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* Improvements to inter-view coding in MVC
— Heterogeneous camera settings
— lllumination compensation (IC)
— Adaptive reference filtering (ARF)
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Interactions between routing, transforms and quantization
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Genome Copy Number Alteration Detection USC Viterbi
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Genome copy number alterations (CNA) Deletion Duplication MYCN
linked with cancer and other conditions 1p Deletion Arnp“ﬁcanon

Highly noisy data, very large number of
probes.

Signal processing problem:
*Find optimal piecewise constant sparse approximation
*Matching pursuits/basis pursuits inefficient due to high coherence dictionary
*Sparse Bayesian Learning can handle coherent dictionaries and can operate in linear
time.

*Results comparable to state of art (e.g., segmentation based techniques) with 10x speed-up

Neuroblastoma cancer cell-line KAN, Chr 19

R. Pique-Regi, J. Monso-Varona, A. Ortega, R.
Seeger, T. Triche and S. Asgharzadeh, “Sparse
representation and Bayesian detection of
genome copy number alterations from array
data", Bioinformatics, Jan. 2008.
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Distributed Source Coding (DSC) USC Viterbi

School of Engineering

* Information-theoretic results from 1970s
— Lossless: [Slepian, Wolf; 1973]
— Lossy: [Wyner, Ziv; 1976]

» Practical application until recently [Pradhan, Ramchandran; DCC 1999]
— Dense sensor network
— Practical encoding/decoding algorithm

* Application to video compression [Puri, Ramchandran; Allerton 2002], [Aaron, Zhang,
Girod; Asilomar 2002]

— Low complexity encoding
— Distributed video coding, Wyner-Ziv video

»  Other applications to video/image compression
— Error resilience
— Low complexity scalable video encoding
— Hyperspectral imagery compression
— Multiview video coding

USC

Outline USC Viterbi

School of Engineering

e Introduction

Distributed Source Coding
Example application scenarios
Practical DSC techniques

Key Problems

» Applications/Case studies
— Scalable video coding

— Hyperspectral image coding
— Flexible video decoding

USC




Distributed Source Coding: Fig. 1
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Lossless compression of random variable X
- Intra coding: R = H(X)

(i) Predictive (e.g. DPCM):

X

—>

Encoder

R=H(X]Y) X
Decoder |—»

(ii) DSC:

X

x

X

—>

Encoder

Decoder |——»
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Distributed Source Coding: Fig. 1
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School of Engineering

Lossless compression of r;
- Intra coding: R = H(

(i) Predictive (e.g. DPCM):

(ii) DSC:
X

—>

USC

Encoder

- Access to exact value of Y
- Compute the residue
- Use entropy coding to achieve compression

- X-
x_4_.EY_, Entropy |, (04

Coding
‘Y=2 |
X-Y:
lll Ill

Encoder

Y

- Do not have access to exact value of Y
- Know only distribution of Y given X

- Not immediately useful since we want to
compress X

et
v (Xly): ||| v
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Distributed Source Coding: Fig. 1 L

Lossless compression of random variable X
- Intra coding: R = H(X)

(i) Predictive (e.g. DPCM):

X R=H(X]Y) X
— Encoder Decoder |—»
ks 4
Y - :
(i) DSC [Slepian, Wolf; 1973]
ii :
X RzH(X]Y) X
— Encoder Decoder |—»
Y

P(X.Y)
Efficient encoding possible even when encoder
does not have precise knowledge of Y

How can we encode X in this case?

USC

USC Viterbi

Example Slepian-Wolf Coding — L

X={X}, Y={Y}, to compress a n-bits binary vector X
Correlation: binary symmetric channel with crossover probability p

Encoder: - Partition input space into cosets:

- Send coset index:
Space of n-bits vectors:

v
ABCDEFGHABCD -+
2nk cosets
X mod m = coset index XHT=8
Decoder: v - Use Y to disambiguate the information:
v
IICIIIIIIIICII .II

- Compression performance: (n-k)/n
- Number of cosets (min. distance between members

USC of coset) depends on correlation




Application scenarios - 1 USC Viterbi
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Robustness to channel losses:

* Achieving deterministic decoding with non-
deterministic input to the decoder
* Have to estimate noise power at the encoder

X
—*Encoder ecoden—>

Y, P(N) Y +N

[Sehgal, Jagmohan, Ahuja; IEEE Trans. Multimedia 04],
[Majumdar, Wang, Ramchandran, Garudadri; PCS 04],
[Rane, Girod; VCIP 06], etc

USC

Application Scenarios - 2 USC Viterbi

School of Engineering

Flexible playback:

« Exploit correlation between input and
multiple side information

* Decoder can use Y1 OR Y2 OR . ... etc

X X
—*Encode ecoden—*
Y, Yy oo Y,

[Cheung, Wang, Ortega; VCIP 06][Cheung, Ortega,
MMSP’07, PCS’07, VCIP’08

USC




Application Scenarios - 3 USC Viterbi
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Low complexity encoding
« If finding Y to predict X is complex, but..

* P(X,Y) can be estimated in low complexity

—*Encode Decoder—* X
P(X,Y) Y

[Puri, Ramchandran, Allerton 02]
[Aaron, Zhang, Girod, Asilomar 02], etc

USC

x>

Practical Lossy DSC: Components M&
X Q| Slepian-Wolf Slepian-Wolf | q | Minimum-
—_,| Quantizer |5 Er?pz h ° > Deplzn- 0 distortion
code ecoader Reconstruction
t B t
Y Y
P(X.Y)

* Lossy quantization
— In many cases following a transform
* Lossless compression of quantization index Q using SW encoder
— Convert to binary data (e.g., bitplanes):
* Transmit LSB
+ Select codes use syndrome coding
+ Atdecoder, side information Y is used in:
— Slepian-Wolf decoding
— Reconstruct X in the quantization bin specified by Q: use as reconstruction
the expected value given Y, conditioned on bin Q

10



Practical Lossy DSC: Key Problems USC Viterbi
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i Minimum- X
X I = i i = ) X X
_ " | Quantizer 3 Slepian-Wolf L, Slepian-Wolf | Q distortion o
SERLET | PoceEty Reconstruction
* i 1 5
PXY) | Y Y

+ Defining the application:
— Loss in RD performance due to DSC (even in theory)
— What is the other metric that we want to optimize? (complexity, memory,
speed)
* Formulating correlation model estimation problem:
— Lower modeling accuracy leads to coding penalty
— Better modeling may reduce benefits in terms other metric (e.g., complexity)
+ For a given design, how to optimize RD performance:
— When to use DSC and when not to (e.g., use Intra coding instead)?
— Optimize trade-off in terms of RD and/or Complexity, etc
» This Talk:
— Case studies to illustrate the benefits of focusing on these issues.

USC
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Total citations per 5 year period USC Viterbi
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Source: Google Scholar
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e Introduction

Distributed Source Coding
Example application scenarios
Practical DSC techniques

Key Problems

Applications/Case studies
— Scalable video coding

— Hyperspectral image coding
— Flexible video decoding

USC
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DSC Application to Scalable Video Coding

USC

Optimal Scalable Video Coding with USC Viterbi

Multiple Motion-Compensated Prediction (MCP) Loops School of Engineering

Multiple MCP loops approach
[Rose, Regunathan; IEEE Trans. IP 2001]

Frame 1 Frame 2 Frame k
o] ) ]
Encoder replicates all the : :
EL reconstructions T T

Use both BL and EL for prediction: good coding efficiency

USC
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Multiple MCP Loops Approach: USC Viterbi

Non-trivial Complexity School of Engineering

In multiple loops approach, the complexity of replicating all the EL reconstructions
could be non-trivial in multiple layers coding

Repeat motion compensation on the reconstructed data
Frame 1 l Frame 2 Frame k

{oa ol
S . S ~ Separate set of

Repeat inverse transform and memory buffers
inverse quantization T T /

|EL]] |‘“" EL21 F———p 000 ———— '

*Low complexity alternative: Temporal prediction only in
base layer (FGS)

*Our contribution: DSC counter-part to the multiple loops
approach to achieve low complexity encoding (WZS)

USC

WZS: Encoder does not replicate EL reconstruction  USC Viterbi

School of Engineering

Multiple MCP loops Wyner-Ziv Scalable
Input: X "O—> 77 Xk yO— if
% o
BL: % X
pred pred
EL: Xy — Xe,

Disadvantage: EnCPder has to repl'cat.e Encoder does not replicate EL reconstruction
exactly all the possible EL reconstructions, so

that the prediction residue can be computed

USC




Cast scalable coding as a Wyner-Ziv problem USC Viterbi

School of Engineering

Residue compressed by DSC ﬂ[—’(”kh’k)

ne
X

Uy, WzC

¥, |Encoder
X,

as Sl in joint
decoding

Use BL reconstruction |
to compute the residue}

BL o BL » &
Encoder Decoder F
Encoder Decoder

To estimate the difference between input and base layer (u,) we use the
difference between best predictor and base layer (v,)

USC How to estimate p(u,|v,)?

EL predictor acts

Wyner-Ziv Scalable Video Coding (WZS) — USC Viterbi

Overview ool iy

WZ scalable coding: Encoder does not replicate EL reconstruction
- EL predictor available only at decoder
- Side Information: EL predictor

P(uglvy)
Encoder replicates only BL { _,
reconstruction

Key point: DSC requires only the correlation information
instead of the exact reconstructed data in encoding

USC
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Correlation Estimation at Encoder USC Viterbi

School of Engineering

+ Solution
— Approximate optimal predictor
— Using an approximation of EL reconstruction

f/f_1 = Qe (X)) = 3215_1

Compute the approximation by quantizing original
frame to a quality level similar to EL

b &0

pred—x—+ i [ predi—— =3
'{’:—1%’ X

Q

USC

Correlation information can be estimated USC Viterbi

with low complexity School o Engineering

Our approximation can provide accurate statistics for DSC encoding

Correlation computed from EL reconstruction
(available only at decoder)

Ak \ Foreman
0.0e o

04
o7 || —e—encodersi(Fe) \ » 02z —&— encoder Si (Fe)
B dizcoder SI () — m— decoder SI (Fd)
£ 0.08 —{ —k—average (JRd - Pe) XV / £ o2 ] ——d— average (Fd - Pa|
3 oos |- I 8 02 || —e—ma - e
€ oos / g o2 /
fom \ g o /
3 \ § ) /
8 002 g o A/
0.01 / \ 0.08

bit-plane level bit-plane level

Correlation estimated from the approximation
(at encoder)

USC
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Results

USC Viterbi

School of Engineering

Our proposed algorithm out-performs MPEG-4 FGS

Single layer .
K v Akiyo CIF Single layer container aciF
48 . \
46 q‘ 7Y A = I 46 \\ /.‘
* /‘
“ 44 kl
/ l/ “
=42 | = -
o
T R/\ ) g0
340 Multiple loops 538 /‘W .
Baly < DSC G < Multiple loops
FGS single layer 34 1 / //./ DSC single coding| |
% = FGS N » / =~ = FGS 1
34 —a— WZS FGS —a— WZS
—+—McLP o —— MCLP
2 28 1 . . . . :
0 500 1000 1500 2000 2500 3000 3500 0 300 600 900 1200 1500 1800
bitrate (kbps) bitrate (kbps)
USC
Scalable Video Coding USC Viterbi

School of Engineering

» Application definition:
— Key problem in video scalability: Multiple open loop layers (e.g.,FGS) leads
to poor performance (temporal redundancy). Close loop layers require
multiple reconstructions at encoder

— Savings in terms of memory/complexity: temporal redundancy at higher
layers exploited via DSC

* Model Estimation:

— Temporal correlation estimated using the quantized original frame (not
reconstructed one, so that EL reconstructions are not needed)

* RD Optimization
— For each frame select encoding based on base layer (FGS) or temporal
enhancement (WZS)

[Wang, Cheung, Ortega, EURASIP Journal on Applied Signal Proc., 2006]

USC
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DSC Application to Hyperspectral Image Coding

Case Study: Hyperspectral Imagery  USC Viterbi

School of Engineering

Large volume

— Hundreds of image bands

— More than 100M bytes per hyperspectral image
Resource constraints

— Encoding in satellite

— Decoding in ground station

— Memory, power
High correlation between image bands

Image Band 1 Image Band 2

18



Inter-band Correlation USC Viterbi

School of Engineering

30 ‘
—— Cuprite SC01
20— Cuprite SC02 1
10- 1
0- J
-10

1
Y
o

Mean Square Residuals (in dB)

50 100 150 200
Spectral Band Index

Large number of highly correlated bands; thus can achieve better
compression by exploring inter-band redundancy

USC

Approaches for Hyperspectral Imagery Compression USC Viterbi

USC

School of Engineering

Inter-band prediction approach [S.R. Tate, 1997]
— Inherently sequential coding

— Encoders need to perform decoding

— Rate scalability problem

3D wavelets approach [X. Tang et. al., 2003]
— Memory constraints

Initial DSC based approach [Tang, Cheung, Ortega, Raghavendra; DCC 05]

— Goal: parallel encoding of each band with minimum interprocessor
communication

19



DSC Based Hyperspectral Image Compression —

- USC Viterbi
System Overview

School of Engineering

Parallel encoding

P(X1.Xo) MPU 1

/ (Microprocessor Unit) >

On-board correlation

estimation
P(X5.X,) ¥ — Small amt. of data
MPU 2 —> exchange
* Inter-processors
communications
are slow
— Should not hinder
parallel operation
P(X3.X,) > MPU 3 —> — Low complexity
Spectral band t
MPU 4 e
P(X4,X5) ¥

USC

SPIHT Image Compression USC Viterbi

School of Engineering
Set Partitioning in Hierarchical Trees (SPIHT, Said & Pearlman)

— lteratively generate sign and refinement bit-planes

— Coefficients “partially ordered” by magnitude

— Order information conveyed by significance bits

— Truncate at any point: precise rate control

— DWT

SPIHT

il




DSC Based Hyperspectral Image Compression — USC Viterbi

System Overview (Cont'd) School of Engineering

+ Wavelet transform and bit-plane extraction

— Sign
— Refinement How to estimate
— Significance information theie ;:.rlc_)?sover
. . . probabilities
. D?C .(Sleplan'-WoIf coding) or zert?tree CO(.jlng efficiently?
+ Side-information: corresponding bit-plane in
previous band A= T T TS
. /7 Pr raw crossover],
— In another MPU (Spatially separated) \ _ Pisgnoossoved,
N P refinement cmssoveg
,f_——-
e T T
E -~ \ Slepian
! 1 Wolf E’
. ' Wavelet Bit-planes | bit-planes Encoder 3
Band /¥ Transfomn Extraction | gign ! I 2
: information —| Zerotree g
/l/ bitplanes /| _Encoder
............................................ .‘.f......................

Core compression module
Coding strategy

[Tang, Cheung, Ortega, Raghavendra; DCC 05],
[Cheung, Tang, Ortega, Raghavendra; Signal Processing 06]

Model-based Approach to Estimate Correlation Miﬂbl
chool of Engineering
— [Cheung, Ortega; ICIP 06]  Correlation
Small number of pixels estimation
MPU,, P (Model-based)
Est. corr. noise in pixel domain
MPU; 1
Linear Estimate Est. Source Model;
Predictor [®] Correlation | | Est. Comelation Info.
y Noise Model
A
PH raw crossover],
P1 sign crossover],
P refinement crossover]
| Slepian-
: Wolf 2
Band i ' Wavelet Bit-planes | bit-planes Encoder 3
and / i”| Transfomm Extraction - £
: information —»| Zerotree g
/1/ bit-planes Encoder




Coding Summary USC Viterbi

School of Engineering

1. Estimate model: Estimate the parameters of the p.d.f. (e.g., maximum
likelihood estimate) with a small percentage of pixel values exchanged (e.g.,
less than 5%)

2. Derive bit-plane level statistics: Use the estimated p.d.f. to derive the
crossover probabilities analytically

3. Determine optimal coding modes: On which bit-planes do we apply DSC?
Significance map?

Note: All these decisions can be made for each band independently, after a small
number of pixels have been exchanged

USC

1. Model Estimation USC Viterbi

School of Engineering

+ Estimate f.,(x,y)
— X: Transform coefficients of current spectral band
— Y: Transform coefficients of neighboring spectral band

* Assume Y=X+Z
— Z s the correlation noise independent of X

+ Factor f(x,y) = f(x) f,(y-x)
— fi(x) : source model
— f,(z) : correlation noise model

+ Estimate f(x), f,(z) with different procedures

USC
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2 Derive Bit-plane Crossover Probability USC Viterbi

School of Engineering

» Derive estimate of p, (Given fyy(X,y)) Y]
A
+ Crossover (of raw bit-planes) fv(x.Y)
corresponds to regions A; 3x2! A1 As
A3 Ai
2x2!
+  Example: [=2; X=8 A, A,
2 A2
» Crossover probability estimate: 0 o 2%/ 3x2! g%
=8

Pr= Y ([ fror (5. y)dxdy

» In practice, only need to sum over a Y:
. ’ 0123456789
few regions =8
msb 1 000000001111
— 0 000011110000
0 001100110011
0 010101010101
USC

3. Coding Strategy USC Viterbi

School of Engineering

+ Different types of bit-planes
— Sign
— Refinement
Significance map
- Raw
« DSC (inter-band coding) or zerotree (intra) coding?

Pr raw crossover],
P1 sign crossover],
P refinement crossover]

H -~ Slepian-
E j Nl wor E:
Band i i Wavelet Bit-planes | bit-planes I \ | Encoder 3
! Transform Extraction A ifi l £
: information —_p| Zerotree g
/:/ bitplanes  \ I Encoder
............................................ B TS

Core compression module .
Coding strategy

USC




Modeling Results USC Viterbi
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Nuniber of coded b e b
it .
un 3ewr of coded bits Ref (DSC) Numb e;gg coded bits Ref (DSC)
ol _gau Signif. map (ZTQ) |~ *___ Signif map (ZTC)
200 \ / 50000 \\K/
i \:\ l/\‘ 40000 A \
- \K\ 30000
B - - 20000 f \Q
. 4T . / N
2 4 6 8 10 12 14 16
o / Significange . : //4 ¢ % % ¥ gignificante
7 tevet 7 tevet
Raw (DSC) Raw (DSC)

+ At high significance levels, better results by compressing the signif.
map using ZTC

* In the middle range, coding the entire raw BP with DSC can achieve
better result

+ For least signif. BP, both cannot achieve much compression

USC

Results USC Viterbi

School of Engineering

+ Compared DSC-based system with and without adaptive coding
— Non-adaptive: compress signif. map with ZTC for all levels

+ Compared with 3D Wavelet based systems
— 3D ICER from NASA JPL [Kiely, Klimesh, Xie, Aranki; 2006]

Cuprite Radiance (Scene SC01, Band 131-138)
95

—DSC (Adapfie)

|| ——— DSC(Non-adaptive)

3D W

©
o
|

Latest3D ICER (Apr 06)

©
(&)}
|

'l - - PossDICER

SPHT

‘ DSC (Adaptive)

¥~ DSC (Non-adaptive

~
[&)]
|

MPSNR (dB)
(o)
o
|

~
o
L
3
I
-]

()]
(3]

0.1 1 10

—_— Bitrate (bits/pixel/band)
USC




Hyperspectral Image Coding USC Viterbi

School of Engineering

Application definition: Multiprocessor system, spectral bands processed by

different processors, exploit inter-band correlation with minimum inter-processor
communications

— Savings: Reduced communication between processors.
* Modeling:
— Crossband correlation in the bitplane domain, estimated using pixel-domain

correlation approximated as i.i.d., using exchanged pixels

* RD Optimization:
— Choice between DSC coding of refinement bits only or of raw bits

[Cheung, Tang, Ortega, Raghavendra, Signal Processing, 2006]
[Cheung, Wang, Ortega, IEEE Transactions on IP, 2008, to appear]

USC

USC Viterbi

School of Engineering

DSC Application to Flexible Video Decoding

USC
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Free viewpoint switching poses challenges to USC Viterbi

multiview compression Sehoolof Engineering

When users can choose among different decoding paths, it is not clear
which previous reconstructed frame will be available to use in the decoding

View .
L] e L
e | L L] L | A [ R e A |
O O OEIC
g NI Ll ]
v v v

Multiple decoding :> Either Y, or Y, or Y, will be :>

Uncertainty on predictor

paths available at decoder status at decoder!
USC
Problem Formulation USC Viterbi
To support low-delay free viewpoint switching (flexible decoding),
encoder needs to operate under uncertainty on decoder predictor
[Cheung, Ortega; MMSP 07]
Encoder Encoder does not know which Decoder
Y; will be available at decoder
View :
Yo LYJ Y, Y, Y. Y
Time N % I_O, |_7, 2
\\\\I l//// ;\‘.-
L] D] L IREIRE
v
+ Assume feedback is not available
— Low-delay, interactive application
USC — Offline encoding of multiview data

26



Other Flexible Decoding Examples — USC Viterbi

Forward/Backward Frame-by-frame Video Playback stooofengincering

[Cheung, Wang, Ortega; VCIP 06]

User can choose to play back in either direction:
Either past or future reconstructed frame will be available at decoder

S YO 4
X

time

* Decoding path

Y, Y,: best motion-compensated predictor for X

Not B-frame (as in video coding standards)
Not multiple reference frames

USC

Other Flexible Decoding Examples — USC Viterbi

Robust Video Transmission eIt ing

[Wang, Prabhakaran, Ramchandran; ICIP 06]

il P
X

time

error free

error corrupted

* Decoding path

Some reference frames have error, but encoder does not
know which one (assume feedback is not available)

USC
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Address Viewpoint Switching/Flexible Decoding Within USC Viterbi

Closed-Loop Predictive (CLP) Coding Framework

Encoder has to send multiple prediction residues to the decoder

Prediction residue is “tied”
to a specific predictor Decoder

Time L_‘Yo L_JW I—JY2 AN A I—,YO I—,Y’ uyz
\\ Z,=X-Y, ,// o2
A L
=Y tZ,

]zo=x-you J Z,2X-Y, |
L] L]

Z;: P-frame or SP-frame

Encoder

View

>
>

A

X may not be identical
when different Y; are used
as predictor - drifting

Overhead increases with
the number of predictor
candidates

USC

USC Viterbi

School of Engineering

DSC - Virtual Communication Channel Perspective

In DSC, encoder can communicate X by sending parity information

(E.g., [Girod, Aaron, Rane, Rebollo-Mondero; Proc. IEEE 04])
CLP: DSC:
Z
Z=X-Y A % Y A
X—» Enc Dec —»X X Dec »X
4 4
E— Parity
Y information
Parity information is independent of a specific predictor
- What matters is the amount of parity information
USC
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Viewpoint Switching (Flexible Decoding):

USC Viterbi
CLP vs. DSC School of Engineering
Encoder ey Decoder
> :
A A A -
y CLP: 2, 2, 2,
ime . o

\

[ ] ] DSC: Worst case parity ] ]

CLP DSC

Bits required to communicate X with
Y; at decoder : H(X'| Y)) = H(Z)

Roip = 2H(Z) Rosc= max (H(Z) )
<>

——
H(Z) <—

H(z,) H(Zy) H(Zy Hiz) =
1 < >

HZ,) ——

USC

Encoding Algorithm —

. . . e . USC Viterbi
Motion Estimation and Macroblock Classification School o Engineering

M may be classified to be in a skip mode if the difference
between M and predictors from some f; is small

Input current frame

\
\

M Motion vector information
Motion estimation/ | | skip
—| MB classification | v I—E—>
I : : non-skip -DSC
1

Candidate reference frames: fo, f1, f2, veey fN-1 o —

Output
Mode decision bitstream

Majority: using DSC
Also: send Intra if more efficient

USC




Encoding Algorithm — DSC Coded MB

K lowest frequency

USC Viterbi

School of Engineering

Direct b(l
Macroblock M W | coding ()
—>| DCT | Quantization ’_/' A Slepian-Wolf
coding Parity
— %gnificance b(l) g information
odin
. S
Predictor from f; / -
g
— DCT Model
Y. estimation
1
Wof kth frequency Bit-plane —pb(l) Slepian-Wolf
extraction coding

USC

Encoding Algorithm — Significance Coding

High frequency coefficients (k>=K)

USC Viterbi

School of Engineering

Direct b(/)

M X w — coding

—>| DCT | Quantization Slepian-Wolf

coding Parity
P b(l) information
Significance
coding
4 S
Predictor from f;

—»| DCT Model
Y. estimation

o /

Expected number of source bits =
wW=0? pH(1+L)*(1-py)
RO \ * Lead to source bits saving when p, >1/L,
| — O
' yes .
W — |
AN 5 : b(l)
5 o Bit-plane ~ ——> Slepian-Wolf
T extraction coding
— s
USC l R




Experimental Results - Multiview Video Coding USC Viterbi

School of Engineering

Allow switching from adjacent views: three predictor candidates

Ballroom (320x240, 25fps, GOP=25)

View 7 CI-F’.
36 DSC A
</
Time \\\ i //’ « 35 ~ v\I t —+—Intra
AR Z 3 z ntra —=— Inter
o

|:| |:| - w Proposed
. //
31 T T

0 1000 2000 3000 4000

Bit-rate (kbps)

Our proposed algorithm out-performs CLP and intra coding

USC

Drifting Experiments USC Viterbi

School of Engineering

Our proposed algorithm is almost drift-free, since quantized
coefficients in DSC coded MB are identically reconstructed

CLP DsC
35 35
—— without sw itching ——without sw itching
switching switchin
34 34 L 9
['4 ape 4
Akko&Kayo (GOP=30) |3 | Drifiing /7/ ¢
w in CEP—— sl —
32 32
o 10 20 30 0 10 20 30
Switching occurs Frame no. Switching occurs Frame no.

Time View switching occurs at frame number 2

USC
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USC

Scaling Experiments USC Viterbi

School of Engineering

Number of coded bits vs. number of predictor candidates

Bits per frame
50000, Intra
) v
|
60000 Y. CLP -
|
40000
7 —e—Intra
—m— Inter
— Proposed
20000 DSC
N
0 Number of predictor candidates
1 2 3 4 5 6 7 8 9

Bit-rate of DSC-based approach increases at a slower rate compared
with CLP
— An additional candidate incurs more bits only if it has the worst
correlation among all candidates

USC

Experimental Results — USC Viterbi

Forward/backward video playback School of Engineering

Forward/backward playback: two predictor candidates

Coastguard; 30fps, GOP=15
39 Intra
38 DSC VoYl »Y AN
N CLr = X
_. 37
S 36 \X/ = Foposed
% 35 4 i
Z 34 / X —+— H.263 hnter I
2 33 / —= H.263 fwd and backw ard|_|
/ /7 predicted residues
32 / X 1263 Intra -
31 T T T T T T
1000 2000 3000 4000 5000 6000 7000
kbps
Inter-frame coding Coastguard CIF

with one prediction
residue: cannot
support flexible
decoding
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Flexible Video Coding USC Viterbi

School of Engineering

« Application definition: Exploit temporal correlation between frames, where
one among a known set of frames is used as side information

— Savings: Better RD performance than methods that send all possible
residues.

* Modeling:

— Worst case “noise” between data to be sent and all candidate predictors.
* RD Optimization:

— Mode selection tools

* For more details:

[Cheung, Ortega, MMSP 2007, PCS 2007, VCIP 2008]

USC

Conclusions USC Viterbi

School of Engineering

+ Potential of DSC for interesting applications

» Application definition:
— Careful definition/quantification of expected gains in terms of another metric
of interest (lower memory, parallelism, flexibility, etc)

* Modeling:
— Probability models are never “given”. What is a good model in terms of
explaining the data while also being easy to estimate without affecting RD
and other metrics.

* RD Optimization:

— Alternative metrics are useful, but it is RD performance that will “sell” a
coding system

USC
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