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An Economical Approach for User Behaviour
Determination for the Selection of Type of
L ocation Based Services

Udaya Dampage and Dileeka Dias

Abstract: The vision of this research paper is that the mobile phone is aware of its user's motion state
and surroundings and modifies its behaviour especially the characteristics of Location-Based-Services
based on thisinformation. In the research it is implemented, and evaluated a methodol ogy which can
identify individual user. states. This learning is expected to occur online and not expected the
requirement of any external supervision. The proposed system relies on hidden markov modelling and
Log Likelihood Method. The implementation of the methodology is performed by first training the
hidden markov model for the required number of states by an intended network trace. The log
likelihood value of the data for each hidden markov model in the set is computed and the motion State
is identified by choosing the hidden markov model that produced the highest value. The results of
simulations carried out in WCDMA environment indicate that the proposed method is able to assist to
create a meaningful user context model at various propagation conditions defined by both 3rd
Generation Partnership Project (3GPP) and Wireless World Initiative New Radio (WINNER)
propagation scenarios while only requiring a network trace without having an integrated sensor
onboard cellular phone or any other wearable sensor device.

Keywords: Location Based Services, Wideband Code Divison Multiple Access, hidden markov mode,
LogLikelihoodvalue.

1. Introduction Hence it is felt the requirement of proposing a

_ _ _ _ simpler, faster and comparatively lesser
As predicted in [1] there is a bright future for processor intensive method with minimum
mobile positioning as the key technology for bandwidth consumption for determination of
enabling L ocation Based Services applications, user state of a mobile station at least up to
which themselves will become increasingly maximum posted speed limits for vehicles and
important as a key enabler of value added without getting assistance of an integrated
services. There are number of methods sensor onboard cellular phone or any other
proposed for determination of user state of a wearable sensor device, that is. with less
mobile station, however most are based on modifications to the all applicable mobile
assistance of an integrated sensor onboard transceivers.

cellular phone or any other wearable sensor
device, that is. those methods require
modifications to the all applicable mobile
transceivers. In [2] Qualcomm Inc., recognizes
one of the key requirements for implementation

2. Background

21 Vision, Objectiveand Scope

of Location Base Services, is as handset impact- The vision is that the mobile phone is aware of
minimization of incremental drain of battery its user's state and surroundings and modifies
power and impact to the handset by new circuitry its behaviour especialy the characteristics of
or software. Some other systemsrely oncomplex Location-Based-Services based on this
algorithmssuch as Viterbi, hence slower and more information.

burdens on processing. Qualcomm Inc., further
states that network efficiency-utilization of
minimum over-the-air and backhaul network
bandwidth for individual/continuous position 3%?2,”322’:1@32}’2%%fﬂgadéﬁﬁggf;f,feE”“’ )
reports [2] another major key requirement for Eng. (Prof) (Mrs) Dileska Dias, MIE(SL), B.S. Eng. (Hons),

imp| ementation of Location Base Services, M._Eng.{ PhD, Department of Electronic and Telecommunication,
University of Moratuwa.
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The objective of this research is to propose a
simpler, faster and comparatively lesser
computationally burdened method for
determination of user state of a mobile station
up to maximum posted speed limits for
vehicles' and without getting assstance of an
integrated sensor onboard cellular phone or any
other wearable sensor device, that is. with less
modifications to the all applicable mobile
transceivers to WCDMA?2

In this paper it a relatively economica system
which canidentify individual user stateswill be
proposed, implemented, and evaluated. This
learning is expected to occur online and does
not require any external supervision. Proposed
method is not intended to be a total solution;
however the process based on the proposed
method is intended to be a part of an
organi zationof services.

2.2 Survey of Previouswork

This section summarizes current knowledge and
what other authors have done in the various
topicswithinthe purview of thisresearch paper.

In [3], it has discussed two different filtering
approaches. namely Hidden Markov Modd and
Kaman filter, in order to minimize the impact
due to ambiguity and signal degradation, on
position estimates in cdlular positioning based
on database comparison method. He points out
that Hidden Markov Model based methods
have fewer parameters and easier to estimate,
the estimator seems to be lesssensitive to errorsin
the model parameters and multi hypothesis
processing is simpler. He concludes stating that
the Hidden Markov Model based approach is more
suited to perform position estimation ofa database
comparison process.

Daniel Siewiorek et al of Interaction Institute
and Indtitute for Complex Engineered Systems,
Canegie Mdlon University have presented in
[4] on “SenSay’- a context-aware mobile phone
that adapts to dynamically changing
environmental and physiologicd dtates and dso
provide the cdler with feedback on the current

status of the user. A number of sensors including
accelerometers, light, and microphones are mounted
at various points on the body to provide data about
the user's context.

Andreas Krause et a have presented in [9], a
design, implementation, and evaluation of a
wearable system which can learn context-
dependent personal preferences by identifying
individual user states and observing how the user
interacts with the system in these dtates.

lan Anderson and Henk Muller [6] have showed
that by using patterns of signal strength
fluctuations and changes to the current serving
cdl and monitoring neibhouring cdlsin GV, it
is possible to digtinguish between various states
of movement using Hidden Markov Model
compares with the results of method based on
Artificial Neural Network. However this paper
utilizes a relatively complex Viterbi algorithm to
infer most likely state sequence.

2.3 Overview of this Paper

Next chapter covers theoretical background,
followed by an introduction to the proposed
method and simulation methodology
respectively at chapters 4 and 5. Chapter 6,
presents results and relevant analysis. The paper
is concluded with chapter 7, which covers
summary, conclusion and proposed future
work.

3. Theoretical Development

31 Markov Property

If we know the present state, then knowing past
states gives no added information about the
future states. Given the present, the future is
conditionally independent of the past.

PE(S,/55 Sy PRI (88) swssemsssousssios (1)

where 5is the set of al dates, and S, is the state
varigble.

When using Markov models for modelling a
physical phenomenon, we generaly only have

1. Maximum posted spead limitsfor vehiclesin US highways asof June 2006 isstated inhttp:/ / www.iths.org/laws/ state_laws/
speed_limit_laws.html.. US Congress reped ed the National Maximum Spead Limit in 1995. As of May 2005, 31 US stateshad
raised speed limitsto 70mph or higher on someportionUSroadway systems.

2. Wideband Code Divison Multiple Access - WCUMA standards were initially developed by European Telecommu nication
Standards Ingtitute (ETSI). The WCDMA standard reference is ETSI TS 125 211 V3.2.0.
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access to a set of observations O for the states, 5
which occur in a hidden Markov model as
shown on the next page:

Hidden state

Observations

Figure 1: A Hidden Markov Model

In addition to the Markov property between
states S, this model makes a further assumption
that the observations are conditionally
independent given the current state.

e (0,/5,0)= Pr(0,/5,) )

As above this implies that state S captures all
relevant information of the systemand it further
implies that any measurement is independent
given the state.

A hidden Markov model encapsulates two
separate components, a transition (process)
model, and aobservation (measurement) model.
The transition model describes the relationship
between neighbouring states (in time or space)
and it is shown graphically between S in the
above figure. The observation model describes
how these observations are generated from
those states and is shown graphically by the
vertical links between 5, and O, in the above
figure.

Estimating the state S, from observation O, a
known observation model is described as an
inference or state estimation. Using data to find
the transition and observation models are
generally called learning or parameter
estimation.

32 N-state Hidden Markov Model

A N-State Markov (process) model I'=(w, A, B),
isdefined by the following parameters:

Setof states: (S, S, Sy Sy)

Stae at time/ =S, ..o

St of state probabilities:
Initial state probability:

7. (A=Probability of being in state 5. &t time ¢
=Pr[S=S]
=1,2,...N

)

Set of state transition probabilities:

Probability of shifting from state 5. at time # to
State 5, atime s+ 1,

A=a()=Pr[S,,=5]| 5=5]
L= 2 N

)

Set of input-to-outputtransition probabilities for
esch state;

For data sequence:

0= (0,,0,,..0,,..0;);
B=5{0)
=Pr[databit O
occuring| =9,
b= 10T

Thetimeincrement is equal to the bit duration.
4. Proposed M ethodology

41 Learning of Hidden Markov Model

In view of improvement of initial model
parameters I'=(m, A, B), the expectation-
maximization (EM) algorithm is utilized. Here
the complete log likelihood Pr(O , S|T), that a
sequence O, of data bits O, were generated by
the hidden markov model is maximized by
adjusting the hidden markov model parameters
I". Since of incompl ete data, because of the states
5 are hidden, the expected complete log
likelihood should be maximized, with respect to
the parametersT.

ArgmaxI"yPr(§ G T)logPr(0,S\I")

The maximum likelihood parameters are the
improved hidden markov model parameters,
and the process consisted of the following steps:

Step 0
Starting with aninitia I'=(m, A, B)

Step 1
With I'=(m, A, B) as the model,
Computation of theforward variables:

2,(i)=P0,,0,,....0,,5, =5,/T]
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The backward variables;

The backward variables:
B.@)=Pr0,,,0,,,.,0;/8,=8,,T] ......... ©

fort=12,...,Tand :=12..N.

Sep 2

Computation of the state transition probabilities
given Oand I"'and update the parameters A, and
Baccordingto:

,(i)f3,(i) d
rH= Pr[S =S,|0,T |= ﬁolT e (10)

=1, 2 .N

Step 3
Going back to step 1 with the new values of

That is I = I'obtained in step 2, and repeating
until convergence, until such time that the
successive values of Pr(O\I) differ by a minute
value.

4.2 Recognition of State

Once a set of hidden markov models are
generated for each state, the identification of
new sate, from a new sequence of observations
O can be performed by computing the log
likelihood of O given for each of the models: log
Pr(O|T"), for each hidden markov model. The
model I'. that provides the highest value is the
model that most likely generated the new
sequence O. In order to calculate Pr(O| T ) we
can marginalize out the hidden states from the
joint distribution Pr(0,3|T). That is, the
likelihood is the sum of the likelihoods of O for
every possible sequence of states 5in the model

Log P(O|T) =Y -log P(O,§T) - (12

The probabilities of observing the sequence O
up to time step #and ending up in state 5, given
the moddl are:

a,()= P(0,,0,,.0,,8,=8,|T) ... (13

At each successive time step it is needed only to
update a by

au()=,@0a,p,0.) -

Dedicated Physical Control Channel.

~ow

That is sum for a (i) over al possible states 5
multiplied by the transition probabilities of
shifting from that end state to the current state S,
and then multiplying by the probability of
observing the current observation O. from state
5. The end result will be the likelihood of the
data for the particular hidden markov model.

5. Simulation

5.1 Assumptions

Further following were assumed for the
simulation: Firstly that: the base station employs
an idealized rake receiver. The rake receiver is
idealized in the sense that: the number of taps
in--this-recerver- +s- equﬂl)to the number of
multipath components and the receiver has
perfect knowledge of the delay of each
multipath component and the rake receiver uses
the pilot symbols in the DPCCH? to estimate the
phase of f set generated by the channel. Then, the
receiver extracts each multipath component and
employs an equal gain combiner to generate a
test statistic, which is evaluated via a simple
zero

-threshold test. Secondly it is assumed that each
component of the multipath channel has the
same Doppler spread.

5.2 Simulation of Physical Layer of 3G
Wireless System

The simulation* was performed on a Pentium™
D CPU 3.40GHz based personal computer with
1024 MB RAM and Matlab™ R2006a (version
7.2.0.232) was utilized as the simulation
platform.

WCDMAsSmM(TM) was utilized as the simulator
of physical layer of 3G wireless system. The
WCDMAsim® is a Matlab™ based, physical
layer simulator of a 3G wireless system that
conforms to the WCDMA standard. This
simulator emulates the behavior of WCDMA
base and mobile stations in specular multipath
fading environments. WCDMAsSIm provides a
technically accurate and detailed emulation of a
WCDMA system [7].

Please contact authors to obtain relevant Matlab Lodes utilized in simulations, if required.

5. Developed by Mobile and Portable Radio Research Group at Bradley Department of Electrical and Computer Engineering,
Virginia Polytechnic Institute and State University, Blacksburg, Virginia
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During the simulations the uplink simulator
emulates the operation of a WCDMA mobile
station in a frequency selective, multipath
fading channel. The simulator emulates up to
six DPDCH?s and the DPCCH’. However here
the common physical channels (such as the
Random Access Channel and the Physical
Common Packet Channel) and the channel
coding (specified in ETSI TS 125.212) are not
modelled. The simulator output is an error
length sequence. The error length sequence
contains information about the number of
consecutive symbols that were received error-
free and the number of consecutive symbolsthat
were erroneously received.

53 Simulation of Propagation conditions

The standards proposed in [8] and [9] by the
3GPP for radio transmission and reception was
utilized for the smulation and there are number
of different multipath channel propagation
conditions for which the proposed methodol ogy
could be simulated asfollows:

Tablel: Propagation Conditions

Casel Case 2 Case3
Speed 3km/h | Speed 3km/h | Speed 120 knvh
Relative| Averagel Relative | Average|Relative | Average
delay | Power | delay | Power | delay | Power
(ns) (dB) | (ns) (dB) (n9) (dB)
0 0 = = 0 0
976 -10 976 0 260 -3

Further data from publications of 3GPP [10],
speed data given in website of Insurance
Institute for Highway Safety, Highway Loss
Data Institute, USA [11] and data from
WINNER propagation scenarios [12] for urban
macro-cell and micro-cell, stationary feeder,
suburban macro-cell, and rural macro-cell were
also considered in determining propagation
conditions used for the simulation.

6. Resultsand Analysis

6.1 Results obtained for specific casesdefined in
3GPPand WINNER propagation conditions.

6. Dedicated Physica Data Channels.
7. Dedicated Physical Control Channel.
8. 3GPP Case No (Refer Para5.3).

9. WINNER Cese Number.

It can be well observed from the first table below
that the first row of the table provides maximum
values of log likelihood for dl hit lengths of the
network trace obtained from a mobile station
(whichwas moving at 3 kmh), confirming that the
moabileis at the state of moving at aspeed of 3kmh.

Table 2: Results obtained for case-1® at a speed of 3
kmh with an average power of -10db error sequence

Test Conditions
Number of
7 ) characters under test

£ lowm = 5 2 fromanetwork trace
£ |z g 2| § | £ | under conditions
E |35/ B | O| & | 2 |Case,3kmhSpeed,
Z O S| & & | = | 10-AveragePower-
g =g 8 S| 8 g Error Sequence
S RE| &l &| 2|2
1|1 3 0 | -10 | 10 |43.3763|-17.38% |-14.4553
2 1 3 0 0 | 10 |-66.7720|-30.4749 (-21.1564
3 3|10 (| 0 | -3 | 10 |45.2878(-182927 |-1507%
4 4 120 0 | 3| 10 {448918|-184940|-14.89%63
5 | Differencebetweenlargest 1515 | 09033 | 0441

& next largest value
6 | Error-Differencebetween 0.0000 | 0.0000 |0.0000

correctvalue& largest

value

Table 3: Resultsobtained for Case-C1 Metropol®, at
a speed of 70 kmh with an Average Power of -10dB
Error Sequence

Test Conditions Number of characters
— under test froma
E |z network trace under
£19 I A ) g conditions: Case-70
2I5%| E| 4] 2|5 | KkmhSpesd, 1
7 88| = @ e E AveragePower- Error
-_(—é- &E § "JE :ZD s Sequence
S 0
SR8 &|=| 2|2 | B| W | 50
1| 1|3 |00 10 [41842-294134 151100
2 1|3 | 0] 0] 1 61723437125 |-8230
3| 3|11 0| 3| 10 [422476]|-29.7515|-1557%6
4 70 | 0| -10]| 10 |415157|-291497 |-148457
5 | Differencebetweenlargest 02985 0.2637 |0.2652
& nextlargestvalue
6 | Error-Differencebetween 0.0000 | 0.0000 |0.0000
correct valye & largest
value

Here the fourth row provides maximum values
of log likdihood for dl most dl the bit lengths
of a network trace obtained from a mobile
station (which was moving at 70
kmbh),confirming that the mobile is at the state
moving at a speed of 70 kmh.
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Teble 4: Resuilts obtained for Case-3", at a speed of
120kmhWith an Average Power of-3dB Error Sequence

Test Conditions INumber of characters
1& under test from a
2l s ., | Nework trace under
5 2@ | | B| & conditions; Casa-3,
(6 S
El5s5(2 S| § | 120kmh Speed, 3-
3 g& S| % | s | & |Aveage Power- Error
T g8 B & g’ 5 Sequence
%
FRe|lg|8|z|2 |||
1 1 3 8 18 | 18 [-32.2175(-21.9917 {-11.2551
2 1|3 [ 8| 8|18 |31 WB[-200595 -1 mem
3 [ 8 [i20] 0] 3| 18 |-295782]-19.8389 18 U2
4 4 | 8 3 18 |-38.6771]-208561 |-10.8315
5 | ifference between jargest 1.0989 | 8.2206 |85 O)
& text largest value
6 | Error-Difference between 8,0000 | 8.0000 |0.0000
correctvalue& largest
value

Finally the th 8 row provides maximum values
of log likelih ™™ for | the bit lengths obtained
from a mobile station (Which was moving at 20
ki h), conf [ing that the mobile is &t the state
of moving a speed of 120 kmh.

6.2 R :sults obtain, d at internoxdiate speeds
to check the wliability of pfopOsed
Ovethod.

The speeds utilized to obtain the network traces
were focused around two speed Imelstoginely
70 kmh and 120 kmh for ;=kich th pq_ltopo e=d

niti”
m2thod provided best reco”  on cf user state.

The objective of this endeavour was to ascertain
how best the proposed method can recognize
plus or minus speeds around a certain value, on
which the hidden markov model (with which
we try to recognize the speed level) is based
upon. For this test speed levels 60 kmh, 65 kmh
and 75 kmh were used around the 70 kmh speed
level and 100 kmh, 110 kmh, 125 kmh and 130
kmh were used around the 120 kmh speed level.

10. 3GPP Case Number.

Table5: Resultsobtained at aspeed of 60 kmhwith
an Average Power of -10 dB Error Sequence.

Test Conditi
onditions Number of
@ @ characters under test
~ | T | @ |from Casex, 60 kmh
. ) c ,
g |2 w0 g §‘ % % Speed, -10-Average
g g &l g QI | g Power- Error
= = 2| 1= Sequence
T B8 £l 5 |®
R (@ AR
= 2l | Z2 120
1|13 |0]10]1i0 -33.7264
2118 (0]0]10 -47.4620
3 3 {120 0 3|10 345713
4] -0 ]ofa0]i0 3349)
5 | Difference between largest 0.2278
& next largest value
3 | Error-Dif ference between 0
correct value & largest
value

In tles case the four' P TOw provides thc
maxiollm value of log likeljhpod for 120 bit
length Obtained fron a mobile sta jon (WI- ich
was moving at @ ki th), T€Cognizing th © the
mobile if at the state of J19Ving at the rU) (st
speed of 70 kmh.

Table 6: Results obtained at a speed of 65 kmh with
an Average Power of O dB Error Sequence.

Test Conditions
Number of
2 @ characters under test
0@ %’ *a-; @ | from Case-y, 65 kmh
g ZB8| E | 3 = Speed, 0-Average
S 8 g % a § e Power- Er
5 § gl2l5 o ror
Z |0 gl -2 I = 1 Sequence
w8 B| R ||
5; 0] E T | =)0
QLA |z |x |2 120
il1]3]|]0]-10]10 -35.6234
2(1(3(|0f0]10 563001
3 3 {120 0 | -3 110 -38.5652
4 - 170 0 |-10] 10 -38.2282
g Sif‘erence between largest 0.3972
00 next largest value
6 | Emor-Difference between 0
vorrect value & largest
value

In this case the fourth row provides the
maximum value of log likelihood for 120 bit
length obtained from a mobile station (which
was moving at 65 kmh), recognizing that the
mobile is at the state of moving at the nearest
speed of 70 kmh.
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Table 7 . Resylts Obtairt)g at a spests of 75 6mh with
an AvPrage pou) of 10 dB Error Sequ ™=,

Tegt Conditions Nl of
@ %@\ <haractersaonder tes*
= = | T | @ |foom Case-z 75 kmh
T 129 | &| L|5 -
g 28 % g E = Speed, 10-Average
g g sl El9 5 Power- Error
z =18 = Sequénce
E - — b3
FRElE|5|E S
3 19€ x|x |z 120
il1]8|0[10]10 3500
2| 1|38 [0]0]10 -51.61i1
8|8 |i20]|0]-3]10 +O)
4 - |70 0 |-101{ 10 -34.748<
5 | Difference between largest 0.2929
& next largest value
6 | Error-Difference between 0
correct value & largest
vaue

In this caw the foord) row provid = shg
maxilun Value of log jjkelihood for it
length ottdined fro & a Olobile station mmich
was mov 5 at 75 k@oh), recognizing that the
(obile is @t twe state of moving at the nearest
sp<ed of 70 kmh.

Tably g Rewults obtaime 1 at aspegd of 118 kmh with
an Ave age Power of 0 dB Emor Sg; ueccs,

Test Congitions
Numbe; of
7| o ctharecte” u - der test
2135
o ‘%: E” @ frov> Ca00-P, 100
E b % "g T E .% km} Speed, 0-
E g s| £ |2 S | \ver:ge Pow VEreor
z 0TI =1 £ B|= Sequ @ U
© 8: - w o) B
O T|>|o
1|18 |0]|-0]|10 -23.15%0
°e (1|3 |0|0(10 -13.7291
8|3 (i20] 0 -3]1¢ -18.2531
4 - |70 0 |10 10 -23.5235
8 | ifference betwnom argest 4524
& Mextlargestvalu @
6 | Ero~ONff rance’ etweet 4524
unrr o valoy & 13788 t
value

In th s case the secl)d row pro vides the

xirwum valoe of log ikei-l'Jh o® for 120 bit
lemgtl Obtained f ™ a mlobiE staiion (which
wat oOVing at 100 kiehj, i Porrectly
recOg 11z} that the —ibile 15 _t the state of
oOving at the nearest spee; OfG ket .

Table 9: Results obtained at a speed of 110 kmh with
an Average Power of 0 dB Error Sequence.

Test Corgitions
N Ober of
2 @ chars=er wndet test
v loe S| 2| 2| v Qastg, 110
2 %% % .§ % -% kmh Spéd, 0-
= %g El|a 5 | A usgi Paw (VError
< O i _g % = Siqon 0
T |20 g 5
% 628 T gl
3 8z x| |z 120
113 [0 ]-10]10 -29.8890
2 1 3 0 0|10 35.1858
3 3 |20 O 3110 -29,1£94
€] - |0 ]|10]10 -29.6581
5 | Oiffe 200 between lar ™ 0.7087
& M i larges| valug
8 | Eroo~ Offuence betyy()n o
Sorrc vace & argest
va ue

In this case the thirc row provides the r==ximum
value of log likelihood for 120 Git length
btaineg from a mobile station (which was
™oving at 100 kmh), recognizing that the mobile
is at theState of moving at th! nearest spoed of
120 k mh.

Table 10: Resuls Ob*ain-d at a speed of 125 kmh
with an AveraSe Pcwn of -3 dB firor Sequence.

Test Conditions
Number of
2 @ characters under test
5 lom| _ ‘% ; g from Case-r, 125 kmh
o |Z2v ? = § = Speed, 3-Average
E B3| E |2 o Power- Error
z o= 21 5|= Sequence
T 1§ Bl 5| B
5; ) é T > o =
i 1|3 0 |-10]10 -30_,8_24‘19
2 [1[a[o]o]w )
3131100 -3]10 -30.2924
4 - 170 1 0 |10 10 -30.7446
5 | Difference between largest 0.4522
& nextlargest value
8 | Error-Difference between 0
correct value & largest
value

In tlts mse the third row provides the
MaximtOm " alue of log likelihcod for 120 bit
legth Obtained from a mobile £z3tion (which
was mON ing at 125 kmh), recogazing that the
™ e i Ut the state of cpving at the nearest
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Table 11 : Results obtained at a speed of 130 kmh
with an Average Power of 0 dB Error Sequence.

Test Conditions
Number of
) ) characters under test
—~ Z| T | ¢ |[from Cases, 130 kmh
> c

E 2 (13 %‘ L g = Speed, 0-Average
E 8¢ E|lgefla o Power- Error
z2 |68 2| ¢ & = Sequence
3 |2y g R RS

GT g | 2o
1o &| & 2|2 120
1 1 3 0 |-10| 10 -31.7836
2 113 0 0] 10 -41.2973
3|3 (1201( 0 3] 10 -31.7304
4 70 0(-10] 10 -31.6484
5 | Difference between largest 0.082

& next largest value
6 | Error-Difference between 0.082
correct value & largest
value

Finally here the fourth row provides the
maximum value of log likelihood for 120 bit
length obtained from a mobile station (which
was moving a 130 kmh), incorrectly
recognizing that the mobile is at the state of
moving at the nearest speed of 70 kmh.

7. Conclusons

7.1 Summary

The results indicate that the proposed method is
able to assst to create a meaningful user context
model for the sdlection of the characteristics of
Location Based Services, a various propagation
conditions defined by both 3GPP and WINNER
propagation scenarios (up to a maximum speed
of 120 kmh) as a passive method only requiring
a network trace, and without an integrated
sensor onboard cellular phone or any other
wearable sensor device, that is: with less
modifications to the al applicable mobile
transceiversto WCDMA.

7.2 Evaluation

The selected statistical HMM models are
generally very rich in mathematical structure
and hence can form the theoretical basisfor use
in awider range of applications. The method of
maximum likelihood provided estimators that
have both a reasonable intuitive basis and many

11. Bit Error Rate.

desirable statistical properties. The main reason
for the selection of maximum likelihood method
isthat it is very broadly applicable and smple
to apply. Identification of the state was smple
as. computation of log likelihood of the data for
each hidden markov model in the set and
identify the state by choosing the hidden
markov model that produced the highest value
without utilization of complex algorithms such
as Viterbi, hence significantly faster and lesser
burden on processing.

For the verification of proposed method the
WCDMAsim™ was utilized as the simulator of
physical layer of 3G wireless system devel oped
by Mobile and Portable Radio Research Group
at, Virginia Polytechnic Institute and State
University, Blacksburg, Virginia, which
provided a technically accurate and detailed
emulation of aWCDMA system.

One unique feature of WCDMASM is its ability
to produce more than just average BER"
statistics. Rather, this simulator provides users
with an error length sequence that contains not
only the number of errors but aso the location
of each error in the data sequence. This
information is crucial for the development of
computationally efficient smulations, such as
Hidden Markov Model simulations of large-
scale wireless networks [30].

The proposed method found to advantageous in
view of that it eliminates integrated sensor on
cellular phone and hence minimum
modification to the existing of future WCDMA
compatible mobile phones.

Further the proposed method eliminates any
sort of sgndling of data on the user state from
Mobile station to base station or vice versa, sSince
the proposed method is a one way passive
process of analysing areceived network trace.

Generally for state recognition methods based
on channel estimation methods: faster the
mobile station is, shorter the optimum pilot
length for channel estimation will be, due to the
difficulty in tracking faster channel variations,
hence lesser accuracy. This minus point will
become a plus point for the proposed method,
snce it is taken number of error symbols with
compared to number correct bits into account
during recognition of user state.
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Further to above higher the mobile station
speed, more frequently the signd fades, again
the proposed method gains the advantage as
explained above.

Even though the proposed model was tested in
wcDMAenvironmentfor standard scenarios in
order to checkiit's ruggedness, it couldbe well applied
to other cellular technologies and also can be
customized to recognize any user state: as Still,
Walking, Brisk walk, Cycling, Highway Driving,
Rural Driving etc, say in order to direct the
correct type of advertisements to the user
mobile transceiver or PSAP™ to distributes the
emergency cdl to the proper type of services, for
example to the nearest Police post or to Police
mobile vehicle.

The automatic or unsupervised initiation of the
process could be performed by sensing the
change of Cdl ID or could be incorporated to
any other mobile location method utilized.

Jeffrey H. Reed et 4/ [13] have recognized first
major challenge as radio frequency channel
imperfections particularly multipath time
dispersion and interference. The proposed
method prevents most of problems caused by
NLOS and multipath propagation (which is
aready taken into account in the network trace),
where as the accuracy of channel estimation
methods, dependent upon the measurements,
degradesignificantly.

Finally alarge amount of data was involved in
analysing the output of the WCDMA simulator
and consequent conversion of sameto abit train
of “1’s and 'O's, which was the input to the
building of hidden markov models: that is
improvement of initial model parameters as
explained in above paragraph 4.1 It could have
been better if any data clustering method such
as K-means or Principle Component Analysis
was utilized in order to extract significant
components of data.

7.3 Applications

The process based on proposed method could
be apart of organization of servicesand asingle

serviceinterfacethat provides applicationswith
contextual information. Such a system is
proposed by Glenn Judd and Peter Steenkistein
[14] which introduces a concise organization of
services and a single service interface that
provide applications with contextual
information in a unified manner and shows, via
example applications and services that have
been implemented, how the proposed service
organization and interface can be used to allow
proactive applications to adapt their behaviour
to match a user’s current environment.

V Bellocci et a [15) identify location-based
services: News, Traffic Information, Yellow
Pages Services and Fleet Management are as
sarvices that require low level of accuracy. For
such types of services, utilization of a complex
and expensive method to determine user
behaviour is not worth and the proposed
method is expected to be worthwhile for
implementation for such services due to its
simplicity and comparatively low cost
compared to hardware based systems. juha
Korhonen [16, p474], emphasizes the
importance of cost criteria in the selection of a
service by afuture 4G user (or rather a smart
device) as, ‘The smart device can analyze its
environment and choose the best available
service provider and technology (service
discovery). The evaluation is based not only on
radio path characteristics, as in current
networks, but on other parameters, such as
QoS¥, cost, and security’, unquote.

Monitoring the speed in passive mode of a
particular mobile user, would be very
convenient for law enforcement agencies as
there would be no need for specia speed radars
as well as it may also be used to activate a
camerawhichisin deegping mode, or they could
send an instant speeding ticket via 3G device.

Finally even though the speed of the user was
selected as the parameter of recognition, the
same method may be utilized to recognize a
user by utilization of any of the other
appropriate parameters.

12 Public Safety Answering Point - A dispatch office that receives 911 calls from the public.
13 Quality of Service - 3GPP Release 5 specifications of June 2002 : TS 23107 defines Quadlity of Service (QOS) Concept and

Architecture.
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8. FutureWork

The computational burden associated with the
Baum-Welch agorithm is quite higher for longer
error vectors, ance the forward and backward
variables are computed for each symbol and
convergence is observed to be slower.
Sivaprakasam and Shanmugan [17] have
showed that under some assumptions, amarkov
model with an arbitrary transition matrix is
equivaent to a markov model with a unique
block diagond transition matrix and presented
a computationally efficient algorithm, for
estimation of transition matrix from a set of
observations, caled modified Baum-Welch
algorithm. However they have shown that the
particular dgorithm is computationaly efficient
when the overall bit error rate for the source is
small and the error sequence contains long
stretches of identical symbols [17]. The
utilization of modified Baum-Welch algorithm
might accelerate the real time execution of

proposed methodology.

Further to above the conclusons by Andrea J.
Goldsmith and Larry J. Greenstein in [18] states
that the short term fluctuation Satistics of sgna
attenuation, for LOS(NLOS) regions of a
microcell are Rice-like(Rayleigh-like), may be
utilized as priori information in further
improvement of the proposed method. For
example generation of markov model
parameters such asinitia state matrix could be
based on either of Rice-like(Rayleigh-like),
models as per the situation. '

Findly let us conclude quoting K W Richardson
[29], who states: ‘the range of 3G services will
truly only be limited by the imagination of the
savice provider’, unquote.
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