
Entropy-Based Dark Frame Subtraction

Michael Goesele
�
, Wolfgang Heidrich

�
, Hans-PeterSeidel

����
Max-Planck-Institut für Inf ormatik, Saarbrücken,Germany���

TheUniversityof British Columbia,Vancouver, Canada

Abstract

Noisedue to dark currentis a seriouslimitation for tak-
ing longexposuretimeimageswith aCCDdigital camera.
Currentsolutionshaveseriousdrawbacks:interpolationof
pixelswith highdarkcurrentleadsto smoothingeffectsor
otherartifacts– especiallyif a largenumberof pixelsare
corrupted.Dueto theexponentialtemperaturedependence
of thedarkcurrent,dark framesubtractionworksbestfor
temperaturecontrolledhighendCCDimagingsystems.

Onthephysicallevel, two independentsignals(charge
generatedby photonshitting theCCDandby thedarkcur-
rent)areadded.Dueto its randomdistribution,adding(or
subtracting)thedarkcurrentnoisesignalincreasestheen-
tropy of theresultingimage.Theentropy is minimal if the
darkcurrentsignalis not presentatall.

A dark frameis a goodrepresentationof thedarkcur-
rent noise. As the generateddarkcurrentdependson the
temperatureequally for all pixels, a noisy imagecan be
cleanedby the subtractionof a scaleddark frame. The
scalingfactor can be determinedin an optimizationstep
which triesto minimizetheentropy of thecleanedimage.

We implementeda softwaresystemthateffectively re-
movesdarkcurrentnoiseeven from highly corruptedim-
ages.Theresultingimagescontainalmostno visible arti-
factssinceonly thenoisesignalis removed. This extends
therangeof usableexposuretimesof digital cameraswith-
outtemperaturecontrolsystemsby aboutoneto two orders
of magnitude.

1. Introduction

Theability of modernCCDdigital camerasto take images
with long exposuretimesis seriouslylimited by darkcur-
rentnoise.Imageswith exposuretimesof severalseconds
areoftenhighly corrupted.Only asmallportionof current
camerasis equippedwith a cooling systemto reducethe
amountof darkcurrentnoise.

Given no additional information aboutthe properties
of this noise, the only possibility to remove it is to ap-
ply generalnoisedetectionand removal techniquessuch
asmedianfiltering [4]. However thesetechniquesonly de-
tectthatapixel is noisyandtry to infer thetruepixel value
from thevaluesof neighboringpixels.

As eachsensorelementon a CCD chip generatesa
characteristicamountof darkcurrent[7], it is possibleto
capturethis information in a separatecalibrationstep. It
canbe usedafterwardsto subtractthe dark currentnoise
from noisy images(dark frame subtraction). This tech-
nique has the advantageof reconstructingthe true pixel
valueof a noisypixel insteadof infering it from neighbor-
ing values.

The amountof dark currentgeneratedby a particular
sensorelementis approximatelyconstantunderfixed ex-
ternalconditions.Unfortunately, it dependsexponentially
onthetemperatureof theCCDchipanddoublesfor a tem-
peratureincreaseof about5 Kelvin [1]. This exponential
behavior makesdark framesubtractionhardto useunless
thetemperaturecanbecontrolledvery strictly. If thetem-
peraturecanonly bemeasuredbut not controlled,scaling
theentiredarkframewith acorrectionfactor � beforesub-
tractionworks well in principle. The correct � hasto be
derived from the temperaturedifferencebetweenthe two
images.But dueto theexponentialbehavior it is difficult
to set � correctly.

In this paperwe describea techniqueto find the cor-
rect factor � basedon the entropy of the resultingimage.
In contrastto techniquesthat try to maximizetheentropy
e.g.to removeblur [7] we try to minimizetheentropy via
darkframesubtraction.

In Section3 wedescribethetheoreticalfoundationfor
this technique,Section4 showsits relationto compression
algorithms,andSection5 discussessomeimplementation
issues.In Section6 weshow someresultsbeforewefinish
with our conclusionsin Section7.

2. Physical Foundation

Whenlight hitsasensorelementof aCCDchipanamount
of charge proportionalto the incoming light is generated
andstored.The mostimportantothersourceof charge is
the so calleddark current– the amountof charge that is
generatedevenin absenceof light [6]. Apart from random
fluctuations,eachsensorelementgeneratesacharacteristic
amountof dark currentwhich dependsexponentiallyon
the temperature.In additionthereareothernoisesources
in a CCD imagingsystemwhich arenot discussedin this



paper� [6].
For the sensorson a CCD chip we usethe following

modelthatwasderivedfrom ourexperiments:for asensor
element� the total amountof charge �
	 collectedduring
anexposurewith exposuretime � canbewrittenas
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with asingletemperature-dependentconstant� for all sen-
sor elements.This correspondsto a physicalmodelof a
sensorelementwhereall charge is generatedby current
sourcesand the currentdoesnot dependon the amount
of charge alreadystoredin the sensorelement.The dark
current

. ��� �;!8#%� 	 is thereforeassumedto be constantover
time. Furthermorewe assumethat �<�8�(�)#+* � 	 is eithermuch
smallerthan ������� �;!8#%� 	 orcompensatedbyothertechniques
andcanthereforebeneglected.

The constant� ��� �;!8#%� 	 scaledby an unknown temper-
atureconstant�>= canthenbe determinedfor a given ex-
posuretime � by takinganimagewith no light hitting the
sensor. The accuracy canbe improvedby averagingsev-
eral imageswhich weretaken underthe sameconditions
to remove randomfluctuations. Suchan imagecontain-
ing only thedarkcurrentnoiseis calleda noiseimage, an
imageof a scenethat alsocontainsdark currentnoiseis
calledatargetimage. A cleanedimage isatargetimagefor
which somedarkframesubtractionhasbeenperformed.

As the amountof chargedueto dark currentdepends
on two variables– theexposuretime andthe temperature
– a databaseof noise imagescontainingthe appropriate
imagefor eachcombinationof exposuretime andtemper-
aturewould bevery largeandimpracticalevenif thetem-
peraturecouldbecontrolledor measuredexactly. Thegoal
of our algorithmis thereforeto usea singlenoiseimage
generatedunderroughly thesameconditionsasthetarget
imageandthanto find a suitable � that removesthe con-
tributionof � ��� �;!8#%� 	 asaccuratelyaspossible.

2.1. Analog-Digital Conversion

Whenanimageis takentheamountof chargecollectedon
eachsensorelementis convertedinto a digital valuelead-
ing to an image ? with pixel values?@	 . In the following
we assumethat thepixel values?@	 areproportionalto the
amountof charge �
	 collectedduring the exposure.De-
pendingonthepropertiesof theactualcamerasystemused
this mayrequireadditionalprocessingstepse.g.to correct
for theinternalgammafactorsettingof thecamera.

3. Entropy

According to Shannon’s information theory [8], the en-
tropy A of somedatatakenfrom analphabetwith B char-
acterswith probabilitiesCED�F0G"G"G�FHCE�2I@J canbeexpressedas
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The entropy is a measurefor the information contentof
thedata.It becomesmaximalif all symbolsoccurwith the
sameprobability. It is minimal if only onesymboloccurs
in thedata.

A digital image? is a(two-dimensional)arrayof pixel
values?@	 . Thesetof possiblepixel values(or alternatively
thesetof valueswith aprobabilitylargerthanzero,i.e. the
setof all valuesthatoccurat leastoncein theimage)forms
analphabetwhich canbeusedto computethe entropy of
theimageasdescribedabove.

The entropy of an imageis not an ideal measurefor
its informationcontent.It dependsonly on theprobability
of the elementsof the alphabetandtotally disregardsthe
spatialdistributionof thepixel valuesin thecorresponding
image. Thereforethe imageof a gray rampcanhave the
sameentropy asrandomnoiseaslong asthe valueshave
thesameprobabilitydistribution. Furthermoretheentropy
is only a meaningfulmeasurefor the informationcontent
of arealimageif thenumberof usedelementsof thealpha-
bet is muchsmallerthanthenumberof pixels. As images
areusuallydigitizedandstoredwith a very limited preci-
sion (e.g.8 or 12 bits per value)this is normally true. In
spiteof thesefactswe usetheentropy becauseit helpsto
understandthe principle of our techniqueandonly leads
to problemsfor specialcases. In Section4 we describe
otherimplementationsthat usedifferentmeasuresfor the
informationcontentof animage.

3.1. Image Properties

Theentropy of an imagedependsheavily on its contents.
A noiselessor almostnoiselessimage(e.g.an imagecap-
turedwith a digital cameraat a shortexposuretime) has
– exceptfor somespecialcases– a ratherlow entropy. In
contrastto that the entropy of a noiseimageis very high
dueto therandompropertiesof thedarkcurrentnoise.

For the samereasona CCD imagewith long expo-
suretime containinga considerableamountof noisehasa
muchhigherentropy thanthesameimageafterdarkframe
subtractionwith a correctfactor � . Furthermore,the en-
tropy increasesagainif thefixedpatternnoiseis overcom-
pensated( � is too large). This leadsto the addition of
a “negative dark currentnoise” which hasthe sameran-
dompropertiesandis thereforeagainahighentropy signal.



Figure 1: Curvesfor test image A. The image showsthe com-
pressedfile sizein bits as a functionof U with UWVYX ZR[�\%] using
Huffmanencoding. Thevalueswere clampedto 0 for the lower
curve. Negativevalueswere allowedfor the uppercurve. The
optimumis locatedat U�^_ZR` a�b .

Dark framesubtractionwith anoptimalcorrectionfactor �
thereforeminimizestheentropy of thecorrectedimage.

3.2. Optimization

This propertycanbeusedin anoptimizationstepto find a
goodcorrectionfactor � : givena targetimage? with dark
currentnoiseanda noiseimage ? ��� �"!$# , a seriesof images?dc is computedwherethevalueof a pixel � is givenas

? c � 	e�f?@	gL_�6?h��� �"!8#:� 	>G (5)

For eachimage,the entropy A c is computedasa quality
measure.The correctionfactor � , that minimizesthe en-
tropy of thecorrectedimage,is selectedastheoptimalso-
lution. Pixelsfor which clippingoccurreddueto saturated
sensorelementsduringanalog-digitalconversionmustbe
excludedfrom theentropy computation.

Theoptimizationcanreturna wrongresultif negative
values,which canoccurdueto overcompensationor ran-
dom noise,arenot includedaswell. Figure1 shows the
resultof two optimizationrunswherenegativevalueswere
onceclippedandonceallowed. Thesameoptimalcorrec-
tion factor �i�fjkG lnm wasneverthelessfoundin bothcases.
Thesizeof theHuffmanencodingof theimageswasused
asqualitymeasure,which is describedin Section4.

3.3. Practical Considerations

Due to the limited precisionof imagedata,it is not rec-
ommendedto usean arbitrarycorrectionfactor. Instead,
anadditionalnoiseimageshouldbeacquiredundercondi-
tions thatmatchthoseof the target imagemorecloselyif� is too smallor too large.

Theentropy of acleanedCCDimagedependsonother
factorsas well – especiallyon the characteristicsof the
analog-digitalconversion.In somecases,theactualpreci-
sion(bitsperpixel value)of theconversionprocessmaybe
lower thantherequestedresolutionof the imagedatafor-
mat. The optimizationprocessthenintroducesnew pixel
values.This extensionof thealphabetmayleadto a dras-
tical increaseof theentropy. In this case,theimagevalues? c � 	 shouldberoundedto thesameprecisionastheorigi-
naldata.

Dependingon the amountof noisein an imageit is
often sufficient to useonly a small region of the image
for thecomputationof � which canreducethecostof this
approachsignificantly.

4. Compression Algorithms

The ability of a compressionalgorithmto compressdata
is closelyrelatedwith theinformationcontentof thedata.
TheHuffmancompressionalgorithm[5], which is directly
basedon theentropy of thedata,assignsshortcodewords
to valueswith highprobabilityandlongcodewordsto val-
ueswith low probability. Thecompresseddatahasthere-
fore a very high entropy. Soinsteadof computingtheen-
tropy, it is possibleto usethe sizeof the Huffman com-
pressedimagesasa quality measure.It is minimal for an
optimal � .

Thecompressionefficiency of othergenericcompres-
sionalgorithmslikegzip [3] generallyalsodependsonthe
informationcontentof thecompresseddata,which makes
themalsosuitablefor this technique. Detailsdependon
thespecificalgorithm.Oneadvantageof someof theseal-
gorithmsis that they considernot only the probability of
singlevaluesbut alsothatof repeatingpatternsor constant
dataregions.

4.1. Image Compression Algorithms

This is especiallytrue for imagecompressionalgorithms
which expoit the two-dimensionalnatureof the images.
Someof themeventake into accountspecificpropertiesof
naturalimagessuchasconstantregions. They areoften
implementedin specificfile formats.

Figure2 shows the resultingfile sizesfor an example
image. The curvesof the gzip-compressedraw dataand
the losslessimagecompressiontechniquesshow an iden-
tical behavior andleadto thesamecorrectionfactorasthe
entropy basedHuffmancode(seeFigure1).

The two examplesof lossyJPEGcompressionsshow
alsoasignificantchangein thebehaviour of thecurvesfor
an optimal � , which is morenoticeablefor the onewith
high quality setting.Althoughthefile sizeis not minimal
for an optimal � , it is marked by a changeof the gradi-
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Figure 2: Curvesfor test image A. The image showsthe com-
pressedfile sizein bytefor a seriesof U with UoV_X Z�[ p�] and for
several compressionmethods(left border top to bottom: RAW
image with gzip,JPEGquality 100%,TIFF with LZWcompres-
sion,PNGwith quality100%,JPEGquality75%).Theoptimum
is locatedat Ue^9ZR` a�b .

ent.Usingthesizeof aJPEGcompressedimageasquality
measureis especiallyinterestingasmany camerassupport
JPEGcompressionin hardware.

5. Implementation Issues

In theoryour techniquerequiresonly asinglenoiseimage.
Dueto thelimited precisionof realimagedata,othernoise
sources,andnonlinearities,a small numberof additional
noiseimagesshouldbeusedto arriveata reasonable� .

In someof our testcaseswith differentexposuretimes
of thetarget imageandthedark image,theminimumcri-
teria wasnot sufficient to selectan optimal � . However,
othercharacteristicsof thecurve(e.g.a changein thegra-
dient as in the JPEGexamplesin Figure 2) can be used
to determinethe optimal � . Alternatively, a target image
canalwaysbecorrectedusinganoiseimagewith thesame
exposuretime.

Thedarkcurrentpropertiesof aCCDchipchangeonly
slowly over time, allowing theuseof a singlesetof noise
imagesfor the calibrationduring an extendedperiod of
time.

HighresolutionCCDcamerasoftenrequireahostcom-
puter to generatethe final images. Our dark frame sub-
tractiontechniquecanbe easily implementedon the host
computer. Alternatively the noise imagescan be stored
on thecameraitself. Thecamera’ssignalprocessinghard-
warecanbeusedfor histogramcalculation(to computethe
probability of the valuesin the image)or for imagecom-
pression.

5.1. Additional Image Processing

Onceanoptimal � is foundacorrectedversionof theorig-
inal imagecanbecomputed.Hereagain,pixels thatwere
overexposedin the original imageor in the noiseimage
have to be treatedseparately. If the goal is to get a faith-
ful representation(i.e. for scientificpurposes)they canbe
marked as invalid. Otherwiselinear interpolationor an-
othertechniquecanbeusedto reconstructthemissingval-
ues.

6. Results

We appliedthis techniqueto variousimageswith differ-
ent exposuretimesof up to 25 s. The imagesweretaken
with asinglechip6 million pixel professionaldigital cam-
era (Kodak DCS 560). The original sensorvalueswere
reconstructedfor eachpixel. Theoptimalcorrectionfactor� wasrobustly foundusingthequalitymeasuresdescribed
aboveandevenhighly corruptedimagescouldbecleaned.

Figure 3 shows an exampleof the cleaningprocess.
Notethatalthoughthetestimageandthenoiseimagewere
takenwith thesameexposuretime theoptimalcorrection
factoris �q�rj�G m>s andnot

� G j .
Somenoisepixelswereusuallyleft untouchedby our

technique.They seemto bedueto othernoisesourcesor
randomprocessesbeyondour control. For visually pleas-
ing imagesthesepixelscanbetreatedmanuallyor with the
useof genericnoiseremoval techniques.

Someof our implementationsconsumeda consider-
able amountof resourcesas a hugeamountof datawas
producedandanalyzed. Currently the computationtime
for an optimizationconsistingof 200 stepsfor a 6 mil-
lion pixel imageon an SGI Octaneis 88 s if we usethe
Huffman codelengthasquality measure.Smallerimage
regions lead to a linear speedup.In an ideal casewhere
theexposuretimesof thetargetandthenoiseimagewere
identicalwe couldfind theoptimalcorrectionfactorusing
only 2000pixels.

7. Conclusion and Future Work

Dark framesubtractionis aneffective techniqueto reduce
darkcurrentnoiseif thedarkframeis scaledappropriately.
Using entropy basedtechniquesthe scalecanbe robustly
determinedwithout additionalknowledgeaboutthe con-
ditionsduring the exposure.The truepixel valuescanbe
reconstructedevenfor highly corruptedimageswithout in-
troducingsmoothingartifacts.

Wedeveloppedthisapproachtoextendtheusablerange
of exposuretimesof ourcamera,whichweuseameasure-
menttool e.g. to deterimnethe surfacecharacteristicsof
differenttestobjects. As thereis still a tradeoff between



veryt accurateresultsandcomputationcostif a largenum-
ber of imagesis processed,we hopeto further improve
theefficiency. Othermeasuresfor theinformationcontent
couldallow theuseof thesimpleminimumentropy crite-
ria evenfor verydifferentexposuretimes.Finally, it could
be interestingto incorporatethis noiseremoval technique
directly into a camera.

For this techniqueapatentapplicationhasbeenfiled.
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Figure 3: Excerptof testimage B takenwith 25 s exposure time.
Top: original versionof theimage. Middle: capturednoiseimage
with 25 s exposure time. Bottom: cleanedversion for optimalU�^_Z�` b�u . Thecheckerboard patternis dueto a color filter array
on theCCD chip.

Figure 4: Color imagestakenfromtestimage B. Theupperver-
sion was not corrected, the lower image was correctedusing
our method.Theimageswere reconstructedusingthethreshold-
basedvariablenumberof gradientsmethod[2].


