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Cace I: Normal Walking =

A user walks around naturally at n rr1| speed
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Case I: Normal Walling —— =

A user walks around naturally at normal speed
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Detect Environment Dynamics

Signal -
Strength + LED =

e Capture environment dynamics via the fluctuation
of radio signal

* Received radio signal strength (RSSI)
* |s RSSI a Good Signal Feature?
* In theory, it is. However ...

* |n practice, sensing ability of RSSI is greatly weakened by
rich multipath effects .



Multipath: Enemy!

* Impacts of Multipath Effects:
* Bound Accuracy of Ranging
* Induce False Match in Fingerprinting

— theory
— reality

log(P)

d

RSSI-based Ranging

False Match
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Multipath: Friend?!
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Characterizing Multipath:
From RSSI to CSi

e Channel Impulse Response (CIR)

— a set of attenuated, delayed impulse functions, depicting
multipath
h(t)

N-1
a, exp(—jg)s(r—1) Tj t
i=0 .

e Deriving Channel Response

— VNA / SDR for precise measurement

— Channel State Information (CSI): sampled version of

channel response with OFDM at sub-carrier level

— CSl on a single sub-carrier k: H( fk)=HH Helsm (<H)
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Channel State Information

— Sub-carrier 1

— Sub-carrier 2
Sub-carrier K

RSSI: OFDM: CSl:
Sunbeam Prism Dispersed Lights

* Analogously, CSl is to RSS what a rainbow is to a sunbeam.
e CSl separates signals of different wavelengths via OFDM
* RSS only provides a single-valued amplitude of superposed paths.
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CSl vs. RSSI

Category RSSI CSI

Layering MAC layer PHY layer

Time Resolution Packet level Multipath clusters
Frequency Resolution N/A Sub-carrier level
Stability Low High for CFR structure
Ubiquity Handy access Commercial Wi-Fi

4 : : a0
CSl, the fine-grained channel response accessible

on commodity WiFi devices, acts as an essential
upgrade of RSSI.

J
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Noisy Phase

Raw CSI phase is useless because Tx/Rx are not synchronized,
introducing a random phase shift.

30
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Measured Phase
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Phase relation for ith subcarrier Raw phase distribution of ith subcarrier




Phase Sanitization

e Solution: extract accurate phase-related information from
raw CS| by dealing with asynchronous sender and receiver,
asynchronous antennas, and noises.

q§i=$i_aki_b=¢i_i —k1 Zd);
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Raw Phase ST N Linear combination
-» RS ‘~ of real phases {¢;}~4

« Stable
« Sufficient to use

Sanitized Phase




AoA&ToF

Eeflector

ArrayTrack (NSDI ’13) SpotFi (Sigcomm ’15)
Combines the algorithms for AoA Incorporates super-resolution AcA
based direction estimation and algorithms and robust direct path
suppressing the NLOS reflections. identification to indoor location.
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Moving Distance & Direction
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RIM (SIGCOMM °19)

Turns COTS WiFi radio into precise IMU that measures multiple
motion parameters, including moving distance, heading direction,
rotating angle, etc.




Doppler Frequency Shift (DFS)
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AWall Receiver S Hify : .
Double links
CARM (Mobicom ’'15) Widar (MobiHoc '17)

Calculates power distribution of Doppler Models the relation among person’s
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

DFS
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Widar2.0 (MobiSys '18)

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

AoA

mD-Track (Mobicom '19)

Incorporates information from four
dimensions to advance the

accuracy of passive wireless sensing

in a multipath environment, 57



Environment-unrelated feature

e |In Widar3.0 (MobiSys 2019), we propose a new feature BVP:

Body-coordinate Velocity Profile
— Same gestures may exhibit different velocity distributions in the
global coordinate system.

— Transformation can be achieved with the knowledge of locations of
devices, and location and orientation information of the user.

Vy (m/s)
Vy (m/s)

2
1

0

-1

-2

2 - 0 1 2 2 - 0 1 2
Vx (m/s) Vx (m/s)

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




Comparison of Signal Features

e |nvestigate raw CSI, DFS, BVP

— example gesture: Pushing and Pulling
— two domains




Comparison of Signal Features

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

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

CSI| and DFS of same gestures are
probable to vary across different domains,

' :
| but BVP stays consistent! |

-




BVP Examples

Pushing & Pulling Clapping Sliding
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Machine Learning Based Algorithms

e Support Vector Machine (SVM)
e Decision Trees

e K-Nearest Neighbors (KNN)

e Hidden Markov Model (HMM)
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Laptop Signal analysis

CARM (Wang, et al. MobiCom’15), WiFiU (Wang, et al. UbiComp’16)
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Deep Learning Based Algorithms

e Deep learning has achieved great
success in the field of computer vision,
and has produced many accurate and
reliable recognition models, which can
be directly applied in wireless sensing.

e However, existing works ignore the
difference between visual perception
and wireless sensing at the signal level,
and there is still a lack of finer spatio-
temporal modeling of behavioral
activities in wireless signal space.




Deep Learning Based Algorithms
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DeepFi (Wang, et al. TVT'17) Widar3.0 (Zheng, et al. MobiSys’19)
A stack of RBMs are adopted for CNN and RNN are adopted to
fingerprinting-based indoor extract spatial features and model
localization with CSI measurements temporal dynamics of the input
as input. feature, BVP.
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Feature Network

X//////////////1/57

'STFNet Block

(Mum resoultuion short time Fourier TransfomD

1
1 Frequency components

Hologram interleaving

¥ ¥ ¥

STFNet-Filtering STFNet-Convolution STFNet-Pooling

Effff’ N HHHHH 4///5

Inverse short time Founer Transform

////l/////l/////ﬁ
STFNet (Yao, et al. WWW'19)

STFNet enables fime-frequency analysis in the model level to learn
features directly in the frequency domain, and unveil the possibilities of

incorporating domain-specific modeling and fransformation techniques
into neural network design.
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Adversarial Learning
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El (Jiang, et al. MobiCom’18)

Domain discriminator is incorporated into the model for unsupervised
domain adversarial training to fully make use of unlabeled data to
remove the domain-specific uniqueness of activities.
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Why Dataset is Important

e The promotion of high-quality public
datasets to research is enormous.

.
-
G)
m

— foundation for the success of deep learning 1¢idggS=atagipob
. d 2 2 2
algorithms. 2333333533 353333
Yetdaqduarydd vy

— Example: ImageNet, Mnsit, COCO, etc. titliciiacecacin
797777107201 2%F777

¥3 58 8P R PITT I LS

41999933934 %949499 9

e Advantages:

— enabling collaboration and competition on the
. . . . Common Objects in Context
— making experiment re-production easier,

performance comparison more objective,
collaboration more effective, and technological
progress easier to accumulate.




Datasets

e Existing datasets for wireless sensing
— Dataset 1 (U Toronto and Stanford, 2017)
e ~4GB raw Wi-Fi measurements (CSl)
e 6 persons; 6 activities: Lie down, Fall, Walk, Run, Sit down, Stand up
e https://github.com/ermongroup/Wifi Activity Recognition
— Dataset 2 (College of William and Mary, 2018)
e ~6GB raw Wi-Fi measurements (CSl)

e 276 sign words in the lab and home environments
e https://github.com/yongsen/SignFi
— Dataset 3 (Tsinghua U, 2018)

e Widar 1.0/2.0 for passive localization and tracking

e 1 person 80 traces in the classroom, office and corridor
e http://tns.thss.tsinghua.edu.cn/wifiradar

e All suffer from small-scale data, limited scenario

40



https://github.com/ermongroup/Wifi_Activity_Recognition
https://github.com/yongsen/SignFi
http://tns.thss.tsinghua.edu.cn/wifiradar/index_chi.html

Widar3.0 Dataset

NP, &, ® [

75 © 258575 8620 .. 325.,

Domain Gesture Duration File Size

e Hand gesture dataset, which consists of raw Wi-Fi readings
(CSI) and other sophisticated features (e.g., DFS and BVP) of
258K instances, duration of 8,620 minutes, from 75 domains.

e The dataset and Widar series of works can be found in
http://tns.thss.tsinghua.edu.cn/widar3.0

e Other Download Source: 1, BaiduYun (password: 4m47); 2, FTP:
widarftp:widar2019@166.111.80.127:40121 a1



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

Widar3.0 User Profiles

Users
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e S
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P2 N,

Pageviews
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PR N

Avg. Session Duration

00:00:47
~ I A

B New Visitor M Returning Visitor

@ Users Sessions
40 40
20 20
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Look ahead
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Look ahead
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