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ABSTRACT method to consistently estimate the motion vectors from
In order to obtain a high resolution image from a com- compressed low resolution video data.

pressed video sequence it is essential to correctly estimate  The rest of the paper is organized as follows. The pro-
the motion vectors in the sequence. Most of the approachesess to obtain a compressed low resolution video sequence
reported in the literature address this problem using stan-from high resolution images is described in section 2. Prior
dard motion estimation techniques. In this paper we tackle information on the high resolution image we want to recon-
the correct estimation of the motion vectors by consistently struct is described in section 3. The process to estimate the
estimating the optical flow across multiple images. Con- motion between the images is described in section 4. Once
sistency is achieved by adding a regularization term to thethe registration parameters have been obtained the applica-
classical Lucas-Kanade approach to motion estimation. Thetion of the Bayesian paradigm to calculate the MAP high

proposed algorithm is tested on real video sequences. resolution image is described in section 5. Experimental re-
sults are described in section 6. Finally, section 7 concludes

1. INTRODUCTION the paper.

Super resolution algorithms increase the resolution of an 2. OBTAINING LOW RESOLUTION
image without changing the resolution of the image sensor. COMPRESSED OBSERVATIONS FROM HIGH
This is accomplished by exploiting the underlying motion of RESOLUTION IMAGES
a video sequence to provide multiple observations for each
frame, and it mitigates the requirements for transporting and The underlying high resolution (HR) video sequence is de-
storing a high resolution sequence. Accurate motion estima-noted byf = {fi,... fy,... fL}, where the size of the
tion is essential in super resolution problems. high resolution image§,/ = 1,...,Lis PM x PN, (P >
Most of the reported work on motion estimation for su- 1 being the magnification factor). Using matrix-vector no-
per resolution first estimate the displacement vectors be-tation, thePM x PN images can be transformed into a
tween the images in the sequence either by first interpo-PM x PN column vector, obtained by lexicographically
lating the low resolution observations and then finding the ordering the image by rows. TH& M x PN) x 1 vector
motion vectors or by first finding the low resolution motion  that represents thigh image in the HR sequence will also
vectors in the low resolution domain and then interpolating be denoted by;. The high resolution image we are trying
them. So, classical motion estimation techniques can be apto estimate will be denoted Hy.
plied to the process of finding the high resolution motion Frames within the HR sequence are related through time.
vectors (see [1] for a review). Registration work developed Here we assume that the camera captures the images in a
specifically for the low to high resolution problem, in which  fast succession and so we write
in some cases the high resolution image and the registration
parameters are estimated simultaneously, can be found in fi5) = fulx + dip(x) + ms(x) @
[2,3,4,5]. wherex = (z,y) denotes pixel location, the vector con-
The high resolution image reconstruction problem s fur- taining the horizontal and vertical components of the dis-
ther complicated when the available low resolution video is placement is denoted hy; x(x) = (d7, (x),d?,(x)), and
compressed [6, 7]. This is the case in many applications ofy,, , (x) is the noise introduced by the motion compensation
interest. In this paper, starting from the low to high reso- process. The above equation relates a gray level pixel value
lution method described in [8] we propose a new iterative at locationx at time! to the gray level pixel value of its

*This work has been partially supported by the “CofmisNacional de corre;ponding pixel in the high resolution image we want
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We can rewrite (1) in matrix-vector notation as

fi =C(di i) +nig s (2)

whereC(d; ;) is the(PM x PN) x (PM x PN) matrix
that maps framé, to framef;, andn; ; is the registration
noise.

The HR sequence, through filtering and downsampling, P(y,[fr, dir)

that, to be precise, we should make clear that; depends
onv; and only a subset ofy,...,y.. 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],

X

produces an unobserved uncompressed low resolution (LR)

sequence. This unobserved LR discrete sequence will be exp —i(yl — AHC (dux)fr) "K 5! (y, — AHC (i )f)

denoted byg = {g1,...,gr}. The size of the LR images
g, l=1,...,Lis M x N. Matrix-vector notation will also
be used for this sequence. Each LRimagd =1...,L
is related to the corresponding HR imdgéy

gl:AHfl-i-Vl 1=1,2,3,..., 3)

whereH of size(PM x PN) x (PM x PN) describes
the filtering of the HR imageA is the down-sampling ma-
trix with size M N x (PM x PN) andy; denotes the ac-
quisition noise. We assume here for simplicity that all the
blurring matricedH are the same, although they can be time
dependent. Matrice& 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 imag#, that we want to estimate

0, = AHC (d; »)fx + €k, 4)

whereg, ;; 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,...,y}. The size of the LR compressed im-
ages isM x N. The compression system also provides
the motion vectorsr, ,,, that at position(, j) predict the
pixel y; (¢, 7) from some previously codegd,,. These mo-
tion vectors that predictg fromy,, are represented by the
(2 x M x N) x 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-

(6)

whereK g is the covariance matrix that describes the
noise.

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

P(Vl,;€

fr, dik, Y;) o
(MCi(y; . vi) = AHC (dy i )fi) K3
(MCy(y!,vi) = AHC (dy )fr)]

1
exp[—§

()

whereK ,/v is the covariance matrix for the prediction
error between the fram&HC (d, ;)f;, and its motion com-
pensated estimate/ C; (yF, v;).

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(yVIfy,d) = [ [ P(yoxlfi doi) P(veslfe, dig.y,).
!
®)

In this paper we assume that the high resolution motion
vectors are estimated prior to the estimatioffi;olby one of
the methods to be described in section 4 and so we have

P(y,vlf) = [T Pilfe) P(viklfe.yy)- ©)
l

tween the acquired low resolution frame and its compressed

observation becomes

yi = T7'QI[T(g—MC(yi,w1))] +MCi(y[,v1)
l=1,...,L, (%)

where Q[.] represents the quantization procedufeand
T—! are the forward and inverse-transform operations, re-
spectively, andM C;(y/,v;) is the motion compensated
prediction ofg; formed by motion compensating the ap-

propriate previously decoded frame/frames depending on

whether the current frame ats anl, P or B frame. Note

3. REGULARIZATION IN HR

The distribution we use fofy,, P(f;) 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]

Pt xewp |- (7 I0stuI? + SIQuAHn )|
(10)



where Q, represents a linear high-pass operation that Forl =k —2,...,1 wethen estimatd,; ;, onced;;1 i
penalizes non-smooth estimats,represents a linear high- has already been calculated, by minimizing
pass operator that penalizes estimates with block boundaries

and); and )\, control the weight of the norms. L(dyk(x0))= A || dig(x0) = i1,k (%0 + dii11(x0)) |17
- - 2
+ i Z (f1(x) = fr(x+dik(x0)))” (13)
xENK,

4. MOTION ESTIMATION
where) andp are weighting parameters.
In this section we describe the motion estimation method Forl =k +2,...,L we estimatel, ;, onced,;_ ; has
we use to estimate the high resolution motion vectors in (1). already been calculated, by minimizing
Since the high resolution sequende,is not available

we use an initial estimate dfto find the motion vectors.  L(dik(x0))= A || dix(x0) — di—1.k(x0 + di1—1(x0)) |I?
Most results reported in the literature to obtain an initial - 7 2
estimate off, upsample the low resolution observations by e Z (fl(x) Frlet dl’k(xo))) (14)
using tipically bilinear interpolation. However, we note that
this process does not take into account the blurring in thewhere) andy are weighting parameters.
sequence. 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. _ _ o Having described in the previous sections the high resolu-

Let us denote by = {fy,...,fy,...,fL} the initial tion image prior, the acquisition model and the estimation
estimate of the high resolution sequence. \We now proceedys the high resolution motion vectors, we turn now our at-
to estimate the high resolution motion vector from this se- tantion to computing the high resolution frame.

quence. We aim at finding the maximum of the posterior distri-
Foreachx, = (w0, o) the goal of the Lucas-Kanade al-  pution of the high resolution image given the observations.
gorithm [10] when applied to our problem becomes finding  For compressed sequences our goal becomes fifigling

xeNxO

5. ESTIMATING HIGH RESOLUTION IMAGES

> (A0 - Tulx+dix(x))” (A1) fi = arg max P(£) P(y. vI£i) (15)
xGNxO ' . . . ' . N .
where the distribution of high resolution intensities is
where\,, denotes a set of neighbouring pixelsxof given in section 3 and the acquisition model is described in
The estimation process works iteratively. Given a cur- S€¢10n 2. _ _
rent estimatel = (dy, do) of d; s (x0), Ad = (Ady, Ads) The solution of (15) can be found using gradient descent
is found by minimizing techniques.
3 (Fix) = Fulx+d+Ad))° (12) 6. EXPERIMENTS
xENx,

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-
= 7 bile sequence. The size of each original image in the se-
Tilx +9 +Ad) & frlx+ cl) quence is 704x576 pixels. The images are decimated by
+(fr)e(x+d)Ady + (f1)y(x + d)Ads a factor of two (in each dimension), then they are cropped
(central part) to a size of 176x144 pixels and compressed
The idea of using consistent high resolution motion es- with an MPEG-4 encoder operating at 1024Kbps. We will
timation has not been seen much coverage in the literaturereconstruct frame 11 using three previous and three future
(see however [11] and [3]). Here we consider the following frames.
model to enforce consistency in the high resolution motion The original image is shown in figure 1a. The com-
vectors. pressed observation after bi-linear interpolation is shown in
In order to constrain the trajectory of the motion we first figure 1b, and the image obtained adding consistency to the
findd; ;41,0 =1,....,k—1,andd;y1,,l =k,...,L — 1, optical flow estimate, according to (13) and (14), is shown
by using the Lucas-Kanade [10] algorithm. in figure 1c.

where
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(b)
Fig. 1. a) Original352 x 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).
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parameters for the regularized Lucas-Kanade algorithm in resolution enhancement of video,” ©. M. Bishop
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