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ABSTRACT

CMOS sensorf digital color camerasometimegproduce
“bad pixels” that appearas positive impulsenoisein cap-
turedimages. Becausehe occurrenceandthe magnitudes
of the impulsesvary over time, an algorithmis neededo
dealwith thesedefectswhenandwherethey occur This
paperdescribegshe demand®n the noiseremoval method,
detailsvariousalgorithmsthatwereimplementedo address
this problem, and finally provides some performancere-
sults. Themosteffective algorithmsconsistof separateou-
tinesfor impulsedetectiorandreplacement, e. theapprox-
imation of detecteddefects.In additionto implementations
of somecommonmethodsmodifiedto work with the color
filter array a new methodwas developedfor this applica-
tion. The proposedhlgorithmadaptshe detectionsensiti-
ity to thecurrentdetaillevel of theimage.

1. INTRODUCTION

Digital color camerasusing a single sensorarray system
coverindividual pixelsin thesensomwith red,green or blue
opticalfilters. The arrangemenof color filters is usuallya
mosaicpattern. The mostcommoncolor filter array (CFA)
is the Bayer CFA patternasshawn in Figurel [1]. There
aretwice asmary greenfilters asred or blue, becausdhe
greencomponensignalscontribute moreto the luminance
signalthantheredor bluecomponensignals.

The outputof the single array systemis separatednto
threedifferentarrays.The full colorimageis generatedy
anappropriatecolor interpolationmethod whichfills in the
missing pixels in eachof the threearrays. However, the
CMOS sensorchips sometimesontaina numberof “bad
pixels” which result from the productionprocessand are
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Figurel: The BayerpatternCFA mustbe separatedhto
threecolor-planesandthe missingcolorsinter-
polatedto createa full colorimage.

often unavoidable. Thesepixels generatesxclusively posi-
tive impulsenoiseof randomheightin theacquiredimage.
It is thusnecessaryo detectand maskthe impulsesusing
image-processinglgorithmsbeforea colorinterpolational-
gorithmis appliedto generateéhefull colorimage.

The positionsof the corruptedpixelsin animagegener
atedby adefectve sensoirefixed. For thisreasontheim-
pulsepatternis sometimeseferredto asfixedpatternnoise.
However, the impulseintensitiesdependon severalfactors.
For example, the intensity of a bad pixel is temperature
dependent. Corruptedpixels that are not initially visible
becomevisible asthe sensoheatsup. In addition,the cor-
ruptedpixel intensitylevels dependon the baselevel of il-
lumination. As illumination increasesthe magnitudeof an
impulsegenerallydecreases.

Thesefactsmakeit impracticalto measurendstorethe
impulselocationsof eachchip duringatestphaseandthen
usethis datalater for correction. The defectsmay be spa-
tially static, but they are temporallydynamic. Therefore,
theimpulsenoiseproblemrequiresanalgorithmthatis able
to dealwith corruptedpixelsasthey occur



2. IMPULSE NOISE REMOVAL ALGORITHMS

Thereare mary existing algorithmsfor remaving impulse
noisefrom imageq?2, 3, 4]. In generalthealgorithmswere
designedissumingtypeof impulsenoise suchassalt-and-
peppemoise[2], uniformly distributedimpulsenoise[3], or
impulsegesultingfrom flippedbitsin abinarytransmission
channel4]. However, theimpulsesresultingfrom CMOS
sensordefectsdo not conformto ary of thesemodels. An
algorithmto remove fixed patternnoiseshould:

1. Remae only positive impulses. The CMOS defects
do notintroducenegative impulses.

2. Keeptrackof thecolorof thepixel beingdfiltered. The
color component®f animagearenot alwayscorre-
lated. Therefore,the local neighborhoodf a pixel
shouldonly includepixelsthatarethe samecolor.

3. Be smallandfastto supportvideoapplications.

The following four algorithmshave beenimplemented
and testedon imagesgeneratedoy a commercialCMOS
sensor:

1. MedianFilter [2],

2. MaxiMin Filter [2],

3. SD-ROM Filter [3], and
4. Adaptive SD-ROM Filter.

The first three algorithmshave beenmaodified to take
into accounthe characteristicef the color filter array The
fourth algorithmis a new algorithmandwasdevelopedex-
clusively for this problem.

Thefollowing subsectionsglescribghealgorithmsmen-
tionedabove in detail. The pixel consideredor evaluation
andreplacemenif necessarys referredby z(n), with n =
(n1,n2) thecoordinateof thepixel’s positionwithin theim-
age. A setof N neighboringpixels of z(n) that have the
samecolor is givenby r(n) = [r;(n),r2(n),... ,rn(n)]
anddefinedasshovnin Figure?2.

A specialtreatmentof the greenpixels, having addi-
tional closerneighborsn thediagonaldirections,generally
leadsto slightly betterresults.However, theimprovements
proved to be quite small. Thereforethe greenpixels are
treatedlike red andblue to make the algorithmslesscom-
plex. For the samereason the algorithmsgenerallywork
with only four of theeightneighbors.

2.1. Median Filter

A commonalgorithmfor reducingimpulsenoisein anim-
ageis the medianfilter [2]. This filter replaceghe center
pixel 2 by the medianof the pixel setcontainingz andthe
neighbors ,r2,r3 andr,. The medianof a setof pixelsis
definedasthe middle elementof the sortedversionof this
set.
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Figure2: Considered pixel z and it's
neighbor=of the samecolor

This algorithm doesnot attemptto classifyx aseither
corruptedor uncorrupted.Rather every pixel in theimage
is altered removing impulsenoisevery effectively but caus-
ing a strongblurring effect. Theresultingblur is generally
unacceptablen this application.

2.2. MaxiMin (Maximum of Minima) Filter

This algorithmis describedn [2] andwasmodifiedfor this

specialapplication(Bayerpatternandonly positiveimpulse
noise). The currentpixel z is comparedto its neighbors
r1,r2,r3 andry. The pixel is replacedoy the biggestof its

neighborspnly if it is the largestin its neighborhoodThis

is accomplishedby first determiningthe minima:

my = min(x,r;) m3 = min(x,r3)

my = min(z,rs) my = min(x,ry).

Fromtheseminima,the maximumvalue
m = max(m, ma, M3, M),

is choserto replacethe centemixel x.

The algorithmworks very effectively, causingno visi-
ble blurring andmakingfew visible mistakes. However, in
somecaseglearlyvisible impulseswveremissedby this al-
gorithm. In additionthisfilter is notarobustfilter. It cannot
handlemorethanonebadpixel within the samplewindow.

2.3. SD-ROM Filter

Originally the SD-ROM algorithm (signaldependentank-
orderednean)[ 3] wasdesignedo removeimpulsesn high-
ly corruptedimages,e.g. with up to 40% corruption. In
this application,the corruptionrate is very much smaller
only around1%. This smallrate makesit possibleto get
very goodresultsin finding the corruptedpixels, but it also
makesfalsedetectionerrors(replacingnon-corruptedpix-
els)moreimportant.

The SD-ROM algorithmis a decision-basedlgorithm.
First, it classifieghe centerpixel z aseitheranimpulseor
anuncorruptedvalue. Only the pixelsthatareclassifiedas
impulsesarereplacedby anestimatedvalue.



To decidewhetherthe currentpixel z is animpulse,the
groupof its N neighbors = [rq,72,... ,rn] isfirst sorted
in descendingrder, sothatr; > rh > ... > rjy. Assum-
ing N = 4, the centerpixel z is thencomparedo the two
biggesineighbors+] andr). If atleastoneof theconditions
x —ry > t; andz — r, > t, istrue,z is considerednim-
pulse.Fromexperimentsthe bestvaluesfor the thresholds
werecomputedast; = 12, t, = 36.

If thealgorithmdecideghecurrentpixel z is corrupted,
thepixelis replacediy anestimate Thefilter usesherank-
orderedmean(ROM) m, computedrom the sortedfield of
its neighborsTherank-orderedneanis themiddleelement
of r, orif thenumberof neighboraN is even,it istheaverage
of thetwo middleelements:

rN +7TnN
N Ny
=2 2 jif Neven,

if N odd.
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For N = 4,m = 2475,

In all casesarecursve versionthatreplaces: immedi-
atelyprovidednearlyasgoodresultsasanon-recursrever
sion. For reasonsof simplicity and memoryconsenration
therecursve form shouldbe used.Theresultspresentedn
Section3 justify this decision.

A largervalueof N (e.g. N = 8) increaseghe com-
plexity of the algorithmanddoesnot provide significantly
betterresults.

2.4. Adaptive SD-ROM Filter

TheSD-ROM algorithmdescribedn Section2.3sometimes
incorrectlydetectshadpixels, especiallyin areaswith high
detail and changingcolors like written text. Making the
thresholdt; adaptve and dependenbn the currentdetail
level of theimagehasshawn a clearimprovement.

By increasingt; in high detail areasthe algorithmbe-
comeslesssensitve to changestherebyreducingthe num-
ber of mistalenly replacedpixelsin theseregions. A small
increasein the numberof missedimpulsescan be toler-
atedin a highly detailedareawhere corruptedpixels are
lesslikely to be seen.In animageareathathasan almost
constantcolor, t; shouldbe reducedallowing the impulse
detectorto find evensmallerimpulsesthanthe regular SD-
ROM algorithm.

The adaptationadjuststhe thresholdt; to the average
distancesetweenpixelsin the currentareaof the image.
Fig. 3 displaysthe principle of this approach.Theimpulse
detectionworks exactly like in the regular SD-ROM algo-
rithm, usingthefour neighbors-y, ... , r4. After evaluating
andreplacingz wherenecessarya new thresholdt; is cal-
culatedfor the next step. The algorithmmuststorethe last
threeabsolutaifferencedetweerthe upperandleft neigh-

™ ril |l
[T [
Ty ||y |72 [+ x 3

dy ~1d5 | da

HEERE

Figure3: Adaptationof thresholdvaluet;
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with its elementsalculatedasfollows:
V=l = | Y =|ry = |
dy =11 —r2 | dy =| 1y =12 |
d1:|7‘1—1‘| d2=|7'2—32'|
Thenext thresholds thencomputedas

di +dy +di +dy+di +dy

6 7
with ¢y setto a constantminimum thresholdvalue. From
experimentsty, = 9 seemgo beoptimal.

This algorithmworksrecursvely to assurehat corrup-
tedpixelsareexcludedfrom theadaptatiorprocessThatis
alsothereasorfor choosingonly the upperandleft neigh-
borsfor the computationof ¢;, becausahey have already
beenevaluatedandreplacedvhennecessary

i =to +

3. EXPERIMENTAL RESULTS

The resultsobtainedwith the algorithmsare givenin this
section but first the setupthatwasusedto measurghe per
formancess explainedin detail.

3.1. Evaluation Setup

To evaluatethe performanceof the filters, several still im-
ageswerecapturedusingcommercialCMOS sensorsSev-
eralsensorsvereavailableandrangedn thenumberof im-
pulsesfrom a few (~ 20) to mary (> 2000). The content
of the still imageswasalsovariedto includebothrelatively
simplescenesndvery detailedscenes.
Immediatelyaftereachimagewascapturedanotheiim-
agewascapturedwith alenscapcoveringthe camerdens.
Coveringthe lenswill resultin an absolutelyblack image
if the sensohasno badpixels. However, badpixels cause
positive impulsesthat appearas white dots in the black
frame, similar to starsin a night sky. We calledtheseim-
agesconstellationimages. The constellationimageswere
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Figure4: CMOS sensomutput: (a) test,(b) zoomed,and(c)

constellatiorimage

capturedmmediatelyafterthetestimageso minimizesen-
sortemperaturesffects. Figure4 containszoomedportions
of bothatestimageandthe matchingconstellatiorimage.
The constellationmageswereusedto evaluatethe per
formanceof thefiltering algorithmsin two ways. First, the
impulselocationswerefoundby thresholdinghe constella-
tion image. The pixelsin the filtered imagescouldthenbe
separatedhto four categories:impulsesthatwerecorrectly
removed,imagepixelsthatwerecorrectlyclassifiedasnon-
impulses,impulsesthatwere missedandnot removed,and
imagepixelsthatwereincorrectlyclassifiedasimpulsesand
replaced A goodfilter removesimpulseswithout changing
uncorruptedpixels. Second,the constellationimage was
usedto 'fix’ thetestimages.Essentiallyonly theimpulses
detectedn the constellationwere replaced. The resulting
imageapproximatesn ideal filter output. To measurehe
performanceof the variousfilters, the peaksignal-to-noise
ratio (PSNR)wascalculatecbn the differencedbetweerthe
filter outputsandtheidealoutput. The PSNRis definedby
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for imageswith 8 bits perpixel, whereI(l, c) arethe pixels
of theidealfilter outputand F'({, c) is thefiltered corrupted
image respectiely. [ andc arethelinesandcolumnsof the
imagewith dimension(L x C).

3.2. Algorithm Performances

Table1 summarizesomeof the experimentalresults. The
filter performancesangeover a fairly wide spectrum.The
medianfilter removesthe mostimpulsesbut alsomakesthe
mostmistalesdueto the non-classificatiorof pixels (blur-
ring effect). The otherfilters make fewer mistales, but at

the costof fewer detectedmpulses. In general,a careful
balancemust be struck betweenremoving impulses,even
thosewith low intensitiesandpreservingheimage.

TheMaxiMin andSD-ROM algorithmsperformedvery
well accordingo thisbalance Thenewly developecdthresh-
old adaptatiormethodfor the SD-ROM algorithmshawvs a
significantincreasen detectedmpulsesand even a small
decreaseén mistalenly replaceduncorruptedpixels, when
comparingtherecursve implementationsExampleimages
areshavn in Figure5.

recursve | perc.of PSNR

Algorithm impl. imp.found | errors | [dB]
Median no 92.1% 140940| 30.1
yes 91.8% 131018 28.7

MaxiMin no 77.9% 21685 | 38.4
yes 78.5% 21754 | 38.5

SD-ROM no 29.8% 273 36.2
yes 30.1% 307 35.8

Adaptive

SD-ROM yes 46.5% 277 36.6

Tablel: Performanceesultsof thealgorithms
(total numberof impulsesin testimage:2362)

4. CONCLUDING REMARKS

Although the removal of impulse noiseis a well-studied
problem,standarchoisemodelsdo not fit the CMOS fixed
patternnoise problemvery well. This fact was apparent
in the poor performanceof the standardnedianfilter com-
paredto the threealgorithmsthat were modified or devel-
opedfor this specificproblem. Althoughthe resultsdo not
supportthe selectionof a single bestalgorithmfor remov-
ing bad pixels from the sensoroutput, two algorithms,the
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Figure5: Performanceshavn on a testimage: (a) corrupted
image, (b) filtered with medianalgorithm, (c) fil-
teredwith MaxiMin algorithm,(d) filteredwith SD-
ROM algorithm,and(e) filtered with adaptve SD-
ROM algorithm.

MaxiMin filter andthe adaptve SD-ROM filter, performed
very well. The PSNRresultsfavor the MaxiMin filter, but
the subjectve quality of theresultingimagesareessentially
the same. A decisionbetweenthesetwo filters depends
upona trade-of betweencompleity androbustness.The
MaxiMin algorithmis a simplefilter thatcanremove even
very small postive impulses. However, the algorithm can
notcorrectclustersof badpixels. If someadditionalcompu-
tationalcompleity canbetoleratedthe adaptve SD-ROM
filter is agoodalternative. Thefilter makesmuchfewer mis-
takesandcandetectmultiple impulsesin closeproximity.
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