Ativity/context-awareness in wearable computing

Dr. Daniel Roggen
September 2013




Microphones

Sound in

Loudspeaker

Program___ Telecoil
switch
Signal processing
and amplifier
Off-Telecoil-
Mic. switch

Sound out

— Battery

Naylor, G.: Modern hearing aids and future development trends,
http://www.lifesci.sussex.ac.uk/home/Chris_Darwin/BSMS/Hearing%20Aids/Naylor.ppt



Vannevar Bush, As we may think. Life magazine, 1945



Mann, Smart Clothing: The Shift to Wearable Computing, Comm. of the ACM, 1996
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Why wearable?

Augmenting senses, cognition, communication
Discreet

Eminently personal

Continuously available

Senses from my perspective

Privacy (no cloud)



The science Is about human activity understanding

e\What did | do yesterday?.....
e You went to the supermarket, and enjoyed a coffee with Lisa

e What am | doing in the kitchen?....
e |f you want to cook spaghettis, think of heating the water



Activity understanding

Implicit (micro-) interactions

Proactive

With the right modality
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[1] Roggen et al., Wearable Computing: Designing and Sharing Activity-Recognition Systems Across Platforms, IEEE Robotics&Automation Magazine, 2011



Size for « meaningful computing » is zero in 2020

S tec

Intel developer forum, 2012
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Ooportunishic Sensor Configurations

www.opportunity-projecteu EU funding ~ 1.5M€ / 3yr
EC grant n°® 225938

# pattern recognition in opportunistic configurations of sensors
7~ (problem of distributed signal processing and machine learning)
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The OPPORTUNITY dataset for reproducible research
avail. on UCI ML repository)

74 ,/ : .

_ Activity of daily living
“Start of recordifi SN 12 subjects

| B 'll - R L > 30'000 interaction primitives
51 | -- (object, environment)

"~

Sensor rich
Body, objects, environment
72 sensors (28 sensors in 2.4GHz band)
10 modalities

15 wired and wireless systems _
Roggen et al., Collecting complex activity datasets in highly rich networked sensor environments, INSS 2010 PPORTUN'TY

http://opportunity-project.eu/challengeDataset
http://vimeo.com/8704668 . . : .
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Abstract: The OPPORTUNITY Dataset for Human Activity
Recognition from Wearable, Object, and Ambient Sensors is a
dataset devised to benchmark human activity recognition
algonthms (classification, automatic data segmentation, sensar
fusion, feature extraction, etc).

Data Set Characteristics: || Multivariate, Time-Series || Number of Instances: | 2551 || Area: Computer
Attribute Characteristics: | Real Number of Attributes: | 242 || Date Donated 2012-06-09
Associated Tasks: Classification Missing Values? Yes || Number of Web Hits: | 11471

Plotz, Hammerla, Olivier. Feature Learning for Activity Recognition in Ubiquitous Computing, IJCAI, 2011

Manzoor et al., Identifying Important Action Primitives for High Level Activity Recognition, Proc.
European Conference on Smart Sensing and Context (EuroSSC), 2010

Ploetz, Hammerla, Rozga, Reavis, Call, Abowd. Automatic Assessment of Problem Behavior in
Individuals with Developmental Disabilities. Proc. 14th Int Conf on Ubiquitous Computing, 2012.

Gordon, Czerny, Beigl. Activity Recognition for Creatures of Habit: Energy-Efficient Embedded
Classification using Prediction. Personal and Ubiquitous Computing, 2013.

Melibari et al, Dynamic Sum-Product Networks, Tech Rep University of Waterloo, 2013
Helaoui et al., Towards Activity Recognition Using Probabilistic Description Logics, AAAI 2012

Helaoui et al, A Probabilistic Ontological Framework for the Recognition of Multilevel Human Activities,
Ubicomp, 2013



Name Scenario Description Availability

Skoda mini checkpoint 10 manipulative gestures « 10 manipulative Contact: Daniel Roggen
performed in a car gestures.

maintenance scenario. Download here

& 10 3D acceleration
sensor on left arm

+ 10 3D acceleration
sensor on right hand

s 1 subject
Skoda mini checkpoint
BodyAttack fitness 6 fitness activity classes, o g fithess activity Contact: Kilian Firster
dataset done mostly with the legs. classes

H * 10 3D acceleration Download here
1 . k. sensors on the leg

| w s 1 subject
2\ I

BodyAttack fitness

datasef
HCI gestures dataset 5 gestures done with the * S gestures (Triangle Contact: Kilian Férster
AR right hand in a vertical upwards, square,
plane circle, infinity, triangle Download here
downwards)

s 3 3D acceleration
sensors on the arm

s 1 subject
HCI dataset
Daphnet Freezing of Gait  Users with Parkinson e 2 classes: gait freeze, CoOntact: Daniel Roggen
Dataset in users with disease walk in a corridor and not gait freeze
Parkinson's disease and various rooms, leading (any of walking, Download here
.| them to experience gait standing, etc).

freeze. * 3 3D acceleration

sensors on the hip,
thigh, ankle

s 10 subjects

http://www.wearable.ethz.ch/resources/Dataset



Challenge 1: Data recording with heterogeneous sensor networks
Obtain synchronized data streams for further processing

Integration at system level
+ Central control & monitoring
+ Synchronized data acquisition
- Internals of sensor systems
- Fixed real-time merge

Integration at data level
+ Independent data recorders
+ Robustness, flexibility
- Complex control & monitoring
- Offline synchronization

7 computers recording sensor data
Store data and data reception time
Coarse NTP synchronisation

Fine synchronisation with specific gestures (“jump and clap”)
ID Records sensor | Nature and location Data acquisition
systems
R1 B2, B3, B4
R2 A2, Ad, A7

CRN Toolbox [10]
CRN Toolbox

Laptop, on body in a backpack
Desktop PC

R3 Bl, Al Laptop (static) Audio acq. software

R4 B35, B6 Laptop (carried by experi- | Commercial
menter, following subject) proprietary software

RS A3 Laptop (static) AXis proprietary

R6 AS Laptop (static) Dedicated software

R7 Ol, A6 Laptop (static) CRN Toolbox




Challenge 2: data handling after recording

mnnome Il
LU DLl ®

Burst equalization w/ streaming sensors Missing data represented as NaNs

g3 y

i

o [ [l e[

[Time: 550.542 Frame: 5505

&/ Labels and sensor data
1

Stream alig'nment'to video fodtage



Challenge 3: flexible activity annotations, at all levels

| RN S, Drink cofee Prepare sandwich
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~30'000
UBEUey reach, release, grasp, open... fridge, door, glass, ...

Solution: annotation on multiple tracks, hand-action-object representation




E LEGO approach

R Set of methods that can be richly combined

Inspiration from Artificial Intelligence

Domain knowledge
- Solve the problem in an initially restricted setup out of the box,

Autonomous evolution
C)\ Discover new solutions at runtime




Opportunistic recognition pipeline

« Static properties [ Recognition goal ]
» "Acceleration” frmrmm e — H ................. ,
« Dynamic properties ! :
. "Hip" / | [ Dynamic configuration ] 1
« Experienceltem "walk" ;! AN ﬁ :
* é((;((::térga:l}[/lon models .' I [ Autonomous evolution ]‘7 I

BuLionuow waisAs
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OPPORTUNITY framework



OPPORTUNITY Framework
Planner-based recognition chain optimization

Sensor management
Standard recognition algorithms
Java & OSGi bundles
Runs on x86 or ARM

Domain-adaptable

Domain ontology Sensor transformations

1

Activiy | [ walk | | eca—
/[Locomoti/c,)nl\\ I
\[ Bike ] __Run ]/ _ ’v‘, )

Planner

Reconfiguration (Knapsack, LinearEfficiencyAnalysis, Inf Theoretical)
Self-monitoring: anomaly & change detection
Knowledge discovery

Kurz et al. The opportunity framework and data processing ecosystem for opportunistic activity and context recognition. International Journal of Sensors, Wireless
Communications and Control, 2011



Walkthrough: setting-up the recognition goal « Locomotion »

 Static properties

Static properties T = p . "Acceleration"
+ "Acceleration” : . ' == « Dynamic properties
Dynamic properties o “Wrist"

» “Hip"
Experienceltem "walk"

» Accuracy

» Recognition chain parameters
Experienceltem “run"

* Accuracy

* Recognition chain parameters

 Static properties
» "Acceleration”

Goal reasoning: locomotion = walk|run

Instantiation of the RecognitionChain with Smartphone



Walkthrough: knowledge discovery - using unknown sensors

Sensor 1

D ration
G

Sensor 2
3D skeleton tracki

Physical and geometrical
relation between sensors

 Static properties

Static properties
» “Acceleration”
Dynamic properties
o “Wrist”

+ “3D skeleton"

\ 4

» Experienceltems “HCI-VolumeUp”
» Experienceltems “HCI-VolumeDn”
» Experienceltems “HCI-Next”
» Experienceltems “HCI-Prev”

N

Bafios et al, Kinect=IMU? Learning MIMO Models to Automatically Trans

—>

ate Activity Recognition Models Across Sensor Modalities,

Static properties
» "Acceleration"

Dynamic properties

o “Wrist"
Experienceltems “HCI-VolumeUp”
Experienceltems “HCI-VolumeDn”
Experienceltems “HCI-Next”
Experienceltems “HCI-Prev”

SWC 2012



Translation performance
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From Kinect...

Same limb translation: accuracy <4% below baseline (accuracy ~95%)

System identification: 3 seconds
Self-spreading of recognition capabilities!
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accuracy before calibration

Self-calibration to displaced
Sensors increases accuracy:

* by 33.3% in HCI dataset
* by 13.4% in fithess dataset

Forster, Roggen, Trdster, Unsupervised classifier self-calibration through repeated context occurences: is
there robustness against sensor displacement to gain?, Proc. Int. Symposium Wearable Computers, 2009




Walkthrough: minimally user-supervised self-adaptation

s — game screen

» Adaptation leads to:
e Higher accuracy in the adaptive case v.s. control
* Higher input rate
* More "personalized" gestures
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Forster et al., Online user adaptation in gesture and activity recognition - what's the benefit? Tech Rep.

Forster et al., Incremental KNN classifier exploiting correct - error teacher for activity recognition, ICMLA 2010



Walkthrough: brain-guided self-adaptation

screen . e -
\.‘\ — = E..,OG electrodes /.,EEG cap

\

* ~9% accuracy increase with perfect brain signal recognition
» ~3% accuracy increase with effective brain signal recognition accuracy
«Adaptation guided by the user’s own perception of the system

e User in the loop

oy
m
® J + subject independent baseline
0.7F | 1 ¢ subject dependent baseline
J adaptation strategy 1
0.65 : - : : + adaptation strategy 2a
0 500 1[::,[”;&“1)5”“ 2000 2500 < adaptation strategy 2b

Forster et al., On the use of brain decoded signals for online user adaptive gesture recognition systems, Pervasive 2010



What if activity recognition Is possible
“anytime and anywhere” ?

] Energy use: -17%
Implicity energy management
15 households

Health care costs: -400K£/day in UK

Ensuring regular training to avoid falls
Reduces fall rate by 50%

Roggen et al. Opportunistic human activity and context recognition, IEEE Computer Magazine, February 2013



Daily Routine ...

2 -

1 He wakes up.

2 He gets up/He gets out of bed.
3 He goes downstairs.

4 He goes jogging.

12 He listens to music.

i

Lifelong learning + Crowd-sourcing




Other learning

Online data

sources

@

Z) OpenCyc.org
(i1 Tube'
wikiHow

Tha How-10 Manusl That You Can Edit
W thefreesoundproject

L25:]
SMS

A
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Training data  Motif discovery

mhink you are doi@

walk
If not, tap to correct

[ Bicycle }
{ Steps }
[Anything eIse]

Personalized models

Minimal user
supervision




walking

Exemplary challenge: label jitter

I'll go for a walk soon....



Labels with noisy boundaries: Longest Common Substring

DTW between two OpenDoors,
DTW =2.3

20 30 40 50 60

LCSS between two OpenDoors,
Similarity =0.55

=

20 30

0 10 40 50 60

DTW between two OpenDoors
with boundary extension, DTW =7.7

LCSS between two OpenDoors
with boundary extension, Similarity =0.5

+10% in high

variability dataset

Opportunity Dataset, avg + stdev of 4 users
Method Accuracy F1_Null F1_NoNull
Segmented DTW 0.37 +£0.02 | 0.37 +0.03 | 0.33 4+ 0.03
Nonsegmented DTW 0.34 +£0.06 | 0.27 £+ 0.09
LCSS 0.48 +0.03 § 0.48 4+ 0.04 | 0.44 + 0.08
HCT Dataset

Method Accuracy F1_Null F1_NoNull
Segmented DTW 0.66
Nonsegmented DTW | 0. 78 0.72 =
LCSS 0.78 0.68

Nguyen-Dinh et al., Human Activity Spotting Using LCSS in Accelerometer Data, SOCPAR 2012

in low variability
dataset



Crowd-sourced annotations on Amazon’s mechanical Turk

Task: Find Activities in Videos

Below you see 5 synchronized videos, showing a subject performing different tasks in a kitchen environment. Your task is to find the start time and end time and {
given set of activity labels.

In case an activity occurs more than once, please use the first occurence for your answer.

Please use the provided fields to submit your answer in the form of a start/end/label triple. You can see your previously submitted information on the right hand sig

In order to get your work approved, you have to fill in the correct times in the first section and provide at least 10 tags in the second section. You can incl
section 1.

» Play all M Restartall 41/109 second

Section 1
Please provide the start time of the following activities.
Subject opens Brownie 13 seconds Subject takes small 24  seconds Subject takes oil 58 | seconds
Bag measuring Cup

Section 2 Your Tags

Start Time seconds Start End Tag

End Time seconds i J open-brownie_bag

12 19 put-baking_pan-into-oven
Tag Choose Activity o
+ Add Tag to list . =» Submit Answers |

Nguyen-Dinh et al. Tagging hum &A=& video by crowdsourcing, ICMR, 20



Experts tag Videos

=Accuracy:. Accurate

=Time: 10hrs / 10mn Video

=Cost: 60 * 30$ = 1800% / hr Video

Crowdsourcing

=sAccuracy: 80% /10%

=*Time: “overnight” if parallel
=Cost: ~100 $/ hr Video

Nguyen-Dinh et al. Tagging human activities in video by crowdsourcing, ICMR, 2013
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D namic Analysis of Physmloglml /\ Closed-loop system for personalized

® and at-home rehabilitation of people

an up' with Parkinson’s disease

EC grant Nr FP6-018474-2 EC grant FP7-288516

e







Freezing of gait (transient motor block)

wearable
computer

head senso

[ |
Audio and visual
cueing
2 min signal extract of patient 02 I ianding
4 [ walking (straight)
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| - FOG
= 2 . | ‘ | | |
£ i " i
8 o I
v IJ‘ | |L |
) T ]
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340 360 380 400 420 440 460

time [sec]

M. Bachlin, M. Plotnik, D. Roggen, I. Maidan, J. M. Hausdorff, N. Giladi, and G. Trdster. Wearable Assistant for Parkinson's Disease
Patients With the Freezing of Gait Symptom. IEEE Transactions on Information Technology in Biomedicine, 14(2):436 - 446, 2010.



Indoor localization without (any ambient) infrastructure

Hardegger, Troster, Roggen. Improved ActionSLAM for Long-term Indoor Tracking with Wearable
Motion Sensors. ISWC 2013 .




Indoor localization without (any ambient) infrastructure

Hardegger, Troster, Roggen. Improved ActionSLAM for Long-term Indoor Tracking with Wearable
Motion Sensors. ISWC 2013 .




Context-aware medication reminders

Main drug: Levodopa
Effect wears off quickly (2h-6h)

Time to take your medication Abru pt “on”-"off” transitions
Mar 21, 2012 12:00 PM
N —
| Lo H Precise intake timing needed
: ISKippedit | ?
——— A — :
Remind me later S :

Context-aware reminders

View

Anticipation of wear-off effect

Janssen Care4Today phone application Automatic detection of intake




Speech loudness cueing

Lee Silverman voice treatment
Loudness & Intelligibility ?
Training (at home) or live (in the wild) *®

http://en.wikipedia.org/wiki/Lee_Silverman_voice_treatment




Workshop @ Newcastle University (28.08.2013)

7 participants (3F, 4M)
Discussion

Current artefacts used for self-management
Promotional videos of Glass & live Glass demo

Glass tryouts
Feedback

Briggs P, Blythe M, Vines J, Lindsay S, Dunphy P, Nicholson J, Green D, Kitson J, Monk A, Olivier P. Invisible design: exploring
insights and ideas through ambiguous film scenarios. In: 9th ACM Conference on Designing Interactive Systems. 2012



Workshop @ Newcastle University (28.08.2013)

Accept positive “Benefit — privacy” tradeoffs
“Sharing under my control to whom | choose”

“Same as a phone / computer”, “just another interaction”
“Gives me confidence back, that is what | need”

“I cannot use a phone with shopping bags and a stick, Glass
would be always ready”

“Everybody is different — interface should be customizable”



(PPORTUNITY

Summary

Be opportunistic

More digital traces == better!
Large datasets (many users, long-term recordings)
Mechanical Turk, online databases
More sensors (wearable & ambient)
Social platforms, emails

Beyond "spotting"” to "understanding"
(hidden context)

Exlore new sensor technologies



Intro to HAR & Wearable Computing:

http://www.slideshare.net/danielroggen

Part I: What is wearable computing?
Part |I: Sensors
Part lll: The activity recognition chain







