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Abstract. Many algorithms have been proposed in literature for digital
film restoration; unfortunately, none of them ensures a perfect restora-
tion whichever is the image sequence to be restored. Here, we propose an
approach to digital scratch restoration based on image fusion techniques
for combining relatively well settled distinct techniques. Qualitative re-
sults are deeply investigated for several real image sequences.

1 Introduction

With the recent advent of digital technologies, and the ever increasing need
for speed and storage, the removal of occluded or missing parts in images and
movies is a more and more widespread problem. The problem can occur in sev-
eral multimedia applications, such as wireless communication and digital image
sequence restoration. Several classes of defects can be distinguished that affect
movies, and many algorithms have been proposed in literature for their restora-
tion; unfortunately, none of them ensures a perfect restoration whichever is the
image sequence to be restored.

A sufficiently general model of degraded video signal is the following for a
pixel location p = (x, y):

I(p, t) = (1 − b(p, t))I∗(p, t) + b(p, t)c(p, t) + η(p, t) , (1)

where I(p, t) is the corrupted signal at spatial position p in frame t, b(p, t) ∈
{0, 1} is a binary mask indicating the points belonging to missing parts of the
degraded video, I∗ is the ideal uncorrupted image. The (more or less constant)
intensity values at the corrupted spatial locations are given by c(p, t). Though
noise is not considered to be the dominant degrading factor in the defect domain,
it is still included in (1) as the term η(p, t).

In the present paper, we focus on the class of scratch defects, intended as long
and thin vertical scratches that affect several subsequent images of a sequence,
due to the abrasion of the film by dust particles in the slippage mechanisms used
for the development, projection and duplication of the film.
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Commonly, scratch restoration is a two-step procedure. In the first step the
scratches need to be detected, i.e., an estimate for the mask b(p, t) is made
(detection step). In the second step the values of I∗ inside the scratch, possibly
starting from information about c(p, t), are estimated (removal step). As usual,
we consider scratch reduction as a problem of detection and removal of missing
data, i.e. we suppose that any information c(p, t) has been lost within the scratch.

Several scratch restoration methods are reported in literature (see for in-
stance refs. [1] through [13]). As expected, advantages and disadvantages char-
acterize each scratch detection and removal technique, and any of them could
be said to win the competition. A way to deal with this kind of problems is to
adopt fusion techniques (see for instance [14,15]): input images which provide
alternative and complementary “views” and “characteristics” of a given area are
“fused” into a single image. Fusion techniques should ensure that all the im-
portant visual information found in input images is transferred into the fused
output image, without the introduction of artifact distortion effects. In this sense
machine vision systems can be organized as a set of separated visual modules
that act as virtual sensors. In this paper, the term visual module indicates an
algorithm that extracts information of some specific and descriptable kind from
a numerical image. For what concerns digital scratch restoration, a fusion tech-
nique may be applied both to the detection stage and to the removal stage: in
both cases it takes into account already existing promising algorithms and suit-
ably combines the obtained results in order to provide a restored sequence as
similar as possible to the original uncorrupted sequence. As we show, the results
produced by the proposed approach upon different damaged movies greatly en-
hance those produced by each considered approach. The experimental results
reported in literature showed that the accuracy provided by the combination of
an ensemble of visual modules can outperform the accuracy of the best single
visual module.

The contents of this paper are as follows: Section 2 outlines the proposed
compound algorithm for scratch restoration, based on scratch detection and
removal modules and suitable detection and removal fusion strategies. Section 3
describes the qualitative results achieved by the proposed fusion approach tested
on real video sequences. Conclusions are reported in Section 4.

2 Proposed Algorithm

The considered algorithm for scratch restoration in image sequences is based on
an approach that takes into account already existing promising algorithms and
suitably combines the obtained results in order to provide a restored sequence
as similar as possible to the original uncorrupted sequence [16]. The basic idea
of the compound algorithm consists, for each sequence frame, in:

1. applying a set of d existing scratch detection algorithms;
2. combining obtained scratch masks Bj , j = 1, . . . , d, to produce the final

scratch mask BC ;
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3. applying a set of r existing scratch removal algorithms using scratch mask
BC ;

4. combining obtained restored images Rj , j = 1, . . . , r, to produce the final
restored image RC .

For the implementation of the compound algorithm we have considered as
underlying restoration modules three detection algorithms presented in [7,8,9]
and two removal algorithms presented in [3,11]. Moreover, for the combination
of results we used fusion techniques which allow to exploit the performance
of underlying algorithms while reducing their drawbacks [16], briefly described
in the following. With such techniques input images, providing alternative and
complementary views of a given region, are fused into a single image, in such
a way that all the relevant content of input images is transferred to the fused
output image, without introducing distortions.

2.1 Detection Fusion Strategies

The main goal of using more than one detection visual module is to make up
for deficiencies in the individual modules, while retaining their features, thus
achieving a better overall detection result than each single module could pro-
vide. In this case the combination should be made among scratch masks Bj

produced by the detection modules, j = 1, . . . , d (in our case d = 3). Here, two
different combining methods or aggregation operators are adopted; supposing,
for simplicity, that damaged images are affected by just one scratch, their result
BC is given by:

– Union aggregation operator: BC = ∪{Bj : j = 1, . . . , d} such that BC(x, y) =
maxj{Bj(x, y)}, ∀(x, y);

– Maximum Covering (MC) aggregation operator): BC = MC{Bj : j =
1, . . . , d} such that, for all y = 0, . . . , M − 1 (M = number of image rows),

BC(x, y) =
{

1 ifx ∈ [xmean − W, xmean + W ]
0 otherwise ,

where W = max{|xmean−xmin|, |xmean−xmax|}, xmean = mean(X), xmin =
min(X), xmax = max(X), X = {x : ∩jB

j(x, y) = minj{Bj(x, y)} = 1, ∀y}.

2.2 Removal Fusion Strategies

The problem here can be stated as follows: given r images representing hetero-
geneous data on the observed phenomenon, take a decision Di on an element
(x, y) where Di belongs to a decision space D. In image fusion the informa-
tion relating (x, y) to each possible decision Di is represented as a number M j

i ,
where j indexes the decision making module having different properties and dif-
ferent meanings depending on the mathematical framework. Given images Rj

obtained by removal module j, j = 1, . . . , r (in our case r = 2), if we assume
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that M j
i (x, y) = Rj(x, y), with (x, y) in the scratch domain, represents the prob-

ability degree to which the pixel (x, y) could be seen as ”restored” (i indexes
the values of this appearance), we can claim all the advantages of the Bayesian
framework relying in the variety of combination operators. Here we adopt the
averaging aggregation operator, known in the Bayesian framework as the Ba-
sic Ensemble Method [17] (see also [18,19]) for combining different classification
modules, which has been demonstrated to significantly improve the classification
performance of each single module: RC = BEM

{
Rj : j = 1, . . . , r

}
, such that

RC(x, y) = 1
r

∑r
j=1 Rj(x, y) ∀(x, y).

3 Qualitative Results

3.1 Test Data

Detection and removal algorithms here presented have been tested on several
real images. Moreover, the considered algorithms have been tested also on artifi-
cially corrupted images. Specifically we considered K = 20 uncorrupted orig-
inal B/W images Ik, k = 1, . . . , K, each of size N × M = 256 × 256, and
the corresponding images with an artificial scratch of odd width w, denoted
as Ik,w, k = 1, . . . , K; w = 3, 5, . . . , 19, obtained as:

Ik,w(x, y) =

⎧⎨
⎩

255 if(x, y) ∈ Ωw − ∂Ωw

200 if(x, y) ∈ ∂Ωw

Ik(x, y) otherwise
, (2)

where Ωw denotes the scratch domain, that is the rectangular subset of the
image domain of size w × M having as first column the center column N/2 of
the image: Ωw =

{
(x, y) : x = N

2 , . . . , N
2 + w − 1; y = 0, . . . , M − 1

}
, and ∂Ωw

denotes its border.

3.2 Detection Results

The accuracy of the result of the detection algorithms taken into account (not
reported here for space constraints) is quite high. Nonetheless, the aggregated
masks seem more appropriate for the successive removal phase. Comparing the
two aggregated masks, the union aggregation operator allows to consider all de-
tails captured by the different detection algorithms, while retaining the minimum
support of the mask; the MC aggregation operator, instead, leads to a mask that
appears unnatural for real images (being perfectly rectangular).

In order to obtain an objective estimate of detection algorithms, for each
mask Bk computed with anyone of the described detection algorithms for the
artificially scratched image Ik,w described in eqn. (2) we count:

Ck,w = card
{
(x, y) : (x, y) ∈ Ωw, Bk(x, y) = 1

}
, number of correct detections

(pixels of the scratch that are included in the computed scratch mask);
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Table 1. Correct detection rates rC and false alarm rates rF for the detection algo-
rithms applied to images of eqn. (2) varying the scratch width w.

w = 3 w = 5 w = 7 w = 9

rC rF rC rF rC rF rC rF

Detection alg. 1 0.9984 0.0000 0.9991 0.0000 0.9991 0.0000 0.9991 0.0000
Detection alg. 2 0.9684 0.0006 0.9565 0.0015 0.9697 0.0017 0.9765 0.0017
Detection alg. 3 0.9984 0.0000 0.9991 0.0000 0.9996 0.0000 0.9995 0.0000
Union fusion aggr. op. 0.9984 0.0006 0.9991 0.0015 0.9996 0.0017 0.9995 0.0017
MC fusion aggr. op. 1.0000 0.0012 1.0000 0.0024 1.0000 0.0024 1.0000 0.0028

F k,w = card {(x, y) : (x, y) �∈ Ωw, Bk(x, y) = 1
}
, number of false alarms (pix-

els not belonging to the scratch that are included in the computed scratch
mask),

and their mean values Cw and Fw over the K images of eqn. (2): Cw =
1
K

∑K
k=1 Ck,w; Fw = 1

K

∑K
k=1 F k,w. Given the scratch width w, the measures

adopted for the objective estimation of the detection algorithms are:

– correct detection rate rC = Cw

w×M , w × M being the number of corrupted
pixels (i.e. the dimension of the set Ωw). Such measure gives values in [0,1];
the higher the value of rC , the better the detection result;

– false alarm rate rF = F w

N×M−w×M . Such measure gives values in [0,1]; the
lower the value of rF , the better the detection result.

Values for rC and rF obtained with all the described detection algorithms
are reported in Table 1, varying the scratch width w =3, 5, 7, and 9. Here we can
observe that rC values are generally very close to 1 for all detection algorithms
and that only few false alarms are generated. Specifically, we observe that the
union fusion strategy reaches the best rC and the worst rF values achieved by
the underlying detection algorithms; the MC fusion strategy reaches the best rC

values attainable (rC = 1), but rF values worse than any other algorithm.

3.3 Removal Results

The results of scratch removal (not reported here for space constraints) show
that, even though the removal algorithms taken into account perform quite well,
their reconstruction accuracy can be enhanced; the aggregated results, instead,
tend to smooth the inaccuracies, still retaining the good performance of the
considered algorithms.

In order to obtain objective measures of the removal algorithms accuracy,
we tested them on the artificially scratched images Ik,w described in eqn. (2).
Given the scratch width w, let be, for k = 1, . . . , K, ok the vector of dimension
card(Ωw)×1 obtained scanning row by row the subimage of Ik for pixels in Ωw,
and rk the vector of dimension card(Ωw) × 1 obtained scanning row by row the
subimage of Rk for pixels in Ωw. We consider the following objective measures:
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Fig. 1. Accuracy measures of the removal algorithms applied to images described in
eqn. (2): (a) MeanMSE, (b) MeanPSNR, (c) MeanSSIM

– MeanMSE =
1
K

K∑
k=1

1
w ∗ M

‖ok − rk‖2, mean, over the K restored images,

of the Mean Square Error (MSE) between the original and the restored
images. Such measure gives a nonnegative value; the smaller the value of
MeanMSE, the better the restoration result;

– MeanPSNR =
1
K

K∑
k=1

(
10 ∗ log10

(
2552

1
w∗M ‖ok − rk‖2

))
, mean, over the K

restored images, of the Peak-to-Noise-Ratio between the original and the re-
stored images obtained considering the MSE. Such measure gives a nonneg-
ative value; the higher the value of MeanPSNR, the better the restoration
result;

– MeanSSIM =
1
K

K∑
k=1

(
(2 ∗ µok

∗ µrk
+ C1) (2 ∗ σokrk

+ C2)(
µ2
ok

+ µ2
rk

+ C1
) (

σ2
ok

+ σ2
rk

+ C2
)

)
, mean, over

the K restored images, of the Structural Similarity Index [20] applied to the
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original and the restored images, where C1 = (K1∗L)2, C2 = (K2∗L)2, K1 =
0.01, K2 = 0.03, and L = 255. Such measure gives values in [0,1]; the higher
the value of MeanSSIM , the better the restoration result.

Results obtained with the described measures varying the scratch width w are
reported in Fig. 1. It can be observed that MeanMSE values obtained with the
fusion removal algorithm are always lower than those obtained with the two re-
moval algorithms and that MeanPSNR and MeanSSIM values obtained with
the fusion removal algorithm are always higher than those obtained with the two
removal algorithms. Moreover, for each removal method, results obtained with
all the considered measures show lower accuracy increasing the scratch width,
in accordance with the increasing reconstruction difficulty as the reconstruction
area widens.

In summary, we can state that the considered measures indicate the fusion
method as the most accurate among the considered removal methods.

4 Conclusions and Ongoing Work

This paper described an innovative algorithm for line scratch restoration based
on data fusion techniques to detect and restore scratches in digital corrupted im-
ages. The described compound algorithm has been tested on several corrupted
and artificially corrupted real images in order to analyze the results accuracy in
terms of objective measures, showing that the compound algorithm outperforms
the underlying restoration methods.

Ongoing researches deal with the analysis and adoption of alternative aggre-
gation operators, like the Ordered Weighted Aggregation operators due to Yager
[21] or the Non-liner Generalized Ensemble Method as introduced in [22].
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