Adaptiv e pixel defect correction

Anthony A. Tanbakuchi®P, Arjen van der Sijde®, Bart Dillen®,
Albert Theuwisse®d, and Wim de Haarf

aDALSA Professionallmaging, Prof. Holstaan 4, Eindhoven, The Netherlands
bRochester Institute of Tednology, Imaging and Photographic Technology Dep., New York
¢Philips Semiconductordmage SensorsProf. Holstaan 4, Eindhoven, The Netherlands
dDelft University of Tednology Mekelweg 4, Delft, The Netherlands
®Philips Componerts, Prof. Holstaan 4, Eindhoven, The Netherlands

ABSTRA CT

Although the number of pixels in image sensorsis increasing exponertially, production techniques have only
been able to linearly reduce the probability that a pixel will be defective. The result is a rapidly increasing
probability that a sensorwill contain one or more defective pixels. Sensorswith defectsare often discardedafter
fabrication becausethey may not produce aesthetically pleasingimages. To reduce the cost of image sensor
production, defect correction algorithms are neededthat allow the utilization of sensorswith bad pixels. We
preser a relatively simple defect correction algorithm, requiring only a small 7 by 7 kernel of raw color “Tter

array data that e®ecti\ely corrects a wide variety of defecttypes. Our adaptive edgealgorithm is high quality,
usesfewimagelines, is adaptableto a variety of defecttypes,and independert of other on-board DSP algorithms.
Results shaw that the algorithm producessubstartially better results in high-frequencyimage regionscompared
to convertional one-dimensionalcorrection methods.
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1. INTR ODUCTION

Defectsin image sensorstend to be composed of single pixels, small pixel clusters, or may also include whole
columns. In natural (pictorial) images, these types of image defects are usually unacceptableto the human
obsener. Therefore, sensorswith defects must either be discarded or incorporate on-board defect removal to
presene the image quality. A processingschemewill be discussedin this paper.

We will intro duce an adaptive defectcorrection algorithm that utilizes natural image propertiesto interpolate
defective pixels. Section 2 brie°y reviews relevant past work. In Section 3, we discussuseful natural image
properties that are exploited in the algorithm. The algorithm and results are introduced in Sections4 and 5.
Finally, conclusionsare preseried in Section 6.

2. PREVIOUS W ORK

Various methods for defectcorrection in singleimage sensorsystemshave beenpublished or patented. Relatively

simple methods usea horizontal register of data and averageor substitute pixel valuesin defectlocations. Pape!

suggestghat the previous operative pixel elemert in the readout bu®erbe substituted, while Fearnside® averages
two neighboring known pixels in the bu®er. These methods are computationally excient but often produce
visually poor results, particularly in high-frequencyregions.

More advanced methods proposedutilize a two-dimensionalregion of good pixels surrounding the defective
pixel(s). Komatsu and Saito® capture somewhat defocused images, interpolate defectsin two-dimension and
then refocusthe image. However, defocusedimageshave lost someimage information. Furthermore, the authors
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Figure 1. Bayer color Tter array pattern. Each letter represerts one pixel with the corresponding red, green, or blue
“Tter in place. The bold r represert a defective pixel in the image array.

describe a Landweber-type iterativ e method for defect correction for grey-scaleimage data. Smith* estimates
defect values by averaging a two-dimensional region of surrounding known pixels including the defective pixel.
Howevwer, he notes that small intensity defectsare not suzciently corrected with this method, and there is an
apparert smearinge®ect. Finally, Rashkovskiy and Macy® interpolate the luminance image estimated by green
Bayer pixels and luminance/chrominance di®erencesin the Bayer pattern. However, the cubic B-spline Tters
usedto interpolate the defectsis computationally expensive to implemert.

3. NATURAL IMA GE PROPER TIES

Development of an algorithm that is computationally e+cient and visually pleasing requires exploiting the
properties of natural images. By using these properties, we can achieve improved results, particularly in high-
frequencyimage regions, without use of higher-order interpolation methods.

3.1. Edges

The human visual system usescomplex spatial di®erencingmecanismsthat emphasizesedges® Irregularities

in edgesrapidly degrade perceived image quality. Becauseof the psycho physical nature of the human visual

system, irregularities in objects | suc aspoor defect correction in edgeregions| are easily detected because
the obsener expects that objects should be cortinuous and closed. Therefore, it is important that the method

of defect correction presenesedges.

This desirefor aninterpolation to rendersmooth edgeshasbeenthe focusof much work in color reconstruction
of the Bayer color TTter array (cfa).” Laroche and Prescott® and Cok® describe methods for reconstructing the
Bayer cf a by utilizing direction gradients to reduce the interpolation error. Cok remarks that by using edge
information, \reconstruction errors are forcedto occur in areasof the image composedof natural textures where
the errors are not readily visible to the human obsener."®

3.2. Color Correlation

In electronic systems,imagesare usually captured and displayed asred, green,and blue componerts. Finlayson,
Hubel, and Hordley® describe how to usethe correlation of the r-g-b signalsto extract information for deter-
mining the scenewhite point. Color correlation can also be usedto improve interpolation accuracy in defect
correction.

The property of r-g-b correlation is readily demonstrated by computing the gradient in ead color plane
of a natural image. For natural imagesin general, the magnitudes of the gradients can be almost perfectly
correlated within sceneobjects. The gradients at edgelocations will also be correlated along the edgedirection
(the direction of minimum variance).



Figure 2. Direction vectors are created around the defect pixel (symbolized by white square) in a 7 £ 7 kernel.

4. AD APTIVE DEFECT CORRECTION ALGORITHM

If a pixel in an image is found to be defective, the obsenations in Section 3.2 states that special emphasison
preserving edge cortinuity. Since neighboring pixels provide the best information for interpolating a defective
pixel, we would liketo nd the edgedirection in this regionand utilize the two neighboring pixels in this direction
to estimate the missing pixel value. Howewer, Figure 1 revealsthat the neighboring pixels in a cf a sampleare
a di®erert color than the defect location for all edgedirections. (Although greenpixels have a slightly di®eren
sampling pattern, we can safely treat them the same.) Therefore, the nearestknown information of the same
color asthe defectis at least two pixel distant. This is not ideal, becausethe interpolation accuracy decreases
rapidly with distance from the defect location.

The r gb colors of an image are locally correlated, neighboring pixels of di®ering color planescan be usedfor
interpolation. By calculating the derivative in the edgedirection of the non-defectcolor plane and applying this
gradient to the nearestknown pixel of the samecolor as the defect, we may utilize the neighboring pixel data
for interpolation. Figure 3 presens an overview of the proposedalgorithm laid out in the following paragraphs.

For a sampledinput image a[m; n] of M columnsand N rows,0:- m- M 1;0- n- N 1, assume
a defect at a[mg; ng]. Each image point is sequetially tested against a prerecordeddefect map; when a defect
location is found the correction algorithm is initiated at point a[mg; no].

The algorithm measuresthe pixel valuesin a 7£ 7.
The v e stepsof the algorithm are as follows,

1. The 7£ 7 kernel is broken up into 4 di®erent edgedirection vectors di[n] wherei = f1;2;3;4g and each

positive diagonal, horizontal, and negative diagonal directions shavn in Figure 2 and de ned respectively

- di[n]= falmo+ O;ngj 3];:::;a@mg;nel;:::;ame+ 0;ng + 3]g (1)
dz[n] = falmo i 3;no+ 3];:::;a[mosnol;:::;almo+ 3ng i 3lg (2)
ds[n] = falmo i 3;no+ O:::;almo;nol;:::;amo + 3;no + OJg 3)
da[n] = falmo i 3;noi 3 :::;almo;nel;:::;ame+ 3;n0 + 39 (4)

Where di[n = 0] is always a[mg; ng].
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Figure 4. Algorithm processingsteps. The pixels neighboring the defect in (a) are normalized to the color plane of the
defect in (b). The edgedirection is located and also shown in (b). The black pixels in (a) and (b) indicate the pixel is
not involved in the calculations. Note that only a 5£ 5 region of the whole 7 £ 7 kernel is visible.

2. The sensordefect map is chedked to determine if almg; no] is part of a column defect. If true, the vector
d; is thrown out, leaving d;[n] with i = f2; 3; 4g.

3. Next, eadh point n in all vectorsi of d;[n] is cheded for uncorrected defect points at n = f 1; 2; 3g. Because
the defectsare sequetially corrected, we know that any defectin vector points n < 0 have already been
corrected. If a defectexistsin one of the vectors, the point is locally interpolated depending on its location
speci ed as Ngef ect -

g di[ngefect i 2], if Ngefect = 3;

di [Ndef ect] = S di[Ngef ect + 2], if Ngefect = 1 (5)
" dili Nefect];  oOtherwise

The interpolation may appear awkward but it tries to ensurethat a step function on one side of the vector

is not averagedinto the other side. This makes certain that the vector will not be falsely selectedas the
edgedirection later in the algorithm.

4. Next, the vector points di[j 1] and d;[+1] (those nearestto the defect) are normalized to the color plane
of the defect. This is done by calculating the derivative of the non-defectcolor plane on ead side of d;[0]
and applying it to the nearestsampled point from the samecolor plane as the defect (points di[j 2] and
di[+2]). Note that the algorithm doesnot needto know the actual "Tter color of a given pixel | it is only
aware that the Bayer pattern samplestwo colorsin any given direction. (It is possibleto accourt for the
special sampling of greenalong the diagonalsbut it haslittle e®ecton the nal result.)

The procedurefor ead vector d; is carried out as follows :

(a) The directional derivatives @ on ead size of the defect d;[0] are calculated as,
difi 1i difi 3]
2

@i 1]= (6)
gpeny = 4T I3 -

(b) The directional derivative is usedto correlate the nearestpoints to the defect color plane. Therefore,
we can de ne new vectorsthat estimate the samplepoints with respect to the defect color plane. Let
the new normalized vectors & be dened as,

dli 1= di 2]+ @i 1] (8)
d[1]= di[+2] + @+1]: )



Figure 5. Reasonfor t aliasing tolerance in correction error test. If the limit for the distance from the defect pixel (a)
to the defect correction algorithm's estimate (4) is restricted to the maximum defect deviation 2, the estimate & would
be rejected. However, the estimate 4 is nearer to the true scenevalue a’. Thus, the tolerance t must be added to ensure
that defect points occurring at apex locations are not rejected when they are acceptable estimates.

(c) Using the normalized points found in the previous step, we may substitute d;[j 1] = d[; 1] and
di[1]= di[+1].

The processof normalizing the non-defectcolor plane points d;[j 1] and d;[+1] is illustrated in Figure 4.

5. Next, we may determine an edgebiasedweight » that is basedon the di®erencebetweend;[+1] and d;[j 1].
We can de ne a measureof a direction vector's alignmert to the edgeat a[mg; ng] by,

M e T
» = 1j P|(—ﬁ)k =i 1); (10)
where
= jdfi 1]i di[+1]}: (11)

The exponert k can be adjusted to modify the algorithm's sensitivity to the di®erencesin d;[n], where
sensitivity increasesas k increases.The number of vectorsin useis represeried by |. The vector aligned
closestto the edgedirection (i.e. the minimum jdi[j 1]i d;[+1]j) would have the maximum > weight.

6. Finally, the intensity value of the defect point a[mg; ng] may be estimated with using the weight factors »;
to yield &4[mg; no],
X Mabueapy’

5 (12)

a[mg; no] =

i
4.1. Correction Error Test for Correlated Defects

Up to this point, no assumptionshave beenmade about the correlation betweena defect's value and the scene.
The adaptive defect correction algorithm does not utilize the defect intensity value during the calculation of
&[mg; no] to avoid falsein°uences as experiencedby Smith.# Howewer, if information about a defective pixel is
at hand, it is possibleto ched the accuracy of the correction.

Sijde, Dillen, and Langen*! addressthis situation with a ‘levelstest' to ensurethat the defectinterpolation
method does not produce an estimate of the scenevalue that is wore than the defect value itself. Essetially,
if the defect pixel is known to vary lessthan a certain amount from the actual scenevalue, it is possibleto
determine if the correction estimate is more or lesssatisfactory than the defect value itself.



The logic behind such a test for estimated value is based on the human visual system and the Nyquist
Theorem. At times, the defect value may be acceptableto the obsener becausethe human visual systemis
adaptive with respect to scenere’ectancesand frequency For example, if an obsener looks at a 18% gray
re°ection card with a small 25% re°ecting squarein the middle, the card will look dark and the patch will look
rather light | the squarewill be readily noticeable becauseit occurs inside a low frequency region (the gray
card is actually just a dc re°ectance). But, if the 25% re°ectance squareis placedin the middle of another card
with re°ectance that is rapidly varying from 2{95% re°ectance, the patch will nhow appear a dark gray; it will
not be asreadily apparernt asin the 18% gray card. In fact, if the spatial frequencyis moderately high, a very
small squaremay not be visible at all). We may relate the 25%re°ectance squareto a defective pixel | a defect
in a low-frequencyregion is readily apparert, while onein a high-frequencyregion is lessso or may not even be
visible.

The defect correction algorithm estimatesthe intensity value of the defective pixel by averaging neighboring
information. By the Nyquist Theorem, the highest nonaliasedfrequency sampledin red, greenand blue by the
Bayer cf a is equal to one half the maximum frequencyin a given direction. Sincethe samplefrequency of blue
and red is every other pixel, the highest nonaliasedfrequency (the Nyquist frequency) would be ¥4 cycle per
pixel. Once a pixel becomesdefective the Nyquist frequencyis further decreasedn this regionto Y& cycle per
pixel. Therefore, in the adaptive defect correction algorithm, it is possiblethat the data kernel sampled an
image region with an unaliasedfrequency of ¥4 cycle per pixel. Becausethe algorithm calculatesgradients at a
two-pixel space,this region would yield a gradient of O due to aliasing| we cannot correlate the neighboring
data. This canresult in an estimate for the defectvalue o®a large amourt. However, if the defect pixel is known
only to deviate by 10%, the actual defective pixel value may have lesserror than the estimated defect value. If
we can quartify the typical magnitude of a pixels' defectthen we may usethis to decidewhether the estimated
defectvalue or the defect value itself is nearerto the true value of the original scene.

When image frequenciesin the defect region exceedthe Nyquist frequency aliasing may causethe estimate
to have a far greater error than the defect value itself. An obsener will tend to be unaware of small magnitude
defectsin high-frequency regions compared to low-frequency regions. Therefore, it is preferable to allow the
defect value to passunchangedif it is known that its error is lessthan the estimated error, which shall only
occur in high-frequency regions.

We may determine this correction error test as follows: let the defective pixel value in the image a[mg; ng]
be denoted as a, the true, but unknown, scenevalue for the defect denoted as a® and the dynamic range of
the image given to be C (where C = 255 for an 8-bit image). Then, the adaptive defect correction algorithm
producesan estimate for the defectrepresered by a.

In a factory, setting the defect pixel value a can be sampledN times over a range of illuminance levels to
determine the deviation of a from a’. We may de ne the maximum fractional defect deviation tolerance 2 from
the samplesa; as:
maxja; i aJ.

c :

2 =

13)
We could simply set the correction error test to reject a when jai aj > 2. Howewer, this relation is °awed, &

would be rejected whenits error is actually lessthan the error of a at somefrequencies.A correct relation must
also accoun for aliasing due to the defective pixel which is treated as missing data in the correction algorithm.

In regions where a single pixel defect occurs, the Nyquist frequency (f ) is reducedto Y¥s cycle per pixel.
Figure 5 shows the situation for a single defective red pixel. The red pixels are now sampledevery 4 pixels. Since
the adaptive edgealgorithm usesgradients to estimate the defect pixel value, the maximum possibleunaliased
gradient would be ¥16. When the defect pixel a occurs at the apex of the signal (as showvn in Figure 5) the
defect correction algorithm will overestimateits value| but its overestimate can never exceed=ieC. Although,
in theory, the overestimate would never exceedthe f C, in practice we must also recognizethat no system has
amtf equalto onefor all frequencies.Therefore, the formal de nition of the aliasing tolerancet may be de ned
as:

t=fn £ MTF (fn): (24)

In words, the addedtolerancet is a function of the Nyquist frequencyin the regionand the mtf at that frequency
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(d) 1-D correction. (e) Adaptiv e edge correction. (f) 1-D correction.

Figure 6. Error imagesfor single pixel defects(a) & (b), 2£ 2 pixel cluster defects(c) & (d), and column defect correction
(e) & (f). Contour lines indicate the input zone plate frequency in cycles/pixel. Shading level indicates the magnitude of
error in corrected defect.

Finally, the formal de nition of the correction test may be de ned to choosethe new value of the defect
location a[mg; no] from the old defect value a or the estimate 4 via:

a; ifjaj a - 2C + tC;

ajMmo,; No| = .
[ ] a; otherwise.

(15)

5. EXPERIMENT AL RESUL TS

To obtain quartitativ e information related to the error in defect correction, an experiment was developed where
the error could be measuredas a function of input frequency angle, and defecttype.

The selectedinput target image for measuring correction accuracy was a grey-scalezone plate containing
frequenciesfrom 0 to Y4 cycle per pixel. The typesof defectstested were single pixels, 2£ 2 pixel clusters, 3£ 3
pixel clusters, and single columns. The defectswere implanted in the target at 100% magnitude (simulating
the worst-casesituation when defective pixel sites have no correlation to the scenevalue) at a high density and
processedby the adaptive edgealgorithm.

For comparison, the sametests were conducted with using a simple one-dimensional(1-D) defect correction
algorithm. This algorithm simply averagesthe two closestknown good pixels of the same color plane in the
horizontal register.

The results of both defect correction methods can be seenin the error imagesshown in Figure 6. Figure 7
provides a nice graphically comparesthe two algorithms.
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Figure 7. Comparison of algorithm defect mean correction error as a function of frequency. Solid lines indicate adaptive
edgecorrection, dashedlines indicate 1-D correction. Error is expressedas a fractional value ranging from 0to 1. Without
defect correction the defect error would plot at 1 for all frequencies.

In the error images,the adaptive edgealgorithm has a much smaller visible error than the one-dimensional
algorithm for low frequencies. Furthermore, the adaptive edgealgorithm has high accuracyin high frequencies
when an edgedirection is closely aligned to the direction of frequency propagation in the target.

The adaptive algorithm is extremely successfulat low to moderate frequencies,while at high frequenciesthe
results tend to be either good or poor. The one-dimensionalalgorithm tendsto produce mediocre but consisternt
results. Clearly, there is a trade o®for correlating the pixels' color planes; our estimates becomeerratic where
frequenciesexceedthe Nyquist rate for the defect color plane.

To reducethe complexity in comparing the two algorithms, Figure 7 plots the mean error against frequency
(the mean error for all angles has been computed at ead frequency). The graphs show that the adaptive
algorithm outperforms the one-dimensionalmethod for all tested typesof defects. Table 1 illustrates the gain in
accuracy by listing the maximum correctable frequency with a meanerror - 10%. For the tested defect types,
the adaptive algorithm correct frequencies1.88x higher than the one dimensional algorithm.

To visually illustrate the e®ectivenessof the adaptive edge algorithm with natural images, single-column
defectswere implanted into a sampleimage at a four column interval. Column defectswere chosenbecausethey
render the vertical edgedirection vector useles§ making them one of the most challenging typesof defectsto
correct . Figure 8(a) showns a sample Bayer image that cortains defectsin every fourth column. The image was
processedby the algorithm and the results can be seenin Figure 8(b). The results shawv the algorithm is very
accurate; even when the edgedirection is vertical the correction appears good.

The correction error test further limits the maximum error in the estimated defective pixel intensity to
the pre-measuredmaximum defective pixel intensity deviation. The e®ectivenessof the test is illustrated by
comparing the correction errors for single-pixel defectsat a variety of maximum defect intensity deviations, as
shown in Figure 9.
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Figure 8. E®ectof adaptive edgealgorithm on sample image with column defects every fourth pixel.
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Figure 9. E®ect of correction error test on varying defect magnitudes corrected by the adaptive defect correction algo-
rithm. Defect magnitudes are expressedin percert of the image's dynamic range. The control line represens the mean
error without the correction error test. Results are represertativ e of single pixel defects. Error is expressedas a fractional
value ranging from 0 to 1.



Table 1. Average maximum frequency that ead algorithm can correct 100% defects up to with mean error - 10%.
Max Frequency (cycles/pixel)

Defect Type Adaptive Edge 1-D Impr ovement 2
single pixel  0.140 0.075 1.87x
2£ 2 cluster 0.130 0.070 1.86x
3£ 3cluster 0.070 0.042 1.67x
single column  0.130 0.063 2.01x
double column 0.094 0.047 2.00x

2Increasein frequency the adaptive edgealgorithm can handle compared to the one dimensional algorithm.

6. CONCLUSION

A novel approach for correcting defectsby using natural imageproperties hasbeenpreseried here. The algorithm

is unique becauseit is designedto utilize raw Bayer data | allowing it to be performed before the color recon-
struction algorithm without other modi cation. The accurate correction results shavn in Figure 8 give evidence
of the substartial improvemerts in defect value estimation comparedto simple one-dimensionalalgorithms. If

the algorithm is comparedto the one dimensional correction proposedby Sijde, Dillen, and Langen'* it is clear
that the edgevectorization and color correlation are more complicated. Howewer, the increasein complexity
provides a substartially better estimate of the defect pixel value.
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