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1. Introduction

Digital film restoration is an evolving area of image preagg aimed at studying
methodologies and techniques that allow to digitally restore danmageigs, in
order to preserve their historical, artistic and cultural value to facilitate their
diffusion through modern communication media.

Several types of defects can be found in a damaged movie, such asdidirt,
brightness and positional instability, colour fading, scratches. Wepaefically
concerned with persistescratches intended as vertical lines appearing at the
same location in subsequent frames of the image sequence. Whitackr bl
scratches in old movies are mainly due to the abrasion of thecéilmed by
spurious particles present in the camera, during the sequence auypisise, or

in the projector, during the film projection. Instead, blue scratcheshvere the
subject of our interest, affect many modern colour movies and are dperious
particles present in the transport mechanism of the equipment usetefor
development of the film.

Most of the methods reported in literature that afford this kind oblpm are
articulated in adetection phase and aemoval phase. Detection consists in
searching, among all the vertical lines of the images, thosareabt natural lines
of the scene, which are characterized as defects; the resh# détection phase
over a sequence frame is a binary imagestihatch maskof the same size, where
white pixels are related to scratch pixels in the corresponding resgjdieame.
Removal consists in reconstructing corrupted information only in tfectdarea
individuated by the scratch mask. Being concerned only with the faitese, in
the following we assume that the scratch mask has already di#amed
somehow.

Even though the problem of restoration of white or black scratches in digige ima
sequences has been considered by many authors (see Section 3) aald sever



commercial software systems include modules for their regioréguch as the
DIAMANT Suitedistributed by HS-ART Digital Service GmbH or tiRevival
distributed by da Vinci Systems, Inc.), the specific case of ddtaches has only
recently been addressed [1]. As already mentioned, they gendfally modern
colour movies and, therefore, before launching a new motion picture, the film must
be digitally restored by companies specialized in digital tffeand post-
processing. The need for efficient and automatic tools able to digitatiove blue
scratches has been the primary input for the reported research.

In this paper we compare several existing methods applied tonttowakof blue
scratches in digital images, analysing in detail their accuracy on regésm

The contents of this paper are as follows. In Section 2 the feabfirelie
scratches are analysed, in order to understand the basis for réentvaques.
Section 3 describes the scratch removal problem and the methode ttasider

for the case of blue scratches. In Section 4 we analyse and comparéiggialitd
quantitative results achieved by the proposed methods on real images. Conclusions
are reported in Section 5.

2. Blue scratch characterisation

Blue scratches in a digital image sequence appear as bl Istrated along a
thin area covering from top to bottom of each sequence frame. An exaintyble
scratch is given in Fig. 1, which is a detail of a 24 bits RGBW image,

originally of size 28882048, belonging to the movinimali che attraversano la

strada(2000).

(b) (© (d)
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Fig. 1 - Example of a blue scratch: (a) colour image; (b) scratch detail; (c) red, (d) green,
and (e) blue band of scratch detail.

Contrary to white or black scratches appearing in dated moviesgjréwion of
blue scratches does not deviate too much from the vertical dimeethd their
position along the horizontal direction does not change too much (no more than



few pixels) from one frame to the next. Therefore usually blugcdms are not
oblique and have fixed position in consecutive frames of the imagerseqdeis
is due to the fact that blue scratches are not caused by impro@eyesconditions
or improper handling of the film, as is usually the case for anamenies. They
are rather caused by spurious particles present in the transmivamsan of the
development equipment; in the case of modern equipment, the transport
mechanism strictly controls the slippage of the film, which cammte too much
from its rectilinear trajectory. Due to this feature, regtoraof blue scratches in
image sequences cannot rely on temporal discontinuity of the imagesity
function along the sequence; therefore, in the following we conceotigterely
spatial scratch restoration in each image.

Inside the blue scratch area, original information has been sulibtityit@ore or

less intense blue colour. Specifically, considering the RGB colowesjra the

blue band there are increased intensity values compared with the neighbourhood of
the scratch; in the green band some of the pixels are altesgdunpredictable

way, usually with a slight increase or decrease of intenaityeg; the red band is
usually uncorrupted, although sometimes there could be small fluctuations
intensity values in pixels belonging to the scratch area. Thesevatises are
supported by a thorough analysis conducted in [1], where we have andlysed a
corrupted sequences of the above mentioned movie, identifying the oneiragppear

in Fig. 1 as the most common type.
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Fig. 2 - Horizontal projection of the image intensity curves of RGB bands of the image of
Fig. 1.

In Fig. 2 we show the horizontal projection of the intensity curveeftaas the
mean over the image columns of the intensity curve) for the tdmlear bands of
the image of Fig. 1. Here it clearly appears that the horizgmtgéction of the
blue band intensity curve has a ridge in the scratch area. Spegificalie scratch
area the projection of the blue band has a ridge whose witkhabout 9 pixels
and whose height is about 25 intensity values; the projection of the green band
presents a slight decrease of about 5 intensity values aroundnne ot the



scratch. The projection of the red band does not show clear effabis sgratch,
and red band can be therefore considered as uncorrupted.

Other types of blue scratches include less common cases wheaidgién the
projection of the blue band has wider widltltill to 29 pixels) and higher height
(till to 50 intensity values); the green band can present alseasiag intensity
values around the centre of the scratch, while the red band canghdysli
corrupted.

3 Scratch removal

Given a corrupted image and the estimated scratch mask, #tehscemoval
problem consists in reconstructing corrupted information only in the tdafea
individuated by the scratch mask.

Depending on the amount of the defect, information included in the scraieh a
can be either slightly or strongly affected by the defect; ttinesproblem can be
approached either as artially corrupted dataproblem or as amissing data
problem, respectively.

Following the partially corrupted dataapproach, information included in the
artefact area is taken into account for the removal. In the @iablack or white
scratches, some authors adopted such approach and obtained removal through
morphological filters [2], interpolation or approximation [3-5], eventutdllowed

by the reconstruction of high-frequency components via Fourier §8ties via
MAP techniques [4].

On the other hand, in thmissing dataapproach pixels in the artefact area are
considered missing even if they are only slightly altered. @ppgoach has been
adopted for black or white scratches by many authors, who obtained temova
through interpolation or approximation [6-8], the adoption of autoregressive
models [9-10], morphological filters [11], or mean vector filtet2]] eventually
with the addition of least squares-based grain estimation [7]. Meredhis
approach is the one generally adopted for imagainting that is the set of
techniques for making undetectable modifications to images [13];teabhiques

are generally used to fill-in missing data or to substitute imdébion contained in
small image regions [14]. Inpainting has been pursued in literatsioeuader
different names, such amage interpolatior{15] andfill-in [16-17]; the problem

has been afforded also disocclusion since missing data can be considered as
occlusions hiding the image region to be reconstructed [18-19]. Fimgginting

is also related teexture synthesjsvhere the problem consists in generating, given
a sample texture, an unlimited amount of image data which will iped by
humans as having the same texture [17, 20-22].

Focusing on blue scratches, we have already observed in Section [Extat
belonging to the scratch still retain useful information concernimgy image
structure; therefore thpartially corrupted dataapproach seems most amenable.
Two methods based on this approach have been considered for the comparativ



study of the problem: one [1] has been specifically designed for btatckes,
while the other [23], devised for other kinds of partial colour artefacan be
applied to the specific case of blue scratches. Moreover, for a more comprehensiv
comparison, we have also considered two removal methods basedmissineg

data approach: one belongs to the class of interpolating methods [7] andhéne ot
one to the class of inpainting algorithms [21]. Both algorithms atteto
reconstruct not only the structure of the image in the scratch dpmaialso its
texture. All the considered algorithms are briefly outlined in the following.

3.1 Removal algorithms

The Blue Scratch Removal (BSR) algorithm recently proposed iis [idsed on

the observation that in uncorrupted areas of the image the displasenfighe

blue band intensity values from those of the red band are locally yocgstant

and the same holds for displacements of the green band from the redhtiaed.
scratch area, instead, such displacements appear strongly v&iiog.the red

band is usually uncorrupted, the green and blue bands can be restored bringing
their displacement from the red band inside the scratch area tmathe
displacement they have outside the scratch area. The BSR halgarén be
sketched as follows:

Algorithm 1
For each row of the image:

1. Pre-process the red band, in order to take into account cases where the
red band appears slightly corrupted;

2. Compute minimum, maximum and median displacement of the green and
blue bands from the red band in an uncorrupted neighbourhood of the
scratch;

3. Add median displacement to all pixels of the green and blue bands
belonging to the scratch area whose displacement from the red band is
below minimum or above maximum displacement.

In [23] the authors present a restoration method for films affected tiglgadour
artefacts resulting mainly from film emulsion melting and tireegar syndrome.
Since the method is based on the observation that the affectedhaveasot lost
their content entirely, but rather the red layer still preses@mnme of the original
image structure, we have adapted the method to the restoration etchdtehes.
The removal algorithm proposed in [23] can be sketched as follows:

Algorithm 2
1. Smoothing of the red layer with a Gaussian filter, in order to obtain a reference
layer G that retains original information while reducing eventual noise included
in the defect area;
2. For each pixel p to be reconstructed:
a) Find a “sibling” pixel belonging to an uncorrupted area close to the defect;
the search is guided by the image structure still present in the reference



layer G and gives the pixel q which minimizes a suitable distance from
pixel p;

b) Paste the RGB values (from the initial unprocessed image) of the sibling
pixel g into the current pixel p.

The third scratch removal algorithm taken into account is based on a
nonparametric Markovian model adopted in [21] for texture synthesis, and adapted
to our purposes. The probabilistic model is based on the assumption of spatia
locality: the probability distribution for one pixel given the valuek its
neighbourhood is independent of the rest of the image. The model is non-
parametric in the sense that the probability function is not imposeahstructed
explicitly, but it is approximated by a reference sample image, which miestjee
enough to capture the stationarity of the texture. The algorithm plocae
follows:

Algorithm 3

For each pixel p to be reconstructed:

1. Determine the sample image C, chosen as a square window centred in p;

2. Construct the set Q of pixels in C having a neighbourhood similar to that of p.
The similarity of two neighbourhoods is measured according to the normalized
sum of squared differences and it is weighted by a two-dimensional Gaussian,
in order to give more importance to the pixels that are near the centre of the
window than to those at the edge;

3. Reconstruct pixel p, assigning it the intensity value of a pixel randomly drawn
from the set Q.

In order to establish the reconstruction order, for each scratchdeiteslted in the
binary mask the number of its valid neighbours is enumerated; @Eirelshen
replaced starting from the ones having the most valid neighbouisclses are
thus simultaneously and progressively filled from the edges taeahw&e of the
scratch. Algorithm 3 has been separately applied to the YCbCr compaidhe
corrupted image.

The last scratch removal algorithm we considered is the onenpeesin [7],
where a simple interpolating method is adopted and the interpolatiol i®s
corrected by adding to it the estimated displacement betweemlapéed model
and the real model. Specifically, the procedure consists of:

Algorithm 4

1. Interpolate the pixels pertaining to the scratch domain;

2. Estimate the image texture in the scratch neighbourhood, by computing the
displacement between the least square fitting over an uncorrupted
neighbourhood of the scratch and the same neighbourhood pixels;

3. Add the estimated texture to the pixels belonging to the scratch domain.

Different versions of the above described method can be obtained byngdopti
different interpolation methods and neighbourhood shapes. Algorithm 4 has been
separately applied to the YCbCr components of the corrupted image.



4. Experimental results

The results of Algorithms 1-4 applied to the corrupted image oflFage shown
in Fig. 4. Here we can observe that all the algorithms perfarma quite
satisfactory way from the subjective visual point of view, newvbough the
inspection of the small printed version of the images does not tdleapture all
the details.

(b)

(© (d)

Fig. 4 — Blue scratch removal for the image of Fig. 1 obtained with Alg.: (a) 1; (b) 2; (c) 3;
(d) 4.

In order to give a quantitative evaluation of removal algorithms, have
artificially corrupted real images with blue scratches, mouglthe horizontal
projection of the blue and the green bands in the scratch with a ceroplat
spline interpolating extrema of the projection and its maximum point [1].
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Fig. 3 - Example of artificial blue scratch: (a) original image; b) horizontal projection of the
intensity curves of the three bands of original image; (c) image corrupted with blue scratch
of width w=15 and height h=70; (b) horizontal projection of the intensity curves of the three
bands of corrupted image.

Specifically, we considereld=20 uncorrupted original RGB imagés |=1, ..., L,
each of sizeN, x M,,; they include well known images (e.g. 'Lena’, 'Tiffany’)
obtained by [24-26], as well as images taken from uncorrupted afedseady
digitised images of the moviAnimali che attraversano la strad@000). The
corresponding images with an artificial blue scratch of odd widiand fixed
heighth=70, denoted al", I=1, ..., L w=5,7, ..., 15have been obtained as:

g gy = 6T+ [0s, (s, G i (Li)oer @
LG ) otherwise

where 1,(i,))" = (i1, 052, 030, 16 0) = 007G, 17G60.2),
1"(i,j,3)]", Q" denotes the scratch domain, that is the rectangular subset of the



image domain of sizdl, x w having as first column the centre colubvmM,/2 of

the imageQ/" :{(i, j):i =b,....,b+w+1j ::L...,N,},and s«j) denotes the

complete cubic spline interpolating pointe-1,0), ©+w/2,h), (b+w,0). An

example of an imagk" artificially corrupted with a blue scratch of widtl+15 is

given in Fig. 3, together with the horizontal projection of the intgritves for

its three bands; all the other artificially corrupted imalgéare available at web

page [27].

Given the scratch widtl, let be, for=1, ..., L

» 0 the subimage of original imagie containing only pixels ir2"

* 1, the subimage of the restored imagg, obtained with BSR algorithm,
containing only pixels in" .

The following objective measures for the evaluation of the resiarguality

attained by the considered removal algorithms have been adopted:

e MeanMSE mean, over thel images, of the Mean Square Error (MSE)
between the original and the restored images:

L
MeanMSE= lz 1 lo, =],
L= N, xw
where ||.|| is intended as vector norm. Such measure gives a riivenegjae;
the smaller the value dleanMSE the better the restoration result;
* MeanPSNR mean, over thel images, of the Peak-Signal-to-Noise-Ratio
between the original and the restored images obtained considering the MSE:

1¢ 1
MeanPSNR: I;[lo* |Oglo(2552/ N, XW”OI — “2n

Such measure gives a nonnegative value; the higher the valleaoPSNR
the better the restoration result;
* MeanSSIM mean, over thé images, of the Structural Similarity Index [28]
applied to the original and the restored images:
L\ 2Cu, Cu +C \2Lo,. +C
MeanSSIMziz(' Fo 5 "1)(2 o )

L 1=1 (1uo| +:ur, +Cl)(ao, +Jr| +C2)
whereC,;=(K*A)?, C=(K2*A)?, K;=0.01, K;=0.03, andA=255. Such measure
gives values in [0,1]; the higher the value MEanSSIM the better the
restoration result.

 MearAE: mean, over thé& images, of théAE average pixel-by-pixel error in

CIEL*a*b* between the original and the restored images:
I\

3> a0 i) 1)

Meam\E :lz ==
LS N, xw




Such measure of the chromatic perceptual difference betweendhmages
gives a nonnegative value; the smaller the valu®edm\E, the better the
restoration result.
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Fig. 5 — Error estimates for blue scratch removal algorithms applied to images described in
egn. (1): (@) MeanMSE; (b) MeanPSNR; (c) MeanSSIM; (d) MeanAE.

Results in terms of the described measures obtained by the codsieieraval
algorithms varying the scratch widthare reported in Fig. 5. Here we can observe
that both statistical and perceptual properties of the origingildsare much better
restored by theartially corrupted dataapproach (Algs. 1-2) than by thassing
data approach (Algs. 3-4). Specifically Alg. 1 reaches the besistitat
performance and has perceptual performance comparable with thag.oR.Al
Finally, it can be observed that results obtained with all the deresl measures
show lower accuracy increasing the scratch widthin accordance with the
increasing reconstruction difficulty as the reconstruction area widens.

5. Conclusions

We considered the problem of removing blue scratches from digitagd
sequences. In particular, we analysed in detail the specifirdsadf such kind of

10



scratches and compared several removal methods. A thorough amdlybes
algorithms accuracy, accompanied by several numerical experiozerited out on

both naturally and artificially corrupted images, show that theridtgns based on

the partially corrupted data approach produce always much bettets régan

those based on the missing data approach, and allows to individuate the bes
performance of the algorithm reported in [1].
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