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AOA&TOF

Eeflector

!!! AP3 AP2

Direct path :

AoA, ToF JE=
APl

ArrayTrack (NSDI ) 613 SpotFi (Sigcomm o6 1) 5
Combines the algorithms for  AoA Incorporates super -resolution AoA
based direction estimation and algorithms and robust direct path
suppressing the NLOS reflections. identification to indoor location.
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DopplerFrequency Shift (DFS)

,’C:ombinéd CFR
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Reflected by "
ol e Statlc’component
A Y
| /.-~ Reflected by y //'
" body 2
{ Dw)amic Component .
% Wall Receiver S Hify : .
Double links

CARM (Mobicom 6 15) Widar (MobiHoc 6 1 7 )
Calculates power distribution of Doppler Model s the relati on
Frequency Shifts components as learning walking velocity, location and DFS,
features of HMM model. and pinpoints the person passively.
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Combining multiple features

\ SO
\Ra
\ y

\ /ﬂrray
/%g Baseline

RXx

Widar2.0 (MobiSys 6 1 8 )

Passive human tracking system with a
single commercial Wi -Fi link, endowing
passive tracking with ubiquity as well as
accuracy.

AoA

mD-Track (Mobicom 6 1 9)

Incorporates information from four
dimensions to advance the

accuracy of passive wireless sensing

in a multipath environment. 23



Wi-Drone: WtFtbased Flight Control

Existing 6-DoF Flight Control Wi-Frbased solution

A IMU-based Solutions Suffers from Wi-Drone is the first Wi-Fistandalone 6 -DoF
severe cumulative drift tracking system for drone flight control.

A GPSbased Sol utions ¢ af Breeofacanulativé rdrift
GPSdenied indoor scenarios A Robustness to visual interference

A Vision-based Sol uti ons c¢ an &t Pewasivkindbon deployment

dark and texture -less scenarios A Light weight

T e

(o o] IIIIIIIIIIII

oomo
Indoor Weak light

Intel NUC 4 x AR9580 On
Extension Card

3 x 4 Square
Antenna Array

-
£ " \ APM Flight
Controller

~m—-mo-- Wi-Drone Implementation
IMU drift




Wi-Drone: WtFtbased Flight Control

Exteroceptive pose estimation Proprioceptive motion tracking

AP Reference
* 3D Location Tracking Result

1 ~
iLoS Wireless Link S
1

NLoS Wireless Link

At Relative 3D
Translation Vector

Relative 6-DoF
Pose Transformation

Y :Antenna on AP x

Y:Antenna on Drone

EPE eliminates the non -direct paths and PMT adopts the phase changesin multiple

extracts the direct path to estimate its ToF pathst o i nfer the antennads
and AcA, and reconstruct t haenddrfounretéhser r e c o n setaiveiec-t t
absolute 6 -DoF pose inthe AP Reference, DoF pose in a finer granularity .

without any cumulative drifts

r-‘Q'-Fusion achieves complementary benefits!
1. Exploit both the Exteroceptive and Proprioceptive information;

. 2. Explore the methodology of  embracing multipath ) 25




Wi-Drone: WtFtbased Flight Control

En |
i 3 I Drone 6-DoF Pose [ §6. Wi-Drone Platform
Ny SRS (1,11, 0ron Opitch, O Implementation
& )) _______________ 4 “mfe, Flight Controller | (b . Lz, Oo, Bpicen YaW)l P
[3) E_ ______ . [ ) _ ____________________________ --_,__‘_-‘.-
A ‘‘‘‘‘‘‘‘‘‘ T A ~ -

A g
§3. Exteroceptive Pose Estimation §5. Joint Optimization
and Fusion
EPE

[-’/ é\ﬂultilp?th H.:\:. Sr\i’ngle—li?k Ft'pse ] Facior I TR e

L. MESOIUtion o0 econstruction @ ® ®
\ J
Vo )

{ n T L

Phase H.: Spatial Dimension

PMT Prior Factor
Factor

Sanitization Expansion

R: 3D Rotation Matrix

Location: §4. Proprioceptive Motion Tracking t: 3D Translation Vector

(lxﬂ ly: lz) &29Yaw

Wi-Drone (MobiSys 6 2 2 )
The direct -path parameters (e.g., ToF, AoA) and CSI phase are
complementary features extracted from the Wi -Fi signal, which
are fused by a factor graph-Dol®e recon

trajectory in a fine granularity without any cumulative drifts
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RFFeatures for classification tasks
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. D
( RF signal captures angular , range , and

velocity Information, making it more
versatile for motion sensing. )
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Environmentunrelated feature

w In Widar3.0 MobiSys2019), we propose a new featuB/P
Body-coordinateVelocity Profile

¢ Samegesturesmayexhibitdifferent velocitydistributionsin the
globalcoordinatesystem.

¢ Transformationcanbe achievedwith the knowledgeof locationsof
devicesandlocationandorientation information of the user.

W (m/s)
W (m/s)

2 2
1 1
0 0

-1 -1

-2 2

"2 & o 1 2 2 - 0 1 2 2 -1 0 1 2
Vx (m/s) Vx (m/s) Vx (m/s)

Stage 1: Start Stage 2: Push Stage 3: Stop Stage 4: Pull




Comparisonof SignalFeatures

Domain -1
orientation #1
location #1
environment #1

Domain -2
orientation #2
location #2
environment #2

g CSland DFSof same gestures are
probable to vary across different domains,

' I
| but BVP stays consistent! |




BVPExamples

Pushing & Pulling Clapping Sliding




Scattering Model

Tx 1

Wall O ;,:k Tx Wall
\ L1
AN

Vs
Static scatte rer;;}é
4

3 é é‘: Dynamic
(O Rx Rx scatterer

(a) Reflection model (b) Scattering model Statistical feature of
human walk

s

(  RF signal Is endowed with statistical A

features In rich-scattering environments,
having broader application prospects

- J
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DeeplLearningBasedAlgorithms

w Deep learningnasachieved great
success in the field aiomputer vision
and has produced many accurate and
reliable recognition modelsyhichcan
be directlyappliedin wirelesssensing.

w However, existingvorks ignore the
difference between visual perceptior
and wireless sensing at the signal le
and there is still a lack of fingpatio
temporal modeling of behavioral
activities inwireless signal space




DeepLearnmgBasedAIgorlthms

____________________________________________

i 1 L, Ly L
Gesture T }— ———————————————————— N
Recognition ] Dense E !
Dropout E :
Temporal . GRU ey S ey yope R rnyey A
{ qmb <@ , 1 ] r
[ Dense | Im _Dense | Kinematic Kinematic Kinematic
Dropout —1 1 1 T
= (oeee| [ec00] [0000]
il Faton I Fatn [N Fiatin fal 4 1
Feature { Skeleton . — .
Extraction — ., T
Pooling Pooling Pooling .I‘ST ILST
onv

Input BVP T C (][]
m[ = =H o~ L 3uRis
Input Data

Input Data Input Data

Widar3.0 (Zheng, etal. Mo bi Sy s 0 1WiPose (Jiang, etal. Mobi c omo 2

CNN and RNN are adopted to CNN and RNN are adopted to
extract spatial features and model extract posture -specific features
temporal dynamics of the input and enforce smooth movements
feature, BVP. of the generated skeletons.
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AdversarialLearning

______

[ \
. . . —1 ) ' Loss
Activity Recognizer A g ! !
» AT : > Ltl :
Softmax i : :
— — I 1
F - * ' '
eature Extractor * e I "
> v L 1
1 u 1 - ol
° Fully Connected 1 ! ! Constraints
CNN > : | Edie 'y i L=
]
Z Concatmatmn I .
-
Softmax * | '
_ | A : » Ld 1
P e A * 1 :
Labeled Dat. \ !
Inputs n: : : " a:? Fully Connected Layers | !
Vg A e, |
Unlabeled Data Domain Discriminator L ;

El(Jiang, etal. Mobi Como018)

Domain discriminator isincorporated into the model for unsupervised
domain adversarial training to fully make use of unlabeled data to
remove the domain -specific uniqueness of activities.




Generative Adversarial Network

Cycle-Consistency

Context label Loss AR Ad ial
S versaria

==5§=== Discriminator real/fake—p Loss

Sensor data (real) \ /

Generator —) (W Style-class

Sensor data (source) "v‘f o~ style label Loss

Source style label —k—- Context-class
~ context label Loss
Sensor data (fake
e Smoothness

Target style label Loss

GANGes (Suzuki,etal.l Ubi compd21)

Generative adversarial network (GAN)  -based style transformer is
adopted to generate large amounts of gesture samples and reduce
the number of required collecting samples.




RFNet ComplexValued Neural Network

Spectrogram Enhancement Eialei Task-Adaptive Network (TAN)

Spectrogram Network (SEN)
w/ Leakage x4
_ ’—l Hologram
j Spectrogram
w/o Leakage

RF signal is distinct from image and natural language in terms of feature
extraction. Learning -assisted spectrogram enhancement breaks down
the fundamental limitations of Fourier transform and generates higher -
fidelity spectrograms. Polarized convolutional network  preserves the
local features and the global discrimination simultaneously and thus

boost the learning performance.

Compression

Flatten

Spectrogram Enhancement

Polarized Convolutional
4Network (SEN)

Network (PCN)

uone|npon
aseyd
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Deep LearningAssisted Sighal Processing

The original spectrogram

Data Synthesis

Leaked Ideal
Spectrum
'g Spectrum = P - Random
E g _‘_l Generator
Frequency Frequency
i i MSE Loss .
‘ ’ litude 0 250 500 750 1000 1250 1500
X -— e . . ).F .Qf-.{l.}.np
!zaked Windowing . i Time/ms
gl SEN \ The enhanced spectrogram
xmeasured > y 60
H N 40
Measured SEN Enhanced 3\; 20
Inference -g Spectrum g} S|( l um Inference g 0
Output =)
I npur E S L _ b.IJ_ 2 20
Frequency Frequency \C 40
Model Training -60
0 250 500 750 1000 1250 1500
Time/ms

Original spectrograms generated by traditional Fourier Transform is
severely distorted by spectrum leackage . By training a signal
enhancement neural network, we can provide high -fidelity
spectrograms for further learning tasks.




Signal Processingssisted Deep Learning

Shared  bias —
T weights ’ % i

o ,’
Complex-
e valued
Complex- Imag™--. g
valued Real-valued

Convolutional operations of CNN is  shift-invariant for images. The
information of spectrogram is encoded in the global locations of
elements. By introducing the phase information into spectrograms, we

preserve the local dependencies and global discriminations in
spectrograms.
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FollowUpAR:
Enabling Followup Effects in Mobile AR

ARCore FollowUpAR
A Only track the static anchor A Track static and moving  anchor
A Suffer from scale ambiguity A With real -world scale

A Degrade under weak light A Robust under weak light




FollowUpAR
Enabling Followup Effects in Mobile AR

A Key insight:
A Radar and Camera have complementary advantages

Y 6-DoF Pose =(Translation + Rotation)* Scale
7 Normal Dir. ~ Tangential Dir.
\: P | o? x J J x
n WY === Camera
’4% \,“\f\ — . _.
o a v X X
Radar
X

VPRI




FollowUpAR
EnabllngFoIIovv-up Effects In MoblleAR

Radar Observation

1 - 1

H - J/ ( \

i u éi v ; Radar Model

: : ,l E ‘ ‘ i

! | A ‘ &L - 4 ~

: P Y S (i) : v

i Real-time Rendering i ,’l A, ¢ : }.’-{ i"\. 4

A 4

\ 4
s
(o
o
-

I ______ :1 _____ g mmWave Radar
[t " ] Radar Point Cloud S — . E
Plane 1 ! Anchor Pose | = $ 4
1! 2 1 ? ‘t
Detection | i} Tracking | 2 "*}&

----------- > e — N
T 1 _____;\‘\ Camera Observation . Ciaia e
‘ A — & @ @ 6DOF Pose
= a : ‘\ b .\‘ r . :

a
Factor Graph Optimization

.........................................................................................................

\ 4

\
iV | Smartphone Camera

ARCore Architecture

FollowUpAR (MobiSys 0 2 1)

Radarf ocuses on the objectds r avdrldscéle .t r a
Camera t racks both the objectds rotatior
FollowUpAR benefits from both and tracks 6  -DoF pose accurately.
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Why Datasetis Important

w The promotion of higlquality public
datasets to research IS enormous.

<
s®
@
M

¢ foundation for the success of deep learning 2¢¢v2s0¢esoo0svo0
algorithms. $333373249%3333355

. et da999F5dda 8y

¢ Example: ImageNelinsit, COCO, etc. clotciobocecocen
797777107201 2%F777

¥3 58 8P R PITT I LS

799993%949949344979 9

w Advantages:

¢ enabling collaboration and competition on the
¢ making experimente-production easier, oo Loee ncone

performance comparisomore objective,
collaboration more effective, anchnological
progress easier to accumulate.




Datasets

w Existing datasets for wireless sensing

¢ Dataset 1 (U Toronto and Stanford, 2017)
w ~4GBraw Wi-FimeasurementgCSI)
w 6 persons; @ctivities:Lie down, Fall, Walk, Run, Sit down, Stand up
w https://github.com/ermongroup/Wifi_Activity Recognition

¢ Dataset 2 (College of William and Mary, 2018)
w ~6GBraw Wi-FimeasurementgCSI)
w 276 sign words in the lab and home environments
w https://github.com/yongsen/SignFi

w All suffer fromsmallscale data, limited scenario
w Challenges for largecale dataset

¢ Cumbersomelata collection
¢ Not intuitive to label



https://github.com/ermongroup/Wifi_Activity_Recognition
https://github.com/yongsen/SignFi

Widar3.0Dataset

NP, &, ® [

75 © 258575 8620 .. 325.,

Domain = Gesture Duration File Size

w Handgesturedataset,whichconsists of raw
Wi-Fi readings@S) and other sophisticated
features (e.g.DFSandBVH of 258K instances,
duration of 8,620 minutes, from 7&omains.

w ThedatasetandWidarseries of workganbe
found In http://tns.thss.tsinghua.edu.cn/widar3.0

w Other Sourcg 11 BaiduYur(password: 4m47) 49
e 9



http://tns.thss.tsinghua.edu.cn/widar3.0
https://pan.baidu.com/s/1E-iG3Oo5gYRCXGl8uykuTQ

Wireless Sensing Datasets

University of Toronto and

Stanford University 2017 Wi-Fi Activity recognition
College of William and Mar Wi-Fi CSl Gesture recognition 6
2018
Tsinghua University Wi-Fi CSl Passive tracking 3.2
Tsinghua University Wi-Fi CSl, DFS, BVP Gesture recognition 325
: : : 2019
Dall_?gcldgglligillty o Wi-Fi CsSl Activity recognition 0.2
ii”&r}ge&grﬁ:ﬁnggf 2020 mmWave RSSI, DFS Gait recognition 0.9
Qualcomm mmWave RSSI Face recognition 4
University of Victoria Wi-Fi RSSI Indoor localization 0.06
Frag\II;(;lIJiret duggil:f;teys()f 2021  Wi-Fi Csl Activity recognition 0.4
AETelnE! F(\)If;s? &0 Sl mmWave Range spectrun Indoor localization 1.4
50



Wireless Sensing Datasets

University of Toronto and

Stanford University 2017 Wi-Fi Activity recognition
College of William and Mar Wi-Fi Gesture recognition 6
2018
TsinghudJniversity Widar) Wi-Fi Passive tracking 3.2
TsinghudJniversity Widar) Wi-Fi CSl, DFS, BVP Gesture recognition 325
4 | S R
Widar dataset Is so far the largest and most
comprehensive dataset in this field and received
Kwidespread attention in terms of users and citations. y
University of Victoria Wi-Fi Indoor localization 0.06
Fra;m.ig dugi:\i/::]sgl()f 2021 Wi-Fi Activity recognition 0.4
AETelnE! F(\’Icta;c;? &0 Sl mmWave Range spectrun Indoor localization 1.4 e
- ]



How to use Widar3.0 dataset

Hands-on Wireless Sensing with Wi-Fi: A Tutorial

Building wireless sensing system with minimal effort!

Let's start our journey!

Motion Tracking

Wireless sensing system provides contactless
motion tracking capability, opening up a new
paradigm for human-computer interaction.

.

k! rﬁ. I
e |
_'.—"‘-I W

Ay

| —

guil

Indoor Localization

Wireless localization system empowers a wide
spectrum of location-based applications in
indoor scenarios.

Health Monitoring

Wireless sensing system monitors the user's
health condition, by constantly detecting the
heart beat and breath.

Tutorial Link: http://tns.thss.tsinghua.edu.cn/wst/
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|__| Hands-on Wireless Sensing with Wi-Fi: A Tutorial ~ Tutorial ~ Authors

Welcome to Wireless Sensing
Tutorial

Wireless Sensing Background
Understanding CSI

CSI Data Collection

CSI Feature Extraction

CSI Sanitization

Wireless Sensing with Deep
Learning

Supplementary Materials

Central Frequency Offset

Nenlinear Amplitude and Phase

Central frequency offset (CFO), which is caused by the frequency desynchronization on both sides of the transceiver, leads to
random frequency shift $ \epsilon_{f}$ of each received CSI.

Gulis g, k) = 2m(fo+ Afj + fo + e)rulis4.K) = Suli 5.K) + e5mali 4, F). (32)
The CFO induces an extra bias (\ie, an overall up and down shift) of the phase-frequency characteristic curve.

To eliminate CFO, we need to insert multiple HT-LTFs in the same PPDU (Wi-Fi data frame), and therefore obtaining multiple
CSI measurements. Since the time interval between multiple HT-LTFs is strictly controlled to 415 according to the 802.11
protocol, the phase difference between two HT-LTFs is induced by the CFO within At = 4us. Thus, the approximate value of
the CFO can be recovered.

Automatic Gain Control Uncertainty
Radio Chain Offset
Central Frequency Offset

Sampling Frequency Offset and Packet
Detection Delay

N\

Description

function [est_cfo] = cfo_calib(csi_src)
% cfo_calib
% Input:
% - csi_src is the csi data with two HT-LTFs; [T S A L]
% Output:

Table Of Contents % - est_cfo is the estimated frequency offset;

delta_time = 4e-6;

phase_1 = angle(csi src(:, :, :, 1));

phase_2 = angle(csi_src(:, :, :, 2));

phase_diff = mean(phase_2 - phase_1, 3); % [T S A 1]
est_cfo = mean(phase_diff ./ delta_time, 2);

—> Codes

Tutorial Link: http://tns.thss.tsinghua.edu.cn/wst/
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Passive sensing

Moustafa Finer RF feature: CSl
[.1] Souvik Sen .
[2] DNN for recognition
. . Dina Katabi
@ : [?] Large-scale RF dataset
2007 . Zheng Yang

[4]

@®

2012

" Wireless sensing C

develops in three 2018
aspects: feature ,
algorithm , and

\_ dataset . y,

[1] "Challenges: Device-free Passive Localization for Wireless Environments," Proceedings of MobiCom 2007.

[2] "You are Facing the Mona Lisa: Spot Localization using PHY Layer Information,” Proceedings of MobiSys 2012.
[3] RF-Based 3D Skeletons," Proceedings of SIGCOMM 2018.

[4] fizero-Effort Cross-Domain Gesture Recognition with Wi-Fi , 6 P r o cMobiSys 2089s o f
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Resources

Dataset:http://ths.thss.tsinghua.edu.cn/widar3.0

Tutorial: http://tns.thss.tsinghua.edu.cn/wst/

Hands-on Wireless Sensing with Wi-Fi: A Tutorial

Building wireless sensing system with minimal effort!

Let's start our journey!



http://tns.thss.tsinghua.edu.cn/widar3.0

