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Image Restoration by a Constrained Genetic Algorithm

Yen-Wei Chen, Zensho Nakao and Makoto Iguchi

Abstract

A genetic algorithm is presented for the deconvolution problem of image restoration. The restoration

problem is modeled as an optimization problem, whose cost function is minimized based on mechanics of

natural selection and natural genetics. Because the complicated a priori constraints can be easily incoporated

by the appropriate modification of the costfunction, the algorithm is well suited to the solution of ill-posed

problem. The simuation results show that it is possible to obtain a perfect restoration even in the presence

of noise by constraining the cost function with some a priori information such as smoothness.

1 . Introduction

Many image processing applications, such as satellite

remote sensing, medical and scintific imaging, require a

high resolution image. However, currently available opti

cal or imaging systems have certain physical limitations,

and the image g(x,y) we usually observe is a degraded

one by the convolution of the original image /(x,y) and

the point spread function (blurring function) A(x,y) of

the optical or imaging system, which can be expressed as

(1)

where * denotes the convolution operator and n(x,y) is

the random noise contained in the blurred image. In order

to recover the original image /(x,y) from the blurred

image g"(x,y), we have to deconvolve the g(x,y) with the

blurring function A(x,y). The inverse filter is a typical

linear filter used to deconvolution problem, whose point

spread function is the inverse of the blurring function.

In the absence of noise, /(x,y) is, in principle, perfectly

recoverable by the inverse filter. However in the presence

of noise, the noise n(x,y) will be amplified to very high

levels at spatial frequencies with an amplitude close to

zero and the image restoration problem is an ill-posed

problem. Although a large number of filters such as

Wiener filter [ 1 ], where the mean-square error is mini

mized, have been proposed to overcome this limitation,

it is impossible to avoid reduction of resolution and qua

lity of the recovered image.

In these two decades, a few nonlinear techniques have

been proposed for image restoration such as the maxi

mum entropy (ME) method [ 2 ], [ 3 ] and the maximum
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a posteriori (MAP) method [ 1 ], [ 4 ], which incorporate

constraints to reduce the amplification of noise in the

restoration.

In this paper we present an alternative method for im

age restoration based on a genetie algorithm (GA) [ 5 ]

under the constraint of a Laplacian operator. In this me

thod the restoration problem is modeled as an optimiza

tion problem,whose cost function is minimized bassd on

mechanics of natural selection and natural genetics. Bec

ause the complicated a priori constraints can be easily

incorporated by the appropriate modification of the cost

function, the GA method is well suited to the solution

of the ill-posed problem. The performance and behavior

of the proposed method are demonstrated with two

typical blurring functions. The first one is for restoration

of imaga blurred by out of focusing (defocusing)and the

second one is blurred by an ideal lowpass filter. For the

second case the inverse of the blurring function does not

exist and it is impossible to recover the original image

by the linear techniques. The basis of the genetic algorithm

is given in section 2 and the constraint used for the ill-

posed problem is discussed in section 3 . Simulation

results are presented in section 4 .

2. The genetic algorithm

The typical flowchart of genetic algorithms for image

restoration is shown in Fig. 1. We firstly create a popu

lation of estimates of the original image as chromosomes

randomly in the coding and initialization processes. And

then the degraded image is calculated for each chromo

some (estimate). The fitness for each chromosome is

evaluated by comparing the calculated degraded image

of the chromosome with the degraded image of the ori

ginal image. The cost function for evaluation is shown

as Eq. (2):

(2)
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Fig. 1 A typical flowchart of genetic algorithms for

image restoration.

where / is the estimate (or chromosome) of /. The low

er is the cost, the higher is the fitness. The optimum

solution (perfect restoration) can be obtained by minimi

zing the cost function of Eq. ( 2 ).

Three genetic operators (selection, crossover and muta

tion) are performed on the whole populations to guide

the chromosomes toward the optimum solution (minimum

cost).

a. Selection

We used an elitist selection scheme [ 5 ] for the selec

tion process as shown in Fig. 2 (a). In this scheme, the

chromosomes (estimates) with lower cost (higher fitness)

are selected as elitists, which are copied directly in the

new generation without any changes, The chromosomes

(estimates) with higher cost (lower fitness) are replaced

with offsprings (new estimates) produced by the parents,

which are selected from the elitist portion randomly,

with crossover and mutation.

b. Crossover

A newly developed 2 -D uniform crossover operator is

used for generation of offspring instead of the normal

unifom crossover operator [5], which is a one-point uni

form crossover. The process of the new crossover is shown

in Fig. 2 (b). The crossover operation is performed

for every row or every column as follows:

Step 1 : Randomly select an integral number between

0 and 1 to determine the row or the column

(If the returned value is 0 then the crossover

operation is performed for every row, other

wise the crossover operation is performed for

every column).

Step 2 : Randomly select a real value from the inter

val [0.0, 1.0]

Step 3 : If the returned value is equal to or less than

the probability of crossover (0.5 in the simu

lations) then copy the row/column from the

parent 1 to the offspring, otherwise copy the

row/column from the parent 2 to the offsp

ring.

Step 4 : S tep 2 and step 3 are applied to every row

or every column.

In the proposed crossover process, the number of ope

rations is N, while in the process of normal uniform cros

sover, the crossover operation is performed for every pixel

and the number of operations is N2, where N2 is the

number of pixels of the image. Furthermore,the simulation

results show that the convergence toward the optimum

solution by the proposed operator is faster than that by

the normal uniform crossover [ 6 ]. The calculation time

can be largely reduced by using the proposed efficient

crossover operator.

c. Mutation

A single mutation scheme [ 5 3 as shown in Fig. 2 (c)

is also used for generation of offspings together with

the crossover. The process is done as follows:

Step 1 : Randomly select a real value from the inter

val [0.0, 1.0].

Step 2 : If the returned value is equal to or less than

the given probability of mutation (0.02 in the

simulations), then the pixel value is mutated

from 0 to 1 or from 1 to 0, otherwise the

pixel value is kept without mutation.

Step 3 : Step 1 and step 2 are applied to every pixel.

The probability of mutation is an important

parameter, which will significantly affect the

efficiency of the algorithm. It is found to be

inversely proportional to the number of pixels

of the image.
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Fig. 2 Evolutionary operators : selection (a), crossover

(b), and mutation (c).

3. Constraint

If the degraded image is with noise, the cost function

of Eq.( 2 ) must satisfy

where e is a parameter determined by the variance of

noise. Eq.( 3 ) is an ill-posed equation. There are many

solutions / such that ( 3 ) is satisfied. In order to select

the optimum solution, we have to use some a priori

knowledge as constraints such as smoothness and so on.

In GA, the constraints are introduced in a simple man

ner. They are just associated as additional terms in the

cost function. The newly proposed constrained cost func

tion is shown in Eq.(4).

(4)

where the second term is the constraint. P is the const

raint operator, and the Laplacian operator [ 1 3 is used

here to obtain a "smooth" estimate. A is a parameter

used to balance the first term and the second term. In

our simulation A =0.02.

4. Simulation results

We have carried out computer simulations to validate

the applicability of GA for image restoration. A Simple

binary phantom as shown in Fig. 3 is used in simula

tions. The pixel size is 15X15. The optimum parameters

for the simulations, which are obtained through several

testing runs, are as follows:

Population size

Elitist selection rate

Probability of crossover

Probability of mutation

300

10%

0.5

0.02

Fig. 3 Phantom used in simulations.

The simulations are done with two different blurring

functions. For the first case, the image is degraded by

the out of focusing (defocusing). The PSF of the defocu-

sing is shown in Eq.( 5 ),

h(x,y)>
0, otherwise

where a=3.

Figure 4 shows the simulation results in the absence

of noise. Figure 4 (a) is the degraded image without

noise. The restorations by normal GA (without const

raint) after 1st, 50th and 520th generation are shown in

Figs. 4 (b), 4 (c) and 4 (d), respectively. It can be

seen that the restored image is improved with increasing

the generation. The improvement of the cost function is

shown in Fig. 5 . The costs of Figs. 4 (c) and 4 ( d )

also shown in Fig.5 with "©". The cost=0 means the

perfect restoration.

Figure 6 shows the simulation results in the presence

of noise. Figure 6 ( a ) is the degraded image with an

additive Gaussian noise ( (7=0.03, fi=0). The restora

tions by normal GA (without constraint) after $20th

and 2000th generation are shown in Figs. 6 (b) and 6 (c),

repectively. It can be seen that in the presence of noise,

even after 2000th generation we can not obtain an opti

mum solution (perfect restoration) because of ill-posed
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Fig. 4 (a) Degraded image by out of focusing without

noise, (b) restred images by the normal GA

after 1st generation, (c) same as (b) but after

50th generation, (d) same as (b) but after 520th

generation.
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Fig. 5 Improvement of cost function with generation.

condition as shown in Eq.(3). The restoration by the

proposed constrained GA after 620th generation is shown

in Fig. 6 (d ). A perfect restoration is obtained. In

order to make a comparison, the retorations by inverse

filter and Wiener filter are also shown in Figs. 6 (e)

and 6(f), respectively. The qualities of restored image
are poor.

1
1
1
m

& S

1

s Si

i m

|i

■ ||l

&i
Ssll

H
IIn

1 P
i

i
ffln

i
nM

Si
b ' h
g |

Ml5gg Kg

11

(a)

M

floS
am

m

||

1

1
J

Hn
* i m

B

i

i

1

il

1

1
I

1

1
1

(c)

1
1

M'i

1 l

■ -
1

1
p

sag

iii

ill
'§ '
ffi? j

IS

f!
M
m
sal

i

I

B

e

i

I

i

iH

t
mm

1

B

i
(e)

Fig. 6 (a) Degraded image by out of focusing with

an additive Gaussian noise, (b) restored image

by the normal GA after 620th generation, (c)

same as (b) but after 2000th generation, (d)

restored image by the constrained GA after 620th

generation, (e) restored image by an inverse

filter, (f) restored image by a Wiener filter.

For the second case, the image is blurred by an ideal

lowpass filter. The modulation transfer function (MTF)

H(u, v) of the lowpass filter is shown in Eq.( 6 ).

H{u,v),

otherwise
(6)

where u and v are spatial frequencies, fc is the cutoff

frequency. In our simulations, /.=/„«/2 (/»„ is the Ny-

quist frequency). The PSF of the lowpass filter is shown

in Fig. 7 (a). Figure 7 (b) is the degraded image by

the lowpass filter with an additive Gaussian noise (a =
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0.03, ju=0). Since the inverse of the blurring function

does not exist in this case, it is impossible to recover

the original image from the degraded image using the

linear techniques even in the absence of noise. Figure 7 (c)

is the restored image by the constrained GA after 610th

generations. In this case, a perfect restoration is also

obtained.

(a)

(b) (c)

Fig. 7 (a) PSF of lowpass filter, (b) degraded image

by the lowpass filter with an additive Gaussian

noise, (c) restored image by the constrained GA.

5. Summary

We have applied a genetic algorithm (GA) for image

restoration and a Laplacian-constrained cost function

has been proposed for restoration of image in the pre

sence of noise. The performance and potential of the

proposed method have been demonstrated with computer

simulations. The computer simulation results show that

it is possible to recover the original image from the de

graded image even in the presence of noise. The disad

vantage of the proposed algorithm is its large computa

tional cost (the simulation results shown in section 4

required several hours of CPU time on a 32-bit works

tation IBMRS/6000). Compared to other nonlinear tech

niques, GA has an excellent parallelism. We can expect

much speedup by using a parallel or multi-processor com

puting system. A further investigationis also under way

to develop more efficient genetic operators in order to

reduce the calculation time and to realize the restora

tion of large-size images.
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