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Can you tell people’s emotions even if 

they don’t show up on their faces?

Graduate student Advisor

Does my advisor like my work?

Smart Homes that adapt to our mood

Combating Depression

Did I get the Job? …. No

Is the date going well!



Existing approaches measure vital signs

• Use ECG to get very accurate heartbeats



Input signal
Wireless reflection of the human body



Emotion recognition 

using wireless signals



Key challenge: Inter-Beat Interval (IBI)

• Emotion recognition needs accurate measurements of the 
length of every single heartbeat

We need to extract IBI with accuracy over 99%



Emotion Model

PositivityNegativity

High Excitement

Low Excitement

Joy

Pleasure

Anger

Sadness

• Standard 2D emotion model

• Classify into anger, sadness, pleasure and joy



PositivityNegativity

High Excitement

Low Excitement

Joy

Pleasure

Anger

Sadness

Person-dependent Classification

Accuracy: 92.5%

• Train and test on the same person



Understanding Diseases with Sleep Stages 



But, monitoring sleep stages is difficult …

done in hospital with many electrodes on the body



Experience in Sleep Lab



Can we do it in bedroom without any 

electrodes?

Experience in Sleep Lab



Wireless Sensing Sleep Stages

Wireless

Device



Key Challenge

RF reflections are highly dependent on the measurement 
conditions and the individuals. 



Key Challenge

RF reflections are highly dependent on the 
measurement conditions and the individuals. 

Need to remove such extraneous 

information!



Multi-Source Domain Adaptation

Source domain A Source domain B Target domain C

domain = measurement condition + individual



Multi-Source Domain Adaptation

Source domain A Source domain B Target domain C

domain = measurement condition + individual



Initial Solution: Adversarial Domain Adaptation

want extraneous 
domain information to 

be removed



Initial Solution: Adversarial Domain Adaptation

• Value function of three-player game:

Problem: Discriminator removes both extraneous and 

useful information

discriminator losspredictor loss



Conditional Adversary



Role of Adversary

Independence Conditional-Independence



Representative Example

Ground-truth using EEG 

Our Prediction 

Accuracy = 80%





Sensing Humans in the Environment



Occlusion is a fundamental challenge for vision



Vision also fails in bad lighting conditions



Want to see the human through walls & in the dark



Want to see the human through walls & in the dark



RF-based Approach

?

Antenna array: AoA
FMCW: range



RF Signals

Vertical RF heatmaps Horizontal RF heatmaps

How to train a model to estimate pose from RF?



Challenge: Specularity of Human Body

Antennas



Antennas

A Snapshot Doesn’t Have Skeleton 



Solution: Use Human Motion Across Time

Antennas



Neural
Network

TimeTime

Solution: Use a series of RF snapshots



Time

Neural
Network

Time

Solution: Extracts limbs and fills in missing parts



Time

Neural
Network

Time

RF is a 4D function of space and timeChallenge: 4D signals are too large for NN!



Challenge: How to obtain labeled data?

annotate skeleton?

annotate skeleton?



Idea: Cross-Modal Supervision

Horizontal Heatmaps

Vert ical Heatmaps

RGB Frames Keypoint Confidence Maps
from Visual Inputs

from RF Signals
Keypoint Confidence Maps
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Horizontal Heatmaps

Vert ical Heatmaps

RGB Frames Keypoint Confidence Maps
from Visual Inputs

from RF Signals
Keypoint Confidence Maps

supervision

Student Network S

Teacher Network T

RGB images

RF heatmaps

Teacher Network
(Vision-based)

Student Network
(RF-based)

supervisory
signals

During inference



Through-wall poses
using only RF

RGB (visualization only)

Confidence MapsSkeletons



Works in bad lighting

RGB (visualization only)

Confidence MapsSkeletons



Works with different
environment and daily

activities

RGB (visualization only)

Confidence MapsSkeletons



Model Design: Complexity

3D RF tensor

Associat ion

Calibrat ion

..
.

. . .

. . .

Triangulat ion

OpenPose

OpenPose

OpenPose Triangulat ion

3D skeletons

RGB images 2D skeletons

Bob

Chris Neural

Network



Model Design: Complexity

• Extraneous information irrelevant to the skeleton

• Different number of people

Implications:

• Large neural networks

• Huge amount of labeled examples

• Very hard to train



Network2

Network1

RPN

CNN
···

Generate
pose labels

RF-based 3D
skeleton

4D RF tensor

Images

Mult i-view
geometry

3D skeletons

Supervision

RPN

CNN

···

Generate
pose labels

RF-based 3D
skeleton

4D RF tensor

Images

Mult i-view
geometry

3D skeletons

Supervision

Network2

zooms in on people 

to remove 

extraneous 

information

extracts pose

Solution: Two-Stage Model for Task Separation



Automatic labeling of 3D poses with cameras

Multi-view
Geometry

Associat ion

Calibrat ion

..
.

. . .

. . .

Triangulat ion

OpenPose

OpenPose

OpenPose Triangulat ion

3D skeletons

RGB images 2D skeletons

Bob

Chris

3D poses?

Vision
Model

Vision
Model

Vision
Model



RGB video
(for visualization only)



RGB video
(for visualization only)







Tesla in Clear ConditionsTesla in Fog



Tesla in Fog



Tesla in Clear ConditionsTesla in Fog



Millimeter Wave Radar
Radar can function in adverse conditions

Fog

Sandstorm

Blizzard

Low Lighting Conditions



Millimeter Wave Radar

Radar can function in adverse conditions

Can we use millimeter wave radars in 

scenarios where LiDARs and cameras fail?

Fog Sandstorm Blizzard Low Lighting Conditions



Data Collection Platform

Cascaded MIMO Radar

ZED Stereo Camera



Qualitative Results (in Fog)



Challenge: Labeled Dataset

(a) Scene (b) BEV 

Radar Heatmap

(d) Annotation of (c)(c) Zoomed 

Into Car Area

58

Leveraging large-scale unlabeled radar data but bypassing 

the complexities of explicit annotation.



Self-Supervised Learning 

SimCLR SSL Objectives

shared weights 

Radar Encoder

+

Projector
Vision

Encoder

Radar

Intra Model

Vision Cross Model

𝒵′𝑟

𝒵𝑟

ҧ𝒵𝑟

Radar Encoder

+

Projector

ℒintra ℒcross

Frozen 
Augmentations 𝒯

𝒵𝑣

Leveraging large-scale unlabeled radar data but bypassing 

the complexities of explicit annotation.



Radar Specific Augmentations

Original Radar Heatmap Zommed-in Region of Cars

Center Cropping (Polar)Rotation (Polar)Antenna DropoutRandom Phase



No Temporal Post Processing

Frame to frame detection in the range of 25 meters.

Accurate Bounding Box Detection

61



Point Cloud

Top-View Front-View

Camera Image

Challenges in Radar Perception

62

Huge Performance Gap Between Radar and Vision!



1. Low Angular Resolution

- Blobs of reflected power

- No sharp boundaries/shapes

2. Specularity

- Missing major parts of cars

3. Multipath

- Spurious Reflections

Point Cloud

Top-View Front-View

Camera Image

Challenges in Radar Perception

63

Cast mmWave Radar Perception as a Learning Problem



Learning geometric priors on structures of commonly 

found streetside objects.

Deep Neural Networks are effective for

various computer vision tasks: super-resolution, learning image 

prior, image style transformation, etc.

Our Solution

64



Original

Scene

Ground

Truth

Camera

in Fog

Recovered 

Image

Radar

Point Cloud

Radar

Heatmap

Front View

Trained using simulated data and tested using real data. 
65



2D Arrays

𝑚

𝑘

𝜓𝑘

𝜓𝑚

3D Heatmap Image 3D Point Cloud



3D shape Reconstruction from Autonomous Driving Radars

Low 3D resolution Specularity of reflections Point sparsity & 
practical scenarios 

Combining two 1D antenna 

arrays!

Spatiotemporal fusion

Shape 
Completion 

Network



3D shape Reconstruction from Autonomous Driving Radars



3D shape Reconstruction from Autonomous Driving Radars



3D shape Reconstruction from Autonomous Driving Radars



3D shape Reconstruction from Autonomous Driving Radars



Classic Sensing Modalities are Limited to Line-of-Sight



Can We Produce RF Images of Objects Around-the-Corner?



The Ability to Image Around-the-Corner has Many Applications

Robotic Navigation Search and RescueAutonomous Driving

Search and Rescue



Practical Environments Contain a Variety of Reflecting Surfaces

Planar Surfaces

mmWave 
Antenna Array

Hidden 
Target Object



Planar Surfaces

Practical Environments Contain a Variety of Reflecting Surfaces

Convex Surfaces



Planar Surfaces

Convex Surfaces

Practical Environments Contain a Variety of Reflecting Surfaces

Concave Surfaces



Planar Surfaces

Convex Surfaces

Concave Surfaces

Practical Environments Contain a Variety of Reflecting Surfaces

Composite Surfaces



Practical Environments Contain a Variety of Reflecting Surfaces

Planar Surfaces

Convex Surfaces

Concave Surfaces

Composite Surfaces





a) Evaluation setup

c) Plane 1 Reflection

e) RFlect’s Outputb) Lego Titanic

d) Plane 2 Reflection



a) Evaluation setup Birds-eye-View Front View
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Planar Imaging Results
Target Objects
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Baseline: Image objects in line-of-sight of radar

RFlect Around-the-Corner Imaging off Planar Surfaces



Complex Imaging Results
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Composite Surfaces
(Door and Wall)

Convex Surfaces
(Building Column)

Concave Surface
(Computer Monitor)



Qualitative Results: Concave Reflectors

Curved Computer Monitor



Qualitative Results: Convex Reflectors

Building Column
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