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ABBRIVIATIONS 

2G Second Generation 

3G Third Generation 

A-GPS Assisted GPS 

AOA Angle of Arrival 

ARFCN Absolute Radio Frequency Channel Number 

ATM Automated Teller Machine 

BCCH Broadcast Control Channel " 
BS Base Station 

CDF Cumulative Distribution Function 

CEP Circular Error Probability 

CIR Channel Impulse Response 

DCM Database Correlation Method 

E-OTD Enhance Observed Time Difference 

FCC Federal Communication Commission 

FYP Final Year Project 

GDAL Geospatial Data Abstraction Library 

GPS Global Positioning System 

GSM Global System for Mobile 

LAR Least Absolute Residuals 

LBS Location Based Services 

LMS Least Mean Square 

LOS Line Of Sight 

MPM Multi-path Model 

MS Mobile Station 

NLOS Non Line of Sight 

NMR Network Measurement Report 

NN Neural Networks 

PSO Particle Swarm Optimization 

RMSE Root Mean Square Error 

RSS Received Signal Strength 

SEP Error Probability 

SMS Short Message Service 
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!\ Timing Advance 

:DOA Time Difference of Arrival 

!OA Time of Arrival 

HF Ultra High Frequency 

\'HF Very High Frequency 

\'PM Vertical Plane Model 

\\1M Waltisch-lkegami Model 

\\l.AN Wireless Local Area Network 

" 
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Appendix A 

PROPAGATION MODELS 

A.l Hata-Okumura Model 

The median Path Loss equation of Hata-Okumura model is given in 

L( dB) = 69.5 5 + 26.16log10 f; 1H= - 13.82log10 hHs - a(h111 ) + ( 44.9- 6.55log10 hHs) log10 d'"' - K 

Where h1 (m) -Base station antenna height 

h2 (m) - Mobile antenna height 

dkm (km)- Link distance 

fitH::: (MHz) - Center frequency 

" 

a(h2)- MS Antenna height-gain correction factor 

K - Correction factor for suburban and open areas. 

Following are the range of parameters applicable for this model. 

150 MHz :S f\m::: :S 1500 MHz 

1 km :S dkm :S 1 0 km 

30m :S hRs :::;200 m 

1 m :S h1rs :S 1 0 m 

(A.l) 

The parameters of Hata model in different area types are given in table A.l and table 

A.2 

Table A. I: Hata Model Parameters: a (h,) 

Type of area a(h2) 

Medium-small city (1.1 log 10 fMIIz- 0.7) h2- (1.56 log 10 fMHL 

- 0.8) 

Large city (fl\mz>300 MHz) 3.2 (log 10 11.75 h2) 
2-4.97 

I 

( f\1Hz~300 MHz) 8.29( log 101.54 h2) 
2
- 1.1 

I 



Appendix -A 

Table 2-A.2: Hata Model Parameters: K 

Type of area K 

Open rural 4.78 (log 10 fMllz) 2 -18.33 log 10 fMllz + 40.94 

Suburban 2 [log 10 ( ff\1llz/28 )~ + 5.4 

Large city is defined as a city having building heights greater than 15 m. 

; 

A.2 Walfisch-lkegami Model (WIM) 

WIM is a semi-deterministic model for medium-to-large cells in built-up areas. It has 

been shown to be a good fit to measured propagation data for frequencies in the range 

of 800 to 2000MHz and path distances in the range of 0.02 to 5 km. 

WIM distinguished between LOS and NLOS propagation situations. 

;VLOS parameters 

Table A.3: NLOS parameters for WIM 

hh (m) = Base station antenna height over street level 4 ~50 m 

hm (m) = Mobile antenna height.. .................................. 1~3m 

hn (m) = Nominal height of building roofs 

:1hb (m) = hh-hs = Height of base station antenna above rooftops 

1'1hn (m) = hs-hm = Height of mobile antenna below rooftops 

b (m) = Building seperation ........................................ 20~50m etc. 

11' (m) = Width of street.. .............................................. (b/2) if no data 

(j) (degrees) = Angle of incident wave with respect to street 90u if no data 

II 
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f3asc Antenna d 

hb 

hm 

Street Level Mobile 

" 
Figure A.l: WIM Parameters 

In the absence of data. building height in meters can be estimated by three times the 

number of floors. plus 3m if the roof is pitched instead of flat. The model works best 

for base antennas well above the roof height. 

For NLOS propagation paths the WIM gives the expression in equation (A.2) for the 

path loss in dB. 

Where 

Where 

where 

Lon 

Lrts + Lmds 2:: 0 L .\LOS = { Lrs + Lrts + Lmds, 

Lt· . s. 
Lrts + Lmd > 0 (A.2) 

Lt:s - Free space loss 

Lrts - Roof -to-street diffraction and scatter loss 

Lmds - Multi-screen diffraction loss 

Lon - Orientation loss 

L1~ = 32.45 + 20 log 10 dkm + 20 log 1o.fitH:: (A.3) 

Lrts = -16.9- 10 log 10 W + 10 log 10/itH::+ 20 log 10 ~ hm+ Lon (A.4) 

-10+0.354{[), 0~{[)~35° 

2.5 + 0.075(Q>-35°). 35° ~ ([> ~ 55° 

4.0-0.114({[>-55°), 55°~{[)~90° 

Lmds = Lbsh + ka + kd log 10 dkm + kr log 10/I!H::- 9 log 10 b (A.5) 

Lhsh - Shadowing gain (negative loss) 
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Lhsh - {-l'il.log 10 (l+ ~ h,), 

0. 

54. 

ka 54 + o.8 1 L1 h,l, 

54+ 0.8 1 L1 h,l( dk,,/0.5), 

kd ={18, 
18 + 15 ( I ,1 hhl I hB), 

c.. h, >() 

,1 h, :S 0 

,1 hb > 0 

L1 h, :S 0 and dkm 2: 0.5 

L1 h, :S 0 and dkm < 0.5 

,1 hb > 0 ,. 

,1 hb :S 0 

kl= -4 + 
( f\!Ho -1) 

0. 7 925 , medium city and suburban 

1.5 ( ·~~~ -I). metropolitan area 

A.3 Outdoor and Outdoor-to-Indoor Coverage in urban areas at 1.8 GHz 

In the Vertical Plane Model (VPM), if the antenna height hb is below 70m or the 

length of the propagation path (!) over buildings exceeds a selected field distance d,. 

the COST-23!-Wa(fzsch-IkeRami-Model is selected. If the height of the diffracting 

edges are not homogeneously distributed ad the MS is not located within a street 

canyon. the Kn(le-Edge Model is applied. 

In the case of non line-of-sight, the path loss is computed by equation (A.6). 

L/1'.\1 = (1- g)(L,\ + LH) + gL,. (A.6) 

Where: 

LK- Diffraction loss ofthe knife edge model 

L13 - Basic path loss using the dual-slope approach 

Lw- Path Loss due to the Walfisch Type Model 

R = Rh·g\, (Gain calculated based on the antenna heights) 
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lor the line-of-sight situation, the path loss is calculated based on the LOS part of the 

Walfisch-Ikegami Model. 

Determination of path loss using Multi Path Model (MPM) is given in [4:\]. Vector 

data format is used in considering the scattering areas. MPM considers paths due to 

:-.ingle scattering process and the path loss from the BS to scattering area and from 

scattering area to the MS is assumed to be equal to Free-Space Loss. 

AA CRC- Predict Propagation Model " 

This model defines the received signal strength at the mobile by equation (A. 7). 

/~11 = ~ 
1 

+ K
1 
+ K,_ log41) + K3 log(H,

11 
)+ K4 Diff'ractin+ K, log(Hett )log~)+ K6 (H"" 11 ) + K,1111 ,,, 

(A.7) 

Where 

PRx- The received Power in dBm 

PTx - Transmit Power (EIRP) in dBm 

K 1 - A constant off-set in dB 

K2- Multiplying Factor for Log( d) 

K3 - The Multiplying factor for log(Heff). Compensates for gain due to 

Antenna height 

K4 - Multiplying Factor for Diffraction Losses 

K5 - Okumura Hata type of Multiplying factor for Log(Heff)log(d) 

Heff- Effective height of base station Antenna from ground 

Diffration- Loss due to diffraction over an obstructed path 

Kclutter- Loss in dB for the clutter type 

Hmerr- Mobile Effective Antenna height 
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Appendix B 

NEURAL NETWORKS 

B. I Neural Network Training Algorithms 

It is desirable to modify the connection weights of the network until the desired output 

is obtained, during the training phase. Since the network weights are initially random. 

it is likely that the initial output value will be very far from the desired output. Hence. 
"' 

an algorithm should be used which efficiently modifies the different connection 

weights to minimize the errors at the output. Such algorithms are called Neural 

Net\vork Training Algorithms. 

Numerous training algorithms have been presented in literature [ 4 7. -· ] with their 

pros and cons in relation with the application. One algorithm may work better in one 

application and may be worst in another. Therefore. it is needed to select the algorithm 

which performs well in the particular application. Several training functions studied 

by the author during this research are given below. 

Most training algorithms use the gradient of the performance function to determine the 

weight adjustment towards the minimum of the performance function. The gradient is 

determined using a technique called back-propagation. which involves performing 

computations backwards through the network. 

i. Back-propagation Algorithm (Gradient Descent) 

The simplest implementation of back-propagation learning, updates the network 

weights and biases in the direction in which the performance function decreases most 

rapidly (the negative of the gradient). An iteration of this algorithm can be written as: 

Xk+l =Xk -(lr·gk) (8.1) 

Where xk - vector of current weights and biases 

gk _current gradient 

lr - learning rate 

This is also called as Gradient Descent training .fimction. Here, the learning rate is 

used to determine the amount of changes to the weight and biases. The larger the 
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learning rate, the bigger the step. If the learning rate is made too large, the algorithm 

becomes unstable. If the learning rate is set too smalL the algorithm takes a long time 

to converge [ 4 7]. 

ii. Gradient Descent with Momentum 

This is a derivative of Gradient Descent Algorithm, which is used to provide a faster 

convergence in the training process by using a momentum. Momentum allows a 

network to respond not only to the local gradient but also to recent trends in the error 

surface. Acting like a low-pass filter. momentum allows the network to ignore small 
" 

features in the error surface. 

The major problem with gradient descent is that. the training process may get stuck in 

a shallow local minimum. This can be avoided using momentum. With momentum a 

net\vork can slide through such a minimum. 

Momentum can be added to back-propagation learning by making weight changes 

equal to the sum of a fraction of the last weight change and the new change suggested 

by the back-propagation rule. The magnitude of the effect that the last weight change 

is allowed to have is mediated by a momentum constant (me). which can be any 

number between 0 and 1. When the momentum constant is 0. a weight change is based 

solely on the gradient. When the momentum constant is 1. the new weight change is 

set to equal the last weight change and the gradient is simply ignored [ 4 7]. 

The new weight change dXis given by equation (B.2). 

dX = (me · dX pm ) + (lr · (1- me) · g k ) (8.2) 

where d.X:pre 1 - Previous change to the weight or bias 

Rk _Current gradient 

me - Momentum Costant 

lr - Learning Rate 

iii. Resilient Back-propagation 

Multilayer networks typically use sigmoid transfer functions in the hidden layers. 

These functions compress an infinite input range into a finite output range. Sigmoid 

functions are characterized by the fact that their slope must approach zero as the input 
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gets large. This causes a problem when using steepest descent to train a multilayer 

network with sigmoid functions. since the gradient can have a very small magnitude: 

and therefore. cause small changes in the weights and biases. even though the weights 

and biases are far from their optimal values. 

The purpose of the resilient back-propagation (Rprop) training algorithm is to 

eliminate these harmful effects of the magnitudes of the partial derivatives. 

In this algorithm. the magnitude of the derivative has no effect on the weight update 

and only the sign of the derivative is used to determine the direction of the weight 

update. The size of the weight change is determined by a s~arate update value. 

The update value for each weight and bias is increased by a factor delt_inc whenever 

the derivative of the performance function with respect to that weight has the same 

sign for two successive iterations. The update value is decreased by a factor delt_dec 

v.henever the derivative with respect that weight changes sign from the previous 

iteration. If the derivative is zero. then the update value remains the same. Whenever 

the weights are oscillating the weight change will be reduced. If the weight continues 

to change in the same direction for several iterations. then the magnitude of the weight 

change will be increased [ 4 7]. 

iv. BFGS Algorithm 

This is a Quasi-Newton algorithm of Numerical Optimization category. This is an 

alternative to conjugate gradient methods for fast optimization. 

The basic step of Newton's method is: 

xk+l = xk - A;!gk (B.3) 

Where A~;. is the Hessian matrix (second derivatives) of the performance index at the 

current values of the weights and biases. 

Newton· s method often converges faster than conjugate gradient methods. 

Unfortunately, it is complex and expensive to compute the Hessian matrix for feed-

forward neural networks. 

There is a class of algorithms that is based on Newton· s method, but which doesn't 

require calculation of second derivatives. These are called quasi-Newion (or secant) 

methods. They update an approximate Hessian matrix at each iteration of the 

algorithm. The update is computed as a function of the gradient. The quasi-Newton 
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method that has been most successful in published studies is the Broyden, Fletcher, 

Goldfarb. and Shanno (BFGS) update. 

The BFGS algorithm requires more computation in each iteration and more storage 

than the conjugate gradient methods. although it generally converges in fewer 

iterations. The approximate Hessian must be stored. and its dimension is n * n. where 

n is equal to the number of weights and biases in the network. For very large networks 

it may be better to use Rprop or one of the conjugate gradient algorithms [47]. 

v. Particle Swarm Optimization algorithm (PSO) " 

Particle Swarm Optimization is a population based optimization algorithm that is 

motivated from the simulation ofthe social behavior [54]. Ifthe optimization problem 

is regarded as a bird swarm looking for food in the sky, then one bird is a particle of 

PSO algorithm which conducts the search in the solution space. In this regard, the 

PSO algorithm consists of particles which are flown through the solution space 

towards the global optimum value. 

Every particle of the PSO algorithm is one of the solutions. and it adjusts its flying 

according to its own experience and others. The best position that every particle has 

experienced during flying is the best solution found by itself. And the best position 

that group has experienced is the best solution found by the swarm. The first is called 

personal best (pBest). the last is called global extreme (gBest). The fitness value 

decided by optimization is used to evaluate that the particle is good or bad. Every 

particle can adjust itself according to pBest and gBest. which makes the particle 

swarm move to good area. 

Particles can adjust its velocity and the position according to equation (B.4) and (B.5). 

v = w * v + c * rand()* (p - x ) + c * Rand()* (p - x ) id !d l 1(/ td 2 gd gd 

Where. 

x"l = x,c~ + v,d 

Cl & C2 

Rand() & rand() 

w 

Xi 

- Acceleration constants 

-two random functions in the range [0 l] 

- Inertia weight 

- Position of ith particle 

IX 

(B.4) 

(B.5) 
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Pi 
- pBest position of ith particle 

pg - gBest postion of the swarm 

There is a Toolbox for particle swarm optimization in Matlab [55. 56]. Three types of 

algorithms have been developed in that for Neural Network training. Those are called 

Common type. Type-1 and Type-2. 

The Common type algorithm uses the general equation given in equation (B.4) with 

user defined inputs for w. c1 and c2• Type-1 and Type-2 uses pre-defined values for 

those variables. Those are given in table B.l. "' 

Table B-1: Values for PSO variables 

Variable Type-1 Type-2 

w 0.6 0.729 

CI 1.7 1.494 

c2 1.7 1.494 
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