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Abstract

Noise dueto dark currentis a seriouslimitation for tak-
ing long exposurdeimeimageswith a CCD digital camera.
Currentsolutionshave seriousdrawbacks:interpolationof
pixelswith high darkcurrentleadsto smoothingeffectsor
otherartifacts— especiallyif a large numberof pixelsare
corrupted Dueto theexponentiaktemperaturelependence
of the dark current,dark frame subtractionworks bestfor
temperatureontrolledhighendCCD imagingsystems.

Onthephysicallevel, two independensignals(chage
generatedby photonshitting the CCD andby thedarkcur-
rent)areadded.Dueto its randomdistribution, adding(or
subtractingthedarkcurrentnoisesignalincreasesheen-
tropy of theresultingimage.Theentropy is minimalif the
darkcurrentsignalis notpresenttall.

A darkframeis a goodrepresentatioof thedark cur
rentnoise. As the generatediark currentdependon the
temperatureequally for all pixels, a noisy imagecan be
cleanedby the subtractionof a scaleddark frame. The
scalingfactor can be determinedn an optimizationstep
whichtriesto minimizetheentropy of thecleanedmage.

We implementedh softwaresystenthateffectively re-
movesdark currentnoiseevenfrom highly corruptedim-
ages.Theresultingimagescontainalmostno visible arti-
factssinceonly the noisesignalis removed. This extends
therangeof usableexposureimesof digital camerasvith-
outtemperatureontrolsystemsy aboutoneto two orders
of magnitude.

1. Intr oduction

Theability of modernCCD digital camerago take images
with long exposuretimesis seriouslylimited by dark cur-
rentnoise.Imageswith exposuretimesof severalseconds
areoftenhighly corrupted.Only asmallportionof current
camerass equippedwith a cooling systemto reducethe
amountof darkcurrentnoise.

Given no additionalinformation aboutthe properties
of this noise, the only possibility to remove it is to ap-
ply generalnoisedetectionand removal techniquessuch
asmedian Itering [4]. Howeverthesetechnique®nly de-
tectthatapixel is noisyandtry to infer thetruepixel value
from the valuesof neighboringpixels.

As eachsensorelementon a CCD chip generatesa
characteristi@amountof dark current[7], it is possibleto
capturethis informationin a separatecalibrationstep. It
canbe usedafterwardsto subtractthe dark currentnoise
from noisy images(dark frame subtraction). This tech-
nique hasthe advantageof reconstructinghe true pixel
valueof anoisy pixel insteadof infering it from neighbor
ing values.

The amountof dark currentgeneratedy a particular
sensorelementis approximatelyconstantunder x ed ex-
ternalconditions.Unfortunately it dependsxponentially
onthetemperaturef the CCD chipanddoubledor atem-
peratureincreaseof about5 Kelvin [1]. This exponential
behaior makesdark framesubtractiorhardto useunless
thetemperatureanbe controlledvery strictly. If thetem-
peraturecanonly be measuredut not controlled,scaling
theentiredarkframewith acorrectionfactork beforesub-
tractionworks well in principle. The correctk hasto be
derived from the temperaturalifferencebetweenthe two
images.But dueto the exponentialbehaior it is dif cult
to setk correctly

In this paperwe describea techniqueto nd the cor-
rectfactork basedon the entropy of the resultingimage.
In contrastto techniqueghattry to maximizethe entropy
e.g.to remove blur [7] we try to minimize the entroyy via
darkframesubtraction.

In Section3 we describehetheoreticafoundationfor
thistechnique Sectior4 shawsits relationto compression
algorithms,and Section5 discussesomeimplementation
issuesln Section6 we shov someresultsbeforewe nish
with our conclusionsn Section?.

2. Physical Foundation

Whenlight hitsasensoelemenbf a CCD chipanamount
of chage proportionalto the incominglight is generated
andstored. The mostimportantothersourceof chageis
the so called dark current— the amountof chagethatis
generate@venin absencef light [6]. Apartfrom random
uctuations,eachsensoelemengeneratea characteristic
amountof dark currentwhich dependsexponentiallyon
thetemperatureln additionthereareothernoisesources
in a CCD imagingsystemwhich arenot discussedn this



paper(6].

For the sensorson a CCD chip we usethe following
modelthatwasderivedfrom our experimentsfor asensor
element the total amountof chage Q; collectedduring
anexposurewith exposureime T canbewrittenas

Qj = glig htj + anoise;jZ+ Qother ;j (1)
= Liig ht;j (t)dt + kI noise;j dt + Qother i (2)
ZT T
= Liig ht;j (t)dt+ KTI noisej + Qother ;j (3)
-

with asingletemperature-dependerdnstank for all sen-

sor elements. This correspondso a physicalmodelof a

sensorelementwhereall chage is generatecby current
sourcesand the currentdoesnot dependon the amount
of chage alreadystoredin the sensorelement. The dark

currentl noise;j  is thereforeassumedo be constantover

time. Furthermoreve assumehatQomer ;j is eithermuch

smallerthankQnoise;; Or compensateldy othertechniques
andcanthereforebeneglected.

The constantQneise; Scaledby an unknavn temper
atureconstantk, canthenbe determinedor a given ex-
posuretime T by takinganimagewith nolight hitting the
sensor The accurag canbe improved by averagingser-
eralimageswhich were taken underthe sameconditions
to remove random uctuations. Suchan image contain-
ing only thedark currentnoiseis calleda noiseimage, an
imageof a scenethat also containsdark currentnoiseis
calledatargetimage. A cleanedmageis atargetimagefor
which somedarkframesubtractiorhasbeenperformed.

As the amountof chage dueto dark currentdepends
on two variables- the exposuretime andthe temperature
— a databasef noiseimagescontainingthe appropriate
imagefor eachcombinationof exposuretime andtemper
aturewould be very largeandimpracticalevenif thetem-
peraturecouldbecontrolledor measuredxactly. Thegoal
of our algorithmis thereforeto usea single noiseimage
generatedinderroughly the sameconditionsasthe target
imageandthanto nd a suitablek thatremovesthe con-
tribution of Qneisej asaccuratelyaspossible.

2.1. Analog-Digital Conversion

Whenanimageis takentheamountof chagecollectedon
eachsensotelements corvertedinto a digital valuelead-
ing to animageP with pixel valuesP; . In thefollowing
we assumehatthe pixel valuesP; areproportionalto the
amountof chage Q; collectedduring the exposure. De-
pendingonthepropertieof theactualcamerasystenused
this mayrequireadditionalprocessingtepse.g.to correct
for theinternalgammafactorsettingof thecamera.

3. Entropy

Accordingto Shannors information theory [8], the en-
tropy H of somedatatakenfrom analphabetvith n char
acterswith probabilitiespo; :::; pn 1 canbeexpresseds

p( 1
pi logpi: 4)

i=0

The entrogy is a measurefor the information contentof
thedata.lt becomesnaximalif all symbolsoccurwith the
sameprobability. It is minimal if only onesymboloccurs
in thedata.

A digitalimageP is a(two-dimensionalarrayof pixel
valuesP; . Thesetof possiblepixel values(or alternatvely
thesetof valueswith a probabilitylargerthanzero,i.e. the
setof all valuesthatoccuratleastoncein theimage)forms
analphabetwhich canbe usedto computethe entropy of
theimageasdescribedabove.

The entrogy of animageis not an ideal measurdor
its informationcontent.lt dependonly onthe probability
of the elementsof the alphabetandtotally disregardsthe
spatialdistribution of thepixel valuesin thecorresponding
image. Thereforethe imageof a gray ramp canhave the
sameentropy asrandomnoiseaslong asthe valueshave
thesameprobabilitydistribution. Furthermoreheentropy
is only a meaningfulmeasurdor the informationcontent
of arealimageif thenumberof usedelement®of thealpha-
betis muchsmallerthanthe numberof pixels. As images
areusuallydigitized andstoredwith a very limited preci-
sion (e.g.8 or 12 bits pervalue)this is normally true. In
spite of thesefactswe usethe entropy becauset helpsto
understandhe principle of our techniqueand only leads
to problemsfor specialcases. In Section4 we describe
otherimplementationghat usedifferentmeasuredor the
informationcontentof animage.

3.1. Image Properties

The entropy of animagedependseaily on its contents.
A noiselesor almostnoiselessmage(e.g.animagecap-
turedwith a digital cameraat a shortexposuretime) has
— exceptfor somespecialcases- aratherlow entropy. In
contrastto thatthe entropy of a noiseimageis very high
dueto therandompropertiesof thedarkcurrentnoise.
For the samereasona CCD image with long expo-
suretime containinga considerableamountof noisehasa
muchhigherentropy thanthesamemageafterdarkframe
subtractionwith a correctfactork. Furthermorethe en-
tropy increasesgainif the x edpatternnoiseis overcom-
pensatedk is too large). This leadsto the addition of
a “negative dark currentnoise” which hasthe sameran-
dompropertiesandis thereforeagainahighentroyy signal.
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Figure 1. Curvesfor testimage A. Theimage showsthe com-
pressedle sizein bits as a functionof k with k 2 [0; 1] using
Huffmanencoding Thevalueswere clampedto O for the lower
curve Neativevalueswere allowedfor the uppercurve The
optimumis locatedat k = 0:46.

Dark framesubtractiorwith anoptimalcorrectionfactork
thereforeminimizesthe entroyy of the correctedmage.

3.2. Optimization

This propertycanbe usedin anoptimizationstepto nd a
goodcorrectionfactork: givenatargetimageP with dark
currentnoiseanda noiseimagePyise , @ Seriesof images
Pk is computedvherethevalueof apixel|j is givenas

kPnois,e;j . (5)

For eachimage,the entrofy H is computedasa quality
measure.The correctionfactork, that minimizesthe en-
tropy of thecorrectedmage,is selectechsthe optimal so-
lution. Pixelsfor which clipping occurreddueto saturated
sensotelementsduring analog-digitalcorversionmustbe
excludedfrom the entrofy computation.

The optimizationcanreturnawrongresultif negative
values,which canoccurdueto overcompensatioor ran-
dom noise,arenot includedaswell. Figurel shavs the
resultof two optimizationrunswherenegative valueswere
onceclippedandonceallowed. The sameoptimal correc-
tion factork = 0:46 wasneverthelessoundin bothcases.
Thessizeof the Huffmanencodingof theimageswasused
asquality measurewhichis describedn Section4.

Pkj = Pj

3.3. Practical Considerations

Due to the limited precisionof imagedata, it is not rec-
ommendedo usean arbitrary correctionfactor Instead,
anadditionalnoiseimageshouldbe acquiredundercondi-
tions that matchthoseof the targetimagemorecloselyif

k is too smallor toolarge.

Theentropy of acleanedCCDimagedepend®n other
factorsas well — especiallyon the characteristicof the
analog-digitakcorversion.ln somecasesthe actualpreci-
sion(bits perpixel value)of thecorversionprocessnaybe
lower thanthe requestedesolutionof the imagedatafor-
mat. The optimizationprocesghenintroducesnew pixel
values.This extensionof the alphabeimayleadto a dras-
tical increaseof theentropy. In this casetheimagevalues
Px;; shouldberoundedto the sameprecisionasthe origi-
nal data.

Dependingon the amountof noisein animageit is
often sufcient to useonly a small region of the image
for the computatiorof k which canreducethe costof this
approactsigni cantly.

4. CompressionAlgorithms

The ability of a compressioralgorithmto compresdata
is closelyrelatedwith the informationcontentof the data.
TheHuffmancompressiomlgorithm[5], whichis directly
basednthe entrofy of the data,assignshortcodewords
to valueswith high probabilityandlong codewordsto val-
ueswith low probability. The compressedatahasthere-
fore avery high entropy. Soinsteadof computingthe en-
tropy, it is possibleto usethe size of the Huffman com-
pressedmagesasa quality measurelt is minimal for an
optimalk.

The compressioref ciency of othergenericcompres-
sionalgorithmslike gzip [3] generallyalsodepend®nthe
informationcontentof the compressedata,which makes
themalso suitablefor this technique. Details dependon
thespeci c algorithm.Oneadvantageof someof theseal-
gorithmsis thatthey considemot only the probability of
singlevaluesbut alsothatof repeatingpatternsor constant
dataregions.

4.1. Image CompressionAlgorithms

This is especiallytrue for imagecompressioralgorithms
which expoit the two-dimensionalnatureof the images.
Someof themeventake into accounispeci ¢ propertieof
naturalimagessuchas constantregions. They are often
implementedn speci ¢ le formats.

Figure 2 shavs theresulting le sizesfor anexample
image. The curvesof the gzip-compressedaw dataand
the losslessimagecompressioriechniqueshown aniden-
tical behaior andleadto the samecorrectionfactorasthe
entropy basedHuffmancode(seeFigurel).

The two examplesof lossyJPEGcompressionshav
alsoasigni cant changean the behaviour of the curvesfor
an optimal k, which is more noticeablefor the one with
high quality setting. Althoughthe le sizeis not minimal
for an optimal k, it is marked by a changeof the gradi-
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Figljre 2. Curvesfor testimage A. The image ‘Showsthe com-
pressedle sizein bytefor a seriesof k with k 2 [0; 2] and for
several compessionmethods(left border top to bottom: RANV
image with gzip, JPEG quality 100%, TIFF with LZW compes-
sion, PNGwith quality 100%,JPEGquality 75%). Theoptimum
is locatedat k = 0:46.

ent. Usingthesizeof a JPEGcompresseinageasquality
measureés especiallyinterestingasmary camerasupport
JPEGcompressiolin hardware.

5. Implementation Issues

In theoryourtechniquaequiresonly asinglenoiseimage.
Dueto thelimited precisionof realimagedata,othernoise
sourcesand nonlinearities,a small numberof additional
noiseimagesshouldbe usedto arrive atareasonablé.

In someof ourtestcaseswith differentexposuretimes
of thetamgetimageandthe darkimage,the minimum cri-
teria was not sufcient to selectan optimal k. However,
othercharacteristicsf thecurve (e.g.a changen thegra-
dientasin the JPEGexamplesin Figure 2) canbe used
to determinethe optimal k. Alternatively, a targetimage
canalwaysbecorrectedusinganoiseimagewith thesame
exposuretime.

Thedarkcurrentpropertiesof aCCD chipchangeonly
slowly overtime, allowing the useof a singlesetof noise
imagesfor the calibration during an extendedperiod of
time.

HighresolutionCCD camerasftenrequireahostcom-
puterto generateghe nal images. Our dark frame sub-
tractiontechniquecanbe easilyimplementedon the host
computer Alternatively the noiseimagescan be stored
onthecameratself. The cameras signalprocessindhard-
warecanbeusedfor histograncalculation(to computethe
probability of the valuesin theimage)or for imagecom-
pression.

5.1. Additional Image Processing

Onceanoptimalk is founda correctedsersionof theorig-
inal imagecanbe computed.Hereagain,pixelsthatwere
overexposedin the original imageor in the noiseimage
have to be treatedseparately If the goalis to geta faith-
ful representatiofi.e. for scienti ¢ purposesjhey canbe
marked asinvalid. Otherwiselinear interpolationor an-
othertechniquecanbeusedto reconstructhemissingval-
ues.

6. Results

We appliedthis techniqueto variousimageswith differ-

entexposuretimesof up to 25 s. Theimagesweretaken

with a singlechip 6 million pixel professionatligital cam-
era(Kodak DCS 560). The original sensorvalueswere
reconstructedbr eachpixel. Theoptimalcorrectionfactor
k wasrobustly foundusingthe quality measureslescribed
above andevenhighly corruptedmagescouldbecleaned.

Figure 3 shavs an example of the cleaningprocess.
Notethatalthoughthetestimageandthenoiseimagewere
takenwith the sameexposuretime the optimal correction
factoris k = 0:65andnot 1:0.

Somenoisepixelswereusuallyleft untouchedoy our
technique.They seemto be dueto othernoisesourcesor
randomprocessedeyond our control. For visually pleas-
ing imagegshesepixelscanbetreatednanuallyor with the
useof genericnoiseremoval techniques.

Someof our implementationsconsumeda consider
able amountof resourcesas a hugeamountof datawas
producedand analyzed. Currently the computationtime
for an optimization consistingof 200 stepsfor a 6 mil-
lion pixel imageon an SGI Octaneis 88 s if we usethe
Huffman codelengthas quality measure.Smallerimage
regionsleadto a linear speedup.In anideal casewhere
the exposuretimesof the targetandthe noiseimagewere
identicalwe could nd theoptimalcorrectionfactorusing
only 2000pixels.

7. Conclusionand Futur e Work

Dark framesubtractionis an effective techniqueto reduce
darkcurrentnoiseif thedarkframeis scaledappropriately
Using entropy basedechniqueghe scalecanbe robustly
determinedwithout additionalknowledgeaboutthe con-
ditions during the exposure. The true pixel valuescanbe
reconstructe@venfor highly corruptedmageswithoutin-

troducingsmoothingartifacts.

We developpedhisapproacho extendtheusableange
of exposuretimesof our camerawhichwe useameasure-
menttool e.g. to deterimnethe surfacecharacteristicof
differenttestobjects. As thereis still a tradeof between



very accurataesultsandcomputatiorcostif alarge num-
ber of imagesis processedwe hopeto further improve
theefciency. Othermeasuresor the informationcontent
could allow the useof the simpleminimum entroyy crite-
ria evenfor very differentexposuretimes. Finally, it could
be interestingto incorporatethis noiseremoval technique
directlyinto acamera.

For this techniquea patentapplicationhasbeen led.
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Figure 3: Excerptof testimage B takenwith 25 s exposue time.
Top: original versionoftheimage. Middle: captuednoiseimage
with 25 s exposue time  Bottom: cleanedversion for optimal
k = 0:65. Thechedkerboad patternis dueto a color Iter array
onthe CCD chip.

Figure 4. Color imagestakenfromtestimage B. Theupperver-

sion was not corrected, the lower image was corrected using
our method.Theimageswere reconstructedisingthethreshold-
basedvariable numberof gradientsmethod?2].



