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Abstract

In this paper we propose a new motion compensated predictiotechnique
that enables successful predictive encoding during fadeslended scenes, tem-
porally decorrelated noise, and many other temporal evolubns which force
predictors used in traditional hybrid video coders to fail. We model reference
frame blocks to be used in motion compensated prediction asonsisting of
two superimposed parts: One part that is relevant for predidion and another
part that is not relevant. By performing prediction in a domain where the
video frames are spatially sparse, our work allows the automtic isolation of
the prediction-relevant parts. These are then used to enablédetter prediction
than would be possible otherwise. Our sparsity induced preidtion algorithm
(SIP) generates successful predictors by exploiting the no-convex structure of
the sets that natural images and video frames lie in. Corredy determining
this non-convexity through sparse representations allows btter performance in
hybrid video codecs equipped with the proposed work.

1 Introduction

As video compression matures, temporal prediction techniqudsat try to yield signif-
icant performance improvements must concentrate on proviay gains over ever more
sophisticated evolutions in video. In this paper we propose adenique that targets
temporal evolutions over which motion compensated predicth employed by state-
of-the-art codecs [6, 11] results in failed predictors, culmating in non-di erentially
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Figure 1. Example temporal evolutions that can be targeted using the pediction algorithm
proposed in this paper. The frame to be coded is predicted usg the reference frame in
a hybrid video compression setting. Both frames have additre Gaussian noise of standard
deviation = 5. The fourth column provides a summary of the required processing for
successful prediction (our algorithm accomplishes theseesults using simple low-level pre-
diction). Traditional motion compensated prediction results in signi cant prediction errors
that result in non-di erential encoding of the frame to be coded. The prediction accuracy
of our technique is shown in the last column. Observe that theprediction is successful
even under complicated scenarios that involve brightnesshanges and sophisticated fades.
The algorithm manages to \ sh-out" scenes, recombine them, orrect lighting, etc., to form
these predictors.

encoded (INTRA) frames and macroblocks. Figure 1 uses exampléen frames com-
posed of standard test images to illustrate a simple subset of the tporal evolutions
that can be e ectively targeted using our work.

Traditional motion compensated prediction relies on transkad blocks from refer-
ence frames to directly match blocks in the frame to be codeéiowever, translated
reference frame blocks may consist of two superimposed parts: (uagt that is rele-



vant for prediction and another part that is not relevant. In many types of temporal
evolutions in video, such as fades from one scene to anotherraed scenes, tem-
porally decorrelated noise, etc., the prediction-irrelevd part can become severe and
signi cantly hurt prediction accuracy, resulting in the encaling of expensive INTRA
macroblocks. By performing prediction in a domain where videframes are expected
to be sparse, the technique we propose allows the isolation of gediction-relevant
parts of predicting blocks. These isolated parts are then used emable better pre-
diction than would be possible with conventional techniques. @ceptually, our work
processes reference frame blocks that are about to be used indp&on so that they
become much better predictors of the frame to be coded. Figu2 shows the posi-
tioning of the proposed technique inside a basic hybrid video evder.
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Figure 2: The proposed work inside a basic hybrid video encoder. Spaitg induced predic-
tion is incorporated as a module that processes motion compesated prediction estimates
so that they become better predictors of the frame to be coded

Our work formulates predictors in spatial transform domain wkre we assume
that the frame to be coded and the reference frames to be usedit® prediction are
sparse. By using causal information we estimate temporal corrétas in transform
domain, formulate predictions of the transform coe cients ¢ the frame to be coded,
and nally perform an inverse transform to obtain the equivalat pixel domain pre-
diction. In contrast, temporal prediction research in video @mpression has mainly
concentrated on simple pixel domain parameterizations thadre geared toward ac-
counting for interpolation errors, aliasing noise, and brighitess changes that may be
present in the reference frames (see for e.g., [10, 9, 7]). Whihese techniques do
form better predictors, the temporal evolution models they 1@ targeted toward are
very limited compared to the work proposed hefe Our work may also be related to
multihypothesis prediction approaches [3].

Note that Iter-based techniques typically result in a small set 6 Iters having
low-pass characteristics which are not applicable on framesh in spatial frequencies
and textures (see Section 2 and Figure 3). As we will show, by onlising causal

Tools like weighted prediction [6] can target fades but require blending scenes to be aiWable
among previously decoded frames, in isolated form.



information over limited spatial neighborhoods, our technige can result in e ective
prediction over widely varying spatial statistics. Earlier resarch on the other hand
needs to signal per-block choice of Iters with overhead bitand typically requires
much larger neighborhoods for the design of Iters. One of thergingths of our work is
its e ective transform domain parameterization which allovg adaptation and accurate
prediction with little training data. This is a desirable characteristic when operating
over nonstationary frame statistics with localized singularies.

Being close to the temporal prediction techniques cited abeun terms of applica-
tion area, our work is conceptually closer to denoising and iause blending techniques
that use sparse representations and exploit the non-convex stture of the sets that
natural images lie in (see for e.qg., [1, 2, 8]). The inverse blling techniques typically
operate by using two images that are di erent blends of two taget natural images.
Note that our framework is very di erent as we predictively ecode one image based
on the other. Our work is also more powerful as it can handle res, blends involving
more than two images, cross-fades (i.e., a transition from oneebl to a di erent blend
so that the target image is a blend itself), brightness changespémany more evolu-
tions as well as their combinations. In comparison to° regularized denoising setups,
note that the \noise" that we remove from the reference framesihighly structured
and cannot be dealt with using simple denoising techniques. Siect 2 introduces the
basic ideas and motivates the proposed technique. The main atghm is considered
in Section 3 and simulation results are provided in Section 4. hE paper concludes
in Section 5 with concluding remarks.

2 Basic ldeas

Let x, (N 1) denote the frame to be coded and ley be the reference frame to
be used in its prediction. For notational convenience assumeatonly one reference
frame will be used in prediction and that motion compensation ds taken place, i.e.,
if %, 1 denotes the decoded reference frame= MC (¥, 1), where MC denotes the
motion compensation operation. LetHq;:::;Hy (N N) denote an overcomplete

its p> 1 shifts with M = p?. We note however that it is straightforward to utilize
our work with di erent transforms and di erent redundancy factors.

We would like to implement M temporal predictors of x, which we denote as

®l:i=1;:::;M. Each predictor is simple and is composed via
G = Hly (1)
di(j) = ()a@G);j=1;::5N (2)

R, = Hid; (3)



where (j) are linear prediction weights that are determined to mininze mean
squared prediction error. The nal prediction of x, is obtained as an average of
the M predictors via "

o= R (4)
i=1

though weighted averaging techniques similar to [5] can als@ lused.

The rationale for forming predictors using (1) - (4) can be sumarized as follows:

Localized linear transforms have good statistical decorrelah properties so that
on most video sequences the prediction model of Equation 2 remsvalid, i.e.,

a transform coe cient of x, is mostly correlated to the same coe cient ofy.

The simple transform domain parameterization of (1) - (4) thusobviates the
need to determine complex cross correlations over large régrhoods as would
be required by general pixel domain formulations with many grameters.

Images and video frames are sparse in transform domain with matrgnsform
coe cients zero or close to zero. The spatial structures of theemaining large co-
e cients form delineating signatures for images, and togethewith non-convex
image models arising from sparse representations [4], lead ttuitive cartoons
as in Figure 3. These properties allow our algorithms to easilysh-out" one
scene from a blend of two or more, predict during cross-fades, .etc

Using translation invariant decompositions allow high perforrmnce around lo-
calized image singularities so that a portion of the transformgrovide accurate
predictions even when others cannot due to model failureg31

Of course, if desired, it is straightforward to augment our basiprediction setup in
(1) through (4) to account for further correlations among ce cients.

3 Main Algorithm

Modern high-performance video compression involves many stepnd optimizations

that are geared toward satisfying several important requirenmés. Macroblock struc-

ture utilized in codecs and the order in which macroblocks arcoded present practical
issues for any temporal prediction algorithm. In this section & discuss our main
algorithm that is geared toward operation inside a high perfmmance video codec
(h264/AVC reference software - JM10.2 [6]) in macroblock uts. Our main concern

is the design of an algorithm that obtains the prediction weigts in (2) using available

information during the decoding of each macroblock.

Since the utilized transforms are block based, the transform dwin prediction
operation can be thought of as predictingg p blocks inx, using the corresponding
blocks iny and then averaging the predictions suitably to satisfy (4). In aler to help

2Translation invariant decompositions also reduce blocking e ects when using blok based trans-
forms.
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Figure 3: Band-pass Itered versions of two toy imagesx; and x, and of their blend (the
lter corresponds to the k™ block DCT basis, 0 < k p?). The cartoons depict the
values that would be obtained through a translational invariant decomposition at the k"
frequency. The resulting values tend to be signi cant over \islands" that usually correspond
to uniform patches, objects, and edges in typical scenes (slwn shaded - unshaded regions
denote insigni cant values). Except for overlaps, it is eay to obtain hy xi1 or hy Xo
from hy (X1 + x2)=2 using the prediction model of Equation 2 with the aid of temporal
correlations. On overlaps the undesired portions act as ngie and the prediction model will
provide predictions of reduced accuracy. As indicated in tle gure, correct prediction will
amplify or suppress the same frequencies in a spatially vaigg fashion depending on the
target image.

notation, let us adopt a block viewpoint and deviate slightlyfrom the frame-wide
notation of Section 2. Supposéy, (P> 1) represents ap p block in x, that is
to be predicted and leth, be the corresponding block iry. We know the transform
coe cients of b, which we will use via (4) to determine predictions of the trangim
coe cients of b,. We need to determine the per coe cient prediction weights

Figure 4 (a) illustrates b, within the frame to be coded (current frame), inside the
macroblock to be coded (current macroblock). In determinmthe prediction weights
we would like to utilize the information provided by previowsly decoded macroblocks
inside the current framé. Let |, denote aL L spatial neighborhood around,.
Consider all blocks formed by shifting g p mask inside . Denote those blocks

the corresponding blocks iry.

Block prediction: Suppose we are performing the prediction for thé" DCT coe cient
of b. Let hy (p> 1) denote thek™ DCT basis function. We derive the prediction
weight ¢ as the weight that minimizes the mean squared prediction emmn the
training data, i.e.,

3For the moment we leave issues related to motion estimation to Section 4 anéteep assuming
that y is such that translations are properly accounted for.

4If previously decoded macroblocks are not available one can set the prediction weitghto an
appropriate value (such as 1) or determine optimal weights and send them using ovieead bits.



x
=argmin  jjihity  hfugi?: (5)

g=1
The prediction for the k™ DCT coe cient in b is then set as
hib = hiby: (6)

Once the prediction is carried out for all DCT coe cients ofb,, an inverse block DCT
yields the pixel domain predictionf),. Observe that the solution of (5) is straightfor-
ward and the computations for its calculation can be reused wh predicting other
blocks so that complexity remains contained.

Given our desired predictor in (4), it is clear that we need to gedict all p p
blocks in the current macroblock, i.e., all shifts of g p block that overlap the
current macroblock. h.264/AVC utilizes a 4 4 transform (compression transform)
to encode prediction errors. In forming predictors for our lbicks, we try to utilize
available data as much as possible so that compression transforne @eents of the
prediction error are used to augment the known data regions thfe current macroblock
as soon as they become available. Note however that the exactitpen in which
compression transform coe cients are sent depends on the motionodes determined
at the motion estimation stage [6]. For example, the motion mad where motion
blocks are 8 8 sends coe cients in a di erent order compared to the 16 16 mode.
As such, our technique orders block predictions based on the riwot mode in order to
utilize prediction error updates as much as possible. In ordés save space, we avoid
further discussion of these detailed but conceptually straighdfward implementation
issues in the presentation. Our implementation also utilizes edictions provided for
previous blocks to augment the training data by scanning theucrent macroblock in
layers (see Figure 4 (b) for an example scan). The procedure dgloutlines sparsity
induced prediction of a macroblock as carried out by a hybrigideo decoder:

Scan all p p blocks overlapping the current macroblock (Figure 4 (b)).
Predict the p p block.
Update current prediction.
Store prediction for final averaging.
Expand and update the training region.
Combine stored predictions for an overall prediction insid e the macroblock.

4 Simulation Results

We incorporated the SIP algorithm inside h264/AVC referencsoftware, JM10.2 [6].
In our simulation results we usedo =4 and L = 12 (corresponding to += 1 block
around eachp p block). For each macroblock, we used a 1 bit overhead to detema
if the sparsity induced prediction is used or not. This bit was setvithin the rate-
distortion optimization loop of the JM software. Only luminance macroblocks were
predicted with the new technique. All test sequences are QCIF44 176) resolution.
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Figure 4: Implementing the prediction algorithm for macroblock based operation. (a)
Block by and neighborhood , . (b) Example prediction scan inside a macroblock in layers
of horizontal, one pixel thick strips. Previous predictions are incorporated into the training
data of later ones. At certain points in the scan, prediction of compression transform blocks
are completed and corresponding prediction error updatesr& incorporated.

Beyond the traditional motion search, we implemented a motiosearch on an integer
grid to nd the optimal integer motion vectors for SIP.

Figure 5 shows a set of ve-frame transitions from the video sequees \car"
(Figure 5 (a), (b), and (d)) and \glasgow" (Figure 5 (c)). In Figure 6 we provide
corresponding rate-distortion results usin@QP = 22; 26, 30. Each ve-frame sequence
was encoded in thdPPPP pattern. We report rate at 30 frames/sec. Both rate
and distortion are averages for the fouP frames since both h.264/AVC and SIP
utilize the same INTRA frame. Figure 5 (a)-(c) correspond to fagls, and (d) depicts
a special e ect with localized blurring, fades, and brightnesshanges. Figure 5 (a)
has mostly rotational motion, (b) and (c) have translations, ad (d) is stationary.
As seen in Figure 6, SIP obtains improvements for all cases evem $cenes rich in
spatial frequencies. Allowing the use of fractional motion is pected to improve these
results.

Over entire sequences the gains provided by the proposed teicjue varies depend-
ing on the density of sophisticated temporal evolutions in the geence. On simple
sequences (such as \container"), gains are on the order of %2 improvements in
rate at constant distortion, whereas on more complicated sequees (such as movie
trailers), gains can go up to %10 15. The bulk of the per-frame decoding com-
plexity of the proposed work can be summed as 3p? multiplies + p? divides +4p?
additions per-pixel (in order to solve (5) and apply (6)), anda translation invariant
DCT decomposition. Note however that this complexity can be duced signi cantly
by reducing the size of the training set. Encoder complexity ismore cumbersome
due to the motion search. Complexity can be alleviated by restting the technique
to macroblocks where traditional prediction fails or is demed ine cient in a rate-
distortion sense. Encoder complexity can be reduced by using fasbtion search
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Figure 5: Test set of ve-frame transitions.
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Figure 6: Rate-distortion results corresponding to each of the trandiions in Figure 5. The
average utilization of the new mode in the predicted framesn (a), (b), (c), and (d) is about
44% 78% 60% 14% of the macroblocks, respectively.



algorithms.

5 Conclusion

We introduced a temporal prediction algorithm that enablessuccessful di erential
encoding in hybrid video coders during sophisticated tempdravolutions where tra-
ditional motion compensated prediction fails. Our algorithmexploits temporal cor-
relations in spatial transform domain where video frames aressumed to be sparse.
Simulation results demonstrate the e cacy of a simple implemeation of our formu-
lation inside a modern, high performance video codec.

Even with a simple transform and statistics determined over spatily limited
neighborhoods, our technique can accomplish high performanpredictions. Our
work can be augmented by sending more overhead information dwat prediction
accuracy can be improved in cases where causal statistics leadnaccurate results.
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