𝑅 , we

have:
• 𝑟𝑇 (𝑥 + 𝑑𝑡 , 𝑧) 𝑟𝑅 (𝑥 + 𝑑𝑡 , 𝑧) ≈ 𝑟𝑇 0 𝑟𝑅0,
• 𝑟𝑇 (𝑥 + 𝑑𝑡 , 𝑧) + 𝑟𝑅 (𝑥 + 𝑑𝑡 , 𝑧) ≈ 𝑟𝑇 0 + 𝑟𝑅0 + 𝜌0𝑧

2,

• cos𝛼𝑇 (𝑥 + 𝑑𝑡 , 𝑧) + cos𝛼𝑅 (𝑥 + 𝑑𝑡 , 𝑧) ≈ cos𝛼𝑇 0 + cos𝛼𝑅0.
Substituting the approximations into Equation (3), it gives

𝑓 (𝑥 + 𝑑𝑡 , 𝑧) ≈
𝐴

2 𝑗𝜆
cos𝛼𝑇 0 + cos𝛼𝑅0

𝑟𝑇 0 𝑟𝑅0
𝑒− 𝑗𝑘 (𝑟𝑇 0+𝑟𝑅0+𝜌0𝑧2 )

=
𝐴

2 𝑗𝜆
cos𝛼𝑇 0 + cos𝛼𝑅0

𝑟𝑇 0 𝑟𝑅0
𝑒− 𝑗𝑘 (𝑟𝑇 0+𝑟𝑅0 )𝑒− 𝑗𝑘𝜌0𝑧

2

= 𝑓 (𝑥 + 𝑑𝑡 , 0)𝑒− 𝑗𝑘𝜌0𝑧
2
.

A.2 Derivation of Equation (15)
As illustrated in Figure 20b, point 𝐵 is at (𝑑𝑡 , 0, 0), and point
𝐶0 is at (𝑥 + 𝑑𝑡 , 0, 0). When 𝑥 ≪ 𝑦𝑇 , using the Taylor se-
ries expansion, we have the following approximation: 𝑟𝑇 0 =√︃
𝑦2
𝑇
+ (𝑥 + 𝑑𝑡 )2 =

√︃
(𝑦2

𝑇
+ 𝑑2𝑡 ) + 𝑥2 + 2𝑑𝑡𝑥 =

√︃
𝑟 2
𝑇𝑡

+ 𝑥2 + 2𝑑𝑡𝑥

= 𝑟𝑇𝑡

√︃
1 + 𝑥2+2𝑑𝑡𝑥

𝑟
𝑇𝑡2

≈ 𝑟𝑇𝑡 + 𝑥2+2𝑑𝑡𝑥
2𝑟𝑇𝑡

≈ 𝑟𝑇𝑡 + 𝑥2+2𝑑𝑡𝑥
2𝑦𝑇 . Similarly,

when 𝑥 ≪ 𝑦𝑅 , 𝑟𝑅0 ≈ 𝑟𝑅𝑡 + 𝑥2+2𝑑𝑡𝑥
2𝑦𝑅 .

Omitting high order terms, we have:
• 𝑟𝑇 0 𝑟𝑅0 ≈ 𝑟𝑇𝑡 𝑟𝑅𝑡 ,
• 𝑟𝑇 0 + 𝑟𝑅0 ≈ 𝑟𝑇𝑡 + 𝑟𝑅𝑡 + 𝜌0

(
𝑥2 + 2𝑑𝑡𝑥

)
,

• cos𝛼𝑇 0 + cos𝛼𝑅0 ≈ cos𝛼𝑇𝑡 + cos𝛼𝑅𝑡 .
Substituting the approximations into Equation (12), it gives

𝐷 (𝑥 + 𝑑𝑡 ) =
𝐴

2 𝑗𝜆
cos𝛼𝑇 0 + cos𝛼𝑅0

𝑟𝑇 0 𝑟𝑅0
𝑒− 𝑗𝑘 (𝑟𝑇 0+𝑟𝑅0 )

≈ 𝐴

2 𝑗𝜆
cos𝛼𝑇𝑡 + cos𝛼𝑅𝑡

𝑟𝑇𝑡 𝑟𝑅𝑡
𝑒− 𝑗𝑘 [𝑟𝑇𝑡+𝑟𝑅𝑡+𝜌0 (𝑥2+2𝑑𝑡𝑥)]

=
𝐴

2 𝑗𝜆
cos𝛼𝑇𝑡 + cos𝛼𝑅𝑡

𝑟𝑇𝑡 𝑟𝑅𝑡
𝑒− 𝑗𝑘 (𝑟𝑇𝑡+𝑟𝑅𝑡 )𝑒− 𝑗𝑘𝜌0 (𝑥2+2𝑑𝑡𝑥)

= 𝐷 (𝑑𝑡 )𝑒− 𝑗𝑘𝜌0 (𝑥2+2𝑑𝑡𝑥) .
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