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On-body sensors can be cumbersome



| Heart Rate Breathmg Locations  (Gestures

On-body sensors can be cumbersome

Not suitable for elderly & babies
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Imagine enabling these applications
without sensors on the human body
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Vital Radio: Use wireless reflections off the human
body to monitor breathing and heart rate
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Device analyzes the wireless reflections to
compute distance to the body
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Problem: Localization accuracy is only 12cm

and cannot capture vital signs

Wireless device
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« FMCW Transmitted Signal:
z(t) = I27 (5 (#"+fot))

 FMCW Received Signal:
y(t) =3, A, ed2m (5 ((t=7:) "+ fo(t—72))) Phase

> | [

AF=K T

« FMCW after downconversion:
yp(t) = 3. Aged2m(krittfori)

« Phase of peak = foTi
- Phase wraps around 2pi
- Use peak position AF=Kk Tifor course estimate of T
- Use peak phase foti for fine estimate of T
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not due to breathing/heartbeats
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Band-pass filter the cleaned signals to extract

breathing and heart rate



What happens with multiple users in
the environment?



Reflections from different objects collide

Problem: Phase becomes meaningless!
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ldea: Wireless localization can be used to

locate various devices
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Solution: Use wireless localization as a filter
to isolate reflections from different positions
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Solution: Use wireless localization as a filter
to isolate reflections from different positions
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Can you tell people’s emotions even if
they don’t show up on their faces?

Smart Homes that adapt to our mood

Did | get the Job? ....
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Combating Depression Is the date going well!
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EXisting approaches measure vital signs

 Use ECG to get very accurate heartbeats
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Key challenge: Inter-Beat Interval (IBl)

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

848 | .828
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We need to extract IBI with accuracy over 99%
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Step 1: Remove breathing signal

e Breathing masks heartbeats



Step 1: Remove breathing signal

e Breathing masks heartbeats

 \WWe use acceleration filter
* Heartbeat involves rapid contraction of muscle

e Breathing is slow and steady
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e Qutput of acceleration filter

 ECG signal
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Heartbeat signal

e Other typical examples:

How to segment the signal into individual heartbeats?
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Step 2: Heartbeat segmentation

 Intuition: heartbeat repeats with certain shape (template)

* |f we can somehow discover the template, then we can
segment into individual heartbeats
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* |Bl are not always the same

.824 | .848 | .828

s

* Template subject to shrink and expanding

e Linear warping
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From vital signs to emotions
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Physiological Features
for Emotion Recognition

e 37 Features similar to ECG-based methods
* Variability of IBI

 [rregularity of breathing
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-motion Classification

* Recognize emotion using physiological features
e Used L1-SVM classifier

e select features and train classifier at the same time
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e Standard 2D emotion model

» Classify into anger, sadness, pleasure and
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Does it detect emotion accurately?
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Person-independent Classification

Train and test on the different person

Anger High Excitement Joy
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RF Imaging

People are points

| ocalize the two users

Want a silhouette




Capturing a Coarse Human Silhouette
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+ Walls are transparent and
can image through them

mm N\O | N Our Solution: A component that
0 lenses at these scans 3D space with RF and

frequencies outputs reflection snapshots at
every point in time

mm NO reflections from most
points: all reflections are # ”?
specular
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Challenge: We only obtain blob in space

At frequencies that traverse walls, human body parts are
specular (pure mirror)

NG Cannot Capture
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At every point In time, we get reflections from

only a subset of body parts.

RSANS Cannot Capture
e Reflection AN
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Through-wall classification accuracy of 90%
among 13 users
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