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Abstract

Historical film restoration involves locating the position
of artifacts and replacing the ”missing” portion of the film
(obscured by the artifact) with pixels that had been lost.
Computer vision research has recently developed many
techniques for constraining and predicting parts of a scene
based upon the assumption of rigid motion. In this paper,
we show how the constraints can help identify artifacts as
well as how the prediction can be used to replace the arte-
fact with natural looking portions of the scene. These tech-
niques can be superior, when the rigid motion assumption
is valid, to other techniques for historical film restoration.

1 Introduction

The motion picture industry is now over 100 years old.
Throughout the world, there are large stocks of motion pic-
tures in a variety of formats: for example, acetate, nitrate
or celluloid based film, and magnetic video tape in various
formats. Time, usage, and poor storage have taken their toll
on much of this material which may be of high cultural, his-
torical, or commercial value.

Because of the ease of reproduction, and of the relative
stability of some digital formats, there are projects around
the world to digitize the film stock of higher value. There
is also much interest in restoring the degraded stock.

Physical methods of restoration have a relatively long
history (see, for example, [10]). However, physical means
of restoration are labour intensive, costly, and can poten-
tially harm the original stock (at least in the process of mak-
ing copies for the purposes of restoration).

Digital restoration of historical film has a relatively short
history (for example, there is to date, only one monograph
on the subject [8]). This is partly because the huge stor-
age and computational cost, of digitization and restoration
has meant that large scale digital restoration has not been
viable. There are signs that reduced cost/increasing capac-
ity of digital systems may now mean that large scale digital
restoration is viable, or will shortly be so.

Restoration can address many defects in the degraded
film. For example, colour or intensity degradations, frame
jitter (mis-registration), or various “pixel” defects (portions
of a frame where the image has been corrupted by dust,

scratches, mould, lifting of the recording medium etc.). It is
the latter class of defects we address here: there is a spatial
nature in the defect.

The defects can be repaired if we can effectively predict
the “true” values of the corrupted pixels. In certain situa-
tions this prediction can take a very simple form: if, for ex-
ample, the corrupted portion of the scene is stationary, we
could look to the same region in the previous or subsequent
frames to perform a very simple prediction. In portions
where the scene may be moving, a simple ”block search”
can be surprisingly effective [?]. In this approach, one sim-
ply searches in the previous frame(s) and in the subsequent
frame(s) for blocks that match a possibly corrupted block.
If good matches can be found, the block is probably not
corrupted. If not, it may possibly be replaced by predic-
tions based upon surrounding block matches (temporally
and spatially surrounding).

The block matching approach is just one of several ap-
proaches that assume a (locally) very simple motion model.
However, pure translation or affine motion models cannot
accurately model all of the motion in a realistic scene. For
example, the motion on the image plane produced by a
rigidly moving object, cannot always be well approximated
by such simple motion models. Such motion can be con-
strained accurately (up to the accuracy of some underlying
assumptions concerning the camera model) by a series of
geometric constraints: the epipolar constraint between two
images or the trifocal constraint amongst three, for exam-
ple. Ignoring lighting affects and object occlusions, it is
actually possible to predict the appearance of a rigidly mov-
ing object. This is the essence of the approach investigated
in this paper.

We should emphasize that we are not promoting the ap-
proaches investigated herein as the “complete and final so-
lution” to the problem of pixel prediction for restoration,
As pointed out in the previous paragraph, though the meth-
ods presented here can be more precise than methods based
upon simple translation or affine motion, they have their
limitations that need to be overcome in future work (as dis-
cussed in the Conclusion).
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The fundamental matrix
�

is the algebraic represen-
tation of the epipolar geometry between two images [6].
This matrix is characterized only in terms of correspond-
ing image points without reference to the camera matri-
ces. This enables

�
to be computed from image correspon-

dence alone. The trifocal tensor which links point corre-
spondences across three images generalizes the formula-
tion of the fundamental matrix [2][12] [6]. In this paper
we restrict out attention to exploiting the fundamental ma-
trix. The fundamental matrix satisfies the correspondence
condition or the epipolar constraint. This condition states
that for any corresponding pair of points ���������
	 in the two
images:

� ��� � ��
�� (1)

Thus, the point ��� lies on the epipolar line ����
 � � cor-
responding to the point � . Similarly, ��
 � � ��� represents
the epipolar line corresponding to the point ��� .

The epipole is the image in one view of the camera cen-
ter of the other view. For any point � in the first image, the
epipolar line ����
 � � contains the epipole ��� which satisfies
[6]: � � � � 
�� (2)

Similarly,
� ��
�� . Thus, the pencil of epipolar lines in the

first image (respectively the second image) intersect at the
epipole � (respectively ��� ).
3 Image prediction algorithm

The main steps for predicting a new image are:� Search for matching points [13]� Robust recovery of the fundamental matrix [5][6]� Reprojection [1]� Suppression of Moire effects

3.1 Matching process

The method we use is the KLT (Kanade-Lucas-Tomasi)
feature tracker [13]. Reliable features are located by ex-
amining the minimum eigenvalue of each �! "� gradient
matrix #%$'&)(* $+& * &-,$ & * &-, $ &)(, . (3)

where
& * � & , are the first derivatives in the x and y direction,

respectively. The gradients are summed within a /0 1/ win-
dow centered around each pixel of the input image. This
algorithm also ensures that all the found features are far
enough apart. Features are then tracked using a Newton-
Raphson method of minimizing the difference between the
two windows.

3.2 Robust recovery of the fundamental matrix

The previous stage produces good points which are then
normalized to ensure good numerical solution [5][6]. This
normalization consists of applying a similarity transforma-
tion so that the transformed points are centered at the origin
and the mean distance from the origin is 2 � . The normal-
ized good points are used for computing the fundamental
matrix in a robust statistical manner [14] to avoid the ef-
fects of outliers. The RANSAC robust estimation is done
by a repetitive random choice of a subset of seven good
points, recovering the fundamental matrix, and verifying
the quality of the fundamental matrix on the remaining set
of good points. The number of samples 3 is set to 46575 ac-
cording to (4). This ensures with a probability 8�
+�:9 ;<;
that at least one of the random samples of =>
?/ points is
free from outliers for the worse case of @0
�4<�)A of outliers
in the input data [6]:3B
DCFE7GH��IKJL8M	ON�C�E<GH�PIKJQ�PIKJR@S	OT-	 (4)

The quality of the fundamental matrix is measured by
the distance of the points in the second image from their
epipolar line. Only points with error of less than a specified
threshold (typically, one pixel) are considered. The best
fundamental matrix is the one with the largest number of
supporting points, and it is computed again in a usual least-
squared manner, using all the points that supported it.

3.3 Reprojection mechanism

The reprojection process is performed every time we
wish to generate a novel view. In [3], image points in an
image are predicted from image points in two other images
and the epipolar geometry between three views, i.e. the
knowledge of two fundamental matrices. More precisely,
the position of image points are retrieved using the intersec-
tion of two epipolar lines. More recently, [1] used the tri-
focal tensor to generate a novel view from two other views.
The limitations of these techniques are mainly concerned
with the correspondence problem. Indeed a full correspon-
dence between the two views is necessary to reconstruct the
third one. In the following we derive a method without this
shortcoming.

Given a pixel �U
V��WYXZI[	 � (projective coordinates) in
an image

&
, the question is where should its correspond-

ing position ���H
\��WM�:X]�^I[	 � be in a second image
& � ? The

answer is quite simple and only exploits the epipolar geom-
etry between the two views which is entirely encapsulated
in the fundamental matrix. So, if at least 7 reliable point-
correspondences are available to recover the fundamental
matrix, the problem can be solved by the resolution of a
linear system.

For notation convenience, let us consider the dual prob-
lem of predicting the point � given its correspondent ��� .
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 � � :� � � 	 ��� �����	�
���%
�� (5)

with �
 � � 
 �����SW � ��� ( X � ������ 
 � ( � W � � ( ( X � � ( �� 
 � ��� W � � � ( X � � ��� (6)

where �����<����
 I<��� ���Y
 I7��� � represent the coefficients of
the �  �� fundamental matrix

�
.

Second, the epipolar line ��� is obtained as the line joining��� to the epipole � � 
 ��WM�! X]�" I[	 � :� � � � � 	 � ��X �  HJ X � 	 � J!� W �  HJ W � 	#�$� W �  SX � J X �  SW � 
�� (7)

The coordinates of the epipole ��� are computed from (2)
which we solve in a least-square manner. Given any im-
age point ��� in image

& � , we can easily extract the epipolar
line parameters as follows. The line �6� ��� is collinear to the
line

� � , both representing the epipolar line � � . Therefore,
from equations (6) and (7) we can derive the following con-
straint:�X �  JYX � 
 �W �  JYW � 
 �W �  X � J�X �  W � 
&%!�'%)(+* (8)

Substituting (8) in (6) leads to the following linear sys-
tem of three unknowns W���XH��% :�
 � � ��� W � � � ( X � � ��� 
 %^��X]�, JYX]��	� ( � W � � ( ( X � � ( � 
 J-%^��WM�" J�WM��	� ��� W � � � ( X � � ��� 
 %^��W �  SX � JYX �  SW � 	

(9)
In general, % is a function of the 3D point position (or,

alternatively, of ��W���XH��W � �OX � 	 ). If % is fixed, then it is easy
to see, from the first two equations, that the image plane to
image plane mapping is affine. However, it is not “any old
affine mapping” but one consistent with a particular sub-
set of 3D motions viewed with perspective cameras. Space
does not permit, but a rather strightforward derivation can
be carried out, starting from the epression for the Funda-
mental matrix in terms of an Homography (e.g., [6] p. 223),
to show that one such set of circumstances is where the
images points are approximately coplanar and the homog-
raphy associated with that plane has zeros as the first two
entries of the last row.

Although the assumption of % constant is not general, in
the preliminary study we made that assumption and found
it to still be applicable to enough sequences to make the de-
rived technique useful. Future work will extend the frame-
work towards handling more general situations.

To estimate the parameter % , we rely on the good points����
 � W.� X/� I[	 � �'� 
 I7��0 �1032�/6	 , previously used for
the estimation of the fundamental matrix, e.g.,:

%54�
 Median

# � �X �  J�X � � �6��
 I7��0 . (10)

where � ���7� 
 I<��0 � are computed from (6) given � W8�P��X/� 	 .
This simple robust scheme leads to stable results �1%94;:%5<�:&%5= 	 as confirmed by our experiments. A substitution

of % 4 �>%?< ��%5= in respectively the 1st, 2nd and 3rd equation
of system (9) eliminates the unknown % . A least-square
technique permits then to estimate the remaining unknownsW and X . These predicted fractional coordinates are mapped
into the closest integer coordinate neighbor.

Notice that the computation of % is performed once only
from the set of good points. This is very fast to compute.

The simplest scheme for gray-level interpolation is
based on a nearest neighbor approach [4]. Thus, in our
case, one could simply assign the gray-level

& � W � ��X � 	 of
point ��� in image

& � to the nearest integer coordinate neigh-
bor ��W���X 	 of its computed prediction �1@W��#@ X 	 in image

&
.

Although this interpolation is simple to implement, this
method often has the drawback of producing undesirable
artifacts, such as distortion of straight edges in images of
fine resolution. Smoother results can be obtained by using
more sophisticated techniques [4]. Therefore, to obtain a
smooth estimate of the gray-level at any predicted point,
we rely on a bilinear approach that uses the gray-level of
the four nearest neighbors.

3.4 Suppression of Moire effects

The generated image may have some black points be-
cause the reconstruction process cannot always fill each
point (discretization errors). These well known Moire ef-
fects are easily removed on the given image using intensity
information of neighbor points. More exactly, a �> )� me-
dian filter is locally used at each black point.

4 Application to film restoration

Our image prediction algorithm is the core of our film
restoration method which aims at removing not only small
impulsive artifacts (dust spots, hair,...) but large impulsive
defects (blotches,...) as well. We have previously devel-
oped spatio-temporal restoration algorithms using block-
based motion compensation. However, these techniques
work well only in case of translational motion and fail in
presence of significant rotational component.

Our restoration approach involves accurate detection of
the artifacts followed by the reconstruction of damaged ar-
eas. This detection/correction scheme has been adopted by
several works related to digital restoration [15][9][8].

Of course, the applications of the algorithms presented
here are not limited to motion pictures. Similar treatment
may be used for any degraded image sequence.

4.1 Detection of impulsive defects

Dust spots and blotches are the most frequent artifacts
damaging old films. They typically can be found on one
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continuity in image brightness. Our defect detector relies
on both image prediction, and grey-level conservation. Re-
call that our image prediction algorithm only needs 7 re-
liable point-correspondences between the image to restore
and any frame of the sequence and not a full correspon-
dence. Thus, we avoid the difficult (especially in case of
noisy image sequences) and time-consuming motion com-
pensation step followed by other work in this field [11][8].

The localization of impulsive defects becomes straight-
forward after image prediction and a simple inter-frame
difference may be used for the detection process. How-
ever, this scheme is valid only if all the different moving
regions are isolated in each frame. This difficult segmenta-
tion problem has not been investigated yet. Of course, the
former scheme can be used in the simplest situation of one
relative motion only (e.g., fig. 5). To handle also the more
complex case of one moving object against a static back-
ground (e.g., fig. 1), we use a slightly different detector, � ,
based on two difference images � � and � ( rather than one
only:

�L� � ��� 	 
 MIN ��� � ���^���:	 ��� ( � � ���:	O	0��� � � ���:	 ( image
&

(11)
where � � represents the difference between the current
image

&
and its prediction from another frame of the se-

quence; and � ( the difference between
&

and a successive
(or preceding) frame of the sequence. The frame used in
� ( should be different from the one used in �+� to prevent
the risk of detecting also the defects of this frame.

The difference � � will highlight the defects of the dom-
inant moving object but also false detections due to the
global transformation of the whole image. Thus, back-
ground details are likely to be displaced on the predicted
image, and will therefore be seen as defects. These false
detections are simply removed using the difference � ( , in
which actual defects will also be present while the effects
of global transformation (rather than local ones in case of a
correctly segmented scene) will disappear.

Finally, we use the double evidence provided by AND-
ing the results of two detections. Common spurious points
from the two independent detection processes are selected
as deteriorations.

4.2 Removal of impulsive defects

This stage consists in post-processing the detection
field. The reconstruction of the damaged areas is usually
achieved using an interpolation technique [9][7][8]. Our
image prediction algorithm provides intact spatio-temporal
information to fill the damaged detected areas of a given
image. This allows a straightforward restoration avoid-
ing a costly interpolation and, more importantly, does not
need any further step for the incorporation of noise (high

frequencies of the image). Indeed, in the context of film
restoration, the retrieval of the original noise (film grain) is
the most difficult issue which usually causes the failure of
a restoration technique. Our restoration algorithm consists
of the following steps:� Dilation (typically of one pixel) of the detection

masks. Indeed, the actual border of the defects is usu-
ally hardly distinguishable from its surrounding intact
area. The resulting oversized masks significantly im-
prove the restoration quality especially in case of large
alterations.� Estimation of the global brightness variation between
the current frame and its prediction. Indeed, old films
are usually subject to global (more rarely local) in-
tensity instabilities. This luminance variation is com-
puted as the median of the intensity variations of a
subset of randomly chosen pixels.� Assignment of each corrupted pixel with the adjusted
brightness of its prediction. The brightness modifica-
tion consists merely in adding to each pixel a fixed
amount computed in the previous step.

5 Experiments

Our restoration algorithm has been implemented on old
motion pictures. Two examples are shown here, one with
a predominant rotation and another with a translation. Fig-
ure 1 shows an image pair of the Mask sequence, the left
image being damaged with a dust spot. The images areI[�<�  RI �7� each and represent a sample of the actual video
sequence ��/<�6�0 47/��7	 . Indeed, the whole sequence exhibits
different motions and we do not handle yet the segmenta-
tion issue. The moving object is a head, wearing a mask,
rotating around itself, thus satisfying the rigidity constraint.

Figure 1: Frames 230 (left) and 240 (right) of the Mask
sequence

The damaged frame is first predicted using any other im-
age of the sequence (right frame of figure 1). The result of
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dicted image fits well the original image despite the signif-
icant change in shape between the two considered original
frames of the sequence (see fig. 1).

Figure 2: Prediction of frame 230 using frame 240 of
the Mask sequence (left). Difference between the original
frame and its prediction (right)

Another image of the sequence is used to predict the
damaged frame of the Mask sequence. Both predictions
are used as inputs in our detection algorithm leading to the
results depicted on the left part (respectively the right part)
of fig. 3. The double evidence of these two independent
detections provides reliable results, almost free from false
detections, as can be seen on the left part of fig. 4.

Figure 3: Defect detection based on frame 240 (left) , re-
spectively on frame 228 (right), of the Mask sequence

Finally, the detection masks are used to restore the dam-
aged areas. Figure 4 exhibits the restored damaged frame
using its prediction from frame 240. Associated movie
clips (paper11a, paper11b, and paper11c) show the origi-
nal, predicted and restored frames of the entire sequence.

Successful restoration results have also been achieved
on the Building ( �<4��  Z�74�� ) sequence whose motion is al-
most a pure translation (see the original frames on fig. 5
and the illustration of our algorithm steps on figures 6 and
7). Associated movie clips (paper11d, paper11e, and pa-
per11f) show the original, predicted and restored frames of
the entire sequence.

Notice that our restoration approach needs only a few
parameters to be set. Furthermore, they do not require a

Figure 4: Detection (left) and removal (right) of impulsive
defects on frame 230 of the Mask sequence

Figure 5: Frames 30 (left) and 26 (right) of the Building
sequence

Figure 6: Prediction of frame 30 using frame 26 of the
Building sequence (left). Difference between the original
frame and its prediction (right)

Figure 7: Detection (left) and removal (right) of impulsive
defects on frame 30 of the Building sequence
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we have experimented with: the number of features � to be
tracked has been fixed to 30 (the actual number of found
matching pairs is I 4 � � � �7�7	 , the number 3 of samples
used in the RANSAC estimation of the fundamental ma-
trix has been set to 588 according to (4) and the detection
threshold � 
��<4 .
6 Conclusion

We have demonstrated that one can detect and then cor-
rect certain defects in film and video material via methods
that exploit the geometry of rigid motion. Where the as-
sumption of a particular sublcass of rigid motion is valid,
the method ought to be more accurate than methods that use
simple heuristics such translation or arbitrary affine motion
models to achieve the same ends. Where the motion is es-
sentially pure translation, we have demonstrated that the
method introduced here is also effective.

There are several avenues for future work. We are ex-
tending the techniques to work with a more general class
of rigid motions. Moreover, although there are situations
where the entire image moves with a single motion consis-
tent with 3D rigid motion (e.g., static world and moving
camera), to be effective the complete system would have to
be constructed so as to handle multiple rigid motion within
the field of view. Hence, one naturally turns to methods of
motion segmentation.

Likewise, there are other situations where the implicit
assumptions behind our methods will fail to be met.
The method does not handle occlusion - including self-
occlusion. Methods that attempt a reconstruction of depth
have this potential (at greater cost and risk of error). Occlu-
sion can also be handled by certain “one sided” (temporal)
continuity tests. That is, an occluded region is seen until
the point of occlusion in a continuous fashion. We also do
not model lighting effects - ours is a purely geometric ap-
proach.

Finally, although one can handle articulated motion
(with each part rigidly moving), one cannot handle, with
our approach, arbitrary yet frequently occurring natural
motions.

Nonetheless, where one can reasonably detect the pres-
ence of rigid motion (in an automated or semi-automated
fashion), the methods we have implemented, and the re-
lated methods that are sure to follow, should add to the set
of useful techniques one can employ to restore film and
video material.
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