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seen from (3) and (4) that the Doppler and phase shifts depenclearly, the measurement equatitif.,.) is a nonlinear
on the velocity and location of the receiver, respectively. function of the state-space vector, as observed in (7)D(9). If
Clearly, (2) assumes transmission of a narrowband signake assume approximate knowledge of the channel, which is at-
This assumption is valid only when the signal bandwidth iminable either through channel estimation at the receiver (e.g.,
smaller than the coherence bandwidth of the channel. Nev&SM receiver) or through various estimation techniques (e.qg.,
theless, the aforementioned model is not restrictive since it daast squares and ML), then this problem falls under the broad
be modibed to represent a wideband transmission by includimga of nonlinear parameter estimation from noisy data which
multiple time-delayed echoes. In this case, the delay sprezah be solved using the RNBE algorithms. These algorithms
has to be estimated. A sounding device is usually dedicatedwill be discussed in Sections IVBVI. The MLE algorithm that
estimating the time delay of each discrete path, such as the Rak&loys the lognormal propagation channel model is discussed
receiver [23]. in the next section.
It can be seen that the noisy instantaneous received beld in
(2) parametrically depends on the location and velocity of the
receiver. Consequently, this expression is used to estimate the
MS location and velocity by using the EKF, the PF, and/or !ll. MLE A PPROACH FORMS LOCATION ESTIMATION
the UPF. Next, we formulate the location estimation as @)1 this section, the MLE method that employs the log-

bltering problem in state-space form [24]. The general forfiorma) propagation channel model described in Section II-A
once discretized, is given by is considered for the MS location estimation. This method
Xk = f(Xk&1, Wks1) exploits the received-power measurements at the MS, which are
k kS1, WkS1 . . . . .
- available from NMRs. Thus, we write the likelihood function
Zy = h(Xk,Vk) (5) L . . .
and then maximize it with respect to the distances d =
wheref(.,.) andh(.,.) are known vector functions is the (di,dz,...,ds) from each BS, where is the parameter to
estimation stepzy is the output measurements at time step be estimated. The ML estimator, which is denoted by d =
andxy is the system state at time ste@nd must not be con- (di,ds, ..., dg ), represents the most possible MS/BS distances
fused with location coordinates. Furthermawg,andvy are the based on the measurements available at the MS.
discrete zero-mean, independent state, and measurement noiSonsider the measurement vector for tth sample
processes with covariance matrié@sandR , respectively. from all BSs, which is denoted byPLS3(d)=
Now, letxyx = [Xk, Xk, Yk, Yk]" denote the state of the MS at(PL5(d;), PL3(d), ..., PL3 (ds)). The distribution function
time k, wherexy andyy are the Cartesian coordinates of théor this vector is theB-variate normal distribution, which is
MS, andxy andyg are the velocities of the MS in thé¢ andY  given by
directions, respectively. We choose the case where the velocity
of the MS is not known and is subject to unknown accelerations.

The dynamics of the MS can be written as [17] p(PLS(d)| )=(2 )S® 2 (det( S))él/z
1 S(VEBTS() | 51
Xk X exp Sé PL®(d)SPL (d) x 3
Xk
Xk =
" PL S(d)SPL(d)
k
1 k 0 O Xks1 §/2 0 (10)
- 0 1 0 0 xks1 | K 0 Wk$1,1
0 0 1 « w1 0 212 wisi2
0 0 0 1 |y 0 K where PL(d) Ng(PL°(d); ), PL (d)=(PLi(dy),

(6) PL3(dy),...,PLy(ds)) is the mean path loss from each BS,
fimd s is the covariance matrix. By assuming that the noise is
6}ndependent identically distributed (i.i.d.), then the logarithm

between timé S 1 andk. L o L
The measurement equation can be found from AulinOs s%'éf—gggr?s;nl?g; Is the log product of the sample likelihood

tering model (2)B(4), which can be written in discrete form as
P
Zx = h(Xk, ) = M, COS( ctk + n,tk + n,)+ V(tk)

where  is a (possibly nonuniform) measurement interv

1
n=1 L ( |PL 5(d)) = log
@ (2 )58 2 (det( )®?
where s T

2 X y? 5 S PLS(d) S PL °(d)
ne = —— %7K (cos(xS n,)cos n,) 8) s=1 )

éz gl s S B S
ne = —— (XK COS 1, COS n, + Vi SIN 1, COS p, x—- PL(d)S PL(d)

+ 08I 0 )+ o, 9) (11)
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whereS is the total number of samples. By maximizing (11) IV. EKF APPROACH FORMS LOCATION AND
prst with respect t®L S(d), the score function yields VELOCITY ESTIMATION
s Consider the general discrete-time dynamical system model
S— _ 1 s described in (5). Let the known probability density functions
PLo(dv) = S . PL5(0b) b {12...B} (12 (pdfs) of the process noisey and the measurement noieg

be p(wy) and p(vy), respectively. As usualyy andvy are
assumed to be mutually independent. The set of entire mea-
surements from the initial time step to time stejs denoted
byZy = {zi}};l . The distribution of the initial conditiorg is
assumed to be given Ip(xo|Zo) = p(Xo).

B L PL3(dy)SPL(doy) The EKF is based on linearizing the nonlinear system models
d, =10 s=1 (13) around the previous estimate. The general algorithm for the
discrete EKF can be described by the time-update equations,

is the MLE for the distance of thith BS from the MS. Next, Which are given as [12]
we perform triangulation using the least-squares error method

Solving ford using the invariance property of the MLE [11], it
can be shown that

[25] to estimate the MS locatiofxo, Yo) by solving Xk = f(Xks1,0)
P = AkPks1Af + WiQis1W g (15)
B
arg min (dp S dp)? . (14) and the measurement-update equations are given as
X0,Yo
b=1

: . o o Kk = PkHg HkPyHg + ViRV
The performance of this location estimation algorithm is dis-

cussed through numerical results and compared to the following Xk = Xk + K (2« S h(xk, 0))

algorithms in Section VII. P =(1 SK¢H)Py (16)
In the next section, the EKF approach that employs the chan-

nel model of Aulin to estimate the MS location and velocity isvhereA ., W, V, andH ¢ are shown in (17) at the bottom

discussed. of the pageK is the gain matrixP is the estimation error
1 ¢ 0 O
_ f } _ 0 1 0 O
Ak - 7(Xk5110) - 0 0 1 K
0 0 0 1
f 212 8
w k = 7W(Xk§luo) = Ok E/Z
0 K
h
Vi = T(XK,O) =1

Hk:LX(Xk,O):[Hlk H2k H3k H4k]

P

. 2
H1 = Mesin( ¢tk + n,tk+ n,) —cos(n,)cos( n,)
n=1
P &, sin( ot oot 2L
H2, = My sin( ¢tk nk Lk nk) Wcos(nk)

n=t  (XkC0S(k S n)* Yksin( kS n))

. 2
H3 = M,sin( ¢tk + n,tk+ n,) —sin( n,)cos( n,)
n=1
P & ; 2t
H4y = Srncsin( ctk + netc+ ny) WCOS( ) a7)

n=1  (ykcos(kS n)Sxksin( kS )
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covariance, andy = arctan( yx/ Xx). The notatiorky denotes Although this choice of proposal function results in higher

the a priori state estimate at time stép andxy denotes the Monte Carlo variations than the optimal, it is usually simple to

a posterioristate estimate when given measurenzgnP, and implement.

Pk are similarly debned. The time-update stage of the generic PF [27] is performed by
As in any nonlinear estimation problem, the convergengassing the random samplescs1(]j )}J-N:1 through the system

of the EKF to the true value of the location depends omodel (6) to obtain the time-updated samdlgg(j )}]-N:l.The

the initial parameter value; therefore, we Prst develop thitne-updated samples are obtained by

MLE method to obtain an initial estimator of adequate accu-

racy for the EKF. This hybrid algorithm, as numerical results xk() = f(xks1(G), Wrs1()) (20)
indicate, has improved accuracy for the bnal MS location
estimate. wherewys1(j ) is a sample drawn from the pgfwyg1) of the

The aforementioned EKF utilizes the Prst term in gystem noise. The samplés (] )}J.N:1 are distributed as the
Taylor expansion of the nonlinear measurement model in (fime-updated pdp(Xk|Zks1).
It always approximate®(x|Zx) by using a Gaussian dis- The measurement-update stage can be described by substi-
tribution. However, if the true density is non-Gaussian, thentgting the choice of proposal distributiaix |[Xxs1(j ), zx) =

Gaussian model may not precisely describe it. In such casgs«,|x,s1(j)) into (19) and normalizing, which yields
PFs yield an improvement in performance in comparison to

that of an EKF. The design of the PF is discussed in the next ) P (z|xk(j))
section. k0)= —x - (21)
i=1 P(zIxk ()
V. PF APPROACH FORMS LOCATION AND We debne a discrete density oerk(j)}/L; with proba-
VELOCITY ESTIMATION bility mass «(j) associated with each samptg(j). Then,

, . ) ) we get the measurement-update sampigg| )}J-N:l through a
The PF is a technique for the implementation of a reCUfS'YSsampling process such tHat{ x, (i) = xk(j)} = «(j) for

Bayesian Plter by Monte Carlo simulations. The key idea Ig\ i several resampling schemes are presented in the litera-
to represent the required posterior density function with gce s,ch as systematic [28], stratiPed, and residual resampling
set of random samplepxy(j)}j=; with associated weights 9] However, the specibc choice of resampling scheme does
{ «()}%; and to compute estimates based on these sampigs signibcantly affect the performance of the PF. Therefore,
and weights. In this case, the posterior density at kmean be systematic resampling is used in all of the experiments in
approximated as Section VII since it is simple to implement. The estimate of
the PF at timek is chosen to be the mean of the samples
- &y (i {xk()}% -

P(XklZk) - k() (i Sxi)) - (18) ™| the next section, an approximate version of the optimal

= proposal distribution is considered in order to have a more

We therefore have a discrete weighted approximation to the tl%%curate MS location estimate.

posteriom(xk|Zk). The weights are chosen using the principle

of importance sampling [26] VI. UPF APPROACH FORMS LOCATION AND

. . . VELOCITY ESTIMATIONS
P(zk Xk () P(Xk () Xks12())

k() q(xXk(i)Ixks1(), zx)

(19) The UPF results from using a scaled unscented transforma-

tion (SUT) method to approximate the optimal proposal dis-

where g(x«(j )|[Xks1(j ), z«) is the importance proposal distribution within a PF_ framework. The SUT provides more
tribution function that generates the samplles (j )}J,N:1 “The accgrate approximation than linearization method; [14]. Iq
choice of this distribution function is one of the most critParticular, the SUT accurately calculates the posterior covari-
ical design issues, and it determines the type of the Fafice to the third order, Wherea_s Ilnearlzatlon mgthods such as
The optimal proposal distribution function that minimizes thé€ EKF rely on a prst-order biased approximation. The SUT
variance of the weights conditioned ofs1(j) and z is Method is introduced next.
A(Xk[Xk&1(1)s Zk)opt = P(Xk|Xks1(] ) Zk) [26].
_ Ho_wever, anal_ytlcal evaluation of the optimal pro_posal fun(:,A-\_ SUT Method
tion is not possible for many models, and thus, it has to bé
approximated using local linearization [26] or the unscented The SUT method still approximates the proposal distribution
transformation [14]. In this paper, the unscented transformatibg a Gaussian distribution, but it is specibPed using a minimal
method is considered, and the resulting plter is called the UREf of deterministically chosen sample points. These sample
which is described in Section VI. points completely capture the true mean and covariance of the
Nonetheless, the most popular choice of proposal funGaussian distribution, and when propagated through the true
tion is the transition prioq(X |Xks1(j ), zx) = p(Xk|Xks1(j)). nonlinear system, they accurately capture the posterior mean
This Plter is called the generic PF and is discussed heresmd covariance to the third order for any nonlinearity.
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Consider the state equation described in (5). For simplicityriginal state and noise variables s =[x} w/ v]". Then,
let xx = f(xkg1), wherexyg; is anny dimensional random the SUT sigma point selection scheme is applied to this new
vector, and assume thakg; has mearxys; and covariance augmented state vector to calculate the corresponding sigma
Pws1. Then, a set of2n, +1 weighted samples or sigmamatrix {. The complete UPF is described as follows [14].
pointsS; = {W;, X} are deterministically chosen so that they 1) Initialization (k = 0): Draw the particles{o(j)} -,
completely capture the true mean and covariance of the prior  from the priorp(x,), and set
random vectorxgsi. A selection scheme that satisbes this
requirement is [14] Xo(j) = E [xo(j)]

0, — v « ~ _
ks1 = *k81 Po(i)=E (xo(j) S %o(i)) (xo(i) S Xo(i))"
ks1 = Xks1t  (Nx+ )Pys1 i=1,...,Nnx . . 1 T

! X8()= EX3()= (%o()" 0 0
L§1:7kélé (nx+ )Pys1 i=ny+1,...,2ny

P8()=E (x§()Sx3()(x5() S %)’

W ™ = 1 (ny+
° () Po(i) 0 0
W = [ (ne+ )+LS 2+ ) -0 %2 (23)

W™ =w =1/ {2(nc+ )}, i=l..20 (22 whereE [.] is the expectation operator.

2) Now, fork =1,2,..., the importance sampling step is
performed by the following steps.
a) Calculate the sigma points

where = 2(ny+ )Sny; , ,and are scaling parame-
ters; and( (nx + )Pys1)i is theith row or column of the
matrix square root ofny + )Pyg:. Each sigma point is now
propagated through the nonlinear functiéf = f(X|s;),i =
0,...,2ny. The estimated mean and covariance xQf are
computed as follows:

ks1() = Xgs1()XRs2() £ (na+ )PRsi() - (26)

b) Perform the time-update stage as

X\ —

Xy = w.(m i} k()=1  ks1(). ks1()

Pe=  wo (23)

These estimates of the mean and covariance are accurate to the
third order for any nonlinear function. In comparison, the EKF
only accurately calculates the posterior mean and covariance #®«(j) = h

the prst order, with all higher order moments truncated.

B. UPF Design

B 2Na
(@)= W™ %)
i=0
2N,
Pe(i)= W
i=0

S x() 50 SxG) T

XGQ)s Beal)
2Na

z()= W™z ().
i=0

(27)

The UPF uses the same framework as the regular PF, except c) Perform the measurement-update stage as

that it approximates the optimal proposal distribution by a
Gaussian distribution using the SUT method. In particular, the
SUT is used to generate and propagate a Gaussian proposal™* ¢

distribution for each particle to get

N (Xk(i), Px(i))

andj =1,...,N. That is, at timek S 1, the SUT is used

A (Xk () IXks1(): Zk) opt (24)

with the new data to compute the mean and covariance of the
Pk (i) = Px(i) S KkPz 2, Kk

importance distribution for each particle. Next, fith particle
is sampled from this distribution.

The description of the UPF approach in this section is mainly
based on the study in [14]. In the implementation of the UPF,
the augmented state vector is debPned as the concatenation of the

2n

Wi(c) Zix () Szk(i)  Zik (i) S z(i) '
i=0
2na
Wi(C)
i=0

() SXk()  Zik() S () T

PXka

Kk = Pruze PSL L xi(i) = Xkl) + Kie 2 S z(j)
(28)

and then sample  (j) from (X (j )IXks1(j), zc) =
N(xx(),Px())-
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d) Evaluate the importance weights as

Pz xk () poXxk (5)Ixks1())
k() : : (29)
a Xk (1)xks1(), 2«

and then normalize the importance weights jfor
1,...,N.

3) Finally, a resampling process such as systematic re-
sampling is performed to obtaiN random particles
(xk(),Pk(j)), and the output is generated in the same
manner as that for the generic PF.

In the next section, numerical examples are presented to
illustrate the accuracy of the proposed algorithms.

VII. NUMERICAL RESULTS

In this numerical example, the performance of the proposed
MS location and velocity estimation algorithms is determined.
We consider brst the ML estimate of the MS location, in which
we employ a typical, yet realistic, wireless communication
simulation setup. The service area consists of a 19-cell cluster.
The BSs are placed over a uniform hexagonal pattern of cells
that are centrally equipped with omnidirectional antennas. MSs
are randomly placed in the central cell, and the number of
arranged users is 1000. Path-loss expongnis 3.5, path-
loss variance g is 8 dB, reference distancey, is 200 m
for all b [30], cell radius is 5000 m, the number of samples
S is ten, the number of BSs for triangulation is bve, radio-
frequency is 900 MHz, and 100 Monte Carlo simulations were
performed.
Next, we consider the simulation setup for the EKF, the PF,
and the UPF approaches that employ AulinOs channel model for
MS location and velocity estimation. The simulation setup for
the MLE approach remains the same; it is only now that we
are trying to locate a single MS. The envelope of the received
signal for all paths , Os is generated as Rayleigh i.i.d. RVs witkig. 2. (a) Location and (b) velocity estimates of a moving MS generated by
a parameter of 0.5a,, ,, and , are generated as uniformdifferent piters.
i.i.d. RVsin[0,2 ],[0,0.2 ],and[0, 2 ], respectively. The total . .
number of path® is six (which represents urban environment)VNere MCi'S, the number of performed MonTte Carlo simula-
The blters have the following parameters: The number of tintl'Qr?S' andxi, |sTthe Plter p‘?s'“"” estimaig, y). [or velocity
steps (measurements) is 50, with = 0.1 s: the process noise estlmat_e(x, y)'] at time k in Monte Carlo runi. The overall
covarianceQ and the measurement noise variaikcarel o« » RMSE is dePned as
and 0.01, respectively, whetgx, is the 2-D identity matrix; C e
the initial pdf of the MS position is assumed to be uniform ov E= 1 1 i & ytue T yi & ytrue (31)
the entire cell size, which represents the worst case as far as L .., MC k= Tk k= 7k
choosing an initial pdf is considered; the initial pdf of the MS
velocity is Gaussian distributed, with a mean of 65 m/s andygereL is the total number of simulation time steps after the
variance of 10; and the number of particles is 500. The SWbnvergence of the blter.
parameters are setto=1, =0,and =0, and Pnally,the  Fig. 2(a) and (b) shows one realization illustrating the conver-
mean estimate of all particles is used as the Pnal estimate. fe@ce of the proposed algorithms to the real position and veloc-
position (or velocity) root mean-square error (RMSE) is us&f) of a moving MS, respectively. Fig. 3 shows the position and

as a performance measure and is dePned as velocity RMSE for each time according to (30), respectively,
and the overall position and velocity RMSESs of the convergent

g Moo . runs using (31) are shown in Table I.
RMSHEKk) = e Xj S xfUe © xS xpue  (30) In Fig. 3 and Table I, it can be noticed that the accuracy

i=1 of the MLE approach is satisfactory. However, in realistic



OLAMA et al: POSITION AND VELOCITY TRACKING IN MOBILE NETWORKS 1009

Numerical results for typical simulations, including thosel7] F. Gustafsson, F. Gunnarsson, N. Bergman, U. Forssell, J. Jansson,

in the presence of parameters uncertainty show that they are R. Karlsson, and P. Nordlund, OParticle blters for positioning, navigation,
. . ’ and tracking,dEEE Trans. Signal Processiol. 50, no. 2, pp. 425D437,
highly accurate and consistent. The performance of the PF and gy 2002

the UPF estimation methods is superior to the EKF. This B8] H. Jwa, S. Kim, S. Cho, and J. Chun, OPosition tracking of mobiles in a
due to the Sensitivity of the EKF to the initial condition and cellular radio network using the constrained bootstrap bPlteRP@m Nat.

. . .. . Aerosp. Electron. ConfDayton, OH, Oct. 2000, pp. 661D665.
Gaussian assumptions. An alternative is to use the ML eStlmﬁrﬁ R. Karlsson and N. Bergman, OAuxiliary particle blters for tracking a

that employs the lognormal channel model as the initial EKF  maneuvering target, ORtoc. 39th IEEE Conf. Decision Contidbydney,
state. The use of nonlinear models and/or non-Gaussian nojse Australia, Dec. 2000, pp. 3891D3895.

is th . | . fthe i . [920] R. Karlsson and F. Gustafsson, ORange estimation using angle-only target
IS the main explanation of the improvement in accuracy over tracking with particle Plters,O Rroc. Amer. Control Conf.Arlington,

linear algorithms such as the EKF. These methods also excel VA, Jun. 2001, pp. 3743D3748.

in using inherent features of the cellular system, ie., thé%/l] T. S. Rappaport,\NlreIe_ss Communlgatlons: Principles and Practice
L . . . 2nd ed. Englewood Cliffs, NJ: Prentice-Hall, 2002.

support existing network infrastructure and channel S|gnal|rig2i 3GPP TS 05.08 V8.19.0 (2003-11), pp. 15023 and pp. 28041, 2004.

e assumptions are knowledge o € channel and access to -07- igital cellular telecommunications system ase 2+);
Th t k led f the ch | and t02003-07-18 Digital cellul I Ph 2
the instantaneous received beld, which are obtained through Mobile radio interface layer 3 specibcation; Radio Resource Con-

h | di les f h . L = trol (RCC) protocol (3GPP TS 04.18 version 8.19.0 Release 1999)
channel sounding samples from the receiver circuitry. Future 2003-07-19 Radio subsystem link control. [Online]. Available: http:/

work will focus on generating efpcient channel estimation webapp.etsi.org/key/queryform.asp
algorithms to remove the assumption on partial knowledge [8fl B. Sklar, Digital Communications: Fundamentals and Applications

- . L. 2nd ed. Englewood Cliffs, NJ: Prentice-Hall, 2001.
the channel. Work on building a pilot application to test th94] T. Kailath, Lectures on Linear Least-Squares EstimatioNew York:

performance of the PF and/or the UPF in realistic conditions = Springer-Verlag, 1976.

is ongoing, together with the incorporation of channel-modgRS] C. Wong, M. Lee, and R. Chan, OGSM-based mobile positioning using
; . | ith WAP,O inProc. WCNC Sep. 2000, vol. 2, pp. 874D878.
parameter-estimation algorithms. [26] A. Doucet, S. Godsill, and C. Andrieu, OOn sequential Monte Carlo

sampling methods for Bayesian blterin@tat. Comput.vol. 10, no. 3,
pp. 1979208, Jul. 2000. .
[27] N. Gordon, D. Salmond, and A. Smith, ONovel approach to nonlinear/non-
REFERENCES Gaussian Bayesian state estimatidPr@r. Inst. Electr. Eng., Fvol. 140,

[1] ORevision of the commission rule to ensure compatibility with enhanced no. 2, pp. 107D113, Apr. 1993.

911 emergency calling system,O Fed. Commun. Commission Reports @8 G. Kitagawa, OMonte Carlo blter and smoother for non-Gaussian nonlin-
Orders 1996. [Online]. Available: http://www.fcc.gov/Bureaus/Common_ ear state space modeld,GComput. Graph. Statvol. 5, no. 1, pp. 1925,
Carrier/Orders/1996/fcc96325.pdf Mar. 1996.

[2] J. Reed, K. Krizman, B. Woerner, and T. Rappaport, OAn overvigi@9] J. Liu and R. Chen, OSequential Monte Carlo methods for dynami-
of the challenges and progress in meeting the E-911 requirement for cal systems,0. Amer. Stat. Assqgcvol. 93, no. 443, pp. 1032D1044,
location service, EEE Commun. Mag.vol. 36, no. 4, pp. 30D37, Sep. 1998.

Apr. 1998. [30] ETSITR 101 115 V8.2.0 (2000-04), Annex V.A. Digital cellular telecom-

[3] I. Papageorgiou, OMobile receiver localization with an enhanced received munications system (Phase 2+); Background for Radio Frequency (RF)
signal level, 0 M.S. thesis, Dept. Elect. Comput. Eng., Univ. Cyprus, requirements. [Online]. Available: http://ham.zmailer.org/oh2mak/GSM/
Nicosia, Cyprus, May 2006. GSM-05.50.pdf

[4] Virtuele Haven Consortiur,ocation Based Services, Services and Tech-
nologies pp. 9921, 2002.

[5] CELLO ConsortiumgCellular Location Technol.pp. 1D21, 2001.

[6] 3GPP TS 03.71 V8.8.0 (2004-03), pp. 101-110, 2003-01-09 Digital
cellular telecommunications system (Phase 2+). [Online]. Available:
http://webapp.etsi.org/key/queryform.asp

[7] 3GPP TS 25.305 V6.1.0 (2004-06) Universal Mobile Telecommunica-
tions System (UMTS); User Equipment (UE) positioning in Univer-
sal Terrestrial Radio Access Network (UTRAN); Stage 2. [Online].

Available: http://webapp.etsi.org/key/queryform.asp

[8] Symmetricom,Location of Mobile Handsets, The Role of Synchroniza-
tion and Location Monitoring Units2002. White paper.

[9] M. Hellebrandt, R. Mathar, and M. Scheibenbogen, OEstimating position
and velocity of mobiles in a cellular radio networkfEE Trans. Veh.

Technol, vol. 46, no. 1, pp. 65D71, Feb. 1997. Mohammed M. Olama received the B.S. and M.S.
[10] M. Hellebrandt and M. Scheibenbogen, OLocation tracking of mobiles (prst-class honors) degrees in electrical engineering
in cellular radio networks,@EEE Trans. Veh. Technolvol. 48, no. 5, from the University of Jordan, Amman, Jordan, in
pp. 155801562, Sep. 1999. 1998 and 2001, respectively. From 2001 to 2003,
[11] P. Zehna, Olnvariance of maximum likelihood estimatodsi@ Math. he completed 33 credit hours for the Ph.D. degree
Stat, vol. 37, no. 3, p. 744, Jun. 1966. with the Applied Science Department, University
[12] G. Bishop and G. WelchAn Introduction to the Kalman Filter Chapel of Arkansas at Little Rock. Since August 2003, he
Hill, NC: Univ. North Carolina, 2001. has been working toward the Ph.D. degree with the
[13] M. Arulampalam, S. Maskell, N. Gordon, and T. Clapp, OA tutorial on par- Electrical and Computer Engineering Department,
ticle blters for online nonlinear/non-Gaussian Bayesian trackifitE@ University of Tennessee, Knoxville.
Trans. Signal Processvol. 50, no. 2, pp. 174D188, Feb. 2002. From 1999 to 2001, he was a Fulltime Control

[14] R. van der Merwe, A. Doucet, J. de Freitas, and E. Wan, OThe unsceredineer with the National Electric Power Company, Amman. He held an
particle blter,O imdvances in Neural Information Processing Systemsnternship position with the Oak Ridge National Laboratory, Oak Ridge, TN,
Cambridge, MA: MIT Press, Dec. 2000. in summer 2007. His research interests include modeling, power control, and

[15] T. Aulin, OA modibed model for fading signal at a mobile radio channell@zation services for wireless networks; estimation and identibcation; control
IEEE Trans. Veh. Technolol. VT-28, no. 3, pp. 182D203, Aug. 1979. over communication networks; wide-area measurement systems; supervisory

[16] I. Papageorgiou, C. Charalambous, and C. Panayiotou, OAn eantrol and data acquisition (SCADA) systems; and discrete event systems.
hanced received signal level cellular location determination method viaMr. Olama is a member of the Phi Kappa Phi Honor Society. He received
maximum likelihood and Kalman bltering, ORiroc. WCNG 2005, vol. 4, the Scholarly Activities Research Incentive Fund (SARIF) Summer Graduate
pp. 2524D2529. Research Assistantship for two consecutive years (2006 and 2007).



