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Urban Noise Pollution

ngl .sm;;‘NA sfs%%&
S “POLLTIGN:
e Example project: N@ise)'l'tbe *

NEARL

http://noisetube.net g

e Started at the Sony Computer Science Lab in Paris and
currently hosted by the Vrije Universiteit Brussel.

e Mobile app turns smartphones into noise sensors:
o measure sound exposure in everyday environments
o geolocalized measurement data

e Software released under the GNU LGPL v2.1 open
source license

e Researcher access to (anonymized) collective noise
data

Wireless Systems Lab - 2014
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Classifying Personality Traits

Who's Who with Big-Five: Analyzing and Classifying Personality Traits with Smartphones

Feature r Feature r
Extraversion Conscientiousness
Uses of Internet -0.26 Uses of Video/Audio/Music -0.18
Total duration of incoming calls 0.20 No. BT IDs accounting for 50% of IDs seen -0.14
Average duration of incoming calls 0.18 Times most common BT ID is seen 0.14
Uses of Camera -0.15 Unique contacts SMS sent to -0.13
Avg. word length (sent -0.15 ) .
Median word lengt(h (se)nt) -0.15 Emotional Stability
Calls received 0.13 Uses of Office -0.23
SMS sent -0.13 Unique contacts that called 0.16
No. unique BT IDs -0.13 Uses of calendar -0.16
Agrecablencss Calls received 0.15
: Avg. word length (sent) 0.14
Incoming calls 0.20 Median word length (sent) 0.14
Uses of office -0.18 o to B .
Uses of Calendar -0.18 penness to txperience
Unique contacts called 0.17 Uses of Office -0.26
Total duration incoming calls 0.13 Uses of Calendar -0.18
Unique contacts SMS sent to -0.13 No. messages (sent) -0.18
BT IDs seen more than 4 times -0.12 Uses of SMS -0.17
BT IDs accounting for 50% of IDs seen -0.11 Uses of Internet -0.15
Total duration of incoming calls 0.13
Avg. duration of incoming calls 0.12
Missed calls -0.12

Wireless Systems Lab - 2014
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What are you wearing today?

Huy Tran and Thanh Dang.

Clothing classification with smart phones.
In Proceedings of the 2014 ACM International
Symposium on Wearable Computers: Adjunct
Program (ISWC '14 Adjunct).

http://dang.encs.vancouver.wsu.edu/pubs/papers/ubicomp14.pdf

e (lassification based on thermal insulation
e Use ambient data from smartphone in user
pocket: relative humidity + temperature
e Ambient data sample at 2Hz for 5 minutes

e /0% accuracy

Wireless Systems Lab - 2014
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Sensor data analysis

e Server-based:
o Necessary for resource-intensive tasks

o Data transfer: energy/monetary cost, latency,
security, privacy

e Device-based:

o Requires fast and lightweight methods
o Battery consumption
o Privacy concerns

Wireless Systems Lab - 2014
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Sensor data analysis

e Common phases:
Data acquisition
Signal processing
Feature extraction
Classification

BN =

SRl

Raw data Extracted features Classification inferences

-2
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Features extraction

e Extract information from raw data

[ Preprocessing Techniques j

- S~

_——— -

-
Time Domain l-'l equency Domain Discrete Domain J

/ \

" Mathematical Statistical J ( Other ) [ Wavelet Fourter ) Symbolic String

L Functions Functions Transformations Tranzformations ) ( Representations ]
— Mean. Median — Differences L Coefficients Sum — DC component — Euclidean-based Distances
— Variance. Std Deviation — Angular Velocity — Coefficients Sum — Levenshtein Edit Distance
— Min. Max. Range — Zero-Crossings — Dominant Frequency - Dynamic Time Warping
— RMS — SMA — Energy
— Correlation. Cross-Correlation [— SVM — Info. Entropy
— Integration — DSVM

Wireless Systems Lab - 2014
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Classify Activity & Transportation Modes

e Accelerometer data can be used to classify

a user activities:

o Running, Walking, Stationary
o Low power

e Combining motion classification with GPS
tracking can recognize the user’'s mode of

transportation:

o Subway, bike, bus, car, walk...
o GPS is power-hungry (400 mW)

®
o [ 4 .z:;zzz (o) (
w ﬂ Wireless Systems Lab - 2014 k_'i %
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An example from the literature

Cooperative Transit Tracking using Smart-phones*

Arvind Thiagarajan ~ James Biagioni
arvindt@csail mitedu  jbiagit @uicedu

Tomas Gerich  Jakob Eriksson
tgerlia@uicedu  jekob@uic.edu

MIT CSAIL University of llincis at Chicago

Abstract

Real-Sme ramsit tracking i gaining popularty s 2 meass
for tmansit ageacies 1o improve the nder expenenae. How-
ever, mamy Lrassit agencies lack either the funding or initia
tive lo provide sach tracking serviaes. In this paper, we de
scribe a crow d-sowrced aliemative 1o official trmst sackang,
which we call cooperative transit tracking

Pasti ng wers install 2 pplication on ther smart-
phone. With the help of builtin sensoes, such as GPS,
Wil4, and acoelerometer, the application auwomatically de-
tects when the wer is nding in 2 transt whicke. On these
occasons (and caly these), it sends periodic, ssoaymued,
location updales Lo a central trackisg server

Our wechaical coatribusoss inchade (2) 23 acarleromeler-
based actvity classification alporithm for determimimg
whether or not the user = ndiag iz a vehicle, (b) a memory
and time < fice nt rouke maiching algonthm for determmimg
whether the user is = a bus vx. another vehiclke, (c) a method
for tracking undergrouad wehickes, and an evaluation of the
abow oa read-workd data

By simulating the Chicago transit aetwork, we find that
the proposed sysiem would shorte nexpecied wait times by 2
minutes with oaly 5% of ramsit riders using the sysem. AL
2 2% penctration kewl, e mean wail time = mduaed from
9 1o 3 mimses.

Categories and Subject Descriptors
C3 [Special-Purpose and Application-Baed Sys-
tems]: Real-ome and embedded sysiems

General Terms
Aygonthms, Design, Experimentation, Performazce

“This makerial s bassd upos work sipported ty e Natoral
Sciear Foundatio e Grals ONS- 1017577, ENS-0931550,
and DGE-0549489.

Termiun 4o vl gl or fard coples of 3 or e of B woek for prreml o
oo wx 13 gred wiom: &x rovidod $at o a2 o Tt o darfd
S profit or commE il ad g S S s o i sotss and G 1l Clatin
o e . Copyrights b commpres of 861 werk v by o ACM
Tme i o, Abaacing veh Gk lioe TREG Teapy oderw e b Epesih,
et e s s ot o e s it e

Sy, Noveber 3.3, 00 Zarih Swizrimd
Copyright 000 ACM 575 140004442011 . $1200

Keywords

Public transit, public s lion, bus, subway, real-
time tracking, actvity classiication, smartphone, crowd-
sourcing, power masagement
1 Introduction

Real-time bus tracking, wher available, has been well
received by tmassit rders. Kzowizg whes 2 bus of tmis is
at present and when it will armive & a parScular stop cuts
down oa waiting tame, mceasing e ficency whik improving
safety and combcet Howewer, mazy tmansit agencies do not
yet provide trackimg capabdlities, due o msource constraints,
red tzpe or tack of ineathe. Also, the cost of a transit track-
ing deploymest cam be probibitne, sometimes nanning into
tens of mullions of doflars 4, 1]

In this peper, we prsent a grassroots solubion (o transt
tracking, 25 am alersative or compiement to offical systems.
Rather tham install and maintan a official tracking device in
each vehicke, 0w system esables wers o collectvely tack
trazsit vehicles by reporting e ir location w hile insde them.

In e ewisioned system, users run an spplication o their
smartphoze o lears about the location or predicted arival
time of a transt vehacke. The spplication remains as a hack-
ground process afier the user = finished with it, wasting o
wee if the the wer eventually esters 2 transit vehicle. Osce in
a tramst wehicke, e phone sscaymously upiioads its coordi-
nates, contribating tracking data o 2 central server

A fully mgomatic sysiem mquiring 30 masuad dats is-
put = the most asractive soluticn.  Thas is a haed prob-
lem that poses wewral echmcal chalienges. First, knowing
that the wser is in a vehicle mquires us o aocurately distis-
guish between walking, stationary use and vehicular move-
w xstng power-hungry and someztwes anavatk
Second, d.t:'mmmmfl}r whick & a transit ve-
n.a- and -h».han: caa be chalienging due 1o GPSemor in

“wrhan canyoss” and similarses between bus roukes. Noa-
trazsit vehicles sach 25 cars openge on the same magor ar-
teries as buses, and we need to avoid misclassifying these as
buses. Famally, trackizg subways that operaie underground is
diffacult becasse neither GPS nor Wil cellular localzation
techmigues work well tea

To this end, we desiga several novel algorithms, wihach,
topether with a comprbensie evaluation, coastitue the
rnmn cmmhu):nm of thas paper.

based activity classification © dekect

Arvind Thiagarajan, James
Biagioni, Tomas Gerlich, and
Jakob Eriksson.
Cooperative transit
tracking using smart-
phones.

In Proceedings of the 8th
ACM Conference on

Embedded Networked
Sensor Systems,

ACM SenSys 2010.
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An example from the literature

moving vehicle
20Hz + GPS/RF

stationary sleep
20 Hz 1 Hz

stationary vehicle walking
20Hz + GPS/RF 20Hz + RF

Arvind Thiagarajan, James Biagioni, Tomas Gerlich, and Jakob Eriksson. Cooperative transit
tracking using smart-phones. In Proceedings of the 8th ACM Conference on Embedded
Networked Sensor Systems, ACM SenSys 2010.

Wireless Systems Lab - 2014
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Low-power motion detection

e Detect transitions away from the stationary state (e.g.,
sitting, standing)

e Sample the accelerometer at 1Hz

e Continuously compute exponentially weighted means
and standard deviations of X, Y and Z readings

e If an incoming sample falls outside of three standard

deviations of any axis, a motion is detected
— Increase sampling rate, wake up more energy-hungry sensors

Let's try it.. ‘i‘

Wireless Systems Lab - 2014
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On-line mean and std calculation

e Running mean and standard deviation

e Produce incremental results after each sample
becomes available

new sample x available:
diff = x - mean
incr = alpha * diff
mean = mean + Iincr

variance = (1 - alpha) * (variance + diff * incr)
[http://nfs-uxsup.csx.cam.ac.uk/~fanf2/hermes/doc/antiforgery/stats.pdf]

What happens for different alphas?

Wireless Systems Lab - 2014
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Low-power motion detection app

@Override protected void onCreate(Bundle savedinstanceState) {

[....]
senSensorManager = (SensorManager) getSystemService(Context. SENSOR_SERVICE);
senAccelerometer = senSensorManager.getDefaultSensor(Sensor. TYPE_ ACCELEROMETER);
senSensorManager.registerListener(this, senAccelerometer , sensRate);

}

@Override public void onSensorChanged(SensorEvent event) {
Sensor mySensor = event.sensor;
if (mySensor.getType() == Sensor. TYPE_ACCELEROMETER) {
long curTime = System.currentTimeMillis();
if (curTime - lastUpdate) > sensRate / 1000.) { Data values are not necessarily

lastUpdate = curTime; evenly spaced in time

for(inti=0;i<axis; ++i){ _ (SensorEvent.timestamp field)
double tsd = 3 * Math.sqrt(var[i]);

if ( (event.values][i] > mean]i] + tsd || event.values][i] < mean[i] - tsd ) ¥
MOTION DETECTED
}

double diff = event.values]i] - mean]i];
double incr = alpha * diff;

mean(i] = mean(i] + incr;

var[i] = (1.0 - alpha) * (var]i] + diff * incr);

) Wireless Systems Lab - 2014
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An example from the literature

moving vehicle stationary
20Hz + GPS/RF 20 Hz

SR

stationary vehicle
20Hz + GPS/RF

sleep
1 Hz

walking
20Hz + RF

Arvind Thiagarajan, James Biagioni, Tomas Gerlich, and Jakob Eriksson. Cooperative transit
tracking using smart-phones. In Proceedings of the 8th ACM Conference on Embedded
Networked Sensor Systems, ACM SenSys 2010.

Wireless Systems Lab - 2014
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Walking detection

e More complex: No control over and no knowledge of
the orientation or placement of the smartphone

e Increase sampling frequency to 20Hz
e Make raw values orientation-independent by computing
the L2-norm (magnitude) of readings

Magnitude= | x%+ v+ 22

e Compute the discrete Fourier transform to detect
frequency bands common to walking

e Binary classification: walking/not walking

e Decision trees are popular tools for classification:
e Easy to implement and use 4
e Computationally cheap ﬂ

Wireless Systems Lab - 2014
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Decision Tree Learning

e Goal: Classify each item in a dataset into one of
predefined set of classes = fixed (known) set of
categories

e Given a set of examples with known categories (training
dataset), learn to assign category to future samples
(testing dataset)

e Each example (instance) represented by a set of
attributes (features) that take values in a finite set

e Classification tree: cee /v m
o Nodes test features (one branch for each ‘ .
possible value)
o Leaves specify category

Wireless Systems Lab - 2014
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Decision Tree: example

e Features and values:
o outlook {sunny, overcast, rain}
o humidity {high, normal}
o windy {strong, weak}
e C(Classes: positive instances vs negative instances
o should we play tennis?

Example: (Rain, Strong, Normal)
Outlook Example: (Sunny, Strong, Normal)
Sunny/\Rain
Overcast
Humidity v Wind
/ \ e / \
High Normal Strong Weak

N AN

No Yes No Yes



Training set example

e Tree built based on a training set of labeled instances

1.
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Outlook Humidity Wind Play tennis
Features Sunny High Weak No
Sunny High Strong No
Overcast High Weak Yes
Rain High Weak Yes
Rain Normal Weak Yes
Overcast Normal Strong Yes
Sunny High Weak No

Wireless Systems Lab - 2014

[Full example: http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mibook/ch3.pdf]



Building a decision tree (ID3)

e Top-down greedy search through the space of possible branches

with no backtracking

1.
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e Partition data into subsets that contain instances with similar values

e “Best” split based on information gain = expected reduction in

entropy caused by partitioning the examples with respect to a

feature
S: [9+.5-] N S:[9+.5-]
E(S)=) —p;log, p;
E =0.940 (%) ; aCl 4 E=0.940
Humidity Wind
Normal Weak Strong

[3+.4-] [6+.1-] [6+,2-] [3+,3-]
E=0.985 E=0.592 E=0.811 E=1.00

Gain (S, Humidity )

940 - (7/14).985 - (7/14).592
151

Gain (S, Wind)

940 - (8/14).811 - (6/14)1.0
048
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Prediction performance

k-fold cross-validation

1. Randomly partition initial samples into k subsets
2. Of the k subsets, k-1 are used for training and
the remaining one is used as testing set

3. Validation repeated k times, each subset used
exactly once as testing set

test training
I | I

fold1|||||||||||||||||||||||||||||||||

training test training

fold2|||||||||||||||||||||||||||||||||

training test
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Back to walking detection..

e Binary classification: walking/not walking

e Features:
1. Variance of the sample window
2. Magnitude of the discrete Fourier transform in frequency bands

common to walking (1-3Hz)
3. Peak frequency power (independent of the walking speed)

TEIE DOMAIN FREGUENCY DOrMAIN

INTENSITY
INTENSITY

TIME FREGUENCY R



DFT examples

Time (sec)

walk
14 I I 1 I
L 13F 1
% 12+ 1
= 11 7
8 10 1
M ‘
8 ]
g °f ﬁ
6 | 1 1 |
0 6 8 10 12 14
Time (sec)
jumpin
25 J T p Ig T T
o 20 1
)
]
£ 15 1
o
210 | 1
a
|9
& 5 1
0 1 1 1 1
0 6 8 10 12 14

2 3 4 5 6 7 8 9
Frequency (Hz)

jumping

1 2 3 4 5 6 7 8 9
Frequency (Hz)
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Walking detector: architecture

-

Annotated
accelerometer
traces

Walking /
Not walking

)

l

Features
extraction

l

Decision tree

N~

Activity
classifier

Off-line

<

Real-time

accelerometer
sampling
(20Hz)

|

Features

N~

Wireless Systems Lab - 2014
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Walking detector performance

e Training set:
o ‘“walk”: 5 volunteers walking while varying location of the phone
o “not walk”. bus, train, car and bike rides; stationary users;
waving phone around

e 10-fold cross validation
e \Window size = 256 samples
e C(lassification every 1.5 seconds (32 samples @ 20Hz)

Walk non-Walk Walk non-Walk

Walk  92% 8% 97.5% 2.5%
Non-Walk 0.4% 99.6% 0.1% 99.9% °
Without Peak Power With Peak Power R

Wireless Systems Lab - 2014
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Hands on!
Build a walking classifier (off-line)

1. Read accelerometer traces
http://wwwusers.di.uniroma1.
it/~spenzalfiles/labWireless2014/accelerometer-
traces.tar.bz2

2. Every 32 samples
a. Consider a sliding window (size w = 256 samples)
b. Compute L2-norm
c. Compute the Discrete Fourier transform (numpy.fft)
d. Store features:

m Variance of the sample window

m Peak power frequency

m Power of the DFT coefficient in the 1-3Hz range
3. Build classifier (sklearn.tree.DecisionTreeClassifier)
4. Test performancewsitk 48efeldocrogs validation
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Compute features: DFT

fft_x = numpy.fft.fft(x) DFT definition
| = len(fft_x) n—-1 mk
Ak=20mmcp{—27n?} k=0,...,n-1.
Inverse of sampling rate m=0
freq = numpy.fft.fftfreq(l,| 1.0 / 20|) # Matching vector of frequencies
fft_x_shifted = numpy.fft.fitshift(fft_x) # Shift DC component

half | = numpy.ceil(l/2.0)
fft_x_half = numpy.abs( (2.0 / n) * fft_x[:half I]) # Fold negative frequencies and scale
freq_half = freq[:half _I]

l//\ DC component (at frequency 0)

I I fft_x_half: amplitude of the
FFT at positive frequencies

mm‘o.w | odpot] | :#.96 . | freq_half: frequency bins (Hz)
T-\_ir-equency range 1-3Hz

Wireless Systems Lab - 2014
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Compute features

# Variance of the sample window (time domain)

E(X u)’

variance = o

# Peak frequency: frequency at which the amplitude is max
(excluding DC component)

pf index = ...

# Amplitude of the DFT in the 1-3 Hz range
freqs = ....

return [ variance, pf _index ] + fregs
Wireless Systems Lab - 2014
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from sklearn import tree

samples = list of computed features
classes = classification of each sample (walking/not walking)

clf = tree.DecisionTreeClassifier(criterion='entropy', random_state=0)
clf = clf.fit(samples, classes)

tree.export_graphviz(clf, out_file="trees/tree.dot')
os.system("dot -Tpng trees/tree.dot -0 trees/tree.png" )

Wireless Systems Lab - 2014
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Resulting decision tree

N
entropy™= 0.886540892822
Peak Frequency samples = 690

@ = 21.5000 entropy = 0.0000
entropy=0.986176332347

samples = 321
samples = 369

value=[321. 0.]

~___— Variance

X[3] <= 0.6409 X[0] 3799
entropy = 0.102158036409 entropy=0.287366013125
samples = 150 samples = 219

l

entropy = 0.0000
samples = 142
value=[142. 0.]

X[8] <= 0.6004
entropy = 0.811278124459
samples = 8

N\

PN

entropy = 0.0000
samples = 10
value=[10. 0.]

entropy = 0.0437636231175

X[9] <= 1.5421

samples = 209

VARRN

entropy = 0.0000
samples = 2
value=[0. 2.]

entropy = 0.0000
samples = 6
value=[6. 0.]

entropy = 0.0000
samples = 208
value=[ 0. 208.]

entropy = 0.0000
samples =1
value=[1l. 0.]
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Classification performance

e Precision: ratio tp / (tp + fp). Intuitively, ability of not to label as
positive a sample that is negative.

e Recall: ratio tp / (tp + fn). Intuitively, ability to find all the positive

samples.

Classified as

I False Negative ] Positive
Really is
I True Negative Negative
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Measuring performance

from sklearn import cross_validation

scores = cross_validation.cross val_score(clf, samples, classes, cv=10,
scoring="recall")

print("Recall: %0.2f (+/- %0.2f)" % (scores.mean(), scores.std() * 2))

scores = cross_validation.cross_val_score(clf, samples, classes, cv=10,
scoring="precision")

print("Precision: %0.2f (+/- %0.2f)" % (scores.mean(), scores.std() * 2))

With peak power Without peak power
Recall 0.98 (+/- 0.08) 0.81 (+/- 0.37)
Precision 0.98 (+/- 0.05) 0.90 (+/- 0.29)

Wireless Systems Lab - 2014
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Data pre-processing

e Accelerometer data are not generally evenly spaced in
time (check SensorEvent.timestamp field)

e DFT requires a finite list of equally spaced samples of
a function

1.0

05+

=>» Interpolate accelerometer .|
traces os|

from scipy.interpolate import interp1d

f = interp1d(timestamps, accelerometer, kind='cubic')
new_timestamps = np.arange(0, timestamps|[-1], s_p)
es_accelerometer = f(new_timestamps)

Wireless Systems Lab - 2014
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Using the classifier online

1. Convert the decision tree to a sequence of rules and
Implement them in the app

R,: IF (Outlook=Sunny) AND
(Windy=FALSE) THEN Play=Yes

R,: IF (Outlook=Sunny) AND
(Windy=TRUE) THEN Play=No

R;: IF (Outlook=0Overcast) THEN
Play=Yes

Ry: IF (Outlook=Rainy) AND { FALSE } l TRUE
(Humidity=High) THEN Play=No

R,: IF (Outlook=Rain) AND
(Humidity=Normal) THEN
Play=Yes
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Using the classifier online

1. Convert the decision tree to a sequence of rules and
Implement them in the app

2. App samples accelerometer @ 20Hz

3. Performs classification every 32 samples

4. Computes features based on the last 256 samples:

a. Variance of the sample window

b. Peak power frequency

c. Power of the DFT coefficient in the 1-3Hz range

Feed features to the classifier

Output classification (walking/not walking)

o o

Wireless Systems Lab - 2014
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Homework

Write an app to collect your own accelerometer data traces
1. Read accelerometer @20Hz

2. Use the External Storage to store collected data in a
file. Format:
timestamp, acc_x, acc y, acc z

3. Collect training data:
a. Perform different activities (e.g., walking, dancing,

standing on a bus, ...)
b. Label traces with activity

Wireless Systems Lab - 2014
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Privacy concerns

e Several commonly-available sensors do not require
explicit permission for data reading

e (Can be done by apps silently
e Privacy concerns
e Example: accelerometer:

o (Can be used to identify user activity
o They have unique fingerprints (see next slides)

Wireless Systems Lab - 2014
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Accelerometers have fingerprints
lI Accelerometers Make Smartphones

Sanorita Dey, Nirupam Roy, Wenyuan Xu,
||| “ u 1“ | ’ ) }| Romit Roy Choudhury and Srihari
l“ ”, ) l| J } N u“\WM " ’ Nelakuditi. AccelPrint: Imperfections of
- M ! i \ m
Trackable. In proceedings of NDSS 2014.
Accelerometer chips of Samsu ng Gal axy S3 [http://www.internetsociety.org/sites/default/files/03_2_1.pdf]

26 T o =] T
[ VA | A i g LI Someine S
. " v " ‘/‘ //' -’-‘::::::--- —~—
\~~~.. - ./_a’ l/ . \“
. e 2 { % Galaxy Nexus
Accelerometer chips of Nexus S z L |
S 18t . y 1
> e Galaxy Nexus
‘ D 16 - D }
I, :9 < "/l
| ‘ | l | ) \'\I ’L | A '&l h A D 14t ! e, = ’
| \ * e ".!' h( k‘,v v 'J“”W |.Hi v ‘\F"» h’_ i ,(‘ at® R —
l ‘_' ,‘ L8 ‘ ' - Nexus S EO / '
R —— P g NexusS ~
Accelerometer chips of Samsung Galaxy Nexus 08 i
9.7 9.8 99 10 10.1 10.2 103 10.4 10.5

Wireless Systems Lab - 2014



Hardware imperfections

A

B

C

Accelerometer Chip

1 g of gravity

1 g of gravity
+ acceleration
to the right

freefall

capacitance

Small gaps between structural parts can
change the absolute value of the

Target applications for smartphones are
marginally affected, as they primary
depends on the relative change in
accelerometer readings

Structure of MEMS
Accelerometer

http://www.instrumentationtoday.com/mems-accelerometer/2011/08/
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Recognize user based on accelerometer hw

Fingerprint matches... It’s the same phone!

Bob’s phone Bob’s phone
@ 8 AM @ 6 PM

Sanorita Dey, Nirupam Roy, Wenyuan Xu, Romit Roy Choudhury and Srihari Nelakuditi. AccelPrint: Imperfections of
Accelerometers Make Smartphones Trackable. In proceedings of NDSS 2014.
[http://lwww.internetsociety.org/sites/default/files/03_2_ 1.pdf]
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Large scale exploration

e 107 stand-alone chips, smartphones and tablets
e 36 time domain and frequency domain features
e 30 seconds of acc.data enough to model fingerprint
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[http://www.internetsociety.org/sites/default/files/03_2_ 1.pdf]




