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Smartphone Sensing - Android

N
* Android Sensor Framework

— Determine which sensors are available on phone

— Determine capabilities of sensors (e.g., max. range,
manufacturer, power requirements, resolution)

— Register and unregister sensor event listeners
— Acquire raw sensor data and define data rate
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Types of Sensors
e

Sensor HW/SW Description Use
TYPE_ACCELEROMETER HW Rate of change of velocity Shake, Tilt
TYPE_AMBIENT_TEMPERATURE | HW Room temperature Monitor Room temp
TYPE_GRAVITY SW/HW | Gravity along X,Y,Z axes Shake, Tilt
TYPE_GYROSCOPE HW Rate of rotation Spin, Turn
TYPE_LIGHT HW lllumination level Control Brightness

TYPE_LINEAR_ACCELERATION SW/HW | Acceleration along XY,Z—g Accel. Along an axis

TYPE_MAGNETIC_FIELD HW Magnetic field Create Compass
TYPE_ORIENTATION SW Rotation about X,)Y,Z axes Device position
TYPE_PRESSURE HW Air pressure Air pressure
TYPE_PROXIMITY HW Any object close to device? Phone close to face?
TYPE_RELATIVE_HUMIDITY HW % of max possible humidity | Dew point
TYPE_ROTATION_VECTOR SW/HW | Device’s rotation vector Device’s orientation
TYPE_TEMPERATURE HW Phone’s temperature Monitor temp
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Some Newer Sensors

T
* TYPE_STEP_DETECTOR

— Triggers sensor event each time user takes a step (single
step)

— Delivered event has value of 1.0 + timestamp of step
* TYPE_STEP_COUNTER

— Also triggers a sensor event each time user takes a step

— Delivers total accumulated number of steps since this sensor
was first registered by an app

— Tries to eliminate false positives

* Common uses: step counting, pedometer apps
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Sensor Programming

* Sensor framework is part of L
Android.Hardware p— [W]
* Classes and interfaces include:
— SensorManager e
— Sensor
— SensorEvent

Sensor Event

— SensorEventListener

* Sensors send events to sensor manager
asynchronously, when new data arrives

* App registers callbacks; SensorManager
notifies app of sensor event whenever new
data arrives (or accuracy changes)

Computer Science and Engineering - University of Notre Dame

Sensor Values/Types
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SensorEventListener

* Interface used to create 2 callbacks that receive
notifications (sensor events) when:
— Sensor values change (onSensorChange( ))
— When sensor accuracy changes (onAccuracyChanged( ))
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Context & Context Awareness

* Context: any information that can be used to
characterize the situation of entities (i.e., whether a
person, place, or object) that are considered relevant
to the interaction between a user and an application,
including the user and the application themselves.

Context is typically the location, identity and state of
people, groups and computational and physical
objects. (Dey & Abowd, 2000)

Computer Science and Engineering - University of Notre Dame

2/16/20



Examples of Context
0000000000

* ldentity (user, others, objects)
* Location

e Date/Time

* Environment

* Emotional state

* Focus of attention

* Orientation

* User preferences

* Calendar (events)

* Browsing history

* Behavioral patterns

» Relationships (phonebook, call history)

* ... the elements of the user’s environment that the computer knows
about...

Example
e
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Example

Smartphone Examples

* Smartphone adjusts the screen to the orientation of
the device

* Apple Watch turns on display if arm lifted/rotated

* Orientation is determined by using both a gyroscope
and an accelerometer.
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Smartphone Examples

* Phone display adjusts the brightness of the display
based on the surrounding area

* Uses a light sensor

Auto-Brightness

Wallpaper

Smartphone Examples

* Device displays user’s location, shows route to a
desired destination, find nearby stores, geotag images
on social media, etc.

* Uses location sensor
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Smartphone Examples

* Device disables touch screen when the user speaks on
the phone

* Uses a proximity sensor (infrared signal travel time)

Types of Context

e
* Time Context (current time, day of week, etc.)

* Physical Context (location, temperature, pollution
levels, noise levels, etc.)

* User Context (characteristics, habits, history, etc.)

* Computational Context (user input, customer history
from database, network status, etc.)
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Types of Context

e
* External (physical)
— Context that can be measured by hardware sensors

— Examples: location, light, sound, movement, touch,
temperature, air pressure, etc.

* Internal (logical)

— Mostly specified by the user or captured monitoring the
user’s interaction

— Examples: the user’s goal, tasks, work context, business
processes, the user’s emotional state, etc.

Context Challenges

e
* When the system does the wrong thing
— auto-locking car doors
— screen saver during presentation
— microphone amplifying a whisper
e Context data must be coupled with the ability to
interpret it, but computers are bad at “common sense”
— More rules # intelligence
— More rules = more complexity, harder to understand

* Loss of control
* Personalization (everybody is different)
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Context Challenges
Y

* Programming:
— Developers have little experience with devices that gather the
data (e.g., gyroscopes)

— Data gathered from a sensor must be interpreted correctly in
order for it to be useful
— Context comes from various sources and in order for this data

to be useful it must be combined correctly (i.e., the
gyroscope and accelerometer working together to determine
orientation)

— The context changes constantly in real time
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Activity Sensing
e

* Detect what user is doing; part of the user’s context
* Examples: sitting, running, driving, walking
* Activities of Daily Living (ADL)

— Routine activities people do every day without assistance

— Six basic ADLs:

» Bathing: Bathes completely by oneself, or needs help cleaning only a
single part of the body

* Dressing: Retrieves clothes from dresser or closet and puts them and
outer garments on using the appropriate fasteners

* Toileting: Goes to the bathroom without help, including getting on and
off the toilet, taking off and putting on clothes, and cleaning

* Transferring: Gets in and out of a chair or bed without assistance, except
for perhaps a mechanical transferring aid

* Continence: Has complete control over urination and defecation

* Feeding: Transfers food from a plate into the mouth without assistance,
though the food may be prepared by another person
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Activity Sensing

0000000000
* Sedentary lifestyle
— Increases risk of diabetes, heart disease, dying earlier, etc.
— Kills more than smoking!

Physically
Active
Physically Active | 27500 Meeting MVPA
Lifestyle stepslday recommendations
Low Active 5000-7499  Notmeeting MVPA
Lifestyle steps/day recommendations
Physically
Inacti
\o“x Se‘jlenta:;y <5000 [lo:ex;arcnse phvsi‘cal activity deficiency; nactve
ifestyle ack of movement;
f 4 Stepgday Higher accumulated time in
sedentary behaviours
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Activity Sensing

* Everyone is crazy about step count these days
— Pedometer apps, pedometers, fitness trackers, etc.

— Tracking makes user aware of activity levels, motivates them
to exercise more

Computer Science and Engineering - University of Notre Dame

2/16/20

11



Pedometer

* As example of processing accelerometer data

* Walking or running results in motion along the 3 body

axes (forward, vertical, side)

* Smartphone has similar axes; alignment depends on

phone orientation

VERTICAL DIRECTION
YAW-AXI

FORWARD
DIRECTION
(ROLL-AXIS)

h

SIDE DIRECTION
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The Nature of Walking

* Vertical and forward acceleration increases/decreases
during different phases of walking

* Walking causes a large periodic spike in one of the
accelerometer axes; which axes (x, y or z) and
magnitude depends on phone orientation

VERTICAL
ACCELERATION INCREASED DECREASED

2L/

FORWARD
ACCELERATION DECREASED INCREASED

UNIT CYCLE OF WALKING
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Step Detection Algorithm
e

* Stepl: Smoothing
— Signal looks choppy

— Replace each sample with average of
current, prior, and next sample (window of |

3) .,
* Step 2: Dynamic Threshold Detection

— Focus on axis with largest peak
— Would like a threshold such that each
crossing is a step s

ACCELERATION ()
&
2

== THRESHOLD
=== MAXIMUM

=== MINIMUM

{
i
|
|
i
-
! —— FILTERED DATA
|
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|
|
1

— But cannot assume fixed threshold Rh
(magnitude depends on phone orientation)

— Track min & max values observed every 50
samples

— Compute dynamic threshold: (Max + Min)/2

TIME (Seconds)

2 3 4 of
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Step Detection Algorithm
0.k

* Astepis
— indicated by crossings of dynamic threshold

— defined as negative slope (sample_new < sample_old) when
smoothed waveform crosses dynamic threshold

0.2

ACCELERATION (g)

e FILTERED DATA
=== THRESHOLD
=== MAXIMUM
=== MINIMUM

3 4 5
TIM (Seconds)

Steps
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Step Detection Algorithm

* Problem: vibrations (e.g., mowing lawn, plane taking
off) could be counted as a step
— Optimization: fix by exploiting periodicity of walking/running
— Assume people can:
* Run: 5 steps per second => 0.2 seconds per step
* Walk: 1 step every 2 seconds => 2 seconds per step

* So, eliminate “negative crossings” that occur outside period [0.2 — 2
seconds] (e.g., vibrations)
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Step Detection Algorithm

0.k
* Previous step detection algorithm is simple
— Can use more sophisticated signal processing algorithms for

smoothing
— Frequency domain processing (e.g., Fourier transform + low-
pass filter)
s - £ UL A M S
e @ T LR =
(c) Output of the low-pass filter. (d) Derivative of the low-pass filter.
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Estimate Distance Traveled

* Calculate distance covered based on number of steps
taken
* Distance = number of steps x distance per step

— Distance per step (stride) depends on user’s height (taller
people, longer strides)

— Using person’s height, can estimate their stride, then
number of steps taken per 2 seconds

Steps per2s | Stride (m/s)
0~2 Height/5
2~3 Height/4
3~4 Height/3
4~5 Height/2
5~6 Height/1.2
6~8 Height

>=8 1.2 X Height
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Estimating Calories Burned

e
* To estimate speed, remember that speed =
distance/time; thus:
— Speed (in m/s) = (no. steps per 2 s x stride (in meters))/2s

— Can also convert to calorie expenditure, which depends on

many factors, e.g., body weight, workout intensity, fitness
level, etc.

Running Sp Calories Expended
. . . . (km/h) (Clkglh)
— Rough relationship given in table s 0

15
16 20
20 25

— Expressed as an equation: xly=125
Calories (C/kg/h) = 1.25 x running speed (km/h)

— First convert from speed in km/h to m/s
Calories (C/kg/h) = 1.25 x speed (m/s) x 3600/1000 = 4.5 x
speed (m/s) (4)
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Activity Detection on Smartphones
e

e https://www.youtube.com/watch?v=S8sugXgUVEI

* Programmable, can be used by your Android app
* Deployed as part of Google Play Services

* Currently detects 7 states:
— In vehicle

On Bicycle

On Foot / Walking

On Foot / Running

Still

Tilting

Unknown
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Activity Recognition
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Google Play Services
Activity Recognition API
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: y Classify Climbing Stairs

Accelerometer
data
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https://www.youtube.com/watch?v=S8sugXgUVEI

Accelerometer Data for Different Activities
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Accelerometer Data for Different Activities

Acceleration
wm
Acceleration

0 05 1 15 2 25
Time (s) Time (s)
(c) Ascending Stairs (d) Descending Stairs
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Applications in Health

* Health monitoring:
— How well is patient performing activity?
— Make clinical monitoring pervasive, continuous, real world
— Gather context information (e.g., what makes condition worse/better?)

— Show patient contexts that worsen condition => change behavior, e.g.,
does walking in narrow hallways worsens gait freeze?

¢

Question: What

data would you need

to build PD gait classifier?
From what types of subjects?

Parkinsons disease
Gait freezing COPD, Walk tests in the wild
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Applications in Health
e

* Fall detection
— Leading cause of death for seniors

— Smartphone/watch or wearable detects senior who has
fallen, alerts family/ambulance

— Text message, email, call relative

5 &
Fall detection + prediction

Computer Science and Engineering - University of Notre Dame
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Applications in Health

* Smart Homes
— Determine what activities people in the home are doing
— Why? Infer illness, wellness, patterns, etc.

— E.g., dementia patients may forget to turn off stove, take
medication, close door/window, etc.
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Applications in Health
e

* Research Platforms for data collection:
— E.g., public health officials want to know how much time various people
(e.g., students) spend sleeping, walking, exercising, etc.
— Mobile AR: inexpensive, automated data collection

— E.g., Stanford Inequality project: analyzed physical activity of 700k users
in 111 countries using smartphone AR data

— http://activityinequality.stanford.edu/

Computer Science and Engineering - University of Notre Dame
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Applications in Health
. 000000

* Track, manage staff on-demand:

— For example: at hospital, determine “availability of nurses”,
assign them to new jobs/patients/surgeries/cases
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Applications in Health

* Activity-Based Social Networking:

— Automatically connect users who do same activities + live
close together

Find a friend who ... ‘ X

ndame
et

has a pet .msw has black hair likes 1o play soccer

0
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=
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has brown eyes is wearing white likes the color

has a pet cat
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Fall Detection

* |F acceleration > threshold THEN fall

Acceleration

Impact (max)
29
difference 1-15g

19 I

= !

| Falling T

I (min) |
0

9 1 s window Time
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Orientation

0
* IF acceleration > threshold AND AFTERWARDS not
upright for 10 seconds THEN fall

* Not upright = not —30° < ¢ < 30° for 90% of the time

a

V4

2 2 2
\/ax +a, +a;

@ = arccos

* @ can be adapted to the person
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Activity & Movement

0000000000
* |IF acceleration > threshold AND AFTERWARDS
recognized (lying OR on all fours OR sitting on the
ground) for 10 seconds AND user immobile THEN fall

* Immobile = s < threshold

N-1
<= Yie1 Qi1 —a; |

tN_tl

* Can skip some activities or movement or switch
conjunction/disjunction
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Fall Detection with Location Sensors

Sensors

v

Preprocessing

Activity
recogntion <€ = |
, 4 . 4 = User interface
W Machine Expert A
Detection of learning rules
unusual I_v_l rm
behavior
Merging

Warning *
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Machine Learning

N
e Attributes:

— Percentages of activities in the last 5, 7.5, and 10 seconds
(fall is detected after 10 seconds of lying)

— The time of last recognized falling
— Is the user in bed
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Machine Learning

ey
e Attributes:

— Percentages of activities in the last 5, 7.5 and 10 seconds
(fall is detected after 10 seconds of lying)

— The time of last recognized falling
— Is the user in bed
* Multiple classifiers:
— For example: SVM and C4.5 decision trees
— Fall if both return fall

Computer Science and Engineering - University of Notre Dame
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Expert Rules

* |IF recognized falling AND AFTERWARDS recognized
lying/sitting on the ground outside bed AND user
immobile THEN fall
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Expert Rules

0.k
* |IF recognized falling AND AFTERWARDS recognized
lying/sitting on the ground outside bed AND user
immobile THEN fall
* |IF recognized falling AND AFTERWARDS recognized

lying/sitting on the ground outside bed for a longer
time THEN fall

2/16/20
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Expert Rules

* |IF recognized falling AND AFTERWARDS recognized
lying/sitting on the ground outside bed AND user
immobile THEN fall

* |IF recognized falling AND AFTERWARDS recognized
lying/sitting on the ground outside bed for a longer
time THEN fall

* IF recognized lying/sitting on the ground outside bed
for an even longer time AND user immobile THEN fall
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Expert Rules

0.k
* |IF recognized falling AND AFTERWARDS recognized

lying/sitting on the ground outside bed AND user
immobile THEN fall

* |IF recognized falling AND AFTERWARDS recognized
lying/sitting on the ground outside bed for a longer
time THEN fall

* IF recognized lying/sitting on the ground outside bed
for an even longer time AND user immobile THEN fall

* IF recognized lying/sitting on the ground outside bed
for a very long time THEN fall

2/16/20
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Merging
N
Fall in two cases:

* Machine learning and expert rules return fall

* One of the modules returns fall continuously for 3
seconds
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Accelerometers + Location Sensors

* |IF recognized (lying OR on all fours OR sitting on the
ground) for 10 seconds AND location = floor AND user
immobile THEN fall

 Activity recognition (mainly) from accelerometers
* Mobility from accelerometers

* Location from location sensors

* Again variations possible
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