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FEATURE-BASED HYBRID VIDEO CODEC
COMPARING COMPRESSION EFFICIENCY

2

compression techniques makes them impractical for use
when high computational efficiency is required.

OF ENCODINGS Conventional compression allows for the blending of mul-
tiple matches from multiple frames to predict regions of the
RELATED APPLICATION 5 current frame. The blending is often linear, or a log scaled

This application is the U.S. National Stage of International
Application No. PCT/US2009/059653, filed 6 Oct. 2009,
which designates the U.S., published in English, and claims
the benefit of U.S. Provisional Application No. 61/103,362,
filed 7 Oct. 2008. This application is also a continuation-in-
part of Ser. No. 12/522,322, filed Jan. 4, 2008, which claims
the benefit of U.S. Provisional Application No. 60/881,966,
filed Jan. 23, 2007, is related to U.S. Provisional Application
No. 60/811,890, filed Jun. 8, 2006, and is a continuation-in-
part of U.S. application Ser. No. 11/396,010, filed Mar. 31,
2006, which is a continuation-in-part of U.S. application Ser.
No. 11/336,366 filed Jan. 20, 2006, which is a continuation-
in-part of U.S. application Ser. No. 11/280,625 filed Nov. 16,
2005 which is a continuation-in-part of U.S. application Ser.
No. 11/230,686 filed Sep. 20, 2005 which is a continuation-
in-part of U.S. application Ser. No. 11/191,562 filed Jul. 28,
2005, now U.S. Pat. No. 7,158,680. U.S. application Ser. No.
11/396,010 also claims priority to U.S. Provisional Applica-
tion No. 60/667,532, filed Mar. 31, 2005 and U.S. Provisional
Application No. 60/670,951, filed Apr. 13, 2005. The entire
teachings of the above applications are incorporated herein by
reference.

BACKGROUND OF THE INVENTION

Prediction Segmentation [Primary]

Conventional video compression, for example MPEG-4
and H.264, have the facilities for specifying a number of
reference frames to use during the motion compensated pre-
diction process in order to predict the current frame. These
standards typically restrict the reference frames to one or
more consecutive past frames, and in some cases any set of
frames that has been previously decoded. Usually, there is a
limit on the number of reference frames and also a limit on
how far back in the stream of decoded frames the selection
process may draw.

Compressed Sensing (CS)

Image and video compression techniques generally
attempt to exploit redundancy in the data that allows the most
important information in the data to be captured in a “small”
number of parameters. “Small” is defined relative to the size
of the original raw data. It is not known in advance which
parameters will be important for a given data set. Because of
this, conventional image/video compression techniques com-
pute (or measure) a relatively large number of parameters
before selecting those that will yield the most compact encod-
ing. For example, the JPEG and JPEG 2000 image compres-
sion standards are based on linear transforms (typically the
discrete cosine transform [DCT] or discrete wavelet trans-
form [DWT)) that convert image pixels into transform coef-
ficients, resulting in a number of transform coefficients equal
to the number of original pixels. In transform space, the
important coefficients can then be selected by various tech-
niques. One example is scalar quantization. When taken to an
extreme, this is equivalent to magnitude thresholding. While
the DCT and DWT can be computed efficiently, the need to
compute the full transform before data reduction causes inef-
ficiency. The computation requires a number of measure-
ments equal to the size of the input data for these two trans-
forms. This characteristic of conventional image/video
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linear combination of the matches. One example of when this
bi-prediction method is effective is when there is a fade from
one image to another over time. The process of fading is a
linear blending of two images, and the process can sometimes
be effectively modeled using bi-prediction. Further, the
MPEG-2

Interpolative mode allows for the interpolation of linear
parameters to synthesize the bi-prediction model over many
frames.

Conventional compression allows for the specification of
one or more reference frames from which predictions for the
encoding of the current frame can be drawn. While the refer-
ence frames are typically temporally adjacent to the current
frame, there is also accommodation for the specification of
reference frames from outside the set of the temporally adja-
cent frames.

In contrast with conventional transform-based image/
video compression algorithms, compressed sensing (CS)
algorithms directly exploit much of the redundancy in the
data during the measurement (“sensing”) step. Redundancy
in the temporal, spatial, and spectral domains is a major
contributor to higher compression rates. The key result for all
compressed sensing algorithms is that a compressible signal
can be sensed with a relatively small number of random
measurements and much smaller than the number required by
conventional compression algorithms. The images can then
be reconstructed accurately and reliably. Given known statis-
tical characteristics, a subset of the visual information is used
to infer the rest of the data.

The precise number of measurements required in a given
CS algorithm depends on the type of signal as well as the
“recovery algorithm” that reconstructs the signal from the
measurements (coefficients). Note that the number of mea-
surements required by a CS algorithm to reconstruct signals
with some certainty is not directly related to the computa-
tional complexity of the algorithm. For example, a class of CS
algorithms that uses L1-minimization to recover the signal
requires a relatively small number of measurements, but the
L1-minimization algorithm is very slow (not real-time).
Thus, practical compressed sensing algorithms seek to bal-
ance the number of required measurements with the accuracy
of' the reconstruction and with computational complexity. CS
provides a radically different model of codec design com-
pared to conventional codecs.

In general, there are three major steps in a typical CS
algorithm: (1) create the measurement matrix M; (2) take
measurements of the data using the measurement matrix, also
known as creating an encoding of the data; and (3) recover the
original data from the encoding, also known as the decoding
step. The recovery algorithm (decoder) can be complex, and
because there are fewer limits to computational power at the
receiver, the overall CS algorithm is usually named after its
decoder. There are three practical applications of CS algo-
rithms of interest in the prior art: Orthogonal Matching Pur-
suit (OMP), L1 Minimization (I.1M), and Chaining Pursuit
(CP). In general, the 1M in practice is prohibitively compu-
tationally inefficient for most video processing applications.
The more efficient OMP and CP algorithms provide much of
the same benefits of the .1M, and, as such, they are the two
CS algorithms of choice for most applications of the L1M.
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Image Alignment Via Inverse Compositional Algorithm

Basri and Jacobs (“Lambertian Reflectances and Linear
Subspaces,” IEEE

Trans. Pattern Analysis and Machine Intelligence, 2/03),
henceforth referred to as LRLS, have shown that Lambertian
objects (whose surfaces reflect light in all directions) can be
well-approximated by a small (9-dimensional) linear sub-
space of LRLS “basis images™ based on spherical harmonic
functions. The LRLS basis images can be visualized as ver-

4

Orthogonal matching pursuit (OMP) follows the same
iterative procedure as MP, except that an extra step is taken to
ensure that the residual is orthogonal to every function
already in the representation ensemble. While the OMP recur-
sion is more complicated than in MP, the extra computations
ensure that OMP converges to a solution in no more than Nd
steps, where Nd is the number of functions in the dictionary
D.

sions of the object under different lighting conditions and 10 SUMMARY OF THE INVENTION
textures. The LRLS basis images thus depend on the structure
of the object (through its surface normals), the albedo of the The present invention extends conventional video com-
object at its different reflection points, and the illumination pression, especially in cases where the redundancy of visual
model (which follows Lambert’s cosine law, integrated over phenomena exceeds the modeling capabilities of the conven-
direction, to produce spherical harmonic functions). Under 15 tional video codec. The present invention extends, and may
the assumptions of the model, the 9-D subspace captures entirely replace, the existing methods of conventional video
more than 99% of the energy intensity in the object image. compression by employing robust Computer Vision and Pat-
The low dimensionality of the appearance subspace indicates tern Recognition algorithms. Specifically, the present inven-
a greater redundancy in the data than is available to conven- tion includes feature modeling methods and systems that
tional compression schemes. 20 focus on the segmentation, normalization, and integration of
The inverse compositional algorithm (IC) was first pro- a feature occurring in one or more of the previously decoded
posed as an efficient implementation of the Lucas-Kanade frames of the video. Feature-based video compression con-
algorithm for 2D motion estimation and image registration. siders a greater number of previously decoded frames, and
Subsequent implementations have used the IC algorithm to fit within each of those frames, a greater area and a much higher
3D models such as Active Appearance Models and the 3D 25 number of pets compared with conventional compression
morphable model (3DMM) to face images. which considers fewer frames, smaller areas, and fewer pels.
Application of Incremental Singular Value Decomposition Conventional compression provides an implicit form of
(ISVD) Algorithm segmentation at the macroblock level, by utilizing multiple
A common dimensionality reduction technique involves reference frames, macroblock partitioning, sub-macroblock
the utilization of linear transformations on norm preserving 30 partitioning, and motion compensated prediction. Further,
bases. Reduction of an SVD representation refers to the dele- conventional compression utilizes motion compensated pre-
tion of certain singular value/singular vector pairs in the SVD diction to model the spatial deformation occurring in the
to produce a more computationally and representationally video and transform coding to model the appearance varia-
efficient representation of the data. Most commonly, the SVD tions. The present invention extends these modeling tech-
factorization is effectively reduced by zeroing all singular 35 niques of disparate signal elements with more complex mod-
values below a certain threshold and deleting the correspond- els including spatial segmentation masks, regular mesh
ing singular vectors. This magnitude thresholding results in a deformation, feature affine motion, three dimensional feature
reduced SVD with r singular values (r<N) that is the best motion, three dimensional illumination, and other Computer
r-dimensional approximation of the data matrix D from an Vision and Pattern Recognition modeling techniques. Note
L2-norm perspective. The reduced SVD is given by 40 thatthroughout the present text, “individual modes” and “dis-

N r ) parate signal elements” are equivalent.

D=US V. Equation 1 The present invention facilitates the identification and seg-
where Ur is Mxr, Sr is rxr diagonal, and Vr is Nxr. mentation of individual modes of the video signal. The con-
The singular value decomposition (SVD) is a factorization cept of reference frame processing that is used in conven-

of a data matrix that leads naturally to minimal (compact) 45 tional motion compensated prediction is utilized in the
descriptions of the data. Given a data matrix D of size MxN, present invention to facilitate this identification and segmen-
the SVD factorization is given by D=U*S*V' where U is an tation. The conventional motion compensated prediction pro-
MxN column-orthogonal matrix of (left) singular vectors, S cess selects, at the macroblock level, portions of the signal
is an NxN diagonal matrix with singular values (s1,s2, .. .sN) from one or more reference frames. Note that the conven-
along the diagonal, and V is an NxN orthogonal matrix of 50 tional motion compensated prediction process typically does
(right) singular vectors. such a selection based on some rate-distortion metric. The
Compact Manifold Prediction present invention is able to apply analysis to the past frames to
Matching pursuit (MP) is an iterative algorithm for deriv- determine the frames that will have the highest probability of
ing efficient signal representations. Given the problem of providing matches for the current frame. Additionally, the
representing a signal vector s in terms of a dictionary D of 55 number of reference frames can be much greater than the
basis functions (not necessarily orthogonal), MP selects func- typical one to sixteen reference frame maximum found in
tions for the representation via the iterative process described conventional compression. Depending on system resources,
here. The first basis function in the representation (denoted as the reference frames may number up to the limit of system
d1) is selected as the one having maximum correlation with memory; assuming that there are a sufficient number of useful
the signal vector. Next, a residual vector rl is computed by 60 matches in those frames. Further, the intermediate form of the
subtracting the projection of d1 onto the signal from the signal data generated by the present invention can reduce the
itself: r1=s—(d1'*s)*d1. Then, the next function in the repre- required amount of memory for storing the same number of
sentation (d2) is selected as the one having maximum corre- reference frames.
lation with the residual rl. The projection of d2 onto rl is In one embodiment, the present invention infers the seg-
subtracted from rl to form another residual r2. The same 65 mentation of the video signal based on this reference frame

process is then repeated until the norm of the residual falls
below a certain threshold.

processing. The macroblocks (block of pixels) in the current
frame may select, through the motion compensated predic-
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tion process, tiles of pels from previously decoded frames
such that those tiles are separated both spatially and also
temporally, meaning that the source oftiles used in the motion
compensated prediction process may come from different
frames. The separation implied by selection of source tiles,
for predicting current frame macroblocks, from different
frames indicates the potential that different signal modes are
being identified. When the identified separate signal modes
can be encoded in a more compact manner, this further veri-

6

The motion compensated prediction process can be used to
select, from a plurality of candidate feature instances, one or
more instances that are predicted to provide encoding effi-
ciency. A segmentation of the current instance of the candi-
date feature can be determined from other features and non-
features in the current video frame. The segmentation can be
based on the motion compensated prediction process’ selec-
tion of predictions from unique previously decoded video
frames. The motion compensated prediction process can be

fies that separate modes have been identified. In the present 10 initialiged using positional information for feature instan.ces
. . w I~ belonging to one or more features (such features having
invention these separate modes are called “features.” When . . . . .
. . instances in the current frame coincident with the video por-
these features are persistent over many frames of the video G . L
ion) where the video portion is in the current frame, and the
gnd the .features can b? corr clated, a new type? ofr edundancy positional information corresponds to feature instances asso-
in the V}deo has been identified. The pr.esent invention lever- . ioied with the same feature in previously decoded video
ages this redundancy through the creation of appearance and frames.
deformation models in order to create further compression A second feature-based model can be formed. The second
beyond what is available to conventional compression. Fur- feature-based model can be formed using the first feature-
ther, as features are identified within reference frames, refer- based model as a target Ofprediction for one or more motion
ence frame processing is biased toward using reference 20 compensated predictions from one or more feature instance.
frames containing features; this yields an increased probabil- This second feature-based model yields a set of predictions of
ity that the reference frame processing will further yield a the first feature-based model. Once the set of predictions is
segmentation of the modes present in the signal. combined with the first feature-based model, the set of pre-
Systems and methods may be provided for processing dictions can become the second feature-based model. The
video data. Video data formed of a series of video frames may 25 second feature-based model can be used to model the residual
be received and encoded. One or more instances of a candi- from first feature-based model. Structural variation and
date feature may be detected in one or more of the video appearance variation can be modeled from the second-feature
frames. The detection of the candidate feature involves deter- based model relative to the residual. The residual can be
mining positional information for instances in the one or encoded with the feature instance, which yields appearance
more previously decoded video frames. The positional infor- 30 and deformation parameters. The parameters can be used to
mation includes a frame number, a position within that frame, reduce the encoding size of the residual.
and a spatial perimeter of the instance. The candidate feature One or more features can include one or more aggregate
can be a set of one or more detected instances. A motion features. The aggregate features are based on one or more of
compensated prediction process can be used to predict a the instances of the candidate feature. The aggregate features
portion of a current video frame in the series using one or 35 can be created by aggregating the instances of different can-
more previously decoded video frames. The motion compen- didate features into an aggregate candidate feature. The set of
sated prediction process can be initialized with positional instances of the aggregate candidate features can be used to
predictions. The positional predictions can provide positional form a region substantially larger than the original instances
information from detected feature instances in previously ofun-aggregated candidate features. The larger region can be
decoded video frames. One or more of the instances can be 40 formed through the identification of coherency among the
transformed by augmenting the motion compensated predic- instances of the candidate feature in the set. Coherency can be
tion process. A feature along with the transformed instances defined as appearance correspondences in the instances sub-
can be defined. The one or more of the instances may be stantially approximated by a lower parameter motion model.
transformed using a linear transform. The defined feature The second feature-based model can provide an optional
including the transformed instances can be used to create a 45 rectangular area extent of pels associated with that instance in
first feature-based model. The first feature-based model can the decoded frame relative to the spatial position. The second
enable prediction in the current frame of an appearance and a feature-model can be derived by modeling prior normalized
source position of a substantially matching feature instance. instances of the feature. The prior normalized instances can
Preferably, the substantially matching feature is the best be any one of the following: the instance in the current frame;
match determined using a rate-distortion metric. The substan- 50 an instance that is from a previously decoded frame that is
tially matching feature instance can be a key feature instance. substantially recent temporally; or an average ofthe instances
The key feature instance can be the first feature-based model from the previously decoded video frames.
current frame feature instance synthesis. The first feature- The appearance model can be represented by a PCA
based model can be compared to a conventional video encod- decomposition of the normalized second feature-based model
ing model of the one or more defined features, and the com- 55 instances. A deformation model can be determined using the
parison can be used to determine which model enables greater spatial variation of correspondences in the feature instances
encoding compression. The results of the comparing and of'each set as compared to their second feature-based model
determining step can be used to guide the encoding process in instances. For each feature instance in the set, one or more of
applying feature-based encoding to portions of one or more of the following can be used to approximate variation in the
the video frames, and applying conventional video encoding 60 deformation instances for the deformation model; a motion
to other portions of the one or more video frames. compensated prediction process; mesh deformation; and a
An instance of a candidate feature can be detected by motion model with a substantially reduced parameterization.
identifying a spatially continuous group of pels having sub- The deformation instances can be integrated into the defor-
stantially close spatial proximity. The identified pels can be mation model. The variation in the deformation model can be
used to define a portion of one of the one or more video 65 represented by a PCA decomposition.

frames. The group of pels can include one or more macrob-
lock or portions of one or more macroblocks.

Appearance parameters and deformation parameters may
be predicted. The predicated parameters can be used during
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the synthesis of the current instance using a feature-based
model. The appearance and deformation models as well as
temporally recent parameters can be used to interpolate and
extrapolate parameters from the feature-based model to pre-
dict pels in the current frame. The values of the synthesis for
the temporally recent feature instances may be either linearly
interpolated or linearly extrapolated based on which method
has yielded the most accurate approximation for those
instances. The actual parameters for the model can be option-

8

ent video encoding scheme for each portion of video data
depending on whether feature-based encoding or conven-
tional based encoding provides more compression efficiency.

A defined feature may be represented as a set of instances
of'the feature in one or more video frames. Each instance may
include: a reference to a frame in which the instance occurs;
a spatial position associated with the instance within that
frame; and an optional rectangular area extent of pets associ-
ated with that instance in that frame relative to the spatial

ally differentially encoded relative to the predicted param- 10 position. The spatial position may provide a prediction of
eters. . _ matches for encoding portions of one or more of the video
The motion compensated prediction process can operate .
on a selection of a substantially larger number of the previ- frames. An appearance mc?de.l may be provided for each
ously decoded video frames than in conventional video data fieﬁned feat.ure to mgdel variation of the defined feature from
encoding. The selection of previously decoded video frames 15 1nst.ance to 1nstanc.e m th? set. The appearance model may be
need not rely on user supervision. derived by modehng prior normalized instances qf the f.ea-
Conventional video encoding can be augmented by an ture. The prior normalized instances may be normalized using
instance prediction process that enables greater compression any combination of motion compensated prediction process,
of ponions of one or more of the video frames in memory, mesh deformation, and parameter reduced motion modeling
when forming a prediction of portions of the current frame. 20 (e.g. affine).
The instance prediction process can use the feature-based The normalization can be used to build a deformation
model to determine one or more instances of the defined model that may be used to model the spatial variation of
feature that are incident to a target macroblock being correspondences in the feature instances of each set. For each
encoded. In this way, the instance prediction process can feature instance in the set, one or more of the following may
create the predicted portions of the current frame. The fea- 25 be used to determine deformation instances for the deforma-
ture-based model can be used to synthesize pels to predict tion model: a motion compensated prediction process, mesh
portions of the current frame. deformation, and parameter reduced motion modeling. The
A probability for the previously decoded video frames can deformation instances may be integrated into the deformation
be assigned. The probability can be based on the combined model. The deformation model may be represented by a
predicted encoding performance improvement for the frame, 30 decomposition using Principal Component Analysis (PCA).
determined using positional predictions from the motion The deformation model may be represented by a decomposi-
compensated prediction process. The probability can be tion using any decomposing algorithm. The motion compen-
defined as the combined encoding performance of motion sation prediction process may operate on a substantially
compensated prediction process, which was utilized during greater number of the previously decoded video frames than
the analysis of the first feature-based model and a second 35 in conventional video data encoding without supervision.
feature-based model for the current frame. An indexing based The conventional video encoding may include motion-
on sorting the previously decoded video frames can be cre- compensated block-based compression. The conventional
ated based on their probability, from best to worst. The video encoding can be augmented by a residual reduction
indexed list can be truncated based on computational and process that enables greater compression of portions of the
memory requirements. 40 video frames in memory when forming a residual frame. The
A feature-based model may be formed using one or more of residual reduction process can include the feature-based
the defined features. The feature-based model may include model to determine one or more instances of the defined
positional information for the defined features. The positional feature that are incident to a target macroblock being encoded
information may include a position and a spatial perimeter of to form the residual frame. Pels may be synthesized using the
defined features from the previously decoded video frames. 45 feature-based models to predict the residual frame. The fea-
For example, the positional information may include infor- ture-based model may be used for reference frame index
mation regarding the spatial position of region within a spe- prediction. The synthesized pels may be reused for other
cific frame, and a rectangular extent of the region in that residual reductions in response to determining that one or
frame. The feature-based model may specify which previ- more instances of the defined feature, overlaps more than one
ously decoded video frames (or portions thereof) are associ- 50 macroblockin the current frame. The synthesized pels may be
ated with the defined feature. reused for other residual reductions in response to determin-
The defined features may be normalized and segmented ing that one or more instances of the defined feature repre-
from the video data using macroblock motion compensated sents one macroblock when one or more instances of the
prediction. The defined features may be normalized using the defined feature substantially matches positional information
feature-based model. The macroblock motion compensated 55 foramacroblock in the current frame. Appearance and defor-
prediction may use the feature position in the previously mation may be modeled based on the feature-based model.
decoded image frame as a positional prediction. The resulting The appearance model and deformation model may be used
normalization provides the prediction of the feature in the along with a historical set of parameters in those models to
current video frame. interpolate and extrapolate parameters from the feature-based
The feature-based model may be compared to another 60 model to predict pels in the current frame. Furthermore,
model resulting from conventional encoding of the same higher order quadratic and even extended Kalman filter mod-
video data. The comparison can be used to determine which els can be used to predict the appearance and deformation
model enables greater encoding compression efficiency. Dif- parameters. The prediction of the parameters from the fea-
ferent encoding techniques may be applied to the different ture-based model enable a reduction in the magnitude of the
parts of the video data depending on the results of the encod- 65 residual parameters, resulting in a lower precision and there-

ing comparison. In this way, differential encoding can be
provided such that the system is capable of selecting a differ-

fore lower bit rate representation of the parameters required to
predict pels in the current frame.
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One or more macroblocks from one or more frames may be
selected using the motion compensated prediction process.
Pels from macroblocks in a PCA model may be linearly
combined pets, and the PCA model parameters may be inter-
polated. Equivalently, any decomposing algorithm can be
used in place of PCA, and utilized based on its substantially
relative benefit.

Substantially small spatial regions may be identified in the
video frames. Coherency criteria may be used to identify
spatial regions that can be combined into substantially larger
spatial regions. For a larger spatial region, the suitability of
the larger spatial region to be a defined feature can be deter-
mined by encoding a feature-based model of the larger spatial
region. The smaller region may be a defined feature, and the
larger region may be a defined feature.

Feature-based compression can include object-based com-
pression processes. Object based detection, tracking, and seg-
mentation may be applied to a feature instance in the current
frame or in previously decoded frames. An intermediate form
of the feature instance may be derived using spatial segmen-
tation. For example, the spatial segmentation process may
segment a foreground object from the non-object back-
ground. The resulting segmentation may provide a pel level
correspondence of a given object in a feature instance as it
exists in one frame to its occurrence in a next frame. The pel
data associated with the object is resampled, and subse-
quently the spatial positions of the resampled pel data are
restored using models. The resampling effectively normal-
izes the object pel data from one frame to a next frame and

20
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encoding of the remaining. CS encoding can be applied to the
remaining pels in the one or more video frames and to remain-
ing video frames.

A hybrid codec decoder may be provided that uses feature-
based decompression for decoding video data. Encoded
video data may be decoded by determining on a macroblock
level whether there is an encoded feature in the encoded video
data. The encoded feature may include feature-based models.
Where an encoded feature does not exist, macroblocks in the
encoded video data may be decoded using conventional video
decompression. Where an encoded feature does exist, the
decoder may respond to the detection of an encoded feature in
the encoded video data by separating the feature encoded
parts from the encoded video data. By separating the feature
encoded parts, the system is able to synthesize the encoded
feature separately from the conventionally encoded parts in
the video stream. Feature parameters from the encoded fea-
ture parts may be associated with feature models included
with the encoded feature. The feature parameters may be used
by the decoder to synthesize the encoded feature. The con-
ventionally compressed parts/portions of the video data may
be combined with the synthesized feature to reconstruct the
original video frame.

In another embodiment, a video codec is capable of han-
dling a plurality of compressed video signal modes. In one of
the video signal modes, a codec encoder provides feature-
based video compression. In another mode, the codec
encoder provides conventional video compression. Similarly,

res?hs n pr0V1d1ng.an 1ntermed1ate.: form of the video .data 30" a codec decoder is responsive to different video signal modes
which has computational and analytical advantages for video - o -

. . . A and is capable of providing feature-based video decompres-
processing purposes. In this way, object-based normalization . . . . -

. : . sion, and conventional video compression depending on the

and modeling processes may be applied to a feature instance . . . .

. - . . contents of the video signal (e.g. the video signal mode).
(or portions thereof) in the current frame or in previously The cod 4 . hich £ vid
decoded frames during the feature-based encoding process. 35 e codec may determine which type of video compres-

Correspondence modeling, deformation modeling, appear-
ance modeling, contour modeling, and structural modeling
may be used to model a feature instance (or portions thereof)
in the current frame or in previously decoded frames.

A defined feature may be free of correspondence to salient
entities (object, sub-objects). For example, the salient entities
may be determined through supervised labeling of detected
features as belonging to or not belonging to an object. The
defined features may contain elements of two or more salient
objects, background, or other parts of the video frames. One
or more features may constitute an object. Also, a defined
feature may not correspond to an object. A defined feature
may not included in any objects. In this way, feature-based
compression can be more flexible and versatile than object-
based detection. Although defined features can include
objects and be included in objects, defined features do not
need to be object-based and can take any form.

In another embodiment, Compressed Sensing (CS) is
applied to the feature based encoding technique. CS is applied
to pels in the video frames having working or defined fea-
tures. CS may also be applied to conventional encoding to the
remaining pels of the video frames. The video data may be
made sparse to increase the effectiveness of the application of
CS. During model formation (appearance and deformation

40
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sion is appropriate based on whether feature-based encoding
or conventional based encoding provides more compression
efficiency for one or more features in video frames of the
video

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing will be apparent from the following more
particular description of example embodiments of the inven-
tion, as illustrated in the accompanying drawings in which
like reference characters refer to the same parts throughout
the different views. The drawings are not necessarily to scale,
emphasis instead being placed upon illustrating embodi-
ments of the present invention.

FIG. 1 is a schematic diagram of an embodiment (hybrid
codec) of the present invention.

FIG. 2 is a block diagram of a video compression architec-
ture embodied in encoders of the present invention.

FIG. 3 is a schematic diagram of a computer network
environment in which embodiments of the present invention
are deployed.

FIG. 4 is a block diagram of the computer nodes in the
network of FIG. 3.

FIG. 5 is a diagram depicting feature modeling represent-

models), CS may be applied to resolve the model parameters 60 . : :
from partial parameter measurements. ing one embodlment of the pre.se.nt invention. o

CS can be applied to the residual of the second feature- FIG. 6 is a diagram describing the prediction process
based model prediction. The application of CS can utilizethe ~ according to an embodiment of the present invention.
average appearance as a measurement and predict the video FIG. 7 is a block diagram of an embodiment (codec) of the
signal from it. Variance associated with the CS predictioncan 65 present invention.

be removed from the second feature-based model. The fea-
ture-based model can be used to focus on a more compact

FIG. 8 is a diagram depicting feature tracking according to
an embodiment of the present invention.
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DETAILED DESCRIPTION OF THE INVENTION

Introduction Section

A description of example embodiments of the invention
follows. The teachings of all patents, published applications
and references cited herein are incorporated by reference in
their entirety.

Digital Processing Environment and Network

Preferably, the invention is implemented in a software or
hardware environment. One such environment is shown in
FIG. 3, which illustrates a computer network or similar digital
processing environment in which the present invention may
be implemented.

Client computer(s)/devices 350 and server computer(s)
360 provide processing, storage, and input/output devices
executing application programs and the like. Client computer
(s)/devices 350 can also be linked through communications
network 370 to other computing devices, including other
client devices/processes 350 and server computer(s) 360.
Communications network 370 can be part of a remote access
network, a global network (e.g., the Internet), a worldwide
collection of computers, Local area or Wide area networks,
and gateways that currently use respective protocols (TCP/IP,
Bluetooth, etc.) to communicate with one another. Other elec-
tronic device/computer network architectures are suitable.

FIG. 4 is a diagram of the internal structure of a computer
(e.g., client processor/device 350 or server computers 360) in
the computer system of FIG. 3. Each computer 350, 360
contains a system bus 479, where a bus is a set of actual or
virtual hardware lines used for data transfer among the com-
ponents of a computer or processing system. Bus 479 is
essentially a shared conduit that connects different elements
of'a computer system (e.g., processor, disk storage, memory,
input/output ports, etc.) that enables the transfer of informa-
tion between the elements. Attached to system bus 479 is I/O
device interface 482 for connecting various input and output
devices (e.g., keyboard, mouse, displays, printers, speakers,
etc.) to the computer 350, 360. Network interface 486 allows
the computer to connect to various other devices attached to a
network (for example the network illustrated at 370 of FIG.
3). Memory 490 provides volatile storage for computer soft-
ware instructions 492 and data 494 used to implement an
embodiment of the present invention (e.g., hybrid codec,
video encoder compression code and decoder code/program
routine detailed above). Disk storage 495 provides non-vola-
tile storage for computer software instructions 492 (equiva-
lently “OS program”) and data 494 used to implement an
embodiment of the present invention. Central processor unit
484 is also attached to system bus 479 and provides for the
execution of computer instructions. Note that throughout the
present text, “computer software instructions” and “OS pro-
gram” are equivalent.

In one embodiment, the processor routines 492 and data
494 are a computer program product (generally referenced
492), including a computer readable medium (e.g., a remov-
able storage medium such as one or more DVD-ROM’s,
CD-ROM’s, diskettes, tapes, etc.) that provides at least a
portion of the software instructions for the invention system.
Computer program product 492 can be installed by any suit-
able software installation procedure, as is well known in the
art. In another embodiment, at least a portion of the software
instructions may also be downloaded over a cable, commu-
nication and/or wireless connection. In other embodiments,
the invention programs are a computer program propagated
signal product 307 embodied on a propagated signal on a
propagation medium (e.g., a radio wave, an infrared wave, a
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laser wave, a sound wave, or an electrical wave propagated
over a global network such as the Internet, or other network
(s)). Such carrier medium or signals provide at least a portion
of'the software instructions for the present invention routines/
program 492.

In alternate embodiments, the propagated signal is an ana-
log carrier wave or digital signal carried on the propagated
medium. For example, the propagated signal may be a digi-
tized signal propagated over a global network (e.g., the Inter-
net), atelecommunications network, or other network. In one
embodiment, the propagated signal is transmitted over the
propagation medium over a period of time, such as the
instructions for a software application sent in packets over a
network over a period of milliseconds, seconds, minutes, or
longer. In another embodiment, the computer readable
medium of computer program product 492 is a propagation
medium that the computer system 350 may receive and read,
such as by receiving the propagation medium and identifying
apropagated signal embodied in the propagation medium, as
described above for computer program propagated signal
product.

Generally speaking, the term “carrier medium” or transient
carrier encompasses the foregoing transient signals, propa-
gated signals, propagated medium, storage medium and the
like.

Overview—Feature-Based Video Compression

The present invention provides a hybrid (feature-based and
conventional) codec method (FIG. 1) with a means of detect-
ing 113, separating 115, modeling 117, encoding 111, and
decoding 124 features in video while allowing a conventional
codec 118 to encode and decode the non-features as well as
the features that cannot be advantageously processed through
the feature encoder/decoder. FIG. 1 illustrates that a subject
video signal input (video data formed of a series of image
frames) 110 is encoded by the invention hybrid codec 121.
The hybrid codec contains the encoding decision heuristics
and processes the video signal as follows: At step 113, the
detection of features is primarily accomplished through the
identification of groups of pets in close proximity that exhibit
complexity. Complexity is generally defined as any metric
indicating that the encoding of the pets exceeds a level that
would be encoded efficiently by conventional video compres-
sion. This grouping of pels in close proximity provides seg-
mentation of the detected feature (at 115) from the back-
ground and other features. The grouping is subsequently
analyzed to determine if the complexity can be advanta-
geously modeled using the invention’s feature modeling 117.

Once features are detected and tracked and models of the
features are generated (at 117), the feature modeling and
conventional modeling are compared (at comparator 119) to
determine which one is of greater benefit. The conventional
video encoding mechanism (at 118) employing reference
frame processing used in the motion compensated prediction
of the current frame is utilized in this process. Because the
comparison 119 has employed conventional reference frame
processing, a segmentation of the current frame is yielded
(based on the selection of predictions from different reference
frames). The selection of pels (more typically as macrob-
locks) in one reference frame versus another reference frame
indicates a segmentation of the features in the frame, and in
the subject video 110 itself. The resulting encoding 120 of the
subject video signal input 110 includes a conventional video
encoding stream (output of conventional encoder 118)
accompanied by the additional encoded information needed
to regenerate the features in the reference frames.

The hybrid codec decoder 122 illustrates decoding the
encoded video in order to synthesize (approximate) the input
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video signal 110. When examining the stream of information
contained in the encoded video, the hybrid codec decoder
makes a determination 123 on a sub-frame level, macroblock
level, whether or not there is an encoded feature in the
encoded video. If an encoded feature does not exist, the
conventional macroblock, or non-feature macroblock, is
decoded conventionally. If an encoded feature is encountered
in the encoded video stream, the hybrid codec separates 125
the feature-encoded parts from the conventionally encoded

14

encoded features into a synthesis of the pels 770 of each
feature instance, approximating the feature as it appeared
originally in the video.

Prediction Segmentation [Primary]

FIG. 6 demonstrates the process of predicting elements
within the current video frame by utilizing information con-
tained within one or more past frames being placed in one or
more reference frames. In one embodiment, the prediction,
Method 1, 640, replicates regions from one or more prior

parts in order to synthesize each separately, combining the 10 decoded frames 610 into a reference frame 620. Method 2,
parts after synthesis occurs. The hybrid codec uses the 650, additionally places feature instances 660, comprised of
encoded feature parameters with the feature models that were feature regions 630-1, 630-2, . . . 630-, into the reference
created by the decoder (models made exactly and in parallel frame. The insertion of the feature instance directly into the
to those made in the encoder) to synthesize the feature 124. reference frame represents a simple form ofthe present inven-
Then the conventionally encoded feature parts and the fea- 15 tion, where, in one further embodiment, the segmentation is
ture-encoded parts are composited 126 to produce a complete simply a rectangular region, and the model of the feature is the
feature synthesis. Next the hybrid codec at 127 combines the feature instance. Additional compression gains can be real-
feature synthesis with the non-feature synthesis to yield a ized as further modeling techniques are applied to the iden-
fully synthesized video signal 128. tified features 660 and used within the reference frames.
FIG. 7 is a representation of an embodiment of the present 20  Prediction Segmentation is the method by which conven-
invention which utilizes feature-based encoding as a replace- tional compression’s motion compensated prediction method
ment in part, and in some cases in full, for conventional is extended to allow a more accurate prediction. Conventional
encoding. Detecting 710, tracking 720, comparing 730, mod- compression uses the additional reference frames that are
eling 740, encoding 750, and decoding 760 features ina video generated using the invention’s feature modeling methods to
signal are illustrated. 25 increase the accuracy. When parts of these feature reference
Atstep 710, as in 113, the detection of features is primarily frames are utilized by the conventional compression scheme,
accomplished through the identification of spatially proxi- a gain in compression is achieved when the feature encoding
mate groups of pels that exhibit complexity such that they can is smaller than the conventional encoding would have been.
be encoded/modeled more efficiently than conventional In one embodiment, features are represented as a set of
means. These groups of pels effectively separate the detected 30 elements or feature instances. In one embodiment, the feature
feature (710) from the non-feature pets around it, as also instances are realized as rectangular regions, each one pro-
noted in 115. The detected features, or feature instance can- viding a reference to a unique frame, a spatial position within
didates, or simply feature candidates are further analyzed to that frame, and a rectangular extent of the region in that frame.
correlate the groups of pels over two or more frames. This Each instance of the feature represents a sampled image of the
correlation confirms that the feature instances are represen- 35 feature. Variation in the appearance of the feature from
tative of a discrete entity in the video frames that can be instance to instance is modeled by the feature modeling
tracked 720 thereby confirming additional redundancy in the method.
video that can be potentially reduced through modeling the In one embodiment, the reference frames are populated
feature 740. Within step 720, the feature is tracked via the with one or more sub frame samples from previously synthe-
identification of the feature’s instance (equivalently region) 40 sized frames. The sub-frame samples are based on feature
within the current frame along with instances of the feature in instance correspondences between those sub-frame regions
one or more other frames, also noted in 117. Note that in the previously synthesized (decoded) frame and the current
throughout the present text “feature instance” is equivalent frame.
with “region”. Also, “instance” is equivalent with “feature In a further embodiment, the multiple image planes are
instance” and “region” when it references them. 45 consolidated into fewer image planes. These fewer image
The instances of each individual feature are considered planes have the feature located close to the position expected
candidate features, and become combined into a full fledged in the frame to be predicted. Frame reduction is based on
feature through grouping them into feature sets, or simply consolidating non-overlapping or near-zero spatially overlap-
feature. These instances are analyzed, compared, and classi- ping features into the same plane.
fied into feature sets in step 730 through the identification of 50  Applicant’s reduction to practice has gone further with this
correspondences between the instances. as well, by estimating a bounding box of the feature-based on
In the present text, feature candidates and feature instances the feature information (previous matches, tracking informa-
are equivalent. The feature sets are analyzed to obtain a model tion, modeling information).
of the deformation variation and appearance variation of the In another non-limiting embodiment, each consolidated
feature instances. The deformation variation between feature 55 frame is equal to the size of the frame being predicted and the
instances is determined through a deformation modeling pro- features are spatially close to if not exactly at the position
cess. The deformation modeling process compares two or expected by the conventional motion compensated prediction
more instances in order to determine the spatial pel resam- mechanism.
pling that would be required to reduce the per pel differences Feature Detection
between the instances. 60  FIG. 5 depicts a feature, 510-1, 510-2, . . . 510-z that has
Feature candidates are modeled within step 740, which been detected in one or more frames of the video 520-1,
applies multiple analysis techniques to refine the sampled 520-2, ...520-n. Typically, such a feature would be detected
regions. Feature encoding 750 of the video stream utilizes the using several different criteria based on both structural infor-
feature models and encodes the video stream in part, or in full, mation derived from pets and complexity criteria indicating
without the use of conventional video encoding. The decod- 65 that conventional compression utilizes a disproportionate

ing 760 synthesizes the features using the feature models in
the inverse of the modeling operations 750 to decode the

amount of resources to encode the feature. As compared with
feature encoding, each feature can further be identified spa-
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tially in a frame 520-1, 520-2, . . . 520-z by a corresponding
spatial extent, perimeter, shown in the figure as a “region”
530-1, 530-2, . . . 530-n.

These regions 530-1, 530-2, . . . 530-x can be extracted, for
instance as a simple rectangular region of pel data, and placed
into an ensemble, 540, the whole of the ensemble represent-
ing a feature.

Each instance of a feature in a frame is a sample of the
appearance of the feature. Note that when a sufficient number

16

plexity may indicate the presence of a phenomena that feature
modeling would better represent.

A set of known frames are each completely partitioned into
uniform tiles arranged in a non-overlapping pattern. Each tile
is analyzed as an independent sampled region of pels that is
determined in practice to contain enough information to char-
acterize the feature. The current invention uses these sampled
regions to produce multiple classifications which, in turn, are
used in training a classifier. Note that the final position of any

of these samples are coalesced into an ensemble, they can be 10 featu differ from this initial positioni

used to model the appearance of the feature in those frames, eZ ;E nlllay HLier trom His Hitial oSTUOMnE.

and also in other frames from which the feature was not rt.er embodu.n.e nt generates sampled reglons from the
- defined tiles and a tiling that overlaps those tiles. The over-

sampled. Such a model is able to transform the appearance . .

into an encoded set of parameters that can further be decoded lapping ?aml?hng may be o.ffset §0 .that the center of the

through the inverse model to create a synthesis of the feature. 15 oYerlaPplng tiles occur .at the intersection ofe.:\{er}{ foqr under-

Small spatial regions are identified and analyzed to deter- lying tile’s corners. This over-complete partitioning is meant
mine if they can be combined based on some coherency to increase the likelihood that an initial sampling position will
criteria into larger spatial regions. These larger spatial regions yield a detected feature. Other, possibly more complex, topo-
are then analyzed to determine their suitability as candidate logical partitioning methods are also anticipated.
features. Should the region’s feature modeling not provide a 20 A feature modeling predictor classifies sampled regions
beneficial encoding, the candidate feature is either discarded into clusters with significant probability that a region will
or retained for modeling future instances of that feature with have some correspondence to other regions in that same clus-
subsequent frames. The detection process proceeds until only ter. The feature modeling predictor uses pattern examples
those candidate features exhibiting an advantageous model- derived from the sampled region(s).
ing remain. 25 In a preferred embodiment, the features are detected with

Spatial regions vary in size from small groups of pels or assistance from spectral profiling (described below in Spec-
subpels to larger areas that may correspond to actual objects tral Profiling section). Spectral profiling provides regions of
or parts of those objects as tending to be implicitly segmented the frame that may be part of a single feature. This is used as
through the macroblocks or sub-macroblocks partitioning a means of combining sampled regions into a feature.
steps as determined by conventional video compression algo- 30  In one embodiment, a pattern feature is defined as a spec-
rithms. However, it is important to note that the detected tral feature. The spectral feature is found by transforming the
features may not correspond to discretely unique and sepa- region from a color space into an HSV color space. The
rable entities such as objects and sub-objects. There is no transformed region is then sub-sampled repeatedly down
requirement that the features correspond to such entities. A until the image vector space of the derived region is of a much
single feature may contain elements of two or more objects or 35 smaller dimension than the original region’s image vector
no object elements at all. The critical factor is that the current space. These derived regions are considered the spectral fea-
invention has the potential to process these signal compo- tures. The spectral features are clustered using a modified
nents with efficiency greater than conventional methods, and K-means algorithm. The K-means clusters are used to label
they sufficiently satisfy the definition of a feature purely the original regions based on their spectral classification.
based on their being efficiently modeled by feature-based 40  In one embodiment, a classifier is built based on the edge
video compression techniques. content of the sampled regions. Each region is transformed

Small spatial regions may be aggregated into larger regions into DCT space. The derived feature’s DCT coefficients are
in order to identify these larger regions as features. Small then summed for the upper triangular matrix and the lower
regions are aggregated into larger ones through the identifi- triangular matrix. These sums are then used to form an edge
cation of coherency among them. There are several ways that 45 feature space. The feature space is then clustered using
coherency can be identified including coherent motion, K-means, and the original regions are labeled according to the
motion compensated prediction, and encoding complexity. classification of their derived region clusters.

Coherent motion may be discovered through higher order In yet another embodiment, the spectral feature and edge
motion models. For example, the translational motion for pattern feature classifier are used to generate multiple classi-
each individual small region is integrated into an affine 50 fications for each region.
motion model which is able to approximate a simpler motion Feature Tracking
model for each of the small regions. One embodiment uses a combination of newly detected

If the small regions motion can be integrated into more and previously tracked features as the basis for determining
complex models on a consistent basis, this implies a depen- the instances of the same corresponding feature in the current
dency among the regions that may potentially provide an 55 frame. The identification of this feature’s instance in the
advantage over a conventional motion compensated predic- current frame and the inclusion of this instance along with
tion method, and also indicates a coherency between the previously occurring instances of the region constitute the
small regions that could be exploited through feature model- tracking of the feature.
ing. FIG. 8 demonstrates the use of a feature tracker 830 along

Encoding complexity can be determined through analysis 60 with the combination of newly detected and previously
of the bandwidth required by conventional compression to tracked features 810 to track and classity features 820-1,
represent one or more of the small regions. Where there is a 820-2, . . . 820-n, Initially, a general feature detector 850 is
disproportionate allocation of bandwidth to a certain set of used to identify features. Correspondence is determined
small regions that conventional encoding cannot efficiently based on the current frame 840 being matched to the previ-
compress and additionally may not be able to correlate as 65 ously detected features 810. The tracked features are orga-

being redundant from frame to frame, these regions can
potentially be aggregated into a feature whose encoding com-

nized into sets of features, or classified as belonging to a
previously assembled feature set or to a new feature set.
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Feature correspondence can initially be determined
through conventional gradient descent minimizing an esti-
mate of mean squared error. The resulting spatial displace-
ment gives an approximate position of the feature in the
current frame. The template that is used in the search need not
be a single region of the feature, but can be any of the regions
associated to the feature. The final match is then evaluated in
a robust manner as a count of non-overlapping region tiles
that meet a MSE threshold.

18

poral steps. The linear model is used to predict the feature
parameters for the target region.

If the extrapolated values provide a suitable synthesis (de-
coding) of the target region, the specification of the target
region’s feature parameters is not required, or they can be
differentially specified relative to the extrapolated param-
eters.

The state model for extrapolation can be of higher order
than a simple linear model. In one embodiment, an extended

By impos.ing a spatial con.straint on the coincidence of two 10 Kalman filter is used to estimate the feature parameter state.
or more regions, the tracker is able to decrease the number of Reoion C d Model
features being tracked and therefore increase the computa- CBION LOMESPONCence Model | . .
tional efficiency of the tracking. The spatial coincidence of T,h © combm.atlon O,f clasmﬁcathn, reglsu.‘atlon, ar}d (.1ef0r-
two or more features can also indicate additional feature mation analysis provides a set of information that indicates
cases, where the feature may have actually been two features 15 the Probability that two or more regions can be combined ipto
in the past or some other complex feature topology. The ajoint model of appearance and deformation, called a Region
tracker modes allow for temporary degenerate tracking states Correspondence Model (RCM).
that allow the feature to be tracked, but make the tracked In one preferred embodiment, the feature detection method
regions of a lower priority. (described above) analyzes novel features incrementally. One
Feature Modeling 20 result of this analysis is the higher probability that a region

During some analysis phase, the region to be predicted is would correspond to other regions used to construct one of the
used to traverse the Region Correspondence Model (RCM) in feature detectors.
order to determine regions within the model that would be Once regions are classified into clusters as in the above-
used to construct a region prediction model. discussed feature detection, and given their respective cluster

In one embodiment, the target region is used to update the 25 labels, the inter-cluster regions are analyzed to determine the
RCM thereby generating translational and mid-point normal- per region correspondence between region pairs.
ized correspondences between other regions contained within In a preferred embodiment, the classifier described above
the RCM and the target region. The resulting pair-wise region is used to define clusters of sampled regions whose region
correspondences identify the other regions most likely to source pels are further analyzed and defined through region
yield a prediction model for the target region. 30 translational refinement (described below).

The present invention includes the assembly of one or more Additionally, in a preferred embodiment, subsequent to
of'the best correspondences for a particular target region into translational region refinement, region correspondences can
a set termed an ensemble of regions. The ensemble of regions be further defined in terms of their region deformation analy-
can be spatially normalized toward one key region in the sis (discussed below).
ensemble. In one embodiment, the region closest to the target 35  In one embodiment, the construction of the RCM is
region temporally is selected as the key region. The deforma- achieved incrementally. Two or more regions are used to
tions required to perform these normalizations are collected initially seed the combined classifier/deformation analysis
into a deformation ensemble, and the resulting normalized mechanism. The RCM is then updated with new regions that
images are collected into an appearance ensemble, as alter the classifiers and the deformation analysis elements.
described in U.S. Pat. Nos. 7,508,990, 7,457,472,7,457,435, 40  In one embodiment, the incremental update of the RCM
7,426,285, 7,158,680, 7,424,157, and 7,436,981 and U.S. described above is constructed such that regions correspon-
application Ser. No. 12/522,322, all by Assignee. The entire dences for a given model are processed in a traversal order
teachings of the above listed patents and application are dependent on base complexity analysis detailed below.
incorporated by reference. In one embodiment, the traversal order as discussed above

The appearance ensemble is processed to yield an appear- 45 dependent on a base complexity analysis (described below)
ance model, and the deformation ensemble is processed to are part of an iterative process that updates the RCM with
yield a deformation model. The appearance and deformation traversal termination criteria. The termination criteria leave
models in combination become the feature model for the the processing completed to a level that maximizes the
target region. In one embodiment, the method of model for- RCM’s ability to represent correspondences with the greatest
mation is a Principal Component Analysis (PCA) decompo- 50 probability to reduce complexity when appearance/deforma-
sition of the ensemble followed by a truncation of the result- tion models are derived from the correspondences.
ing basis vectors. In a further embodiment, the criteria for Region Translational Refinement
truncation may be the intra-ensemble reconstruction. In one embodiment, sampled regions are gathered together

In another embodiment, the method of model formation into a set of training sampled regions. The spatial position of
(appearance and deformation models) is Compressed Sens- 55 these regions in each frame is refined.
ing (CS), described elsewhere, wherein the model parameters A refinement includes an exhaustive comparison of each
are resolved from partial parameter measurements. sampled region to every other sampled region. This compari-

The target region is projected onto the feature model yield- son is comprised of two tile registrations. One registration is
ing the feature parameters. They are for the deformation and a comparison of a first region to a second region. The second
appearance modeling of the region. Also, the feature param- 60 registration is a comparison of the second region to the first
eters are the encoding of the target region. region. Each registration is performed at the position of the

The feature model parameters for two or more intra-en- regions in their respective images. The resulting registration
semble regions are selected using temporal criteria. These offset along with the corresponding positional offset are
parameters are used to predict the state of the target region retained and referred to as correlations.
given the known interval between the regions themselves and 65  The correlations are analyzed to determine if multiple reg-

the target regions. One example of a state model is a linear
extrapolation of two or more feature parameters given tem-

istrations indicate that a sampled region’s position should be
refined. Ifthe refined position in the source frame would yield
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a lower error match for one or more other regions, then that
region position is adjusted to the refined position.

The refined position of the region in the source frame is
determined through a linear interpolation of the positions of
other region correspondences that temporally span the region
in the source frame.

Spectral Profiling

The Spectral Profiling method is a statistical “mean track-

ing and fitting” method. Other examples of such methods are

20

(TCO). The first feature vector in a TCO feature ensemble is
the candidate feature having largest correlation with the target
vector. In a preferred embodiment, every time a feature vector
“enters” the ensemble, the approximate target reconstruction
via the ensemble-to-date (Ur) is computed as Ur*Ur*t and
then subtracted from the target vector t to form a residual
vector. The next feature vector for the ensemble is then
selected as being the candidate feature having largest corre-
lation with the residual vector. This iterative process of com-

described in the literature are CAMSHIFT, mean shift, 10 puting the residual vector and then selecting the best match to
medoid shift, and their derived methods as applied to detec- the residual is thus termed sequential target-correlation order-
tion, tracking, and modeling of spatial probability distribu- ing (STCO). STCO ensures the most efficient representation
tions occurring in images and video frames. The Spectral of'the target vector for a given ensemble size. It is functionally
Profiling method of the present invention starts with analyz- equivalent to orthogonal matching pursuit (see Prior Art) but
ing intensity elements, pels of the spectral (color) planes of a 15 more computationally efficient for small ensemble sizes.
region of an image plane, across one or more frames. The In another embodiment, residual vectors are not computed
intensity elements are processed first through a discretization and all candidate feature vectors are selected for the feature
of the values via a histogram binning method. Then the his- ensemble based on their correlation with the target vector
togram for a region is used with a tracking mechanism to itself This TCO method, termed global target-correlation
identify more corresponding regions in subsequent frames 20 ordering (GTCO) is faster and simpler than STCO but may
that have a similar histogram. The region’s set of elements result in redundancies in the ensemble. However, both TCO
(position, discretization criteria, and histograms) is itera- methods are generally far superior to the KCO method for
tively refined so it converges on a common set of these ele- selecting the ensemble.

ments. The refined set of elements is the spectral profile. The A bitmask is used to transmit the feature vectors that were
spectral profile method is a feature detection method. 25 selected for the feature ensemble.

There is an advantage to using a one dimensional K-means In one embodiment, the feature vectors in the feature
classification, so the Hue channel of an HSV color-space is ensemble and the target vector itself are passed through a
utilized in the formation of the classifier. Additionally, the discrete wavelet transform (DWT) before SVD-based encod-
pels are classified and histogram bins are filled, and spatial ing. This makes the information in the target vector more
invariant moments are determined. 30 compact and more easily represented by a small subspace of

The core basis functions for the present invention utilize SVD vectors. The DWT is a well known method for com-
preexisting data to derive models for the new data. The pre- pacting signal information over multiple scales. In a preferred
existing data can be obtained through any encoding/decoding embodiment, the DWT is applied with the Daubechies 9-7
scheme and is assumed to be available. The invention ana- bi-orthogonal wavelet. The DWT is applied to each compo-
lyzes this data to determine a set of candidate pattern data, 35 nent separately as, the feature vectors are in YUV color space.
referred to as feature data, which can include data for both the For example, length-384 YUYV vectors require a length-256
appearance and deformation of a spatially localized compo- DWT ontheY component and length-64 DWT’s onthe U and
nent of the video signal. V components.

Given a particular set of preexisting feature data and a Compressed Sensing (CS)
novel target data point, analysis is performed to determine a 40  In one embodiment of the present invention, Compressed
minimal description of the feature data required to build a Sensing (CS) is employed as the method of model formation
model for representing the target data point. Without loss of (appearance and deformation models) in the Feature Model-
generality, the preexisting feature data is referred to as the ing (described elsewhere) process.
candidate feature vectors and the target data point is referred There are three practical applications of CS algorithms of
to as the target vector. Further, the process is applicableto one 45 interest in the present invention: Orthogonal Matching Pur-
or more target vectors. suit (OMP), L1 Minimization (I.1M), and Chaining Pursuit

Given a target vector and a set of candidate feature vectors (CP). Each of the algorithms has its own strengths and weak-
(all deemed to be part of the same feature), a minimal subset nesses, but the L1M is prohibitively slow for most video
of the candidate feature vectors is selected to synthesize the processing applications, so in this field, OMP and CP are the
target vector with low error, resulting in a manifold represen- 50 two CS algorithms of choice, and L.1M is used infrequently.
tation that is both compact and accurate. The effectiveness of CS algorithms is limited in practice by

The present invention aggregates a set of candidate feature computation time, memory limits, or total number of mea-
vectors into what is termed the feature ensemble. In one surements. To combat these limitations and improve the per-
embodiment, the first step in creating the feature ensemble is formance of CS algorithms in practice, the present invention
to select a key vector, a feature vector determined to be agood 55 uses one or more of several possible methods. Briefly, the
approximation of the target vector. The key vector is the first methods achieve benefit through: (1) reducing the number of
vector in the feature ensemble. Other candidate feature vec- measurements specified in the literature to attain a precise
tors are selected for the feature ensemble in the order of their reconstruction; (2) increasing sparsity in the input data by one
correlation with the key vector (so the second vector in the or more specific data reduction techniques; (3) partitioning
feature ensemble is the feature vector having next-highest 60 the data to ease memory limitations; and (4) adaptively build-
correlation with the key vector). Ordering a feature ensemble ing an expectation of error into the reconstruction algorithm.
in this way is termed key-correlation ordered (KCO). One embodiment exploits the fact that, typically, the math-

In another embodiment, the feature ensemble is created ematical requirements for reconstruction are stricter than nec-
using the target vector itself. Candidate feature vectors are essary. It is possible to achieve “good” reconstruction of
selected for the feature ensemble based on their correlation 65 image data consistently with fewer measurements than speci-

with the target vector. Any ordering method making use of
target vector correlation is termed target-correlation ordered

fied in the literature. “Good” reconstruction means that to the
human eye there is little difference visually compared with a
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“full” reconstruction. For example, applying Chaining Pur-
suit (CP) with half the number of measurements specified still
achieves “good” reconstruction.

In another embodiment, the input data is “reduced” to
make it sparser, which reduces the number of measurements
required. Data reduction techniques include passing the data
through a discrete wavelet transform (DWT), because data is
often more sparse in the wavelet domain; physically reducing
the total size of the input data by truncation, also known as
down-sampling; and thresholding the data (removing all
components that are less than some threshold). Of the data
reduction techniques, DWT transformation is the least “inva-
sive” and theoretically allows full recovery of the input data.
The other two reduction techniques are “lossy” and do not
allow full signal recovery. DWT works well with CP but not
with Orthogonal Matching Pursuit (OMP) or [.1 Minimiza-
tion (L1M). So the ideal combination for this data reduction
embodiment is Chaining Pursuit algorithm with the Discrete
Wavelet Transform data reduction technique.

In another embodiment especially well-suited to parallel
processing architectures, the input data is partitioned into
segments, (or 2-D images into tiles) and each segment is
processed separately with a smaller number of required mea-
surements. This approach works well for both OMP and L1M
which typically are impeded by a memory limitation. The size
of the required measurement matrix causes the memory limi-
tation for both OMP and [.1M. One can compute the amount
by which the memory matrix exceeds the memory of the
system. This excess memory requirement is an “oversam-
pling” factor. It sets a lower limit for the number of segments
into which the signal is divided.

In another embodiment, the process builds some expecta-
tion of error into the reconstruction algorithm. The expected
error could be due to above normal noise or inaccurate mea-
surements. The process compensates either by relaxing the
optimization constraint or by stopping the iteration prior to
completion of the reconstruction process. The reconstruction
is then an approximate fit to the data, but such approximate
solutions may be sufficient or may be the only solutions
possible when the input data is noisy or inaccurate.

FIG. 2 displays a notional video compression architecture
that implements compressed sensing measurements at the
encoder. The raw video stream 200 is sent through a motion
compensated prediction algorithm 202 to register the data
203 thereby establishing correspondences between groups of
pels in multiple frames such that the redundancies due to
motion can be factored out. Then preprocessing 204 is
applied to make the data as sparse as possible (at 205) so that
CS measurements and the reconstruction that follow will be
as effective as possible. CS measurements are taken 206 and
become the CS encoding 207 (ready for transmission). Later
during synthesis, the CS algorithm is used to decode the
measurements.

The present invention identifies, separates, and prepro-
cesses signal components from raw video streams into sparse
signals that are well suited to CS processing. CS algorithms
are naturally compatible with embodiments of the invention.
It should be noted that certain aspects of FIG. 2 are related to
embodiments discussed in U.S. Pat. Nos. 7,508,990, 7,457,
472,7,457,435, 7,426,285, 7,158,680, 7,424,157, and 7,436,
981 and U.S. application Ser. No. 12/522,322, all by
Assignee. The entire teachings of the above listed patents and
patent application are incorporated herein by reference.

In the context of video compression, CS delivers a signifi-
cant benefit when the input image has some sparsity, or com-
pressibility. If the input image is dense, then CS is not the
correct approach for compression or reconstruction. CS algo-
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rithms can compress and reconstruct sparse input images with
fewer measurements than required by conventional compres-
sion algorithms which require a number of measurements
equal to the number of pixels in the image). Note that signal
sparsity or compressibility is assumed by most compression
techniques, so the images for which CS provides improve-
ment are the images for which most compression techniques
are designed.

Note also that adding noise to a sparse image makes it
denser mathematically but does not make it less sparse “infor-
mationally.” It is still a sparse signal, and using CS with one or
more of the above practical implementations can produce
useful reconstructions of these kinds of signals.

Base Complexity Analysis

Representative sampled video regions can be analyzed
using a base method. One such method would be conven-
tional block-based compression, as MPEG-4.

Image Alignment Via Inverse Compositional Algorithm

Xu and Roy-Chowdhury (“Integrating Motion, [llumina-
tion, and Structure in Video Sequences . . . ,” IEEE Trans.
Pattern Analysis and Machine Intelligence, May 2007)
extended the LRLS framework to moving objects (e.g., in
video sequences), showing that such objects are well-ap-
proximated by a 15-dimensional bilinear basis of 9 illumina-
tion functions (the original. LRLS basis images) and 6 motion
functions that reflect the effect of motion on the LRLS basis
images.

The recently proposed IC implementation by Xu and Roy-
Chowdhury (“Inverse Compositional Estimation of 3D Pose
and Lighting in Dynamic Scenes,” IEEE Trans. Pattern
Analysis and Machine Intelligence, to be published) uses the
Inverse Compositional (IC) algorithm to estimate 3D motion
and lighting parameters from a sequence of video frames. A
2D-to-3D-t0-2D warping function is used to align (target)
images from different frames with a “key” frame (template) at
a canonical pose. Given a frame of image data and an under-
lying 3D model of the object being imaged, the 2D-to-3D
map determines which 3D points (facets/vertices) in the 3D
model correspond to which image pixels. Once the 2D-to-3D
map has been defined, the object’s pose is shifted in 3D by the
previous frame’s pose estimate, thereby aligning the current
frame with the key frame. The shifted object in 3D is then
mapped back to 2D using the 3D-to-2D (projection) map to
form a “pose normalized” image frame.

Once the target frame has been registered to the template
(key frame) using the 2D-to-3D-t0-2D map, the resulting
pose-normalized frame (PNF) is used to estimate 15 motion
parameters, corresponding to 9 illumination and 6 motion
variables. The illumination variables are estimated via aleast-
squares fit of the PNF to the LRLS (illumination) basis
images. In one embodiment, the illumination component esti-
mated by the LRLS basis images is then subtracted from the
PNF, and the residual is used to estimate 6 motion parameters
(3 translation and 3 rotation) via least-squares fit to the motion
functions. The PNF can then be reconstructed from the 15-di-
mensional “bilinear” illumination/motion basis and its corre-
sponding parameter vector.

The present invention uses aspects of the Xu/Roy-
Chowdhury IC implementation to aid with image registration
applications. In one embodiment, the 2D-t0-3D-to-2D map-
ping is used as a computationally efficient substitute for mid-
point normalization of feature regions. The mapping process
is especially useful for features where accurate 3D models
(such as the Vetter model for faces) exist. In this embodiment,
the model points are specified at some pose (the “model
pose”) and both the key frame (the template) and the current
frame (or target frame) are registered to the model pose.
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Application of Incremental Singular Value Decomposition
(ISVD) Algorithm

In the present invention, the SVD is reduced using a varia-
tion of the common magnitude thresholding method, termed
here percentage thresholding. In one embodiment, the total
energy E of the singular values in a given SVD factorization
is computed as the sum of the singular values. A grouping of
the singular values, referred to in the present text as a
“reduced set,” is created when singular values are added

24

transform [DWT] and curvelet transform [CuT]). Then, the
indices corresponding to the largest P coefficients for each
feature are tabulated, and the P most commonly occurring
coefficients across all the coefficient lists are used to create a
(Px1) classification vector (CV) for each feature (a total of Nt
“reference” CVs in all). Then, each new feature vector v is
classified by transforming the vector, extracting the CV indi-
ces for v, and computing a similarity measure between the CV
for v and each of the reference CVs. The test feature is

sequentially (in decreasing order of magnitude, largest to 10 classified as the feature whose reference CV maximizes the
smallest) until the sum of the singular values in the reduced similarity measure.

set exceeds some percentage threshold of E. This reduction Information from two or more linear transforms with dif-
method is equivalent to magnitude thresholding (see Prior ferent strengths and weaknesses can be combined using
Art), except the magnitude threshold does not need to be orthogonal matching pursuit to improve the performance of
known ahead of time. 15 the empirical transform-based feature classifier. In one

In the present invention, the singular value decomposition embodiment, basis vectors from the DW'T, which is effective
(SVD) is applied to feature data as follows. The MxN data at representing textures, and from the CuT, which is effective
matrix D consists of an ensemble of feature vectors, derived at representing edges, are combined into a dictionary D.
from the regions (tiles) of a given video image frame. The Then, OMP is used to compute a signal representation using
Mx1 feature vectors are column-vectorized from 2D image 20 the functions in D for each of Nt features, as well as a repre-
tiles and are concatenated to form the columns of the data sentation for the “test” feature vector. The classifier then
matrix D. In one embodiment, the data matrix is then factor- proceeds as in the basic transform-based classifier described
ized into its SVD and then reduced, Dr=Ur*Sr*Vr', where the above. Combining the information from multiple transforms
reduction is via percentage thresholding. The left singular in this way can improve classifier performance over that
vectors are then used to encode the Mx1 target vector t, the 25 achieved by each of the individual classifiers.
feature to be transmitted, with the final encoding given by Linear transforms (e.g., DWT and CuT) can also be used
Ur"*t. Typical dimensions might be M=384, N=20, and r=10, for compression and coding of features. In one embodiment,
so that a length-384 target vector is compressed (encoded) once a feature is transformed, the transform coefficients are
with 10 coefficients. ordered by magnitude and thresholded according to an energy

Because not all feature vectors in the ensemble data matrix 30 retention criterion (e.g., enough coefficients are kept such that
D are available at once, the incremental SVD (ISVD) is used 99% of the feature energy is retained). Typically, many fewer
to update the SVD based on the existing singular value transform coefficients are needed to retain 99% of signal
decomposition and the data update. In one embodiment, a energy than pels are needed in pel space. The transform
small number of feature vectors is grouped together to form coefficient values represent the encoding of the feature, and
an initial data matrix D0, for which the conventional SVD is 35 the compression gain is given by the percentage of transform
easily computed. Then, as additional feature data vectors are coefficients kept relative to the number of pixels in the fea-
added to the ensemble data matrix, the ISVD is used to update ture. In a further embodiment, information from multiple
the SVD for the augmented data matrix. In a further embodi- transforms can again be combined using OMP to improve
ment, because new feature data vectors can sometimes be compression gain.
redundant with the subspace already represented in the 40  While this invention has been particularly shown and
ensemble data matrix, a linear independence test is applied to described with references to example embodiments thereof, it
the new data vectors before they are added to the existing will be understood by those skilled in the art that various
ensemble. Once the full set of feature data vectors has been changes in form and details may be made therein without
added to the ensemble, the SVD is updated and reduced (via departing from the scope of the invention encompassed by the
percentage thresholding) to provide the final SVD-based 45 appended claims.
encoding. What is claimed is:

In another embodiment, the SVD is reduced using the 1. A computer implemented method of processing a series
correlations of the left singular vectors (the columns of Ur) of video frames of video data, comprising the computer
with the target vector t. The total correlation energy CE is implemented steps of:
computed as the sum of the correlations. A grouping of the 50  encoding one or more portions of the video data using a
singular values, referred to in the present text as a “reduced first encoding process and one or more other portions of
set,” is created when correlations are added sequentially (in the video data using a feature-based encoding process
decreasing order of magnitude, largest to smallest) until the by:
sum of the correlations in the reduced set exceeds some processing a plurality of decoded video frames in the series
percentage threshold of CE. This method of reducing the 55 to detect one or more instances of a candidate feature,
SVD, termed target-correlation percentage thresholding, fol- said candidate feature being a region of pels exhibiting
lows the same methodology as the basic SVD reduction encoding complexity relative to neighboring pels;
method of percentage thresholding, except that target corre- said detection including determining positional informa-
lations (ofleft singular vectors with the target vector) are used tion for the instances of the candidate feature in the one
instead of singular values for the computations. 60 or more decoded video frames, the positional informa-
Transform-Based Processing tion for a respective instance of the candidate feature

The present invention performs empirical feature classifi- including one or more of: a frame identifier for the
cation on video frame data in transform space. In one embodi- respective instance of the candidate feature, a position
ment, a set of Nt features from a reference frame presented as within that respective frame, or a spatial perimeter of the
input to the classifier. Each of the features is transformed from 65 respective instance of the candidate feature;

pel space to transform space using the linear transform of
choice (possible transforms include the discrete wavelet

determining, using a motion compensated prediction pro-
cess, an instance of the candidate feature in a subject
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video frame in the series using the one or more decoded
video frames, where said motion compensated predic-
tion is initialized with the positional information from
instances of the candidate feature in the decoded video
frame;

aggregating one or more of the candidate feature instances;

transforming one or more of the candidate feature

instances;

forming a first feature-based model based on the aggre-

gated, transformed candidate feature instances, the first
feature-based model enabling prediction in the subject
video frame of an appearance and a source position of a
substantially matching feature instance, where the sub-
stantially matching feature instance is a key feature
instance, the first feature-based model resulting in a
feature-based encoding;

comparing compression efficiency of the feature-based

encoding to an encoding from the first video encoding
process; and

using results of the comparing step, applying feature-based

encoding to portions of one or more of the video frames,
and applying the first encoding process to other portions
of the one or more video frames.

2. A computer implemented method as claimed in claim 1
wherein the substantially matching feature is a best match
determined using a rate-distortion metric.

3. A computer implemented method as in claim 1 wherein
the first encoding process is an MPEG encoding process.

4. A computer implemented method as in claim 1 wherein
the decoded frames were originally encoded using at least the
first encoding process.

5. A computer implemented method as in claim 1 wherein
the one or more instances of candidate features are detected
by identifying a region of pels in the one or more video frames
which has computational complexity as compared to one or
more neighboring pels.

6. A digital processing system for processing video data
having one or more video frames comprising:

one or more computer processors executing an encoder;

the encoder configured to use feature-based encoding to

encode portions of the video frames and a first encoding

process to encode other portions of the video frames by:

detecting one or more instances of a candidate feature in
one or more of the video frames, said candidate fea-
ture being a region of pels exhibiting encoding com-
plexity relative to neighboring pels;

using a motion compensated prediction process, seg-
menting the one or more instances of the candidate
feature from non-features in the one or more video
frames, the motion compensated prediction process
selecting decoded video frames having features cor-
responding to the one or more instances of the candi-
date feature;

determining positional information from the one or
more decoded video frames;

forming a feature-based model based on aggregating the
candidate feature instances, the feature-based model
including the positional information from the
decoded video frames;

normalizing the one or more candidate feature instances
using the feature-based model, said normalizing
using the positional information from the one or more
decoded video frames as a positional prediction,
resulting normalization being prediction of the one or
more candidate feature instances in a subject video
frame in the series;
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comparing the feature-based model to a video encoding
resulting from the first video encoding process for the
one or more instances of the candidate feature, and
determining from the comparison which enables
greater encoding compression; and

using results of the comparing, applying feature-based
encoding to portions of one or more of the video
frames, and applying the first video encoding process
to other portions of the one or more video frames.

7. A digital processing system as in claim 6 wherein the
positional information includes one or more of: a position and
a spatial perimeter of the one or more candidate feature
instances in the one or more decoded video frames.

8. A digital processing system as in claim 6 wherein the
first encoding process is an MPEG encoding process.

9. A digital processing system as in claim 6 wherein the
decoded frames were originally encoded using at least the
first encoding process.

10. A digital processing system as in claim 6 wherein the
one or more instances of candidate features are detected by
identifying a region of pels in the one or more video frames
which has computational complexity as compared neighbor-
ing pels.

11. A method of processing video data comprising:

receiving video data having a series of video frames;

detecting a candidate feature in one or more of the video
frames, said candidate feature being a region of pels
exhibiting encoding complexity relative to neighboring
pels;
segmenting the candidate feature from non-features in the
video frame by employing reference frame processing
used in a motion compensated prediction process;

processing at least one or more portions of decoded video
frames to identify potential matches in the one or more
previously decoded video frames;

determining that one or more of the decoded video frames

include instances of the candidate feature;

forming a representative feature model based on aggregat-

ing one or more of the candidate features by:

aggregating the instances of the candidate feature into a
set of instances of the candidate feature; and

processing the candidate feature set to create a feature-
based model, where the feature-based model includes
one or more of a model of deformation variation or a
model of appearance variation of the instances of the
candidate feature, the appearance variation models
being created by modeling pel variation of the
instances of the candidate feature, the deformation
variation models being created by modeling pel cor-
respondence variation of the instances of the candi-
date feature;

determining compression efficiency associated with using

the feature-based model to model the candidate feature
set;

determining compression efficiency associated with using

a first video encoding process to model the candidate
feature set;

comparing the feature-based model compression effi-

ciency with the first video modeling compression effi-
ciency, and determining which one is of greater com-
pression value;

encoding the video data using the feature-based models

and the first video encoding process based on the com-
pression efficiency.

12. A method as in claim 11 wherein the first encoding
process is an MPEG encoding process.
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13. A method as in claim 11 wherein the decoded frames
were originally encoded using at least the first encoding pro-
cess.

14. A method as in claim 11 wherein the one or more
instances of candidate features are detected by identifying a
region of pels in the one or more video frames which has
computational complexity as compared to neighboring pels.

15. A digital processing system for processing video data
having one or more video frames comprising:

one or more computer processors executing an encoder;

the encoder configured to use feature-based encoding to

encode portions of the video frames by:

detecting a candidate feature in one or more of the video

frames, said candidate feature being a region of pels
exhibiting encoding complexity relative to neighboring
pels;
segmenting the candidate feature from non-features in the
video frame by employing reference frame processing
used in a motion compensated prediction process;

processing at least the one or more portions of decoded
video frames to identify potential matches of the candi-
date feature;

determining that an amount of the portions of the decoded

video frames include instances of the candidate feature;
forming a representative feature model based on aggregat-
ing one or more of the candidate features by:
aggregating the instances of the candidate feature into a
set of instances of the candidate feature; and
processing the candidate feature set to create a feature-
based model, where the feature-based model includes
a model of deformation variation and a model of
appearance variation of the instances of the candidate
feature, the appearance variation models being cre-
ated by modeling pel variation of the instances of the
candidate feature, the structural variation models
being created by modeling pel correspondence varia-
tion of the instances of the candidate feature;
determining compression efficiency associated with using
the feature-based model to model the candidate feature
set;
determining compression efficiency associated with using
the first video encoding process to model the candidate
feature set;

comparing the feature-based model compression effi-

ciency with the video modeling compression efficiency
of' the first video encoding process; and

encoding the video data using the feature-based models

and the first video encoding process based on the com-
pression efficiency.

16. A digital processing system as in claim 15 wherein the
first encoding process is an MPEG encoding process.

17. A digital processing system as in claim 15 wherein the
decoded frames were originally encoded using at least the
first encoding process.

18. A digital processing system as in claim 15 wherein the
one or more instances of candidate features are detected by
identifying a region of pels in the one or more video frames
which has computational complexity as compared to neigh-
boring pels.

19. A data processing system including:

an encoder configured to process a series of video frames of

video data, such that portions of the video data are
encoded using a first encoding process and portions are
encoded using a feature-based compression process by:
processing a plurality of decoded video frames in the series
to detect one or more instances of a candidate feature,
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said candidate feature being a region of pels exhibiting
encoding complexity relative to neighboring pels;

determining positional information for the detected
instances of the candidate feature in the one or more
decoded video frames;

using a motion compensated prediction process to facili-

tate determining an instance of the candidate feature in a
subject video frame in the series by initializing the
motion compensated prediction process with the posi-
tional information for at least one of the detected
instances of the candidate feature in the one or more
decoded video frames;

transforming one or more of the determined or the detected

candidate feature instances;

aggregating the transformed one or more of the determined

or detected feature instances to create a feature-based
encoding; and

comparing compression efficiency of the feature-based

encoding with an encoding from the first encoding pro-
cess to determine which encoding process to apply.

20. A digital processing system as in claim 19 wherein the
one or more instances of candidate features are detected by
identifying a region of pels in the one or more video frames
which has computational complexity as compared to neigh-
boring pels.

21. A digital processing system as in claim 19 wherein the
first decoding process is an MPEG decoding process.

22. A computer program product stored on a non-transitory
computer useable medium configured to be executed by one
or more processors, the computer program product being
configured to cause the one or more processors to process
video data by:

encoding portions of the video data using a first encoding

process and portions using a feature-based compression
process by:
processing a plurality of decoded video frames in the series
to detect one or more instances of a candidate feature,
said candidate feature being a region of pels exhibiting
encoding complexity relative to neighboring pels;

determining positional information for at least one of the
detected instances of the candidate feature in the one or
more decoded video frames;

using a motion compensated prediction process to facili-

tate determining an instance of the candidate feature in a
subject video frame in the series by initializing the
motion compensated prediction process with the posi-
tional information for at least one of the detected
instances of the candidate feature in the one or more
decoded video frames;

transforming one or more of the determined or the detected

candidate feature instances;

aggregating the transformed one or more of the determined

or detected feature instances to create a feature-based
encoding; and

comparing compression efficiency of the feature-based

encoding with an encoding from the first encoding pro-
cess to determine which encoding process to apply.

23. A computer implemented method of processing a series
of video frames of video data, comprising the computer
implemented steps of:

encoding portions of the video data using a first encoding

process and portions using a feature-based compression
process by:

processing a plurality of decoded video frames in the series

to detect one or more instances of a candidate feature,
said candidate feature being a region of pels exhibiting
encoding complexity relative to neighboring pels;
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determining positional information for at least one of the
detected instances of the candidate feature in the one or
more decoded video frames;

using a motion compensated prediction process to facili-

tate determining an instance of the candidate feature in a
subject video frame in the series by initializing the
motion compensated prediction process with the posi-
tional information for at least one of the detected
instances of the candidate feature in the one or more
decoded video frames;

transforming one or more of the determined or the detected

candidate feature instances;

aggregating one or more of the transformed candidate fea-

ture instances;

using the aggregated and transformed feature instances to

create a feature based model configured as a feature-
based encoding; and

comparing compression efficiency of the feature-based

encoding with an encoding from the first encoding pro-
cess to determine which encoding process to apply.

24. A computer implemented method as claimed in claim
23 wherein the step of processing decoded video frames to
detect one or more instances of a candidate feature further
includes:

detecting at least one instance of a candidate feature by

identifying a spatially continuous group of pels having
substantially close spatial proximity; and

said identified pels defining a portion of one of the one or

more video frames.

25. A computer implemented method as claimed in claim
24 wherein the step of processing the one or more decoded
video frames to detect one or more instances of a candidate
feature further includes:

using the motion compensated prediction process, select-

ing, from a plurality of candidate feature instances, one
or more instances that are predicted to provide encoding
efficiency; and

determining a segmentation of a respective instance of the

candidate feature from other features and non-features
in the subject video frame based on the motion compen-
sated prediction process’ selection of one or more pre-
dicted instances of the candidate feature.

26. A computer implemented method as claimed in claim
25 wherein the motion compensated prediction process oper-
ates on a selection of a substantially larger number of the
decoded video frames than in the first video encoding pro-
cess; and

where the selection of decoded frame does not rely on user

supervision.

27. A computer implemented method as claimed in claim
24 wherein the group of pels further includes one or more:
macroblocks or portions of macroblocks.

28. A computer implemented method as claimed in claim
23 further including forming a second feature-based model
by:

using the first feature-based model as a target of prediction

for one or more motion compensated predictions from
one or more candidate feature instances, yielding a set of
predictions of the first feature-based model; and

upon being combined, the set of predictions becoming the

second feature-based model.

29. A computer implemented method as claimed in claim
28 wherein the second feature-based model is used to model
residual of the first feature-based model including one or
more of:

modeling structural variation or appearance variation of

the second-feature based model relative to the residual,;
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encoding the residual with the second feature-based model
yielding appearance and deformation parameters; and

using the appearance and deformation parameters to
reduce the encoding size of the residual.

30. A computer implemented method as claimed in claim
29 where the second feature-based model provides an
optional rectangular area extent of pels associated with that
instance in the decoded frame relative to the spatial position.

31. A computer implemented method as claimed in claim
30 further comprising determining the appearance param-
eters or deformation parameters for synthesis of the current
instance of a feature-based model, and using the appearance
model or deformation model along with temporally recent
parameters to interpolate or extrapolate parameters from the
feature-based model to predict pels in the subject video
frame, including one or more of:

determining the values of the synthesis for temporally

recent candidate feature instances are linearly interpo-
lated or linearly extrapolated based on which method
has yielded the most accurate approximation for those
instances;

in response to detecting diminished effectiveness of the

linear interpolative or extrapolative methods, utilizing
higher order quadratic methods to predict the appear-
ance or deformation parameters; or

in response to detecting diminished effectiveness of the

quadratic methods, employing more advanced state-
based methods including extended Kalman filters to pre-
dict the appearance or deformation parameters;

where the actual parameters for the model are optionally

differentially encoded relative to the predicted param-
eters.

32. A computer implemented method as claimed in claim
31 wherein the parameters from the feature-based model
enable a reduction in computing resources required to predict
pels in the subject video frame, such that more computing
resources are required when using the first video encoding
process to predict the pels in the subject video frame using
one or more portions of the decoded video frames.

33. A computer implemented method as claimed in claim
28 wherein the second feature-based model is derived by
modeling the decoded feature instances; and

where the decoded feature instances are created using a

feature based encoding of one or more of: of a candidate
feature instance in a subject video frame in the series, a
candidate feature instance that is from a decoded frame
that is substantially recent in the series, or an average of
candidate feature instances from the decoded frame
video frames.

34. A method as claimed in claim 33 where the appearance
model is represented by a PCA decomposition of the second
feature-based model, which has been normalized.

35. A computer implemented method as claimed in claim
33 further comprising determining a deformation model of
the spatial variation of correspondences in the candidate fea-
ture instances in the first feature-based model as compared to
the candidate feature based instances in the second feature-
based model; and

using one or more of the following to approximate varia-

tion in the deformation instances for the deformation
model: a motion compensated prediction process, mesh
deformation, and a motion model with a substantially
reduced parameterization; and

integrating the deformation instances into the deformation

model.

36. A computer implemented method as claimed in claim
33 wherein the step of applying feature-based encoding to
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portions of one or more of the video frames, and applying the
first encoding process to other portions of the one or more
video frames further includes one or more of:

applying compressed sensing to the residual of the second

feature-based model prediction;

where the application of compressed sensing utilizes the

average appearance as a measurement and predicts por-
tions of the video data from it;

where variance associated with the compressed sensing

prediction is removed from the second feature-based
model,;

where feature-based modeling focuses on a more compact

encoding of the remaining residual; or

applying the first video encoding process to remaining pels

of'the one or more video frames and to remaining video
frames.

37. A computer implemented method as claimed in claim
36 further comprising the step of making the video data sparse
to increase effectiveness of the step of applying compressed
sensing.

38. A computer implemented method as claimed in claim
23 wherein aggregating the candidate feature instances to
form a set of candidate feature instances further includes

aggregating the instances of the candidate feature into an

aggregate candidate feature; and

using the set of instances of the aggregate candidate feature

to form a region larger than the original instances of
un-aggregated candidate features, where the larger
region is formed through the identification of coherency
among the instances of the candidate feature in the set.

39. A computer implemented method as claimed in claim
38 wherein the coherency is based on appearance correspon-
dences in the one or more instances of the candidate feature
approximated by a lower parameter motion model.

40. A computer implemented method as claimed in claim
23 wherein based on the results of the comparison, applying
the first video encoding process to at least a portion of the
subject video frame, and using the feature-based model to
predict the pels or marcoblocks of the candidate feature
instance in the subject video frame.

41. A computer implemented method as claimed in claim
40 wherein applying the first video encoding process to por-
tions of one or more of the video frames in response to the
comparing step further includes:

assigning a probability for one or more of the decoded

video frames, where the probability is based on the
combined predicted encoding performance improve-
ment for the subject video frame determined using posi-
tional information from the motion compensated predic-
tion process, where the probability provides the
combined encoding performance of motion compen-
sated prediction process utilized during the analysis of
the first feature-based model and a second feature-based
model for the subject video frame; and

determining an indexing of the decoded video frames

based on their probability.
42. A computer implemented method as claimed in claim
40 further including reusing the feature instance’s predicted
pels for predicting other feature instances in the subject video
frame in response to determining that:
one or more instances of the candidate feature overlaps
more than one macroblock in the subject video frame; or

one or more instances of the candidate feature represents
one macroblock when one or more instances of the can-
didate feature substantially matches positional informa-
tion for a macroblock in the subject video frame.
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43. A computer implemented method as claimed in claim
23 wherein the feature-based encoding process is embedded
within the first encoding process.

44. A computer implemented method as claimed in claim
23 wherein the one or more instances of candidate features are
free of correspondence to distinct salient entities (object,
sub-objects) in the one or more video frames.

45. A computer implemented method as claimed in claim
44 wherein the salient entities are determined through user
supervised labeling of detected features as belonging to ornot
belonging to an object.

46. A computer implemented method as claimed in claim
23 wherein the one or more instances of the candidate feature
contain elements of two or more salient entities, background
or other parts of the video frames.

47. A computer implemented method as claimed in claim
23 wherein the one or more instances of a candidate feature do
not correspond to an object.

48. A computer implemented method as claimed in claim
23 wherein the one or more of the instances are transformed
using a linear transform.

49. A computer implemented method as claimed in claim
23 further includes decoding the encoded video data by per-
forming one or more of:

determining on a macroblock level whether there is an

encoded feature in the encoded video data;

in response to determining that there is no encoded feature

in the encoded video data, decoding using the first video
decoding process or an other decoding process;

in response to determining that there is an encoded feature

in the encoded video data, separating the encoded fea-
ture from the encoded video data in order to synthesize
the encoded feature separately from the encoded por-
tions of the video data resulting from the first video
encoding process;

determining feature-based models and feature parameters

associated with the encoded feature;

using the determined feature-based models and feature

parameters to synthesize the encoded feature instance;
and

combining encoded portions of the video data resulting

from the first video encoding process with the synthe-
sized feature instances to reconstruct original video
data.

50. A computer implemented method as claimed in claim
23 wherein the feature-based encoding includes applying
object-based encoding for portions of the one or more video
frames.

51. A computer implemented method as in claim 23
wherein the first encoding process is an MPEG encoding
process.

52. A computer implemented method as in claim 23
wherein the decoded frames were originally encoded using at
least the first encoding process.

53. A computer implemented method as in claim 23
wherein the one or more instances of candidate features are
detected by identifying a region of pels in the one or more
video frames which has computational complexity as com-
pared to one or more neighboring pels.

54. A computer implemented method as in claim 23
wherein the one or more instances of candidate features are
detected by identifying a region of pels in the one or more
video frames which requires a disproportionate amount of
bandwidth for video processing as compared to neighboring
pels in the one or more video frames.

55. A computer implemented method as in claim 23
wherein said detection further includes determining respec-
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tive positional information for the one or more detected can-
didate feature instances in the one or more decoded video
frames, the positional information including one or more of:
a frame identifier, a position within that frame, or a spatial
perimeter of the instance.

56. A computer implemented method as in claim 23
wherein said detection further includes predicting that the one
or more detected candidate features provide relatively
increased compactness when encoded using the feature-
based encoding relative to an encoding resulting from the first
encoding process.

57. A computer implemented method as in claim 23
wherein creating the feature based encoding further includes
using the transformed detected candidate feature instances
and the predicted candidate feature instances to create one or
more feature-based models for the feature-based encoding.

58. A computer implemented method as in claim 23
wherein processing a plurality of decoded video frames in the
series to detect one or more candidate feature instances fur-
ther includes identifying a spatially continuous region of pels
that are in close spatial proximity to each other having coher-
ency.
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