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Current approaches New approach: WiFi detection Basic approach: Hard decision using thresholds Experimental results

= Manual counting
— Expensive to get significant amount
of data
— Cannot track individual passengers

= Most passengers have a mobile device
with WiFi capabilities turned on

= Even when not in use, a WiFi device
will send out frames from time to time

= "Tap on" using t:card — an electronic
traveling card

— Only used when entering bus

= The frames will contain a unique
identifier known as a MAC-address

We want to count passengers based
on unique MAC-addresses.

= Surveillance camera with face
detection
— Costly to purchase and install

WiFi detection in depth

= Every 802.11 base station sends a beacon frame at regular intervals, typically
every 100 milliseconds.

The beacon frame is 50 bytes long and contains timestamps for synchronization,
Service Set Identifier (SSID) etc.

A probe request is a special frame sent by a client station requesting information
from either a specific access point, specified by SSID, or all access points in the
area, specified with the broadcast SSID

Since probe requests are sent even when not connected to a network, these are
the frames we will be looking for

= Typically, only one percent of the detected frames are probe requests

Typical output from wireless sniffer after filtering. Each line contains a timestamp,
MAC-address, Received signal strength indication (RSSI), SSID, Anonymous MAC
flag, Hidden SSID Flag, Channel number.

2016-05-26721:0: m 145462 - 8 Nintendo_30S_continuous_scan_000 True False 6

2016-05-26721. 9 <<<HIDDEN>>> False True 1
2016-05-26T2 75 <<<HIDDEN>>> False True 2
2016-05-26T2: ~57 <<<HIDDEN>>> False True 6
2016-05-26T2 -67 <<<HIDDEN>>> False True 1
2016-05-26T2: -61 <<<HIDDEN>>> False True 6

75 ptdepot False False 2
-68 <<<HIDDEN>>> False True
-98 Nintendo_3DS_continuous_scan_000 True False 6
-65 <<<HIDDEN>>> False True 1

2016-05-26T2'
2016-05-26T2

18.659058

Main problems

Data was collected for several bus routes. When logging the WiFi frames, several
persons counted the number of passengers entering and leaving the bus. Also, some of
the data sets also contain position data (GPS).

Given the collected data, we have the following problems to be solved:

= Detect mobile devices

= Determine which mobile devices are on the bus
= Estimate the number of travelers and their route
= Estimate passenger flow through network

[Passasyrnczr

= O LU A = |
P
P (754141 34943 47 3739 43 -30 67 1 51 43 47 49 43 41 4145 47

HEMEE:
Tor Andre Myrvoll (NTNU)
| Francois Septier (Lille U.)

= The mobile devices are classified as ON or OFF the bus according to a set of
thresholds on the distance travelled and the RSSI

= In addition a scaling factor is estimated to compensate for people not carrying
mobile devices, or simply not detected

A better approach?
= Hard decisions using thresholds is not optimal, especially when several variables
are in use

= No model. Variable interaction hard to utilize.

= A probabilistic approach should be attempted

= |nitially — focus on the mobile device ON/OFF problem
Model

We formulate an estimator of o(n) as follows,

Z (dk, mk)z

We choose the minimum square error as our metric, resulting in the following loss
function

o(n) = (ak —

)= d(bx—1)-

We want to base /(dy, my) on the posterior probability P(i|dk, my), that is,
I(dy, mg) = 1 if P(ix|dx, m) > T and zero otherwise.

Obtain the model parameters in a maximum likelihood sense
R = argmax P(O, M, D; A)
A
=argmax ) P(I,0,M,D;\

gn z]: ( )

Since this is a missing data problem we use the EM-algorithm,
AR — arg max Q(A, A
A

where

= Ejo,0,mn {log P(O, 1, D, M; A)}

= TR0, D, M; N) log P(C, 1, D, M; A)
7

Q(AN)

Conclusions

= The methods seems to work well, meaning that incomplete observations is all that
is needed to create a working model
= More work is needed on some modeling assumptions
— Sensitivity with respect to e.g. bus sizes (RSSI variations)
— Does the model change significantly with time of day and/or seasons?
— Finer granularity - Use GPS and/or time data instead of bus stops

= We testet our algorithm in the
following scenario where we used a
complete bus trip to estimate model
parameters, and used this to predict
the number of passengers per stop on
an unrelated bus trip

The model was initialized by splitting
the observed devices into two sets —
those seen for more than two stops
and those which were not
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We did ten iterations of the EM
algorithm

For every iteration of the EM
algorithm, we produced 3000 Gibbs
samples, where the first 1000 were
considered "burn in" and rejected.

Using the final model we computed
o(n) using

1 P(ikldk, mi) >
0 otherwise

(di, mi)) = { T

The prediction is seen to the right for
Te {0.7,0.8,0.9}
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