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Abstract - The main requirement in the design of the cellular networks is the determination of path losses. The accuracy of 

the path loss estimation is enhanced by optimizing the path loss model so that the tuned model effectively reflects the real 

time propagation medium. In this work, the path loss estimation of the semi empirical Walfisch Ikegami model is improved 

by optimizing the parameters using major Meta heuristic algorithms. The optimizations are performed with Genetic 

Algorithm (GA), Particle Swarm Optimization (PSO) and the recently proposed Grey Wolf Optimization (GWO) algorithm. 

The model optimized path losses with the techniques are compared with mobile radio path losses obtained from real time 

measurements. The performances are evaluated in terms of, error statistics and accuracy of path loss estimation. It is inferred 

from the results, that Walfisch Ikegami model optimized by GWO gives a least MSE (0.0505), RMSE (0.2248) and a highest 

path loss estimation accuracy (98.17% ) followed by optimization with Particle Swarm and Genetic algorithms. The work 

presents an insight to the application of Meta heuristic algorithms to tune the semi empirical mobile radio path loss model 

and the highlight is the implementation of Grey Wolf Optimization to efficiently estimate the path loss. 
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I. INTRODUCTION 

 

In mobile communications, the path loss propagation 

models are largely used in network planning to design 

the link budget for laying new networks or analyse 

the performance of existing networks. An accurate 

estimation of path loss is useful for efficiently 

predicting the coverage area, frequency assignment, 

interference and other channel requirements. The path 

loss models are required to be optimised to improve 

the service provided to the subscribers and enhance 

the network performance. Optimisation techniques 

improve the existing services, reduce several channel 

constraints and ensure reliable networks [1]. The 

optimisation techniques provide opportunities for 

introducing new standards and improve the existing 

services. The accuracy of the optimised model is 

improved by 25-30% compared to the original model 

[2].  

Model tuning or optimization is a process of tuning a 

theoretical propagation model with the help of 

measured values obtained from field data. The 

objective of the optimization algorithms is to tune the 

parameters of the path loss model to reflect the 

propagation medium in a precise manner. The path 

loss model tuning reduces the error between the 

measured and model predicted path loss. 

Although various optimization techniques exist, the 

use of Meta heuristic approaches in the context of 

optimizing the mobile radio path loss model has been 

explored in a limited manner. The literature suggests 

the use of population based Genetic and swarm based 

PSO techniques to optimize a path loss model, but the 

recent swarm based GWO has not been evaluated [3], 

[4]. The work focuses on the implementation and 

performance comparison of Meta heuristic GA, PSO 

and GWO algorithms to optimise the semi empirical 

Walfisch Ikegami (WI) path loss model. The 

generalized methodologies of optimizing the WI 

model and optimization algorithms are given in 

section II and III respectively. The implementation 

results and its evaluation with respect to real time 

path loss measurements are analyzed in section IV, 

and section V gives the conclusion.    

 

II. WALFISCH  IKEGAMI  MODEL TUNING  

 

The empirical models are based on measurements 

alone and lack accuracy, whereas deterministic 

models require large channel databases and have 

computational complexity. The semi empirical path 

loss models are preferred as they combine 

deterministic concepts with the empirical modeling. 

Among the most commonly used semi empirical 

models, Walfisch Ikegami path loss model delivers 

the best performance in estimating the path loss in the 

urban region and is most commonly tuned [5][3]. For 

the urban scenario under consideration the 

experimental validations have proved the efficient 

performance of the WI model compared to the 

empirical and semi empirical models. Therefore, this 

model is selected for optimization to improve the 

accuracy of path loss estimation. The path loss 

estimated by the Walfisch Ikegami model for Non-

LOS condition is given as [4] 

 

PLNLOS = L1 + L2 + L3                              (1) 

 

L1 is the free space loss given as 

L1 = 32.420 + 20log f + 20.∗ log10(d)         (2) 
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L2  is the diffraction and scattering loss  from the 

buildings to the street 

 

L2 = −16.9 − 10 log w − 10logf + 

20log(hr − hms )   + Lori                        (3) 

        

Lori = 4 − 0.114(∅ − 55)              (4) 

 

 L3 is the diffraction loss from obstructions 

considered as screens.          

L3 = L4 + K1  +  K2 log d + K3 log f  

–  9 log (s)                                 (5) 

L4 = −18log 1 + ∆hbs    for  hbs > hr                (6) 

 

K1is the diffraction loss from multiple screens, K2 is 

the distance factor, K3 is the frequency factor and ‘s’ 

is the distance between the buildings. (w) is the street 

width, (f) is the frequency in MHz, (hr) is the height 

of the buildings, (hms ) is the height of the receiving 

antenna.   

 

K1 = 54 + 0.8 hbs       d ≥ 0.5 km 

K2 =   18  for  hbs > 0                 (7) 

 

K3 = −4 + 1.5  
f

925
− 1  urban areas 

 

The path loss expression is re written as 

 

PLNLOS = L1 − 16.9 − 10 log w − 10 log f 
20 log(hr − hms ) + Lori + Lbs h + K1  + 

K2log  d + K3 log  f –  9 log  s  (8) 

 

The path loss is expressed in terms of transmitted 

(Pt ) and received power (Pr ) as 

PLNLOS = Pt − Pr                                    (9) 

 

Substituting PLNLOS  the received power  (Pr) is 

 

Pr = Pt –  32.4 − 20 log  d log w − 10 log f 
+20 log(hr − hms ) + Lori + Lbs h + K1  + 

K2log  d + K3 log  f –  9 log  s               (10) 

 

The optimization of WI model requires the 

determining of tuning parameters {a1, a2, a3, a4} and 

a5 is constant ‘A’. The received power (Pr ) is 

modified as [4] 

Pr = Pt − 32.4 − a120  log d − 30 log f + 8.8 

+10 log w − a1 Kd  10 log d  
+a2 log s                        
+a320 log hr − hms  +a3 18 log 1 + ht − hr  
−a4 Lori − Ka + A                                                            

(11) 

 

The optimizing coefficients a1 is associated with 

distance, a2 optimizes the separation between the 

buildings, a3 relates to the building and antenna 

heights, a4 relates the loss due to orientation angle, A  

is a constant. The parameters namely the height of the 

roof (hr), the distance between the buildings (s) and 

the function of the road orientation angle (Lori ) tend 

to change along the distance between Base Station 

(BS) and Mobile Station (MS) and are modeled as 

normalized random variables having a Gaussian 

distribution [6]. The distribution provides the best 

adjustment to the parameters. The Equation 11 

represents the objective or fitness function, for which 

the optimized coefficients are obtained using Genetic, 

PSO and Grey Wolf optimization techniques. 

Knowing the optimized received power; the 

optimized path losses are obtained. 

 

III. METAHEURISTIC ALGORITHMS 

 

The Meta heuristic algorithms are approximate 

techniques with an iterative process which 

intelligently combines concepts with heuristic 

approach. Conventional methods fail to manage 

between the local and global search and a larger 

search space limits the accuracy of optimization. The 

Meta heuristic algorithms are preferred due to their 

intelligent way of exploring the search space and 

learning techniques that ensure the best optimal 

solution with limited cost and time [7]. They are 

flexible, avoid local optima and offer a precise 

solution to real time complex optimization problems 

compared to the general techniques.   

The earlier literature describes several analytical 

methods based on Least Square methods and in recent 

years the propagation model tuning is extended to 

Meta heuristic optimizations [8] [3] [4]. The Grey 

Wolf optimization has not been evaluated to optimize 

a path loss model. The use of Meta heuristic 

algorithms are well suited for the path loss model 

tuning since the optimization effectively reflects the 

propagating terrain and increases the accuracy of 

estimation. The next section describes the three major 

Meta heuristic algorithms that are implemented to 

optimize the semi empirical Walfisch Ikegami model. 

 

A. Genetic Algorithm  

The Genetic Algorithm (GA) is the earliest 

evolutionary technique introduced by John Holland 

inspired by the evolving mechanism of natural living 

beings [9] [10]. The optimization problem using 

Genetic Algorithm involves a set of variables that are 

minimized or maximized to obtain an optimum 

solution. The Genetic Algorithm in the optimisation 

toolbox of Matlab software is employed to minimise 

the fitness function in Equation 11 to determine the 

optimised parameters. The flowchart to optimize the 

Walfisch Ikegami model with GA is shown in the 

Figure 1. The steps of GA are summarized as follows 

[9] 

Step 1: An initial population of possible solutions is 

generated. 

Step 2: A sequence of new population is produced at 

each step and the fitness value of each individual in 

the current population is computed. The best 
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individual points in the population give rise to the 

optimal solution. 

Step 3: The crossover and mutation genetic operators 

are applied and children are produced from the 

parents. The current population is replaced with the 

children to form the next generation. 

Step 4: The procedure is repeated for many 

generations. The distance continuously decrease at 

each generation and converges by the end of the 

algorithm. 

 

 
Fig1. Genetic Algorithm 

 

The objective function is minimised and the best 

solution is the smallest fitness value for any 

individual in the population. Genetic algorithm has an 

efficient search and converges to a global minimum 

without the need for computing complex derivatives.  

 

B. Particle Swarm Optimization 

The Particle Swarm Optimization is a population 

based swarm intelligence algorithm based on the 

stochastic adaptive search method originally 

introduced by Eberhart and Kennedy [11]. It is a 

physical phenomenon based algorithm unlike GA 

which is derived from bio intelligence. In PSO every 

dimension of the optimization problem is modeled as 

a particle in a population. All the particles in the 

algorithm undergo three steps for each iteration; 

namely self-adaptation, co-operation and competition. 

In the first step, each particle improves its 

performance, followed by information transfer 

required for collaboration and in the final state all the 

particles compete to survive. 

For a specified objective function, the PSO assigns a 

random initial personal best Pj (Pbest), position Xj 

and velocity Vj matrices. The best global position 

(gbest) explored by all the particles are determined by 

the value of the fitness or objective function. The 

particle position and velocity are updated for 

individual iteration and the global best position is 

determined; which represent the optimized 

parameters. The Figure 2 depicts the design flow of 

the PSO optimization technique. The working of 

Particle Swarm Optimisation is as follows. 

 

Step 1: Initially a random population of size (N*K) 

called a swarm is generated with ‘N’ number of 

particles and ‘K’ parameters to be optimised in the 

objective function [15]. The dimensions, social 

parameters, the number of iterations, stopping 

conditions and the received signal power data are 

initialized. 

 

 
Fig2. Particle Swarm Optimization 

 

Step 2: The initial personal best matrix Pj, position 

matrix Xj and velocity matrix Vj are assigned as  

Pj =  pj1  pj2  ⋯  pjk   

Xj =  xj1  xj2  ⋯  xjk                        (12) 

 

Vj =  vj1  vj2  ⋯  vjk   

The fitness function of each particle is evaluated at 

the current generation and compared with the fitness 

of the previous generation. The procedure is repeated 

at each of the iteration. 

Step 3: The position of the particle is updated by 

adjusting its velocity, if the new fitness value is better 

than the previous. The velocity, Vj and position, Xj of 

each particle are updated for individual iteration (m) 

as 

vjk m + 1 = ωvjk m  

+C1. rand.  pjk m − xjk m                (13)          

+C2. rand. {pgk m − xjk m } 

xjk m + 1 = xjk m + vjk m             (14) 

 

Where ′ω′the inertia parameter, ‘rand’ is a random 

variable, (C1,C2) are social parameters. The social 

parameters are set as(C1 + C2 ≤ 4); which describe 

the effect of the best particle of the swarm .If the 

previous value of the fitness function is better than 

the new value, the position remains the same.   

Step 4: The global best position is determined by all 

the particles of the swarm and is given as 

 

Pg =  pg1  pg2  ⋯  pgk                   (15) 
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The global best positions give the tuned parameters; 

which are incorporated in the original model resulting 

in the optimized model. The PSO algorithm does not 

have overlapping and mutation calculations as in GA 

which improves its speed of computation. It provides 

an optimal solution as compared to the near optimal 

solution in GA.  

 

C. Grey Wolf Optimization  

The Grey Wolf Optimization (GWO) is the recently 

introduced Meta heuristic optimization algorithm 

proposed by Mirjalili et al. which mathematically 

models the hunting mechanism and the social 

hierarchy of the grey wolves [11]. The application of 

GWO has been largely evaluated in various fields and 

several variants are proposed [12]. In this work, a 

diversified application of GWO for optimizing the 

mobile radio path loss model has been analysed. The 

leadership quality is simulated with four types of grey 

wolves such as alpha, beta, delta, and omega. 

Additionally, the three major phases, namely hunting; 

searching, encircling and attacking the prey are also 

implemented. The generalized GWO algorithm is 

depicted in Figure 3 and the steps are summarized.  

 

 
Fig.3. Grey Wolf Optimization 

 

The mathematical representations of the three major 

phases are briefly summarized.  

Step 1: In the social hierarchy the fittest solution is 

considered as alpha (α), next best solutions are beta 

(β), delta (δ) and the remaining solutions are assumed 

as omega (ω).  

 

Step 2: The encircling mechanism is modelled as 

[13] 

 D    =  C  . Xp
      t − X   (t)                   (16) 

                   (17) 

 

 (Xp) is the position vector of the prey; (X) indicates 

the position vector of a grey wolf, A and C are the 

coefficient vectors given as 

                                      

(18) 

 

Where r1 and r2, are random vectors in [0,1]. The 

concept is extended to ‘n’ dimensional search space 

in the same way.  

Step 3: The procedure of updating the positions of 

the grey wolves constitute the hunting phase mainly 

adapted from the alpha wolves. The updating of the 

positions is mathematically modelled as 

 

                              (19) 

 

 
 

                           (20) 

                         (21) 

The hunting procedure helps in locating the position 

of prey.  

 

Step 4: The concept of attacking the prey is 

analogous to the exploitation phase. They are 

mathematically described by the adaptive parameters 

 which reduces from 2 to 0 and (A) whose value 

lies between [-a, a] [14].    

Step 5: The next phase is the searching phase; 

analogous to exploration.  The solutions diverge 

when (|A|≥1), converge when (|A|<1) and finally 

conclude when an optimum solution is obtained.  

The GWO has the benefit of simple implementation, 

and faster convergence as the search space is reduced 

continuously and fewer decision variables are 

employed.   

 

IV. RESULTS AND DISCUSSION 

 

The optimization of the propagation model requires 

suitable validation with real time measurements. The 

goal of optimization is reached when a minimum 

error is achieved between the measured and model 

estimated path loss values. The measurements are 

performed using Test Mobile System (TEMS) tool 

commonly used to analyze and optimize mobile radio 

networks. The investigation set up involves a laptop 

with TEMS application, a mobile phone with TEMS 

software and GPS (Global Positioning System) 

interfaced with the laptop. A drive test is conducted at 

a downlink frequency of 947.5 MHz in an urban 

region. The received mobile radio field strengths are 

recorded in addition to the location data provided by 

GPS. The experiment is carried out in a dynamic 

mode, ensuring continuous connection between the 

mobile and the Base Station (BS). The Received 

Signal Strength Indicator (RSSI) of the TEMS tool is 

enabled and measurements are recorded in the active 
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mode for ten base stations covering all the sectors. 

The detailed data collection procedure is described in 

paper [14]. The data collection acquires 49,889 signal 

strength samples, and route taken during the test is 

given in Figure 4.  

 

 
Fig.4. Route taken for data collection 

 

The Received Signal Strengths (RSS) are pre 

processed to determine the path losses by computing 

the local mean [14]. The averaging is done to remove 

the fast fading components and the histogram of RSS 

with 200 samples is shown in Figure 5[14]. 

 
Fig.5. Histogram of Received Signal Strengths  

 

The averaged mobile radio signal strengths have a 

mean of -88.66 dbm and maximum variations lie 

between -90 dbm and -100 dbm. The received power 

is converted to path losses (PL) as per the Equation 

22 which constitutes the measured path loss. 

 

    (22) 

 

Where  is the transmitted power,  are the 

transmitter and receiver gains, the cable, connector 

and body losses together constitute the miscellaneous 

losses. The measured path loss in dB is used as a 

reference to evaluate the model optimized path losses. 

The Walfisch Ikegami model is chosen for 

optimization as it has been proved to be the best semi 

empirical model to estimate the path loss in the given 

region [13]. The major simulation parameters for the 

WI path loss model are given in the Table I. 

 

Parameters Values Constraints 

Transmitter Power(PT) 43.01 dBm 

Transmitter gain 11.78dBm 

Effective Isotropic 

Radiated Power (EIRP) 
54.8dBm 

Frequency  (downlink) 

(f) 
947.5MHz 

Transmitter Antenna 

Height (hb) 
35 m 

4 < hb ≤ 

70 

Receiver Antenna 

Height (hms) 
1.5 m 

1 < hms ≤ 

3 

Width of the street 7 m 
10 < w ≤ 

25 

Height of the buildings 

(hr) 
24 m hr < hb 

Street Orientation Angle 

(ϕ) 
30o 0 < ϕ ≤ 90o 

Tx- Rx distance d 
(0.02– 

5)km 
TABLE I: Simulation Parameters 

 

The original Walfish Ikegami model is simulated 

with parameters s and  as normalized 

random variables. The path loss predicted by the 

Walfish Ikegami model is compared with optimized 

path losses obtained using GA, PSO and GWO 

optimized models.  

 

A. Walfish Ikegami model optimized with GA 

Genetic algorithm is implemented in Matlab with the 

optimization toolbox for which the objective function 

is specified in Equation 11. The fitness function to be 

minimized has optimizing coefficients 

(  . The main ingredients of GA 

algorithms such as population (20), selection 

(Stochastic uniform), crossover (Scattered) and 

mutation (Constraint dependent) are set to default 

values. The algorithm runs for the maximum number 

of iterations specified until all the individuals 

converge to optimize the objective function. The 

optimized parameters of the WI model are given in 

the Table II. 

Genetic Optimized  Coefficients 

a1 a2 a3 a4 A 

0.3200 0.3150 0.4270 0.5940 -76.265 
TABLE II: Optimization by Genetic Algorithm 

 

The tuned values are substituted in the objective 

function to obtain the optimized received power. The 

comparison of WI, GA optimized and measured path 

losses are shown in Figure 6. The average path losses 

are in Table III.   

 

 
Fig.6. GA optimized WI Path Losses  
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Measured 

Path Loss 

(dB) 

Model Estimated Path Loss 

Walfisch 

Ikegami(dB) 

WI optimized 

with GA (dB) 

125.7 121.76 129.4 
TABLE III: Average Path Losses 

 

The path losses estimated by WI model optimized 

with GA has a better performance compared to the un 

tuned model. The accuracy of the path loss estimation 

for the WI model is 96.86% whereas for the GA 

optimized model the accuracy is 97.05%, which 

suggests the importance of model optimization. 

 

B. Walfish Ikegami model optimized with PSO 

The Particle Swarm Optimization technique is 

deployed to obtain the tuning parameters by the 

convergence of the model curve. Each run of the 

algorithm produces a set of eight values out of which 

five are model parameters ) and the 

remaining are ,  and  that are modeled with 

over specified intervals (5,35m), (5,40m) and (0, ) 

respectively [4].  

The optimized coefficients are realized by 

minimizing the objective function and the values are 

in Table IV. PSO is executed for 100 iterations and it 

is observed that optimal values are obtained at 40 

iterations as shown in the PSO convergence curve in 

Figure 7. 

 

PSO Optimized  Coefficients 

a1 a2 a3 a4 A 

0.2828 0.0962 0.0241 0.0178 -75.26 
TABLE IV: Particle Swarm Optimization 

 

 
Fig.7. PSO Convergence 

 

Knowing the optimized coefficients, the path losses 

are estimated by PSO optimized WI model. The path 

loss comparison is shown in Figure 8 and Table V 

gives the average path losses. 

 

 
Fig.8. PSO optimized WI Path Losses 

 
TABLE V: Average Path Losses 

 

The WI model optimized with PSO gives a path loss 

estimation accuracy of 97.85% which is an 

improvement compared to the WI model. The 

simulation results justify the efficient performance of 

PSO in optimizing a mobile radio path loss model.  

 

C.  Walfish Ikegami model optimized with GWO 

Grey Wolf Optimization is implemented to minimize 

the objective function in Equation 11. The optimized 

coefficients are given in Table VI. The Figure 9 is the 

GWO convergence curve and it is observed that the 

optimum solution is reached at 14 iterations. 

 

GWO Optimized  Coefficients 

a1 a2 a3 a4 A 

0.4005 0.3821 -0.1361 -0.2039 -72.2656 
TABLE VI: Grey Wolf Optimization 

 

 
Fig.9. GWO Convergence 

 

The comparison path loss in decibels with respect to 

distance is given in Figure 10 and the respective 

average path losses are given in Table VII. 

 

 
Fig.10. GWO optimized Path Losses 
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TABLE VII: Average Path Losses 

 

From the results it is found that WI model optimized 

with GWO has a closer match with the measured path 

loss. The GWO optimized WI model gives a 

percentage estimation accuracy of 98.17 % which is 

the highest as compared to GA and PSO optimized 

models. The efficient performance of the GWO 

optimized model is verified by computing the Mean 

Square Error (MSE), Root Mean Square Error 

(RMSE) and standard deviation of error [15]. An 

overall comparison of the optimization techniques are 

made in Table VIII.  

 

Metrics 
Optimized Path Loss models 

WI-GA WI-PSO WI-GWO 

MSE 0.1807 0.0864 0.0505 

RMSE 0.4251 0.2939 0.2248 

Std of Error 0.4230 0.2924 0.2237 

Accuracy  of 

Path Loss (%) 
97.05 97.85 98.17 

TABLE VIII: Comparison of optimized Path Loss models 

 

Analysing the metrics, it is observed that MSE, 

RMSE and standard deviation of error are least for 

GWO optimized WI model followed by PSO and GA 

optimizations. Genetic algorithm is the earliest 

evolutionary algorithm and it has a convergence 

problem for a larger search space, in the presence of a 

noise and is computationally expensive for more 

number of parameters.  

 

PSO is less expensive and more efficient as it does 

not require the sorting of fitness solutions as in GA 

and do not have the problems faced by evolutionary 

computation [16]. PSO approaches the best solution 

quickly and has been used in a variety of applications, 

but it lacks the capability of fine grain search to find 

the absolute best point [10].  

 

The GWO is the preferable choice with a higher 

convergence speed because it provides a good 

balance between the exploration and exploitation 

phases. Comparing the convergence graphs of PSO 

and GWO, it is observed that GWO has a faster 

convergence speed than PSO and the results justify 

the efficient performance of GWO compared to GA 

and PSO. The limitation of GWO is; with the increase 

in the number of optimising parameters and several 

constraints, it is likely to be trapped in local solutions. 

Therefore, additional variants of GWO or suitable 

intelligent approaches are to be explored in future 

work to obtain an optimum solution and enhance the 

accuracy of path loss prediction.      

V. CONCLUSIONS 

 

In this paper, an attempt has been made to analyze the   

application of major Meta heuristic algorithms to 

optimize the mobile radio propagation model to 

achieve accurate path loss estimation. The semi 

empirical Walfisch Ikegami model is optimized using 

GA, PSO and GWO algorithms. The path losses 

estimated from the optimized models are compared 

with the measured path losses. Analyzing the results, 

it is found that error metrics MSE, RMSE and 

standard deviation of error are least for WI model 

optimized with GWO. The optimization by GWO 

gives a maximum path loss estimation accuracy of 

98.17%; PSO achieves 97.85% and GA gives 

97.05%.  Therefore it can be concluded that, GWO is 

a more efficient Meta heuristic algorithm as 

compared to GA and PSO to optimize a propagation 

model for the precise estimation of path loss. 
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