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ABSTRACT

The numbers of crimes and accidents, among other challenging issues, requiring a mobile application 
with localization capabilities are on the increase. Yet there is under-utilization of location information 
provided by mobile phones. The accuracy and cost of implementation of mobile position localization 
on cellular network have been an issue of research interest. In this paper, the statistical modelling 
of mobile station (MS) position location was carried out using weighted multiple linear regressions 
(WMLR) method. The proposed statistical modelling approach was based on received signal strength 
(RSS) technique. The model improved localization accuracy. The model’s simulated results were 
analysed and compared with the existing MLR using real measured data collected from GSM network 
in a light urban environment in Enugu, Nigeria.
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INTRODUCTION

Mobile location estimation means defining the coordinates of a mobile station (MS) in two or three 
dimensions - latitude, longitude and altitude. Localization of mobile station has been attracting interests 
not only from the telecommunication system vendors, network operators and mobile network users. 
This is owing to its potential base and other associated location-based services. Such location base 
services include logistic, fleet management, entertainment, tourism, safety and security, and among 
others (Ezema & Ani, 2016). Therefore, mobile phones are not just used only for making calls and 
sending messages.

Localization can be carried out by the application of some measured signal properties as signal 
propagates from mobile station to base station (BS) or vice versa. Such notable signal properties 
include received signal strength (RSS), uplink-time of arrival (U-TOA), enhanced observed time 
difference (EOTD)/ observed time difference of arrival (OTDOA), time advance (TA)/ round trip 
time (RTT) and angle of arrival (AOA)/direction of angle (DOA) (Surendra, Reenu and Chun, 2019). 



International Journal of Interdisciplinary Telecommunications and Networking
Volume 12 • Issue 1 • January-March 2020

58

Recently, the combinations of measured properties are used to enhance the accuracy of localization. 
Cell Identification (CID) as a parameter is mainly used in hybrid technique though it has relative 
low accuracy when used alone. These parameters are called location dependent parameters (LDP) 
(Ezema & Ani, 2017, Shang, et al., 2015, Venkatraman and Caffery, 2004). There are three different 
localization methods - geometric, artificial intelligent and statistical methods. The methods have been 
applied directly on the LDP for MS positioning with varying degree of accuracy.

There are two basic types of networks that originate the location parameters - the space segment 
(satellite in space) and the earth segment networks. The satellite in space usually referred to as global 
positioning system (GPS) is a conventional technique used for locating position over the years (Brena. 
et al. 2017). The improvements on the performance of the GPS brought about by the evolution of both 
A-GPS and D-GPS heavily relied on the cellular network infrastructure (Mukherjee & Biswas, 2018).

Most of the cellular traditional methods for localization have been developed to operate under 
line-of-sight (LOS) propagation mode. NLOS error mitigations have been the major challenge of 
localization in cellular network (Qi, Kobayashi, and Suda, 2006). Most of the performance criteria 
have been standardised by Federal Communication Commission (FCC) of United State of America 
(USA), a communication regulatory body in the US. The phase III of FCC accuracy requirements and 
regulations released in February 2015 are to be enforced on the USA mobile operators by 2021.The 
accuracy requirement of phase III is yet to be reached. The application such as emergency service 
(E-911 & E-112) with high demand for accuracy, unlike commercial applications, is the driving 
force for phase III accuracy requirement (Ezema & Ani, 2017; Zeytinci, Sari, Harmanci, Anarim 
and Akar, 2013; Tong, 2015).

REVIEW OF RELATED WORKS

In the field of mobile application, location base services have been an interesting topic for researchers. 
The following research works in mobile location in GSM network have been reported in journal 
publication and reviewed in this section.

Mobile location estimation using an interpolative neural network was proposed in (Chien-Sheng, 
Jium-Ming, and Chin-Tan, 2013). It used three angles of arrival measurement to achieve a better 
result than the analytical (the weighted average and optimal position) in the presence of noisy and 
NLOS measurement error. The neural network uses its ability to memorize and generalize data to 
interpolate the measured angles to estimate the mobile position. In order to avoid over-fitting of the 
network, the training of the neural network was done with ideal patterns gotten from the mathematical 
relationship that exists between the angles of arrival and the mobile position. The performance of 
this technique is highly dependent on the noisy and NLOS measurements of AOA, and the mobile 
propagation environment.

In Caffery and Stuber (1998), the RSSI-based technique because of its coverage, availability, easy 
of measurement and requiring no additional hardware installation have become the ideal method for 
GSM and other cellular localization. Here, the author proposed a data fusion algorithm of Pearson’s 
correlation coefficient (PCC) with RSSI and other basic BS information to estimate the position 
of a mobile station. The performance of the technique when implemented with an ordinary mobile 
phone showed a maximum error of 550m and mean error below 150m. This technique showed good 
robustness against change in environment. It was easy to be implemented with less mathematical 
complexity and required no previous statistical knowledge of the MS. The accuracy of this technique 
is below the accuracy requirement of FCC of United State of America and shouldn’t be used for 
emergency services like E-911 and E-112.

A localization algorithm based on RSSI and basic BS information like the coordinate of the BS 
to determine the MS position was proposed by Takenga and Kyamakya (2007). In this research, the 
coordinates of the intersection of the line of bearing (LOB) was averaged out. Having more than two 
variable estimations based on other estimated values hampered the accuracy of the technique. This 
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was probably done to avoid the cost of installing highly directional antennas which could have helped 
improve the accuracy of the techniques. Though the addition of hardware makes it less attractive for 
deployment in large area it will improve the accuracy. It would have been better to adopt a selective 
algorithm to pick only the point of intersection closer to the true MS position than the whole algorithm 
adopted by the authors. The selective algorithm could have eliminated the BSs seriously affected by 
NLOS propagation.

CellSense, a probabilistic algorithm based on RSSI-fingerprint for MS localization was 
proposed by Shaukat, Ansari, Farooq, Ibrahim and Faisal (2009). By applying gridding approach, 
the authors were able to reduce the overhead of constructing fingerprint database at the expense of 
reduced resolution. The CellSense algorithm used Baye’s theorem to calculate the probability of MS 
being in each of the fingerprint location and return as the MS position the location with maximum 
probability. In order to increase the accuracy, the system determined the MS position by weighted 
average of the K most probable fingerprint location. The CellSense-Hybrid techniques also proposed 
to maintain the accuracy and reduce the computational complexity of the CellSense. To achieve this, 
the cell grid size was lowered and a deterministic refinement phase added. The accuracy of these 
two techniques showed that the probability of locating a mobile device with 70m is 67% and 273m 
is 95% for CellSense while for CellSense-Hybrid is 75m and 290m for 67% and 95%, respectively.

In this paper, MLR analysis was adopted in modelling the relationship between independent 
variable -RSS and dependent variable -MS coordinates by fitting a linear equation to observed data. 
The method of least-squares was adopted for fitting a regression line. Minimizing the summed squared 
of residuals of actual and estimated location is the reason behind the success of regression techniques. 
In the order to enhance the accuracy, the RSS from the serving cell sectors were weighted to have 
more determining power than RSS values from neighbouring sectors.

IMLR MODELLING APPROACH

This section presents the approaches adopted in the development of the IMLR model for mobile 
positioning in GSM network. These include all the processes ranging from data collection to model 
development. The approaches explained here are based on two phases - the offline phase or the 
sites survey and data collection phase, and the on-line phase where the real-time estimation of MS 
location was carried out.

Field Measurement
In this research, empirical and real-time analysis approaches were adopted. The site survey conducted 
showed that the area of study which is 5km x 4km is a light urban based on characteristics of the 
environment. These characteristics include the population, the BS cluster, the building height and 
among other factors. The drive test routes were also chosen at the time of site survey to ensure no 
route was taken twice. Several materials were utilised in measuring and recording data from base 
stations within a cell cluster. The method used depends greatly on the network coverage size and the 
parameters adopted. The drive test employed for data collection and data analysis was carried out in 
idle mode. A van carrying the drive test set-up in Figure 2 traveled a predetermined route in Figure 1 
at a fairly fixed speed of 30Km/h with MS antenna height of 1m above the ground. The GPS receiver 
antenna is mounted on the roof of the van due to the line-of-sight limitation of GPS system. The 
TEMS software in Figure 3 at every measurement point records the MS RSS and the GPS coordinates. 
The mobile network chosen for the research is Mobile Telecommunication Network (MTN) Nigeria.

During data analysis, any measurement with GPS indicating visibility to two or fewer satellite 
transmitters was filtered out from the databases. This is because GPS makes use of TOA from satellites 
to form a trilateration with the intersection of these circles the actual mobile position. For this reason, 
and for accurate 2D localization, GPS should be visible to at least three satellites transmitters in 
space. Most mobile receivers have a minimum sensitivity value of -103dBm (Fara and Phil. 2015). 
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This value was assumed in cases where there are no signal strength measurements for a base station 
or a cell sector while signals below that were truncated.

Multi Linear Regression Analysis
A multiple linear regression model is a linear model that explains how one variable (y-variable) 
relates to two or more variables. The relationship between the response (dependent) variable (Y) and 
the explanatory (independent) variables (X1, X2, …, Xn) is established by fitting a linear equation 
to observed data if it is established that there is a relationship between the variables in equation. It 
does not necessarily mean that one variable causes the other. The most widely used method of fitting 
a regression line is by the method of least-squares. However, regression techniques try to minimise 
the summed squared of residuals of the real and the estimated by method of least-squared algorithm. 
The regression coefficients that achieve this result is obtained by the least-squared algorithm. The 
general equation of multiple linear regression model can be expressed as (Chu, Ng, & Leung, 2006; 
Ezema & An, 2016):

Figure 1. Show the working area of Achara Layout including Achara Layout Primary School

Figure 2. Show the drive test connection picture
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where A is the intercept, B1, …, Bn are slopes and unknown constants associated with x1, …, xn, 
  is a random error component or disturbance. The error term   contains factors unaccounted for 
that affect Y. No matter the number of independent variables included in a model, there will always 
be factors we cannot include, these factors are jointly contained in  . It is normally assumed that 
the errors are uncorrelated and have mean zero and an unknown σ2 (Pandis, 2016; Iserbyt, Schouppe 
and Charlier, 2015).

For a model with three explanatory variables, the relationship between   and the explanatory 
variables (x1, x2, x3,), is given in Equation 2 (Zhou. and Kee-Yin Ng. 2006):
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Now, relating this to the mobile location estimation where there are two unique variables 
(received signal strength and location coordinate). Let the location of the MS be x y
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many mobile stations within the target area be stored in a database. The regression equation 
can be formulated as:
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Figure 3. Demonstrate the TEMS software showing the working area, the base station, and network parameters
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where, b0 and c0 are constants and bj and cj are the vectors (multiple) regression coefficients of x 
– y coordinates, Rij is the RSSI of jth BS at location i, ε  is the error term, and m is the number of 
locations (training data length). It is much easier to perform least-squares analysis using matrix 
algebra. Therefore, Equations 4 and 5 can be written in matrix form without error term as given in 
Equations 4 and 5:
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The number of the measurement points (observations – (m)) must exceed the number of RSS 
(independent variables – (n)) by at least two (i.e. m > n + 2) to a good prediction without over 
generalisation. The least-square method tried to minimize ∑e

i
2  in order to find the coefficient ( B̂  

and Ĉ ) of the regression equation as shown in Equations 6a and 6b (Zhou, and Ng, 2006; Chien-
Sheng, 2017; Walpole and Myers, 1985):

ˆ �� �B Q Q Q XT T= ( )−� 1 	 (6a)

similar to that:

ˆ �� �C Q Q Q YT T= ( )−� 1 	 (6b)
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Having determined the coefficients of the regression equation in Equations 6 (a and b), the 
location of the target MS can be obtained using Equation 7:
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Development of Weighted MLR (WMLR)
To improve the multiple regression analysis, the highest measured value of RSS for every measurement 
point is assumed to come from the serving base station. These values were weighted to have more 
determining power than values from neighbouring base station sectors. The weighted MLR technique 
was achieved by creating a weighted matrix A from the matrix Q in Equations 4 and 5. This was 
formed with the measured received signal strength by replacing the highest value of each row with 
one (1) and the rest with zero (0). The highest value in each row was assumed to emanate from the 
serving base station sector where the mobile station to be located resides.

The independent variable for the WMLR is formulated as given in Equation 8:

L = Q + A*w	 (8)

where w is a scalar value called multiplier.
Matrix L was substituted for matrix Q in Equations 3 – 6 to arrive at the Weighted MLR models 

shown in Equations 11a and 11b. A multiplier (w) was chosen at random to change the value of the 
weighted matrix until an optimum value was attained. The optimum value of the multiplier was 
found to be 10.

Through the application of Matlab codes, the mathematical processes expressed as in Equations 
3 – 6, the coefficients of regression equations were gotten using Equation 7 and substituted in Equation 
3 to form Equations 9a and 9b. These Equations (9a and 9b) developed are the model equations for 
mobile location estimation in the area under consideration:
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Equations 9 (a and b) are the proposed weighted multiple linear regression models. The numerical 
constants in Equations 9 (a and b) are gotten from Equations 6 (a and b) by substituting L for Q. The 
constants represent the B̂  and Ĉ  which stand for partial coefficients of the regression equations. 
The first numerical constants are the intercept while the rest are the slopes of the regression line that 
minimized the root mean square error.

SIMULATION AND RESULT ANALYSIS

In this section, the WMLR model was simulated using real data collected from field measurement 
from some of GSM BS that cover the urban area of Achara layout in Enugu is presented. These 
evaluations include performance evaluation of the weighted multi linear regression model; the impact 
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of number of base stations on the proposed technique accuracy and proposed technique with US FCC 
accuracy benchmark. The performance matrix considered for the evaluation include the root mean 
square error (RMSE), the cumulative distribution frequency (CDF) and percentage of positioning 
error (67% and 95%) as recommended by United State Federal Communication Commission (FCC, 
2014; Leong et al., 2017; NovAtel, 2003; Reed et al., 1998).

WMLR Estimation Simulation and Results
The simulation result was carried out using three hundred and ninety-seven (397) measurement 
points and twelve cell sectors from four (4) base stations detected by the MS. Two hundred and 
seventy-nine measurement data (279) were used for model formulation while 30% of the data were 
applied to the model for performance evaluation. The GPS coordinates at each measurement points 
were used for error calculation and validation. The MATLAB software was used to determine the 
regression coefficient through the mathematical processes of model formulation and simulation. 
Figure 4 showed the CDF of the MS estimated errors for the WMLR. Figure 5 showed how closely 
the estimated path followed the real path.

The simulation results of the weighted MLR locator showed that the root mean square errors, 67% 
of estimated location error (ELE) and 95% of ELE do not exceed 53m, 62m and 106m respectively. 
The performance of WMLR was enhanced when the received signal from the serving sectors were 
weighted to have more determining power than the RSS from the neighbouring sectors. The descriptive 
statistic presented in Table I also agreed to the fact that WMLR showed high localisation accuracy. 
The study area was considered as a light urban and that makes the result even more interesting 
considering the accuracy achieved.

Figure 5 is the curves of the real and estimated path of drive test route. The longitude was plotted 
against the latitude for the GPS measured coordinate and the estimated coordinate. The plot showed 
how closely the estimated path followed the real path which indicates how good the performance of 
the proposed model is.

Figure 4. CDF of the MS estimated error using the proposed model
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Performance Comparison of WMLR With MLR and US FCC Accuracy Benchmark
The statistical parameters in Table 1 proved that weighted MLR outperformed MLR and both meet 
the FCC accuracy benchmark requirement. WMLR and MLR showed a consistent result for each run 
and take few seconds to converge. The table compared the simulation result of the proposed WMLR 
model over MLR, and the FCC maximum error standard for network-based techniques.

It can be seen in Figures 4 and clearly in Table 1 that the weighted MLR performed 
excellently showing 38% and 65% improvement over the FCC benchmark for 67% and 95% error 
estimation respectively. This is the accuracy requirement for mobile locator to be considered 
good for emergency services.

Effect of Number of BS on Result
The numbers of hearable base stations formed an overlapped area dimension. Throughout the 
simulation, the only varying variable was the number of cell sectors. Using the same model 
technique, the performance of 4, 8 and 12 cell sectors were evaluated. It is evidence from 
graph that the distributions of the curves are quite similar. For every four (4) cell sectors 
added, the accuracy was improved by almost 25%. The 8 cell sectors errors practically shifted 
6m on average compared to 12 cell sectors. The 4 cell sectors on average shifted 45m and 
34m compared to 12 and 8 cell sectors respectively. This implied that a further reduction 
in cell sector will give a very poor result. However, Figure 6 showed that the localization 

Figure 5. Real (red) and estimated path (blue) of a drive test through the centre of Achara layout

Table 1. Performance analysis of WMLR with FCC maximum error standard
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accuracy of the WMLR model deteriorated as the numbers of cell sectors are reduced. Thus 
the result achieved can be greatly improved on if the area under consideration was dense 
urban. This is because urban areas usually have BSs with less coverage area. Therefore, 
more cell sectors would have been detected if the same area was covered in urban area 
than obtained for the study. Therefore, the type of environment seriously impacts on the 
performance of RSS techniques.

In spite of the reduction in a number of sectors, the positioning accuracies for the reduced cell 
sectors still achieved a very good performance relative to the FCC standard, and therefore, can be 
applied for E-911 emergency services with high accuracy requirement.

Other Performance Analysis
Location accuracy criteria was used to evaluate the performance of the work in the above section which 
has been the major index of consideration for emergency utilization such as E-911 as established by 
US FCC accuracy benchmark (FCC, 2014). However, there exist other performance indices worthy 
of consideration as highlighted below.

This technique achieves high accuracy at a relatively low cost of implementation. It 
requires no additional hardware and signalling with no network and handset upgrade required 
as in most techniques. It hardly fails or gives false location as the location parameter (RSS) is 
based on standard network measurement reports and because it is readily available in all mobile 
communication networks. The technique is computationally less intensive. The processing time 
or time-to-first-fix (TTFF) is less than 10 seconds. The physical constraint and requirements 
related with the implementation and usage of mobile location technology such as processing 
load, cost, signal load, power consumption, and hardware and software size are not an issue of 
concern with the technique. This makes the technique more reliable, applicable and practical 
to be considered for standardisation and commercialisation for all location base services (LBS) 
especially emergency LBS.

Figure 6. Performance analysis of different cell sectors using weighted MLR technique
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CONCLUSION

This paper presented a weighted Multiple Linear Regressions (WMLR) model for mobile positioning 
based on RSS. The multiple linear regression was greatly improved by adding weight to the received 
signal strength of the serving cell sectors. The mechanism was implemented to increase the determining 
power of the serving sectors more than the neighbouring sectors. The simulation results of the weighted 
MLR locator showed that the root mean square error is 53m, and the 67% of the estimated location 
error and 95% of ELE do not exceed 62m and 106m respectively. The achieved location accuracy 
surpassed the USA FCC benchmark requirement (67% error of 100m and 95% error of 300m) for 
a network-based technique. The models can be implemented for an emergency application like 
E-112 and E-911 as well as other location-based services. This new positioning approach that can 
be implemented in any cellular networks without additional network infrastructure is seen as a great 
added advantage. Also, easy of measurement and high availability of RSS in all cellular networks 
gave this method an edge over all other methods using different LDPs.
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