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43
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Achieved step goal

167568
Calories burned per year

1396
Miles ran last year
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Collected Through a Smartphone
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Smartphone Data
Functions, Features, and the Behaviours they Capture

Crowd Sensing
Opportunistic and Participatory Sensing

• It allows widespread, automated collection by privately-

owned smartphones and tablets, as well as cars or even 

public-service bicycles.

• Exploits the trend devices to be increasingly equipped 

with GPS, cameras and different types of sensors.

• Involvement of users in sensing can be categorized into 

participatory and opportunistic sensing

• Participatory sensing is active participation

• Opportunistic sensing is passive participation
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Crowd Sensing
Opportunistic and Participatory Sensing

Activity Recognition
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Motivation
Why learn these techniques?

• Signals are ubiquitous across many research and 

development domains. 

• Engineers and scientists need to process, analyse, and 

extract information from time-domain data as part of their 

day-to-day responsibilities. 

• In a range of data analytics applications, signals are the 

raw data that machine learning systems must be able to 

leverage for the purpose of creating understanding and 

for informing decision-making.

Data Analytics Work Flow
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Activity Recognition Work Flow

Raw Data

Data 
Collection

Pre-
processing

Feature 
Extraction

Activity 
Labels

Data 
Segmentation

Opportunistic

Participatory

Machine 
Learning

Activity 
Classification

Data collection methods
Collection and Labelling

Participants complete a number of
scenarios. A human observer
records the start and stop times of
the activity. Data is segmented
offline

Participants are recorded via
video. Video reviewed offline to
identify activities being
preformed.

Participant required to collect
training data. Mobile phone
interface used to start and
stop data collection.

Users are prompted intermittently
at set times to provide information
on the task they where just doing.

Free living- VideoSemi Structured

Experience samplingSelf annotation/ Training

12.00 Start Walking
12.05 Go down stairs
12.10 walk to Bus
12.20 Ride bus to office

(Intille 2003)
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Data collection methods
Collection and Labelling

Indirect 
observation
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Audio 

recording
Human 
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Participatory Sensing
Activity Recognition
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Collecting Movement Data
Things to consider in opportunistic sensing of movement data

Review of previous works

Reference
Activities 
(number 
studied)

n
Accelerometer 

Placements
Features Accuracy

Bao and Intille 
[7]

Walking, sitting, running, 
cycling, vacuuming, 
folding laundry (20)

20
Upper arm, lower 

arm, hip, thigh, foot
Mean, entropy, energy

Decision tree (84%), 
kNN (83%), Naive 

Bayes (52%)

Karantonis
[11]

Sitting, Standing, walking, 
lying in various positions 

and falls (12)
6 Waist

Signal magnitude area, tilt 
angle, signal magnitude vector

Decision tree 
(91%)

Olguin and Pentland
[9]

Sitting, Running, walking, 
standing, lying and 

crawling (7)
3 Chest, hip, wrist Mean and variance HMM (65-92%)

Ravi 
[15]

Standing, walking, 
running, stairs up, stairs 

down, vacuuming,(8)
2 Waist

Mean, Standard deviation, 
energy, correlation

Naive bayes (64%) 
SVM (63%) Decision 

tree (57%) kNN (50%)

Bonomi
[16]

Lying, sitting, standing, 
working on a computer, 

walking, 
running, cycling (7)

20 Lower back

Mean, Standard deviation, 
peak-to-peak distance, cross-
correlation, spectral power, 

dominant frequency

Decision tree (93%)

Yeoh
[17]

Sitting, lying, standing 
and walking speed (4)

5 Waist and thigh Accelerometer inclination
Heuristic model 

(100%)

Atallah
[2]

Lying, walking, running, 
cycling, sitting, 

transitional  (15)
11

Chest, upper arm, 
wrist, hip thigh, ankle, 

ear

Variance, RMS, mean, energy, 
entropy, skewness, kurtosis, 

covariance

kNN (na), Bayesian 
(na)
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Methodology concerns
What to consider for data collection

Methodology Sub items Options

Data collection Collection method
Data labelling

Fully natural structured semi structured
Video, self-annotation, experience sampling

Data type Subjects
Population
Demographic
Activities
Duration

N= 1, 2, 20….100?
Student, Older, Condition
Age, gender etc.
Run, walk, jog, stairs
5 mins, 1 hour, 1 week

Sensors Type
Sampling rate
Sensitivity
Number
Location
Orientation

Accel, GPS, Gyro
20Hz, 50Hz…
+/- 2g, 6g 
1, 2, 3… N
Pocket, belt, wrist…
Vertical,  fixed/ free

Signal & Features Raw
Transform
Window

m/s2 or G
Statistical or Frequency
2, 5, 10 … seconds

Results and validation Performance
validation

Accuracy, precision recall, F score
N-Fold, LOSOM, Test and train, % split

• Many studies use very limited 
datasets, often with fewer than 10 
subjects.

• More testing data – some systems 
need particularly to be robustly 
evidenced across subjects and 
scenarios. 

• More training data (quantity and 
subjects) increases recognition 
performance. 

• Need more diverse representative data: 

• Activities, Social situations, 
Environments

Number of Participants
No. of and Diversity in Subjects

60

50

40

30

20

10

0
No. Of subjects in AR datasets 
within the literature
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What is Shimmer?

• Shimmer is a small medical 

grade wireless sensor platform

• It can record and transmit 

physiological, kinematic, 

environmental data in real-

time.

• Applications include, health, 

environmental and sport 

monitoring.

Platform features

• Very low power consumption

• Small form factor: 50mm x 25mm x 12.5mm

• Light weight: 15 grams

• 8Channel 12 bit A/D Converter

• Connects via Bluetooth or 802.15.4

• Offline Data Capture – Micro SD

• Integrated 3-axis MEMS accelerometer.

• Integrated tilt / vibration sensor

• Internal and external connectors for expansion

• Rechargeable Li-ion battery.

• Open platform, driven by TinyOS
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What is an accelerometer
How does it work?

Acceleration in Human Terms

Description “g” level

Earth’s gravity 1g

Passenger car in corner 2g

Bumps in road 2g

Indy car driver in corner 3g

Bobsled rider in corner 5g

Human unconsciousness 7g

Space shuttle 10g

24

What are some “g” reference points?
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Acceleration Super-Human Terms

Accelerometer signal
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• All movement patterns result in time varying segmental 

accelerations. 

• Before these patterns are analysed, the signal is first high 

pass filtered (typically 0.2–0.5 Hz) to remove any baseline 

offset (Gravity).

• The magnitude of all three vectors is considered so that it is 

not sensitive to the orientation of the sensors.

Dynamic component- Movement

Static Component
Effects of Gravity

G
ravity
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Static Component
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Orientation of the sensor on the body

What impacts the Signal?

• The acceleration signal recorded from the body depends upon 
the location of the sensing device and the activity being 
performed.

• Location

• Orientation

• Activity performed

• Other influences include:

• How its attached

• Sensitivity

• Calibration

• Sampling rate
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Accelerometer Data
Captured by shimmer

Sampling Rate
What is sampling rate?

Sample rate indicates the number of 
digital snapshots (Samples) taken of 
a signal each second. 
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Sampling Rate
What is sampling rate?

A. Low sample rate that distorts the 
original sound wave.

B. High sample rate that perfectly 
reproduces the original sound wave.

• Hight sample rates generally equate to better representation 
of the signal.

• However they can include some high frequency noise that is 
not representative of the signal

• 99% of bodily acceleration is 
concentrated below 15Hz

• Previous work suggests that 
sampling rates of approximately 
20Hz are reasonable for 
“standard” human activities.

• For example, datasets like 
Opportunity were recorded at 
30Hz.

• Health and sports assessment 
scenarios 100 Hz

• Other domains sampling rates as 
high as 250 Hz have been used.

Sampling Rate
What Sampling rate to use?
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Accelerometer range
What range to use?

• Bodily acceleration 
amplitude ranges up to 
±12G. 

• Promising results can be 
obtained using ±2 G 

• Although acceleration at 
body extremities can 
exhibit a 12 G range 

• Majority of points near 
the torso and hip 
experience only a 6 G

Effects of placement
Placement of Accelerometer
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Placement of Accelerometer
What location is best?

• The hip and wrist are the most common locations for 

placement, Whole body movement, practical.

• The thigh easily differentiate sitting/lying vs. standing 

and other activities. 

• The ankle is used commonly in gait studies. Useful for 

sub-gait phases.

• The upper arm is a location that has been used by some 

commercial fitness monitors and exercise monitoring 

phone apps. 

Activity Being performed

• The type of activity being performed.

• The intensity of the movement.

• The transitions between activities.

Type and intensity of movement

Bao and Intille
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Collecting Movement Data
Things to consider in collecting opportunistic sensing 

of movement data

Working with Sensing Technologies
Collecting Movement Data

• Learn about the Shimmer wireless sensing platform and 

how to communicate with it from your PC using 

Bluetooth.

• Be briefly introduced to tri-axial accelerometers.

• See, in real time, how each axis of the accelerometer 

reacts to sensor movement in different directions.

• Collect data for activity recognition.
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Working with Sensing Technologies
Collecting Movement Data

Static Component
Effects of Gravity

G
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Further reading
Activity recognition

Avci, Akin, et al. "Activity recognition using inertial sensing 

for healthcare, wellbeing and sports applications: A 

survey." Architecture of computing systems (ARCS), 2010 

23rd international conference on. VDE, 2010.

Bulling, Andreas, Ulf Blanke, and Bernt Schiele. "A tutorial 

on human activity recognition using body-worn inertial 

sensors." ACM Computing Surveys (CSUR) 46.3 (2014): 

33.

Data Gathering Practical

https://goo.gl/2oXTyG  
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Questions?

Ian Cleland
Connected Health Innovation Centre
Smart Environments Research Group
Computer Science Research Institute
University of Ulster
T: +44 (0) 2890 366840
E: i.cleland@ulster.ac.uk  
t: @SERG_Ulster  |  D: www.ulster.ac.uk  

Full body motion Capture
Xsens-IMU Demo


