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ABSTRACT 

In the design of frequency-selective filters, the desired filter characteristics are specified in the frequency domain 
in terms of desired magnitude and phase response of the filter. In this paper we present a design approach by determining 
the closely approximated coefficients using powerful Evolutionary Programming to find the solution for the optimization 
problem in selecting the coefficients. In this paper the design of Causal FIR filter with desired frequency response and 
phase response is presented. In practice, FIR filters are employed in filtering problems where there is a requirement for 
linear phase characteristics within the passband of the filter. The Evolutionary Programming is the best search procedure 
and most powerful than Linear Programming in providing the optimal solution that is desired to minimize the ripple 
content in both passband and stopband. We presented here how the values of δ1 and δ2 are minimized with best optimized 
approach using Evolutionary Computation. The optimized filter bank structure is implemented in our research work for 
effective compression of images. 
 
Keywords: Finite Impulse Response filter, Evolutionary programming, digital signal processing, image processing, image compression. 
 
1. INTRODUCTION 
 
1.1 Linear phase FIR filter 

Most finite impulse responses (FIRs) are linear-
phase filters; when a linear-phase filter is desired, a FIR is 
usually used. "Linear Phase" refers to the condition where 
the phase response of the filter is a linear (straight-line) 
function of frequency (excluding phase wraps at +/- 180 
degrees). This results in the delay through the filter being 
the same at all frequencies. Therefore, the filter does not 
cause "phase distortion" or "delay distortion". The lack of 
phase/delay distortion can be a critical advantage of FIR 
filters over IIR and analog filters in certain systems, for 
example, in digital data modems. Finite impulse response 
(FIR) filters are usually designed to be linear-phase (but 
they don't have to be.) A FIR filter is linear-phase if (and 
only if) its coefficients are symmetrical around the center 
coefficient, that is, the first coefficient is the same as the 
last; the second is the same as the next-to-last, etc. (A 
linear-phase FIR filter having an odd number of 
coefficients will have a single coefficient in the center 
which has no mate.) The formula is simple: given a FIR 
filter which has N taps, the delay is: (N - 1) / (2 * Fs), 
where Fs is the sampling frequency. So, for example, a 21 
tap linear-phase FIR filter operating at a 1 kHz rate has 
delay: (21 - 1) / (2 * 1 kHz)=10 milliseconds. Non-linear 
phase, of course.) Actually, the most popular alternative is 
"minimum phase". Minimum-phase filters (which might 
better be called "minimum delay" filters) have less delay 
than linear-phase filters with the same amplitude response, 
at the cost of a non-linear phase characteristic, which leads 
to. "Phase distortion.” A low pass FIR filter has its largest-
magnitude coefficients in the center of the impulse 
response. In comparison, the largest-magnitude 

coefficients of a minimum-phase filter are nearer to the 
beginning.  
For an N-tap FIR filter with coefficients h (k), whose 
output is described by? 
 

Y (n) = h (0) x (n) + h (1) x (n-1) +h (2) x (n-2) +...h (N-1) 
x (n-N-1)                                                                ……. (1) 
The filter's Z transform is: 
 

H (z) =h (0) z-0+h (1) z-1+h (2) z-2+...h (N-1) z- (N-1) 
                                                                                …… (2) 
or 
 

                                                                                 
 

The variable z in H (z) is a continuous complex 
variable, and we can describe it as: z = r·ejω, where r is a 
magnitude and ω is the angle of z. If we let r = 1, then H 
(z) around the unit circle becomes the filter's frequency 
response H (jω). This means that substituting ejω for z in H 
(z) gives us an expression for the filter's frequency 
response H (ω), which is:  
 

H (jω) =h (0) e-j0ω + h (1) e-j1ω + h (2) e-j2ω + ... h (N-1) e-j 

(N-1)       ω , or 
Using Euler's identity, e-ja=cos (a) - jsin (a), we can write 
H (ω) in rectangular form as: 
 

H (jω)=h (0)[cos (0ω) - jsin(0ω)] + h(1)[cos(1ω) - 
jsin(1ω)] + ... h(N-1)[cos((N-1)ω) - jsin((N-1)ω)] , or  

            ..…. (3) 
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Again, the key is the lack of feedback. The 
numeric errors that occur when implementing FIR filters 
in computer arithmetic occur separately with each 
calculation; the FIR doesn't "remember" its past numeric 
errors. In contrast, the feedback aspect of IIR filters can 
cause numeric errors to compound with each calculation, 
as numeric errors are fed back. 

The practical impact of this is that FIRs can 
generally be implemented using fewer bits of precision 
than IIRs. For example, FIRs can usually be implemented 
with 16 bits, but IIRs generally require 32 bits, or even 
more. 
 
1.2 Evolutionary programming 

Evolution is a two-step population based process 
of random variation and selection. In an algorithm, this 

can be captured by creating a collection of potential 
solutions to a problem and using random numbers from a 
chosen distribution to generate new solutions. A selection 
criterion is imposed to determine which solution should be 
kept and which should be discarded. This is a very general 
generate and test routine, however the effectiveness of the 
procedure depends in large part on the choices of 
parameters and operators such as the number of parent’ 
solutions, the population size, the type and form of random 
variation and so forth. The typical flow chart of 
Evolutionary algorithm is shown in Figure-1. 
 
 
 

 
Typical flowchart of an evolutionary algorithm 

 

 
 

Figure-1. Flow chart of an evolutionary programming. 
 

The process starts with a population of candidate 
solutions to the task at hand. These may be sampled 
randomly or provided as hints from previous experience or 
other algorithms. New solutions are created by applying 
random variation to the existing solutions. This variation 
can come in the form of single parent or multi-parent 
operators. Alternative choices offer different sampling 
distributions from the space of all possible solutions. Each 
of the individuals in the population are scared with respect 
to how well they accomplished the task at hand (‘fitness’) 
and selection is used to eliminate same subset of the 
population  or to amplify the percentage of above average 
solution. The algorithm terminates when some extrinsic 
criterion has been satisfied, such as prescribed maximum 
number of generations or a suitable error tolerance. The 
procedure may be written as the difference equation: 
 

X (t + 1) = s (v (X [t]))                                            …… (4) 
 

Methods of evolutionary computation such as 
evolutionary programming, evolution strategies and 
genetic algorithms are often used to address general forms 
of the problem: Find x є Rn such that f(x): Rn → R is 
minimized. Each of these techniques maintain a 
population of a candidate solutions to the task at hand, 
impose random variations on these solutions and applies a 
selection criterion to determine which solutions should 
propagate into future generations. The difference between 
the methods derived from the philosophical foundation of 
how each simulates evolution. Genetic algorithms abstract 
evolution as a process of adaptive genetics, traditionally 
operating on binary encoding of the parameters to be 
optimized, and using genetic operators based on observed 
genetic mechanism. Evolution strategies and evolution 
programming, abstract evolution as a process of adaptive 
behaviors, emphasizing carefully constructed mutation 
operations so that parents generate offspring with suitable 
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functionality, regardless of any particular characteristic of 
their underlying coding structure. 

The advantage with evolutionary programming 
and evolution strategies over genetic algorithm is these 
algorithms directly operate on the real values to be 
optimized in contrast with genetic algorithm which usually 
operate on a separately coded transform of the objective 
variables.  
 
1.2.1 Evolutionary programming (EP) for real valued 
         function optimization  

The basic algorithm proceeds as follows: 
 

a) A population of µ parent solutions Xi, i = 1, 2……. µ 
is initialized over a region M є Rn. 

b) Each parent solution Xi, i = 1, 2… µ is scored in light 
of the objective function f (X). 

c) Each parent creates offspring X’i, i = 1, 2… µ where 
the jth component of X’

i
 is determined by x’

ij = xij + N 
(0, σj), j = 1, 2… n 
where N (0, σj) is a zero mean Gaussian random 
 variable with standard deviation σj. 

d) Each offspring solution X’
i, i = 1, 2… µ is scored in 

light of the objective function f (X). 
e) Each solution X0 and X’

i, i = 1, 2……. µ is evaluated 
against to other randomly chosen solution from the 
population. For each comparison a ‘win’ is assigned to 
the solution’s score is less than or equal to that of its 
opponent. 

f) The µ solutions with the greatest number of wins are 
retained to be parents of the next generation. 

g) If the available computing time or defined terminating 
criteria is met, halt, otherwise proceed to step (c). 

 
2. APPLICATION OF EP TO FIR 

Apart from getting the optimal solution the other 
advantage to filter design through EP is that a variety of 
additional constraints can be utilized. For example, the 
response at a given frequency can be completely nullified 
or a constraint can be added to limit the amount of 
overshoot in the impulse response. Filter is also designed 
to minimize deviation from a given spectral prototype. 
 
2.1 General constrained optimization 

The general constrained optimization problem is 

defined as Minimize  subject to constraints          ⎟
⎠
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Where   and ’s are functions on Rf ig n and ’s are 

functions on R
jh
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 Let the coefficient of a linear phase FIR filter be Gn,  
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and gn = g-n (with suitable modification, the result can be 

extended to filters with an even number of coefficients and 
defining hn =gn – (N-1)/2 results in a causal filter with the 
same magnitude response). 
The frequency response of the filter is  

  .                        .… (7) 
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We want to design a low pass filter with passband 
frequency ωP and stopband frequency ωS as shown in 

Figure-1. The ripple in the passband is 1δ±  and the ripple 

in stopband is 2δ± . There are various design possibilities 
and in all the cases in the design of the filter, we desire to 
choose the filter coefficients in association with 1δ  and 

2δ  such that the defined constraints are to be satisfied. 
                             

           …. (8) 
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Figure-2. Magnitude response of a linear phase FIR filter. 
 
If number of coefficients are known, the objective could 
be to find such a set of coefficients so that 1δ  and 2δ  can 

be minimal or if 1δ  is specified then 2δ  could be 
minimal. 
 
2.2 Cauchy-Gaussian distribution 

The one dimensional Cauchy density function 
centered at origin is defined by 

22
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approaches the axis so slowly that an expectation does not 
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exist. As a result, the variance of Cauchy distribution is 
infinite.  

It is known that large jumps in evolutionary 
search are beneficial. The comparison of Cauchy and 
Gaussian density function is shown in Figure-3. 

 

 
 

Figure-3. Cauchy- Gaussian density function. 
 
2.3 Algorithmic approach   
 
Step 1: A population of N trial solutions was initialized. 
Each solution was taken as a pair of real-valued 
vectors , with their 
dimensions corresponding to the number of variables, n to 
be optimized.  
The initial components of each 

were selected in accordance with a 
uniform distribution ranging over a presumed solution 
space.  

The value of , the so called strategy 
parameters were initialized with some value.  

Step 2: The fitness score for each solution  was 
evaluated in light of an objective 
function
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Step 3: Two offspring were generated from each parent by  
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 Indicates that the random variable is sampled 
for each new value of the counter j. The scaling factors 
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Step 4: The fitness score for each offspring  was 
determined.  
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Step 5: The pair-wise comparisons over all the 3N 
solutions were made. For each solution 10% of population 
is selected randomly as opponents from among all parents 
and offspring with equal probability. In each comparison, 
if the conditioned solution offers at least as good 
performance as the randomly selected opponent, it 
receives a “win”. 
Step 6: The N best solutions out of 3N based on number 
of wins received were selected to be the parents for the 
subsequent generation. 
Step 7: The algorithm will be proceeded to step 3 unless 
the available time for execution was exhausted or 
acceptable solution had been discovered. 
 The Evolutionary Programming procedure was halted 
with the following condition satisfied. For each best 

solution at generation k,  and generation k-1,  
if 
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Offspring generation 
 

 
 

Figure-4. Block schematic represents the generation of offspring. 
 
3. TEST RESULTS  

The test results are being presented in various 
plots obtained to understand the effective utilization of 
powerful Evolutionary Programming Technique for the 
design of a robust linear phase FIR Filter structure. 
 

             
 

Figure-5. Frequency response of the filter. 
 

 
 

Figure-6. Frequency response after mutation. 
 

The following shows the experimental evaluation 
for the frequency response shown in Figure-6 after 
mutation. 

Fv =   -0.0000    0.0000    0.3156    0.2633    0.1351    
0.0140   -0.0445-0.0388-0.0041 0.0144 
hf =     0.2633    0.1351    0.0140   -0.0445-0.0388-0.0041    
0.0144 
nc =  7 
 

             
 

Figure-7. Impulse response of fir filters. 
 

 
 

Figure-8. Objective function value and constraint 
error value. 
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Figure-9. Contribution in generating the new generation 
by cauchy and gaussian distributions. 

 
The general approach in the constraint 

optimization problem is to define the objective function as 
a combination of function to be optimized along with 
constraints. These constraints generally define the solution 
region. Once the solution region is defined and it is to find 
out the minimum value of function. In most of the cases 
variables involve in the function also participate in the 
definition of constraints. Hence, the penalty method is able 
to find the minimum value of function. In the problem 
under consideration for FIR Filter, the constraints are 
involving the coefficients along with the ripple band 
values 1δ  and 2δ .  

But the function which is to be minimized 
involves only 1δ  and 2δ . Hence the combination of 
function and constraints is to be associated with certain 
tunable parameters. It would be a better if more weightage 
is given to the function parameter compared to constraint 
tunable parameter, s. It is well known that Cauchy 
distribution takes longer jumps compared to Gaussian 
distribution. Many researchers have given the idea of 
application of Cauchy distribution for mutation purpose to 
enhance the speed of convergence. But at the same time 
there is a precaution about the deviation from the global 
solution as the progress is moving towards that. The other 
approach many researchers have taken is to switch form 
Cauchy to Gaussian distribution with the program of 
iteration. The reason behind that is Gaussian distribution 
can take smaller steps and this can be useful to find the 
global solution. 
 
4. CONCLUSIONS  

With the empirical results we have observed that 
irrespective of generation there is always nearly same 
contribution from Cauchy as well as Gaussian distribution. 
This is very surprising and against all the theoretical 
descriptions established so far. Research must be started to 
find out the existing phenomenon. From the results it is 
also very clear that Cauchy and Gaussian distributions are 
not sufficient to generate the filter offspring using 
mutation when taking these distributions separately. Here, 
we have taken the new approach to develop population by 

combining the existing parent offspring of Cauchy 
distribution along with offspring of Gaussian distribution 
to find out the next generation. 
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