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Motivation

Stanford multi-cam. system CMU multi-cam. system Imperial College system

� Very large number of (low-resolution) cameras with processing capabilities, possibly battery
powered, connected to a central receiver.

� Applications
{ Surveillance systems.
{ Autonomous vehicles or systems.
{ Free viewpoint television.
{ 3D TV and augmented reality.
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Motivation

Open questions:

� The observed phenomenon has a particular spatio-temporal structure. Can we understand it?
Can we sample it?

� Cameras observe correlated data. We want to perform compression but we want to avoid
communication among sensors. How are we going to compress this data?

� Reconstruction:
{ New trade-o�s between acquisition precision, number and location of sensors, compression

rate, delay, complexity.
{ The receiver has to handle a huge amount of data. E�cient methods for unsupervised data

analysis are crucial.
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Outline

� Structure of the Data and its Sampling: the Plenoptic Function

� Distributed Compression in Multicamera Systems

� Data Fusion

{ Fundamental trade-o�s in sensor networks and joint source/channel coding
{ Scene Understanding and the Level-set Method

� Conclusions
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Structure of the data: The Plenoptic Function

The plenoptic function introduced by Adelson and Bergen [AdelsonB:91] describes the intensity
of each light ray that reaches any point in space at any time. It is therefore characterized
by 7 parameters, namely the viewing position, the viewing directions, time and wavelength:
P (�; �; V x ; Vy ; Vz ; �; t ) .
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The Dimensions of the Plenoptic function

2D (x,y)

4D (x,y,Vx,Vy)

3D (x,y,t)

5D (x,y,Vx,Vy,Vz)

3D (x,y,Vx)
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The Plenoptic Function: Example 1

Points become lines in the plenoptic domain.
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The Plenoptic Function: Example 2
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The Plenoptic function is highly structured. Objects carveplenoptic manifoldsin the plenoptic
domain. Extract these manifolds to perform scene interpretation and classi�cation.
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Sampling the Plenoptic Function

If the depth of �eld is bounded, that is, the distance of the objects to the cameras is bounded
betweenzmin , zmax , the plenoptic function is approximately bandlimited and can be sampled
[Chai-Tong-Chan-Shum:00].

More recent results: for certain simple non-bandlimited scenes, the plenoptic function can
be sampled exactly [Chebira-Dragotti-Vetterli-Sbaiz:03].
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Distributed Source Coding

Data acquired by sensors are correlated. Communication among sensors needs to
be limited.

� Fundamental theoretical results

{ Slepian-Wolf 1973. Lossless coding.
{ Wyner and Ziv 1976. Lossy coding with side information at thedecoder.

� Constructive codes:

{ DISCUS [Pradhan-Ramchandran:99].
{ Extensions using advanced channels codes [Garcia-Frias:01, Aaron-Girod:02,

Liveris-Xiong-Georghiades:02, Gehrig-Dragotti:05, Stankovic et al.:04-06]
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Background: Lossless Coding of Correlated Sources
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� X and Y are two discrete correlated sources to be encoded at ratesR 1 and R 2, respectively.

� Lossless separate coding can be achieved if and only ifR 1 and R 2 satisfy

R 1 � H (X jY )
R 2 � H (Y jX )

R 1 + R 2 � H (X; Y )

H (X; Y ) = H (X jY ) + H (Y jX ) + I (X; Y )
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Plenoptic Constraints
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� AssumeX and Y are the positions of a point on two di�erent images.

� Key insight: Whatever the complexity of the scene, if the depth of �eld isbounded, the
disparity is also bounded.

� Use the informationzmin , zmax and the camera location to develop distributed compression
algorithms [Gehrig-Dragotti-Icip-04].

� Notice:
{ A similar intuition was used by Shum to sample the plenoptic function [Shum:00].
{ Standard video coding is based on the same principle: velocity 2 [vmin ; v max ].
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Distributed Encoding of the Disparity

� Given,zmin ; zmax and � = t1 � t0, it follows that Y 2 [X + �f
zmax

; X + �f
zmin

]

� Asymmetric coding approach (we assume thatX and Y are discrete sources)

{ SendX losslessly
{ Modulo encodeY : Y mod [�f ( 1

zmin
� 1

zmax
)]
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Distributed Encoding of the Disparity

� The di�erence betweenX and Y is bounded, if we look at their representation in bits the
di�er only in the less signi�cant bits.

� Symmetric coding approach
{ Send the less signi�cant bits ofX (i.e., H (X=Y ) )
{ Send the less signi�cant bits ofY (i.e., H (Y=X ) )
{ Send complementary subsets of the most signi�cant bits (i.e., shareI (X; Y ) )
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Notice that this is true for any memoryless binary source [Gehrig-Dragotti:05].
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Simulation Results

Three views of a simple synthetic scene

X1 X2 X3

� Independent coding: 18bits per vertex

� Slepian-Wolf with no occlusions: 10bits per vertex

� Slepian-Wolf with occlusions: 14bits per vertex
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Lossy Coding in Camera Sensor Networks

Aim:

� Use a compression algorithm that preserves geometry.

� Extend the �ndings of the lossless case to the lossy case.

Our Approach:

� Model images as piecewise polynomial signals.

� Use quadtree-based compression algorithms.

� Quantize (compress) �rst and use distributed lossless compression then.
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Quad-Tree Algorithm with Prune and Join Steps
[ShuklaDDV:05]

(b) Rate = 0.2 bpp

Prune•Join Quadtree Decomposition Reconstructed Image

(c) PSNR = 27.3 dB(a) Tile model

� Tiles can be pruned or merged.

� Each tile is made of two polynomials divided by a straight-line.

16



Quad-Tree Algorithm with Prune and Join Steps
[ShuklaDDV:05]

Prune-Join Quad-Tree
Decomposition

P-J Tree PSNR 28.9dB,
0.11bpp

JPEG2000 PSNR 27.8dB
0.11bpp
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Distributed Lossy Compression

Intuition: In the case of multi-view images

� The structure of the quad-tree follows the disparity constraints.

� If the scene is Lambertian, tiles at di�erent sensors are going to be equal.
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Distributed Lossy Compression

For real multi-view images [Gehrig-Dragotti-Icip-07]

� Transmit most of the quad-tree structure from each encoder to increase robustness.

� Transmit partial information of the tiles to deal with non-Lambertian scenes.
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Distributed Lossy Compression

view 1

R = 0.221 bpp - Psnr = 32.67 dB

view 6

R = 0.218 bpp - Psnr = 32.29 dB

view 2

R = 0.032 bpp - Psnr = 29.34 dB

view 3

R = 0.033 bpp - Psnr = 30.49 dB

view 4

R = 0.035 bpp - Psnr = 29.96 dB

view 5

R = 0.034 bpp - Psnr = 30.02 dB
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Distributed Lossy Compression

View 5 • Independent encoding

PSNR = 28.24 dB

View 5 • Distributed encoding

PSNR = 30.02 dB
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Distributed Lossy Compression [Gehrig-Dragotti-Icip-07 ]
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Distributed vs. independent compression of six views
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Notice: no traditional channel codes used, only epipolar constraints. See also: [Tuncel et al:06].
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A Glimpse at Fundamental Trade-o�s in Sensor Networks

. ..

C=Rbits

. . . .

� The phenomenon can be sampled (i.e.,N sensors are su�cient to represent it).

� Sensors communicate through a (multi-access) channel withcapacityC = R bits

� Fundamental question: what happens when we haveM > N sensors but same channel
capacity?
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A Glimpse at Funtamental Trade-o�s in Sensor Networks

For idealized scenarios:
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We can develop new sampling schemes that allow for an
exact reconstruction of the phenomenon.

We have a distributed encoder that is optimal
independently of the number of sensor used (exact 'bit
conservation principle') [Gehrig-Dragotti-06].

Moreover [Gastpar-Vetterli-Dragotti-06], if measurements
are noiseless

� with separation we achieveMSE � 1=M ,

� an ideal joint source-channel encoder can achieve
MSE � 1=M 2.

If measurements are noisy

� the gap between a separate and a joint encoder is
exponential.
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An Exact Bit-Conservation Result
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An Exact Bit-Conservation Result

R 1 R 2 R 3 R 4 R 5 R tot PSNR
(bits) (bits) (bits) (bits) (bits) (bits) (dB)

345 - - - 120 465 1

276 - - - 108 384 38.8
128 - 128 - 128 384 38.8
108 84 - 84 108 384 38.8
84 72 72 72 84 384 38.8

171 - - - 60 231 22.8
48 48 39 48 48 231 22.8
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An Exact Bit-Conservation Result
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Image Super-Resolution [BaboulazD:06]

(a)Original (512 � 512) (b) Low-res. (64 � 64) (c) Super-res ( PSNR=24.2dB)

� Large number of low-resolution and shifted versions of the original.

� Given the number of cameras and the low resolution, registration is critical.

� Accurate registration is achieved by modelling precisely the acquisition and compression
process.

� The registered images are interpolated to achieve super-resolution.
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Image Super-Resolution

� A pixel Pm;n in the compressed image is given by

Pm;n = hI (x; y ) ; ' (x= 2J � n; y= 2J � m ) i :

� The scaling function' ( x; y ) can reproduce polynomials:

X

n

X

m
c( l;j )

m;n ' ( x � n; y � m ) = x l y j l = 0 ; 1; :::; N ; j = 0 ; 1; :::; N:

� Retrieve the exact moments ofI (x; y ) from Pm;n :

� l;j =
X

n

X

m
c( l;j )

m;n Pm;n = hI (x; y ) ;
X

n

X

m
c( l;j )

m;n ' ( x= 2J � n; y= 2J � m ) i =
Z Z

I (x; y )x l y j dxdy:

� Register the compressed images using the retrieved moments.
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Scene Understanding

Scalable, unsupervised, extraction and classi�cation in the plenoptic domain [Berent-Dragotti-06].

� Objects have low variance along their plenoptic lines.

� Cost function penalizes contour length and variance along plenoptic lines.

� Competitive region growth using level-set method on the plenoptic volume.

� Occlusions are dealt with explicitly

� Notice: no requirement to �nd correspondences.
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Plenoptic Manifolds for Scene Interpretation

(Duck)
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Occlusion and Dis-occlusion

What is behind the yellow duck?
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Occlusion and Dis-occlusion

What is behind the yellow duck?
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Conclusions

� Multi-camera systems bring new degrees of freedom: large number of
acquisition devices, 
exibility. But also new constraints: communication
is critical, data acquired is di�cult to handle.

� It is of fundamental importance to understand the structureof the data, and
the interaction between sampling, compression and transmission.

� We used

{ geometric constraints to develop distributed coding algorithms.
{ advanced mathematical methods to perform sampling, registration and scene

interpretation.
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