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Abstract. This paperpresentsan imagetransmissiorcontrol mechanisnmwhich — in contrastto
existing systems- adaptsdynamicallyto the capabilitiesof the client display as well asto the
availabletransmissiorbandwidth.This mechanisnis basedon existingimagecompressioralgo-
rithms whosestrengthsand weaknesseare summarisedFor JPEGimagecompressionthe pre-
dictability of the compression ratio dependingimagecontentandcompressoparameterization
are discussedAn experimentaimagetransmissiorsystemis presentedvhich showsthe feasi-
bility of adaptive image transmission.
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1 Introduction

Globally distributed information spaces (e.g., the WWW) make extensive use of images, which,
however,demancdhigh bandwidthwhentransmittedover the network. This problemgetseven
harderwhen using mobile computersand wirelessdatatransmissionTo decrease¢he band-

width demandsof image transmissionJosslessand lossy image conpressionmethodsare

widely used.

Lossless imagecompressorgreserveall the informationin the imageandonly removeredun-
danciesby using entropyencodingmethodslike LZW. Most imagefile formats(e.g., GIF or

PNG [Cro95]) perform somekind of losslessimage compresion in order to save storage
capacity. Additionally, dedicatedlosslesscompressionmethods have been developedfor

special image classes, e.g., JBIG for monochrome images [CCI92].

Lossy algorithmstry to remove information from the image which is ,unimportant* with
respectto the humaneye. Thus, they achievemuch higher compressiorratios than lossless
methods.There are three basic approachego lossy image compressionThe ISO standard
JPEG [PMIi93] divides an image into blocks 8fby 8 pixels,which arethenconvertednto the
frequencydomainusing,e.qg.,the discretecosinetransform(DCT). The loss of informationis
introducedby quantizingthe DCT coefficients. After quantizationan entropyencodingstepis
performed.Wavelet basedcompressior(c.f., e.g.,[HJS94]) becomesnore and more popular
in imageandvideo coding. This compressiommethodis basedon the wavelettransformation,
usuallyimplementedby quadraturamirror filters containinga high-passand a low-passfilter.
By successivdiltering andsubsamplingthe imageis partitionedinto a hierarchy(pyramid) of
smaller images. The loss of information is introduced by quantisation.Fractal image
compressiofJaq90],[Fis95] is basedon iteratedfunction systemsandexploitsself-similarities
in the image.Image blocks of different size are consideredsimilar to other blocks or their
translatedrotated,mirroredand/orscaledcopiesaccordingto a similarity function. The error
metric of this function determinesthe loss of information. However, searchingfor similar
blocks in an image is a process of high time complexity.



In mostdistributedinformationsystemsjmagesare compresseaff-line with a fixed compres-
sionratio andthenputinto the informationspace This static approach doesnot caterfor the
needsof clients connectedo the systemby links with different bandvidth. Furthermorethe
varying display capabilitiesof differentclient computersarenot consideredaccordingly.Thus,
unnecessargatatransferoftenleadsto long responsdimesandtransmissiorcosts,especially
in low bandwidth networks. To overcomethese deficiencies,we developedan adaptive
approach to image transmission.

2 A Concept for Adaptive Image Transmission

2.1 Overview

Adaptiveimagetransmissiorcanstretchthe limits imposedby low bandwidth, restrictedclient
display resourcesand processingpower: it can saveresourceduy using image compresion
methods and adapting the images to the client's display capabilities.

The basicideais to do all necessaryeductionat the server side.In afirst stepcalledimage
reduction, all thosepartsof the imagecanbe removedwhich can'tbe displayedat the client.
This includesreductionof the resolutionaswell asreductionof the numberof colours— con-
trolled by context parameters (e.g.,screemnresolutionand numberof displayablecolours)sent
by the client. Although straightforward this methodcanalreadydecrease¢he imagesize by a
considerableamount.Take, for instance,a 1280x1024pixel true colour image,which hasa
sizeof 3.75 Mbytes. Adaptingit to a 640x480,256 colour laptop display reduceshe image
data size to 300 Kbytes — without using a dedicated image compressioninethod

In the following compression step,lossyor losslessdatacompressiorcan be appliedin order
to decreasdransmissiorbandwidthdemandgurther. As different image compressioralgo-
rithms are best suited for different types of images,the best compressomust be selected
automaticallydependingon the imageand on further context parameters suchas bandwidth
and maximum time the user is willing to wait for the image.

The loss oinformationintroducedby lossyimagecompressorsanbe controlledby a parane-
ter set. In orderto provide the userwith responsdimes conform with his expectationsijt
would be desirable to knowhich compressiomatio corresponds$o a certainparametewalue.
However, the problem is that there is no direct match between a parpatdanetervalueand
the compressiomatio achievedusingthis parameterA methodfor compressor configuration
which approximates this match is required, but this problem has shown to be non-trivial.

Adaptive image transmissionmeansto carry out the adaptationto the client's display, the
selection and the configation of the compression algorithm automatically.

2.2 Evaluation of Image Compression Algorithms

In orderto selectcompressiormethodsto usein adaptiveimagetransmissionywe looked at
somelosslessmagecompressor$PNG, GIF and JBIG) and conductedexperimentgo evalu-
ate three lossy compressordasedon JPEG,fractal compressiorand wavelet compresion.
Table1 showsthe evaluationcriteriaand summariseshe results.In figure 1, the compression
ratio asa function of a control parameteis plottedfor six differenttestimages.As it canbe
seen, JPEG is tHeast image dependent one of the three lossy compressors evaldated

1 Of course, this step can also be seen as a lossy compression method, as it leads to a loss of image information.
2 These experiments and their results are described in detail in [RSS96].
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Figure 1: The compression ratio of lossy compressors as a function of a control parameter for six test images

Basedon the resultsof our evaluation,we choseJBIG, GIF, PNG and JPEGfor the usein
adaptiveimagetransmissionJBIG hasbeenchosenbecauset offers better compressionon
monochromeamagesthanGIF andPNG, GIF hasbeenselectedasthe leastcommondenomi-
natorof Webbrowserimageformats,PNG asa better-compressingnd patent-freealternative
to GIF, andJPEGbecauset is the fastest,leastimagedependenand mostwidely supported
lossy compressor.

Criteria

Preferred | Availability in | Support for Image con-

image type | current web progressive tent depen-
Methods | Lossy browsers encoding Speed | dence Configurable® | Symmetric4
JBIG No 1bit Rare Yes Fast [n/a No Yes
GIF No 8bit All Yes Fast [n/a No Yes
PNG No 8bit-24bit> | Some Yes Fastt |n/a No Yes
JPEG Yes | 24bit Most® Yes Fast | medium? Yes Yes
Wavelet | Yes 24bit Rare / None Yes Slow | high? Yes No
Fractal |Yes |24bit Rare No Slows | high? Yes No

Table 1. Characteristics of image compression methods

2.3 Compressor Selection Depending on Image Content and Bandwidth

After the stepof imagereduction,a compressohasto be selectedto compresgshe reduced
image. Two factors influence this decision: the properties afkithecedmageandthe context
parametersnaximum waiting time T andavailable bandwidth B. Havingtheseparameers,the
target filesize F in bytes is computed &=T ‘B/8.

Now, we look for the compressowhichis ableto compresghe imagedownto the targetfile

size at the maximumpossiblequality (i.e., losslesscompressorsire preferred).Dependingon
the numberof coloursin the image,a setof candidatecompressorss selectedfor the image
(see column ,Preferred image type* of table 1).

A compressor is callecbnfigurable when it offers a set of configuration parameters to control the compression ratio.

A compressor is callesymmetric when thecomputing time for comprs®n and decompression is nearly equal.

24bit colour images are supported, but PNG is only fast erfougtteractive applications on 8bit images.

Most browserssupportbaselineJPEG.Progressive]PEGsupportis being addedto more and more browsersat the moment. There are no
browsers which support hierarchical JPEG.

See figure 1.

Additionally to being slow, the compressiortime of a fractal encoderdependsto a high degreeon the compressiorratio (the higher the
compression ratio the faster the algorithm, see [RSS96]).
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One could think that the lossy compressioralgorithm JPEGis alwayssuperiorover lossless
algorithms— but thatis not the case.As JPEGhasbeendevelopedfor continuous-tondrue
colour images,it deliversbestcompressioron this imageclass.On imageswith 256 or less
colours,losslesscompressordike PNG are often superiorover JPEG.We conducteda test
whichillustratesthis fact: Six imageswerequantisedo threeup to ninebit planes.Theresult-
ing imageswere compressedising PNG on the one hand and JPEG with different quality
parameteralueson the otherhand.The curvesin figure 2 representhe averageconpression
ratio for the six images.Furthermorefwo curveshavebeenaddeddepictingthe compression
ratio of the imagesbestand worst compressiblausing PNG. It can be easily seenthat the
compresion ratio of JPEGis independenfrom the numberof colours,and that for images
with only a few coloursPNG is superiorover JPEG.However,the break-even-poinbetween
JPEG and PNG can not be derived from the graph as the variation between individual images is
quite high.

PNGvs.JPEG

—e— JPEG50
—a— JPEG60
—a—JPEG70
—x—JPEG80
| | —x— JPEGOOD

—e— JPEGY95

Compression ratio

PNGavg

— — — —PNGbest

,,,,,,, PNGworst

Number of bit planes

Figure2: PNG vs. JPEG

Theseresultssuggestthat a compressioralgorithmhasto be selecteddependingon the con-
tent of the image.However,the magnitudeof the variationmakesit impossibleto do this just
by lookup in pre-recordedables.Instead,imageanalysisis requiredto computea predictor
which predictsthe achievablecompressiomratio. We tried severalsimple predictors(like the
varianceof the Y channelof theimage),but theydid not deliverthe requiredaccuracy At the
moment, more complex predictors are being evaluated.

Meanwhile, we adopt a simpéproacheachrequestedmageis compressedsingall losdess
methodsapplicableto it (that arethreeat most), andthe compressedmagesare storedin a

cache. As a result of the compression kwew the compressiomatio of thatimageachieable

using losslessalgorithms.As all threealgorithmsare fast andwe can reusethe cormpressed
images, this method seems feasible.

2.4 Configuration of the JPEG Image Compressor'®

2.4.1 Basic ldea

For losslessmagecompressoselectionthe methoddescribedaboveworks. Whenextending
this selectionprocessto caterfor lossy image compressorsoo, thereis some more work

® Compression time is as follows for a 512 by 512 pixel image on an SGI Ingtation: 8bit image — 1.7s PNG, 1.1s GIF;
1bit image: 0.4s PNG, 0.8s GIF, 0.4s JBIG.
%We use the JPEG implementation of the Independent JPEG Group, see [IJG96].
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involved. The problemhereis thatthe compressocanbe parameterizedio control the loss of
information,which affectsthe achievedcompressiomatio. In the caseof JPEG thisis doneby
using a qual i t y** parameterin order to satisfy the bandwidth constraintgiven by the
contextparametersywe mustdeterminewhich parametewalueto usein orderto achievethe
requiredcompressionatio. As the compressiomatio variesbetweendifferent imagesfor the
same parameter value (c.f. figure 1), a prediatn@thodis neededvhich compensatethis va-
riation.

For approximatingthe function R,(q) (the compressiorratio R of an unknownimageu asa
function of the parameten), we proposethe following method:Taking a setof n testimages
with differentcontent,eachimagei is compressederatingthe parameter from 1 to 100 and
the achieved compression raRdgq) is recordedFor eachparameteralueq, the averageA(q)

and the standard deviati@{q) of the compression ratio is then computed fromRKg). Two

tables are the results of this preparation step which can now be used to apprexighate

Havingthe unknownimageu, we first do a samplecompressiotf of u usinga known parame-
ter valueq, andrecordthe achievedcompressiomatio R,(q,). ThedifferencelA,= Ru(0o)-A(0o)
is computed and normalised according to the value of the standarddeviation at Qo:
A=A,/D(0o). Ru(g) cannow be approximatedy addingthe standarddeviationscaledby A to
the averagevalues: 0q:1<q<100:R,(q)= A(q) +AD(q), resultingin a new table. From this
table, the required parameter vaiyean be looked up. Figure 3 illustrates the idea.
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Figure 3: Parameter value prediction

2.4.2 Methods for Increasing Accuracy

There are several opportunities to select the sample paramétee figure 4). The initiane-

step approach(usingone predictionstepafterthe samplecompressionjakenwasjustto usea
fixed valuefor g, (like 30 in figure 3). However,the variation of the predictionaccuracywas
quite high using this approach- prediction was bestin the neighbourhoodof the sample
parameter value.

In orderto decreasehe differencebetweend, and gy, we experimentedvith a two-step pre-
diction, which usestwo predictionsteps— one beforethe test compressiorand one after it.
First, we look up the parameten, usingthe methoddescribedabove,settingA=0. This value
of g, — which will lead to the required compressionratio when used as parameterfor

™ The termquality parameter is somewhat misleading as this parameter does not influence the image quality directly. indisscaimfluence,
however, by controlling the quantisation.
2 This takes one second for a 512 by 512 pixel image on an SGI Indy workstation.
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compresmg the "averagamage”— is usedasa first approximatiorfor g. A betterapproxma-

tion for q is computedby doing a samplecompressiorusingg, and proceedingasin the one-
step approach.

fixed test com- parameter image image
parameter | pression prediction compression transmission

1 step

initial
2 step | parameter
prediction

test com- arameter image image
m-§, paramelerg e Y S
pression pred|ct|0n compression transmission

parameter
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test com- error image
pression test transmission

image ’A
cache

Figure 4: One step, two step and n pass method
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An opportunityto increaseaccuracyfurtheris to usea multi-pass method,which is an exten-
sion of the two stepmethod.To refine the resultof the initial samplecompressionmultiple
samplecompressionareperformedwhenthe error of the previouspredictionis too high. The
predictedparameterof one stepis usedasthe sampleparameterof the next step. Iteration
mustbe stoppedwhenthe time neededfor additionaltest compressiongxceedshe possible
gainin transmissioniime. Theresultof the lasttestcompressiors cachedand canbe immedi-
ately transmitted when the accuracy is high enough.

2.4.3 Experimental Evaluation

We conductedexperimentsto evaluatethe methodsdescribedabove. For this reason,we
extendedour testimage databasdrom [RSS96]to include imagesof different classesand
numbersof colours: scannedhotographsand paintings,computer-generatenagery,draw-
ings, cartoons,mapsand screendumps.Furthermore we included downscaledand cropped
versionsof eachimageinto the testimageset. On eachof theseimageswe ran the one-step,
the two-stepanda two-passmethodwith requestedcompressiomatiosfrom 1:2 up to 1:300.
We recordedhe predictedquality parameteandcompressiomatio aswell asthe compression
ratio achieved Recordswhereexcludedwhenlosslesscompressiormethodswere more suit-

able for the image than JPEG or when the requested compression ratio could not bebyeached
the image.
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Figure5: Average, minimum, maximum and distribution of the relative error for the different methods

2.4.4 Discussion of the Results

The resultsof the evaluationare shownin the figures5 to 7. As a measureof quality of our
prediction,we computedthe relative error® e of the predictedcompressiorratio R, to the
achievedcompressiorratio R, asfollows: e:=(R,-R,)/R.* 100%. Figure5 showsthe summa-
risedresults.It canbe seenthatthe two passmethodgivesthe bestresults- the averageerror
is 43% with a minimum of -41%, a maximumof 967% and a standarddeviation of 117%.
Althoughfor the latter method,74% of the predictionsdo not deviateby morethan30% from

the accuratevalue, this error marginis quite high, andwe tried to find the reasonfor that and
methods to decrease it.

One Step Method Two Step Method Two Pass Method

E:
T

0 20 40 60 80 100 0 20 40 60 80 100

Figure6: Scatter plot of relative prediction error (y axis) armplal i ty parameter (x axis)

Figure 6 showsscatterplots of the predicted- qual i t y parameteandthe relativeerror. It
canbe seenthatthe two passmethoddeliversthe bestaccuracyandthe one stepmethodthe
poorest Furthermorethe biggesterrorsandlargestvariationoccurat - qual i t y valuesless
thansix. Figure 7 depictsthe reasonfor that: the variation of the compressiorratio between
individual imagesis very high at low - qual i t y values,a fact which our initial experiments
(see figure 1) did not capture.

For the - qual i ty rangefrom 6 to 100, the two passmethodworks acceptablywell, as
figure 5 (2pass,g>5) shows:the averageerror dropsto 9%, the standarddeviationto 30%.
88% of the predictionsdo not deviateby more than 30% from the correct value. Lower
- qual i ty settingsthan6 leadto very poorimagequality, and are frequentlyrecommended

3 A relative error of 100% means that the compressed image is twice as large as requested (taking twice the time to transmit).
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notto beused(for instanceby the IndependeniPEGGroup,see[lJG96]). However,asthese
parameteraluesleadto a high compressiomatio, it may sometimese desirableto usethem

in orderto get a first impression of animage.To copewith the high error in this parameter
interval, multi-pass prediction must be usedin order to increaseaccuracyat the cost of a

higherpre-processingme. Especiallyfor negativeerrors,the decreasef the error (andthus

of transmissiortime) in eachpassmust be monitoredand comparedto the additionaltime

requiredfor a new iterdion. If the benefitdropsunderthe cost of a new cycle, the image
shouldeitherbe transmittedusingthe approximationfound so far (for rathersmall errors),or

the user should be informed if the image transmissionwill take a much longer time than

requestedfor large errors). Alterndively, a notion of quality of service can be usedwhich

allows the userto control the error margin: ,guaranteed“will try to decreasdhe error to

nearly zero at the cost of a long pre-processindime, "best effort” will use the multi-pass
method with an error thresholdin order to deliver a moderateprediction error, and "no

guarantee” will deliver inaccurate but fast results using the two step method.

Compression ratio

0 10 20 30 40 50 60 70 80 90 100
-quality parameter

Figure 7: Scatter plot of compression ratio anglual i t y parameter

3 An Experimental System
3.1 Overview

We built an experimentabystemusingWorld Wide Web technology.The stepsperformedby
the image server in order to process an image request are illustrated in figure 8.

Image reduction

9 ) ) Compressor Compressor Image Image compressed
(cropping/scaling, lecti —> fi q . —> ieci image
ST GRETTHEE ), selection configuration compression transmission

Figure 8: Tasks of the image server

image

An image reguest sentby the client to fetch an image specifiesan image identifier and the
context the imagehasto be adaptedo. Figure9 andfigure 10 showthe userinterface.The
display context andthe preferredresizemethod(imagesare either scaledor cropped)control
the image reduction step.The network context andthe maximum transmission time determine
the requestedmagesize and thus control the compressor selection stepand the compressor
configuration. Last but not least,the software context is usedas a filter during compressor
selection.



3.2 A Demo Scenario

To demonstratdnow our prototypeselectsa compressoand configuresit dependingon the
imagecontent,we preparedanimagein the imagebasesuchthatit containsareasof different
numberof colours.In the upperleft cornerof a 512 by 512 pixel 64K colourimage,a small
four colour picture of the globe has been placed.
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Figure 9: Retrieving a 64K colour image
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The requestshownin figure
9 retrieves alownscaledrer-
sion of the wholemage,spe
cifying a transmissionime of
five seconds and bandvidth
of 9600Kbit/s. Due to the
high number of cdours,
JPEG s the only candidate
compressorA suitablevalue
for the qual i ty paraméeer
is computedusing the two
step approach, antie server
log shows a maerate error.

Figure 10 showsanotherre-
quest whichcutsout the four
colour drawing in the upper
left cornerof the image just
by specifying a new image
size and croppingat the ori-
gin as the resizemethod.In
this case, GIF, PNG and
JPEG are tested as candi-
dates As PNG andGIF deli-
ver smaller files for this
image than JPEG at 100%
quality, they areusedascan-
didatesfor compressoselec-
tion. Since the viewer can
only display GIF images,
GIF is selected and the
cachedimage file from the
GIF testconmpresionis sent
to the client.

Note that this different han-
dling of the imagesis fully
dynamic and basedon the

Figure 10: Retrieving a part of the image which only contains four COIO'lmage propeties after the
reductionstep.This dynamicadaptatiorof the imageto the propeties of the client computer

and the transmissionlink gualnteesa flexible image handling in environments with
dynamically changing resources.

4 Conclusions and future work

To provide a meansfor compensatinghe shortcomingsof static image transmissionused
today in very dynamic, globally distributed information infrastructures,we introducedthe

-9-



conceptof adaptiveimage transmissionpresenteda prototypical systemand discussedhe
results of an experimental evaluation of that system.

We found that adaptiveimagetransmissiorcan savea substantiabmountof bandwidth,thus
allowing faster image transmission.However, the experimentalevaluationshoweda large
variationof the parametewralue predictionaccuracy We suggestedwo simple methodscon-
sistent with our approach for improving accuracy.

Instead of using the indirect prediction approach presented in this paper, futunsilvio&us
on a direct approachto control the compressiorratio of JPEGto improve accuracyand
increasespeed After the discretecosinetransform(DCT) step,an analysisstepwill be intro-
ducedwhich computesstatistic propertiesof the DCT coefficientsand accordinglycontrols
guantisationasit is alreadydonein the bitrate control of real-timevideo compressorgsee,
e.g., [KSK95]). Taking this a step further, levels of detail can be generatedbasedon the
analysisby using the JPEG progressivemode. Breaking an image up into levels of detall
supportsthe transmissiorof higherquality levels on demand to refine an alreadytransmitted
degraded quality version of an image without having to re-transmit data already transferred.

Ongoingwork on an Image Compressiorand Analysis Workbenchis expectedto provide
better predictorsfor the losslessalgorithmswhich will hopefully allow us to drop the test
compressions done currently.
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