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Abstract. Rotoscoping is the generic term for methods that consist in
defining the contour of a moving object in the frames of a video in order
to apply a local processing. It is usually performed manually and frame
by frame in the cinema industry. Semi-automatic algorithms have been
proposed to reduce the load of this task. However they classically use
contour-based information and consequently lack robustness in the presence of occlusions. We propose a rotoscoping method based on tracking
in both the forward and backward directions. Each tracking relies on a
motion estimation performed in group of pictures. Motion is estimated
from temporal trajectories of region-based feature points by minimizing
the entropy of the residual. The use of trajectories brings robustness to
time-variant statistics due to occlusions and the use of entropy brings
robustness to outliers. The proposed method seems accurate and allows
to cope with large object occlusions.

?

This work was partly supported by “Le Conseil Régional Provence-Alpes-Côte
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Introduction

Originally rotoscoping is a technique where animators trace live action movement, frame by frame, for use in animated cartoons. The term rotoscoping is
now generally used for the corresponding all-digital process of tracing outlines
over digital film images to produce digital contours (also called mattes) in order to allow special visual effects. This technique is still widely used for special
cases where techniques such as bluescreen will not pull a matte accurate enough.
However, the time allocated to rotoscoping increases due to special effect success
and therefore semi-automatic methods become necessary.
Given the object contour represented by a 2D closed curve (e.g. polygon, spline)
edited by the animator in the first and the last frame of a video, the semiautomatic rotoscoping problem consists in computing the object contour in the
intermediate frames. The process has to be precise and robust to occlusions to
provide an accurate and natural matte. The curves are defined by a set of sample
points and their position on the object should be the same over time in order to
allow the animator interaction in the intermediate frames.
Some tracking methods proposed in the literature [1, 2] perform object detection in the form of a bounding box. These methods are more adapted to scene
analysis and understanding. Methods using global (i.e. region) information [3,
4] are usually based on a notion of (possibly non-trivial) homogeneity of the
object (e.g., intensity, motion, histogram. . . ). If the object is complex or has a
complex motion, this homogeneity description might be difficult to establish and
not precise enough to guarantee an accurate tracking. The proposed approach is
based on the tracking of so-called feature points of the object, which can be seen
as an extension to a sequence of a registration problem between two images.
In this paper, we divide the rotoscoping problem into two tracking problems (one
forward from the initial contour and one backward from the final contour) and
a merging problem. The proposed approach relies on a trajectory-based contour
tracking method in a group of pictures (GOP). In addition, we propose to use a
robust parameter estimation based on a minimum-entropy estimation in order
to increase robustness to outliers for motion estimation. The proposed method
is accurate and robust to large occlusions commonly present in real sequences.
The paper is organized as follows: Section 2 focuses on the proposed contour
tracking method. Section 3 describes the proposed rotoscoping method. Section 4 shows and discusses some tracking and rotoscoping examples by using a
measure of quality and finally Section 5 concludes.
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Proposed contour tracking method

In this section, we focus on the problem of contour tracking. Let v be a video
of n frames F1 , · · · , Fn . Let c1 be the initial, hand-edited contour on frame F1
segmenting an object. The contour is a set of sampling points interpolated by a
curve such as a spline. The contour tracking consists in computing the contours
ci , i∈[2, n], by deforming the contour c1 over time.

2.1

Region-based tracks

The proposed tracking method is based on tracks. A track is a 1D trajectory
along the time dimension of a feature point. A feature point is a point of a frame
having particular characteristics (corner, junction, etc.). A track is a set of at
least two feature points which all belong to different frames. It can start after
the first frame, end before the last frame and its lifetime is independent of the
other tracks.
Tracks are built as follows. First, feature points are extracted in each frame
using low-level algorithms [5]. Second, a descriptor (the description of the feature
point neighborhood, typically a block of luminance values centered on the point)
is associated with each feature point. We make the assumption that a feature
point keeps the same descriptor over time. The value of the L2 norm between two
descriptors is used to distinguish the corresponding feature points. Third, feature
points are linked pairwise as follows. Let Fm be the mth frame of the sequence,
pbm be the bth feature point defined in Fm and dbm its associated descriptor. We
search for a feature point pal defined in a previous frame Fl which minimizes
k dbm − dji kL2 , i < m. Then we search for a feature point pcn defined in a
subsequent frame Fn which minimizes k dal − dji kL2 , i > l. If pbm and pcn are
identical (i.e. m = n and b = c), the link {pal , pbm } is created. This method is
used for all the feature points in all the frames providing a set of links. Finally,
feature point pairs are concatenated in order to build a set of tracks.
Then, the tracks are used to build a set of matching points as follows. Given a
track T = {p1 , p2 , p3 , p5 , p6 } defined on frames F1 , F2 , F3 , F5 and F6 , we extract
from T the set of matching points defined on consecutive frames: S = {{p1 , p2 },
{p2 , p3 }, {p5 , p6 }}.
2.2

Motion estimation in GOPs

Classical tracking methods compute the contour ci+1 in frame Fi+1 from contour ci in the previous frame. Instead, we suggest to compute simultaneously
the contours ci , ci+1 . . . ci+m−1 of GOPs composed of m consecutive frames Fi ,
Fi+1 . . . Fi+m−1 . It is reasonable to assume that the object motion is stationary
within a GOP (or conversely, the GOP size m is chosen such that this assumption is reasonable). For a given GOP, let us suppose that the contour in the first
frame, called the reference contour, is known. It is obviously true for the first
GOP: the reference contour has been hand-edited in its first frame. Only the
tracks intersecting the interior domain of the reference contour will be considered for the current GOP. Matching points are extracted from these tracks. The
motion M is estimated from the set of matching points (see Section 2.3) and
applied j times to the sampling points of the reference contour to compute the
contour ci+j of frame Fi+j . The contour ci+m−1 of the last frame of the GOP
will be used as the reference contour of the next GOP. The tracks are used to
select successive pairs of matching points, allowing to perform this GOP processing. Without the tracks coherence, the pairs of matching points would be
independent, isolated and, as such, might correspond to feature points occluded

during most of the GOP or not linked to the interior domain of the reference
contour. Note that there is a trade-off between the necessity to keep the GOP
size small enough to respect the motion stationary condition and the need to
have enough matching points to allow a robust motion estimation. The global
scheme of the proposed method has been presented. We will now discuss the
motion model and the method to estimate it.
2.3

Motion estimation

Given S = {{p1 , p01 }, {p2 , p02 }, ..., {pk , p0k }}, a set of k pairs of matching points,
the motion estimation consists in computing the model M which transforms
c be the estimation of M computed by
pi into p0i : p0i = M.pi , i ∈ [1, k]. Let M
minimizing the residual r given by
ri (M ) = p0i − M.pi , ∀i ∈ [1, k].
Note that pi and p0i are given in homogeneous coordinates. Let pb0 i be the estic.pi , i ∈ [1, k]. The misestimation of M produces
mation of p0i given by pb0 i = M
an error on p0i given by
c).pi
p0i − pb0 i = (M − M
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According to (1), errors on the estimation of the rotation and the scaling parameters (i.e. α, β, δ and ²) imply an error on p0i depending linearly on the
coordinates of pi . On the opposite, errors on the translation parameters (i.e. χ
and φ) imply an error independent of pi . Therefore, a translation model will be
less sensitive to noise in the observations than rotation or scaling. The following
model was used:
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(2)
0 0 1
It represents a translation and a non-uniform scaling. It is a trade-off between
fidelity to the data (which requires more parameters) and well-posedness.
Robust parameter estimation methods use minimization criteria based on the
absolute value or on M-estimators [6, 7]. However, efficiency of these estimators
drops when the distribution of the data is neither gaussian nor laplacian. Instead,
we suggest to use a nonparametric approach [8, 9] in 2 steps: first, the distribution
of the data is estimated using a kernel-based approach and second, the entropy
of the distribution is estimated. Entropy is a convex function of the density

of the observations that coincides locally asymptotically with likelihood at its
optimum. This suggests that an estimator minimizing the entropy of the residual
should be efficient and robust to outliers.
Since entropy is invariant by translation, if M minimizes the residual then M +t,
where t is a translation, minimizes the residual. To find a unique minimizer, the
residual needs to be symmetrized. The entropy is computed using the Ahmad
entropy estimator [10] as follows:
Hk (r(M )) = −

k
1X
1
log[ (fˆ(ri (M )) +
k i=1
2

fˆ(−ri (M )) )]
| {z }
symmetrization

(3)

where fˆ denotes the Parzen kernel density estimate of the residual r. The kernel
c in a GOP is computed
bandwidth σ was set empirically. Finally, the motion M
by minimizing the criterion (3) with respect to M , i.e.,
c = arg min Hk (r(M )).
M
M

(4)

The minimization of (4) was performed using a the simplex method.
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Rotoscoping application

In this section we propose a rotoscoping method based on the contour tracking
method of the Section 2. Let keyframe be a frame where the contour was handedited by the animator and let interframes be the other frames. First, we present
the proposed method with two keyframes. Second, we explain how user can refine
the process by adding new keyframes.
3.1

Two keyframes

We divide the rotoscoping problem for a video of n images into a two directional
contour tracking problem and a merging problem. The contour tracking method
can be applied in the forward direction as seen before, but it can also be applied in
the backward direction because the track building is independent of the temporal
direction. The suggested method is as follows:
– compute the forward contours cfi i∈[2, n] by using contour tracking from
initial contour cf1 = c1 in the forward direction,
– compute the backward contours cbi i∈[1, n − 1] by using contour tracking
from final contour cbn = cn in the backward direction,
– merge forward and backward contours by computing weighted average contours Ci as follows:
Ci =

n−i f
i−1 b
.c +
.c , i ∈ [1, n]
n−1 i
n−1 i

Note that the contours C1 and Cn on keyframes are equal to the hand-edited
contours c1 and cn .

3.2

Refining by adding keyframes

The motion of the object may be quite complex and rotoscoping needs sometimes
more than two keyframes to compute contours precisely enough. The refinement
is the animator interaction on the contour Cm of an interframe Fm , 2≤m≤n − 1,
where Cm is too far from the actual object contour. The animator modifies Cm
by pulling some sample points. Fm becomes a new keyframe and rotoscoping
is performed again separately on intervals [1, m] and [m, n]. Refinement is done
until obtaining a natural matte of the object.
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Experiments

In this section we propose an objective evaluation of the proposed rotoscoping
method. The proposed method has been tested on several sequences. Four example are presented here. Note that refinement is not used in these experiments
in order to evaluate the method accuracy and not the animator skill.
4.1

Measure of quality of a contour

bi be
Given a frame Fi , let Ai be the mask manually defined by an expert and A
the mask defined by the estimated contour Ci . The masks are equal to 1 inside
the contour and 0 outside. In [11], the segmentation error is measured by the
following term
P
di = 100×

bi (x, y)
Ai (x, y)⊕A
P
x,y Ai (x, y)

x,y

where ⊕ is the xor operation. For rotoscoping, this error is averaged for all the
interframes:
d=

4.2

n−1
1 X
di
n − 2 i=2

Evaluation of proposed method

Rotoscoping allows to constrain the contour simultaneously in forward and backward direction by computing an average contour. Therefore rotoscoping is more
precise than a pure tracking, up to four times better for the sequence Bus seen on
Fig. 3 (4% of misclassified pixels for rotocoping and 16% for forward tracking).
Therefore, the method will be evaluated only for the forward tracking.
The use of GOPs allows to increase the number of observations, providing
a better context for robust motion estimation. However, the size of GOPs must
not compromise the assumption of motion stationarity. Tab. 1 illustrates this
phenomenon on sequence Erik (see on Fig. 1) and shows the usefulness and
limit of GOPs. First, it can be noted that the number of observations increases

considerably with the size of GOP. Second, the quality of the contour is optimal
for a GOP of nine frames: with a smaller GOP, the estimation is less robust, and
with a larger GOP, the stationarity of the motion is not verified. In other words,
there is a trade-off between a good context for robust motion estimation and
the assumption of motion stationarity within the GOPs. Fig. 1 shows that the
contour sticks to the face over time. The segmentation error is less than 2.5%
(in misclassified pixels) for GOPs of 9 frames.
GOP 1 GOP 5 GOP 9 GOP 15
d
19.7 % 18.5 % 18.1 % 22.5 %
Observations
12.6
54.5
79.7
107
Table 1. Evolution of the contour quality (given in percentage of misclassified pixels)
and the number of observations (given in tracks per GOP) with respect to the size of
GOP for the forward tracking on sequence Eric.

The entropy-based criterion brings robustness to the motion estimation but
its usefulness depends on the motion model used. Let M T be the translation
model and M T +S be the translation + non-uniform scaling model (see Eq. (2)).
In spite of its robustness (studied in Section 2.3), the model M T is too simple to
allow the tracking of an object with a motion more complicated than a “pure”
translation as we can see on the standard sequence Tempete (see Fig. 2). The
model M T +S is more precise. As seen on Tab. 2, the use of entropy brings
robustness to the tracking with M T +S and increases the quality of the contour.

(a) Frame F1

(b) Frame F7

Fig. 1. Rotoscoping results on sequence Erik.

The sequence Bus (see Fig. 3) gives an example of occlusion. In this sequence,
a bus on a highway is largely occluded by a billboard. The motion of the bus
is a translation and a scaling. The occlusion causes a variation of the object
statistics over time. The joint use of GOPs and entropy-based criterion allows
to manage occlusions as seen in Fig. 3: the tracks following the billboard motion
are considered as outliers. The segmentation error is less than 4%.

(a) Model M T

(b) Model M T +S

Fig. 2. Tracking results on sequence Tempete using respectively the models M T and
M T +S on frame F100 .
GOP 2 GOP 6 GOP 8 GOP 10 GOP 14
SSD
65.8 % 52.9 % 48.9 % 66.3 %
22.5 %
Entropy-based 56.8 % 43.1 % 14.7 % 14.9 % 16.9 %
Table 2. Evolution of the contour quality (given in percentage of misclassified pixels)
with respect to the GOP size for the forward tracking on sequence Bus.

Fig. 3. Rotoscoping result on sequence Bus on frames F17 and F28 .
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Conclusion and perspectives

We have proposed a rotoscoping method based on a new contour tracking. This
tracking relies on a robust motion estimation performed in groups of pictures

using trajectories using region-based information. The robustness to outliers is
both due to the use of GOP and the use of entropy as a measure of error of
the estimated motion. The rotoscoping processing is the result of the tracking
in both the forward and backward directions. According to the experiments, the
proposed rotoscoping method seems accurate and robust to large object occlusions.
The suggested model does not allow deformations more complex than affine deformations from frame to frame. In the future, we plan to define a local approach
allowing natural deformations.
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