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Genetic Algorithm Optimization of Multidimensional
Grayscale Soft Morphological Filters With
Applications in Film Archive Restoration

Mahmoud S. Hamid, Neal R. Harvey, and Stephen Marshall

Abstract—Automatic restoration of old film archives has become in addressing a particular problem in film archive restoration,
of increasing interest in the last few years with the rise of consumer known as film dirt.
digital video applications and the need to supply more program- i gjirt is a common problem in old film archives and will

ming material of an acceptable quality in a multimedia context. be familiar t ho has b to the ci . dold
A technique is described for the optimization of multidimensional e famifiar o anyone who has been to the cinema or viewed o

grayscale soft morphological filters for applications in automatic ~ film footage. Film dirt occurs when foreign particles get caught
film archive restoration, specific to the problem of film dirt re- in the film transport mechanism and damage the film, causing
moval. The optimization is undertaken with respect to a criterion  |oss of information. This damage manifests itself as “blotches”
based on mean absolute error and is performed using a genetic al- of random size, shape and intensity. The blotches appear as
gorithm. Experiments have shown that the filter found using this ’ . ' . .
technigue has excellent performance in attenuating/removing film ﬂaShes of dark and bright patches C"f‘"ed d!rt and sparkle. Dirt
dirt from image sequences and has little, if any, effect on the image IS created when dust adheres to the film as it passes through the
detail. The results of applying such afilter to a real image sequence transport mechanism, while sparkle is caused by the abrasion of
were analyzed and compared to those obtained by restoring the the film emulsion. These blotches are nontime correlated (tem-
same image sequence using a global filtering approach (LUM filter) porally impulsive).

ﬁg%g Z%?ggﬂfgpg:suoge}!ﬂtedri'rr;gr:rﬂ%?scgo(ithngveiéﬂt%,‘aN 'ct)g Latgr in their lifetime, films may suffe_r further damage du_e
timized soft morphological filter showed improved results com- t0 environmental hazards such as humidity and dust, chemical
pared to the LUM filter and comparable results with respect to the instabilities, improper storage and handling practices, and even
ML3Dex filter with noise detection. Also, the optimized filter ac-  poorly maintained projectors. Although the deterioration of film
cgrately restored all fast_—movmg object_s present in the sequence, sequences can be halted and movies can be preserved by the
without the need for motion compensation, whereas the other two . . . .
methods failed to do this. The proposed method proved to be a prod-ucuon ‘?f ma_ster. video copies, dgfects already present in
simple, fast, and cheap approach for the automatic restoration of the film are inherited in the video and, in fact, most defects are
old film archives. actually accentuated in the viewing of video in comparison to

Index Terms—Film restoration, filter optimization, genetic algo- film. Also, addmgnal art_'faCtS may be embe.dded in the video-
rithms, soft morphology. tape due to the film to video transfer operation.

Whatever the case, the complexity and associated cost of
manual processes involved in a conventional restoration chain
are often too prohibitive for a successful exploitation business

HERE HAS BEEN growing interest in recent years in thelan to emerge. Additionally, conventional restoration of film
area of film archive restoration. This has, no doubt, con&fchives relies on the use of dedicated equipment such as
about in part due to the emergence of digital television broagpecial copying machines, which can only target a limited
casting and the growth in video and DVD sales. In order to saange of artifacts due to the fact that the unit of manipulation
isfy demand, it is becoming increasingly attractive to markean only be the physical film strip. For all these reasons, it
available archive material. However, a great deal of film archilgecame necessary to digitize movies and apply the restoration
material has suffered some form of corruption and therefore techniques in this domain for them to be of acceptable quality
quires restoration in order to be of a sufficient quality for resafer resale or broadcast.
or broadcast. This paper describes a method whereby grayscalEhere is growing consensus that automatic restoration is a key
soft morphological filters may be optimized with respect to @anabling technology toward the successful exploitation of film
specific objective image quality criterion, and its applicatioand television archives for a number of reasons. By improving
baseline picture quality and reducing the perceptual impact of
archive-related artifacts, it can meet viewers’ aesthetic expecta-
tions and enrich the viewing experience. Moreover, the suppres-

Manuscript received April 5, 2002; revised December 1, 2003. This papgjon of such artifacts has vital implications on the efficiency of
was recommended by Associate Editor L. Onural. . . . . . . .

video-coding algorithms used in the television and multimedia
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Old films must be scanned at high resolutions in order to prenage and an ideal image is determined. An eventual practical
serve the definition and the visual quality of the motion pidool based on this method would be virtually automatic, re-
ture images. Consequently, the restoration algorithms must afgoring little human interaction and would have no manually set
preserve the visual quality of the films. In addition, the restorgarameters. In any case, it would have determined the optimum
tion process should be as fast as possible, have the minimiiltering function achievable via soft morphological filtering, or
number of control parameters, and the processing system haattteast a function very close to it for the given training set. It
be cheap. is therefore unlikely that human intervention could improve the

Most of the conventional image sequence restoration algesult further.
rithms involve median filtering [4]. Although the median filter The method is based on a global filtering approach in which
better preserves edges than linear filters, the median operatosoft morphological filter is optimized using a genetic algo-
tends to homogenize the details of the image and this resuftam (GA). The filter found is then used to restore a corrupted
in a blurring effect. In fact, the median applies the same fifiim sequence. The proposed restoration method automatically
tering operation regardless of the underlying statistics of eithggtects, and then corrects, artifacts in degraded motion pictures
the image or the noise. It is, therefore, highly unlikely that th&ith minimal human intervention, as it has no control parame-
median would be the optimum processing function in any giveers.
situation. It would almost always be possible to improve on its GAs [11], [12] have proven to be a good tool for optimization
performance. and search and have found applications in many areas of science

To enable greater fidelity to be achieved in the imaggnd engineering in recent years. The exhaustive processing re-
sequence, Nieminen introduced the multilevel median filtgfuired is the main drawback of using GAs in optimization prob-
(MMF) [6]. This class of filters employs a hierarchy of medianems whenever both the search space and the amount of data to
operations that allows one to reject impulsive distortions in thg processed are large. Recently, this has become less of an ob-
image with less smoothing than a simple median operatiofiacle after the emergence of parallel GAs [13]-[15] and the im-
Extended versions of MMF filter have been proposed by Arggementation of GA design approaches on field-programmable
[7] and Alp [8]. gate arrays (FPGA) [16]. A parallel implementation method for

One of the most difficult aspects of film restoration involveseducing the processing time of the GA using an FPGA, specific
the way in which motion is handled. Estimation of motion fronfo the problem of film restoration, showed a massive reduction
image sequences is, in general, a difficult and time-consumigthe optimization time. A publication on this work is in prepa-
task. It is also difficult to have an idea of the real sensitivity teation by the authors.
noise or to image alteration of a motion estimator. Let us em-The results of applying the proposed method to a real cor-
phasize that spatio-temporal restoration algorithms are more ®ipted film sequence was analyzed and compared to those ob-
fective than two-dimensional (2-D) (purely spatial) processegined by applying two other filtering approaches to the same
only if the motion estimator performs satisfactorily. Howevefim sequence. The first approach is a global filtering approach
the behavior of a motion estimator cannot be guaranteed. Thg{&yhich the LUM filter [17], [18] was used. The second ap-
is also the consideration that the sequences being dealt with @¥&ach is a spatio-temporal local filtering method in which the
degraded, so the motion estimator must be robust to noise. Ryi-3pex filter, proposed by Kokaram [20], was used after the
thermore, three-dimensional (3-D) (spatio-temporal) restoratigtection of the noise using the ROD detector [19].
methods are far more computationally expensive than 2-D tech-The remainder of the paper is organized as follows. Section Ii
niques. provides an introduction to the class of soft morphological

The topological median filter [S] is a recently introduced typ@jters. Section Il explains the idea behind restoring film
of median filter for images. It implements some existing ideagquences using spatio-temporal soft morphological filters.
and some new ideas on fuzzy connectedness to improve the€xetion IV describes how GAs can be used in the search
traction of edges in noise over a conventional median filter. Ajpy optimal grayscale soft morphological filter parameters.
though the results of applying this filter to images show a bettggction V demonstrates the application of the optimization
performance than the median filter in preserving edges, the filigiethod to the film dirt problem. Section VI shows the results
fails to perfectly restore small details in the images. This makgs applying the technique to some real restoration tasks and
the visual quality of the filtered images [5] unacceptable fiiompares the results with those obtained by applying two other
many multimedia applications. filtering methods to the same image sequence. Section VII

The majority of existing methods, for example [3], [9], anQjiscusses the results presented in Section VI. A summary and
[10], involve a “detect and repair” strategy, in which artifactgonclusion are presented in Section VIIl.

are detected and then filtering is applied only at those places

where artifacts have been detected. They also employ motion

compensation. As will be seen later, in the cases where mo-

tion is rotational or where it exceeds the Nyquist sampling rate Il. SOFT MORPHOLOGICAL FILTERS

of the frames, it is difficult to make the motion compensation

sufficiently robust. In contrast, the method introduced in this Here, we provide an overview of grayscale soft morpholog-
paper seeks to determine the optimal filter subject to certain cacal filters. In the interest of brevity, we restrict ourselves to
straints. Given some region of support, the operator that migjrayscale (function processing) soft morphological filters and
mizes the difference between a filtered version of a corruptédve omitted the description and definition of flat (function-set-
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processing) and binary (set processing) soft morphological fif} reduce to the equivalent grayscale standard morphological
ters. For this, the interested reader is referred to [23]. The restri@erations by the structuring functian

tionto grayscale (function processing) soft morphological filters Grayscale soft opening gfby [b, a, 7] is denoted by}, ,

is justifiable as the classes of flat (function-set-processing) aadd is defined as

binary (set processing) soft morphological filters are subsets of

the class of grayscale soft morphological filters. foa(@) = (f S [b,a,r]) & [b°, 0%, r](z). 4)

Soft morphological filters are a class of nonlinear filter . : boar
[22]-[24]. Their definition was originally related to the classlarggﬁﬁzlcf:gﬂ closing gf by [b, a, r]is denoted b/ and
of (standard/structural) morphological filters (discrete fidt
morphological filters), but they have since been extended to forl(z) = (f @ [b,a,r]) © [b°,a°, 7](). (5)
the grayscale (function processing) case [21]. The idea behind
soft morphological filters is to relax the standard definitions dflote that, the symmetric set @f is the set
morphological filters in such a way as to achieve robustness
whilst retaining most of the desirable properties of standard T°={-t:teT} (6)

morphological filters. Whereas standard morphological f'lterérayscale soft open-closing and soft close-opening are combi-

are based on !ocal maximum and minimum operations, tions of the soft closing and soft opening operations shown
soft morphological filters these operations are replaced ove
0

more gene_ral weightgd orQer statistics. The Key idea of s . tKuo.smanen [25] showed that, unlike standard closing and
morphological operations is that the structuring element %ening,soft closing and soft opening by the structuring system

?r:v'd?d |dnto dtV\tlo plart_s: thlehard fengexlgh bihavei like [b, a, 7], wherea is symmetric, can remove arbitrary shaped pos-
e standard structuring element an oundarywhere o4 negative impulses, if

maximum and minimum are replaced by other order statistics.

This makes the filters behave less rigidly in noisy conditions ) | —r

and makes them more tolerant to small variations in the shapes ¢ < mm{ | "~ 1} ™

of the objects in the filtered image. Before proceeding to the ) o ) ) .

definitions of the soft morphological operations, some oth¥here|C] is the cardinality of the impulsive noise.

concepts need to be defined. The cardinality of the noise is related to its density and corre-
The structuring systemb][ a, 7] consists of three parame-SpO”d_S _to the number of pixels in the §&tThese noisy pixels

ters: functionsz and b, having supportd and B respectively are within the region of support of the SMF.

(A C B) and a natural number, satisfyingl < r < |B|,

where|B| is the cardinality of3. Functionb is called the struc- !l WHY EXTEND TO THE SPATIO-TEMPORAL DOMAIN"?

turing function,a is its (hard) center{ is the support of its  Basically, a video sequence is a much richer source of vi-

hard center))\a its soft boundary B\ 4, the support of its soft syal information than a still image; this is primarily due to the

boundary), and- is the order index of its center which is alsqyresence of motion. Because the recording of each image of a

referred to as the repetition parameter. _ motion picture sequence generally occurs more rapidly than the
Grayscale soft dilation of a signgilby the structuring system change of information in the scene, the consecutive images in
[b, a, r]is denoted byf & [b, a,r] and is defined as the sequence may contain similar or redundant information.

On the other hand, image sequences that contain fast mo-
tion, which exceeds the Nyquist sampling limit defined by the
{ro(f(z —a)+a(a)} U{f(z - B) +b(B)} (1) frame rate, have always been a problem in the restoration of film
] archives. This is because objects having this type of motion are
wherea € A andj € B\A and the symboé is used to denote \gry similar, in their temporal characteristics, to film dirt. So,
duplication; for instance it may not be possible to predict this type of motion from adja-
cent frames. For example, if an object only appears briefly in a
single frame and not in adjacent frames, no prediction would be
possible. Therefore, any suitable restoration algorithm should
Grayscale soft erosion of a signflby the structuring system be able to distinguish between film dirt and these fast-moving

f @ [b,a,7](x) = the r*" largest value of the multiset

n times

noxr="o,...,T. (2)

[b, a, r] is denoted byf © [b, a,r] and is defined as objects; however, this adds more complexity to the algorithm.
Although the restoration of degraded image sequences can be
f©[b,a,r|(x) = ther™ smallest value of the multiset performed with the repeated execution of the same 2-D process

{ro(f(z—a)—ala)}U{f(z—-p3) —bpB)} (3) on the separate images in the sequence [28], [29], such an ap-
proach implicitly assumes that the individual images, or frames,
wherea € A andg € B\A. are temporally independent and thus has a tendency to introduce
As an extreme case, grayscale soft morphological operatidamporal artifacts in the restored image sequence.
by the structuring systemb [ a, r] reduce to the equivalent By extending the filtering process from purely spatial to
grayscale standard morphological operations by the funétiospatio-temporal, it is anticipated that the resulting filters will
if r = 1, or, alternatively ifA = B. If » > |B\ A|, grayscale make use of the temporal characteristics and in this way out-
soft morphological operations by the structuring systépu[ perform their purely spatial counterparts. However, by careful
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coding of the filter parameters for GA optimization, the search TABLE |

space for spatio-temporal (3-D) filters will also include the BEXAMPLE OB\C/EEELFLOSTCR%E'TNUGRTGSEL%“&STY(\)’:JZ'gUAPNPDOSTUTS'DE THE
filters of lesser dimensions, i.e., 2-D (purely spatial) and 1-D

(purely temporal), and so the GA will be free to choose the

optimal filter amongst them. Code  Grayscale Value
IV. OPTIMIZATION OF SMF USING GA 0 *
Several methods have been described for the optimization of ! 0
softmorphologicalfilters. Huttunest al.[26] and Kuosmaneet 2 1
al.[27] described methods for the optimal choice of the (2-D) flat 3 2
(function-set-processing) soft morphological structuring system.
These methods do not, however, optimize the choice of soft mor- 4 3
phological operations. Harvey [29] described a method for the 5 4

optimization of (2-D/spatial) grayscale soft morphologicalfilters
that seeksto optimize not only the structuring system, butalso the
choice ofthe soft morphological operations. In this paperwe seg

) ) . R hese parameters are incorporated into a GA optimization
toillustrate the extension of these techniques to the optlmlzatlgﬂategy The parameters are encoded and mapped to a “chro-
of grayscale soft morphological filters in the spatio-temporal d :

main and to illustrate their performance in the restoration of re?éilosome,” as described below.
P 1) Overall Structuring Function:Limits as to the dimen-

cogiptzt: m;?griﬁe%l:igfnesﬁtational models based on the msions of the overall structuring functions are set (i.e., the spa-
\S are Y putati 0dels base " Iial, temporal, and grayscale dimensions) and the optimization
chanics of evolution and genetics, which may be used in t

Focess is allowed to search for any size and shape of the overall

solution of search and optimization problems. The field of GAsstructuring function within this 4-D hypercube “envelope.” If
was founded by John Holland [30]. Holland elaborated on t e overall spatio-temporal dimensions of the structuring func-

persistent themes of his research: the ability of simple data rt?%;‘ are fixed, it may be that, for a particular structuring func-

;?;erllitr'gggfg)rrigggﬂz f(;)?r;p“r(z)a\l;[gijct:w?tlrj&itsu?gs tni 2ﬁ‘(’)vv?/tric9 , hot all positions within this region are in the actual support.
pie . P . ' order to take this into account in the GA optimization process,
that, with the right control structure, these simple data repre

sentations (strings) could attain rapid improvements under CI |s necessary for positions outside the structuring function’s
. 9 pid Imp . [lpport but within the overall search envelope (“don’t care” po-
tain transformations, so that a population of the strings could

. - fﬁons) to be distinguishable. A suitable code, therefore, would
made to evolve in a manner similar to that of naturally oceup

. . S . e one, which includes a unique representation for those “null”
ring populations. In their simplest form, three basic operator& sitions. An example of such an encoding scheme is shown
reproduction, crossover, and mutation, act on a population ?

candidate solutions (chromosomes) in the search space i Tablg I. In thi; example,«” refers to a position outside the
_ e " structuring function’s support.

* Reproduction:a process whereby individual chromo- ) Hard Center: A binary string, having a length equiva-
somes are selected according to their fitness values. |ent to the cardinality of the structuring function’s overall sup-

* Crossover:a recombination operator that combines segsqt “envelope,” is used to flag those positions within the struc-
ments from two parent chromosomes to produce offspringing function’s support which are in the hard center. Positions
These segments are called genes. The values of the g&R&fis string with value one are positions within the structuring
are so-called alleles. As in the natural system, the offsprifignction that are included in the hard center. After forming each
contain genes from the two parent chromosomes. A profay individual, the hard center flags are checked against the
ability term P is set to determine the crossover rate.  ggrycturing function portion of the chromosome. If any of the

* Mutation: an operator that introduces variations into thgnsitions within the structuring function portion of the chro-
chromosome. A probability tert,, is set to determine o5ome are coded as being outside its region of support, i.e.,
the mutation rate. Practically, crossover is used for the &xy» positions, then a check is made to ensure that the corre-
ploitation of the chromosomes with good genetic materiahonding position within the hard center flag string has a zero
while mutation is performed to create a random diversitynq is changed as necessary.
in the population, or in other words for the exploration of b) Soft Boundary:Chromosome positions within the
the entire search space. overall structuring function’s support not coded as null posi-

tions and not having a one in the corresponding hard center

flag portion of the chromosome are considered to be in the soft
In searching for the optimal soft morphological filter the folhoundary of the structuring function.

lowing parameters have to be considered: 2) Repetition Parameterfrom the definition of soft mor-

« sizeandshapeof the structuring system’s hard center; phological operations, it is known that for a structuring func-

* sizeandshapeof the structuring system'’s soft boundary;tion, b having a suppori3, the repetition parameterhas to lie

* repetitionparameter; somewhere in the range < r < |B]J. So, in order to code

» choiceof the soft morphological operations. the repetition parameter, we can have a binary string, the length

A. Soft Morphological Filter Parameters
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Filter values bits | Structuring function bits | Rank bits | Soft morphological operations bits

Fig. 1. Chromosome coding.

of which is equal to the overall size of the structuring functioroft boundary, repetition parameter, and sequence of soft
(i.e., the pre-set outer limits of the structuring function’s supnorphological operations are simply concatenated. This process
port). This binary string is then used to flag whether a positiaf using the structuring function genes, as control genes,
within the structuring function’s support contributes to the reger controlling the genes of the filter hard center and soft
etition parameter; a one signifies that it does. To ensure cdroundary is referred to as the so-called hierarchical GA [12].
sistency, a check has to be made, after forming each new intire chromosomal representation of the SMF is illustrated
vidual, to confirm that those positions flagged as contributing to Fig. 1.
the repetition parameter are also positions coded as being withifThe size of the search space is, therefore, fixed. The overall
the structuring function’s support. If any positions in the repetdimensions of the structuring functions—the maximum size
tion parameter binary string are flagged with a one, but the caf its support (and hence the support of the hard center and
responding positions in the structuring function’s support as®ft boundary and the range of possible repetition parameters),
coded as being outside the structuring function’s support, thebe maximum gray-level values, and the maximum length of
flags have to be altered to ensure that they are set to zerostift morphological operations, together with the choice of
this way the binary string can only code values lying within theoft morphological operations, are all set beforehand. Thus,
allowable range. the GA searches for any 3-D grayscale soft morphological

3) Choice of the Sequence of Soft Morphological Opefitter which is a combination of four operations from the set
ations: When considering soft morphological operations ifsoft erode, soft dilate, do-nothing}, which will use a struc-
the context of the design of soft morphological filters, onturing function (hard center and soft boundary) and repetition
has to consider the search space within which the GA witbrameter, chosen from all the possible variations within the
operate. Here, we seek to limit our search to the set of fundarerall region of support and maximum grey-level value. This
mental (primary), secondary, and tertiary soft morphologicakarch space encompasses (3-D) spatio-temporal, 2-D (purely
operations, i.e., the set which includes {soft erosion, sdadpatial), and 1-D (purely temporal) soft morphological filters.
dilation, soft opening, soft closing, soft open-closing, anih addition, the class of soft morphological filters encompasses
soft close-opening}. Each member of this set can be definsdveral other classes of nonlinear filters including standard
as some combination of the fundamental soft morphologicalorphological filters and rank-order filters.
operations. Therefore, for a coding scheme to be able to encode
this set of soft morphological operations, two basic decisionq_ APPLYING THE GA OPTIMIZATION METHOD TO THEFILM
have to be made. DIRT PROBLEM

» The set of individual soft morphological operators from

) In order to make use of a GA in the optimization of filter
which to choose.

» The maximum number of soft morphological operaﬂongarameters, therg h‘.as. to be some method of attri_buting a f.it_

in the sequence ess value to an individual chromos_ome_ representing a par.tlc—
' ) ) ular set of grayscale soft morphological filter parameters. A fit-

So, to be able to code the primary, secondary, and tertiary SQfiss function has to be determined which provides some objec-
morphological operations, the set of soft morphological opergye measure of the individual’s performance in its environment.
tors necessary is {soft erosion, soft dilation} and the sequenggis fimess function is crucial to the successful implementation
length required is four, i.e., the longest sequence of operatiQfiSihe GA optimization technique. One then has to determine
will be for the tertiary operations of soft open-closing and soff 4t is meant, in this application, by performance and environ-
close-opening, which can be defined in terms of the fundamenigl ¢ Defining the environment is a relatively simple matter. It

(primary) operations as a sequence of four separate primary 0Rgfhe image sequence to be filtered. Defining what is meant by
ations. In order that the GA be able to perform optimization ovefformance, however, is a more complicated task. The general
the entire search space, itis necessary to include the do-nothiggyg in the field of image restoration is that of improving the
or identity operation, to the set of soft morphological Operat'°n§ubjective quality of the images when viewed.
This is due to the fact that the length of the sequence of SOftmorUnfortunately, due to the nature of the human visual system
phological operations is fixed in the GA, butitis desirable to iy jis interaction with the human brain, there does not exist a
clud_e inthe search.space allthe s.ubsets ofsoft_mc_)rphological @Pnple function which maps subjective image quality to some
erations from the simple soft erosion and soft dilation through th@etive quality criterion. This aspect itself forms a large area
soft open-closing and soft close-opening filters. of research.
o ] ) Criteria do exist, however, which provide some objective

B. Combining the Coded Structuring Function’s Hard Centetyeasyre of image quality. The majority of these criteria are
and Soft Boundary, Repetition Parameter, and Sequence of yaqeq on a comparison with an ideal (uncorrupted) version
Soft Morphological Operations of the image under consideration which contains some mod-

To form the complete chromosome, the separate strinifisation of signal-to-noise ratio. The most obvious criteria
containing the coded structuring function, hard center amgle the mean absolute error (MAE) and mean squared error
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(MSE) [31], [32]. The statistical investigations of 26 different
image quality measures [34] using ANOVA analysis [33] have
revealed that MAE and MSE remain the best measures for
additive noise.

A. GA Optimization of Soft Morphological Filters Using
Training Set

Generally, in the case of film restoration, it is not possible to
perform a comparison with an ideal image sequence; as such a
thing does not exist. After all, if a noncorrupted version of the
film exists, why bother trying to restore a corrupted version?
One method of addressing this problem is as follows:

In most image sequences, itis generally possible to find areas |
of the image, which are uncorrupted. Then it is possible to arti-
ficially corrupt these ideal image regions with particles of film
dirt extracted from other similar, but corrupted, regions of the
image sequence. In this way, it will be feasible to produce the
necessary training set, which allows the evaluation of a fithess
value based on some measure of the MAE and/or MSE. Fig. 2
shows an example of a series of uncorrupted regions extracted
from an image sequence and the same sequence after having
been artificially corrupted with film dirt.

B. Fitness Function

Having a training set, i.e., an ideal and corrupted version of
the same image sequence, enables the fithess value of an indi-
vidual (i.e. a particular set of filter parameters) to be based on
a comparison between the filtered image sequence having been
filtered with the filter having the parameters represented by the
individual and the ideal image sequence. The fitness of an indi-
vidual is therefore determined as follows:

Let MAE,,.« be the maximum possibelAFE for an image
(MAE.x would be 255 for 8-bit grayscale images). Létbe
the number of images in the training sequencelnd; be the
MAE for theit" image in the filtered sequence, with respect to
the i, image in the ideal sequence. less; be the overall
fitness of the individualj

mae;
fit =1 - (m) ®)
N
100
fitness; = <T) X Zﬁti. (9)
i=1 () (b)

In other words. the “interim” fitness for an imaae in the SeEig. 2. (a) Six frames of uncorrupted regions extracted from image sequence.
! 9 (b) The same frames after being corrupted with film dirt.

quence is a measure of how it is close to the ideal. The fithess

value for an individual is then the average of all these interim

fitness values over the whole image sequence, expressed as & Selection:Stochastic universal sampling was used.
percentage. A filter capable of restoring an image sequence per-+ Crossover:Uniform crossover was applied with a proba-

fectly would then have a fitness value of 100. bility of 0.75.
e Mutation: The mutation operator involved randomly
C. Genetic Operators choosing one of the possible values of an allele for a par-

ticular locus on the chromosome. Mutation was applied
with a probability of 0.03.
« Population SizeThe population size was set at 30.

Uniform crossover and bit mutation [35], [36] showed
promising results when used for the optimization of a soft
morphological filter using the GA for the restoration of old
film sequences [29]. Practically, these parameter settings were found to be suitable

The actual “genetic algorithm” used in this paper is the Hiefer the SMF optimization with the given chromosome encoding
archical GA [12] with the following parameters. and structure. They enabled the GA to make good use of the sur-
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Fig. 3. Maximum fitness in each generation.

viving chromosomes and a wide exploration of the search spact | §
Also, the best fithess was obtained after a reasonable numb: &

of steps. This is shown in Fig. 3. It was found experimentally
that there is no need to use different values of these paramete §
when restoring different film sequences, provided that a sulffi-
ciently representative sample of film dirt was included in the
original training data. This makes our proposed method simpl¢
and applicable to other similar film sequences without any fur-
ther changes of control parameters. Fig. 4. Images extracted from the real noisy sequence.

VI. APPLICATION TO REAL IMAGE SEQUENCES

A GA, as described above, was run using the training se
shown in Fig. 2. It was set the task of optimizing a soft mor- [#
phological filter of a symmetrical structuring function with an
overall size set af x 7 x 3 (i.e., spatial dimensions of ¥ 7
and a temporal dimension of 3). Images extracted from the ree
noisy sequence are shown in Fig. 4.

LUM [17], [18] is one of the spatio-temporal multistage
order statistic filters which showed a good performance in
restoring image sequences with the efficient preservation o
image features and sequence motion [17]. So, the results of tF
best obtained SMF were compared to those of the LUM(27,9
applied to the same image sequence. These are shown
Fig. 5. The error images between the ideal and filtered training
seqguences using the best obtained SMF and LUM(27,9) ar
shown in Fig. 6. :

Fig. 3 shows the maximum fithess at each generation durin¢jg
the GA's run. The maximum obtained fitness after 500 gen-
erations was 99.52 while the fitness value for the LUM(27,9)
was 98.56. The best soft morphological filter found is shown in
Fig. 7. This filter was then applied to the entire image sequence
The results of applying the optimized SMF to a real noisy image
seqguence are shown in Fig. 8.

Also, the proposed method was compared to the so-callgg 5. Images extracted from the real noisy sequence after filtering with the
spatio-temporal local filtering approach. This method dependgM(27.9) filter.
on the detection of the noise using the ROD detector [19] then
filtering the sequence with the ML3Dex filter [20]. It filters thethe noisy pixels were filtered using the optimized SMF with
detected noisy pixels and leaves the remaining image pixels time optimum rank, and the remaining image pixels were filtered
touched. To be able to compare the proposed method with thigh the same filter but with a rank equal to the boundary car-
spatio-temporal local filtering approach, the optimized filter wadinality. The fitness value of the ML3Dex filter with noise de-
applied to the image sequence after noise detection such tiedtion was found to be 99.54. The optimized SMF with noise
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i
Filter Sequence: Soft Dilate Soft Erode
| an
; / Fig. 7. Best filter found using GA.
; ] function (i.e., the pixel under consideration). So, the output of
H 1 . . . . . .
! 3 the filter is weighted toward the input pixel value. Also, the filter
‘ ' sequence found is soft-dilation soft-erosion. This might be ex-
; * pected for the removal of dark artifacts within the image.How-
} f ever, due to the nature of soft morphological filters, the relation-
| ship between filter parameters and their effects are not quite as
@ ®) intuitive as for standard morphological filters.

As illustrated in the Introduction, impulsive distortions dam-

Fig. 6. (a) Error images between the clean sequence and the filtered sequ . . . . . .
with the SMF. (b) Error images between the clean sequence and the filte%ﬁ‘|g old films are mamly caused by film dirt. This film dirt

sequence with the LUM(27,9) (these images have been negated such that@nifests as dark and bright patches of different shape and size.
darker pixels indicate the errors). Individual pixels in a blotch are a kind of impulsive noise dis-
tortion. The initial soft morphological filter used was of spatial

detection showed a high fitness value of 99.88. The resultsdimension 7x 7, which means that dirt of dimension less than
applying the ML3Dex filter and the optimized SMF, after nois@ x 7 will be filtered out. So, the maximum cardinality of C,
detection, to a real image sequence are shown in Figs. 9 and|€0, will be 49. Also, the filter found has boundary cardinality
respectively. [b| = 206, center cardinalitya] = 1, and rankr = 71. Sub-
stituting these values in (9) was shown to satisfy the inequality.
Hence, the filter found could filter out the dark as well as the
bright blotches. This is clear in Fig. 8.

It can be seen that the best SMF found has some characteridn general, the results depicted in Fig. 8 show that the filter
tics expected of a suitable filter. For instance, the hard center iagnd has excellent performance in attenuating/removing film
a support of one pixel, which lies at the origin of the structuringdirt from image sequences and has little, if any, effect on the

VII. DISCUSSION
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Fig. 8. Images extracted from the real noisy sequence after filtering with thég. 10. Images extracted from the real noisy sequence after filtering with the
optimized SMF. optimized SMF with noise detection.

L) 2 L LY o i

Fig. 11. Histogram of the error images between the clean and the filtered
sequence using the best obtained SMF averaged over the training sequence.

43004

%GR

00|
i
o N

o £ 1 1 A m

Fig. 12. Histogram of the error images between the clean and the filtered
sequence using the LUM(27,9) averaged over the training sequence.

Fig. 9. Images extracted from the real noisy sequence after filtering with the
ML3Dex filter with noise detection. . .
X er Wit not ! Figs. 11 and 12 show the histograms, averaged over the

training sequence, of the error images between the clean and
image detail. Also, the fast-moving objects were accurately rihe filtered sequences using the best obtained SMF and LUM
stored even though no motion compensation was applied. (27,9), respectively. It is clear that LUM filter results in more



HAMID et al. GA OPTIMIZATION OF MULTIDIMENSIONAL GRAYSCALE SOFT MORPHOLOGICAL FILTERS 415

showed excellent performance in attenuating/removing film dirt
from image sequences and has little, if any, effect on the image
detail. Although the proposed optimization method does not
contain motion compensation, which adds more complexity to
the algorithm, the fast-moving objects were restored perfectly.
The proposed method is compared to two other methods for
film restoration. In the first method, a so-called global filtering
approach, a LUM filter was used. The second method is de-
pendent on the detection of the noise pixels and then applying
the ML3Dex filter to only the detected noisy pixels leaving the
other pixels untouched. The results obtained by applying the
optimized SMF to a real image sequence, showed improved
_ A ot 4 rom the real o performance compared to the LUM filter for the removal of
I ey s e e o OV e ) e et o e 1 Gt and oltperformed the LUM e n restorng he
ML3Dex filtering with noise detection; and (d) the result of optimized SMA@St-moving objects in the image sequence. To be able to com-
filtering. pare the proposed method with the ML3Dex filter with noise de-
tection, the SMF was applied to the image sequence after noise
errors than the best obtained SMF. The results depicteddetection as explained in Section VI. While SMF with noise de-
Fig. 5 show good removal of the noise but the LUM filter wagection showed no difference in the visual quality when com-
not capable of restoring the fast-moving objects in the imagared to ML3Dex with noise detection, it showed better perfor-
sequence. This is clear in Fig. 13. mance in restoring the fast-moving objects, which the ML3Dex
Compared to ML3Dex with noise detection, SMF with noisélter failed to restore.
detection showed no difference in the subjective quality of the Because of the advantages of the proposed method, demon-
restored images. Also, it could perfectly restore all fast-movirgirated in Section VII, and the achieved perceptual quality of
objects while the ML3Dex failed to do this. A challenging sethe restored film sequence, the proposed method proved to be
guence is shown in Fig. 13. In addition to their rotational ma simple, fast, and cheap approach for the automatic restoration

(2)

(b)

©) (d)

tion, which is very difficult for any motion-estimation techniqueof old film archives.

to compensate for, the propellers appear in one frame but are not
present in either the preceding or the succeeding frame. In this
case, no known motion-estimation technique can estimate this
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type of motion as it exceeds the Nyquist sampling limit set by The authors would like to thank the staff at the BBC R&D De-
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noise pixels are filtered by the SMF with the optimum rank.

In spite of the SMF being optimized for a small, artificially
created training set, the filter still performs well when applied 0
to the entire image sequenteThe automatic restoration of
film sequences using the proposed method possessed the fol-
lowing advantages: no user determined parameters, good noidé!
removal with minimum distortion of the image objects, and per-
fect restoration of all fast-moving objects without motion com- [3]
pensation.

[4]
VIIl. CONCLUSIONS

In this paper, a technique is developed for the optimization[s]
of multidimensional grayscale soft morphological filters using 6]
the GA. The method optimizes filters with respect to a criterion
based on mean absolute error. This criterion necessitates the cre-
ation of an artificial training set. However, it has been shown that[7]
this is not an overly burdensome task. The filter is extended to
the spatio-temporal domain to make use of the temporal charig]
acteristics of the video sequence and coded such that the GA is
free to search for the optimum filter among the purely spatial, 9]
purely temporal and spatio-temporal filters. The optimized SMF

lin order to give the reader a better impression of the restoration in-
cluding motion, the full set of the clean and noisy training sequences[10]
as well as the noisy and filtered real sequences, is available at: [Online]
http://www.spd.eee.strath.ac.uk/~mahmoud/film_restoration.html
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