
Zheng Yang / Ῥ

School of Software, Tsinghua University

http://tns.thss.tsinghua.edu.cn/~yangzheng/

Wireless Sensing:

Towards Innovative Sensing Modality for AI

ᾢ ỖּרѬAIấᵎᾚỖḤ

http://tns.thss.tsinghua.edu.cn/~yangzheng/


ɗ▐ᴂᶽḙאᾨά ᴈᶱּוṀṷ

ɗIEEE Fellow

ɗᶂḲɒєҚ ֮ɓ ẉὃṊҚἑ ר

ҖṴ ἩᾺῐ

ɗᶂḲҸ ẉ ḙᶢ ệ

ɗ ᶂḲ ⱡ ḙ҇ ᷾

ɗ Άᵇχⱶ ṪўҊ ῂ

ỵ љḧӈ

2

ѥҙ Ҟ



҅ ⌐ Ї

Ѓᶡ Wi- Fiɻ ɻ5G Є ɻ ɻ ᴶ

Ї ꜘḪ ԋ ᴶ Ḫ ɼ

֙ └Їᵜ װ Ḫ Ї ҿ

Ӑ қ Ņ ņɼ ᴶה ɻ ἥ ɻ

Ḫ Ҏү ₴ Ї ғ Ї ԑ

ԝ ᴮׂשЇ ב ԓ ɻ

ɻғ ɼ 10 Ї

ɻ ᵲ Ї ⅎ Ѓ ῇ᷾ ɻ

ṛ Є ԋ ɼᵜ Ї ԓ Ї ԋ

Ї Ὶל ָ ΐ ғ֥ҟ ɼ

3

Ὥ



ԒḲ

Åᾢ Ỗּרᶡ︠

Åῂ ỵ љ ỵ

Å⸗ề

Å │

ÅᾭὯ

ÅỞ љṝῺ

4



5

ᾢ Ỗּרᶡ︠

ɗᶡ῞ σᾢ ӠᴹїҜᴴҧҼ ᾎὊε ᴴҧỖּר♩ᶪ

ӡᴺᴧṃ ғּו￼ῂ ṃ └כּ יּ ṃ ᴦṃ ᾫṃ ᶺ‍ Ểҽᾘι

ᶈӡᴺὶᾠ ᶴẻἄ￼ᶺỂᴬזӡᴺᾊṾᴦῑעᶫ⸗ề￼ӡỤ

҅ ⌐ Ḫ ɼ
ⅎ Ḫ Ї Ḫ ᴶ Їװ

Ѓָ+ Є ɼ



ᾢ Ỗּרᶡ︠

6

Åᾢ ỖּרσḪ♪Ỗּר Ӡ Ӌײַצ ḃỗᾼ

Åᾢ Ṃ Ỗּרἆῠּג₦҇ ỖּרԎᶴ♀◕ҷםσ

Å ┌ᶈ Ể ῨӿẴ ת Ểᵇ ẙ Ӡἴ



ᾢ Ỗּײַרẓⱴ

7

ָ ῇ᷾

֥Ḧ └ ᵩ

שׂ ┼

ָ ֢ԝ



ԒḲ

Åῂ ỵ ᶢ

Åᾢ Ỗּרј Ỗּר

Å⸗ề

Å │

ÅᾭὯ

ÅỞ љṝῺ

8



9

ᾢ Ỗּרј Ỗּר

Å ỖּרԎῑ ổѱσҙ Ӡײ83%ַ ᴧ

Å ҽỵᵸ￼ẻỗљו јᾸᴧṝψ

Å ỵ │ ẉ‎ ᴧṝψ

ᴅ   ᴥ   RGB-D   ҆ҭ  

ⱶӌ֫ ḫӕ֫ב Ѳ֫ב



10

ᾢ Ỗּרј Ỗּר

ÅṂ Ӡᴹјᴴ Ӿַײ῞ ᾴּגᵂַײ

Å ṃ ӡᴺљᴵ ӿᵃṞּכ └ψ

Å ҽᾘᵅ ὶᾠ￼ӡᴺץᵍѨḹ￼עᶫӡỤψ



11

ᾢ Ỗּרј Ỗּר

ÅṂ Ӡᴹјᴴ ӾַײҼί◕ σ

Å ṃ ӡᴺᴵ ᶺ₭ᴦṃҽᾘιѼᴵ ṃҽᾘψ

Å ᴵ ӿҝ ᶈ ‍ҭїҽᾘψ

ṃ ӡᴺҽᾘ ӿḙӡᴺҽᾘ

—῞ᴜᵻσѢ ⸗ ײַ↓ ♆ј↓ їᵂ



Ṑẘіַײ ᴥṂ
12

ᾢ Ỗּרј Ỗּר

ÅṂ Ӡᴹјᴴ ӾַײҼί◕ σ

Å ᴦṃἆ◙ᴦṃιᴨ֘҈└ ṑẙї￼ ӿ◌ẙ

₩ /ᴚ ṐẘіַײẇᶖᴥṂ

ṃ ӡᴺ￼ ᴦṃ ᴵ ӿ￼◙ᴦṃ



13

ᾢ Ỗּרј Ỗּר

ÅṂ Ӡᴹјᴴ ӾַײҼί◕ σ

♆ ε⸗ ↓ ֞ ᶼ

ṃ ӡᴺᴵ ṃ

Ṋἄוὶᾠ

Ӊ Ὣ ṇ

ᴵ ӿ ṃ



14

ᾢ Ỗּרј Ỗּר

ÅṂ Ӡᴹјᴴ Ӿַײὓᾁ/ởӴᾛẩσ

Å ṃ ӡᴺַּזᶺỂᾦẔιὂṝỵ ᶀψ

Å ᴵ ӿ ♯ιḫאἄӵῑṃψ

ӿḙἄӵṃ ὶᾠ

Ṃ ӠᴹַײԄᵆὓᾁεᵘӾḘӠᴹַײḦᵆởӴ
ῶở҂Ỗּר ᵿ-Ỗּר ẘַ҉ײ Ԋ



16

ᾢ Ỗּרј Ỗּר

ÅᾚԋṂ ▐⁴ẩσ

Å ֫ љ ӡἩ Ặ └​ḧᵇớψ

Å ᾺԌᶾ ẻỗ ҃זּ ӆ ￼ ♯ ψצּ

ᶾ

ֶⱴӠᴹ ▐◕ εὝ׳Ỗּר ֪ ♆



17

ᾢ Ỗּרј Ỗּר

Åᾢ Ỗּײַר♀◕ἹỢ

Å ᴦṃṾ‎￼ᶺỂӡᴺᴬזψ

Å Ṉ ӆ ￼ ♯ ֺι Ҩἄӵψ

ᾢ ỖּרσᶇԄᾴ ḑַײủ ε ₨♫ⱩΎ Ḻ



18

▐

ᾒ₣ ̦ ￼ Ṁ ẉשּׂ



19

ᾢ Ỗּרј Ỗּר

ÅỖּר∫ σ

Å ῂ ỵ љ   ￼ỵ ╙ ֫ײ ӆψ

Å ♇ᶈ҈⸗ề │ ᾭὯ ѕ ֫ψ



ԒḲ

Åῂ ỵ ᶢ

Åῂ ỵ љ ỵ

Å◕Ề

Å │

ÅᾭὯ

ÅỞ љṝῺ

20



AoA&ToF
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ArrayTrack (NSDI ô13) SpotFi (Sigcommô15)

Combines the algorithms for AoA

based direction estimation and 

suppressing the NLOS reflections.

Incorporates super -resolution AoA

algorithms and robust direct path 

identification to indoor location.



DopplerFrequency Shift (DFS)
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CARM (Mobicom õ15) Widar (MobiHoc õ17)

Calculates power distribution of Doppler

Frequency Shifts components as learning 

features of HMM model. 

Models the relation among personõs 

walking velocity, location and DFS, 

and pinpoints the person passively.

Single link

Double links



Combining multiple features
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Tx Rx
LoS Path

Array 

Baseline
AoA

ToF

DFS

Ellipse

Curve
Ray

mD-Track ( Mobicom õ19)Widar2.0 ( MobiSys õ18)

Passive human tracking system with a 

single commercial Wi -Fi link, endowing 

passive tracking with ubiquity as well as 

accuracy.

Incorporates information from four 

dimensions to advance the 

accuracy of passive wireless sensing 

in a multipath environment.



Wi-Drone: Wi-Fi-based Flight Control 
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Wi-Fi-based solutionExisting 6-DoF Flight Control

Å IMU-based Solutions Suffers from 

severe cumulative drift
Å GPS-based Solutions canõt work in 

GPS-denied indoor scenarios
Å Vision-based Solutions canõt work in 

dark and texture -less scenarios

Wi-Drone is the first Wi-Fi-standalone 6 -DoF 
tracking system for drone flight control. 

Å Free of cumulative drift

Å Robustness to visual interference

Å Pervasive indoor deployment

Å Light weight

Wi-Drone Implementation

Weak lightIndoor

IMU drift



Wi-Drone: Wi-Fi-based Flight Control 
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Proprioceptive motion trackingExteroceptive pose estimation

EPE eliminates the non -direct paths and 

extracts the direct path to estimate its ToF

and AoA , and reconstruct the droneõs 

absolute 6 -DoF pose in the AP Reference, 

without any cumulative drifts .

PMT adopts the phase changes in multiple 

paths to infer the antennaõs 3D location change, 

and further reconstruct the droneõs relative 6 -

DoF pose in a finer granularity .

Fusion achieves complementary benefits!

1. Exploit both the Exteroceptive and Proprioceptive information;

2. Explore the methodology of embracing multipath ;



Wi-Drone: Wi-Fi-based Flight Control 
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Wi-Drone ( MobiSys õ22)

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 to reconstruct the droneõs 6-DoF 

trajectory in a fine granularity without any cumulative drifts .



RF Features for classification tasks
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AoA & ToF DFS BVP

RF signal captures angular , range , and 

velocity information, making it more 

versatile for motion sensing.



Environment-unrelated feature

ω In Widar3.0 (MobiSys2019), we propose a new feature BVP:
Body-coordinate Velocity Profile
ςSamegesturesmayexhibitdifferent velocitydistributionsin the

globalcoordinatesystem.

ςTransformationcanbeachievedwith the knowledgeof locationsof
devices,andlocationandorientation informationof the user.

28



Comparisonof SignalFeatures
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Domain -1
orientation #1

location #1

environment #1

CSI DFS

Domain -2
orientation #2

location #2

environment #2

CSI DFS BVPCSI and DFSof same gestures are

probable to vary across different domains,

but BVPstays consistent!

BVP



BVPExamples
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Pushing & Pulling Clapping Sliding



Scattering Model
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Statistical feature of 

human walk

RF signal is endowed with statistical 

features in rich -scattering environments, 

having broader application prospects .
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DeepLearningBasedAlgorithms

ωDeep learninghasachieved great 
success in the field of computer vision, 
and has produced many accurate and 
reliable recognition models,whichcan
bedirectlyappliedin wirelesssensing.

ωHowever, existingworks 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.

34



DeepLearningBasedAlgorithms
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Widar3.0 (Zheng, et al. MobiSysõ19)

CNN and RNN are adopted to

extract spatial features and model

temporal dynamics of the input

feature, BVP.

WiPose (Jiang, et al. Mobicomõ20)

CNN and RNN are adopted to 

extract posture -specific features 

and enforce smooth movements 

of the generated skeletons.



AdversarialLearning
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EI (Jiang, et al. MobiComõ18)

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. 



Generative Adversarial Network
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GANGes (Suzuki, et al. Ubicompõ21)

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: Complex-Valued Neural Network
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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.



Deep Learning-Assisted Signal Processing
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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.

The original spectrogram

The enhanced spectrogram



Signal Processing-Assisted Deep Learning

41

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 Follow-up Effects in Mobile AR
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ARCore

Å Only track the static anchor

Å Suffer from scale ambiguity

Å Degrade under weak light

FollowUpAR

Å Track static and moving anchor

ÅWith real -world scale

Å Robust under weak light 



FollowUpAR: 
Enabling Follow-up Effects in Mobile AR
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O

X

Y

Z

Camera

Radar

Fusion

ÅKey insight: 

ÅRadar and Camera have complementary advantages

Tangential Dir.Normal Dir.

Rotation) * Scale(Translation   +6-DoF Pose   =



FollowUpAR: 
Enabling Follow-up Effects in Mobile AR
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FollowUpAR (MobiSys õ21)

Radar focuses on the objectõs radial translation with a real-world scale . 

Camera tracks both the objectõs rotation and tangential translation. 

FollowUpAR benefits from both and tracks 6 -DoF pose accurately.
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Why Datasetis Important

ωThe promotion of high-quality public 
datasets to research is enormous. 
ς foundation for the success of deep learning 

algorithms.

ςExample: ImageNet, Mnsit, COCO, etc.

ωAdvantages:
ςenabling collaboration and competition on the 

same platform.

ςmaking experimentre-production easier,
performance comparisonmore objective,
collaboration more effective, andtechnological 
progress easier to accumulate.

47



Datasets
ωExisting datasets for wireless sensing
ςDataset 1 (U Toronto and Stanford, 2017)

ω~4GBraw Wi-Fimeasurements(CSI)

ω6 persons; 6activities:Lie down, Fall, Walk, Run, Sit down, Stand up

ωhttps://github.com/ermongroup/Wifi_Activity_Recognition

ςDataset 2 (College of William and Mary, 2018)

ω~6GBraw Wi-Fimeasurements(CSI)

ω276 sign words in the lab and home environments

ωhttps://github.com/yongsen/SignFi

ωAll suffer fromsmall-scale data, limited scenario

ωChallenges for large-scale dataset
ςCumbersome data collection

ςNot intuitive to label

48

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


Widar3.0Dataset

ωHandgesturedataset,whichconsists of raw 
Wi-Fi readings (CSI) and other sophisticated 
features (e.g., DFSand BVP) of 258K instances, 
duration of 8,620 minutes, from 75domains. 

ωThedatasetandWidarseries of workscanbe
found in http://tns.thss.tsinghua.edu.cn/widar3.0

ω Other Sourceχ1ιBaiduYun(password: 4m47) 49

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


Wireless Sensing Datasets
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Team Year Signal Feature Application Volume(GB)

University of Toronto and 
Stanford University

2017 Wi-Fi CSI Activity recognition 4

College of William and Mary
2018

Wi-Fi CSI Gesture recognition 6

Tsinghua University Wi-Fi CSI Passive tracking 3.2

Tsinghua University

2019

Wi-Fi CSI, DFS, BVP Gesture recognition 325

Dalian University of 
Technology

Wi-Fi CSI Activity recognition 0.2

Beijing University of Posts 
and Telecommunications 2020

mmWave RSSI, DFS Gait recognition 0.9

Qualcomm mmWave RSSI Face recognition 4

University of Victoria

2021

Wi-Fi RSSI Indoor localization 0.06

Frankfurt University of 
Applied Sciences

Wi-Fi CSI Activity recognition 0.4

National Research Council 
(Italy)

mmWave Range spectrum Indoor localization 1.4



Wireless Sensing Datasets
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Team Year Signal Feature Application Volume(GB)

University of Toronto and 
Stanford University

2017 Wi-Fi CSI Activity recognition 4

College of William and Mary
2018

Wi-Fi CSI Gesture recognition 6

Tsinghua University (Widar) Wi-Fi CSI Passive tracking 3.2

Tsinghua University (Widar)

2019

Wi-Fi CSI, DFS, BVP Gesture recognition 325

Dalian University of 
Technology

Wi-Fi CSI Activity recognition 0.2

Beijing University of Posts 
and Telecommunications 2020

mmWave RSSI, DFS Gait recognition 0.9

Qualcomm mmWave RSSI Face recognition 4

University of Victoria

2021

Wi-Fi RSSI Indoor localization 0.06

Frankfurt University of 
Applied Sciences

Wi-Fi CSI Activity recognition 0.4

National Research Council 
(Italy)

mmWave Range spectrum Indoor localization 1.4

Widar dataset is so far the largest and most 

comprehensive dataset in this field and received 

widespread attention in terms of users and citations.



How to use Widar3.0 dataset

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



²ƘŀǘΩǎ ƛƴǎƛŘŜ ǘƘŜ ǘǳǘƻǊƛŀƭΚ

Tutorial Link: http://tns.thss.tsinghua.edu.cn/wst/
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Voice From Industry
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Motion Detection Passive Tracking Breath Monitoring Fall Detection
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Passive sensing

Finer RF feature: CSI

DNN for recognition

Large-scale RF dataset

Wireless sensing 

develops in three 

aspects: feature , 

algorithm , and 

dataset .
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ῂ ỵ ᶈ◕Ề ← ᾎὊ іᴵӨ ỵ ￼ἄ‛ι
ᴡῶ ṯ￼⸗ ψῂ ỵ љ ỵ ԏῶ҉ ҷם

ᾢ Ỗּרῗ ᾢזַּ Ṃ ⸗↓ḫאỵ ￼Ἡ ιּכ└
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Resources
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Dataset: http://tns.thss.tsinghua.edu.cn/widar3.0

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

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

