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Abstract: Filtering of infonnation with respect to position is believed to be an important 
factor in order to increase revenue of 2.5 and 30 cellular communication 
networks. We present a technique, which in conjunction with enhanced cell-id 
positioning methods has the potential to provide relatively inexpensive 
positioning with improved accuracy, wide coverage, and low system impact. 
The idea is to compare measurements of location sensitive parameters done by 
the receiver with a database. This process gives rise to primary position 
estimates, which is filtered by a secondary estimation procedure based on 
hidden Markov modeling. The position error is less than 24.1 meters 67% of 
the time and within 71.3 meters 95% of the time. 
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1. INTRODUCTION 

Many network operators see filtering of information with respect to 
position as an important condition in order to increase revenue of their 2.5 
and 30 cellular networks. User terminal positioning in cellular 
communication systems of today is typically done using techniques based on 
a) OPS receivers in handsets, b) time-difference measurements from base
transceiver-stations (BTSs), and c) enhanced cell-id methods. None of these 
techniques have yet proven superior in terms of accuracy, cost, system 
impact and coverage. For most network operators it is natural to begin using 
enhanced cell-id in order to provide positioning in their cellular networks. 
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Enhanced cell-id methods are less expensive and have less system impact 
compared to the a) and b) methods. The accuracy obtained today in 
enhanced cell-id systems is from about 75 meters up to kilometers depending 
on the network in a specific area. Researchers are thus working on various 
methods of improving the accuracy of enhanced cell-id positioning. 

One of the methods with the potential to further improve the accuracy of 
enhanced cell-id is based on database comparison of location sensitive 
parameters. In such systems location sensitive parameters along roads are 
mapped and stored in a database. Later the same parameters are measured by 
moving user terminals and compared with a database to yield position 
estimates. In [1], [2] and [3] the received power level (RXLEV) from 
surrounding BTSs is used for comparison. The parameter used in this paper 
is the channel impulse response (CIR) envelope as estimated from 
measurements in wideband mobile communication systems like the UMTS 
and Digital Audio Broadcasting (DAB). 

We have chosen the CIR because scattering environments near the virtual 
line between the transmitter and the receiver influence the measured 
wideband CIR as a function of location. Although any location dependent 
parameters, scalar or vector, measured by the user terminal or the BTS may 
be used for location using the described set up. 

Location database 
• Mapped ems 
• Digital maps 

Figure 1. Possible system architecture 

A possible architecture for a system using database comparison to yield 
position estimates may look like Figure 1. Here the processing load is put on 
a location server at the BTS. The user terminal may also perform the 
positioning processing requiring the location database to be available, e.g. on 
a CD in a vehicle set-up. 
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We divide the processing performed by the location server into two parts. 
First the database comparison is carried out. This produces what we refer to 
as the primary position estimates. These positions are input to the secondary 
estimation procedure. In [4] we used a Kalman filter (KF) to perform 
secondary estimation. In this paper we use a hidden Markov model (HMM) 
based estimator instead of the KF. In the sections below we present the 
primary and secondary estimation procedures, test system set-up, results and 
conclusions. 

2. DATABASE COMPARISON 

2.1 Location sensitive parameters 

The most sensitive location dependent parameters measured by the user 
terminal or the BTS is the RXLEV and the eIR. The RXLEV from nearby 
BTSs is measured by the user terminal both in idle and in dedicated mode. In 
cities where the density of BTSs is high a relatively unique pattern is 
measured with respect to position. This is because the user terminal is 
monitoring RXLEV from many neighboring BTSs. In environments where 
the density of BTSs is low, e.g. rural and mountainous areas, the measured 
pattern is likely to be less unique. 

In urban and mountainous areas there is most of the time a non line-of
sight path between the transmitter and the receiver. The main propagation 
mechanism is therefore by scattering from the surface of obstacles and 
diffraction around them. In practise energy arrives via several paths and a 
multipath situation is said to exist at the receiver. When measured by a 
wideband receiver, the eIR yields an estimate of the number of multiple 
propagation paths as well as their relative delay and strength. The 
uniqueness of the eIR depends on the topography of the area and the system 
bandwidth, e.g. built-up and hilly areas experience more distinct eIRs than 
flat areas when measured by a wideband receiver. The eIR is measured both 
by the user terminal and the BTS in dedicated mode. 

2.2 Channel measurements 

Measurements have been carried out using a channel sounder constructed 
to perform outdoor eIR measurements in the 900 and 1800 MHz ranges. It 
was designed and implemented by Siemens AG. A detailed mathematical 
description is given in [5]. The pulse repetition frequency and bandwidth 
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were set to 195.3 Hz and 5 MHz respectively. Four different routes in urban 
and suburban areas of Munich were measured. The route length varied from 
400 to 800 meters. Several measurement runs were performed along the 
same routes. 

2.3 Constructing the database 

The database may be constructed in two ways. One is to process real 
measurements taken from a vehicle moving along the streets in the coverage 
area of the mobile communication system. The other way is to process 
predictions using state-of-the-art radio planning tools. The latter enables 
comparison to be performed also outside the streets. In this paper we use the 
fIrst method to build a database. The streets are divided into elements of 4 
meters. All the measured CIRs within each street interval are averaged to 
yield one database item for every 4 meters street interval. 

2.4 The processing steps of database comparison 

The processing steps of the database comparison are described in detail 
in [4]. Basically the measured CIRs of the user terminal are processed 
identically to the ones in the database, except that averaging is performed 
over 0.5 seconds instead of over 4 meters. At time steps, I, each of the 
averaged CIR vectors, denoted (I) , is compared with the database, denoted 
U, and a vector cost-function, denoted is calculated. This cost
function displays the similarity between the measured CIR and the ones in 
the database along the road. The primary position estimates, denoted y(l), 
may now be calculated according to the least Euclidian distance criterion, 
see [6] section 4.6, at every time step I. 

Due to problems with ambiguity and reproducibility of the measured 
CIRs, the errors of the primary position estimates are relatively large, see 
discussion in [4]. The use of HMM enables street and vehicle motion 
modeling. The model is used to design an HMM based estimator, which 
performs the secondary position estimation. In the following sections we 
discuss how this technique may be used to obtain a relatively accurate and 
robust positioning system. 
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3. IDDDEN MARKOV MODELING 

3.1 Introduction 

HMMs [7] have been used in a wide range of applications, e.g. 
bioscience, control, communication, and image, speech, and signal 
processing. A main application of HMMs is speech recognition systems. 
One characteristic of speech recognition is that the speed of the various 
speakers is variable. It is thus necessary to compress or expand time in order 
to match measurements with a recorded database. This feature is normally 
referred to as dynamic time warping. In our database comparison system a 
similar situation occurs. The database records are coupled with discrete 
positions along streets in the coverage area, but the user terminals to be 
located have different velocities. 

3.2 The hidden Markov model 

A discrete Markov process (chain) may be described as a system being in 
one of N distinct states, denoted SI'S2'''' 'SN' as illustrated in Figure 2 
(where N = 5 for simplicity). At regularly spaced discrete times, the system 

Figure 2. A left-right Markov chain with 5 states and state transitions 

undergoes a change of state (possibly back to the same state) according to a 
set of transition probabilities associated with the state. We denote the time 
instants associated with state changes as I = 1,2, ... , and we denote the actual 
state at time I as q(l). The state transition probabilities, denoted aI}, are 
defined by 

al} = p( q(l + 1) = 5) I q(l) = Sj), i,j E {1,2, ... ,N} (3.1) 

i.e. the probability that the model will be in state Sj at time 1+1 if it was in 
state S, at time I, where N is the number of states. This stochastic process is 
called an observable Markov model because the output of the process, y(l) , 
is mapped one-to-one to the states. In our research we have used a hidden 
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Markov model, which we denote l· (A, B, "'), where the observed output, 
y(/) , is viewed as a probabilistic function of the state [8]. In our case each 
state is a position interval along the road. The observation symbol 
probability distributions, bij, are defined by 

bij = P(y(/) = Sj Iq(/) = s,), i,j E {1,2, ... ,N} (3.2) 

i.e. the probability of measuring (observing) state Sj when the model is in 
state Si at time I. The initial state distribution, 1lj, is defmed by 

Hi =P(q(l)=s,), iE{I,2, ... ,N} (3.3) 

i.e. the probability that the model will be in state Si at time 1=1. 

3.3 Parameter estimation 

The transition probability distributions, denoted A = [ alj 1, are estimated 
from the speed distribution of vehicles in the coverage area. the observation 
symbol probability distributions, denoted B = [blj J, are estimated directly 
from the cost-functions, resulting from the primary comparison process, 
described in [4]. The initial state distributions, '" = [H;] , may be estimated 
from enhanced cell-id positioning methods. In our system we have assumed 
that the initial position is known. 

3.4 State (position) estimation 

Secondary position estimation using hidden Markov modeling is 
performed at time step I, by fmding the "optimal" state sequence associated 
with the given observation sequence, denoted Y = [y(1),y(2), ... ,y(/)]. Our 
optimality criterion is simply to choose the states q(l) which are individually 
most likely, at each time step I. This optimality criterion maximises the 
expected number of correct individual states. Note that we have not used the 
more complex Viterbi algorithm, which calculates the most probable state 
sequence, in our processing. To implement our solution the variable 

(3.4) 

is introduced. This variable expresses the probability of being in state Sj at 
time I, given the observation sequence, Y, and the model, ,t. The calculation 
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of this probability was performed by using the relatively effective forward
backward algorithm, [9] and [10]. 

4. TEST SYSTEM 

Four different routes were measured several times by the channel 
sounder. For each route the first CIR measurement run was used as database. 
The second was used to train the observation symbol probability 
distributions, B = r bi} 1 , of the HMM. The rest were used to estimate position 
using the previously described estimation procedure. 

5. RESULTS 

The results are based on about 12 km of distinct positioning trails using 
the described system set-up. The cumulative error distributions of the 
primary and secondary positioning process are depicted in Figure 3. The 
error using the HMM based estimator is less than 24.2 meters 67% of the 
time and within 71.3 meters 95% of the time. 
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Figure 3. Cumulative error distribution of the 
positioning process of urban and suburban areas of 
Munich 

6. CONCLUSIONS 

We have tested a cellular positioning system based on database 
comparison of the channel impulse response and hidden Markov modeling 
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of streets and vehicle motion. This is believed to be a way of increasing the 
accuracy of enhanced cell-id positioning systems used by network operators 
today. 

Technology based on database comparison and HMMs is relatively easy 
and inexpensive to integrate in networks and standard mobile handsets. The 
accuracy obtained is satisfactory for most of the location-based services due 
to be introduced in cellular networks during the next years. 
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