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Abstract

We propose methods to super-resolve compressed video se-
quences that may consist of frames with missing blocks of
pixels in addition to compression artifacts. Different from
traditional resolution enhancement algorithms, our meth-
ods include two key components that are crucial to handle
compressed video sequences. The first component is dy-
namic masking that dynamically computes image masks
used to reject outliers. The second component is flow-
based image repairing that reconstructs missing blocks or
a whole frame by exploring both temporal and spatial in-
formation. We demonstrate the proposed methods with real
MPEG video sequences.

1 Introduction
This paper presents methods to super-resolve com-

pressed video sequences. In particular, we demonstrate
their applications on super-resolving compressed video se-
quences that may consist of frames with missing blocks
of pixels in addition to compression artifacts. Figure 1
shows a real example where super-resolution for com-
pressed video is very effective until certain bit rate. How-
ever, it is not the focus of this paper to discuss the theoreti-
cal limitation of super-resolution for compressed video. In-
stead, we discuss how to robustly improve the resolution of
compressed sequences with large artifacts such as blocky
effects, missing blocks or even a whole frame. Such arti-
facts often occur in practice due to large compression ratio
and/or transmission error.

Like traditional super-resolution methods, the basic idea
is to explore temporal redundancy embedded in the video
sequences to enhance image resolution. Unlike traditional
methods, we need to handle artifacts in compressed se-
quences that violate the basic assumption that warped low-
resolution images after alignment are sub-sampled from a
single high-resolution image. One efficient method to dis-
able these artifacts (outliers) is to apply image masks. To
utilize pixel information from other images that is missing
or corrupted in the reference image that needs to be super-
resolved, we propose a dynamic masking method that com-
putes image masks every time after the super-resolved ref-
erence image is updated.

Bi-cubicly interpolated ROI images

Super-resolved ROI image
(a) Original (b) 2M bps (c) 1M bps (d) 256K bps

Figure 1: Comparison of super-resolution results based on original im-
ages (a) and MPEG compressed ones at different bitrates (image size
640x480): (b) 2M bps, (c) 1M bps, and (d) 256K bps. Here we only
plot a small ROI of size 106x120: the top row plots bi-cubicly interpo-
lated ROI images and the bottom row plots super-resolved results based
on consistent flow (Eq. 6) [11]. Notice that super-resolution results with
nine images are effective at 2Mbps or higher.

To handle other significant errors such as missing
blocks, we propose a flow-based image repairing method.
Unlike existing image repairing methods (e.g., image im-
painting [2]) that is purely based on spatial information,
the proposed method is based on the assumption that miss-
ing spatial information in one frame can often be obtained
from other frames. To solve the problem of computing
flow without correspondence (due to missing pixels), we
propose an effective multi-frame flow methods modified
from [11]. To handle the case of missing whole frames, the
proposed method essentially performs frame interpolation
(also called image tweening). In this paper, accurate flow
estimation methods are used for super-resolution since suc-
cessful super-resolution is based on the assumption of sub-
pixel displacement among images. Motion vectors avail-
able in compressed video are simply not accurate enough.

The paper is organized as follows: After discussing re-
lated super-resolution work in Section 2, we propose the
dynamic masking method to enhance compressed videos
in Section 3. In Section 4, we propose the flow-based im-
age repairing method to repair damaged images by explor-
ing both temporal and spatial information. Experimental
results are reported in Section 5 based on real MPEG se-
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quences. Finally, we conclude our paper in Section 6.

2 Related work
The basic principle of super-resolution is to enhance

the spatial image resolution by combining high-frequency
spatial information spread temporarily across a video se-
quence. The majority of super-resolution algorithms for-
mulate the problem as a signal reconstruction problem
from multiple samples with (non-)uniform sampling the-
orems as the foundation. Over the past decade, many
reconstruction algorithms have been proposed, including
frequency-based methods, MAP methods [5], BP (back-
projection) methods [7], POCS (projection onto convex
set) methods, and hybrid methods [6].

Super-resolution of compressed video is a relatively
new topic and is becoming increasingly important. The
driving force is the wide use of compressed digital video
for storage, transmission and processing. Unlike the tradi-
tional problem of super-resolution, there are new issues as-
sociated with super-resolving compressed video [10]. The
first one is the intensity noise introduced by quantizing
transform coefficients based on both statistical and percep-
tual significance. In order to achieve low bit rate, compres-
sion schemes intend to remove differences between frames
that are critical for resolution enhancement. A complete
model from high-resolution images to low-resolution com-
pressed images is proposed [10] to include compression-
induced errors. To reconstruct the high-resolution images,
the authors present a Bayesian framework that also incor-
porates known motion vectors. To apply this framework,
several probability distributions need to be defined and
then estimated in practice from compressed bit streams.
For example, quantization noise in the spatial domain can
be modeled as a Gaussian distribution with an unknown
covariance matrix [10].

In practice, it is not easy to estimate these density func-
tions that may depend on contents. Alternatively, we pro-
pose the general dynamic masking method that adaptively
reject outliers due to compression, bad motion estimation,
etc. In addition, we propose the flow-based image repair-
ing method to deal with scenarios that are difficult to han-
dle by such theoretical framework, for example, scenarios
where large missing blocks of pixel occur due to transmis-
sion error in motion vectors.

3 Super-Resolution with Dynamic Masking
3.1 Flow-based super-resolution

The basic assumption of reconstruction algorithms is
the modeling of high-to-low resolution image formation
process. In particularly, the following model (commonly
in matrix notations) has been used [6],

Yk = DkCkFkX + Nk (1)

where X is the original high-resolution image, Yk is the kth
low-resolution frame, Dk, Ck , Fk are decimation, blur-
ring and motion-warping matrices, respectively, that em-

body the corresponding transformations, Nk is the noise at
low-resolution. Assuming zero-mean Gaussian noise, the
ML-estimator of X from Yk is

X̃ = argX min{(Y − HX)T W (Y − HX)} (2)

where W is the weight matrix determined by noise Nk,
matrix H is defined as [H ]k = DkCkFk. To regular-
ize the solution to X , penalty (prior) terms can be added
to the cost function, resulting in a MAP estimation prob-
lem [5]. For regular images, the noise is often assumed
to be un-correlated, i.e., a diagonal matrix W . For com-
pressed images, quantization error also contributes to noise
Nk. Instead of modeling and estimating the probability
distribution of these errors, we propose the dynamic mask-
ing method by treating errors as outliers.

To facilitate discussion, we choose the BP methods [7]
as the base-line algorithm and use the estimated consistent
flow [11] for image warping. However, we can apply any
other super-resolution algorithms. Specifically, the itera-
tive update of high-resolution image in the BP method [7]
is expressed as:

I
(n+1)
h = I

(n)
h +

1
K

K∑
k=1

{[(gk − g
(n)
k ) ↑ s]Fk · p ‖ (3)

where I
(n)
h is the recovered high-resolution image at the

n-th iteration, p is a back-projection kernel, ↑ s denotes an
up-sampling operator by a factor s, [·]Fk denotes a forward-

warping process. The low-resolution image g
(n)
k ) is simu-

lated from I
(n)
h based on the following imaging model

g̃k = {[Ih]Bk · h} ↓ s (4)

where ↓ s denotes a down-sampling operator by a factor
s, [·]Bk denotes a backward-warping process and h is a
blurring kernel.
3.2 Dynamic masking

Even for regular video sequences, rejecting outliers
due to object occlusions or large motions is necessary.
Static masking has been used effectively to obtain high-
quality images [11]. Static masking is a preprocessing ap-
proach where the cross-correlations between warped low-
resolution images and the low-resolution reference image g
are computed prior to the main iteration (Eq. 3). If the cor-
relation scores are below a certain threshold, correspond-
ing warped pixels are ignored. Alternatively, correlation
scores can be used to weight pixels in the main iteration.

For compressed images, one issue exists for applying
static masking: the reference image itself could be highly
degraded due to compression error. Applying static mask-
ing would prevent useful information from other images
passing to the reference image during the main iteration.
To overcome this shortcoming, we propose dynamic mask-
ing where the cross-correlations between warped low-
resolution images and the updated low-resolution reference
image (subsampled from I

(n)
h ) can be computed at each it-

eration.



Dynamic masking
1. Obtaining gr

k warped from gk towards reference g
2. Begining of the main super-resolution iteration
3. Handling pixels

• Computing cross-correlation between g r
k and

subsampled I
(n)
h

• Taking pixels if scores are > T1

• Rejecting pixels else if correlation scores are <
T2 (T1 > T2)

• Weighting pixels else
4. End of the main super-resolution iteration

The proposed method can iteratively repair the degraded
reference images during the main iteration while rejecting
true outliers. Hence, it is appropriate for handling com-
pressed images with or without large artifacts.

4 Flow-based Image Repairing
4.1 Computing consistent flow fields

Optical flow has been used in [1] for super-resolution,
but it is in [11] the feasibility of flow-based super-
resolution has been demonstrated. It is based on the follow-
ing arguments: 1) it is the warping error, not the flow error,
that has direct impact on the process of super-resolution,
2) image warping error is typically not as catastrophic as
the flow error because large/small motion errors are asso-
ciated with small/large image gradients (in gradient-based
flow algorithms). Observing that flow consistency should
be fully enforced to achieve accurate flow estimate, authors
in [11] proposed algorithm to compute consistent flow. In
the case of two frames, traditional algorithms [3] seek to
minimize the following one-directional least square errors

Erri = (Ii(pi) − Ij(pi + ui[pi]))2, (5)
where p1 and p2 are the coordinates of frame 1 and 2
respectively. The consistent flow algorithm [11] seeks to
minimize the consistent least-square error
Errcons = [I1(p−αu[p])− I2(p+(1−α)u[p))]2, (6)

where p is the coordinate of a virtual frame and α is a con-
trol parameter that is in the range of [0,1]. The choice of
the exact value for a depends on the noise statistics of the
two frames. Typically, the statistics of the two frames are
similar and the value 0.5 is chosen.

To enforce flow consistency across multiple frames, a
multi-frame algorithm was proposed to minimize the con-
sistent least square error [11]
Errcons =

∑
Errf2r + Errf2f

=
∑

i�=r[(Ii(p − ui[p]) − Ir(p))2

+
∑

i�=j(Ii(p− ui[p]) − Ij(p − uj [p]))2,
(7)

where Errf2r are the errors between each image and the
reference image Ir and Errf2f are the errors between a
pairs of images (Ii, Ij) other than Ir. However, in this
multi-frame formulation, all the images are assumed to be
of good quality. To handle the case where some images
have missing blocks is the topic of the next section.

4.2 Flow-based image repairing
Our problem can be stated as follows: given a sequence

of images and assuming some images are good and others
are damaged, we want to repair the damaged images. In
an extreme case that one whole image is missing, we can
compute the flow fields between two surrounding frames
and interpolate the missing middle frame (image tween-
ing). Next, we focus on a case where known blocks of
pixels are missing from one frame. Different from exist-
ing image repairing methods [2], we propose a flow-based
method that repairs damaged regions by first computing
flow fields from other frames to the damaged frame and
then performing image interpolation to repair the damaged
frame.

Without loss of generality, we further assume that we
have three frames (e.g. frames 1, 5 and 7) and only the
middle frame is damaged with bad regions being marked
(Fig. 4). Now the problem becomes computing flow with-
out correspondence in the damaged regions. To estimate
flow fields from good frames to the middle frame, we
need to modify the existing multi-frame flow algorithms
(Eq. 7). Recall that the computation of flow fields from
other frames to the middle frame are based on iteratively
solving the following linear equation [11][
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It1∇I
′
1 + It13∇I

′
1

It3∇I
′
3 + It31∇I

′
3

]
(8)

where I
′
i are the warped version Iw

i of Ii using motion
from previous iteration, δu1 and δu3 are the incremental
flows computed at each iteration. Itij

def
= I

′
i − I

′
j is equiva-

lent to −Itji and Itj
def
= I

′
j − I

′
r.

Notice that in damaged regions, both temporal gradients
Iti and spatial gradients ∇I

′
i can not be computed and we

can set them to be zero. However, setting the spatial gradi-
ents to be zero yields a degenerated linear equation (Eq. 8).
To overcome this, we propose the following modified for-
mula to compute the spatial gradients:

∇I
′
i = (mw

i ∇Iw
i + mr∇Ir)/(2[mw

i + mr]), (9)
where mr and mw

i are (warped) image masks indicating
damaged pixels for the reference image and warped image
Iw
i respectively. Recall that such image masks are readily

available in compression algorithms. Now for damaged
regions in the reference image, we have mr = 0 but mw

i �=
0; hence, a non-zero ∇I

′
i and a solvable linear equation

(Eq. 8). For the temporal gradients Iti, we can either set
them to be zero or assign a value by “interpolation”: I ti =
Itij/2. To ensure the success of the proposed algorithm,
we apply a multi-resolution scheme [4] to explore spatial
information, i.e., areas surrounding the damaged regions.

5 Experiments
We have tested the proposed methods on two real

MPEG video sequences. The first experiment demon-
strates the efficacy of applying dynamic masking to super-



resolve these two MPEG sequences (Figs. 2,3). For com-
parison, we have run robust super-resolution method based
on median filter [9] (Fig. 2(d)). To see the difference of ap-
plying static masking and dynamic masking, we have tried
the challenging foreman sequence (Fig 3) where video se-
quence has been downsampled to 10 fps and smooth facial
skins further complicate motion computation.

In the second experiment we show how flow-based im-
age repairing can effectively recover the missing pixels.
We have simulated the block-missing errors (Fig. 2) by
manually marking out four regions in the reference image
(Fig. 2 vs Fig 4(a)). For the detailed results of image re-
pairing please see Fig. 4(c). After the reference image is
repaired, super-resolution is straight-forward and the result
is similar to the case when good-quality reference image is
available.

Reference - 1 Reference Reference + 1

(a) Three images of the stefan sequence of five frames

Bi-cubic

Dynamic masking

(b) Super-resolved image (c) Close-up region B

Bi-cubic Dynamic masking Robust Median[9] No masking

(d)Comparison of region A

Figure 2: Comparison of super-resolution results based on the CIF for-
mat stefan sequence of five compressed frames: (a) Three of the five im-
ages (notice the large motions); (b) Super-resolved reference image based
on dynamic masking and consistent flow; (c) Effect of super-resolution
(notice how blocky artifacts are smoothed out); (d) Comparison of dif-
ferent high-resolution results of region A (notice that dynamic masking
produces the best overall resuslts).

6 Discussion and Conclusions
In this paper, we have presented the dynamic masking

method to handle compression artifacts. To handle other
significant errors such as missing blocks of pixels, we have
presented the method of flow-based image repairing. The
efficacy of these methods have been supported by experi-
mental results with real MPEG sequences. The two meth-
ods can be combined, for example, by first repairing and
then super-resolving the reference image. For future work,
we would consider motion vectors already available in bit
streams as the initial estimate of flow. For detection of un-

(a) Three images of the forman sequence of nine frames

(b) Bi-cubic Static masking Dynamic masking

Figure 3: Comparison of dynamic masking and static masking with the
CIF format foreman sequence downsampled to 10fps. (a) Three frames
from this sequence include the reference image (middle); (b) To save
space, we only plot and compare super-resolved images in the nose re-
gion. Notice that dynamic masking produces sharper image than spatial
interpolation and less artifacts than static masking.

(a) Damaged reference image (b) Repaired reference image

Repaired missing regions

Scaled-up difference from ground-truth

(c) Close-up damaged regions
Figure 4: Flow-based image repairing based on three frames: (a) Dam-
aged reference image (compared to Fig. 2(a)); (b) Repaired reference im-
age using other good frames (Fig. 2(a)); (c) Close-up damaged regions:
repaired regions and comparison to ground-truth.
known missing blocks, we would consider existing meth-
ods [8].
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