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ABSTRACT

Film Tear is a form of degradation in archived film and is the
physical ripping of the film material. Tear causes displace-
ment of a region of the degraded frame and the loss of image
data along the boundary of tear. In [1], a restoration algo-
rithm was proposed to correct the displacement in the frame
introduced by the tear by estimating the global motion of the
2 regions either side of the tear. However, the algorithm de-
pended on a user-defined segmentation to divide the frame.
This paper presents a new fully-automated segmentation al-
gorithm which divides affected frames along the tear. The
algorithm employs the graph cuts optimisation technique and
uses temporal intensity differences, rather than spatial gradi-
ent, to describe the boundary properties of the segmentation.
Segmentations produced with the proposed algorithm agree
well with the perceived correct segmentation.

Index Terms— Image Restoration, Image Motion Anal-
ysis, Image Segmentation

1. INTRODUCTION

Recent years have seen the demand for archived film increase
to fill the extra broadcast channels created by the growth of
digital media. However, the quality of archived footage often
does not meet the demands of the digital age due to degrada-
tion of the film and, as a result, restoration of archived film has
become increasingly popular. Image Processing algorithms
have been proposed in the past to restore sequences affected
by commonly occurring forms of degradation including film
shake [2], flicker [3] and the presence of dirt & sparkle (often
referred to as blotches) [4].
Film Tear is a less commonly occurring form of film degra-

dation which is caused by the ripping of the film material.
The main effect of the tearing process is to introduce a global
motion to a region of an affected frame (See Fig 1). Further-
more, the tearing damages the film material which results in
the destruction of image data in the region of the torn edge. In
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Fig. 1. Left: An example of a torn frame. The bottom of the
frame has been displaced relative to the top; Right: The same
frame with super-imposed motion vectors [5]. Vectors show
motion relative to the previous frame in the sequence. The
distribution of the vectors is clearly different either side of the
tear.

[1], an algorithm was proposed to restore frames affected by
tear. Its aim was to create an automatic process which would
find torn frames, detect the tear boundary, estimate the global
motions of the regions either side of the boundary and to com-
pensate for the relative displacement between the regions.
The accurate segmentation of the frame into two regions

is key to the success of the restoration process. It is necessary
so that the global motion of each region can be robustly cal-
culated and compensated for. The algorithm proposed for this
purpose in [1] attempted to find the tear boundary and would
allow for the frame to be divided into regions. However, the
results from this algorithm were not sufficient to divide the
frame in two as it could not robustly detect the entire path of
the boundary across the image. Therefore, the frames had to
be divided manually to allow the restoration to proceed.
This paper proposes a new algorithm to automatically seg-

ment torn images. Rather than detecting the boundary first,
the algorithm solves the problem directly. The proposed algo-
rithm uses the interactive graph-cuts segmentation technique
presented in [6], which estimates the optimum segmentation
for a two label segmentation problem. The key to the pro-
cess is that it uses the tear boundary to describe the boundary
properties of the segmentation (i.e. the segmentation bound-
ary should coincide with the tear boundary). It also exploits
the motion vector field of affected frames to automate the seg-
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Fig. 2. The image on the right is the DFD calculated between
the torn frame on the left and the previous frame in the se-
quence. The dark colours represent high DFD values.

mentation. The following sections of this paper introduce the
proposed algorithm, the results of which are presented in Sec-
tion 3. Finally, some comments on the algorithm are made.

2. TORN FRAME SEGMENTATION

The goal of the segmentation algorithm is to divide the frame
into two regions. Intuitively, this problem is solved by cutting
the frame along the path of the tear boundary. Although the
tear boundary is characterised by high spatial gradient, it is
not exclusive to the tear boundary and therefore a more unique
feature is required. The chosen feature is the Displaced Frame
Difference (DFD) and is derived from the observation that a
tear is a temporally impulsive event and hence causes high
temporal differences in the image intensity function. It is de-
fined as a motion compensated difference as follows

DFD(x) = |In(x) − Im(x + d(x))| (1)

where In and Im are the intensity functions of the torn frame
and a neighbouring frame respectively and where d is the mo-
tion between the frames calculated using a motion estimator
such as [5].
An example of a DFD for a torn frame is shown in Fig. 2.

The figure shows that the DFD forms a ridge of high values
along the tear boundary. Therefore, the DFD can be consid-
ered as describing the boundary properties of the segmenta-
tion. The segmentation problem is reduced to finding the path
of the ridge across the image, which is achieved using the
Graph-Cuts Technique.

2.1. The Segmentation Framework

In [6], the authors present an interactive framework for seg-
menting an image using the Graph Cuts technique. Graph
Cuts algorithms calculate the optimum binary segmentation
(l) by finding the global minimum of the energy function
given by

E(l) = ΛR(l) + B(l) (2)

where

R(l) =
∑

x

Rx(l(x)) (3)

B(l) =
∑

x

∑

y∈Ns(x)

B{x,y}|l(x) �= l(y)| (4)

In (2), R(l) describes the region energy (likelihood) of the
segmentation, withRx(l(x)) being the cost of assigning a site
to a given region. B(l) describes the boundary (or smooth-
ness) energy of the segmentation. The boundary energy term
B{x,y} is the energy cost of a discontinuity in the segmenta-
tion between x and y, where y is in the spatial neighbourhood
of x, Ns(x). In the proposed torn frame segmentation algo-
rithm, B{x,y} enforces the constraint on the boundary prop-
erties discussed in Section 2 through the following equation

B{x,y} = DFDmax − 0.5
(
DFD(x) + DFD(y)

)
(5)

where DFDmax is the maximum DFD value. B{x,y} is low
when the mean DFD of neighbours x and y is close to the
maximum and this corresponds to the case when discontinu-
ities in the segmentation are expected in our framework.
The segmentation technique presented in [6] is initialised

by allowing the user to select two subsets of pixels which
must belong to a specified region. Assume that these subsets
are labelled L0 and L1 such that

∀x ∈ L0, l(x) = 0
∀x ∈ L1, l(x) = 1. (6)

For this hard constraint to be met, the following condition on
the regional energies must exist

∀x ∈ L0, ΛRx(0) = 0 and ΛRx(1) = ∞
∀x ∈ L1, ΛRx(0) = ∞ and ΛRx(1) = 0. (7)

All other pixels are then assigned region energies Rx(l(x))
based on the probability of the pixel belonging to each region.
In the proposed framework, this seeding of the segmentation
is performed automatically and without the need for user in-
tervention and is described in the following section.

2.2. Automatic Initialisation of the Segmentation

The pixel subsets L0 and L1 are estimated by exploiting the
observation that tear results in each region having different
global motions. As a consequence, the motion field of either
side of the tear is differently distributed (Fig. 1). By perform-
ing a motion-based segmentation [7], a coarse segmentation
of the frame can be estimated. This is achieved by applying
a watershed segmentation to a 2-D histogram of the motion
field [8] to segment the peaks of the histogram. Torn frames
should contain 2 significant peaks corresponding to the global
motions of both regions. Therefore, the image can be seg-
mented by labelling blocks of pixels according to which of
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Fig. 3. This figure shows the intermediate results of the seg-
mentation algorithm applied to the torn frame top left; Top
Right: The segmentation after the watershed segmentation
is applied. The bright and dark colours represent the pixel
blocks assigned to the subset of each region. The light grey
colour represents blocks which are not in either subset (am-
biguous); Bottom Left: Segmentation after erosion. The num-
ber of blocks in the subsets is significantly reduced; Bottom
Right: The final segmentation of the frame.

the 2 peaks its motion belongs to. Pixels whose motion does
not belong to either peak are marked as ambiguous. An ex-
ample of such a segmentation is shown in Fig. 3.
This segmentation is still not sufficient to initialise the

graph cuts segmentation according to eq. (7). Local motion
or bad vectors may cause the motion at isolated pixels to be
confused with the motion in the opposite region causing the
pixel to be assigned to the wrong region. Furthermore, as
the motion estimator used is block-based [5], the segmenta-
tion will have an undesirable blocky boundary. As a result,
erosion of this rough segmentation is required to remove any
wrongly labelled blocks from the subsets L0 and L1 and to
allow the boundary to be computed to pixel precision. This
is performed by iteratively marking blocks which have neigh-
bouring blocks that have different labels as ambiguous. Al-
though the erosion reduces the size of the subsets, it will en-
sure that all pixels in the subsets are assigned to the correct
region (See Fig. 3).

2.3. Segmentation using Graph Cuts

Before the final segmentation can proceed, values need to be
assigned to the region energy termsRx(l(x)) for pixels not in
either of the subsets. One possible method of assigning values
is to compare the motion vector of a pixel to the global mo-
tion of each region using a suitable distance metric. However,
for the same reason that made the erosion operation necessary

Fig. 4. This figure shows the results of the segmentation
(right) on two more torn frames (left). The arrows in the bot-
tom row indicate where “shrinking” occurs during the seg-
mentation. At the left edge of the frame the segmentation
boundary takes the shorter straight path to the edge of the
frame rather than the path of the tear.

(bad motion vectors and block-based motion fields), assigning
region energies in this fashion could cause the mislabelling of
pixels and a blocky segmentation boundary. Therefore, values
Rx(l(x)) for pixels not in L0 or L1 are not given. Effectively,
the segmentation relies entirely on the boundary energy term
given the initialisation provided by the motion based segmen-
tation (i.e. Λ = 0). The optimum segmentation l is computed
by using the max-flow/min-cut algorithm in [9] to minimise
the energy function in (2).

3. EXPERIMENTAL RESULTS

Figures 3 and 4 (bottom right) show the results of the segmen-
tation for 3 torn frames from 2 sequences. The segmentation
maps produced by the proposed algorithm match well with
the perceived correct results, as the boundary between the
segmented regions generally follows the contour of the tear
boundary. Some mislabelling of pixels (See Fig 4 (bottom))
occurs near the boundary of the image due to “shrinking” [6]
which is a consequence of relying on the boundary energy for
the segmentation. This problem could be overcome by forc-
ing correct labelling at these sites through user-editing of the
subset appropriate L0 or L1 and then re-applying the graph
cuts segmentation.
After segmentation of the torn frame, the next step in the

restoration process is to compensate for the displacement be-
tween the two regions. This can be achieved by estimating the
global motion of each region using histograms of the vector
field [1]. Finally, any damaged image data can be recovered
using a missing data treatment algorithm such as [4].
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Fig. 5. First Column (from left): Close-up of torn frames; Second Column: Close-up of the segmentation; Third: The torn frame
with compensated displacement. The edges should now correctly align across the tear boundary; Fourth: The fully restored
frame after missing data treatment. The missing data treatment algorithm used [4] also acts as a noise reducer.

4. CONCLUDING REMARKS

This paper has proposed a segmentation algorithm to divide
torn frames into two regions along the tear boundary. The
segmentation produced agrees well with the perceived cor-
rect segmentation. However significant motion in a frame can
result in the failure of the automatic seeding process which
leads to a poor segmentation. In such cases the seeding can
be performed manually, allowing a good segmentation to be
obtained. Work is ongoing to construct a ground truth to prop-
erly assess the accuracy of the algorithm and to find better
expressions for the boundary and region energy terms.
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