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ABSTRACT

In this work we propose an iterative algorithm for simul-
taneously estimating the motion field and high resolution
frames from a compressed low resolution video sequence.
The algorithm exploits the existing correlation between high
and low resolution frames and information provided by the
encoder, such as coding modes and motion vectors (when
available), to obtain a higher resolution frame. The perfor-
mance of the algorithm is demonstrated experimentally.

1. INTRODUCTION

High-resolution images are useful and often critical for many
applications. Remote sensing applications, medical imag-
ing, surveillance or frame freeze in video are some of the
applications where high resolution images are crucial. An
approach to obtain high resolution images is to increase the
number of sensor in the camera that captures the images.
Although this approach is feasible for some applications,
obtaining a dense detector array may be very costly or sim-
ply unavailable. An alternative approach is to estimate a
high resolution image from a sequence of low resolution
aliased images. This is possible if there exists subpixel mo-
tion between the acquired frames.

In many applications the available low resolution video
has been compressed. This is for example the case with
most digital video cameras, in which the acquired data are
compressed using one of the video compression standards,
in order to reduce the storage requirements. This compres-
sion can introduce artifacts in the low resolution video se-
quence, such as blocking and mosquito artifacts, that should
also be removed by the resolution enhancement algorithm.
Information provided by the encoder, such as, motion vec-
tors, quantization information, and macroblock type, could
be used by the resolution enhancement algorithm.

Although a number of algorithms for the resolution en-
hancement of video have appeared in the literature (see for
example [1, 3, 8, 9, 10, 12] and references therein), not

much work has been reported on the problem when the low
resolution video sequence has been compressed. In [7] the
problem is approached by incorporating the quantization in-
formation in the high resolution image estimation process.
In [5] the motion vectors from the encoder are also used
but the estimation of the motion field and the high resolu-
tion frame is performed independently. In this paper we
propose an iterative algorithm for simultaneously estimat-
ing the high resolution frames from a compressed low reso-
lution video sequence and the motion relating the high and
low resolution frames using the motion vectors provided by
the encoder when available.

The paper is divided as follows. In section 2 the problem
is formulated within the Bayesian paradigm and the need-
ed degradation and prior models are presented. Section 3
discusses the algorithm for the simultaneous resolution en-
hancement of the compressed low resolution frames and es-
timation of the motion vectors. In section 4 results with
the proposed algorithm are presented and, finally, section 5
concludes the paper.

2. NOTATION AND MODEL

2.1. Notation

Let fk be thek-th frame of a high resolution uncompressed
video sequence, each frame of sizePM × PN pixels. The
relation between each pair of frames in this sequence,fk and
fk−i, can be expressed pixelwise as

fk−i(r) = fk(r + dk,k−i(r)), (1)

wheredk,k−i(r) is the motion vector for the pixel locationr
from framek to framek− i. Let us represent bydk,k−i the
vector containing the motion information relating the high
resolution framek to the framek− i, dk,k−i = (dk,k−i(1),
dk,k−i(2), . . ., dk,k−i(PM × PN))t. The relation in E-
q. (1), represented by the horizontal lines in figure 1, can be
expressed in matrix notation as

fk−i = C(dk,k−i)fk, (2)
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Fig. 1. Relationship between high and low resolution
frames.

where the matrixC(dk,k−i) represents the motion compen-
sation operator from framek to framek−i obtained through
the motion vectors indk,k−i.

In order to obtain a low resolution compressed video
sequence, the high resolution sequence is downsampled by a
factor ofP in each direction and then compressed using any
of the video compression standards, such as MPEG4 [2],
obtaining a sequence of compressed low resolution frames,
gk, of sizeM ×N . The observed low resolution sequence
is related to the original high resolution sequence by

gk(r) = (Afk)(r) + nk(r), (3)

wherenk(r) represents the noise which is assumed to be
additive Gaussian with zero mean and varianceσ2

n, andA is
a (M ×N)× (PM ×PN) matrix denoting the integration
and subsampling operations. This relation is represented
by the vertical arrows in figure 1. Notice that whileA is a
downsampling by averaging operator,At is an upsampling
by zero-order hold operator.

From Eqs. (2) and (3) it is clear that each low resolution
frame is related to the high resolution framefk by

gk−i = AC(dk,k−i)fk + nk−i, (4)

that is, we can see the low resolution video sequence as d-
ifferent subsampled realizations of a single high resolution
frame via different motion compensation operations.

2.2. Bayesian formulation

Our objective is, given a sequence ofM1+M2+1 observed
compressed low resolution framesgk−i to find an estimate
of the framefk and the motion vectorsdk,k−i.

Let d = (dtk,k−M1, . . . ,d
t
k,k+M2)t andg = (gtk−M1,

. . . ,gtk+M2)t, the Bayesian paradigm dictates that inference

about the truefk andd should be based onp(fk,d|g), given
by

p(fk,d|g) =
p(g|fk,d)p(fk,d)

p(g)
∝ p(g|fk,d)p(fk)p(d), (5)

where we are assuming thatfk andd are statistically inde-
pendent.

Maximization of Eq. (5) with respect tofk andd yields

f̂k, d̂ = arg max
fk,d
{p(g|fk,d)p(fk)p(d)}, (6)

the maximuma posteriori(MAP) estimator.
Clearly,in utilizing Eq. (6) we must specify the condi-

tional densityp(g|fk,d), that is, the degradation model for
the problem at hand, and the prior densities of the image,
p(fk), and the motion,p(d), in which we incorporate the
information we have about the form of the high resolution
image and the motion field, respectively.

2.3. Noise, image, and motion models

Given the observation model in Eq. (4), the conditional den-
sity in Eq. (6) is given by

p(g|fk,d) ∝

exp

{
−1

2
β

M1∑
i=−M2

‖ AC(dk,k−i)fk − gk−i ‖2
}
,

whereβ = 1/σ2
n.

Our prior knowledge about the object luminosity distri-
bution of the original image includes the fact that it had no
blocking artifacts and it was smooth within the blocks. This
knowledge results in a model of thea priori distribution of
fk given by

p(fk) ∝ exp
{
−1

2
(
λ1 ‖ Q1fk ‖2 +λ2 ‖ Q2fk ‖2

)}
,

whereQ1 andQ2 are high pass operators that capture the
within-block and between-block smoothness of the estimat-
ed framefk, respectively, andλ1 andλ2 are the regulariza-
tion parameters that control the within-block and between-
block smoothness, respectively [11].

Taking into account that the encoder provides us with
information about the motion vectors used during the cod-
ing process, we can include this information in the prior
distribution ofd by

p(d) ∝ exp
{
−1

2
γ ‖ d− denc ‖2

}
,

wheredenc is the upsampled version of the motion vectors
provided by the encoder andγ, the inverse of their variance,



determines the confidence we have on the data provided by
the encoder. Forγ = ∞ the use of the vectors provided by
the encoder is enforced whileγ = 0 implies that we either
do not have confidence on the received vectors or they are
not available. Note that in this distribution we can incorpo-
rate other constraints, such as spatio-temporal smoothness
of the motion vector field.

3. IMAGE AND MOTION FIELD ESTIMATION

By substituting the models described in section 2.3 into E-
quation (6) and taking the negative of the logarithm we ob-
tain

f̂k, d̂ = arg min
fk,d

L(fk,d) (7)

where

L(fk,d) = β

M1∑
i=−M2

‖ AC(dk,k−i)fk − gk−i ‖2

+λ1 ‖ Q1fk ‖2 +λ2 ‖ Q2fk ‖2

+γ ‖ d− denc ‖2 . (8)

The optimization of Eq. (7) is carried out by a cyclic
coordinate-descent optimization procedure [4]. With it in
minimizing the global cost function, the cost function is
minimized separately with respect tod and with respect to
fk in a cyclic fashion, that is, at each iteration of the algo-
rithm, d is obtained forfk fixed and thenfk is obtained for
d fixed (the result at a previous iteration).

So, for fixedfk, the motion estimate is computed as

d̂ = arg min
d

{
β

M1∑
i=−M2

‖ AC(dk,k−i)fk − gk−i ‖2

+γ ‖ d− denc ‖2
}
, (9)

and, for fixedd, the imagêfk is computed using a gradient
descent algorithm as

f l+1
k = f lk + ε

λ1Q
t
1Q1f lk + λ2Q

t
2Q2f lk

+β

M1∑
i=−M2

Ct(dk,k−i)At
(
AC(dk,k−i)f lk − gk−i

)]
, (10)

wheref lk and f l+1
k are the enhanced frames in thelth and

(l + 1)st iterations, respectively, andε is the relaxation pa-
rameter that controls the convergence and the rate of con-
vergence of the algorithm.

Any motion vector search method can be applied to min-
imize Eq. (9) including efficient techniques for traditional
block matching. Note that in Eq. (9) the high-resolution
frame is compared, after motion compensation and subsam-
pling, to a low resolution frame instead of a (bilinearly in-
terpolated) high resolution frame.

4. EXPERIMENTAL RESULTS

In order to test the proposed algorithm, the colorMobile
sequence was used. Each frame, of size720 × 576 pixels,
was subsampled to obtain the180 × 144 pixels low resolu-
tion frame, that is, the downsampling factorP was equal to
four. The first 40 frames of the sequence were compressed
at 128Kbps using the baseline mode MPEG4 (TM5) video
coding standard [2].

For this experimentsM1 = M2 = 1 in Eq. (8) were
used to obtain each high resolution frame. The distribution
parameters were set toβ = 100, λ1 = 3, λ2 = 5 and
γ = 233. Methods for the automatic selection of these pa-
rameters, based on [6] are currently under investigation To
obtain an initial estimate of the high resolution frames, bi-
linear interpolation was used on the low resolution frames,
without using motion information.

Figure 2 shows the Y band of the zero-order hold frame
32, the bilinearly interpolated and the high resolution image
obtained with the proposed algorithm. The PSNR of the
Y-band for each image is 20.44dB, 21.98dB and 25.64dB,
respectively. By comparing these figures a good improve-
ment is observed, both in visual quality andPSNR.

5. CONCLUSIONS AND EXTENSIONS

A simultaneous motion estimation and high resolution video
reconstruction algorithm from compressed low resolution
sequences is presented. The algorithm in its current form
uses only part of the information provided by the encoder,
that is, the location of the block boundaries and the motion
vectors. It is also possible, however, to incorporate addition-
al information, such as a temporal smoothness constraint
in the image prior model in order to take advantage of the
correlation between the high resolution frames is under s-
tudy. This temporal smoothness constraint will allow to use
the information on the high resolution frames reconstructed
by the algorithm at the previous iteration step. In addition,
more complex models that take into account both spatial and
temporal constraints can be incorporated into the motion
prior distribution. The proposed method allows for great
flexibility in incorporating knowledge from the encoder in a
simple way.

The incorporation of the information about the macro-
block type in the image and motion prior models, in order
to make them adaptive, and the preservation of the fidelity
to the quantization intervals is currently under study.
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Fig. 2. A section of the estimated frame 32 (a) by zero-
order hold, PSNR = 20.44dB. (b) By bilinear interpolation,
PSNR = 21.98dB. (c) With the proposed algorithm, PSNR
= 25.64dB.


