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ABSTRACT
In order to obtain a high resolution image from a com-

pressed video sequence it is essential to correctly estimate
the motion vectors in the sequence. Most of the approaches
reported in the literature address this problem using stan-
dard motion estimation techniques. In this paper we tackle
the correct estimation of the motion vectors by consistently
estimating the optical flow across multiple images. Con-
sistency is achieved by adding a regularization term to the
classical Lucas-Kanade approach to motion estimation. The
proposed algorithm is tested on real video sequences.

1. INTRODUCTION

Super resolution algorithms increase the resolution of an
image without changing the resolution of the image sensor.
This is accomplished by exploiting the underlying motion of
a video sequence to provide multiple observations for each
frame, and it mitigates the requirements for transporting and
storing a high resolution sequence. Accurate motion estima-
tion is essential in super resolution problems.

Most of the reported work on motion estimation for su-
per resolution first estimate the displacement vectors be-
tween the images in the sequence either by first interpo-
lating the low resolution observations and then finding the
motion vectors or by first finding the low resolution motion
vectors in the low resolution domain and then interpolating
them. So, classical motion estimation techniques can be ap-
plied to the process of finding the high resolution motion
vectors (see [1] for a review). Registration work developed
specifically for the low to high resolution problem, in which
in some cases the high resolution image and the registration
parameters are estimated simultaneously, can be found in
[2, 3, 4, 5].

The high resolution image reconstruction problem is fur-
ther complicated when the available low resolution video is
compressed [6, 7]. This is the case in many applications of
interest. In this paper, starting from the low to high reso-
lution method described in [8] we propose a new iterative
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method to consistently estimate the motion vectors from
compressed low resolution video data.

The rest of the paper is organized as follows. The pro-
cess to obtain a compressed low resolution video sequence
from high resolution images is described in section 2. Prior
information on the high resolution image we want to recon-
struct is described in section 3. The process to estimate the
motion between the images is described in section 4. Once
the registration parameters have been obtained the applica-
tion of the Bayesian paradigm to calculate the MAP high
resolution image is described in section 5. Experimental re-
sults are described in section 6. Finally, section 7 concludes
the paper.

2. OBTAINING LOW RESOLUTION
COMPRESSED OBSERVATIONS FROM HIGH

RESOLUTION IMAGES

The underlying high resolution (HR) video sequence is de-
noted byf = {f1, . . . , fk, . . . , fL}, where the size of the
high resolution imagesfl, l = 1, . . . , L is PM×PN , (P >
1 being the magnification factor). Using matrix-vector no-
tation, thePM × PN images can be transformed into a
PM × PN column vector, obtained by lexicographically
ordering the image by rows. The(PM × PN) × 1 vector
that represents thelth image in the HR sequence will also
be denoted byfl. The high resolution image we are trying
to estimate will be denoted byfk.

Frames within the HR sequence are related through time.
Here we assume that the camera captures the images in a
fast succession and so we write

fl(x) = fk(x + dl,k(x)) + nl,k(x) , (1)

wherex = (x, y) denotes pixel location, the vector con-
taining the horizontal and vertical components of the dis-
placement is denoted bydl,k(x) = (dx

l,k(x), dy
l,k(x)), and

nl,k(x) is the noise introduced by the motion compensation
process. The above equation relates a gray level pixel value
at locationx at time l to the gray level pixel value of its
corresponding pixel in the high resolution image we want
to estimatefk.



We can rewrite (1) in matrix-vector notation as

fl = C(dl,k)fk + nl,k , (2)

whereC(dl,k) is the(PM × PN) × (PM × PN) matrix
that maps framefl to framefk, andnl,k is the registration
noise.

The HR sequence, through filtering and downsampling,
produces an unobserved uncompressed low resolution (LR)
sequence. This unobserved LR discrete sequence will be
denoted byg = {g1, . . . ,gL}. The size of the LR images
gl, l = 1, . . . , L is M ×N . Matrix-vector notation will also
be used for this sequence. Each LR imagegl, l = 1 . . . , L
is related to the corresponding HR imagefl by

gl = AHf l + νl l = 1, 2, 3, ... , (3)

whereH of size(PM × PN) × (PM × PN) describes
the filtering of the HR image,A is the down-sampling ma-
trix with sizeMN × (PM × PN) andνl denotes the ac-
quisition noise. We assume here for simplicity that all the
blurring matricesH are the same, although they can be time
dependent. MatricesA andH are assumed to be known.

Using (2) and (3) we obtain the following equation that
provides us the acquisition system for a LR image from the
high resolution imagefk that we want to estimate

gl = AHC(dl,k)fk + el,k, (4)

whereel,k is the combination of the registration and acqui-
sition noise.

The LR frames are now compressed with a hybrid mo-
tion compensation video compression system resulting in
y = {y1, . . . ,yL}. The size of the LR compressed im-
ages isM × N . The compression system also provides
the motion vectorsvl,m that at position(i, j) predict the
pixel yl(i, j) from some previously codedym. These mo-
tion vectors that predictsyl from ym are represented by the
(2 × M × N) × 1 vector that is formed by stacking the
transmitted horizontal and vertical offsets.

During compression frames are divided into blocks that
are encoded with one of two available methods, intracod-
ing or intercoding (see [9] for details). The relationship be-
tween the acquired low resolution frame and its compressed
observation becomes

yl = T−1Q
[
T

(
gl −MCl(yP

l ,vl)
)]

+ MCl(yP
l ,vl)

l = 1, . . . , L, (5)

whereQ[.] represents the quantization procedure,T and
T−1 are the forward and inverse-transform operations, re-
spectively, andMCl(yP

l ,vl) is the motion compensated
prediction ofgl formed by motion compensating the ap-
propriate previously decoded frame/frames depending on
whether the current frame atl is anI, P or B frame. Note

that, to be precise, we should make clear thatMCl depends
on vl and only a subset ofy1, . . . ,yL. However, we will
keep the above notation for simplicity and generality.

Using (4) and (5) we have for the distribution of the high
resolution image we want to estimate [6],

P (yl|fk, dl,k) ∝

exp
[
−1

2
(yl − AHC(dl,k)fk)T K−1

Q (yl − AHC(dl,k)fk)
]

,

(6)

whereKQ is the covariance matrix that describes the
noise.

Following [7] we model the displaced frame difference
within the encoder using the distribution

P (vl,k|fk, dl.k, yl) ∝
exp[−1

2
(MCl(yP

l , vl)− AHC(dl,k)fk)T K−1
MV

(MCl(yP
l , vl)− AHC(dl,k)fk)

]
, (7)

whereKMV is the covariance matrix for the prediction
error between the frameAHC(dl,k)fk and its motion com-
pensated estimateMCl(yP

l , vl).
Note that from the observation model of the low reso-

lution compressed images and motion vectors we have de-
scribed, we can write the joint observational model of the
low resolution compressed images and low resolution mo-
tion vectors given the high resolution image and motion vec-
tors as

P (y, v|fk, d) =
∏

l

P (yl,k|fk, dl,k)P (vl,k|fk, dl,k, yl).

(8)
In this paper we assume that the high resolution motion

vectors are estimated prior to the estimation offk by one of
the methods to be described in section 4 and so we have

P (y, v|fk) =
∏

l

P (yl|fk)P (vl,k|fk, yl). (9)

3. REGULARIZATION IN HR

The distribution we use forfk, P (fk) reflects the facts that
we expect the images to be smooth within homogeneous
regions and also that the LR image obtained from the HR
image should be free of blocking artifacts. So, we have [6]

P (fk) ∝ exp
[
−

(
λ3

2
‖Q3fk‖2 +

λ4

2
‖Q4AHf k‖2

)]
,

(10)



whereQ3 represents a linear high-pass operation that
penalizes non-smooth estimates,Q4 represents a linear high-
pass operator that penalizes estimates with block boundaries
andλ3 andλ4 control the weight of the norms.

4. MOTION ESTIMATION

In this section we describe the motion estimation method
we use to estimate the high resolution motion vectors in (1).

Since the high resolution sequence,f , is not available
we use an initial estimate off to find the motion vectors.
Most results reported in the literature to obtain an initial
estimate off , upsample the low resolution observations by
using tipically bilinear interpolation. However, we note that
this process does not take into account the blurring in the
sequencey. In this paper we use the method described in
[8], according to which dowsampling and blurring in just
one frame is removed, with the addition of smoothness to
its high resolution version.

Let us denote byf = {f1, . . . , fk, . . . , fL} the initial
estimate of the high resolution sequence. We now proceed
to estimate the high resolution motion vector from this se-
quence.

For eachx0 = (x0, y0) the goal of the Lucas-Kanade al-
gorithm [10] when applied to our problem becomes finding
dl,k(x0) = (dx

l,k(x0), d
y
l,k(x0)) that minimizes

∑

x∈Nx0

(
f l(x)− fk(x + dl,k(x0))

)2
(11)

whereNx0 denotes a set of neighbouring pixels ofx0.
The estimation process works iteratively. Given a cur-

rent estimated = (d1, d2) of dl,k(x0), ∆d = (∆d1, ∆d2)
is found by minimizing

∑

x∈Nx0

(
f l(x)− fk(x + d + ∆d)

)2
(12)

where

fk(x + d + ∆d) ≈ fk(x + d)
+(fk)x(x + d)∆d1 + (fk)y(x + d)∆d2

The idea of using consistent high resolution motion es-
timation has not been seen much coverage in the literature
(see however [11] and [3]). Here we consider the following
model to enforce consistency in the high resolution motion
vectors.

In order to constrain the trajectory of the motion we first
find dl,l+1, l = 1, . . . , k − 1, anddl+1,l, l = k, . . . , L− 1,
by using the Lucas-Kanade [10] algorithm.

For l = k− 2, . . . , 1 we then estimatedl,k, oncedl+1,k

has already been calculated, by minimizing

L(dl,k(x0))= λ ‖ dl,k(x0)− dl+1,k(x0 + dl,l+1(x0)) ‖2

+ µ
∑

x∈Nx0

(
f l(x)− fk(x + dl,k(x0))

)2
(13)

whereλ andµ are weighting parameters.
For l = k + 2, . . . , L we estimatedl,k, oncedl−1,k has

already been calculated, by minimizing

L(dl,k(x0))= λ ‖ dl,k(x0)− dl−1,k(x0 + dl,l−1(x0)) ‖2

+ µ
∑

x∈Nx0

(
f l(x)− fk(x + dl,k(x0))

)2
(14)

whereλ andµ are weighting parameters.

5. ESTIMATING HIGH RESOLUTION IMAGES

Having described in the previous sections the high resolu-
tion image prior, the acquisition model and the estimation
of the high resolution motion vectors, we turn now our at-
tention to computing the high resolution frame.

We aim at finding the maximum of the posterior distri-
bution of the high resolution image given the observations.

For compressed sequences our goal becomes findingf̂k
that satisfies

f̂k = arg max
fk

P (fk)P (y,v|fk) , (15)

where the distribution of high resolution intensities is
given in section 3 and the acquisition model is described in
section 2.

The solution of (15) can be found using gradient descent
techniques.

6. EXPERIMENTS

To examine the performance of the proposed methodology
to estimate the high resolution motion vectors and then the
high resolution image, we have used frames from the Mo-
bile sequence. The size of each original image in the se-
quence is 704x576 pixels. The images are decimated by
a factor of two (in each dimension), then they are cropped
(central part) to a size of 176x144 pixels and compressed
with an MPEG-4 encoder operating at 1024Kbps. We will
reconstruct frame 11 using three previous and three future
frames.

The original image is shown in figure 1a. The com-
pressed observation after bi-linear interpolation is shown in
figure 1b, and the image obtained adding consistency to the
optical flow estimate, according to (13) and (14), is shown
in figure 1c.



(a) (b) (c)

Fig. 1. a) Original352 × 288 high-resolution image, b) bi-linear interpolation of the compressed low resolution frame 11,
and c) estimated high resolution image using the consistent motion estimation method in (13) and (14).

The performance of the proposed algorithm was evalu-
ated by measuring the peak signal-to-noise ratio (PSNR) de-
fined as PSNR= 10× log10[352×288×2552/ ‖ f − f̂ ‖2],
wheref andf̂ are the original and estimated high resolution
images, respectively.

The PSNR of the bi-linear interpolation was24.5316dB.
We obtained a PSNR of 30.24dB when using to estimate
the motion vectors non-overlapping block-matching with
squared error as comparison criterion, a window size of3×3
and a search area of 2 pixels in each direction. The chosen
parameters for the regularized Lucas-Kanade algorithm in
(13) and (14) wereλ = 0.1 andµ = 0.9. The PSNR of the
reconstruction was 32.92dB.

7. CONCLUSIONS

In this paper we have presented a new method to consis-
tently estimate the motion vectors in order to reconstruct
a high resolution image from a sequence of compressed
low resolution observations. Consistency of the estimated
optical flow across multiple images has been imposed by
adding a regularization term to the classical Lucas-Kanade
approach to motion estimation. The proposed method has
been tested on real sequences.
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