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Abstract: Device-free sensing systems have the potential to enhance human-computer interaction applications, but their effec-
tiveness is highly dependent on the precise placement of devices, which typically requires a significant amount of labor input. To
alleviate this labor-intensive process, we present the Visual Assistant, an inventive system engineered to autonomously generate
environmental maps and accurately identify the locations of Wi-Fi infrastructure for sensing. Our proposed approach employs
commercially available devices in smart homes including the Wi-Fi router, the camera, and the robotic vacuum cleaner. The
Visual Assistant consists of the following two stages: i) the camera mapping stage synthesizes the coordinate systems with re-
spect to the camera and the Simultaneous Localization and Mapping (SLAM) robots; ii) the Wi-Fi mapping stage proposes
the hyperbolic model to inversely pinpoint the positions of undisclosed Wi-Fi infrastructure based on human movement and
the camera. The innovation of this paper lies in the proposed hyperbolic model, which theoretically reveals how to infer Wi-
Fi location based on known user trajectories. We conduct comprehensive experiments to verify the performance of the Visual
Assistant. The results suggest our system can yield centimeter-level and decimeter-level mapping accuracy in camera mapping
and Wi-Fi mapping stages, respectively, marking a substantial stride in the development of device-free sensing systems.
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https://doi.org/10.64509/jicn.11.23

1 Introduction maps. However, these works suffer from at least one of the
following limitations: i) They necessitate an involved process
1.1 Background and Motivation of phase calibration. Specifically, we often need expensive
professional equipment, such as power dividers, to connect
Contact-free sensing enables functionalities such as localiza-  the antennas of the transceivers [5]. Unfortunately, not all Wi-

tion, fall detection, and respiration detection, playing a critical ~ Fj devices have exposed antennas, which would require us to
role in smart homes and elderly care applications. Among  disassemble the smart devices; ii) They require a non-linear

contact-free sensing systems utilizing millimeter waves, cam-  antenna layout to achieve phase cleaning, but such antenna
eras, and other technologies, Wi-Fi stands out as the most  Jayouts are not always available. Moreover, many smart de-
promising due to its ubiquity. However, smart home appli-  yjces are not even equipped with three or more antennas to

cations urgently demand the plug and play characteristics.  form a non-linear antenna layout.
For instance, Wi-Fi-based sensing systems can be deployed
without additional manual calibration. The advantages are 1.2 Basic Idea and Challenges
twofold: 1) From the consumer’s perspective, they can benefit
from smart applications without getting into the technicali-
ties; ii) From the manufacturer’s perspective, they do not need
to train specialized personnel to maintain the sensing system
for consumers.

To solve the aforementioned issues, existing studies [1—
5] have proposed methods to automatically construct Wi-Fi

In this paper, we introduce a novel calibration-free, auto-
mated Wi-Fi mapping system christened Visual Assistant.
This system is engineered not only to establish the rela-
tive configuration of Wi-Fi networks but also to accurately
pinpoint the locations of these networks on authentic architec-
tural floor plans. As shown in Figure 1, the core methodology
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of our Visual Assistant system employs everyday housethe location of Wi-Fi devices beyond the eld of view. No-
hold devices, speci cally Wi-Fi-equipped digital cameras andtably, our theoretical analysis has led us to the development of
robotic vacuum cleaners. These devices collaborate to form hyperbolic model. The crux of this model is the understand-
a complete prototype system. The robotic vacuum cleanéng that, given any two points on a user's walking trajectory,
plays a vital role in creating the indoor oor plan, while the location of the unknown Wi-Fi device should lie along a
the Wi-Fi-enabled digital camera marks the positions of alhyperbola, with these two points serving as its foci.

Wi-Fi infrastructure within this mapped area. Despite the L
promising technological advancements embodied by the \/ﬂ"3 Contributions

sual Assistant system, its design and implementation still facg, this paper, we make the following key contributions:

two signi cant challenges that require further exploration and
mitigation: 1. We propose a hyperbolic model, which theoretically re-

veals how to infer Wi-Fi location based on known user
trajectories. In particular, given the location of the trans-
mitter and the user's trajectory, the receiver's position
aligns with the hyperbolas whose foci are any two ran-
domly selected points along the trajectory. Based on our
theoretical discovery, we develop an innovative method to
infer the location of unknown receivers.

2. We create a working prototype of the Visual Assistant.
As depicted in Figure 1, this system harmoniously in-
tegrates SLAM, image analysis, and Wi-Fi multi-modal
information. The experimental results of our system pro-
vide compelling evidence of its ef cacy, with up to 80%
of all test scenarios achieving a mapping accuracy within
0:5 meters.

(a) Camera mapping

Based on the above technical contributions, we outper-
form existing systems in the following aspects:

1. We experiment with automatic mapping using commonly
o . available home devices such as a camera, a robot vac-
(b) Wi-Fi mapping uum cleaner, and commercial Wi-Fi devices. Our system
does not require additional time-consuming phase calibra-
tion, thus promoting the deployment of Wi-Fi sensing in
ordinary home environments.
2. We harness the full potential of multimodal data, address-
ing the challenge of aggregating information in distributed
Challenge 1: How to establish accurate correspondence SYStems and achieving complementarity between various
between home scene and oor plan? One primary obstacle technologies.

we encounter is the dif culty of utilizing a camera to accu-  The remainder of this paper is organized as follows. We
rately correlate the physical home scene with the constructegkt discuss related works in §Section 2. Then we present
oor plan. Although the robotic vacuum cleaner is capablean overview of our proposed system in §Section 3 while the
of developing an indoor map, the direct establishment of gesign details are illustrated in §Section 4. We implement

mapping relationship between the scene and the oor plagnd evaluate the proposed system in §Section 5. Finally, we
remains elusive. To address this challenge, we propose a sggnclude this paper in §Section 6.

lution informed by insights gleaned from Perspective-n-Point

(PnP) [6], a fundamental problem presented early in the reaIrQ Re|ated Work
of Computer Vision. Many well-developed algorithms exist

for sqlvmg PnP [7-9]. In essence, our approach employs thg_l Wi-Fi Localization Technique

robotic vacuum cleaner and the camera to construct a trans-

formation matrix H that bridges the gap between the groun®ue to the ubiquitous deployment of Wi-Fi devices, Wi-Fi

plane and the camera photo plane. based localization has attracted wide attention [3, 10-16].
Challenge 2: How to map Wi-Fi device locations onto These works can be classi ed into two categories, device-

the oor plan? A seemingly direct approach to this challengebased and device-free methods.

would be utilizing acamerato identify Wi-Fi devices and 5“?'2.1.1 Device-based Localization System

sequently mark their positions on the oor plan. However, this ] o

approach proves to be inadequate when a Wi-Fi device fa”fg.hese ;ystems leverage the integrated sensors within these de-

outside of the camera’s eld of view, particularly due to Non- Vices, including accelerometers [17], gyroscopes [18], mag-

Line-of-Sight (NLOS) conditions. Our strategy to address thig'étometers [19], and barometers [20], to gather data pertain-

issue involves leveraging the movements of a user within thé9 to the device’s motion and spatial orientation. By utilizing

monitored space as an intermediary, thus enabling us to infer

Figure 1: (a) a general scenario of camera mappings; (b) the
camera and the user are utilized to acquire the location of un-
known Wi-Fi devices.
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the inherent resources of the device, device-based methodolState Information (CSI). The model is based on the multi-
gies eliminate the need for additional infrastructure, makingpath effects, using a stationary transmitter and a known signal
real-time tracking more feasible. However, the effectivenesge ector. It proposed Zones of Hyperbolas, known as the Dy-
of these methods may be in uenced by various factors, innamic Frenel Zones. As is shown in Figure 2c, all hyperbolas
cluding the accuracy of sensors. Moreover, the requiremershare the same foci, which are the Transmitter and the sig-
to carry devices for indoor localization purposes may causeal re ector, and each hyperbola represents a certain CSI
inconvenience for certain individuals. pattern, indicating a candidate area for the unknown moving
2.1.2 Device-free Localization System receiver. Xu [29] proposed a novel theoretical model, called
the Hyperbolic zone, to reveal the fundamental sensing mech-

Qevice—free me_thodolo_gies eIimin.a.te the need for target deanism in Non-Light-of-Sight (NLoS) scenarios. It proposed
vices to be equipped with any additional hardware or sensorg,e piferential Path Length Change Rate (DPLCR) to resolve
Instead, they strategically leverage the existing infrastrucg,o problem of PLCR discrepancies in both LoS and NLoS

ture within the environment, such as Wi-Fi access point§cenarios and consequently derive a hyperbolic zone as:
[13] or Bluetooth beacons [21], to perform indoor localiza-

tion and tracking tasks. By analyzing signal measurements . . . . I

or noticeable changes in the environmental conditions, these abs(iQRaj JQ nRe IR xaRal) =n E; @
device-free methodologies [22-25] can deduce the approxivhere R, and R, are two receivers, | is the wavelength,Q
mate location of a target device without requiring any activéis a point on theth hyperbola, abs( ) means to solve the abso-
engagement from the device itself. However, it is noteworjute value. The equation can be illustrated in Figure 2b, where
thy that these device-free sensing systems lack the capacifye target Qcan be tracked through the Hyperbola zone.

to discern user identities. Additionally, these methodologies  All these models are proposed using only the source of
often encounter dif culties due to environmental variationswi-Fi signals, either the RSSI, TDOA or the more mod-
and may face challenges when attempting to simultaneousbn choice of CSI. The Wi-Fi model alone provides rich
localize multiple targets. information though, our model utilise the LiDAR sensor,
which provides even richer information, providing even better
performance.

Hyperbola is an important mathematical concept within the
Cartesian coordinate system, which describes a set of points
whose distance from two xed points, noted as the foci, differ
a constant value. It can be written as the following equation:

2.2 Hyperbolic Models in Wi-Fi Sensing

abs(jPRj jPF 2j) =c; (1)

where P is the point on the plane, &d F, are two foci and
C is a constant number.

Shown in Table 1, in the context of Wi-Fi Sensing, many
prior works have discoveries based on the concept of Hy-
perbola [26—29]. Anvar [26] proposed a hyperbolic model
to address the challenge of accurate indoor localisation.
It proposed a hyperbolic model based on Received Signal
Strength Indication (RSSI) ngerprinting, involving the es-
timation of Time Difference of Arrival (TDOA) between
signals from different transmitters. Speci cally, the distance
between ith sourca (BS) and the mobile receiver is given as:

R = P (Xi X) 2= X2+Y{? 2X ix 2Y jy+x2+y2, where
(Xi;Y;) and (x;y) are coordinates of ith BS and mobile sta-
tion respectively. The range difference between base stations Figure 2: Related Work: Hyperbolic Models

with respect to the rstarriving BSis:iR=v ti1 =R; R 1.

This measurement is transformed into range differences be-

tween base stations, creating a set of nonlinear hyperbol2.3 Wi-Fi Mapping

equations. Jean [27] discovered a hyperbolic model to local- ) o o ) o
ize a transmitter using Received Signal Strength (RSS). ThEespite promising applications, the effectiveness of Wi-Fi
mathematical model is based on the ratio of the transmitte2€NSing is highly dependent on the precise placement of de-
receiver distance between two receivers, with the assumptiofices, Which typically requires a signi cant amount of labor
that the power of the received signal decreases by the lo#3Put. To address this problem, existing studies [1-5, 30] have
value over the distance, proportional to the distance to thBroPosed methods to automatically construct Wi-Fi maps.
transmitter. Shown in Figure 2a, the estimated location i§lowever, as illustrated in Table 2, they typically use old
bounced by two pairs of hyperbolas. Liu [28] proposed a hy_models like AoA, failed to enable the rich information of

perbolic model to localise a moving receiver using Channdnedern CSl. TriLoc [1] proposes a new antenna layout for
CSl based Wi-Fi localization systems, which can signi cantly

(a) Jean[27] (b) Xu[29]

(c) Liu[28]
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Table 1: Comparison of Related Hyperbolic Models

Name Model Name Source Application

Anvar Pairs of Hyperbolas RSS Localize a moving transmitter by mul-

[26] tiple receivers.

Jean Pairs of Hyperbolas RSSI Localize multiple mobile users by mul-

[27] tiple receivers.

Liu[28] Dynamic Fresnel CSI Localize a moving receiver by a trans-

Zone mitter and a re ector.

Xu[29] Hyperbolic Zone DPLCR (CSI) Tracking in NLOS scenarios by
transceivers.

Ours Hyperbolic Cluster CSI & Li- Localize multiple receivers by an exter-

DAR nal moving object.

Table 2: A comparison of related Wi-Fi mapping methods.

System Model Modalities Accuracy

TriLoc 2019 [1] ADOA Wi-Fi 0.60m @80%
LocAP 2020 [2] AoA Wi-Fi & SLAM 0.90m @80%
MapFi 2023 [3] AoA+ Wi-Fi 0.74m @80%
VoiceMap 2023 [4] AOA Wi-Fi & Acoustic 0.40m @80%
Ours Hyperbola Wi-Fi & LIDAR 0.40m @80%

reduce the calibration efforts required for large-scale deployantennas of the transceivers [5]. Unfortunately, not all Wi-
ment. The proposed triangular antenna layout can achievé devices have exposed antennas, which would require us to
80% AoA measurement error within 9 degrees for any di-disassemble the smart devices; ii) They require a non-linear
rection, resulting in promising localization accuracy withoutantenna layout to achieve phase cleaning, but such antenna
a labor-intensive site survey. LocAP[2] is an autonomoudayouts are not always available. Moreover, many smart de-
and accurate system to estimate access point location atices are not even equipped with three or more antennas to
tributes, antenna placements, and deployment orientation. fitrm a non-linear antenna layout; iii) They are not practical in
establishes the requirements for reverse localization to ensuoedinary smart home environment. The process of Wi-Fi map-
accurate access point locations. LocAP utilizes a calibraping proposed in these work requires direct communication
tion process to estimate the relative geometry of the acceftween each pair of devices, which is inapplicable in a typi-
points and the user's location accurately. The calibration proeal smart home environment where devices communicates via
cess involves measuring the signal strength of Wi-Fi signalsouters. Our work, in contrast, only requires direct communi-
at different locations in the environment and using this in-cation between a central transmitter and other devices, which
formation to estimate the location attributes of the accesss realistic in the deployment of smart home.
points. However, LOocAP requires a time-consuming phase
calibration process, which is impractical in real deployment3 System Overview
MapFi[3] can autonomously map WiFi infrastructure for in-
door localization without the need for labor-intensive siteThe work ow of our proposed system is illustrated in Figure
surveys. The system proposes a general method to estim&gewhich consists of the following two stages:
AoA and generate the WiFi map. VoiceMap[4] presents an Camera Mapping Stage. The objective of this stage is to
autonomous mapping system for voice localization using align the position of the camera with the map generated by
microphone array. The system utilizes a sweeping robot t&LAM [31-33] on the robot. Our approach involves using
explore the environment and a microphone array to localizéhe camera to capture the relative position in relation to the
the robot, establishing the positional relationship between thebot, followed by designing a transformation matrix H to
two. Although this methods present better accuracy compatranslate the 2D locations in the camera's images to the corre-
ing with others, the nature of sounds still prevents it from vassponding locations on the SLAM-generated ground plane for
deployment since souds require strict environmental setup. the subsequent stage. In particular, the robot employs SLAM
These works suffer from at least one of the followingto create a comprehensive map of the environment, report-
limitations: i) They necessitate an involved process of phasing the robot's locations on the ground plane. Meanwhile, the
calibration. Speci cally, we often need expensive profes-camera captures images and leverages a YOLOv5-based [34]
sional equipment, such as power dividers, to connect theeural network to identify the robot and extract its 2D loca-
tions. Once an adequate number of location pairs are gathered
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Figure 3: Our proposed system consists of two stages of camera mapping and Wi-Fi mapping.

and time-aligned, a specialized Solve-Pnp-based program @ the ground plane and their corresponding 2D perspective
executed using OpenCV [35] to calculate both the camera'projection coordinates within an image. Our world coordinate
location and the transformation matrix. system is facilitated by a SLAM-based autonomous robot,
Wi-Fi Mapping Stage. The aim of this stage is to ascertairwhich transmits its location information at each time slot
the location of the Wi-Fi device on the SLAM map. Our in- in the form of [X;Y;;Z]". To harmonize this with the 2D
sight is that cameras and Wi-Fi devices can perceive a movinigcation, a neural network, underpinned by the YOLOV5 ar-
human from distinct perspectives, and by analyzing the intrinehitecture, is trained to recognize the robot and subsequently
sic relationship between different observed features, we caextract its 2D coordinates, denoted agyp}". This process
determine the relative positions between the camera and the visually represented in Figure 4. In the concluding steps,
Wi-Fi device. In particular, the camera can capture the usersie synergistically combine the intrinsic parameters of the
location directly, while the Wi-Fi devices can detect changesamera and the distortion coef cients, which are obtained be-
in the signal caused by the re ections on the human body. Ifiorehand through an established calibration process [36], to
this paper, we conduct a theoretical analysis to demonstraggenerate the translation vector and the rotation vector. From
that the receiver is situated on the hyperbola with any two usehese vectors, we can directly calculate the precise location of
locations serving as the foci. By leveraging our novel theorythe camera as
we are ultimately able to localize the Wi-Fi devices on the
SLAM map. Rs; 3 = Rodrigues(rvec);

Location= R ! tvec;

(3)
4 System Designs

) _ _ _ where rvec and tvec represent the rotation and translation vec-
This section elucidates the architecture of our system. Thgys respectively. The function Rodrigues, as proposed by

era and Wi-Fi device with the reference coordinates, extractegl 1 form to a more comprehensive 3 3 form.

from a physical map generated via SLAM. To effectively
achieve this, our explanation is structured into two sequen-
tial yet interconnected phases: the Camera Mapping and the
subsequent Wi-Fi Mapping stages.

4.1 Camera Mapping Stage

The primary focus of the rst stage is to ascertain the precise
geographical location of the camera and subsequently com-
pute a transformation matrix. This matrix plays a pivotal role
in converting a given 2D location from an image, captured

by the camera, into its corresponding position on the ground o ] ]
plane. Figure 4: Camera location is determined according to Eq. 3.

4.1.1 Camera Localization . )
o ) ) 4.1.2 Transformation Matrix
The process of acquiring the precise location of the camera

utilizes the Solve-PnP algorithm, a method that has been rd? Subsequent stages, the system is tasked with generating
searched and validated by studies such as those by [7, 8] afdirajectory that encapsulates a person's movements within
numerous others. The mechanism of this algorithm is cerfhe environment, exclusively reliant on the camera's obser-

tered around creating a correspondence between object poiff@lional data. Given our scenario, wherein the individual
traverses consistently along the same ground level, the z axis
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can be disregarded. Consequently, the challenge is transmuted
into a task of transforming points from the image plane to
the ground plane. To achieve this, a transformation matrix
denoted by H is necessitated as follows:

H [x iy dl" =X Y] (4)

This transformation matrix is more widely recognized as
a homography, the solutions for which have been previously
proposed in scholarly literature [38, 39]. This has been en-
capsulated within the OpenCV function ndHomography. As
speci ed in the OpenCV documentation, this function dis-
cerns a perspective transformation between two planes given
multiple pairs of (srcPoints, dstPoints). In the context of our (a) YOLOV5 only
study, the srcPoints corresponds to points on the image plane,
while the dstPoints represent points on the ground plane.
Therefore, in integrating this process into our system, we dis-
regard the z axis from the reported location data procured
from the autonomous robot during the data collection phase,
yielding a sequence of 2D-2D pairs. Subsequently, the nd-
Homography function is called to derive the transformation
matrix H. In later computations, the trajectory can be deter-
mined by the application of Eq. 4. In practical experiments,
however, this is accomplished using the perspectiveTransform
function.

4.2 Wi-Fi Mapping Stage

This subsection is centered around two pivotal components
within Wi-Fi mapping: pedestrian localization and hyperbolic

modeling. The pedestrian localization aspect is designed jgyre 5: Ground point detection. (a) illustrates a scenario
exclusively on camera data, whereas the hyperbolic mOdegoint; (b) demonstrates a combinational method that consid-

ing facet leverages CSl to derive Path Length Change (PLC rably enhances the accuracy of ground point detection.
subsequently introducing the hyperbolic algorithm for the

mapping of the Wi-Fi device. For a better understanding of . ) o

our system's operations, we will rst delve into the details of N Pursuit of accurate location estimation, we augment
PLC before discussing hyperbolic modeling. our system with insights derived from [40]. This approach
involves the incorporation of an additional pose estimation

modul[41] within our neural network pipeline, which assists
At the core of this study, we aim to precisely map a person'sn recognizing the position of the person's ankles. This en-
trajectory within a prede ned environment. To accomplishhancement enables us to estimate the ground point based not
this, we rst focus on pinpointing the exact point where thesolely on the bounding box but also on the relative position of
person makes contact with the ground, a point we denote ake ankles. In practical terms, we calculate the ground point
the ground point. Our approach involves transitioning thisG as

ground point from the image plane, where it is initially cap- G=[(lax+ray)=2; (lay+ray)=2 d] T (5)
tured, onto a ground plane, utilizing a transformation matrixyhere 1a and ra denote the positions of the left and right an-

H derived from the camera mapping stage. A fundamentglies respectively. An offset value d is also computed, de ned

step in this process is the estimation of the ground point fogg

each captured frame. A preliminary approach might involve d =bby,,, max(la y;ra,); (6)
the application of neural networks, such as YOLOVS, to de§/vhere bR, Is the y coordinate of the bounding box's bottom
lineate a bounding box around the person in the image. In this max y

scenario, the midpoint of the bottom edge of the bounding bogn d(?r(;' iléru'rrgt%roivsegiseslt;m:goi: ?__fi tr::egrsobungr?:;nttr’]:’h'rcohu: q
naturally suggests itself as the ground point. However, care- . ! play gurre ' ,g
oint for each frame has been determined, the person's move-

ful observations reveal that this proposed ground point maﬁ_I ) o . X
brop 9 P ent trajectory within the environment can be established

diverge from the actual point of contact with the ground in" . . . :
certain situations, as illustrated in Figure 5a. This discrepanclf/Slng the transformation matrix H described above in Eq. 4.

introduces potential errors in subsequent computations. ~ 4.2.2 Path Length Change
Wi-Fi tracks a user's trajectory differently from vision-based

methods, observing changes in re ected path length (PLC).
As seen in Figure 6a, for a transmitteg@nd receiver (R,

(b) YOLOV5 + pose estimation

4.2.1 Pedestrian Localization
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the re ected path is represented by K +kPRxk. The Fres- becomes relatively straightforward. Taking into account that

nel zone forms a cluster of ellipses, denoting locations with @he transmitter Jis securely af xed to the camera, whose

constant re ection path length, with the foci beingdnd R.  location is already known according to the camera mapping

When people move along, they traverse distinct ellipses, eadtage, Eq. 9 can be enhanced as follows:

associated with a different re ection path length. The calcu-

lation of PLC from raw CSI readings employs the PLCR. kRR¢k kP jRk=(plc; plc j) (kP iTxk kP jTxk): (10)

Previous studies, such as [30, 42, 43] detail the process of

converting CSI to PLCR. From [30], we obtain PLCR using Consequently, as depicted in Figure 7, for any pair of se-
lected points Pand R, given the corresponding gland plg

Edl-(t) — E . @) and the location of the transmitteg, The unknown receiver

| dt I Ry is situated on a hyperbola with &d R as the foci.
where b, v, and L(t) represent the Doppler Frequency Shift

(DFS), PLCR, and dynamic path length at time t respectively.
Having established the basic idea of PLCR, we will not
delve further into it at this stage. Instead, we will now shift
our focus to the process of transitioning from PLCR to PLC.
To understand its physical implications and importance in
our system, we revisit Figure 6a. As depicted in Figure 6a,
a person (P) resides within a zone. The person's trajectory is
highlighted in red and its corresponding PLC in ideal situa-
tions is visualized in Figure 6b. It is apparent that the person
moves from P to A in an anticlockwise direction. When the
PLCR is integrated over a certain time span, the result is the
PLC, which represents the number of Fresnel zones that the ) ) ) )
trajectory has crossed within that time frame. More speci -Figure 7: Hyperbolic modeling. When i and | are selected,
cally, if N; is the label for the Fresnel zone at time point i, thenKTxRk and kkPjk are immutable. Thus, revealed in Eg. 10,
plcij must satisfy: the possible locations ofyRdetermined by Rand R, follows
a hyperbola with foci atjRand B.

fD:

Z
plcij = plerkdx=N; N j: (8) Figure 8a illustrates a scenario in an ideal environment.
. J When R, P, and R are selected, the value of iRk, kP, Tyk

Consider N= kPiTk +kPiRik, where P denotes the 5. kpT,k are immutable. According to Eq. 10, three hyper-
location point at time instance i. We can rewrite Eq. 8 as bolas with foci at (B P), (R, R) and (R, R respectively are
drawn. The intersection of these hyperbolas is considered as
the estimation of the receiver,Rn this ideal situation when
errors are eliminated, the estimation perfectly determines the
) o real location of the receiver. Despite our ideal modeling, er-
where pl¢ is plGo and 0 corresponds to the starting time of 5 qyring actual deployment are unavoidable. As shown
the recorded trajectory. _in Figure 8b, in situations where errors are introduced, the

In conclusion, the variation between two PLCs phySi-ggtimated positions can greatly vary, forming a constella-
cally signi es the difference in the sum of distances fromyon around the receivers actual location. In response to this
Fhe trajectory to the two Wi-Fi devices at two different time challenge, we propose a novel approach that leverages the
Instances. hyperbolic model in combination with a threshold-based al-

gorithm to mitigate these errors and obtain a robust estimation
of the receiver's location. Our proposed solution employs a
geometrically intuitive method. As shown in Figure 9, draw-
ing hyperbolas of a larger width increases the probability of
encompassing the receiver's correct location, despite poten-
tial errors. By delineating multiple hyperbolas of considerable
width, we can pinpoint the area of maximum intersection as
it exhibits the highest likelihood of being the receiver's ac-
tual location. However, resolving multiple intersections of

(a) Fresnel zone (b) PLC for the trajectory hyperbolas demands substantial computational resources. Our

) algorithm navigates around this by avoiding the direct solu-
Figure 6: Fr_esnel zone model. (a_) shows Fresr_1e| zone mOd"E‘llon of intersections. Instead, it determines the likelihood of
for PLCR discussed in [30]; (b) illustrates an ideal PLC for g5, candidate location by iteratively applying the algorithm
the trajectory. to multiple pairs of foci.

The procedure delineated in Algorithm 1, outlined be-
low, commences by generating a matrix of potential receiver
Once the physical interpretation of PLC is comprehendedbcations within a preset boundary, speci cally, a rectan-
within our context, the formulation of the hyperbolic model gle extending from the bottom-left corner apiyo) to the

plc; plc j=(kPiTXk+kPiRXk) (kP jTXk+kPijk); (9)

4.2.3 Hyperbolic Modeling
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top-right corner at (xy1). Next, it calculates the difference error. Ultimately, the receiver's location is estimated by av-
between the actual PLC, collected from Wi-Fi, and the eseraging the top 5% of candidates with the smallest errors. In
timated PLC. The estimated PLC is calculated according tthis way, our hyperbolic algorithm robustly maps the Wi-Fi
Eq. 11, upon the candidate receiver's location and the reakceiver. In the next section, we present implementation and
position of the transmitter gathered from the camera mapexperimental results that demonstrate the effectiveness of our
ping phase. This calculated discrepancy is then assigned system design.

the variable g The error metric gis determined via:

a=aF (plci plc )
il (11)
(kP Txk+kPRK) (kP jTxk+kPjRKk) ;

where F() represents a threshold-based lter, de ned as

x;if jxj threshold;
F(X)= L (12)
0;if jxj <threshold:

(a) Thinner width

(a) An ideal situation
(b) Larger width

Figure 9: Intuition for our algorithm. (a) The correct location
cannot be determined by the intersections; (b) When using a
larger width, the correct location can be determined by the
area of intersections of multiple hyperbolas.

5 Implementation and evaluation

In this section, we delve into the implementation of our sys-
tem, followed by an evaluation of its effectiveness. First, we
) o will provide an in-depth view of the system's implementation,
(b) A non-ideal situation including the system con gurations and algorithm intricacies.
Figure 8: Two situations. (a) In situations devoid of errors, €N, we analyze the evaluation methodology and experimen-

the intersection point of multiple hyperbolas accurately del@l Setup, presenting the resulting data. This will be coupled
termines the receiver's location; (b) When errors occur, th&ith & thorough discussion of the results as well.
estimations display signi cant variations. 5.1 Implementation

In practical terms, the threshold is set manually, based Oy (st discuss the hardware in the experimental scenarios,
experience and judgement, and it remains consistent acrogsjoed by a detailed illustration of the software implemen-

all tests within the same contexts, namely the Of ce and thg,q. Second, we present the setup for the experiments.
Open-Space scenarios, which will be discussed in detail later

in this paper. Speci cally, we establish the threshold for the™
Of ce scenario at 1:1, and set it at 2:3 for the Open-Spacd he system, predominantly developed using C++, is executed
scenario. on a Thinkpad T14 Gen2 laptop, equipped with an Intel Core

Following the computation of errors for each candidatej7-10510U 4.9 GHz CPU. This laptop serves as a central hub,
the candidates are sorted in ascending order based on tfagilitating connections between all other components. The

1.1 Hardware
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