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Abstract 

In this paper, Tapered end-coupled micro strip filter is optimized using particle swarm 
optimization (PSO) algorithm. The optimization is used to increase the bandwidth of the filter to 
make it applicable to wireless communication. New design for End coupled micro-strip 
bandpass filter is presented and the return loss and insertion loss of the filter using equivalence 
lumped element model are obtained.  
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1  Introduction 
 
Due to their compact size, low profile, light weight, ease of fabrication and cost, 

micro strip filters have been very popular for many microwave applications. End 
coupled micro strip filters are one of famous band pass filters that it has been done 
many accurate investigations on this type of filters and there are many papers on their 
operation with various kind of numerical and theoretical methods [1-2]. The present 
work provides a new design with adding new parameters to this kind of filter for better 
optimization of return and insertion losses of these types of filters.  

In section II, The general configuration of a tapered end-coupled micro strip band 
pass filter is illustrated in Fig.1, where each open-end micro strip resonator is 
approximately a half guided wavelength long at the mid band frequency f0 of the band 
pass filter and it's responses (insertion and return losses) are presented. There are 
lumped circuit model for simulation of unloaded micro strip structures [3-4]. 

Ref. [5] shows the particle swarm to be a useful choice to more recognized 
evolutionary algorithms for certain kinds of problems. Furthermore, the PSO algorithm 
retains the conceptual simplicity of the genetic algorithm while being much easier to 
realize and apply to design problems with both discrete and continuous design 
parameters [5]. 
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Particle Swarm Optimization (PSO) Similar to evolutionary algorithms, the PSO 
technique conducts searches using a population of particles, corresponding to 
individuals. Each particle represents a candidate solution to the problem at hand. 

In a PSO system, particles change their positions by flying around in a 
multidimensional search space until a relatively unchanged position has been 
encountered, or until computational limitations are exceeded. In social science context, 
a PSO system combines a social-only model and a cognition-only model [5]. The social-
only component suggests that individuals ignore their own experience and adjust their 
behavior according to the successful beliefs of individuals in the neighborhood. 

Reference [6] has taken advantage of the flexibility of the particle swarm 
optimization technique by applying it to the problem of reconfigurable multiple-beam 
array synthesis. The PSO can be applied to problems in electromagnetic and antennas 
make it a useful and promising tool for researchers.  

Parameters used for the optimization are the shaping of the tapered end-coupled 
micro strip filter and end gaps. 

Important objects will be discussed to publicize the person who reads with the 
fundamental concepts that make the PSO a possible optimization method for 
electromagnetic optimization problems. The PSO randomly initializes the position and 
velocity of each particle within the swarm at the beginning of the optimization. Each 
position corresponds to a possible solution to the problem, and is specified as the matrix 
where M is the number of particles in the simulation and N is the number of dimensions 
of the problem [6]. 

2 Theory  
2.1 Tapered End-Coupled Band Pass Filter 
Fig.1 shows a simpler model for simulation. At this model, the resonators are 

meshed by narrow and wide resonators, gaps and discontinuities are modeled by two-
port networks. 
Figure 1 
 New design for end-coupled band-pass filter with tapered resonators in y direction 
 

  
 

The function of y=f(x) is a desired function as shown in Fig.2. It is a new parameter 
that enable designer to have more parameters for optimization of filter's responses.  
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Figure 2 
Illustration of desired function (f(x)) for tapering of resonators in Y direct 
 

 
Fig.2. shows the new added parameter. The y=f(x), is a Desired function that may be 

any continuous or discrete function. This function can be optimized with Genetic 
Algorithm (GA) or particle swarm method. But at first with show a simple model 
according to lumped elements model. It is an approximate method because the formulas 
that we used for lumped element models [2] are approximate, too. Two-port network for 
a gap model are shown in Fig.3 [2]. 

 
Figure 3  
Gap Model with a two-port network 
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And finally the two-port network for discontinuity modeling is shown in Fig.4 [2]. 
Figure 4 
Illustration of two-port network for discontinuity modeling 

  

3 Particle Swarm 
In the particle swarm, the cognition-only component treats individuals as isolated 

beings. A particle changes its position using these models . 
a) PSO is a population-based search algorithm (i.e., PSO has implicit parallelism). 

This property ensures PSO to be less susceptible to getting trapped on local minima . 
b) PSO uses payoff (performance index or objective function) information to guide 

the search in the problem space. Therefore, PSO can easily deal with non differentiable 
objective functions. Additionally, this property relieves PSO of assumptions and 
approximations, which are often required by traditional optimization methods . 

c) PSO uses probabilistic transition rules and not deterministic rules. Hence, PSO is 
a kind of stochastic optimization algorithm that can search a complicated and uncertain 
area. This makes PSO more flexible and robust than conventional methods. 

d) Unlike GA and other heuristic algorithms, PSO has the flexibility to control the 
balance between the global and local exploration of the search space. This unique 
feature of PSO overcomes the premature convergence problem and enhances the search 
capability. 

e) Unlike the traditional methods, the solution quality of the proposed approach does 
not rely on the initial population. Starting anywhere in the search space, the algorithm 
ensures the convergence to the optimal solution. 

Now, let to define the problem parameters: 
•Particle X(t): It is a candidate solution represented by an m-dimensional real-

valued vector, where m is the number of optimized parameters. At time t, the jth particle 
can be described as  

 
(t)]x,(t),(t), x [x(t)X jm2j1jj …=                                                                       (9) 

 
Where ‘x’ are the optimized parameters and xjk(t) is the position of the jth particle 

with respect to the kth dimension (i.e., the value of the kth optimized parameter in the 
jth candidate solution). 

•Population pop(t): It is a set of n particles at time t can be described as: 
  

T
n21 (t)]X,(t),X(t),[X pop(t) …=                                                                                  (10) 
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•Swarm: It is an apparently disorganized population of moving particles that tend to 
cluster together while each particle seems to be moving in a random direction [5]. 

•Particle velocity V(t): It is the velocity of the moving particles represented by an m 
dimensional real-valued vector. At time t, the jth particle velocity Vj(t) can be described 
as 

(t)]v(t),(t), v [v(t)V jmjjj ,21 …=                                                                    (11) 
Where vjk(t) is the velocity component of the jth particle with respect to the kth 

dimension. 
•Weighting function w(t): It is a control parameter that is used to control the impact 

of the previous velocities on the current velocity. Hence, it influences the tradeoff 
between the global and local exploration abilities of the particles [5]. For initial stages 
of the search process, large weight to enhance the global exploration is recommended 
while, for last stages, the weight is reduced for better local exploration. The weighting 
function is defined as: 

 

) Iter /Iter)w-((w-ww maxminmaxmax ×=                                                        (12) 
 
Where wmax, wmin are initial and final weights, Itermax maximum iteration number 

and Iter current iteration number. 
•Individual best X'(t): As a particle moves through the search space, it compares its 

fitness value at the current position to the best fitness value it has ever attained at any 
time up to the current time. The best position that is associated with the best fitness 
encountered so far is called the individual best X'(t). For each particle in the swarm, 
X'(t) can be determined and updated during the search.  

In a minimization problem with objective function J, the individual best of the jth 
particle X'j(t) is determined so that: 

 
t  )),(J(X (t))XJ( jj ≤=′ ττ                                                                                             (13) 

 
For simplicity, assume that Jj'= J(X'j(t)).  
For the jth particle, individual best can be expressed as: 

 
(t)]x(t),x(t), x [(t)X jmjjj ′…′′=′ ,21                                                                                 (14) 

•Global best X''(t): It is the best position among all of the individual best positions 
achieved so far. Hence, the global best can be determined such that: 

 
n 1,2,..., )),(XJ((t))XJ( j =′≤′′ jτ                                                                                 (15) 

For simplicity, assume that J''=J(X''(t)). 
•Stopping criteria: These are the conditions under which the search process will 

terminate. In this study, the search will terminate if the number of iterations reaches the 
maximum allowable number. 

 Velocity updating: Using the global best and individual best, the jth particle velocity 
in the kth dimension is updated according to the following equation: 

 

1)-(tx-1)-(tx(rc

1))-(tx-1)-(tx(rc1)-(tw(t)v(t)v

jkjk22

jkjk11kjjk

′′+

′+=

                                                             (16)  
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Where c1 and c2 are positive constants and r1 and r2 are uniformly distributed 
random numbers in [0, 1]. 
Position updating: Based on the updated velocities, each particle changes its position 
according to the following equation: 
 

1)-(tx(t)v(t) x jkjkjk +=                                                                                 (17)  
 

The resulting position of each particle in not always guaranteed to satisfy the 
inequality constraints due to over/under velocity. If any particle violates its inequality 
constraint due to over/under speed, then the position of the particle is fixed at its 
maximum/minimum operating point. Therefore this can be formulated as: 

max
jkjkjk

max
jk

min
jkjkjk

min
jk

max
jkjkjk

min
jk

jkjkjk

  x 1)-(tx(t)   vif         

                   (t)v         

  x 1)-(tx(t)   vif         

                     (t) v         

  x1)-(tx(t) v     xif         

      1)-(tx(t) v(t)x

〉+

=

〈+

=

≤+≤

+=

                                                       (18) 
 
4 simulation Results  

 
The technique presented in the previous section was applied to microstrip end-

coupled tapered band pass filter with various functions for tapered resonators. To verify 
the numerical results obtained by the software written the result for the return and 
insertion losses of an end-coupled tapered filter was obtained and was compared to a 
regular end-coupled filter.  

Fig.5 show the simulated results for the ordinary end coupled and tapered end 
coupled filter (f(x) =0.5x). 

By increasing the slope of the tapering function, the resonance frequency of this 
filter decreases. This suggests that by increasing the slope of tapering function, the size 
of the filter can be reduced. 

Simulation result of the optimized tapered filter using particle swarm has been 
shown in figure 6 and as can be seen, it is clear that a wide bandwidth is obtained. 

Table 1 shows comparison between ordinary end coupled filter and optimized filter 
using particle swarm. 
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Figure 5 
 ,Insertion and return Losses (S11, S12) for regular filter ((f(x) =k) and "---", Insertion and return Losses (S11 ,"ــــــ" 
S12) for end-coupled tapered filter (figure.1) with linear tapering function (f(x) =0.5x) 

 
Figure 6 
 Return Loss (S11), "---", Insertion Loss (S12) for the optimized end-coupled band pass filter using particle ,"ــــــ"
swarm 

 
Table 1   
Comparison results 

Filter Type Bandwidth Size Reduction 
End Coupled 

Filter 
20 MHz ---- 

Optimized End 
Coupled Filter 

4.1—4.7 GHz 
6 GHz 

50% 

 
5 Conclusions 

 
In this paper the optimized end coupled filter using particle swarm method, is 

presented. As can be seen, the optimized tapered end-coupled band pass filter leads to a 
length reduction which is about 2 times that of the conventional end-coupled band pass 
filter, however very greater reduction in size by using substrate loading with proper 
dielectric radome can be achieved. Simulation results show that particle swarm method 
has a higher convergence speed and using this method the wide bandwidth in the filter 
was achieved. 
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