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Abstract--we consider the problem of decomposing a video sequence into a superposition of (a given number of) moving layers. For this 

problem, we propose an energy minimization approach based on the coding cost. Our contributions affect both the model (what is minimized) 

and the algorithmic side (how it is minimized). The novelty of the coding-cost model is the inclusion of a refined model of the image formation 

process, known as super resolution. This accounts for camera blur and area averaging arising in a physically plausible image formation 

process. It allows us to extract sharp high-resolution layers from the video sequence. The algorithmic framework is based on an alternating 

minimization scheme and includes the following innovations. 1) A video labeling, we optimize the layer domains. This allows regularizing the 

shapes of the layers and a very elegant handling of occlusions. 2) We present an efficient parallel algorithm for extracting super-resolved layers 

based on TV filtering. 
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I. INTRODUCTION 

The decomposition of videos into a superposition of 
moving layers is of central importance to scene 
interpretation, video coding, and movie compression. In this 
paper we present an energy minimization framework that 
allows us to partition a given video into a set of super-
resolved moving layers. Fig. 1 shows an example result of 
this algorithm. Given an input image sequence, the algorithm 
reconstructs moving layers corresponding to the foreground 
tree and the background in a higher resolution than the 
individual input frames. That is, we show that, by more 
accurately modeling the image formation process, and we 
obtain sharp fine-detailed layer images, whereas previous 
methods produced blurry ones. Moreover, we propose a 
graph-cut-based algorithm to estimate layer domains, where 
we show how to derive appropriate expansion moves in order 
to efficiently perform the layer partitioning. 

A. Related Work 
Motion layer decomposition builds on a rich literature in 

motion analysis. We briefly sketch the main lines of research 
to organize the abundance of existing approaches. 

       1) Motion Estimation: Given a sequence of consecutive 

frames, motion estimation aims at computing for each frame 

of the sequence a velocity vector associated with each point 

relating it to a corresponding point in the subsequent frame. 

Optionally, one can identify points that are occluded in the 

subsequent frame, but this is rarely done. The two major 

approaches to motion estimation are the local and global 

ones. Local approaches determine a single parameter vector 

to describe the motion in a fixed usually rectangular sub 

region of the image. By using overlapping regions, each pixel 

is assigned its own velocity. In contrast, global approaches 

determine a single velocity field for each frame, taking into 

account the entire image information at once [16]. These 

methods regularize the gradient of the velocity field in a 

variation framework. State-of-the-art methods use robust M-

estimators which is a trend that arose earlier for local 

approaches with regularizes adapted to rigid body motion and 

strong contrast edges, these global approaches were shown to 

provide some of the most accurate optic-flow fields [38] on 

established benchmarks. The algorithms are by now rather 

mature, providing high-quality motion fields for 640 480 

images at more than 60 frames per second. 

  
2) Motion Segmentation: By motion segmentation, we 

mean the estimation of motion and the determination of the 
boundaries of differently moving objects. Respective 
algorithms have been developed in a spatially discrete MRF 
formulation or in a spatially continuous level-set formulation. 
Motion segmentation is generally considered a chicken-and-
egg problem; it is easy to determine an accurate segmentation 
for a given motion field or vice versa to determine accurate 
motion models for a given segmentation. To solve for both at 
once has however proven to be a very difficult problem. 
State-of-the-art methods solve this by minimizing a single 
energy functional via alternating optimization schemes. 
Precursors include methods based on pixel-flipping 
thresholding soft decisions. Since both motion estimation and 
segmentation are based on intensity comparisons of 
consecutive frames only, they typically suffer from two 
limitations. First, they do not exploit long-range temporal 
consistency, i.e., the fact that the same intensity layer is 
deformed over the entire sequence is not taken into account. 
Second, they do not account for the fact that pixels may be 
occluded in certain frames and reappear at later stages. 

3) Layered Motion Segmentation: Approaches for layered 
motion segmentation augment the framework of motion 
segmentation by occlusion reasoning. Dupont introduce a 
sophisticated occlusion model into traditional motion 
segmentation and minimize it using graph cuts and 
expansions moves. Xiao and Shah compare each frame in the 
sequence to a reference frame. They introduce an occlusion 
order constraint that approximately holds for short sequences 
and, after a sophisticated initialization stage, minimize using 
graph cuts on three-state pixel graphs.Although these 
methods improve over traditional motion segmentation, they 
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do not fully resolve the aforementioned problems because 
they are still based on comparing intensities across frames 
and because occlusion models are merely heuristic, not 
arising from a consistent image formation model. 

      4) Layer Decomposition: By layer decomposition, we 

refer to the decomposition of a video sequence into a 

superposition of moving objects, i.e., the layers. In contrast 

with motion segmentation, this involves to determine the 

appearance of the objects in addition to their shape. Rather 

than an image-to-image comparison of the input video 

frames, we compare each video frame to a set of colored 

layers. Such a fully generative approach allows us to model 

occlusions accurately. Wang and Adel son set out with the 

aim to decompose a sequence into a set of images. Yet, 

instead of treating a single model (or energy functional), they 

perform a multistep optimization involving the clustering of 

nonparametric velocity fields. Subsequent methods managed 

to minimize a single energy functional, sometimes with a 

sophisticated initialization Jojic and Frey introduce a 

multilayer decomposition method with an accurate occlusion 

model. They model the video as a real-valued superposition 

of layer images and solve this via generalized expectation 

maximization. Despite convincing results, the method suffers 

from the lack of spatial smoothness and does not favor hard 

decisions to determine which video pixel belongs to which 

layer, which are two important issues to get a true 

decomposition. These limitations also apply to the 

subsequent works, which use robust estimators. Propose a 

seven-step approach to minimize a model including motion 

blur and changes in lighting. This involves a combination of 

graph cuts and belief propagation and leads to good results 

for articulated motion. Yet, in this paper, we show that, for 

rigid and piecewise smooth motion, one can do better. 

Another related approach to video decomposition for the 

purpose of video editing was independently and 

simultaneously proposed. 
       5) Relation to the Layer Approach of Jackson et al.: The 

closest work to ours is the work of Jackson which, 

regrettably, we only became aware of after publication of our 

CVPR paper. There, the authors also propose an energy 

minimization approach to layer decomposition. The proposed 

method differs from and  in several ways. 1) We propose a 

more robust regularization of layer intensities to better 

preserve discontinuities in the estimation of layer intensities. 

2) We incorporate a super-resolution model of the layer 

intensity, which allows for layers that are significantly 

sharper than both the input images and the typical layer 

estimates obtained by an averaging process. Solving for the 

intensity layers amounts to a variant of total variation 

deblurring. In particular, we experimentally demonstrate that 

sharp super-resolution layers can be estimated for numerous 

challenging real-world sequences. 3) The proposed 

optimization scheme is fundamentally different. While 

Jackson et al. kept the layer domains fixed and thus heavily 

relied on the local evolution of the deformation field, we 

introduce graph-cut-based expansion moves, which allow us 

to efficiently solve the geometric optimization problem of 

layer partitioning. The authors admit that their approach only 

approximates the desired energy model (due to the 

regularization of the motion fields) and that they can only 

handle simply connected shapes. In contrast, we also estimate 

the layer domains, and we can efficiently determine layers of 

arbitrary topology by means of a more global inference 

procedure based on expansion moves in the layer space. 

B. Contribution 
We present a framework to decompose a video sequence 

into given number of layers, minimizing a single energy 
reflecting the cost of encoding the sequence. We show how 
to obtain sharp fine-detailed layer images where previous 
methods produced blurry ones. This is based on a physically 
consistent model of the image formation process, known as 
super resolution, which includes camera blur and area 
averaging. 

II. CODING-COST FORMULATION 

In this paper, we propose to measure the quality of layer 
decomposition by the cost for encoding it. We give the 
coding cost for two different models of the image formation 
process. When imposing a layer order as in (1), a video is 
encoded by coding layer domains, intensities inside the layer 
domains, and motion functions. To get back the original input 
video, one finally needs to code some remaining 
reconstruction noise, i.e., the differences between the 
observed and reconstructed videos. This principle is the basis 
of both cost functions.  

A. Basic Coding-Cost Formulation 
In the first model, we closely follow and assume that the 

input images are captured by a pinhole camera, i.e., a perfect 
perspective projection free of camera blur. Furthermore, the 
intensity of a pixel reflects a single point in the scene, i.e., in 
our case, the respective point on the visible layer. Under this 
model, the intensity of a video pixel is predicted by the 
intensity of the respective position in the visible layer . To 
get back the original input images, the remaining differences, 
i.e., need to be coded.We assume that a Gaussian model, with 
fixed variance, gives suitable code lengths to code these 
differences. To code the layer domains, it suffices to encode 
their boundaries. It is reasonable to assume that the code 
length linearly increases with the boundary length. The cost 
of encoding the layer intensities inside the layer domains 
depend on the compressibility of the intensity profiles, i.e., a 
constant image would result in a very short code. The 
compressibility is well reflected by the total variation of the 
signal, i.e.,(3) The cost to encode the motion functions are 
denoted as . In this paper, we consider both parametric and 
metric motion models. For most of this paper, we use a 
simple parametric motion model that is affine in space and 
quadratic in time, i.e., (4) where and is a parameter vector. 
The coding cost here is negligible; thus, we set. The 
parametric model satisfies the requirement of inevitability for 
each time , but for real-world motion, it is often too simple an 
approximation. Hence, we optionally allow adding 
nonparametric velocity fields to the parametric motion. As 
these are generally not invertible, we only model the 
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direction from video frames to layers, i.e., (5) where are 
nonparametric velocity fields. In analogy to the layer 
intensities, for this model, we choose the regularity term, i.e., 
where is a common but somewhat loose notation; to be 
precise, one takes the gradient of each of the two components 
of separately and then sums the absolutes of both gradients. 
The arising coding cost, with weighting factors   

B. Refined Coding-Cost Formulation 
In the previous section, we presented a coding-cost 

functional based on the assumption of a pinhole camera. 
Minimizing the cost usually results in blurry layer images, as 
demonstrated To a large extend, this is due to the inaccurate 
camera model; real-world cameras induce lens blur, and 
pixels collect the intensity inside a certain area on the sensor 
chip. Models that account for these effects are common in the 
areas of image deblurring and super resolution. In the latter 
field, a video sequence is reduced to a single image. In this 
paper, we extend this idea to a superposition of layer images. 
Mathematically, the lens blur is expressed as a convolution 
with a Gaussian kernel . Its variance is set by the user. If the 
scene is generated by a single layer, the recorded intensities 
can be predicted as (7) where is the pixel area on the sensor 
element. To model the input sequence as a superposition of 
layers, we introduce a function expressing whether a layer is 
visible at a given video pixel or not, i.e., ifelse. (8) The image 
formation process for the case of layers is now given as (9) 
where, for computational simplicity, we have neglected 
camera blur across motion boundaries in the camera image. 
For the coding cost, this simply implies that different 
difference images have to be coded, i.e., - (10) This time, we 
take the Laplacian distribution to code the difference images. 
The reason is discussed in the following section. Minimizing 
cost functional (10) results in the desired sharp fine-detailed 
images,  

C. Discussion of the Cost Functions 
We have motivated the layer decomposition functional 

(6) and (10) in terms of the coding cost. From a computer 
vision perspective, there are two important points to note 
here. The first point concerns the data term; for the basic 
functional, we choose squared differences, but for the super-
resolved version, we use absolute differences. The reasons 
for this are twofold; to get a good (but slightly imperfect) 
notion of the ayers from a poor initialization, the squared 
differences are better suited as the optimization algorithm is 
less likely to end in a poor local minimum. However, to get 
fine-detailed super-resolved layer images from a good 
initialization, the absolute differences are much better suited. 
In the experimental section, we show on real-world data that 
absolute differences handle difficulties such as specular 
reflections and imprecise motion models much better than 
squared. 

D. Super-Resolved Layer Decompositions 

We start by giving results for the refined coding-cost 
functional. We tested three different sequences, each of 
which with its own difficulty. In the Avengers sequence the 
background is moving faster than the foreground. For the 
Pickup sequence one deal with secularities on the can. In 

both cases, the algorithm determines the correct layer order. 
The last sequence is the Flower Garden sequence, where 
input images and resulting nonparametric motion model. The 
sequence also demonstrates that more than two layers can be 
handled; we initialized with four layers, one of which 
vanished during optimization. Both the Pickup and the 
Flower Garden sequences are long sequences with 31 and 30 
frames, respectively. Still, it is possible to decompose them 
into just two or three layer images. Also, in all cases, very 
precise motion boundaries were found. This is due to the 
physically consistent occlusion model. 

E. Robustness of Parameters 
Since the blurring kernel is set by the user, the proposed 

cost function involves effectively two free parameters and . 
While we have previously given a setting that works well for 
all considered sequences, we now also evaluate how 
changing the parameters affects the results. Fig. 8 evaluates 
the effect of changes in and on the Avengers sequence. Here, 
it is shown that small values result in speckled regions but 
that, otherwise, the value is not very critical. For , the results 
are quite similar within a range. 

F. Basic Cost, Refined Cost, and Robust Data Terms 
In this paper,we have proposed two different cost 

functional. the basic cost suffices to get tight region 
boundaries with consistent occlusion reasoning. Yet, if one 
also wants a precise reconstruction of the scene, the refined 
cost become crucial; by modeling physical details of the 
image formation process, one can infer very small details that 
are not visible in any of the input frames. When introducing 
the refined cost, we argued that the absolute differences in 
the data term robustify the layer estimation process. Indeed, it 
is well known throughout the literature that absolute 
differences are robust to outliers, whereas for squared ones, a 
single outlier can already lead to arbitrarily bad results. Yet, 
such effects are usually demonstrated on synthetic data, e.g., 
by adding salt-and-pepper noise. In this paper, we justify the 
robust terms on real-world data. two reconstructions for the 
Pickup sequence. Since, in one frame, a secularity on the 
metal can is visible, the squared differences produce artifacts. 
In this case, they might be still acceptable. This is different 
when using the nonparametric motion models;, the squared 
data terms produce severe artifacts when the velocity 
estimates are imperfect. Once present, these effects cannot be 
compensated by iterating the processes. To be consistent with 
the model, for the squared differences, we used the method of 
Horn and Schunck to compute proposal velocity fields (this 
also changes terms, which now takes the squared gradient 
absolute). We checked that the same proposals do not cause 
artifacts when using absolute differences. 

G. Parametric Versus Nonparametric Motions 
Previously, we have already shown that the use of 

nonparametric velocities results in fine-detailed layer images 
for the Flower Garden sequence. Demonstrates the influence 
of these motion models; with the parametric part alone, many 
parts remain blurry. The reason is that the layer contains 
objects of different depths, e.g., the trees actually stand in 
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front of the houses. With the nonparametric model, it is still 
possible to obtain a single sharp layer image. 

H. Comparison with Alternative Approaches 

Finally, we compare our method with other approaches 
on motion analysis. we show results for the layer 
decomposition approach of Kumar and two approaches to 
motion segmentation, i.e., the space–time motion 
segmentation and an unpublished graph-cut version. The 
latter includes image warping. These results demonstrate that 
near-occlusion motion segmentation does not provide tight 
region boundaries. In particular, none of the two methods 
identify the region between the fingers. This is different for 
layer decomposition. While our method can handle the entire 
31 frames, the method of Kumar et al. suffers from 
significant drift when run on more than ten frames. 
Moreover, it splits the thumb into two parts. For fairness, it 
must be noticed that this method was designed for articulated 
motion.Robustness of Parameters. We have given a 
parameter setting that works well on all tested sequences. In 
addition, it was previously shown that the algorithm is fairly 
robust against the choice of parameters. In fact, it is well 
known that problems tend to become more robust when 
several frames of a video sequence are considered at once. 
Still, there is the issue of local minima that is present in 
virtually all approaches to motion estimation (with 
reasonably large 

III. CONCLUSION 

We have introduced a layer decomposition approach 
based on minimizing coding-cost functional. Compared with 
other approaches to motion analysis, i.e., motion estimation, 
motion segmentation, and layered motion segmentation, layer 
decomposition is based on a fully generative model and 
therefore incorporates a natural treatment of occlusion. 
Moreover, the proposed layer formulation is based on a 
physically more realistic model of the image formation 
process (including lens blur and down sampling). As a result 
of this, we obtain a more detailed scene structure than any 
single input frame would allow. We have presented a number 
of contributions concerning the model and the optimization 
procedure. For the model, we have first shown that the 
formulation by Jackson et al. removes trivial optima that 
arise with previous formulations. Furthermore, an image 
formation model that is more realistic than that of previous 
layer approaches, including lens blurring and down sampling, 
allows for layer images of a resolution superior to that of the 
individual input images.  

The optimization of the coding-cost functional has been 
done by alternating the estimation of geometry, intensity, and 
motion of all layers. The geometry estimation integrates 
spatial smoothness and region-based priors. It is solved by 
means of graph cuts in the layer domain (rather than in the 
input domain). The optimization of layer intensities gives rise 
to a convex total variation deploring, providing crisp high-
resolution layer images. The motion estimation is solved by 
either high-order parametric (in space and time) motion 
models or by state-of-the-art nonparametric variation optic-

flow techniques. In numerous experiments, we have 
demonstrated that a given video can be decomposed into a 
superposition of super-resolved moving layers by minimizing 
the proposed coding-cost energy. In general, this is a very 
large computational effort, where most of the runtime is 
spent on estimating the layer intensities. By implementing 
this on the GPU, the running times become acceptable 
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