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Abstract—This report explores distrib uted compression of
light elds utilizing Wyner-Ziv coding. Wyner-Ziv codingis aform
of distrib uted source coding which allows encoding to be done
without communication betweenimagesensorsaswell askeeping
the encoderis relatively simple. The complexity is moved to the
decoder Such a schemeallows for these large correlated data
setsto be ef ciently encodedwhile keepingthe encoder simple.

The extensionsdescribed in this report are on the problems
of rate control and the intr oduction of a wavelet transform. The
report shows results illustrating the effect of the quality of the
side information on the system.Furthermor e, simulation results
are presentedor a simplerate control schemeFinally, theoretical
resultsfor the waveletsand discussionof implementational issues
are presented.

|. INTRODUCTION

Often imagesof an object are taken from mary different
points of view aroundthe object. If this is done by a large
cameraarray an ef cient representatiotis neededo transmit
theseimagesback to a central sener for aggreation and
storage.Theseimagestogetherare referredto as a light eld
and are are often highly correlated. To efciently encode
them, this redundang mustbe taken into account.Traditional
joint encodingwould not only involve communicatiorbetween
the imagersbut also require complex encodersat each of
the image encoders Alternatively, eachof the imagescould
be encodedseparatelyhowever, the large numberof views
would requirea lot of bandwidthbetweerthe imagersandthe
aggreyationpoint. With distributed sourcecoding,the images
can be encodedef ciently without communicationbetween
the imagersand without making the encodertoo complex.

An exciting applicationof thisis in wirelesssensometworks
(WSN). With the cost of image sensorsand digital cameras
falling, they arebecomingmorecommonplacendubiquitous.
In a WSN equippedwith image sensorsa large number of
image sensornodes could be deplogyed. The images must
be encodedefciently to consere power, but the limited
processingcapability of the nodesmeansthat the encoders
mustalsonot be too comple. In this project,we examinethe
performanceof a systemwhich could allow both constraints
to be met. Distributed sourcecoding is a paradigmwhere
the complity of the encoderdecodersystemis placedin
the decodey so that the encodercan be kept simple. The
theoretical foundations of distributed source coding come
from the Slepian-VoIf theorem[6] for losslesscompression
and the WynerZiv theorem[9] for the correspondingossy
compression.The latter can be thought of as a quantizer
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followed by a Slepian-VIf coder The main ideais the use
of sideinformationto decodeand reconstructa signal.

This report presentshe resultsof our investigationof the
performanceof WynerZiv coding for light eld image data
sets.There has beenrecentwork in this area[8], [10], [1].
The simplest schemeis describedin [8]. This work uses
simpleimageregistrationand sub-samplingo achieve reduce
the amountdatato be sent. At the decoder image super
resolutionis employedto try andachieve the original quality.
This is a simple heuristic but can never perform very well
especiallyasthe numberof views increasesln [10], a scheme
for WynerZiv coding is presented.This provides the basis
for this project. The rst part of this projectis the extension
of the systemdescribedin [10] to include rate control. By
sendingdifferentamountsand quality of side information as
well as changingthe amountof WynerZiv information sent
we presentresultswhich illustrate the trade-ofs in terms of
rate-distortiorperformanceA goodoverview of the systemis
alsogivenin [5].

In [1], a similar idea is applied to random accessin a
light eld dataset. However, in this work, a discretecosine
transform(DCT) wasintroducedto add transformgain to the
systemWith the WynerZiv coder alarge correlationbetween
thesideinformationandthe WynerZiv information,allows for
lessWynerZiv informationto be sent.In the DCT domain,
the low frequeng coefcients are highly correlated allowing
for large gainsin the WynerZiv rate.The high frequenciesre
less correlatedhowever typically theserequire fewer bits, as
they aretypically smallerandaffect picturequality less.Thisis
how traditionaltransformcompressiorsuchas JPEGachiere
high compressiorrates.We extend this work by introducing
a discrete wavelet transform (DWT) instead of the DCT.
Waveletsallow for the separateencodingof the the different
sub-bandgpotentially yielding large coding gains.

This report is organizedas follows: First the systemar-
chitecture is presentedincluding the each of the system
componentsThentheresultsof ourinvestigatiorarepresented
anddiscussedFinally conclusionsandpossibleextensionsare
presented.

Il. SYSTEM ARCHITECTURE

Threesimilar but differentsystemmodelswere usedin our
investigationsCommonto all andfundamentato theschemes,
is the differentiationof views into two types,describinghow
they are encodedand transmittedto the decoder Thesetwo



types are Key views and WynerZiv views. Key views are

corventionally encodedand can be decodedindependently
of WynerZiv views. They are typically higher rate than the

WynerZiv views. Theseviews are in turn usedto generate
the side information at the decoderwhich are then usedto

decodethe WynerZiv views. In the following sections three
systemmodelsare introducedwhich are were usedto obtain

the resultsdescribedn sectionlll.

A. UncompessedKey Views

This is the most basic systemmodel and is know as the
Pixel domainWynerZiv encoderShawn in Figurel, the Key
views are transmittedto the decoderuncompresse@nd are
fed into the side information generatarThe side information
generatoris a rendererwhich usesthe positionsand angles
of the views (sceneand object geometry)to rendera “best
guess”from the relevant available Key views. This becomes
the sideinformation.

In [10], a practicalway to implementthe WynerZiv coder
using turbo coderswas introduced.The encoderonly sends
a sufcient number of parity bits, so that using the side
information and statisticsbetweenthe side information and
WynerZiv view, the decodercanrecover the original encoded
bits. How the statisticsare generatedvill be explainedbelov
when the decodingprocessis describedin more detail. First
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Fig. 2: lllustration of bit-plane extractionfor 4x4 block with
3 bits of depth.

however, all the blocksof the encoderare explained.The rst
block in the WynerZiv encoderis the quantizer We used
a simple level uniform quantizer The quantizedoutput
is then fed into a block which extracts the bit-planesof the
image.Figure 2 illustratesthis proccessEachquantizedvalue
is assigned binary representationTo simplify the decoding
processthe lowestquantizedvaluewasassigned and
the largest . Therefore, bit-planesare obtained
from the most signi cant bit (MSB) to the least signi cant
bit (LSB). Eachbit planeis thensentto the turbo encoderin
sequencdrom MSB to LSB.

The turbo encoderwas a rate-compatiblgouncturedturbo
coder(RCPT).The functioningof this is beyond the scopeof

this reportandis describedn detail in [4].

On the decoderthe rst block is the turbo decoder While
the detailedmechanismof decodingis beyond the scope[4]
of this report, it is worth explaining the inputswhich mustbe
provided for its operationand which ultimately determineits
performanceand the performanceof the systemas a whole.
The decodertakesasits input, the sideinformationgenerated
by the rendererand a setof cross-oer probabilitiesfor each
bit. Theseprobabilitiesaredetermineddy the sideinformation
and the previously decodedbits for that pixel. The error is
modeledasLaplacian.To obtainthe meanandvarianceof the
Laplaciandistribution, the errorwasfoundbetweerthe Wyner
Ziv views andthe generatedide informationusing a training
set. This also con rmed that the error is indeed Laplacian.
For each pixel and bit-plane, the probability is calculated
as illustrated in Figure 3. The lower and upper boundsare
determinedby the previous moresigni cant bit decodedThe
Laplacianis centeredaround the side information denoted
by . Then the integral is taken from the lower bound to
the middle and from the middle point to the upper bound.
The former is the probability of that the bit is zero and
the latter that the bit is one. For the MSB, the range is
the entire quantizationrange.lt is assumedhat the previous
bit-plane was decodedcorrectly At eachstep,the Laplacian
is renormalizedso that the sum of probabilitiesequalsone.
Finally, onceall the bit-planesare decodedhey are arranged
from MSB to LSB and corverted back to quantizedvalues
(). Thentheseare put into the reconstructiorblock.

The reconstructiorblock calculatesE and obtains
the bestreconstructedmage .In practicehowever, a much
simpler heuristic with similar performancewas used. The
heuristicis thatif the sideinformationandthe decodedvalue
arein the samequantizationbin, then sideinformationis the
reconstructedalue.If they fall into differentquantizatiorbins,
the edgeof the bin the reconstructedialue closestto the side
informationis the reconstructedialue.

B. RateContol

In the previous model, we concentratedon the Wyner
Ziv views and the Key views were assumedto be sent
uncompressedn orderto do ratecontrol, however, theremust
also be compressiordone on the Key views. We did this by
usinga JPEG200@ncoderdecoderThe new systemmodelis
shawvn in Figure 4. The resultof the JPEG200Mlocks being
insertedis thatthereis somedegradationin the quality of the
Key views before enteringthe renderer At low bit rates,the
quality of the JPEG2000mageis low so the additionalerror
in the rendererdoesnot mattermuchin termsof the quality
of the sideinformation.As the bit rateincreaseshowever, the
quality of the JPEG2000mageimprovesandthe error of the
renderetbeginsto dominate Figure5 illustratesthis behaior.
Figure 7 shaws the differencein side information quality as
the rate and quantity of Key views is increasedJPEG2000s
describedin detail in [7], and was chosenbecauset takesa
target rate at its input. This was useful for rate control. The
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Fig. 6: Block diagramof the systemwith the DWT block introduced.




Fig. 3: lllustration of how the probabilitiesinputsto the turbo
decoderare calculated.In the top gure, correspondingto
the rst bit-plane,the Laplacianis centeredaroundthe side
information, and we seethat the bit is more likely to be 1,
hencethe bit is decodedas 1. In the next bit-plane the new
lower boundis the middle value from the previous bit plane
and the upperboundremainsunchangedThe new  value
is the midpoint. This canbe donebecauséhe quantizerevels
areencodedastheir binary representations.
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Fig. 5: Comparisorof Key FrameQuality with Renderedside
Information

implementatiorof theencodeme usedwaspartof the Kakadu
Software Package][2].

The problem of rate control was formulated as given a
PSNRof the Key views, whatis therequiredrateof the Wyner
Ziv views in orderto obtaina similar PSNRfor the decoded
WynerZiv views? To investigatethis problem,the numberof
Key views andtheir quality was x ed. Thenthe quantization
level of the WynerZiv views waschosersothatat theinput of
turboencodetthe qualitiesof the sideinformationandWyner
Ziv views (beforeencoding)wereroughly of the samequality.
The resultsof this approachare discussedn Sectionlll.

C. WaveletTransform

The nal systemmodelpresenteds theonewith thewavelet
transformincludedandis shavn in Figure6. As canbe seen,
a DWT is placedbeforethe quantizerin the encoderandafter
the rendererin the decoderFinally, a IDWT is taken of the
reconstructedvaluesto obtain the reconstructedmage. We
usedthe implementationof the shapeadaptve DWT (SA-
DWT) in Qcchack Software package[3]. The wavelet used
was a lifting implementationof the Cohen-Daubechie8-7
(CD9/7)wavelet. Eachsub-bandf the waveletdecomposition
of the WynerZiv view is independentlyencodedusing the
TurboencoderThe decodingis alsoperformedindependently
for eachsubbandusing laplacianstatisticsthat are obtained
from the correspondingub-bandn the training set (and side
information). Finally after reconstruction,all the sub-bands
arecombinedandthe SA-IDWT is appliedin orderto obtain
the nal reconstructedmage.The resultsarediscussedn the
following section.

I1l. SIMULATION RESULTS

In this section, simulation results that were obtainedfor
the distributed compressiorof light elds arediscussedThe
resultsare comparedwith JPEG2000as a corventionalcoder
that can be usedto encodethe views obtainedfrom all the
different cameraviews. In this project,the syntheticdataset
consistsof a Buddhastatuewhich is imagedby 281 cameras
that are placedin a hemispherearoundthe object. Eachview
producesa 512x512image. Since a synthetic data set was
used, perfect geometryinformation available to the decoder
(without ary associatedcost). The performancebene ts of
distributed compressiorof light elds for differentdistribution
of the available 281 views into WynerZiv views and Key
views. The effect of Key frame quality on the total rate of
the systemis alsoinvestigated.

Figure8 compareghe performancesf WynerZiv codingof
half the dataset (i.e. 140 views) with JPEG2000ncodingof
theseimages.Alternateviews of the datasetare usedasKey
views andthe restare usedasWyner-Ziv views. EachWyner
Ziv frame hasit's side information obtainedvia rendering
usingthe neighboringKey views. Moreover, the sideinforma-
tion is assumedo be generatedising the uncompressetey
views. Gainsashighas dB canbe obtainedusingWynerZiv
coding when comparedto corventional JPEG2000encoding.
However, thesegainsare obtainedonly for low bit ratesand



(a) Ratel, 10% Key Views (b) Ratel, 30% Key Views (c) Ratel, 50% Key Views

(d) Rate2, 10% Key Views (e) Rate2, 30% Key Views (f) Rate2, 50% Key Views

(9) Rate3, 10% Key Views (h) Rate3, 30% Key Views (i) Rate3, 50% Key Views

Fig. 7: RenderedBuddhalmagesfor differentKey frame Qualitiesand percentagef Key views. Ratel: 0.017 bpp; Rate2:
0.061bpp; Rate3: 0.374bpp
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Fig. 8: Comparisonof Wyner-Ziv Codingwith JPEG2000

whena large numberof Key views is availableat therenderer
Notethatasthe percentagef total views which areKey views
dropsfrom 50%to 30%, the gainsof distributed compression
decreasedn fact,whenonly 10%of theviews areusedasKey
views, thereis no gainin using distributed compressiorover
cornventional JPEG2000.Therefore distributed compression
resultsin gainsonly at low bit ratesand the numberof Key
views thatareusedis critical in obtaininggoodqualityimages.
Theseresultswere lower than the conditionalentropy of the
WynerZiv views given the side information by a factor of
2.15. This factor can be reducedby using a better Slepian-
Wolf coder

In a practical system,the Key views would also be sent
to the decoderafter performing some encoding.JPEG2000
is usedin order to achieve this in this project. One of the
main motivations for using JPEG2000was that the EBCOT
functionality of JPEG2000allows for scalableencoding of
the side information thereby obtaining the desiredratesand
gualities at the decoder Three different qualities are x ed
for the Key views in this project (at 30.36dB, 34.5dB and
47.14dB) and the effect of thesequalities on the total rate
of the systemfor a given distortion is investigated Figure 9
shaws how the differentquantizationstep-sizegor the Wyner
Ziv views improvesthe nal quality after reconstructiorfor
a x ed Key frame quality (in this case,it was chosento
be 34.5dB). The WynerZiv reconstructionquality is plotted
versusthe total rate of the systemwhich includesboth the
WynerZiv views and the Key views. The effect of different
distributions of the Wyner-Ziv views and Key views was also
investigated As expected,the quality of the decodedWyner
Ziv views improves by using a better quantizationstep-size.

Figure 10 shaws the resultsfor the rate control problem
where the decodedWynerZiv views and Key views are
expectedto have the same (or similar quality). With this
constraint,different quantizationstep-sizeswere chosenfor
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the Key views basedon the quality of the Key views and
the numberof Key views that are available. The total rate is

plotted for the systemversusthe PSNR that is desired.We

note that when we have 50% of the views as Key views, a

gain of asmuchas dB can be obtainedusing Wyner-Ziv

coding over JPEG2000However, when the numberof Key

views decreasesthe quality of the side information reduces
therebyreducingthe bene ts of distributed compressionFor

the 30%distribution of Key views, minor gainsarevisible only

atvery low rateswhereaghe 10% Key framedistribution case
resultsin a very bad performanceln orderto obtainthis rate
distortiontrade-of, differentqualitieswereusedto encodethe

Key views.

Figure 11 presentghe resultsfor an alternateview of the
rate control problem.Here, the 281 camerasare assumedo
take turns in sendingWyner-Ziv views and Key views in
a round-robinfashion. Therefore,of interestis the average
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image quality that is obtained at the decoderfor a total
rate of transmissionfor the system.In order to obtain this,
the qualities of the WynerZiv views obtainedwith different
guantization step-sizesfor a x ed Key frame quality are
averagedand quality of the the Key views is varied. This
resultsin a numberof Rate-PSNRpointsandfrom which the
corvex hull of is obtained.Again, with 50% of the views
being Key views, the gain canbe aslarge as dB. Whenthe
percentag®f Key views reducego 30% and10% of the total
numberof availableviews, thenthe gainsof distributedcoding
reduceddrasticallywhencomparedo JPEG2000.

The previous two curves also indicate that there exists an
optimumdistribution of Key views thatleadsto the bestgains
for distributedcompressionSinceencodingall theviews using
JPEG2000amountsto usingall the views as Key views, this
curve correspondgo the 100% Key frame distribution case.
Thereforethe bestdistribution of Key views mustlie between
30% and 100%. We expect the optimum distribution of Key
views to remain close to 50%. A much lower distribtuion
of Key views will affect the obtainedquality of the decoded
WynerZiv imageswhile a muchhigherdistribution will affect
the total rate of the system.

Figure 12 shavs the Rate-PSNRperformanceof the Pixel
domain basedWynerZiv encodercomparedwith the DWT
basedWynerZiv encoder The PSNR results are obtained
after performing reconstructionusing the quantizedWyner
Ziv views and the renderedside information while the rates
are obtainedusing the conditionalentropiesof the quantized
WynerZiv views given the side information. Therefore,the
ratesthat are mentionedin this curve are smaller than the
actual simulation performancedyy a factor of 2.15 as men-
tioned before.We showv only theseresultsas the simulation
resultsfor the DWT basedWynerZiv encodemwere not good
dueto the inef ciencies of the Turbo decoderWe notice that
the Pixel domainWyner-Ziv coderhasa betterrate distortion
performancewhen comparedto the DWT basedWynerZiv
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Fig. 12: Conditional Entropy versusPSNRfor the
DWT and Pixel domainbasedWynerZiv coders

encoderAlthoughthis seemdo be a very surprisingresult,we

believe that this resultis obtainedbecausehe SA-DWT that

wasusedresultedin a mismatchbetweerthe sideinformation

and the WynerZiv views therebydegradingthe quality. The

different points on the curve were obtained by giving a

differentnumberof bit planesto eachof the 4 sub-band®f the

one-level waveletdecompositiothatwasperformed A CD9/7

wavelet was usedfor the DWT encoder Figure 13 shavs

the reconstructedMynerZiv imagesfor differentratesof the

JPEG200Key frame encoderand for different distributions
of the Key views. Tablel compareghe conditionalentrofy of

eachsubbandof the 1-level DWT coderwith the correspond-
ing values of the Pixel domain coder for different number
of representatiotevels at the quantizer For the subbandsf

the DWT basedcoder the samestepsizeis chosen(in this

casel6). This resultedin the lowestsub-bandeingallocated
32 representatiorievels while the second,third and fourth

sub-bandswere allocated 8, 8 and 4 representatiorlevels

respectiely. It canbe notedthat the wavelet coefcients lead

to signi cantly lower ratesthan the Pixel domain coder for

the given quantizationstepsize. This resultedin a betterrate,

however the quality also signi cantly degradesand therefore
the pixel domainencoderasa betterR-D performanceThis

obsenation was also obsered to hold for all combinations
of the numberof representatiotevels allocatedfor eachsub-

band.Several differentlevels of decompositiorweretried and

similar R-D performancesvere obtained(which was worse
thanthe Pixel domaincoder).

IV. CONCLUSION

In this project, we investigatedthe performanceof Wyner
Ziv codingwith differentamountsand qualitiesof side infor-
mation. This wasformulatedasa rate control problem,where
the PSNR of the Key and WynerZiv views were madeto
be comparableThe resultsshav thatif the side information



of Wavelet Sub-band#
Numberof representatiotevels for Pixel domain 0 | 1 | 2 | 3
2 0.0141 0.01479 | 0.1368 0.14193 | 0.174898
4 0.0568 0.05567 | 0.1426 0.1505 | 0.1830167
8 0.0986 0.094419| 0.16877 | 0.18495 | 0.234052
16 0.1835 0.17926 | 0.219176| 0.262096 NA
32 0.3089 0.30707 NA NA NA

TABLE I: Entropy calculationsfor the conditional entropy of the Pixel domainencoderand the individual sub-bandgor a
1-level wavelet decompositiorfor the DWT encoder

(a) Ratel, 10% Key Views (b) Ratel, 30% Key Views (c) Ratel, 50% Key Views
(d) Rate2, 10% Key Views (e) Rate2, 30% Key Views (f) Rate2, 50% Key Views
(9) Rate3, 10% Key Views (h) Rate3, 30% Key Views (i) Rate3, 50% Key Views

Fig. 13: ReconstructedBuddhalmagesfor differentKey views qualitiesand percentagef Key views



quality is not good, then the performanceof the WynerZiv
coder deterioratesrapidly and quickly falls belov the rate-
distortion performanceof just using JPEG2000to encode
all the views. Furthermore the gains of WynerZiv are most
signi cant at low bit rates,and are quickly lost at higher bit
rates.

The wavelet transformlooked to yield signi cant perfor
mancegains.Unfortunately simulationsand theoreticalwork
have shavn that the straightforward introductionof the DWT
deteriorateperformanceThis could be due to a numberof
factorsand mustbe further investigated.
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VI. POSSIBLE FUTURE EXTENSIONS

Based on the results obtained and our work during the
courseof this project, we ervision future work on this topic
to be:

1) Improving the Turbo encoder/decodein order to get
closerto the ratespredictedby the conditionalentropy

of the WynerZiv views given the renderedside infor-

mation. Currently the resultsobtainedin this projects
areoff from the conditionalentrogy by a factorof 2.15.
Getting the WynerZiv coder to work in the DWT

domain. The current implementationsuffers from a
shortcomingeither in the Turbo encoder/decodeor in

the simulation model. This needsto be addressedn

orderto obtainbettersimulationresultswhich canthen
be translatednto practice.

Currently in this project,given a setof Key views and
WynerZiv views, we choosethose Key views whose
cameracoordinatesare closeto the WynerZiv camera
coordinatesn order to obtain the side information via

rendering.This heuristic seemsto work quite well for

the pixel domainencoderHowever, whena DWT based
WynerZiv coderis used,one can get smarterin the

choiceof the Key views that shouldbe usedfor render

ing. For example for eachsub-bandye couldpick those
Key views whose DWT coefcients have the highest
correlation with the DWT coefcients of the current
WynerZiv frame. This might lead to an improvement
in the quality of the side information which would

then improve the performanceof distributed coding
signi cantly.

2)

3)

VII. WORK DIVISION AND PROJECT LOG

Literature Suney - Sumanthand Primoz
GettingJPEG200Kakadusoftwareto work andobtainingit's
R-D performancdor the given dataset- Primoz

Deciding and implementing the heuristic for choosingthe
necessarKey views that arerequiredto obtainthe rendered
side informationfor a given WynerZiv frame - Sumanth
Implementingthe Uniform QuantizerandBit PlaneExtraction
- Primoz

Obtaining the Laplacian error statisticsbetweenside infor-
mation and WynerZiv views for the pixel domainencoder-
Primoz

Sendingthe required bit planesto the Turbo encoderand
Successie decodingof the bit-planesat the Turbo decoder
after passingthe requiredprobabilitiesbasedon the acquired
Laplacianstatistics- Sumanth

Reconstructioroperationfor obtainingthe nal image from
the decodedbit planes- Sumanth

Using the Poissondisk samplingmethodand generatingthe
Light eld.info (a le thatdecideswvhich Key views areneeded
to rendera certainWynerZiv view) le for the renderingfor
differentdistribution of Key views - Primoz
ChoosingdifferentWynerZiv quantizatiorstep-sizebasecbn
Sideinformation quality - Sumanth

Implementingthe DWT basedWynerZiv coder using SA-
DWT from QccRack and choosingdifferent number of bit
planesfor eachsub-bandbasedon their statistics- Primoz
Calculationof conditionalEntropiesfor the Pixel domainand
DWT basedWynerZiv coders- Sumanth

Obtaining the error statistics(betweenside information and
WynerZiv views) for the DWT Wyner-Ziv encoder- Primoz
Resultsgenerationand analysis- Sumanthand Primoz

In this project,the work was essentiallyequally split between
the projectteammembers.
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