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ABSTRACT 

 
 This paper presents a new two-step Cellular Location Determination (CLD) method based on signal strength and 
wave scattering models. The Received Signal Level (RSL) method is first used in combination with Maximum 
Likelihood Estimation (MLE) and triangulation to obtain an estimate of the location of the mobile. Due to Non Line 
Of Sight (NLOS) conditions and multipath propagation this estimate lacks acceptable accuracy and consistency for 
demanding services, as numerical simulations reveal. Thus, the wave scattering 3D multipath channel model of Aulin 
is employed together with Extended Kalman Filtering (EKF) to obtain improved location estimates with high 
accuracy. The EKF is initialized at the MLE obtained from the RSL method, which is proved to be highly appropriate. 
Numerical simulations are presented under urban, suburban, and rural environments, to evaluate and demonstrate 
the accuracy and consistency of the proposed two-step Enhanced RSL method. 
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Abstract— This paper presents a new two-step Cellular 
Location Determination (CLD) method based on signal strength 
and wave scattering models. The Received Signal Level (RSL) 
method is first used in combination with Maximum Likelihood 
Estimation (MLE) and triangulation to obtain an estimate of the 
location of the mobile. Due to Non Line Of Sight (NLOS) 
conditions and multipath propagation this estimate lacks 
acceptable accuracy and consistency for demanding services, as 
numerical simulations reveal. Thus, the wave scattering 3D 
multipath channel model of Aulin is employed together with 
Extended Kalman Filtering (EKF) to obtain improved location 
estimates with high accuracy. The EKF is initialized at the MLE 
obtained from the RSL method, which is proved to be highly 
appropriate. Numerical simulations are presented under urban, 
suburban, and rural environments, to evaluate and demonstrate 
the accuracy and consistency of the proposed two-step Enhanced 
RSL method. 

I. INTRODUCTION 

OCATION Based Services (LBS) is an innovative 
technology that provides information or makes 

information available based on the geographical location of 
the mobile user. LBS is much promising to ameliorate 
everyday life and increment productivity, since they penetrate 
in all relationships: “Business to Business”, “Consumer to 
Business” and vice-versa  [10]. Analysts predict that LBS will 
lead to new applications, generating billions of US dollars 
worldwide  [12] [13]. 

LBS penetration in the market greatly depends on the 
accuracy and consistency of the location estimation, among 
other key variables  [11]. Particularly, emergency services 
require high accuracy in order to be effective. The Federal 
Communication Commission (FCC) mandate for Phase II of 
the E-911 service specifies an accuracy requirement of 100m 
for 67% and 300m for 95% of time for network-based 
solutions  [1]. The requirement for handset-based solutions is 
50m for 67% and 150m for 95% of time. However, the 
wireless channel imposes many difficulties in estimating the 
mobile position, and accurate location estimation is indeed a 
challenge. 
 Multipath propagation and Non Line Of Sight (NLOS) 
conditions highly increase the estimation complexity. Absence 
of a direct path restrains accurate time information acquisition 

and received large-scale power prediction due to shadowing. 
Moreover, multipath propagation results in a time resolving 
problem of multipath components and large fading 
fluctuations of the received signal. 
 The problem of estimating the location of a mobile 
subscriber by processing received information has been the 
subject of much research work over the last few years. The 
current literature and standards in estimating the location are 
based mostly on Time Difference Of Arrival (TDOA), 
Enhanced Observed Time Differences (E-OTD), Observed 
Time Difference Of Arrival (OTDOA), Global Positioning 
System (GPS) e.t.c.  [7], [14], [15], [16], [17], that use time 
signal information, and the Cell-ID method. However, not all 
of these methods meet the necessary requirements imposed by 
specific services. In addition, most of them require new 
hardware (HW) in order to work, since localization is not 
inherent in the current wireless systems, e.g., GPS demands a 
new receiver and TDOA, E-OTD, OTDOA need additional 
Location Measurement Units (LMUs) in the network  [9]. The 
implications of these modifications are very significant 
because such changes result in high implementation costs on 
both consumers and operators. The Received Signal Level 
(RSL) method, even though it appears in the literature, it is not 
standardized in 2G and 3G networks, due to the low accuracy 
performance when it is used as a stand-alone Cellular Location 
Determination  (CLD) method. Similar RSL methods that use 
MLE for location identification have been presented in 
 [4], [5], [6]. However, the reported accuracy is not adequate for 
certain location services. These methods, except from acting 
as stand-alone methods, and thus suffering from low accuracy, 
do not take into account the multiple power measurements 
made frequently  [8] by the mobile unit in order to enhance the 
location estimation. 

In the current paper, a two-step CLD Method is proposed, 
which employs average power and instantaneous electric field 
measurements, in combination with Maximum Likelihood and 
Kalman Filtering estimation techniques to obtain precise 
mobile location estimates, which are consistent with the 
current technologies and standards. The average received 
power measurements, which are employed in Maximum 
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Likelihood Estimation (MLE) to obtain an initial mobile 
location estimate, are readily available through Network 
Measurement Reports (NMR) or Radio Measurements, in idle 
mode and/or active mode, for any mobile unit in 2G and 3G 
cellular networks. These RSL measurements facilitate idle 
mode (e.g., cell selection and re-selection) and active mode 
(e.g. handover and RF power control) tasks  [8], and they are 
continuously available both at the mobile station (MS) and the 
base station (BS). Instantaneous electric field measurements 
based on the well-known 3D Aulin wireless channel model, 
are subsequently employed together with Kalman Filtering, to 
account for multipath and NLOS characteristics of the 
wireless channel as well as the dynamicity of the mobile user, 
resulting in a two-step Enhanced-Received Signal Level 
(E-RSL) method. The Kalman filter estimate of the mobile 
location is initialized at the initial MLE of the mobile location, 
resulting in a highly accurate and consistent final mobile 
location estimate. The Aulin model postulates knowledge of 
the instantaneous received field at the mobile unit, which is 
obtained through the circuitry of the mobile unit. Kalman 
Filtering has been widely used for tracking applications. 
However, to the best of our knowledge, the utilization of a 
Kalman Filter together with the classical wireless channel 
model to extract the mobile location appears to be new. 

The main contribution of this paper is the introduction of a 
two-step CLD method, based on a log-normal channel model 
to account for large scale path loss, and a wave scattering 
channel model to account for the multipath properties of 
wireless data transmission. The new method supports existing 
network infrastructure and channel signaling; moreover, as the 
simulation studies show, it achieves the appropriate level of 
performance with respect to the standards imposed by the  
LBS. 

The current paper is structured as follows. In Section II, we 
derive the mathematical models and algorithms; in Section III, 
we present computer simulation results. Section IV provides 
concluding remarks. 

II. LOCATION ESTIMATION METHOD 

A. Summary of the E-RSL method 
The E-RSL method uses the 3D multipath channel model of 

Aulin  [2], widely used in telecommunications industry, to 
represent the instantaneous received signal. The 
corresponding expression encompasses the location 
coordinates of the moving MS. If we assume knowledge of the 
channel, which is attainable either through channel estimation 
at the receiver (e.g., GSM receiver), or through various 
estimation techniques (e.g., least-squares, Maximum 
Likelihood), the problem falls under the broad area of 
non-linear parameter estimation from noisy data. Thus, under 
certain conditions, Kalman filtering can be applied to estimate 

the MS’s location.  It is further seen that the parameter 
estimation problem can be re-formulated in state-space form 
 [20]. However, due to the non-linearity of the state space 
model, an Extended Kalman Filtering (EKF) is invoked to 
estimate the location. 

 As in any non-linear estimation problem, the convergence 
of the EKF to the true value of the location depends on the 
initial parameter value; therefore we first develop the RSL 
method to obtain an initial estimator of adequate accuracy. The 
RSL method estimates the distance from each BS through 
MLE using power network measurements obtained from 
NMR, and then performs triangulation  [5] using at least 3 BSs 
to find an initial estimate of the MS’s location. 

Thus, by combining MLE and EKF techniques we obtain 
very precise estimates of the location of the mobile, even when 
it is subject to motion. We shall call the estimation of the RSL 
method The Initial Estimate and the one of the E-RSL method 
(using EKF) as The Final Estimate. The initial estimate 
performs a rough localization while the EKF achieves better 
and more precise estimates. 

B. Mathematical Modeling and Algorithms 

B1. The Initial Estimate: MLE 
We initially assume a 2D geometry with the MS located at 

( ),S S Sc x y= , where under bar denotes a vector. The BSs’ 

locations are denoted by 

( ) ( ) ( )( )1 1 2 2
, , , ,..., ,

N NBS BS BS BS BS BS BSc x y x y x y= . In cellular 

networks, the MS preserves and frequently updates, in idle and 
active mode, the received power of the strongest non-serving 
BSs (e.g., in GSM the 6 strongest,  [8]) plus the one of the 
serving cell. Note, that even when a MS is in active mode and 
power control is used, power measurements are not a problem, 
since these are made on Broadcasting Channel carriers, which 
are continuously transmitted without variation of RF level. 

Exploiting these measurements from surrounding BSs we 
shall estimate the location of the MS. Thus, we form the 
likelihood function and then maximize it with respect to the 
distances ( )1 2, ,.. Nd d d dθ = =  from each BS, where θ  is the 
parameter to be estimated. The ML estimator, denoted by 

( )1 2
ˆ ˆ ˆ ˆˆ , ,.., Nd d d dθ = = , represents the most possible MS-BS 

distances based on the measurements available at the mobile 
unit. 

Specifically, we adopt the well-known log-normal 
propagation model  [3] to express Path Loss (PL) as a function 
of distance, since the received signal level is known from 
NMR and the transmitted power is obtained according to the 
transmitter power class  [18]. The log-normal model is: 
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where , is the 

PL from the n-th BS at distance  for the m-th sample,  is 

the close-in reference distance, ε
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n is the PL exponent and 
 represents the shadowing variance due to 

gross variations in the terrain profile and changes in the local 
topography. The parameters  and ε

2(0; )m
nX N σ∼

0n
d n values are important; 

hence they should be estimated or selected with care. The path 
loss exponent depends on the specific propagation 
environment; typical values are 2 - 4, whereas the free space 
reference distance is chosen according to propagation 

environment. These values are either obtained through field 
measurements, or are estimated through additional estimation 
techniques, such as MLE. 

0n
d

Consider the vector measurement for sample m from all N 
BSs, 1 1 2 2( ) ( ( ), ( ),.., ( ))m m m m

N NPL d PL d PL d PL d= . The 
distribution function for this vector is the N-variate 
multinormal distribution: 
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 i.e. ( ) ( ( ); )m m
NPL d N PL d Σ∼ m , where 

( )1 1 2 2( ) ( ), ( ),.., ( )m m m m
N NPL d PL d PL d PL d=  is the mean path 

loss from each BS (over bar denotes a mean value) and 
 is the covariance matrix. Assuming the noise is iid, 

the likelihood function is the product of the sample likelihood 
functions. Thus, it is shown that the log-likelihood function is 
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Maximizing (3) first with respect to ( )mPL d , the score 
function  yields 
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^
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M
m

n n n
m

PL d PL d n N
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Solving for d̂  using the invariance property of the MLE  [21], 
it can be shown that 

0
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is the MLE for the distance of the n-th BS from the MS. Next, 
we perform triangulation using the least squares error method 
 [5] to estimate the location Sc , by solving: 

( )2

, 1

ˆarg min
S S

N

S nx y n

c d
=

nd⎧ ⎫= −⎨ ⎬
⎩ ⎭
∑  (6) 

For the case of 3 BSs, a typical scenario of the uncertainty 
region due to NLOS and multipath conditions is depicted in 
Figure 1. 

One could consider directly ( ),S S Sc x y=  as the estimated 

parameter so as to avoid triangulation which imposes 
significant error estimation, especially as the cell radii 
increases. Nevertheless, in this approach the derived 
likelihood and score functions are complicated functions of 
the random sample and more sophisticated and 
computationally expensive methods are required and should 
be addressed elsewhere. 

 
Fig. 1. A typical scenario of the triangulation uncertainty region 

 

B2. The Final Estimate: EKF 
Here, we employ the basic wireless scattering channel 

model  [2], which assumes that the electric field, denoted by 
E(t), at any receiving point 0 0 0( , , )x y z is the resultant of N 
plane waves (as shown in Figure 2), 

 
Fig. 2. 3D multipath channel of Aulin 



 
 

 

 in which the receiver moves on the X-Y plane having velocity 
υ in a direction making an angle γ to the X axis, given by 

( )
1 1

( )= ( ) cos ( )
N N

n n c n n
n n

E t E t r t t n tω ω θ
= =

= + +∑ ∑ +   (7) 

where ,n na β  are spatial angles of arrival, nω  is the Doppler 
shift, nθ  is the phase shift,  is the amplitude,  is white 
Gaussian noise and 

nr ( )n t

nφ  is the phase of the n-th component. The 
Doppler shift and phase shift depend on the location of the 
receiver and will be defined below. 

Clearly, (7) assumes transmission of a narrowband signal. 
This assumption is valid only when the signal bandwidth is 
smaller than the coherence bandwidth of the channel. 
Nevertheless, the above model is not restrictive since it can be 
modified to represent a wideband transmission by including 
multiple time-delayed echoes. In this case, the delay spread 
has to be estimated. A sounding device is usually dedicated to 
estimating the time delay of each discrete path (e.g., Rake 
receiver)  [22]. 

As will be shown below, the noisy instantaneous received 
field depends parametrically on the location of the receiver. 
Consequently, we can utilize this expression to estimate the 
MSs location through a Kalman filtering estimation. 

Next, we formulate the location estimation as a filtering 
problem in state-space form  [20]. The general form, once 
discretized, is given by 

1( , ,

( , )
k k k k

k k k

x f x u w

z h x v
−=

=
1)−  (8) 

where k is the estimation step, uk are the optional control input, 
zk are the output measurements, and x is the system state and 
must not be confused with location coordinates. Further, in (8) 

are the discrete white, Gaussian zero-mean, 
independent state and measurement noise processes, and Q, R 
are their covariance matrices, respectively, 

, k kw v

( ) ( )

( ) ( )

T
i ik

T
i ik

E w i w k Q

E v i v k R

δ

δ

⎡ ⎤ =⎣ ⎦
⎡ ⎤ =⎣ ⎦
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where δ(.) is the delta function.  
In our case, the state-space form after discretization of the 

electric field (second equation below) is 

( )
1 1

1

( ,0, )

( , ) cos ( )
k k

k k k

N

k k k n c k n k n
n

x f x w

z h x v r t t v tω ω θ

− −

=

=

= = + + +∑ k

 (10) 

Function f(.) may be non-linear depending on the state 
dynamics which follow the Euler-Lagrange equations in the 
general formulation . Clearly, h(.) is a non-linear function of 
the state-space vector, as observed in (10). E.g., if 

0 0, , ,
T

x yx x y υ υ⎡= ⎣ ⎤⎦ where x0, y0 is the reference (starting) 

point and υx, υy are the MSs velocity vector components, then 

( )

( )0 0 0

2 cos( )cos

2 cos cos sin cos sin

n n n

n n n n n

a

x a y a z n n

πυω γ βλ
πθ β β β φλ

= −

=− + + +
 (11) 

In this case, knowing x , the final location can be trivially 
calculated, assuming zero acceleration. Alternatively, if we 
want to estimate directly only the final location ( ),S Sx y of the 

MS, then [ ],S s sx c x y= =  and 

( )
0
2 cos cos sin cos sin

n

n s n n s n n s nx a y a z n

ω
πθ β β β φλ

=

=− + + +
 (12) 

Clearly, the state-space model can be easily extended to 
directly estimate the final location ( ),S Sx y when a non-zero 
acceleration is included.  

The mathematical model (10) is non-linear, therefore we 
use EKF to estimate the MSs location Sc . The general 

algorithm for the discrete extended Kalman filter can be given 
as follows  [19]: 

1

1 1

Time Update Equations
ˆ ˆ( , ,0)k k k

T T
k k k k k k

x f x u

P A P A W Q W

−
−

−
− −

=

= + k

T

 (13) 

1

Measurement Update Equations

ˆ ˆ ˆ( ( ,0))

( )

T T
k k k k k k k k k

k k k k k

k k k k

K P H H P H V R V

x x K z h x

P I K H P
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−
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where 

1 1ˆ ˆ( , ,0),     W ( , ,0)    

ˆ ˆ( ,0),     V ( ,0)    

k k k k

k k

f fA x u x u
x w
h hH x x
x v

− −

∂ ∂
= =
∂ ∂
∂ ∂

= =
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 (15) 

where for simplicity in the notation we did not use under bars 
for vectors and time step subscript k for Jacobians A, W, H, V. 

Lastly, K is the gain matrix and P the estimation error 
covariance.  The super minus notation ˆkx −  denotes the a priori 
state estimate at step k and ˆkx  the a posteriori state estimate 
given measurement zk. Likewise, is the notation for Pk

- and Pk. 
The initial estimator of the EKF is of high importance for 

convergence. Thus, for the initial state of the filter we use the 
estimate found through MLE. 

III. SIMULATION AND RESULTS 

A. The Initial Estimate: MLE Estimation 
For the Initial Estimate of the location we employ a typical, 

yet realistic, simulation setup. The service area consists of a 19 
cell cluster. The BSs are placed over a uniform hexagonal 
pattern of cells which are centrally equipped with 



 
 

 

omni-directional antennas. MSs are placed randomly in the 
central cell and the number of arranged users is 1000. The type 
of environment simulated is designated by the values of , 

σ
0n

d

n, εn (all previously defined) and cell radii Rn. 
Path-loss exponent εn and path-loss variance values were 

taken the same (σn=8dB, εn=3.5, for all n  [23]), though cell 
radii Rn and reference distance  values are different for 

urban and suburban environments having values R
0n

d

n=500, 
2500m, =50, 100m, respectively  [23]. The number of 

samples M is 20, the number of BSs for triangulation is 3 to 7 
and the radio-frequency is 900MHz. We illustrate the 67% and 
95% cumulative distribution function (CDF) values for both 
environments and different number of BSs. E.g., a 67% cdf 
value X (meters) is equal to the 

0n
d

( )Pr ( ) 0.67Error X meters< = . 

 
Fig. 3. 67% and 95% CDF for the Initial Estimate and 3 to 7 BSs: Urban 
Environment 
 

 
Fig. 4. 67% and 95% CDF of the Initial Estimate and 3 to 7 BSs: Suburban 
Environment 

 
It is observed that in urban environments the method’s 

accuracy is below the FCC mandate for network-based 
solutions, and accuracy is improved as more BSs are 
incorporated. Results in suburban environments are also 
satisfactory; however accuracy degrades as the cell radii 
increases. This is due to the increasing error imposed by 
triangulation. It has been also observed that the accuracy 
increases as the number of samples, M, increases and as σ and 
ε decrease, as expected. 

In realistic NLOS and multipath conditions the method will 
not perform so well. Nevertheless, it can be used as the initial 
estimator for the EKF to find a more accurate estimator. The 
initial estimation itself is more accurate than many methods 
proposed in the literature, such as  [4], [5], [6]. In  [4] an RSL 
algorithm using MLE is proposed. Simulations in an urban 
environment are presented and the results show that the 67% 
cdf values are 30-40 meters greater. The estimation parameter 
is directly ( ),S S Sc x y= , but it seems that location is obtained 

graphically. Reference  [5] simulates a microcellular 
environment with cell radiuses 1000m using received signal 
power but achieves best accuracy of only 182m. In  [6], a 
similar algorithm to  [4] is proposed using field measurements, 
and a cellular system with 10 BSs is simulated using the 
Okumura empirical formula. The accuracy reported appears to 
be more or less the same. However, the cell radii seem to be 
much smaller than 500m, thus the accuracy is expected to be 
much less when it is equally compared to this RSL method. 

The main difference of this RSL method is the incorporation 
of multiple samples from each BS in the likelihood function, 
whereas  [4], [5], [6] take into account only one sample from 
each BS. 

B. The Final Estimate: EKF Estimation 
The major contribution of the proposed method is 

accomplished through this second estimation step. An EKF is 
employed utilizing the Initial Estimate as the first location 
estimate. Specifically, the first MLE algorithm passes its 
estimate to the EKF algorithm for final estimation and more 
precise location estimates. It will be shown that this approach 
corrects the Initial Estimate of the ML at a high level of 
accuracy. 

The simulation setup for the Initial Estimate remains the 
same; only now the number of BSs for triangulation is 
typically 5, and we are trying to locate a single MS. However, 
the simulated environment is determined by the 
environment-dependent parameters. All urban, suburban and 
rural (Rn=15000m, =500m)  [23] environments are 

simulated.  We shall choose the case when the velocity is not 
known to estimate the final location of the moving MS. Thus, 
the filter state is 

0n
d

( ),S S Sx c x y= = (see (12)). For simplicity, 

assume zero acceleration .The dynamics of the mobile under 
this scenario are given by 



 
 

 

,      s x sx y yυ υ= =

)

 (16) 
and in discrete time become 

1 1

1 1

( ) ( ) ( )( )
( ) ( ) ( )(

s k s k x k k k

s k s k y k k k

x t x t t t t
y t y t t t t

υ
υ

+ +

+ +

= + −

= + −
 (17) 

thus f(.) in this case is linear and A is a 2 identity matrix. 2×
As previously stated, we assume adequate channel 

knowledge, i.e., αn, βn, φn, rn are known. The number of paths N 
and the distributions of the envelopes rn in (7) depend on the 
environment simulated  [24]. For urban areas and the 
envelopes are Rayleigh distributed due to NLOS conditions. 
In urban and suburban areas typical values of N are 2-6 and the 
envelopes are taken from the Nakagami distribution with 
appropriate parameter value  [23]. Lastly, f

6N ≥

c=2000Hz for 
simulation reasons. 

Consider first the urban environment. Figure 5 illustrates 
the convergence of EKF to the real position of a moving 
MS.

 
Fig. 5. Mobile location estimation in urban environment 

 

 
Fig. 6. Mobile location estimation in suburban environment 

 
The relevant values are marked on the figure; these are the real 

position, estimated position, Initial Estimate error and Final 
Estimate error. We observe that the final estimator is of high 
accuracy, if the Initial Estimate is used as the initial state of the 
algorithm. Specifically, the accuracy is below 10m most of the 
time; here it is 3.9m in comparison to the Initial Estimate 
accuracy of 87.5m. 

Next, the suburban and rural environments are simulated. 
Figures 6 and 7 depict the simulation results, in the same case 
where the MS is subject to motion and the velocity is 
unknown. The correction of the Initial Estimate is evident and, 
additionally, the high accuracy of the method is clear. In 
particular, the Initial Estimates are corrected from the order of 
hundreds and thousands meters down to a few meters. This is 
due to the appropriateness of the Aulin channel model and the 
efficiency of Kalman Filtering in this particular application. 

 

 
Fig. 7. Mobile location estimation in rural environment 

 
Moreover, it has been observed that the consistency and 

performance of the method are very high. Figures 8,9,10 
illustrate the 67% and 95% cdf values of the Final Estimate in 
Urban, Suburban and Rural environments, for different 
number of BSs used in triangulation. It is clear that the E-RSL 
method achieves the FCC mandates for network-based 
solutions in almost all cases. The high estimation error for 
95% of time for the Rural environment is due to the few times 
the method fails and gives a large estimation error. Note, also, 
that the cell radii and other parameters used in simulations are 
worst-case values. 

Lastly, it is seen that the estimation accuracy does not 
improve as the number of BSs used for triangulation increases. 
This is possibly due to the fact that Kalman Filter is very 
sensitive to the initial estimation. 

The high accuracy, consistency and performance of the 
method, makes it suitable to be used in any LBS, and 
particularly those which require high accuracy, such as 
emergency services. 



 
 

 

IV. 

 
Fig. 8. 67% and 95% CDF of the Final Estimate and 3 to 8 BSs: Urban 
Environment 
 

 
Fig. 9. 67% and 95% CDF of the Final Estimate and 3 to 8 BSs: Suburban 
Environment 
 

 
Fig. 10. 67% and 95% CDF of the Final Estimate and 3 to 8 BSs: Rural 
Environment 

 

CONCLUSION 
The new E-RSL CLD method is proposed and the results for 

typical simulations show that it is highly accurate and 
consistent. The assumptions are knowledge of the channel and 
access to the instantaneous received field, which are obtained 
through channel sounding samples from the receiver circuitry. 
The method also excels for using inherent features of the 
system, such as Network Measurements, i.e., it supports 
existing network infrastructure and channel signaling. Future 
work will focus on generating efficient channel estimation 
algorithms, to remove the assumption on complete knowledge 
of the channel . Further, we will work on building a pilot 
application to test the performance of the method in realistic 
conditions. 
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