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* Wide-scale proliferation of communication devices
 Poised to reach 50 billions by 2020.

« Devices and ‘Things’ can be leveraged for Location-
based Services (LBS)

« Why?
« Qutdoor Localization

 |ndoor Localization

PURDUE



BLE has emerged one of the candidates for LBS due to
Its energy efficient characteristics.

* Modifying the BLE stack and optimizing it for LBS
IS necessary.

« Apple’s iBeacons, Google’s Eddystone.

IBeacons, based on BLE, is the industry standard for
proximity-based services.

Widely used by different industries.

60 millions to be shipped by the end of 2016.

PURDUE



IBeacons suffer from higher localization error due to
reliance on Received Signal Strength Indicator (RSSI).

« RSSI Is prone to noise
« Multipath fading

« Localization error needs to be limited (<1m)
« Bayesian Filtering widely used for Indoor

Localization

« Application to iBeacons would improve its
performance.

« Particle Filter is the most accurate of the Bayesian
Filters.

PURDUE



Will the use of Kalman filter and Extended Kalman filter
In cascade with Particle Filter improve the localization
accuracy of an iBeacons-based indoor localization
system when compared with use of only Particle filter?

IS it possible to improve the proximity detection accuracy
of an iIBeacon-based proximity detection system using
the proposed Server-side algorithms when compared
with the current approach used by Apple?

PURDUE



Proximity

Ho, : The use of our proposed Server-side Running
Average (SRA) and Server-side Kalman Filter (SKF)
algorithms does not improve the proximity detection
accuracy when compared with iBeacon's current
proximity detection approach.

H_, : The use of our proposed Server-side Running
Average (SRA) and Server-side Kalman Filter (SKF)
algorithms improves the proximity detection accuracy
when compared with iBeacon's current proximity
detection approach.

PURDUE



Indoor Localization

Ho, @ The use of a Kalman Filter or an Extended Kalman
Filter in cascade with Particle Filter does not significantly
reduce the average localization error of an iBeacon
based indoor localization system when compared with
using only Particle Filter.

H,,: The use of a Kalman Filter or an Extended Kalman
Filter in cascade with Particle Filter reduces the average
localization error of an iBeacon based indoor localization
system by at approximately 25% when compared with
using only Particle Filter.
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Traditional Approach

Immediate
‘ Near
iBeacon Far

Unknown

Proximity Decision based on
Running average of RSSI

5 Trigger
iBeacon l Content

Actuator

<1 meter
1-3
>3 meters

Not in range
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Server Side

Moving
Average . Proximity
RSSI Classification

e Our approach
« Server side based
« Do site-survey to obtain path-loss model

« Use obtained path-loss model to obtain distance from RSSI
values.

«  Two Algorithms
« Server-side Running Average (SRA)
« Server-side Kalman Filter (SKF)
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Server-side Running Average (SRA)

RSSI

iBeacon

Moving
Average

RSSI

Server Side

Algorithm 1 Server-side Running Average

1:
2
3:
4
5

<

procedure SERVER-SIDE RUNNING AVERAGE
Obtain a path-loss model using site survey
while User device receives RSSI from 1iBeacons do

Report RSSI values from user device to server

Obtain distance from RSSI values using path
loss model.

Classify proximity zone based on distance

if The user is classified as being present
in the same zone by three consecutive
measurements obtained from beacons then

Accept the proximity estimate
else Reject the proximity estimate

Proximity Classification
RSSI vs Distance Fitted Curve
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Server-side Kalman Filter (SKF)

Server Side

average RSSI SMOOTHING

RSSI Smoothened RSSI

>

iBeacon

Algorithm 2 Server-side Kalman Filter

I: procedure SERVER-SIDE KALMAN FILTER

2 Obtain a path-loss model using site survey

3 while User device receives RSSI from iBeacons do
4: Report RSSI values from user device to server
5
6

Pass RSSI through Kalman Filter
Obtain distance from filtered RSSI values using
path-loss model.
Classify proximity zone based on distance
if The wuser is classified as being present
in the same zone by three consecutive
measurements obtained from beacons then
9: Accept the proximity estimate
10: else Reject the proximity estimate

PURDUE

UNIVERSITY




Two different Environments
Environment-1 11m x 6m
Environment-2 8m x 4m

I Current Approach
[ IsSRA
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Proximity Zones

Environment 1

Results (Submitted to ACM Sensys 2016)

Near
Proximity Zones

Environment 2
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Proximity Detection Accuracy
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« Four different approaches
« Particle Filter on the user device.

PURDUE
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« Four different approaches
« Particle Filter on the server side

Server Side

Moving
Average

RSSI RSSI

>

iBeacon
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« Four different approaches

« Kalman Filter-Particle Filter on the server side (To be
submitted)

‘ RSS|
—

iBeacon

Server Side

RSSI SMOOTHING

Moving
Average
RSSI
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« Four different approaches
 Particle Filter-Extended Kalman Filter on the server side

Server Side

-

Moving
Average
RSSI

‘ RSS|
—-

iBeacon
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Results: PF on server side

« Locatingauserina7mx6m

Average 2D Localization Error Vs. Number of Beacons
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Results: KFPF on server side

« Locatingauserina7mx6m

Average 2D Localization Error ¥s. Number of Beacons
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Results: PFEKF on server side

Locating a userina 7m x 6m
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(] = — —_ — —
o w0 - — ha w .

=
R

Average 2D Localization Error Vs, Number of Beacons

iﬂ Beacons
USRS 4 Beacons |~
——& Beacons
N ISP 6 Beacons [ i
_ ______________ e “Ei-7Beacons| _
——1-8 Beacons
3 i : : 7 z

Number of Beacons

PURDUE



Results: Comparison b/w PF and KFPF

PF vs KFPF
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« 28% Improvement brought by cascaded filters
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Results: Comparison b/w PF and PFEKF

PF vs PFEKF for 2D Localization
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Results: Comparison b/w KFPF and PFEKF

o

Average Localization Error (meters)
>

KFPF vs PFEKF for 2D Localization
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8.04% improvement brought by PFEKF in comparison

with KFPF
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iBeacon’s performance can be improved for a reliable and
accurate proximity and indoor localization system.

The use of our server-side based algorithms, SRA and
SKF, can improve the proximity detection accuracy when
compared with Apple’s current approach.

The use of cascaded filters can improve the indoor
localization accuracy when compared with only using
Particle filters.

IBeacon, being the industrial standard for PBS, is a viable
technology for LBS.
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