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ABSTRACT

In this paper we propose a prediction method that is geared tward forming successful estimates of a signal
based on a correlated anchor signal contaminated with comglx interference. The interference model is based
on real-life, and it involves intensity modulations, linear distortions, structured clutter, and white noise just
to name a few. The proposed method rst transforms signals toan over-complete domain where we assume
sparse decompositions. In this sparse domain, we show thatewy simple predictors can be designed to perform
e cient prediction. The parameters of these predictors are derived from causal information, enabling completely
automated and blind operation. The utilized over-complete representation allows multiple predictions for each
sample in signal domain, which are averaged and combined inta single prediction. Experimental results on
images and video frames show that the proposed method can prale successful predictions under a variety of
complex transitions, such as cross-fades, brightness chges, focus variations, and other complex distortions. The
proposed prediction method is also implemented to operateniside a state-of-the-art video compression codec and
results show signi cant improvements on scenes that are hat to encode using traditional prediction techniques.

Keywords: denoising, sparse, overcomplete, reconstruction, videoompression, sparsity induced prediction,
clutter removal

1. INTRODUCTION

In many image/video processing scenarios one is forced to epate under adverse conditions caused by various
types of interfering signals. In simple cases, the interféng signal can be as unstructured as white noise, whereas
in more di cult cases, the interference can be as structuredas the class of signals one is interested in. In this
paper we consider predictive denoising and compression oiggsals under such interference.

Lety (N 1) denote a known anchor signal. Assume thay includes a corrupted version of a signak (N 1)
and that we are trying to predict x with the help of y. Let % denote the prediction of x. Assume zero mean
quantities. Our aim is to nd “x that minimizes the mean squared error
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where E[:jy; ] denotes expectation conditioned on knowingy and any relevant parameters as specied in .

When joint statistics of x and y are known a priori, it is well known that the optimal predicti on satis es

2 = E[xjy; ].* In practice such statistics are dicult to obtain, yet pract ical predictors that obtain good

performance over interesting classes of signals are hightlesirable. For the prediction technique we will propose
in this paper, this class can loosely be stated as the class sifgnals that have sparse descriptions with the linear
transforms we will utilize in the prediction process.

We will construct our predictors for components of x in chunks, and we will assume that prediction errors
(or quantized versions of prediction errors) of previouslypredicted chunks are available when the prediction



is formulated for the current chunk. We will see later that this will preclude the need for specifying . As
our primary application we will consider predictive compression of video frames where the video frame at time
instant t is predicted using causal information, i.e., previously tansmitted frames, 1,:::;t 1, (onlyt 1 in
our simulations) and previously decoded portions of framet. For visual clarity and ease of demonstration, the
bulk of the paper will consider examples where the video frams are spatially aligned. For results on general
video, our prediction will be deployed inside the motion conpensated prediction loop to de ne a better motion
compensated predictor? Keeping the video application in mind, we will say that y and x are temporally related
and talk about temporal correlations to mean correlations ketweenx and y

While the compression application will serve to illustrate that the predictors we form have high enough per-
formance to signi cantly improve state-of-the-art video codecs? it is very important to note that the interesting
aspects of our work are not in this generic causal predictioftompression setting. The allowed variations and
corruptions that govern the relationship betweeny and x, and the fact that we can obtain successful predictions
even under severe clutter are the main points of this manusdpt. In this regard, it is also useful to note that
other applications and other types of signals readily t into our framework (see discussion in Section 6).

Figure 1 shows example two-frame transitions where portios of the video frame att 1 (signal y) become
signi cant interference sources when predicting video frane at t (signal x). In the gure, the scenes depicted
in framet 1 (left column) show close similarities to those depicted inframe t (right column) but substantial
di erences also exist. For example, in Figure 1 (a), the two vudeo frames are identical apart from the depicted
lightning bolt and the temporally decorrelated rain drops. In Figure 1 (b) one of the scenes in framet 1
fades out to leave the other almost completely visible int. The question we would like to answer is how can we
accurately predict x from y?
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Figure 1. Two-frame transitions from a video sequence. Left column depicts the video frame at time instant t 1 and the
right column at t. (a) shows a transition with rain and lightning. (b) illustr ates a fade-out transition.

The cluttering features in the video frames att 1, due to the lightning, rain, and the scene fading out, are
of course very relevant to the video depictions att 1. Yet when one is concerned with processing related to
video frame att, it is clear that these features become irrelevant interfeence sources. For example, the lightning
in Figure 1 (a) will adversely a ect the temporal prediction of framet in portions of that frame, and the scene
fading out in Figure 1 (b) may render straightforward tempor al prediction completely useless. The techniques we
propose in this paper are geared toward successful procesgiof framet even under such signi cant interference.
Our goal is to allow prediction as if the interference was notpresent. While we are especially interested in the



prediction of the video frame att using video frame att 1, we note that our techniques are general and can be
extended to anchor predictions on multiple frames in a straghtforward fashion. As shown in the right column
of Figure 2, by only using causal information, our work can oltain successful predictions of the frame at based
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Figure 2. Prediction of video frame t usingt 1. Left column depicts the video frame at time instant t 1 and the right
column depicts the causal prediction of video frame at t. In (a) the interference caused by the lightning and rain are
automatically removed. In (b) the scene fading out is reduced as needed.

on the frame att 1 despite the signi cant interference. Lightning is \erased", rain is denoised, and the scene
fading out is signi cantly reduced to match the frame at t.

Our work formulates predictors in spatial transform domain where we assume and y are sparse. The main
steps of the algorithm are summarized in (11) through (14), wing the transform notation of (5) through (7). With
the help of causal information, we estimate correlations b&veen x and y in transform domain, formulate linear
predictions of the transform coe cients of x, and nally perform an inverse transform to obtain the equivalent
pixel domain prediction ®. By using an overcomplete set of transforms our formulationnaturally extends to
an expansive domain and provides surprisingly good resultgiven its simplicity. As will become clear, most of
the issues presented by the interfering signals become autmtically subdued in the expansive domain, which
in turn allows the use of very simple linear predictors. Our work can thus be seen as transforming a complex
detection/estimation problem into a very simple one with the aid of an overcomplete set of transforms that
provide sparse descriptions.

Temporal prediction research in video compression has maiy concentrated on simple pixel domain param-
eterizations that are geared toward accounting for interpdation errors, aliasing noise, quantization noise, and
brightness changes that may be present in the reference frams (see for e.g*l” and references therein). As such,
the temporal evolution models they are targeted toward are ‘ery limited compared to the work we propose here.
It is important to note that wiener lter based techniques su ch as® typically result in a small set of Iters having
low-pass characteristics which are not applicable on frangrich in spatial frequencies and textures. As we will
show, by only using causal information over limited spatial neighborhoods, our technique results in e ective
prediction over widely varying spatial statistics. Furthe rmore, while earlier research needs to signal Iters with
overhead bits and typically requires much larger neighborloods for the design of lters, one of the strengths of
our work is its e ective transform domain parametrization w hich allows adaptation and accurate prediction with
very little training data and no overhead.

Our work is conceptually related to denoising and deblendig techniques that similarly use sparse represen-



tations and exploit the non-convex structure of the sets tha natural images and video frames lie in (see for
e.q.810). Deblending techniques typically operate by using two images that are di erent blends of two target
natural images. Our framework is very di erent as we predictively encode one image based on the other. Our
work is also more powerful as it can handle noise, blends inleing more than two images, cross-fades (i.e., a
transition from one blend to a dierent blend so that the targ et image is a blend itself), brightness changes,
clutter, and many other evolutions as well as their combinafons. In comparison to regularized de-noising for-
mulations, note that the \noise" that we remove from the anchor frame is highly structured and cannot be dealt
with using simple de-noising setups.

Section 2 introduces the signal model we assume and motivadehe proposed technique. The main algorithm
is considered in Section 3 and simulation results are provied in Section 4. Some limitations and avenues for
future work are discussed in Section 5. The paper concludes iSection 6 with concluding remarks.

2. PROBLEM FORMULATION

Corruption model: In this paper we will assume that the anchor signal,y, is related to the signal to be
predicted, x, via
y=1 (s x)+z+w; (2)

where | denotes a band-limited amplitude modulation signal, denotes per component multiplication, s is a
spatial lter, denotes linear convolution of appropriate dimensionsz is structured interference caused by a
signal with similar characteristics to x, and w is white noise.

In typical scenes!| can be used to model spatial lighting variations such as shamvs and di use light that
manifest themselves as intensity modulation of the signal.s models point spread functions of image capture
devices, post-processing operations, and optical lens fos (when nearby objects are focused, far away objects
are blurred, and vice versa). z can for example be due to specular lighting, other scenes fawy in and out, or
to visual e ects introduced into the video. In most of our simulations, w will be white, however it can easily be
generalized to include quantization noise iny.

Note that straightforward application of denoising techniques %1112 can deal only with w, and restora-
tion'314 techniques with w and with known s. As we will see, our method provides solutions that are subsin-
tially more general. The algorithm we will propose in Sectimm 3 can handle spatial variations inw and in s,
provides completely automated operation with no parameterestimation, and perhaps most importantly, allows
operation when one or more interfering signals likez are present.

Seeding predictions and causal operation: Since signals with characteristics similar tox are allowed among
the distortions, we need a mechanism to seed the predictorsith the correct signal, i.e., the predictors should
somehow know that we are trying to predict x and not z. In this paper we will accomplish this by using causal
information about X, i.e., we will form predictors for macroblocks ofx at a time and we will assume that the
values ofx on previous macroblocks (or close approximations to thesealues) are available. Our predictions
are thus formed in stages. Suppose we are at the™ stage and letxs, 1 denote the approximation to x after
stagem 1. LetB,, betheN N mask matrix that selects the m™ macroblock from a vector,m=1;:::;B,
where B is the total number of macroblocks. We thus would like to choseB ,® at stagem, ideally to minimize

EfiiBmxX Bmkjjzjx'm LYl 3)
Once B % is obtained the approximation is updated as

where B r represents the residual error for macroblockm. In solving the causal prediction problem we will
assume that we have an approximation for the rst few macrobbcks (in our simulations macroblocks correspond-
ing to the top row of the video frame). While we have not done sain this work, we note that causal prediction

We use the term macroblocks to distinguish the size of the signal chunks we are predicting from the size of the block
transforms we will use. We note however that our algorithm ca n be deployed with arbitrary sized and shaped chunks.



can be augmented and in fact replaced by sending overhead mfmation that suitably guides the prediction to
the correct signal.

Role of sparse decompositions:  Even with causal information, predicting x from y under structured inter-
ference is dicult. In this work we will assume that x and z are so that one can nd an overcomplete set of

linear transforms that provide sparse descriptions of eachSupposeH; (N N), i =1;:::;M is such a set. Let
G = Hix ®)
di = H iY; (6)
e = Hiz (1)

De ne the insigni cant sets

I(c) =fkja(k) 0,1 k Ng;
I(e) =fkje(k) 01 k Ng
Observe that with these de nitions, for the toy case ofy = x + z, we have
8
< ci(k); k21 (e);
di (k) . ei(k); k21 (c); (8)

G (k) + g(k); otherwise

In formulating our simple algorithm we will rely on decompositions that allow us to predict x mostly using
coe cients from the set

G = f(iskidi(K)ji =1;::5M; k 21 (e)g; ©)

i.e., the decompositions should be such that it is possibled form accurate predictions ofx from data that is not
heavily corrupted by z information. Of course, in general it is di cult to ensure th at apriori xed decompositions
(such as the block DCTs we will use to enable fast computatios) will guarantee a faithful reconstruction of x
using G,; alone. Furthermore, it is clear that nding G, itself is challenging without access toz. The steps of
the practical algorithm of the next section are geared towad handling these issues. For now, we consider the
following simple example to motivate the operation of this dgorithm.

Example: The top row in Figure 3 illustrates two images and their equaly weighted average. The bottom row
illustrates pictures constructed using the magnitudes of aportion of the transform coe cients of the images in

invariant decomposition® is obtained (p = 4; M = 16). We then picked all DCT coe cients of block index (0 ; 1),
i.e., second coe cient in the rst row of each block, and congructed the images (d) and (e) in the bottom row by
placing these coe cients so that their spatial relationships are preserved. The pictures in the bottom row are
color coded to demonstrate what happens to the coe cients ofthe average. Darker colors correspond to larger
magnitudes and white regions correspond to insigni cant c@ cients. In a given spatial location, if the coe cient
from (d) and the coe cient from (e) are both large, then (f) sh ows a magenta (red+blue) colored value. If only
the coe cient (d) is large then the color in (f) is red, and it i s blue if only the coe cient from (e) is large. For
example, if the picture in (a) corresponds to coe cients of z, (b) to coe cients of x, and (c) to coe cients of

y = (x + z)=2, then all locations in (f) colored white or strongly blue will be in G;;; and all locations colored
white or strongly red will be in G,x. It is easily seen that locations in (f) are mostly white, red, or blue with
only a small fraction of the coe cients colored magenta. It is thus clear that even a very simple decompaosition
can result in nontrivial G, and G,x. For the most part, one only needs to know if one is interestedn blue or
red coe cients. The algorithm of the next section will in essence use causal information around each location to
e ectively pick the \right color". 2

YThe pictures (d) and (e) in the bottom row can thus be obtained by taking the block DCT basis function that
generates the (Q 1) coe cients, ltering the picture with this basis functio n utilized as a2 D lter, and nding the
magnitude of the results.
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Figure 3. Example images (a) barbara, (b) peppers and (c)peppers-barbara average The pictures in (d), (e) and (f)
illustrate synthetic images of transform coe cient magnit udes for (a), (b) and (c) respectively. The pictures in (d) an d
(e) are obtained by applying a translation invariant decomp osition of 4 4 block DCTs to the top row images, taking the
coe cients with block index (0 ; 1), obtaining their magnitude, and spatially arranging the resulting values to re ect the
relative translations. Darker colors show larger coe cien ts. (f) shows (d) and (e) as two color channels to demonstrate
overlaps.

Role of frequency selective decompositions: With a technique that can reasonably reduce the clutter
caused byz there still remain the issues caused by and s under white noise. While di erent techniques exist to

alleviate these issues when relevant parameters are knowh'® | if the transforms that generate the overcomplete
decompositions are chosen to have ne grain frequency seli@dgty (DCTs, (complex) wavelet packets, etc.), the

solution becomes particularly easy under some assumptionsn | and s. Let "; correspond to the transform
coe cients of the noise under the i™" transform. Given Equation 2, we have

di(k) = i(k)ci(k)+ e(k)+ "i(k) (10)

where (k) is a scalar that captures the combined a ect of| and s. We will assume that | is slowly varying so
that in a small spatial neighborhood it can be assumed to be aanstant. We will also assume that in forming
s X, s modi es the transform coe cients of x that correspond to a particular \frequency" by modulating t heir
amplitudes with a locally smooth factor, i.e., the DCT coe ¢ ients of x having a particular block index, obtained
over spatially close regions, are amplitude modulated withsimilar factors to form the DCT coe cients of s x.
Hence, overall, we will assume that ;(k) are slowly varying across coe cients of the same frequencybtained
over spatially close neighborhoods.

It is important to note that the algorithm we will propose wil | not try to estimate | or s, as it will utilize

temporal correlations calculated over causal, localized @ighborhoods to determine (k). As such, our technique
can easily tolerate signi cant spatial variations in | or s as long as such variation happens over neighborhoods



larger than the size of the transform basis.

Overview of the proposed algorithm: With the above preamble, our algorithm can be outlined as sinple
linear prediction in overcomplete transform domain comprised of four main steps

d = Hiy [i™ transform] (11)
&(k) = i(k)di(k); k=1;:::;N [linear prediction] (12)
% = H;'¢ [it" prediction] (13)
R(G) = (%) ] =15000N; [combination] (14)

i=1

where (j) are the linear prediction weights and ;(j) are the per-pixel combination weights. The very important
and practical issue of how (k) and ;(j) are obtained using causal data to form successful predicts of x using
y is considered in the next section. Since the algorithm relie on sparse decompositions, we refer to it as the
sparsity induced prediction algorithm (SIP).

3. MAIN ALGORITHM

General video includes spatial translations or motion in adlition to the corruption model considered in Section
2. In this section we will assume that the anchor image is spaally aligned with the input image to account for
motion. Such alignment can be done by using already establied techniques that search for the best alignment
by including the proposed prediction process inside the seah loop. In this section we will outline an algorithm
geared toward the predictive encoding ofx giveny. In Section 4 we will consider two distinct scenarios that
utilize this algorithm. In the rst scenario our technique w ill assume that prediction errors are transmitted
losslessly whereas in the second scenario, we will incorgade our prediction in a state-of-the-art video codec and
make do with prediction errors that have been compressed in dossy fashion. We will report results on pairs of
images for the rst scenario and on full motion video for the second. We will refer to the pictures in both cases
as video frames.
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Figure 4. Each macroblock (shown with a thick border) is pred icted block by block (shown in red). For each block, a
neighborhood is de ned (shown diagonally shaded). Trainin g blocks are derived from this neighborhood only.

Video frames are encoded in terms of non-overlapping macrddicks of size as shown in Figure 4. We
predict each macroblock by individually predicting multip le smaller overlappingp p blocks that intersect at
least one pixel of the macroblock, as shown in Figure 5. Notehiat there are a total of ( + p  1)? blocks of size
p pthat need to be predicted. After all such overlapping blocksare predicted, the corresponding predictions
are averaged for each pixel in the macroblock in order to gemate the nal prediction.

For convenience and clarity let us switch to block based nottion. Let x andy beL L images. Considering
all possible spatial shifts of ap p block, there are L (p 1))2 blocks inanL L image as shown in Figure 6.
Suppose we are predicting them™ macroblock and the current approximation to x is xm 1. Let b, .5 (p? 1)
denote thej-th p p block onxy, 1 and by (p? 1) denote the corresponding block on the anchor imageg,
=100 (p 1))2 with lexicographic ordering as shown in Figure 6. Letby; (p> 1) denote the prediction
of the i-th block of x.
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Figure 6. Lexicographically ordered p p blocksinanL L image.

Predicting a block by; rst requires determining a set of blocks to be used in training. For this purpose, we
look at the localized region aroundly; that intersects with the available data. Such a region is shavn diagonally
shaded in Figure 4. We set the training blocks to be allp p blocks that completely lie in this region. A few
example training blocks within the training region are shown in Figure 7.

T | —1

Some of the//
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for training .\\ Block to
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Figure 7. Training blocks are the blocks that completely ove rlap the available data within the neighborhood of the curre nt
block. Some of the training blocks are shown in the gure.

Let Q; denote the indices of the training blocks to be used for prediting the i-th block. Let h, (p> 1),

k=1;:::;p% denote thek™ p pblock DCT basis function. Then the prediction parameters fa k-th transform
coe cient of the i-th block are calculated as
X
f «; «xg=argmin khgbe, 1a  hibyg k?; (15)
TqRQ;

where  is the linear prediction coe cient as discussed earlier.  is introduced as a shift factor to account
for the coe cients that have locally non-zero mean changes (sually the DCT-DC coe cients as a result of DC



brightness changes frony to x). The solution of (15) is straightforward via well known least-squares estimation
techniques.

Once (15) is solved for the prediction parameters for eaclk, the predicted block is formed via

2

bei = khebys + « hye (16)
k=1

Let the set , denote the indices of allp p blocks that overlap the m™ macroblock. The above prediction is
performed for all of the blocks in . This results in atotal of ( + p 1)2 blocks,byg;92 m. Final prediction

for the m™ macroblock, Sn ( ), is computed by averaging the corresponding predictions.Note that for
each pixel in the macroblock there arep? di erent predictions. Let 1 m denote the indices of blocks that
overlap the j -th pixel in the macroblock. Then
1 X : :
Sn(i) = 7 brg (A(Mjig)); j =150 2 (17)
92 h

where A(m;j; g) is an index mapping that determines the index of the sample a g-th block corresponding to the
j -th sample on m-th macroblock. For simplicity we use equal weights in averging, but more complex methods,
such as weighted averagintf can also be used.

Once a macroblock is predicted and encoded, it is used as alalble data for the prediction of following
macroblocks.

4. EXPERIMENTAL RESULTS
4.1 Image Examples

We rst perform experiments on spatially aligned images. Tables 1 and 2 present the corruption, the anchor
image, the image to be predicted, and the output of the preditor including the objective quality in terms of
pSNR. In these examples we used 4 4 block DCT decompositions and set the macroblock size to be 4 4 as
well. Macroblocks were predicted in scanline order and we asimed that the prediction errors were transmitted
losslessly. The training set is formed as the intersectionfathe available data with the 1 block neighborhood of
the block of interest.

The rst example involves temporal prediction under noise. The anchor image is corrupted with zero mean
gaussian noise with standard deviation =5. The algorithm results in a prediction at 36.49dB.

In Example 2, the anchor image is a low-pass ltered version bthe input image with additive noise, y =
s X+ n. The pSNR betweeny and x is 30.26dB. The algorithm predicts x at 34.68dB. To make sure that the
gains are not coming from de-noising, we also performed thexperiment under no noise. In that case pSNR
betweenx*and x is 39.56dB, whereas the pSNR betwees x and x is 37.69dB.

Example 3 involves the prediction of a signal under heavy ingrference and additive white noise. Anchor
signal is an equal mixture of the imagespeppersand barbara with additive noise, and the signal we would like
to predict is peppers | =1=2,s=1, and z is 1=2(barbara). The proposed method forms a prediction ofpeppers
at 29.05dB. Example 4 is similar in the sense that we increasthe complexity of the problem by incorporating
another interfering signal, and equally mixing peppers barbara and boat The prediction accuracy is 27.28dB. In
both cases, the algorithm has to reject the interfering sigrls, de-noise, and properly scale the signal of interest
in order to form good predictions.

In Example 5, the relationship between the anchor and the frane to be predicted involves a cross-fade. The
anchor is 70%parbara) mixed with 30%(peppery and noise, and the frame of interest is 30%garbara) mixed
with 70%(peppery. | =3=7;s=1, and z = 4=7(barbara). In this case the prediction accuracy is at 30.66dB.

In the previous examples intensity modulation was constantthroughout the anchor. Next we look at a
nonuniform brightness change. Example 6 shows the fade scerof the third example, now with a modulating
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Figure 8. Band-limited amplitude modulation signals (a) an d (b) used in examples 4 and 5 of Table 2 respectively.

signall; as shown in Figure 8(a).z = |I; barbara and s = 1. Correct prediction requires rejecting the interfering
signal, de-noising, and amplifying the input to undo the noruniform intensity modulation. The proposed method
performs prediction at an accuracy of 27.84dB.

In Example 7 we use a di erent non-uniform intensity modulation signal to modulate both the interference
and the input. peppersis modulated with I, and barbara is modulated with (1-1;) (z=(1 |, )barbara), where
I, is as shown in Figure 8(b). The prediction accuracy is 30.588.

Example 8 is predicting an image under \clutter". The anchor contains overwritten text which has erased
the corresponding pixel values. The prediction algorithm siccessfully erases the text and llIs in correct values.
The prediction accuracy is 34.53dB.

4.2 Video Compression Results

We also implemented the proposed prediction method insidetie h264/AVC video codec!’ Here the algorithm
operates on motion compensated blocks of the previous frame.e., the motion compensated frame att 1
becomes the anchor for the frame at. To be able to use the proposed prediction method, we also maoed the

motion search algorithm, so that the motion search criterion is aware of our sparsity induced prediction method.

Macroblocks are 16 16 as set by the codec and our prediction operates on 4 4 blocks by again using the
4 4 DCT. Only luminance channel is predicted using the proposd method. A single context adaptive coded
bit is transmitted for each macroblock signalling the use ofthe prediction for that macroblock. The decision of
whether the bit is set and the proposed method will be used foreach macroblock is done in a rate-distortion
optimal manner inside the encoder's rate-distortion optimization loop, i.e., the proposed prediction is added to
the list of prediction methods that the encoder can optimally choose from.

We generated rate distortion results for QCIF sized video at30 frames per second. A set of scenes involving
cross fades and special e ects are shown in Table 3, and the wesponding rate distortion curves are shown in
Figure 9. The rst sequence shows special e ects involving gry localized brightness changes, blurring, and fades.
The second sequence is a lightning e ect together with rainm the background acting as uncorrelated noise. In
this scene lightning is the \clutter" that needs to be removed. Third and fourth sequences involve two scenes,
where one is fading in while the other is fading out. All of these sequences have motion. The results show that
the proposed prediction provides bitrate savings in the rage 10-20% for these transitions.

Finally, we tested the proposed prediction algorithm on a video sequence of 450 frames at QCIF resolution.
The video is a movie trailer that includes fades, clutter, ard special e ects. Figure 10 shows the rate distortion
for this video curve using the proposed work (shown as SIP) aopared to h.264/AVC. The notable behavior
of the curve is that the gains provided by our technique redues as the bitrate is lowered. This is because
the coarser quantization at low bitrates tends to remove thee ects of some of the problems we are addressing,
thereby reducing the bit-rate savings.

5. LIMITATIONS AND FUTURE WORK

It is desirable for the proposed algorithm to have a large traning region so that the number of training blocks
can be increased. However, as the size of the training set indreased, the spatial coverage increases and model
assumptions inevitably start failing. Furthermore, as illustrated in Figure 11, whenever signi cant coe cients
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(1): Additive noise

X+ w PSNR(%;x) = 36:49dB
PSNR(y; x) = 34:14dB

(2): Focus change

S X+w PSNR(%;x) = 34:68dB
PSNR(y;x) = 30:26dB

(3): Fade with
2 sources

S+z+w PSNR(%;x) =29:05dB
PSNR(y; x) = 16:20dB

(4): Fade with
3 sources

3ta+tz+w PSNR(%;x) = 27:28dB
PSNR(y; x) = 14:984B
Table 1. Example evolutions and the prediction accuracy of t he proposed algorithm. In all cases the anchor image is
corrupted with zero-mean Gaussian noise at =5.
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(5): Cross fade

0:3x1 +0:7x2 + W X =0:7x1 +0:3x2 PSNR(%;x) = 30:66dB
PSNR(y;x) =18:01dB

(6): Fade with a
brightness change

l; X+z+w PSNR(%;x) = 27:84dB
PSNR(y;x) = 10:09dB

(7): Non-uniform fade

lo, X+z+w PSNR(%;x) = 30:58dB
PSNR(y; x) = 16:80dB

(8): Clutter

X+z+w PSNR(%;x) = 34:53dB
PSNR(y;x) =24:77dB
Table 2. Another set of example evolutions and the predictio n accuracy of the proposed algorithm. In all cases the anchor
image is corrupted with zero-mean Gaussian noise at =5.




Table 3. Example video evolutions shown in rows. In the rstr ow, the scene has a special e ect. In the second row there
is a lightning e ect together with rain. Third and fourth row s are cross fading scenes. There is non-zero motion. The
proposed prediction method works together with the motion s earch algorithm to determine the correct motion vectors.

of x and z overlap within the training region the accuracy of the linear prediction decreases. In this sense
the algorithm of Section 3 is limited by the number of such ovelaps. As our experimental results in Section 4
demonstrate, in practice these overlaps are few and the re#ts of even this simple algorithm are quite acceptable.
We leave a more sophisticated prediction algorithm that acounts for overlaps and adaptively chooses the training
regions for future work.

As far as computational complexity is concerned one can makéhe following general observations. The
4 4 DCT based overcomplete decompositions can be evaluated ifast ways thanks to the small transform
size and thanks to the DCT being a fast transform. Much of the @mputation for the prediction parameters
can be bu ered and reused, making the prediction process i@lf easily implementable with today's hardware.
The motion search process for video does slow down howevernd in this regard, the algorithm needs to be
combined with fast search strategies that trade optimality with speed. The technique can also be combined with
better transforms, including non-block transforms, to improve performance albeit at an increased computational
burden.

Finally, in cases where the use of causal information is inaghjuate the technique can be improved by sending
overhead information such as model parameters as needed.

6. CONCLUSION

In this paper, we introduced an algorithm that generates accrate predictions of a signal from an anchor that
contains a heavily corrupted version of the signal. The algathm exploits correlations in spatial transform domain
where signal coe cients are assumed to be sparse. In this doain, we show that a simple linear predictor provides
successful predictions even under complex distortions andutter. With the help of causal information, prediction
parameters are readily estimated from localized neighborbods, allowing automated operation without any need
for the variables that determine the precise distortions.

The immediate application of our work is in predictive coders where signals are predicted based on anchor
signals and prediction errors transmitted. However, our wak can also be used in other scenarios to extract signals
(such as speech and images) as well as features and objectsidte signals under heavy clutter and distortion.
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Figure 9. Rate distortion curves (a), (b), (c) and (d) corres ponding to the rst, second, third, and fourth short sequenc es
shown in Table 3. SIP refers to h.264/AVC augmented with the p roposed technique.

Movie trailer

45

43

42

41

PSNR

40

39

38

37

SIP
h264/AVC
35 s s

10

36

Rate(bps)

Figure 10. Rate distortion curve for a movie trailer that inc ludes noise, special e ects, lighting changes, and fades.

Simulation results demonstrate the e ectiveness of the prposed predictors under complex distortions such as
fades, non-uniform intensity modulations, and corruption with structured interference with statistical properties
very similar to the signal being predicted. Our implementation in a high performance video codec also shows
signi cant bit-rate savings for video that involves sceneswith noise, fades, clutter, special e ects, etc. It is thus
clear that, using very simple predictors and transforms, the proposed method can form successful predictions
based on heavily corrupted anchors that are substantially &r from the signal to be predicted. As our work
indicates, this is possible because these signals come framn-convex sets whose structure can easily be taken
advantage of even with the simplest transforms.
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Figure 11. When the signi cant coe cients of x and y overlap, the linear prediction model does not hold. While mo re
elaborate models and better prediction techniques that account for overlaps may be used to improve our results, our
experimental results in Section 4 show that the results are still acceptable.
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