
Chapter 6

Colour FPN Correction

6.1 Introduction

In the previous chapter, the nature of colour, its capture, perception and interaction with imager sensors

was detailed leading to the adoption of a perceptually uniform colour error metric. However, this dis-

cussion did not include the effects of the three main sourcesof error - model error, residual FPN and

quantisation noise along an imaging chain - on colour accuracy. It assumed a perfect response model

and an ideal manufacturing process without due consideration for device mismatches causing fixed pat-

tern noise as well as its correction. This is particularly relevant for logarithmic sensors, which suffer

a stronger impact from uncorrected fixed pattern noise than traditional linear sensors. However, results

from chapter 4 showed that the absolute contrast error for a high dynamic range monochrome image from

a logarithmic sensor would be at least 5% over 4 decades whileabout 5 decades would be covered at be-

low 2% if the relative contrast error were considered. It is,however, unclear how these figures translate

to our understanding of colour and specifically in the processing and reproduction of colour images.

As a result, one of the questions addressed in this chapter ishow to relate the absolute and relative

contrast errors discussed in earlier chapters to the∆E76 error measure. This will emphasise thinking

of image quality after fixed pattern noise correction in terms of a perceptual model with three degrees

of freedom, rather than as a one-dimensional attribute. Related to this is the effect of the fixed pattern

noise correction method on colour quality, and whether the model error arising from the two parameter

model extraction technique is significant to acquiring the colour image standard of less than 3∆E76 units

adopted in section 5.3.1. This is important because it showslimits of the correction procedure and the
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effects of quantisation on colour quality.

The effect of contrast error on the quality of colour images is first investigated by evaluating the

visual effect of different changes on RGB values of the Munsell colours of section 6.2. The distinction

between absolute and relative contrast in relation to colour is also discussed. With encouraging results and

sufficient background to the way colour information is manipulated, aMATLAB simulation is executed on

1,232 displayable Munsell colours through a logarithmic sensor - section 6.3.1 - to simulate the effects

of model error on colour quality. The effect of the two parameter extraction routine on the position of

the colour within a standard CIE colour gamut is investigated over 10 decades of illumination at specific

points of interest - section 6.3.2. For a better understanding of the visual effect on colour perception,

these results are then shown as changes in the perceptually uniform CIELAB colour space. Both∆E76

and∆E00 units are shown for comparison. Following the low perceptual errors in the mid regions of the

illumination range, analysis explaining the validity of this result is then detailed in sub-section 6.3.3.

However, to model the effects of the imaging processes on colour accurately, the other sources of

noise have to be added to the simulation. In section 6.4, the results of modelling fixed pattern noise are

presented against CIELAB units. Similarly, the∆E76 and∆E00 units are shown to provide a comparison

of the results. In section 6.4.2, ADC quantisation noise is also included in the discussion. As in the case

with monochrome images, the effect of the analogue to digital converter on the user’s ability to perceive

colour quality is evaluated at different bit sizes in addition to residual FPN.

6.2 Colour and Contrast

So far, image quality has been discussed in the context of twoseparate scenarios. When considering

monochrome images, the just noticeable difference of the human visual system was initially used to

describe an absolute contrast error when logarithmic sensor output was used to estimate a photocurrent

from the pixel imaging a scene. This was modified to a relativecontrast error in accordance with the

adaptive properties of the HVS, which leads to insensitivity to absolute illumination. However, once

colour images are captured it is necessary to consider the accuracy with which these colours are captured.

The∆E76 error measure which takes into account the visual spectral response to the three primaries was

then adopted in the last chapter as a measure of accuracy.

As a result when fixed pattern noise was corrected in monochrome images, the results of employing

the two parameter extraction procedure yielded at least 5% absolute contrast error or below 2% relative

contrast error. This means that for colour images, it is possible to say that each of the red, green or
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blue primaries imaged through the same correction scheme could have up to 5% absolute or 2% relative

contrast error respectively. It is difficult to tell what amount of colour error will result from this amount of

residual model error in the individual primaries. The importance of being able to quantify the relationship

between contrast error and CIELAB error is that we can reliably tell the expected colour quality without

including all the other processes that limit colour fidelityeven further.

Before an investigation into this relationship can commence, it is vital to understand the interplay

between relative and absolute contrast with regard to colour. While the relative contrast error meant that,

in monochrome images, it did not matter if an estimated photocurrent at a pixel location was incorrect

as long as the estimated photocurrents at other locations were systematically incorrect, the same might

not be entirely true for colour images. When the estimated red, blue and red components of a sample

colour all change, or are incorrect relative to each other, by a constant multiplicative factor, the chroma

component of the sample colour will stay the same since the ratios between the bands will be unchanged

- that is the xy component (chroma) of the xyY space is constant and the dominant hue is left unaltered.

However, the lightness component and therefore the overallperception of colour will have been distorted.

Therefore, at best relative contrast preserves chroma, butoverall it has little significance in maintaining

colour fidelity of an imaging process.
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P i x e l  r e s p o n s e
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P h o t o c u r r e n t s

Figure 6.1: A simple illustration of model error and the signor polarity of the possible estimated pho-
tocurrents and absolute contrast error.

To study the effect of absolute contrast in each of the primaries of a colour’s perception, a simulation
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was performed where errors were progressively introduced to the red, green and blue bands of the Munsell

colours and the CIELAB error units calculated. First, all the non-displayable colours of the Munsell set,

that is those whose red bands are negative, were removed since CIELAB is a perceptual space. In

deciding the amount and polarity of the error to be inserted to the bands, experience in the modelling

of logarithmic pixels and figure 2.8 show that absolute contrast errors of about 5% can be reasonably

expected. In addition, the estimated red, green or blue contrast errors usually fall in the same region of

the absolute error curve and are commonly of the same sign - a fact attributed to the low ratios between

the colour components as illustrated in figure 5.6.

Figure 6.1 shows the two parameter model superimposed over an exaggerated logarithmic response

curve with the estimated photocurrents represented as the blue and red dotted lines intercepting the model

response while the actual photocurrents are shown as black ones. It is clear that these estimated currents

usually create either all positive or all negative absolutecontrast errors depending on the region in ques-

tion. This follows from the low ratios between the colour bands exhibited by the sample colours in

section 5.4.1. The RGB band errors therefore tend to follow in the same negative direction, are low

and close together in the linear region but have large positive errors in the dark and moderate inversion

regions.
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Figure 6.2: The effect of different combinations of the signof the contrast error, created by introducing
errors in RGB, on the mean∆E76 CIELAB error.

As a result, the simulation involved either subtracting or adding the same 1%, 2%, 3%, 4% and 5%
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errors in the red, blue and green bands of all the displayableMunsell colours. This was done one band at

a time and then on all the three to show the different combinations of positive and negative errors and thus

the worst combination or highest CIELAB error. Figure 6.2 shows the different permutations against the

mean∆E76 error of all Munsell colours where a positive absolute contrast is designated by a “plus” and

the converse represented by “neg” suffixed to the colour band.
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Figure 6.3: The effect of different combinations of the signof the contrast error, created by introducing
errors in RGB, on the maximum∆E76 CIELAB error.

The figure reveals that the polarity of the error is insignificant with respect to colour error unlike the

magnitude of the error itself. This follows from equation (5.10). In fact, as the contrast error increases

in the RGB bands, the perceived colour quality drops proportionally. This is thought to arise from the

fact that for very small changes, the definition of CIELAB dictates a linear perceptual relationship,

equations (5.7) - (5.9). Inspite of this, the worst case CIELAB error occurs when the green channel is

changed while the rest are kept constant; possibly, becausethe eye is most sensitive to green changes.

Interestingly, the lowest colour error is achieved when allthe colour bands have error of the same sign

introduced in them. This is because, the human visual system, on which the Munsell colour convention

is based, is an opponent colour system hence colour is registered as differences between red and green,

blue and and yellow and finally black and white. The differences between errors in all the bands then lead

to lower perceptual∆E76 units. It is therefore reasonable that since all the bands are shifted during FPN

correction and that for contrast errors of up to 5% in RGB, average perceptual errors of about 1−2 units
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can be expected. The same logic is applicable in the results of figure 6.3, except for the higher values

since the maximum error is registered in this case. Even then, just about 2∆E76 units are obtained as the

maximum error when an absolute contrast of 5% is present in the bands.

Generally, it can be expected that the absolute errors of up to 5% are tolerable in the photocurrents

estimated in the purely logarithmic region of the illumination range, leading to about 1−2 ∆E76 units.

This level of accuracy is similar to the accuracy that is obtained with typical FPN correction. Therefore,

these simulations offer a good indicator of probable colouraccuracy and provide a basis to undertake a

detailed model of the effect of model error on colour accuracy.

6.3 Colour and Model Error

6.3.1 Matlab Simulation

To fully investigate the impact of the contrast error on colour quality over a wide dynamic range, a

MATLAB simulation using the Munsell colours is performed over 10 decades of illumination. With the

intention of mimicking the parameter extraction process using the two parameter model, a function was

developed that accepts RGB Munsell colour values that are tobe imaged. Thus, by comparing the

CIELAB values of the Munsell colours before and after parameter extraction at all illuminations, it is

hoped that the∆E76 colour errors will show whether the target colour accuracy has been achieved.

In this simulation, only 1,232 colours of the Munsell data set were used since it is not logical to

include non-displayable colours in a calculation involving CIELAB, which is a perceptual measure.

However, the first problem is that CIELAB requires a reference white colour to determine colour error.

None of the colours in the Munsell set is white. Secondly, thelightness component of colour is only a

low dynamic range representation of the amount of luminancea particular colour is inherently associated

with (section 5.4.1). Therefore the transformation of the RGB colour values over a high dynamic range

would require the linearisation of the colours on a[0−1] scale leading to colours at the mid to lower light

levels being misrepresented.

To combat these problems, an equivalentD65/2 white colour was added to the Munsell colour set.

The choice ofD65/2 lighting is solely because it most closely matches daylight, an environment in

which sensors are usually operating in. The addition of a white colour also meant that by viewing all

colours at every illumination, it was possible to referenceall colours to the brightest possible colour at

that illumination and therefore have a[0−1] range, required for making colour space transformations.
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In other words, to represent all the colours in a HDR context,it meant simulating a logarithmic pixel as

being illuminated by all the colours relative to the brightest white colour for each photo-illumination.

As discussed in earlier chapters, two carefully chosen photocurrents and responses at those currents

are required in the parameter extraction procedure. It is these parameters that are used to acquire the

estimates of the initial photocurrents. First, to create a high dynamic range response, a logarithmic

pixel was simulated from 1×10−16Amps to 1×10−6Amps in 0.1 decade intervals. This was possible

using typical characteristic values of the offseta j , gain b j , leakage currentc j and inversion current

d j parameters discussed in chapter 4. Furthermore, to create the closest possible match to a typical

logarithmic pixel response, Gaussian noise with statistical properties equal to the difference between

CADENCE simulations1 and the response of the four parameter model, was added. Withthe knowledge

of the photocurrents and thec j andd j parameters, the offset and gain parameters of the pixel werethen

extracted using two well-chosen data points - 1×10−13Amps and 1×10−9Amps.

Now, with a total of 1,233 colours, the pixel was assumed to capture one colour at a time at each illu-

mination for all the colours. Thus a red, green and blue photocurrent was generated for each colour from

1×10−16Amps to 1×10−6Amps. Using the offset and gain parameters, extracted earlier, the estimated

red, green and blue photocurrents from using the two parameter model response were determined. These

RGB estimates of the photocurrents for all colours after parameter extraction, were then normalised us-

ing the equivalent red, green and blue photocurrents of the white illuminant so as to produce a standard

[0−1] low dynamic representation. This allowed for standardisation but mostly permitted transformation

to the xyY and CIELAB colour spaces for comparison.

6.3.2 Simulation Results

By comparing the xyY values of the colours before and after applying the two parameter extraction

routine on the typical high dynamic range response, it is possible to know how colour accuracy is affected

by model error. This is possible when the chromaticity coefficients are calculated from the respective

XYZ values and the subsequent positional shifts are observed on a chromaticity diagram.

In figure 6.4, a random sample of 50 Munsell colours are shown on a chromaticity diagram identi-

fied at 1×10−14Amps which corresponds to a decade before the dark current ofthe logarithmic pixel.

Each line represents a shift in chroma where the initial small dot is the previous colour position while

the “cross” is the position after applying the two-parameter model on the Munsell colour in question.

1The difference between the four parameter model and typical simulated responses per illumination was found to be approxi-
mately gaussian with a near zero mean but a standard deviation of 1.5×10−5.
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Figure 6.4: The effect of the simple model parameter extraction on the hue of a sample of 50 Munsell
colours, one decade away from the leakage current photo illumination (1×10−14Amps), shown as part
of a chromaticity diagram.

It is clear that at this illumination, most of the colours have a severely distorted chroma hence the per-

ception of the original colours will be substantially different. It can also be comfortably deduced that

the ratios between the colour bands that determine the dominant hue have been altered by imaging the

colours through the two parameter model for this illumination. These hue shifts can be explained by the

inaccuracy of the two-parameter model in a region where leakage currents are significant. Since the two

parameter model is inadequate for modelling logarithmic behaviour at this illumination, the estimates for

the red, green and blue colour components are equally misrepresented and hence the poor rendition.

In spite of the varying chroma shifts, all the fifty colours tend to theD65/2 white illuminant which

is represented on the same figure. The direction of the shift is dictated by the fact that at this dark photo-

illumination all the red, green and blue photocurrent estimates are registered closer to each other or as

more similar values - figure 6.1. This is close to a gray or white colour. However, as the chromaticity

diagram is independent of lightness, the shift towards the white colour at the dark current, actually rep-

resents a reduction in the saturation of the colour and a drift towards the darkest shades of gray on the

lightness plane orthogonal to the chromaticity diagram. Inthe extreme case and because of the very low

sensitivity of the pixel at very low illumination, the pixeloutput is constant for all colours leading to the

same output which is black but will appear as theD65/2 illuminant point in the lightness independent
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Figure 6.5: The effect of simple model parameter extractionon the hue of a sample of 50 Munsell colours
at an illumination in the purely logarithmic region (1×10−11Amps), shown as part of the chromaticity
diagram.

chromaticity diagram.

When the positions of the same fifty colours are evaluated at anillumination in the middle of the

purely logarithmic region, 1×10−11Amps, the shifts in chroma appear almost insignificant as shown in

figure 6.5. Understandably, the two-parameter model accurately predicts the typical logarithmic pixel

response thereby correctly estimating the red, green and blue photocurrents. This inevitably leads to very

low absolute and chroma errors. The residual model error seems insufficient to cause significant hue

differences in the sampled Munsell colours.

An investigation of how the colours are affected at high photocurrents reveals a different result. At

a decade before moderate inversion, 1×10−8Amps, the two parameter response is invalid for predicting

accurate pixel response. The resulting high absolute errors produce random colour shifts as shown in

figure 6.6. The pattern appears to be that the colours increase in saturation, as evidenced by their shift

away fromD65/2 white. This is wholly attributed to the use of a two parameter logarithmic model in a

region where, as discussed in chapter 3, a square law relationship begins to take shape. Consequently, the

steep slope in this region leads to the red, blue and green colour components being altered differently for

different colours.

Although all the figures in this section show differences in the chroma that occur after the application
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Figure 6.6: The effect of simple model parameter extractionon the hue of a sample of 50 Munsell colours
at an illumination one decade from moderate inversion (1×10−8Amps), shown as part of the chromaticity
diagram.

of the two parameter model, a measure of how perceptually different the colours appear is not represented.

This is because the chromaticity diagram is a perceptually non-uniform space [3]. Consequently, it is

not possible to determine whether the shifts that appear as long lines are actually significant perceptual

colour shifts. Subsequently, the effect of absolute errorshas to be evaluated in CIELAB if the true effect

of residual model error are to be determined.

Figure 6.7 shows the distribution of∆E76 values of all the colours over the entire illumination range.

While the vertical axis shows the Munsell indices of only the displayable colours, the horizontal axis is

representative of the photocurrent a white reference illuminant would generate in a pixel. The figure also

confirms previous findings in figures 6.4 - 6.6 that suggested that colour errors at the lower illumination

range are higher than those in the middle range and but not as bad as the high current end. In fact, the

very high errors at the lower illumination are witness to theloss of colour accuracy, with CIELAB values

often greater than 50 units and not confined to particular hues as evidenced by the even spread along the

Munsell index.

However, from this figure it is difficult to tell the precise levels of colour accuracy for the vast majority

of photocurrents especially in the mid current region. Thisis because most of these values broadly fall

under 20∆E76 units, and illuminations under which smaller colour errorsmay exist are not readily visible.
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Figure 6.7: A representation of the∆E76 CIELAB error range and distribution after two parameter
extraction over the entire 10 decade illumination range.

Figure 6.8 shows the cumulative distribution functions of the∆E76 errors at specific photocurrents along

the illumination range. From about 1×10−14 Amps until 1×10−8 Amps, it is possible to see that at least

50% of the Munsell colours yield under 10∆E76 units, with the least colour error experienced in the 3

decade region from 1×10−12 to 100×10−12 Amps. Here, nearly all the colours have less than 2∆E76

units.

Nevertheless, to find out the precise dynamic range over which acceptable CIELAB errors may

result from the application of the two parameter model, the mean colour error values per photocurrent

were determined and presented in figure 6.9. This figure showsboth∆E76 and∆E00 errors that represent

the worst and best case metrics respectively. In both cases,the colour error profile follows that from

figure 6.7 and for approximately 5 decades of illumination, model error accounts for less than 3 error

units. This is considered hardly perceptible colour quality - table 5.1 and section 5.4.2. It is also sufficient

for average natural scenes and a variety of commercial or industrial scenes but ultimately implies that the

residual absolute contrast values when employing the two-parameter model during logarithmic imaging,

are indeed manageable.
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Figure 6.8: The cumulative distribution function of the∆E76 errors at different photocurrents along the
illumination range.

6.3.3 Error Analysis

The very low∆E76 error units obtained during the investigation of colour accuracy in section 6.2, fall

within the predictions of the earlier simulations in section 6.2. They may be further understood by taking

an analytical approach, based on the definition of the CIELABcolour space components. It is possible to

express the model error in any of the estimated red, green andblue photocurrents in terms of the absolute

contrastα

α =
∆I
I

=
Iact− Iest

Iact

∴ Iest = Iact(1−α) (6.1)

whereIest is the estimate of the actual photocurrentIact, after applying the two parameter model to the

pixel response for each primary. After transforming the RGBphotocurrents to XYZ and then to the
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Figure 6.9: The mean∆E76 and∆E00 CIELAB error values for perceptual accuracy over 1,232 dis-
playable Munsell colours. The∆E76 measure is considered the worst case while the latter is the best
measurable option.

CIELAB colour space, the lightness componentL before and after parameter extraction, can be written

in terms of absolute contrast by applying equation (6.1) to get equation (6.2); where the subscriptsK

andW designate the Munsell colour and theD65/2 illuminant respectively. Note that only the first part

of equations (5.7) - (5.9) that isf (t) > 0.8856%, has been taken into consideration from the CIELAB

equations (5.7) - (5.9) , since most colours in averagely illuminated scenes fulfill this condition.

Lact = 116

[

YKact

YWact

] 1
3

−16

∴ Lest = 116

[

YKest

YWest

] 1
3

−16

= 116

[(

1−αK

1−αW

)(

YKact

YWact

)] 1
3

−16 (6.2)

αK represents the RGB absolute contrast error transformed in the XYZ space whileαW represents the

same measure of the reference white colour. Similarly, the redness-greennessa plus the yellowness-
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bluenessb components of the corresponding colour can be written as;

aact = 500

[

(

XKact

XWact

) 1
3

−
(

YKact

YWact

) 1
3
]

∴ aest = 500

[

(

XKest

XWest

) 1
3

−
(

YKest

YWest

) 1
3
]

= 500

[

(

(1−αK)XKact

(1−αW)XWact

) 1
3

−
(

(1−αK)YKact

(1−αW)YWact

) 1
3
]

(6.3)

and

best = 200

[

(

YKest

YWest

) 1
3

−
(

ZKest

ZWest

) 1
3
]

= 200

[

(

(1−αK)YKact

(1−αW)YWact

) 1
3

−
(

(1−αK)ZKact

(1−αW)ZWact

) 1
3
]

(6.4)

Now, the residual absolute contrast errors as seen in chapter 2 range from very low values in the purely

logarithmic region to very high values in the leakage and moderate inversion regions of illumination. In

the mid current range, contrast error is in the range 0−5%. Here, an approximation of the binomial series

(1+x)n = 1+
nx
1

+
n(n−1)x2

2!
+

n(n−1)(n−2)x3

3!
+ · · ·

can be applied to simplify the expressions for the estimatedCIELAB components. SinceαK << 1 and

αW << 1 the higher powers of the bracketed terms involving the contrast error, in equations (6.2), (6.3)

and (6.4) can be ignored to get

(1−αK)
1
3

(1−αW)
1
3

≈ 1− (αK/3)

1− (αW/3)
(6.5)

Thus, despite the different but low varying values ofαK and αW from the separate colour bands and

white respectively, equation (6.5) tends towards unity. Inother wordsLest −→ Lact, aest −→ aact and

best−→ bact. As a result the calculation of colour difference using equation (5.10), then reduces to very

low ∆E76 values since∆L −→ 0, ∆a −→ 0 and∆b −→ 0 in this region. The estimated photocurrents

have been correctly predicted and the colour ratios betweenthe bands kept almost constant. Conversely,

outside the purely logarithmic region, the contrast valuesare high since the model inaccurately predicts

the estimated photocurrent hence the simple binomial series approximation cannot be used. The distorted

lightness and chromatic components of CIELAB vary significantly from the original values thereby
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leading to high∆E76 colour error.

6.4 Colour and Noise Simulation

The simulations above have shown that by using the two parameter extraction technique in a logarithmic

colour sensor, the residual model error leads to negligiblecolour error in the purely logarithmic region of

illumination. However, the simulation needs to be extendedto cover the potentially degrading effects of

noise. Various sources of noise cannot be all accurately simulated, but the addition of the most prevalent

can highlight the most likely outcome when characterising real logarithmic colour sensors.

6.4.1 FPN Effects

The dominant form of noise that adversely affects logarithmic sensor performance is spatially varying

fixed pattern noise as extensively discussed in previous chapters. It is therefore imperative that FPN is

added to the analysis of colour error if conclusions that aremore meaningful are to be drawn. Therefore,

the simulations detailed in section 6.3.1 were extended to include FPN noise using typical characteristic

values of the variation of offset, gain, leakage and moderate inversion parameters, obtained from a real

logarithmic sensor - table 4.1. The mean value of each of these parameters (determined by non-linear

optimisation) as well as their variation was replicated by randomly adding a Gaussian noise distribution

to the responses of 1,000 pixels in an effort to mimic fixed pattern noise.

The same 1232 Munsell colours as well as a reference white colour were applied to each of the

different pixels, one colour at a time over the entire 10 decade illumination range. Again the offset

and gain parameters were first extracted, this time for each of the different 1,000 pixel responses at the

same two calibration points. These extracted offset and gain parameters were then used to obtain the

estimated red, green and blue photocurrents for each colourat each pixel and at each illumination. After

normalising the estimates of the primaries against the white reference colour in the set, the CIELAB

values before and after parameter extraction and FPN correction were obtained.

Figure 6.10 shows the result of the simulation, with the curves revealing the mean∆E76 and∆E00

errors over all pixels and overall 1,233 colours compared with those without any fixed pattern noise ef-

fects. The∆E00 error curves have lower error than the∆E76 ones but without a significant difference.

In all cases however, more accurate modelling in the purely logarithmic region still creates lower colour

error than outside the mid-current region. It can be noted that for both error metrics the results of intro-

ducing FPN, and subsequently correcting for it, gives results that are nearly the same as when no fixed
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Figure 6.10: Results of a high dynamic range simulation of the colour performance of a logarithmic
imager after modelling fixed pattern noise correction.

pattern noise effects was applied. The very close results inthe purely logarithmic region are no surprise;

but outside this region the CIELAB error arising from the poorly estimated photocurrents is known to

overshadow the colour error caused by the uncorrected variations in the leakage and inversion current pa-

rameters,c j andd j respectively. This means despite adding typical variations in all the four parameters

to mimic FPN, the correction procedure accurately removes mismatch leaving only the model error that

was previously simulated. The inference is that the offset and gain variations are all but eliminated while

the variations in thec j andd j parameter lead to insignificant colour error.

6.4.2 Quantisation Effects

The digitising process of the analogue to digital converteralways introduces quantisation noise that af-

fects the precision of the signal output of the pixel. The amount of noise associated with this process in

any sensor depends on the chosen bit length and output signalswing. For typical logarithmic pixels, low

light responsivities of about 300mV total voltage swing make the number of bits at the ADC, the prime

determining factor for the amount of quantisation error likely to be encountered by the sensor.

Thus, in addition to model and residual fixed pattern noise, the effects of the quantization process at

analogue to digital conversion have to be considered in theMATLAB simulation in order to gain a more

complete understanding of the effects of the two parameter model on colour accuracy. As before the
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responses of the 1,000 pixels were modelled to include the same typical fixed pattern noise variations

and at the same levels as in previous simulations. This time however, the pixel responses were rounded off

to 0.2mV, 0.4mV, 0.8mV, and 1.6mV during each simulation. These values reflect the step sizes that are

required when a typical 50mV/decade logarithmic pixel sensor, experiencing 100mV peak to peak fixed

pattern noise is employed with either an 11, 10, 9 or 8 bit ADC respectively over a six decade illumination

range. Two-parameter fixed pattern noise correction was then carried out on the rounded values to obtain

the estimated red, green and blue primaries before determining the∆E76 CIELAB values for the various

quantisation levels.
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Figure 6.11: An investigation of ADC quantisation effects,on the simulation of logarithmic imaging of
the Munsell colours. This simulation includes fixed patternnoise effects as well.

In figure 6.11, the increase in analogue to digital converterstep size versus the detrimental effects of

colour perception after fixed pattern noise correction is highlighted. The figure shows that with a doubling

of the level of quantisation, there is a corresponding proportional increase of the∆E76 error units in the

purely logarithmic region. A doubling of step size from 0.4mV to 0.8mV causes an approximate 0.5

increase in∆E76 while a change in bit resolution from 0.8mV to 1.6mV leads to about a∆E76 unit

change. This can be explained using the link between contrast and CIELAB illustrated in figure 6.2.

The 0.8mV step change in quantisation level equates to a maximum rounding noise margin of half

that step size. But because from quantisation theory the root mean square value is a factor of
√

12 of

the step level, it is equivalent to only about 0.23mV rms or approximately 1.1% absolute contrast for a
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50mV/decade logarithmic pixel sensor. From figure 6.2, it ispossible to see that the corresponding∆E76

error could be up to a unit error - the same change encounteredin figure 6.11.

Coupled with the increase in colour error in figure 6.11, there is also a slight decrease in dynamic

range over which typical logarithmic behaviour can be claimed, for a specified colour accuracy. For a

colour difference error of 1 unit and with a 0.4mV step size, 4 decades of logarithmic operation can be

claimed whereas at twice this bit size, only about 3 decades are achievable at this accuracy. In table 6.1,

the relationship between the quantisation level and the required bit length to cover a 4 and 5 decade

illumination range is highlighted. Note that the bit sizes are still based on a 50mV/decade logarithmic

pixel with and a 100mV fixed pattern noise range. Overall, logarithmic sensors can achieve 5 decades of

illumination under 3∆E76 units and even an extra decade if colour error under 5∆E76 units is tolerable.

Dynamic Quantisation 0.2mV 0.4mV 0.8mV 1.6mV
Range Level (11 bits) (10 bits) (9 bits) (8 bits)

4 decades ∆E76 value 1.5 1.5 1.5 2.0
5 decades ∆E76 value 2.5 2.5 2.5 3.0

Table 6.1: A comparison of the ADC bit length for particular image colour quality levels and associated
degrees of quantisation.

The fairly low number of bits to accurately image a 5 decade dynamic range scene also emphasises

the logarithmic sensor’s main advantage in HDR imaging. Forexample, to achieve average frame rates

of 30fps, an SVGA (800×600 resolution) sensor having a 0.4mV step size ADC will need a minimum

data rate of 144MHz. On the contrary, linear sensors attempting to achieve similar accuracy over five

decades without multiple sampling, will definitely requiremore than 10 bits and a higher data rate2. This

is even without the extra cost of circuit considerations needed for HDR imaging and achieving the level

of colour accuracy.

6.5 Summary

This chapter has extended the results of correcting fixed pattern noise in monochrome images to high

dynamic range colour scenes. Because these images compose the vast majority of user images, this study

was deemed significant if logarithmic sensors are to be useful in many high dynamic range-imaging

applications.

Using basic but essential knowledge of colour reproductionfrom chapter 5, the link between contrast

error and colour quality was first investigated. By studyingthe effect of absolute error in each of the

2Linear sensors are generally known to require over 10 bits toimage about 3 decades of illumination at about 10% accuracy.
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constituent colour bands, the limitations of model error onthe overall perception of colour were deemed

tolerable. This led to aMATLAB simulation using the standard set of Munsell colours over a 10 decade

range of photo-illumination.

A white reference colour was first added to the Munsell colourset as a way of transforming RGB to

the perceptual CIELAB, but also as a means of normalising allthe colours at any illumination. Using

typical values of thea j , b j , c j andd j parameters, the response of a pixel over the illumination range

allowed for the extraction of offset and gain from the two parameter model. Modelling for colour assumed

all the colours imaged by a pixel one at time at each illumination. Thus, using the extracted offset and

gain parameters, the estimated red, green and blue photocurrents were obtained for each illumination.

After referencing all the colours to the reference white at that illumination, the estimated RGB colours

were converted to CIELAB before comparing to their originalRGB values.

By investigating the shifts in the positions of the colours on a chromaticity diagram at different il-

luminations, it was possible to begin to determine the effects of absolute error on colour. Less chroma

shifts were observed in the purely logarithmic region whileworse ones were present outside this region.

CIELAB values confirmed this trend with colour error fallingbelow three∆E76 or ∆E00 units for most

of the photocurrent range. An analytical investigation into the low CIELAB values then confirmed ear-

lier predictions in section 6.2. Thus, residual absolute errors are actually manageable since they do not

adversely affect colour perception.

However, to mimic real sensor noise conditions, typical fixed pattern noise variations were added

to the simulation over 1,000 pixels. Results revealed that the addition of FPN and subsequent image

correction did not change the perception of colours over theentire range. Then, ADC quantisation noise

effects were also added to theMATLAB simulation to match the typical imaging process even closer.

Digitisation noise was therefore added to the previous simulations for the same 1,000 pixels. As the step

size was increased, a corresponding drop in colour accuracywas realised. Inspite of this, a 5 decade

range was still obtainable at less than 3∆E76 units of colour accuracy for a 10 bit ADC.

Overall, this work reveals the very high potential for high dynamic range monochrome and colour

images from a logarithmic sensor that performs simple fixed pattern noise correction. The resulting im-

ages are perceptually indistinguishable over at least 5 decades making them ideal for most contemporary

high dynamic range image applications.
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Chapter 7

HDR Display

7.1 Introduction

The preceding chapters have shown that high dynamic range images captured with a logarithmic sensor

can be corrected for fixed pattern noise, achieving both uniformity and perceptibility of colours at levels

comparable to that of the human eye. This is true for approximately 5 decades of illumination change

of the imaged scene for both monochrome and colour images. Inthese high dynamic range scenes, the

preservation of feature and colour quality after image capture and processing is equally as vital. This is

because for the majority of applications, the display of these images is used for decision-making and / or

rendition purposes. Processes such as quality control in robotics, machine and image manipulation for the

automobile industry and recognition routines for securityapplications, all rely on the best reproduction

of captured scenes on display screens. Thus, the image sensor can no longer be considered in isolation

but as part of an image handling chain, which has a role to playin subsequent image display.

The delivery of images has mostly taken the form of screen display and print media although the

former is by far a more common output method. However, the dynamic range of both visual and print

media is limited to a few decades, typically just above 2 decades because of the inherent device physics

of display technologies. Consequently, displaying or printing wide dynamic range images, sometimes

extending over 6 decades, commonly results in over saturation of the very bright parts of the scene and /

or the under exposure of the darker parts of the same scene. This loss of detail in some parts of an image

is not desirable for any application that seeks high image fidelity.

In this chapter, the theoretical considerations that are required to display high dynamic range log-
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arithmic images on standard 8 bits screens form the main discussion. Because the literature detailing

approaches to displaying high dynamic range images stems from linear sensors [102,103], methods need

to be adapted to deal with the output from a logarithmic camera. In section 7.2, the limitation of the

dynamic range of standard displays is illustrated along with the difficulty of simple image processing

algorithms in reproducing perceptibility and detail. Somecurrent approaches to displaying high dynamic

range images are also discussed, mainly exposing their inadequacies at accurately reproducing colour,

image detail and scene features.

In section 7.3, tone mapping techniques that compress high dynamic range brightness information

to the dynamic range of standard displays, are briefly reviewed. The special feature of brightness rather

than luminance compression in most tone mapping algorithmsis particularly highlighted as well its direct

relevance to logarithmic sensors. This is followed by a new HDR colour representation that is suggested

in section 7.4. It is proposed that by separating the luminance information from chroma, using the

difference between the logarithmic responses, the chromaticity and colour ratios are maintained. This

way, high dynamic range images become easier to tone map, faithfully render hue information and are

most importantly, well suited for pixel responses from logarithmic imagers. It is further proposed that by

using the green channel as the luminance-carrying channel,there is a net computational benefit in terms

of reduced usage of processing resources for acceptable perceptual and colour quality.

In section 7.5, the differences in CIELAB error between the original image and that produced when

the green channel as opposed to the usual luminance channel is tone mapped, is investigated. Using two

high dynamic range images of a desktop lamp and a memorial church scene, the tone mapping operator

reported by Larsonet al. [104], was employed to both scenarios. In this investigation, the logarithm of

the linearly captured image was employed to simulate the output of a logarithmic sensor. After applying

the new high dynamic range colour representation, the tone mapped results are then visually and quanti-

tatively compared to the originals using both∆E76 CIELAB and∆E∗
76 colour error metrics. Finally, the

effect of colour quantisation on tone mapping the green channel of an image are investigated; revealing a

trade off between the number of bits used to represent each colour channel and the desired colour image

quality for low cost applications.

7.2 Image Output

Most images from typical linear image sensors have low dynamic range and are displayed on standard

TV, computer, camera or advertising screens. Often they areprinted on photographic paper or other
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material as a representation of the imaged scene. With the advent of HDR computer generated graphics,

coupled with better architecture and improved imaging techniques in both linear and non-linear sensors,

a mapping problem has arisen. This is because most contemporary displays have limited contrast ratios

ranging from 100 : 1 to about 800 : 1 corresponding to just below 3 decades of brightness compared to

the greater than 6 decades that some images might encompass.This is a result of the electron guns in

a cathode ray tube and other LCD and TFT technologies being physically limited in creating a greater

brightness range. Therefore, when high dynamic ranges are imaged, the resulting scenes are not faithfully

reproduced on these media, with significant distortion and loss of detail in both the very bright and / or

dark parts of the scene. A clear example is an image where botha shadow and the bright sun are portrayed;

it usually lacks clarity in both the dark and bright parts of the image when displayed on typical screens;

thus yielding an image bearing no resemblance to the original scene.

(A) (B)

Figure 7.1: A high dynamic range image, approximately 5.6 decades, displayed without any compression
or extra processing - (A) - courtesy of Martin Cadik [7]. In (B), simple histogram equalisation is applied
to the lamp scene creating a halo effect and undesirable perceptual artefacts.

Similarly, dyes, pigments and paints in other output media such as lithographic, painting and printing

processes, can only create a white that is 20−30 times (1.3 decades) brighter that the darkest black [102,

105]. The reason a smaller range is encountered is primarilybecause of the subtractive properties used

to create the colours in these processes, unlike the additive ones in displays. Inevitably, printing a high

dynamic range image displayed on a standard screen results in the same, if not further reduction of

meaningful contrast. Figure 7.1(A), shows a high dynamic range scene illuminated by a very bright

lamp. Spanning 5−6 decades, it is clear that the bright parts of the image are over saturated while the

dark areas are under exposed resulting in overall poor perceptibility of the scene1.

1Note that this and the rest of the high dynamic range images in this thesis will show less perceived contrast compared to
displayed version of the same image, for the reason that print media has less range than display media.
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To improve the visual perception of wide dynamic range images on low contrast screens, two possible

solutions exist. One approach is to radically increase the hardware capability of the low range standard

displays to at least 6 decades. Leddaet al. [106], for instance, proposed a high dynamic range stereo-

graphic viewer that combined layered transparencies, stereo optics and strongly illuminated back light

to create contrasts of up to 10,000 : 1. However, in addition to suffering low resolution, this approach

required that a user physically hold the HDR viewer to use andthe technique had only been successfully

tested using artificial static scenes. Nevertheless, better success has emerged from combining very bright

low resolution LED’s with high resolution low brightness LCD’s to acquire contrast ratios of more than

100,000 : 1 in a 16 bit display system [107–110]. Although this technology has improved to claim a

200,000 : 1 brightness ratio [111, 112], this display is still farfrom common and is likely to remain for

professional high-end use unless costs drop to comparable levels to those of current displays.

The other solution to limited range is to reduce the range of the captured image whilst preserving

its perceptual quality. Such compression techniques are known to be cheaper, easier to deploy and are

suitable for existing technology. Their main downside however, lies in maintaining perceptual and colour

quality during compression. Simple linear mapping algorithms such as mapping the mean or maximum

value of the image to that of the corresponding mean or maximum value of the display, and non-linear

exponential and interval scaling have all been tried. Nevertheless, they failed to match the viewers per-

ceptual experience of the real scene [103, 104] because of the more complex nature of vision. Even

standard contrast adjusting algorithms such as histogram equalisation [3] are known to be incapable of

preserving the natural features of the real scene. To illustrate, the scene in figure 7.1(A) has been his-

togram equalised to give figure 7.1(B). No significant improvement in perceptual quality is produced and

yet visible artefacts such as the halo effect around the lamphave been created making the image even

worse.

Similarly, other techniques to reduce the dynamic range of the original image such as applying power

functions have not yielded better results since they lack the theoretical merit in terms of conserving colour

appearance. For example, in order to examine whether displaying the logarithm of the image, rather than

its linear representation, produces good rendition on standard displays, both a low and high dynamic

range image were employed in this study. Figure 7.2 shows theresults of this experiment where no other

colour processing operation except gamma correction2 was employed on both images. The figure shows

that, despite the reduction in perceived contrast for both images, the actual colours are washed out, lack

2Gamma correction is a colour independent process where pixel response values are adjusted to compensate for the non-linear
transfer function between the pixel intensity and the brightness of the electron guns in display systems.
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clarity and are not faithfully reproduced when displayed and / or printed. This also implies that despite

the unsatisfactory colour, displaying images directly from logarithmic cameras reveals details, such as

the door and the electrical cord in the figure 7.2(B) and (D) respectively, that are imperceptible to linear

imagers.

(A) (B)

(C) (D)

Figure 7.2: Examples of scenes where displaying the logarithm of an image is illustrated. (A) is a low
dynamic range image of 2 decades - courtesy of Dani Laschinski [8] while (C) is a high dynamic range
one of approximately 5.6 decades with the corresponding logarithm of the images shown in - (B) and
(D).

Unsurprisingly, some logarithmic sensor manufacturers3 have chosen to simply modify the image

to be displayed, in a bid to reduce the dynamic range of the captured scene closer to that of a typical

display. Figure 7.3 is a diagram showing logarithmic colourcapture, processing and eventual display

from a commercialHDRC camera. No detailed record was available for the performance of this camera in

high dynamic range scenarios [1], there is an unspecified treatment of dynamic range as highlighted in the

schematic. It shows each of the colour bands being modified bya different multiplicativeαk term (where

3Most dynamic range compression from HDR imagers are actually not addressed by manufacturers but by the users of the
acquired images.
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k∈ 〈R,G,B〉) followed by gamma correction before display. Although it is possible these terms could be

corrective coefficients for white balancing, it is likely they incorporate a factor that reduces the ranges

of each of the bands to lower values pre-display - in effect, yielding results similar to the unsatisfactory

images of figure 7.2.

Despite the fact that numerous image-processing operations such as spatial filtering can still be ap-

plied to different images to improve appearance and detail,acquiring a visual match with the original

scene always remains a difficult task. Therefore, other approaches to rendering high dynamic range

colour information on typical displays have been sought.

Figure 7.3: A schematic showing how colour information is manipulated and displayed by the commer-
cial HDRC

7.3 Tone Mapping

One means by which images from high dynamic range imagers canbe reproduced on standard screens is

by employing compression algorithms called tone mapping ortone reproduction operators. By replicating

the viewers’ subjective feeling of relative brightness within different parts of a scene without actually

maintaining the original brightness levels, the perception of high dynamic range in natural and artificial

scenes can be reproduced on standard displays without loss of scene features, details or perceptibility.

Tone mapping therefore takes advantage of the relative brightness sensitivity of the human visual system,

a property discussed and employed in earlier chapters. By scaling the scene brightness levels to that

of the display, the ideal tone mapping operator seeks to invoke the same visual experience of contrast
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when the user looks at the scene as when it is displayed without actually using the exact values. Ideally,

tone reproduction enable the completion of accurate high dynamic range colour capture, processing and

display on a low dynamic range screen as shown in figure 7.4. Nevertheless, keeping all other factors

constant, the level of perceptual quality of the displayed image depends on how the tone reproduction

operator affects colour and other scene features during thecompression of dynamic range.

Figure 7.4: A schematic of the process of high dynamic range image capture, processing and output on
standard displays.

An overview of dynamic range compression algorithms shows that tone mapping is an active area of

research for several applications having many approaches that can be classified according to the way they

influence luminance levels within an image. Spatially global or uniformly varying operators transform all

the pixels with the same luminance in an image in the same way irrespective of their location. Conversely,

spatially non-uniform or local tone reproduction operators take into account neighbourhood pixel varia-

tions and regional differences within the image [113]. These are generally more computationally complex

and are better suited to images with widely varying featuresthat warrant the extra robustness for satis-

factory rendition. As might be expected, many tone mapping operators have been intricately designed

to mimic human perceptual properties such as glare, colour vision, foveal adaptation and visual acuity.

Although that level of detail is out of scope for this thesis,it is interesting to review the approaches some

researchers have employed to underscore the depth of the tone mapping problem.

In attempting to preserve the overall impression of brightness in a displayed scene, Tumblin and

Rushmeir [114] used a brightness function based on the observer’s perception model of the environment

to compress wide dynamic ranges to acceptable display values. Mathematical observer models of the
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HVS such as light dependent visual effects, were used to compress the extreme lightning conditions in

a computationally easy manner albeit only monochrome images were considered. On the other hand,

Ward [115] concentrated on perceived contrast and the mapping of just noticeable difference instead

of brightness. In the belief that making just discernible luminance differences in the real scene just as

visible on the limited display, a scale factor could be derived using contrast sensitivity data to achieve

an appropriate compression. However, because the lightingatmosphere had to be taken into account, the

raw image needed to be rendered in absolute radiance units making this method not easy for common

use.

Perceptual based operators have also been extended to include time-dependent factors such as light

adaptation, making real-time tone mapping a possibility. For instance Ferwerdaet al. [116] included

rod and cone time-response characteristics to even out the eye’s adaptation to the various light levels

as the scene changes, correlating this to the just noticeable difference in his tone mapping algorithm.

Pattanaiket al.[117] also developed an operator that computed retina-likeresponse signals for each pixel

in a scene, adding time dependent perceptual components forneural and saturation effects to improve

visual adaptation at local neighbourhoods of pixel values.Algorithms like these show the complexity

tone mapping operators have come to include.

One very important aspect of the tone mapping process is the way colour information is handled while

trying to preserve scene perception and the fidelity of imagefeatures. Tone mapping processes primarily

compress the brightness values in the high dynamic range image making the transformation essentially

a gray scale operation. The separation of the luminance component from the chromatic components in

the captured image then becomes essential in every tone reproduction process. In some of the earliest

colour tone mapping work, Schlick [118] extracted the luminance values by obtaining the Y values using

the RGB to XYZ conversion transformation. To preserve colour information, he then kept the ratios

of the individual RGB colours to the luminance constant throughout the tone mapping process. Other

researchers have tried modelling the rod and cone responsesdepending on the luminance level to capture

the differences in colour reproduction [116].

Despite the multitude of various other tone reproduction techniques [119–123] and their suitability to

particular applications or tasks, there is no clear industry standard tone mapping operator or method of

assessment. However, the compression operator suggested by Larsonet al. [104] has become one of the

more known tone mapping operators. By exploiting the fact that the HVS adapts to a 1◦ foveal adaptation

angle, clusters of pixels were subjected to a modified histogram equalisation hence simulating rather than

maximising visibility. Interestingly, the global operator included models for glare, colour sensitivity and
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glare but remained computationally simple. Consequently,it has been chosen as the operator for the

investigations in this work since the results are perceptually acceptable while avoiding the more complex

algorithms.

For logarithmic sensors therefore, the interest in tone mapping should only be to compress the dy-

namic range of the captured image while preserving visibility and colour. This is contrary to the com-

puter graphics industry where both visibility and viewing environments are important and from where the

above approaches are rooted. In addition, the process of tone mapping essentially involves manipulating

the human sensation of brightness of a scene so that the same experience is obtained from a display.

Considering that, brightness is determined as the logarithm of the luminance levels, logarithmic sensors

readily provide these brightness values for tone mapping and therefore immediately eliminates compu-

tational burden at no extra cost. This suitability offers practical simplicity compared to linear sensors,

which have the added logarithmic operation during tone mapping. Finally, the ideal solution for display-

ing HDR images from logarithmic sensors should be independent of the tone mapping technique if they

are to be used in a vast variety of applications.

7.4 New HDR Representation

To take advantage of the suitability of logarithmic sensorsfor tone mapping, the imaging system can

be viewed as one whole unit rather than as isolated components. Considering that good reproduction of

colour depends on its accurate capture and ¯x(λ), ȳ(λ), z̄(λ) colour matching curves are most representa-

tive of any colour that can be imaged, it is possible to suggest a hypothetical colour capture scheme based

on ideal XYZ filters. This would ensure the precise capture ofall colours in the chromaticity diagram

and avoid the inadequacies of RGB filters in current sensors4. Therefore, by considering a logarithmic

sensor with these filters whose output is LogXYZ data, where if the differences between the LogX and

LogY tristimulus coefficients and between LogZ and LogY values are taken, a new Logx′Yz′ colour

representation is obtained, that offers a LogY luminance channel and separate Logx′ and Logz′ chroma

bands. Here,x′ represents the ratio of thex andy chromaticities whilez′ is the ratio ofzandy chromatic-

ity coefficients. Using the following equations from colourtrichromacy, it can be shown that this new

colour representation is indeed akin to the xyY colour model. Rewriting the chromaticity equations (5.6)

x =
X

X +Y +Z
y =

Y
X +Y +Z

z=
Z

X +Y +Z
4Most sensor filters are RGB filters, but because they do not accurately mimic the ¯r(λ), ḡ(λ), b̄(λ) functions, not all spectral

colours are fully captured. Colour matrixing has to be performed post capture to correct for this deficiency.
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it is possible to see that by maintaining the ratios between the tristimulus values of XYZ, which in the

logarithmic domain are simple subtraction operations, thespecification of the hue in the colours will

remain unchanged since the ratios between the chromaticities has stayed constant as well. Because the

LogY is still the luminance channel, it closely resembles the xyY colour space, which also separates the

chroma and lightness, and are both derivatives of XYZ. It canthen be shown that since tone mapping

occurs in the luminance domain only, this colour format willnot affect the specification of the hue during

dynamic range compression; note that the LogY will represent brightness values readily usable for the

tone reproduction operation. Hence, when the high dynamic range luminance image with luminance

channelY, is compressed to a smallerÝ channel, then from equation (5.6), thex chromaticity coefficient

is first given by

x =
Y
(

X
Y

)

Y
(

X
Y +1+ Z

Y

) =
X
Y

(

X
Y +1+ Z

Y

) (7.1)

=
Ý
(

X
Y

)

Ý
(

X
Y +1+ Z

Y

) (7.2)

and after compression,

x́ =
X́

X́ +Ý + Ź
(7.3)

similarly ý =
Ý

X́ +Ý + Ź
(7.4)

Hence the ratio of the energy captured by the ¯x(λ) filter to the total energy, in other words the colour hue,

remains the same as before tone mapping. This is the same for the other bands thus this colour represen-

tation enables an optimal way of managing tone mapping whilemaintaining the fidelity of colour hues.

Easy tone mapping of scenes from logarithmic pixels is possible because the ratios of the chromaticities

are implemented with simple subtraction operations and theluminance channel provides ready values for

tone mapping.

Nevertheless, this Logx′Yz′ colour format is based on idealistic ¯x(λ)ȳ(λ)z̄(λ) colour filters. RGB

filters are still mainstream despite the inability of moderndyes and pigments to correctly replicate the

r̄(λ)ḡ(λ)b̄(λ) colour matching functions. In fact, current RGB filters seemto be a hybrid of ideal RGB

and XYZ curves, with any subsequent colour imperfections compensated for, post capture.

For the new colour representation to be used with the predominant RGB filters, it is proposed that

the new format be modified to Logr ′Gb′ wherer ′ represents the ratio of the red channel to the green
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colour band andb′ the ratio of the blue colour band to the green [124]. This proposal is based on

the fact that the human visual systems luminosity curve (figure 7.5(A)) very closely matches the green

channel response - figure 5.1, and the relative brightness function is highest over the same green band

- figure 7.5(B). Therefore by tone mapping the green channel, which constitutes approximately 72% of

the full luminance channel, a trade-off can be made that avoids the additional calculations in determining

the brightness values, LogY from LogRGB, while concurrently trying to achieve acceptable perceptual

results.
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Figure 7.5: Figure showing the human visual system’s luminosity function in (A) and the relative bright-
ness function (B) over the visible spectrum [9].

By keeping ratios between the red to green and blue to green constant, the colour ratios are inherently

being protected before and after tone mapping hence preserving colour reproduction. This is supported

by results from psychophysical experiments in the field of colour constancy that show that chromatic

adaptation transforms from more stable colour ratios produce sharper and better colour images than

those produced by less stable colour ratio transforms [125,126]. Therefore, it is expected that while the

chromaticity and colour hue will be the same over the tone mapping process, the lightness component of

the colour definition will be altered by the compression process. In terms of visual perception, this means

although there will be a shift in tone or shade of the originalcolour during tone mapping, collectively

overall perception will be improved due to the reduced lightness range.

To show that the chromaticity is preserved when the ratios are kept constant in this dynamic range

compression process, consider a colour sampleR1G1B1 such that when passed through a tone mapping

process becomesR2G2B2 where the ratios between the bands have been maintained. Then R2G2B2 =

k[R1G1B1], wherek is a constant scalar. Subsequently, linear transformationto convert RGB to XYZ
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can be done using a 3×3 matrixM, whereY1 has been tone mapped toY2 andM represents the standard

transformation matrix [98]. We can write the chromaticity coordinatesx andy of the colour before tone

mapping as

x1 =
X1

X1 +Y1 +Z1

=
aR1 +bG1 +cB1

[R1 (a+d+g)+G1 (b+e+h)+B1 (c+ f + i)]

and

y1 =
Y1

X1 +Y1 +Z1

=
dR1 +eG1 + f B1

[R1 (a+d+g)+G1 (b+e+h)+B1 (c+ f + i)]

where XYZ= [M] ·RGB and

M =













a b c

d e f

g h i













Re-writing the chromaticity coordinates of the new colour after the mapping process gives

x2 =
X2

X2 +Y2 +Z2

=
aR2 +bG2 +cB2

[R2 (a+d+g)+G2 (b+e+h)+B2 (c+ f + i)]

=
k[aR1 +bG1 +cB1]

k[R1 (a+d+g)+G1 (b+e+h)+B1 (c+ f + i)]

= x1 (7.5)

and similarly

y2 =
Y2

X2 +Y2 +Z2

=
dR2 +eG2 + f B2

[R2 (a+d+g)+G2 (b+e+h)+B2 (c+ f + i)]

=
k[dR1 +eG1 + f B1]

k[R1 (a+d+g)+G1 (b+e+h)+B1 (c+ f + i)]

= y1 (7.6)
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Hence, the chromaticities of both the previous and final colour after tone mapping have the same hue

despite having different brightness. This Logr ′Gb′ colour representation which preserves ratios between

the colour bands, therefore offers simplicity in terms of readily available values for dynamic range map-

ping from a RGB filter based sensor. Figure 7.6 illustrates the computational trade-off if ideal LogXYZ

filters were employed as opposed to regular RGB filters for both linear and logarithmic pixel sensors. In

each scenario, the number of operational steps taken by a specific type of filter to display a captured high

dynamic range image is shown along with the typical functions.

The typical steps traditional linear sensors undergo are shown on the far left of the figure, and the

typical process a logarithmic sensor would undertake, in the second column. In both cases, the raw data

obtained from the sensor is first corrected and routines likeblack level adjustment or automatic white

balance carried out, before any application specific processing (for example number plate recognition).

However, if a high dynamic range image is to be displayed, luminance information from the LogRGB

data requires additional operations like exponentiation are needed before returning to the log domain,

making the process more demanding and costlier. In the thirdcolumn, use is made of the new colour

representation, where the ratios between colour bands are kept constant, except that ideal XYZ filters

are employed with the sole purpose of highlighting, even greater simplicity. Here there is no need for

exponentiation and then the inverse, just to acquire luminance information for tone mapping. Finally in

the last column, the trade off between accuracy and computation is highlighted where tone mapping the

green channel is seen to be even more convenient with a step less than when using hypothetical XYZ

filters. While using RGB filters makes for less computation, image quality may be compromised since

the tone mapped green channel is not fully representative ofthe luminance inherent in the original image.

However, proper tone mapping by itself changes the image appearance from its original, of which the

degree of compromise, remains to be seen.

7.5 HDR Output

In order to investigate any possible compromise in quality when the green colour channel is tone mapped

rather than the luminance channel, images captured using RGB filters are tone mapped using both ap-

proaches then visually compared before being studied usingCIELAB error metrics. The resulting dis-

crepancy in CIELAB coordinates when the green channel is tone mapped as opposed to the full lumi-

nanceY channel indicates the extent to which image quality may havebeen compromised. In this study

two high dynamic range images are used; the same desk lamp image in figure 7.1(A) of approximately

136



CHAPTER 7. HDR DISPLAY

Figure 7.6: An illustration of the operational advantage ofapplying colour ratios for logarithmic RGB
sensors on high dynamic range images and the ease of tone mapping these images.
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Figure 7.7: High dynamic range scenes of the desk lamp and theStanford memorial church - courtesy
of Paul Debevec [10], shown at the left, along with their tonemapped versions, the middle ones having
been luminance tone mapped. The ones on the right had their green bands tone mapped.

5.6 decades dynamic range and an indoor scene of the Stanford memorial church captured using a 35mm

SLR camera covering approximately 4.8 decade range [127]. Although these images were captured by

linear cameras using multi-exposure techniques, their logarithms were used in this study to emulate what

would have been captured by logarithmic sensors.

In the first scenario, the image luminance was determined from the RGB values of both images using

the CIE standard conversion formula,Y = 0.21R+ 0.72G+ 0.07B, before the ratios of the individual

colours bands to this luminanceY was calculated. Note that this was done following the process de-

scribed in the second column of figure 7.6. Tone mapping usingLarsonet al. [104] histogram adjustment

operator5 was then performed on thisY channel after which the transformed colours were re-obtained

from the constant colour ratios.

In the second scenario, the colour ratios were only determined for the red and blue channels against

the green channel before tone mapping the green channel, using the same dynamic range compression

5In employing Larson’s tone mapping operator, the models for visual acuity, glare and colour sensitivity were excluded as the
prime interest in this study was replicating the compression of dynamic range.
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routine as above. Again, the colours were regenerated usingtheir ratios to give images that had a smaller

dynamic range than the original scene. It can be seen from figure 7.7, that the original images on the

far left show all the signs of saturation in the very bright and very dark areas expected of wide dynamic

range images displayed on typical screens6. For example, the lamp and its surroundings are void of detail

while the rafters at the top of the church are too dark to perceive meaningful features. The images in

the middle column, however, have better overall visibility, acuity and clearer features. The desk contents

in the upper lamp image are more vivid while the rafters in thetop of the church are also clearer in the

bottom image. The green tone mapped images on the right looksstrikingly similar to the luminance tone

mapped images. There is little to differentiate between thetwo as the results are amazingly similar in

perceptual terms.

Figure 7.8, shows cropped portions of the two images (one being the top left corner of the lamp image

and the other being the middle section of the church image) that have been tone mapped using the two

methods described above. Here, both tone mapped images of the same scene were brightened by the

same percentage value to create more visibility. The imageson the left shows the result of tone mapping

the luminance channel while the ones on the right represent an image whose green channel has been tone

mapped.

Both sets of results show that the similarity between the tone mapped images is still present even

at a detailed level. It is therefore difficult to perceptually differentiate the two images for any discrep-

ancies since the colours and features appear to have been replicated equally in both cases. From an

analytical viewpoint, one would expect the red hues of the original image to be most visually distorted

followed by the blue colours while the green colours are expected to change least. This stems from the

fact that in using the green channel for tone reproduction, the contribution of the red colour to luminance

is not fairly represented as compared to say blue whose contribution to the luminance channel is less

significant. Furthermore, our eyes are more sensitive to hues of red than to blue ones therefore inad-

equately representing both would leave the reds more conspicuous. Nevertheless, most shades appear

visually matched. Although these results are far from conclusive, tone mapping the green channel appear

to favour applications that do not require absolute colour reproduction or inspection but need the high

dynamic range image displayed on a standard display with little effort, such as automotive (vehicular

assistant) applications.

For a more scientific measure of the colour reproduction performance of a compression routine that

tone maps only approximately 72% of the luminance channel, the RGB values of the compressed images

6In all the cases, the displayed images were gamma corrected by a factor of 2.2.
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(A) (B)

(C) (D)

Figure 7.8: Figures (A) and (C) show cropped images of the lamp and the Stanford memorial church
scene, luminance tone mapped while (B) and (D) show tone mapping of the green channel.

were converted to CIELAB space for perceptual colour matching against the CIELAB values of the

original images. The∆E76 errors of the green tone mapped images were then compared to those of

the luminance tone mapped image. It should be expected that there will be high∆E76 errors in this

comparison since tone mapping primarily affects the scene luminance. Thus, theL component in the

CIELAB error calculation is inherently changed although the location and spread of these errors should

highlight any weaknesses of tone mapping the green channel as opposed to the conventional luminance

channel. In fact, by showing both∆E76 and ∆E∗
76 colour and chroma error metrics respectively, the

difference between the two forms of compression can be analysed even better.

In figure 7.9, the∆E76 errors between the original lamp image and the luminance andgreen channel

tone mapped versions are shown in the upper part of the image.Although the two mapped images

look visually similar and the errors appear to be distributed in similar areas of the tone mapped images,
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Figure 7.9: Comparing the∆E76 (top images) and∆E∗
76 (bottom images) colour errors resulting from

tone mapping the green band as opposed to the luminance channel of the lamp image. The luminance
mapped images are on the left.

discrepancies appear when the∆E∗
76 errors are shown in the bottom part of figure. Although not fully

localised to the area around the red book in the original image, this difference in error coincides with

this area, for reasons discussed earlier. Still, the general error profiles remain closely matched for both

tone mapped images. Similarly in the comparison of the church scene, the top half of figure 7.10, shows

negligible∆E76 visual difference while the bottom half highlights obviousdifferences in∆E∗
76 units when

green is used to tone map the image. This time the differencesspread out over the image with generally

lower errors when green is used for tone mapping. The result means that quantifiable differences exist

when the green channel is tone mapped but they are perceptually minute to offset any computational

benefits.

A further inspection of the result of tone mapping the green channel rather than the full luminance

channel can be undertaken using harsher and more obscure images. In figure 7.11, two additional un-

compressed images are displayed. The left image is a church nave with windows that have the sun’s rays

sharply piercing through, with the rest of the image appearing dark and unclear. With a dynamic range

of over 6 decades, the overall image is not well rendered, as most parts are imperceptible. Similarly,

the right image shows a bright grove that appears saturated with details in the branches and the leaves
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Figure 7.10: Comparing the∆E76 (top images) and∆E∗
76 (bottom images) colour errors resulting from

tone mapping the green band as opposed to the luminance channel of the church image. The luminance
mapped images are on the left.

obscured.

However, after tone mapping both images, in the first instance by compressing the luminance channel

and then later using only the green channel, more details become visible in parts of the image as ex-

pected. In the church nave for example, the flags and window mosaics that were previously invisible are

clearer and more vivid - figure 7.12 while in figure 7.13 the leaves and smaller branches are now clearly

visible. More importantly, both tone mapped versions of thetwo images look very similar and almost

indistinguishable. As before, the∆E∗
76 colour errors, which should reveal any colour shifts also show

little change between the luminance and green channel tone mapped images. This is more pronounced in

the grove image than in the nave one possibly because there isless colour variations in the grove image
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Figure 7.11: Figure showing uncompressed images of a churchnave with a range exceeding 6 decades (on
the left) and a grove encompassing approximately 4.4 decades. Photos are courtesy of Paul Debevec [10].

and hence less visible shifts.

Overall, the visual results match the quantitative CIELAB errors for a large part of the images leading

to the conclusion that tone mapping the green channel offersan excellent trade-off of image rendition for

ease of computation. It also makes for a strong argument if high dynamic range sensors are to be used

in applications where high dynamic range images are to be displayed on a standard screens and not used

in colour inspection applications. This specifically favours logarithmic imagers whose overall dynamic

range capabilities place them at an advantage over linear sensors.

7.6 Colour Bit Length

In the previous section, it was concluded that visually similar output is more easily obtained by tone

mapping the green colour channel of wide dynamic range images than with the traditional luminance

data channel. Thus, the HDR output from logarithmic imagerscan be suited for display on low range

standard screens. These screens, typically cathode ray tubes, LCDs and TFTs, traditionally use RGB24

colour formats enabling 8 bits per colour. This has been a default standard for both the CIELAB and

RGB device space, with researchers such as Stokeset al. [128] proving that approximately eight colour

bits per channel are required for imperceptible colour differences for low dynamic range pictorial images

while 10 bits per channel were required for computational precision. This is known to be representative

of the extreme case where imperceptible colour differencesare vital for the process in question.

However, with a moderate priority in image quality and the need to optimise computational resources

in low power displays, techniques such as colour quantisation can be used to represent colour information

in smaller resolution devices. This is true for colour viewfinders for modern digital cameras and other low
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Figure 7.12: Tone mapped images of the church nave shown on the top of the figure with the lumi-
nance tone mapped one at the top left while the green tone mapped one appears at the top right. The
corresponding∆E∗

76 errors are shown at the bottom.

cost multimedia displays, which might use logarithmic sensors as the potential imager. For instance Sharp

Laboratories UK proposed a digital display with multi-format content ranging from text and graphics to

video that would use only 6 bits per colour to represent images [129].

For logarithmic sensors to take advantage of such applications, it is vital that in tone mapping the

green channel to compress the dynamic range of a HDR image, lower bit resolutions for low cost appli-

cations do not further degrade the quality of the displayable image. In figure 7.14, this is tested by colour

quantising the results of the previous section 7.5. The original cropped image of the desk lamp is shown

on the far top left before it is progressively colour quantised after tone mapping the green channel and

gamma corrected. The number of bits per colour channel are gradually reduced from the original 8 to 3

and as shown, colour image quality drops gradually. As the number of bits drops below 5, the contrast in

the image begins to become exaggerated since fewer shades ofthe colours are precisely mapped, leading

to significant distortion. However, at 6 bits per colour the drop in image quality is not yet substantial

for large perceptible differences from the original image.These preliminary results suggest that a simple

tone-mapping algorithm may be suitable for interfacing high dynamic range cameras to low resolution

LCD displays such as those found in many consumer products.
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Figure 7.13: Tone mapped images of the grove shown on the top of the figure with the luminance tone
mapped one at the top left while the green tone mapped one appears at the top right. The corresponding
∆E∗

76 errors are also shown at the bottom.

7.7 Summary

In this chapter, the challenge of displaying high dynamic range images from logarithmic imagers was

tackled. It was noted that although natural images and scenes from other simulated or artificial sources

were capable of providing over 5 decades of illumination, standard output screens were not able to fully

display this dynamic range because device physics limited output to just over 2 decades. The same

problem was present for other means of output such as printing and lithographic processes, resulting

from the inability of dyes and paints to create wide contrastvariations.

Despite the emergence of new technologies that enable significantly higher dynamic range, they are

still hugely expensive, largely untested and complex. Using techniques such as tone mapping, the com-

puter graphics industry has managed to develop a multitude of dynamic range compression techniques

that can be used to reduce the wide range present in some images to that of typical output displays. This

increased visibility over both the very bright and dark areas, while enhancing scene details and features,

which were previously unclear.

Since the majority of the tone mapping operators were based on linear sensors, and because the
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Figure 7.14: Colour quantised, cropped image of the lamp scene whose green channel has been tone
mapped. The original cropped image is shown at the top left before progressively quantising it, row wise
from 7 to 3 bits per colour channel.

dynamic range compression technique essentially operateson brightness values, which are the logarithm

of the luminance, the manner in which HDR images from logarithmic images were handled by tone

mapping operators was re-thought. A simpler more effectivebut convenient colour representation was

then developed, which specifically benefits logarithmic sensors during convenient and easy tone mapping

while maintaining colour scene reproduction.

By taking the difference between the responses of the LogX and LogY and the LogZ and LogY com-

ponents of hypothetical ¯x(λ), ȳ(λ), z̄(λ) filters, it was possible to simply maintain the dominant hue after

tone mapping while reducing the operational steps and computational load. This was equivalent to pre-

serving the colour ratios or the chromaticity coordinates as constants; a fact that was analytically proven.

The new representation was then revised to match the fact that most filters were actually ¯r(λ), ḡ(λ), b̄(λ).

With a Logr ′Gb′ colour format, where the LogG is the tone mapped channel, an even computationally

easier process was expected. Thus, contrary to the popular tradition of tone mapping the full luminance,

it was expected that compressing the range of the green colour would certainly introduce some colour

error but possibly produce similar images in perceptual terms.

Using four high dynamic range images, both the luminance andgreen channels were tone mapped

and the results visually checked to see if noticeable variations existed in the two approaches. It was noted
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that the results in both images were very similar and almost indiscernible. A deeper study of two cropped

images from both scenes showed minute visual differences even after brightening the scenes. Finally, the

∆E76 and∆E∗
76 error values between the original and the tone mapped imageswere compared. Inspite of

the fact that the individual error values were expected to behigh because of the tone mapping process,

subtle differences showed in the distribution and values ofthe errors between the tone mapped images. It

was possible to conclude that the two methods actually resulted in very close or visually similar results

but which were marginally different.

Colour quantisation was then tried on a high dynamic range image after tone mapping its green

channel to study the possibility of having displays for portable and low cost applications or devices, that

would utilise less than 8 bit analogue to digital converters. Good perceptible results were obtained for up

to about 6 bits per colour band thereby making this tone mapping approach feasible to some extent in low

cost devices. It was therefore safely concluded that high dynamic range responses from a logarithmic

sensors could be green-channel tone mapped, to produce strikingly good results, which are displayable

in standard screens for less computational effort.
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Conclusion

8.1 Summary

In the current electronic imaging market, both linear and logarithmic image sensors exist. Linear sensors,

composed of charged couple devices and active pixel sensors, have high signal to noise ratios offering

good quality images. Both pixel designs have several meritsand drawbacks making CCDs the choice

for high end imaging while APS sensors have spanned many applications due to ease of integration and

scalability. Although the cost of CCDs is still higher than that of CMOS APS sensors, at the expense of

better image quality, they both suffer limited dynamic range, typically about 70dB, when imaging natural

and commercial scenes often with greater than 120dB range.

Alternatively, logarithmic imagers, easily cover 140dB ofintra-scene illumination while encoding

contrast information. This way, human vision is mimicked without the need for extra circuitry and

increase in costs. In addition to continuous operation needed for fast applications, the ease of tone

mapping and suitability for applications like colour constancy makes them better suited for low cost high

dynamic range imaging.

However, logarithmic pixel operation is stifled by low signal to noise ratios caused by significant fixed

pattern noise. FPN poses the greatest challenge to the widespread use of these pixels with uncorrected

FPN creating illumination misrepresentation by factors ashigh as 100. This thesis has discussed efforts

to alleviate FPN from high dynamic logarithmic imagers in a simple but efficient manner. By using the

human visual system as a reference, this work has proposed and met a very high standard of image quality

after FPN correction in both monochrome and colour images.
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8.1.1 Fixed Pattern Noise

The understanding of fixed pattern noise commenced by presenting an existing model for the response

of a logarithmic pixel, which showed the constituents of fixed pattern noise variations in the pixels of

a sensor. Apart from a spatial variation, these FPN components were shown to have significant tem-

perature dependence hence requiring a simple and repeatable calibration process. Unlike some earlier

calibration schemes that were manual or had other drawbacksof large size (reduced fill factor) or high

power consumption, a self-calibrating procedure was deemed necessary especially in environments where

recalibration would be frequent.

The structure of a pixel circuit the can electronically calibrated was also presented and its operation

discussed. Using data from the simulated pixel circuit designed in theCADENCE circuit simulator, prop-

erties of a typical pixel from a set of 1,000 simulated pixels were characterised as well as the impact of

uncorrected fixed pattern noise.

Since previous fixed pattern noise correction routines reported their residual FPN errors in different

and varying measures that have not been compared, a new perceptually based error measure was intro-

duced in section 2.4. It was a biologically inspired metric based on the performance of the human visual

system’s ability to discern an illuminance. It is the first time that the FPN correction is being referenced

to such as a high standard.

With the set of simulated pixels, previous offset correction methods were then benchmarked to this

target contrast error measure. The disappointing results were explained using the model equation intro-

duced in section 2.2 and residual gain variations. Although, image-processing techniques like median

filtering had been suggested to reduce the remaining noise, this was deemed inadequate.

Simple offset and gain correction was then proposed to alleviate gain mismatch on the assumption that

leakage currents were negligible since they only significantly affected image quality in low illumination.

Using only two data points, the extraction of the offset and gain parameters was shown and the correction

for these forms of mismatch demonstrated at any photocurrent. However, because of changing sensitivity

along the photocurrent range and the need to attain the target contrast, the choice of these two data points

had to be carefully selected. At the same time, numerical errors had to be minimised while covering a

wide dynamic range. Consequently, the two photocurrents had to be as different as possible with the

smaller current being at least 100 times larger than thec j parameter. In empirically determining the

larger photocurrent, it was found that there was a higher error as the photocurrent moved further from

the smaller photocurrent. Nevertheless, errors of about 5%were realised. This was lower than the ones
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reported in earlier studies in table 2.1.

Simple offset and gain correction was also benchmarked along with the best offset and gain correction

method - the mean sum square optimisation method. It was found that the two methods were similar over

the same range and despite the absolute contrast error not improving at high currents, the simple offset

and gain method was simpler, more convenient, and less computational making it a more viable choice

for fixed pattern noise correction.

8.1.2 Model Derivation & Parameter Extraction

It was noted that just as in the low illumination region of pixel operation, contrast errors were unexpect-

edly as high as at the high end of the current spectrum. This was investigated and, as suspected, the

logarithmic transfer function becomes invalid in this region since the load transistor is being driven into

moderate inversion. A new square law relationship was shownto exist between the drain source current

IDS of the load transistor and its gate source voltage. Therefore, modelling the response of a pixel using

a logarithmic transfer function is invalid.

To model logarithmic pixel response over the entire photocurrent region, a new four parameter model

based on theEKV MOS transistor model was developed that smoothly represents pixel behaviour over

eleven decades of photo stimulus. The model was found to makean accurate fit with the simulated pixel’s

response when the four parameters are extracted using a regressive non-linear algorithm inMATLAB .

Although the model errors from the fit were all below 3.5mV, this method of extracting the parameter

was computationally demanding and thought to provide a burden for real-time applications.

In order to reduce the effort and time consumed in the parameter extraction procedure, a different

approach was proposed. The method which focussed on specificregions of the photocurrent range,

helped reduce the four parameter model to a simpler form thatcould be used in the extraction of the

coefficients. Five conveniently chosen data points were used in this procedure, resulting in a similar

fit to the function minimisation method, only for higher error at the high end, peaking at about 6mV.

Although this error was at least two fold in comparison to theoptimisation result, there was a tremendous

improvement in computation time and effort. Principally, the simple extraction technique provided ease,

convenience and accuracy over a wide range that was not possible previously. However, because of the

impracticality of measuring currents in real circuits required in the simple extraction approach, coupled

with the need to retain the logarithmic properties of pixels, the optimised two parameter logarithmic

model was considered prime in the development of a practicalfixed pattern noise correction technique.

In this quest, two approaches were discussed. In the first procedure, all pixel responses were corrected
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to the average pixel response at the point of calibration, the assumption being that all corrected pixels

constituted a mean offset and mean gain. This was done using pixel responses only. In the second

method, the responses were also corrected for offset and gain variations without the actual knowledge of

photocurrents but by taking the ratio of two offset corrected terms. In both methods, the significance of

the location of the two calibration points was retained, resulting in easy and convenient strategies for FPN

infested image correction. Lastly, the operational steps in a practical calibration routine were outlined

thereby emphasising the simplicity and ease of these approaches to FPN correction.

8.1.3 Monochrome FPN Correction

The contrast error measure, previously used for benchmarking and characterising fixed pattern noise, was

adjusted to mimic the way the human visual system adapts to perceive non-uniformity. In particular, the

eye’s higher sensitivity to relative illumination changesrather than to absolute ones, was central to the

adoption of a more relevant relative contrast error measure. Using simulation data, the absolute contrast

was shown to have a uniformly low standard deviation over theentire current range, which implied

that contrast error was systematic. Using this relative contrast error, simulation data easily achieved

the contrast target for 7 decades and was only limited by the level of the circuit simulator. It was also

proved that relative contrast error could be easily determined from practical electronic image correction

techniques mentioned in section 3.5 making it a pertinent and viable error measure.

Although, FPN correction on simulation data, resulted in achieving the contrast target over a wide

range, it remained unproven with real pixel data. For this reason, the practical image correction tech-

niques were tested on pixel responses from a 200×100 array. Before this was performed, the array was

characterised to investigate the distribution and the sources of the various forms of non-uniformity. With

typical behaviour from the pixels, column to column FPN was realised to be greater than row-to-row

FPN, due to the extra transistors in the column calibration circuitry. This was confirmed by maps of

extracted offset and gain parameters, which also highlighted the dominance of offset mismatch as well as

the significance of correcting for gain mismatch.

The actual correction of fixed pattern noise was shown using the two methods; namely the mean

response method and the photocurrent ratios method. A relative contrast error target of 1% was achieved

over 4 decades of illumination and an extra decade at 2% contrast. This higher error was attributed to

higher c j and d j parameter variations in the pixel sensor and to temporal noise which, despite being

reduced by averaging, was still considerable.

The effects of the analogue to digital converter were also emulated by adding quantisation error to
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the pixel responses and correcting for FPN. This was to make amore accurate assessment of the image

quality from a HDR imager. The choice of quantisation level was explained and applied to the real pixel

responses resulting in an increase in relative contrast error and the consequential decrease of dynamic

range under 1% accuracy. The level of quantisation was also shown to affect the number of bits with

higher accuracy requiring a longer bit length. This was found to suit the variety of applications that have

different accuracy and dynamic range needs.

Conclusively, a high dynamic range monochromatic logarithmic sensor can be easily calibrated using

an electronic procedure. Wide dynamic range monochrome or gray scale images can be corrected for

offset and gain variations in a fast and accurate way; this accuracy being about as good as the human

visual system can detect over 4 decades or at least 2% contrast sensitivity over 5 decade scenes.

8.1.4 Colour

The foundations for the assessment of high quality fixed pattern noise correction of colour images from

a logarithmic sensor were laid beginning with basic colour theory. In addition, the means of capturing or

sensing colour information using colour filter arrays were also detailed as part of the sensor colour pro-

cessing chain. Along with the numerous ways in which standard colours are represented, the equations

that defined the most commonly used RGB & XYZ colour models were also highlighted. After dis-

cussing the merits and drawbacks of these colour spaces, thelack of perceptual linearity and intuitiveness

in colour representation were confirmed using Macadam’s ellipses on the chromaticity diagram.

The CIELAB colour space was then discussed as a standard perceptually uniform, device indepen-

dent space from which many colour difference formulae were based and on which most of the colour

work in this thesis was focused. Despite the suggested alternatives to the∆E76 error metric, its use in

various industries and applications, made it the most widely used and quoted metric in the colour imaging

field. Consequently, it was adopted for this work. As a measure of acceptable visual quality, less than

3 ∆E76 units was generally recommended for logarithmic sensors, avalue in agreement with research in

the art and visual science world.

Munsell colours were introduced as a valid and authentic tool set, from which logical deductions

could be drawn after analytical simulations had been performed. This is because they sufficiently covered

the colour gamuts of typical displays and had been used in various research studies. Insights were inferred

about the dynamic range of colour, ratios of the colour components and how perceptually incorrect certain

values of be∆E76 error were from others. Overall, definitions of a pertinent colour error metric and a data

set, fit for analysing the quality of FPN correction in high dynamic range colour images were developed.

152



CHAPTER 8. CONCLUSION

8.1.5 Colour FPN Correction

The results of correcting fixed pattern noise in monochrome images were extended to high dynamic range

colour scenes. Because these images compose the vast majority of user images, this study was deemed

significant if logarithmic sensors are to be useful in many high dynamic range-imaging applications.

Using basic but essential knowledge of colour reproductionfrom chapter 5, the link between contrast

error and colour quality was first investigated. By studyingthe effect of absolute error in each of the

constituent colour bands, the limitations of model error onthe overall perception of colour was deemed

tolerable. This led to aMATLAB simulation using the standard set of Munsell colours over a 10 decade

range of photo-illumination.

A white reference colour was first added to the Munsell colourset as a way of transforming RGB to

the perceptual CIELAB, but also as a means of normalising allthe colours at any illumination. Using

typical values of thea j , b j , c j andd j parameters, the response of a pixel over the illumination range,

allowed for the extraction of offset and gain from the two parameter model. Modelling for colour assumed

all the colours imaged the pixel one at time at each illumination. Thus, using the extracted offset and gain

parameters, the estimated red, green and blue photocurrents were obtained for each illumination. After

referencing all the colours to the reference white at that illumination, the estimated RGB colours were

converted to CIELAB before comparing to their original RGB colour values.

By investigating the shifts in the positions of the colours on a chromaticity diagram at different illu-

minations, it was possible to begin to determine the effectsof absolute error on colour. Fewer chroma

shifts were observed in the purely logarithmic region whileworse ones were present outside this region.

CIELAB values confirmed this trend with colour error fallingbelow three∆E76 or ∆E00 units for most of

the photocurrent range. An analytical investigation into the low CIELAB values then confirmed earlier

predictions in section 6.2. Thus, residual absolute errorswere actually manageable since they do not

adversely affect colour perception.

However, to mimic real sensor noise conditions, typical fixed pattern noise variations were added to

the simulation of over 1,000 pixels. Results revealed that the addition of FPN and subsequent image

correction did not change the perception of colours over theentire range. Then, ADC quantisation noise

effects were also added to theMATLAB simulation to match the typical imaging process even closer.

Digitisation noise was therefore added to the previous simulations for the same 1,000 pixels. As the step

size was increased, a corresponding drop in colour accuracywas realised. Inspite of this, a 5 decade

range was still obtainable at less than 3∆E76 units of colour accuracy for a 10 bit ADC.

153



CHAPTER 8. CONCLUSION

Overall, this work revealed the very high potential for highdynamic range monochrome and colour

images from a logarithmic sensor that performs simple fixed pattern noise correction. The resulting im-

ages are perceptually indistinguishable over at least 5 decades making them ideal for most contemporary

high dynamic range image applications.

8.1.6 HDR Logarithmic Output

The challenge of displaying high dynamic range images from logarithmic imagers was tackled. It was

noted that although natural images and scenes from other simulated or artificial sources were capable

of providing over 5 decades of illumination, standard output screens were not able to fully display this

dynamic range because device physics limited output to justover 2 decades. The same problem was

present for other means of output such as printing and lithographic processes, resulting from the inability

of dyes and paints to create wide contrast variations.

Despite the emergence of new technologies that enable significantly higher dynamic range, they were

still hugely expensive, widely untested and complex. Usingtechniques such as tone mapping, the com-

puter graphics industry has managed to develop a multitude of dynamic range compression techniques

that can be used to reduce the wide range present in some images to that of typical output displays. This

increased visibility over both the very bright and dark areas while enhancing scene details and features,

which were previously unclear.

Since the majority of the tone mapping operators are based onlinear sensors and because the dynamic

range compression technique essentially operates on brightness values, which are the logarithm of the

luminance, the way HDR images from logarithmic images were handled by tone mapping operators was

re-thought. A simpler more effective but convenient colourrepresentation was then developed, which

specifically benefits logarithmic sensors during convenient and easy tone mapping while maintaining

colour scene reproduction.

By taking the difference between the responses of the LogX and LogY and the LogZ and LogY

components of hypothetical ¯x(λ), ȳ(λ), z̄(λ) filters, it was possible to simply maintain the dominant hue

after tone mapping while reducing operational steps. This was equivalent to preserving the colour ratios

or the chromaticity coordinates as constants; a fact that was analytically proven. The new representation

was then revised to match the fact that most filters were actually r̄(λ), ḡ(λ), b̄(λ). With a Logr ′Gb′

colour format, where the LogG is the tone mapped channel, an even computationally easier process was

demonstrated.

Using four high dynamic range images, both the luminance andgreen channels were tone mapped
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and the results visually checked to see if noticeable variations existed in the two approaches. It was noted

that the results in both images were very similar and almost indiscernible. A deeper study of two cropped

images from both scenes showed minute visual differences even after brightening the scenes. Finally, the

∆E76 and∆E∗
76 error values between the original and the two tone mapped images were compared. Inspite

of the fact that the individual error values were expected tobe high because of the tone mapping process,

subtle differences showed in the distribution and values ofthe errors between the tone mapped images. It

was possible to conclude that the two methods actually resulted in very close or visually similar results

but which were marginally different.

Colour quantisation was then performed on a high dynamic range image after tone mapping its green

channel to study the possibility of having displays for portable and low cost applications or devices, that

would utilise less than 8 bit analogue to digital converters. Good perceptible results were obtained for up

to about 6 bits per colour band thereby making this tone mapping approach feasible in low cost devices.

It was therefore safely concluded that high dynamic range responses from a logarithmic sensors could be

green-channel tone mapped, to produce strikingly good results, which are displayable in standard screens

for less computational effort.

8.2 Future Work

8.2.1 Colour Results

The effect of the two parameter correction method on monochrome images captured by a logarithmic

sensor were first analysed using simulation data in chapters2 and 3. Using a real sensor, data from a

200×100 pixel array was then employed to validate the analyticalresults. However, when colour images

were studied, only simulated results were used. The lack of acolour logarithmic sensor was the main

difficulty in obtaining real data to confirm the simulation results of chapter 5 and 6.

As part of any future final justifications for the feasibilityof applying the two parameter model as

a correction routine in colour images, it is pertinent that the simulation results be validated using real

data. Using a sensor designed to include the electronic calibration scheme mentioned in chapter 8.1.1

and with overlaid colour filter arrays, a wide range of photocurrents can be achieved where the response

of each pixel is in fact the response of only one photoreceptor class. As with monochrome data from the

200×100 array, the parameters can be extracted to give the estimated red, green and blue photocurrents

from two carefully chosen currents. Similarly, these currents can be obtained from theCADENCE circuit
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Figure 8.1: (A) and (B) show examples of the relative spectral responsivities of 1.1µm thick RGB filters
in theX14 andXIBIS5 sensors respectively [11].

simulator since measuring photocurrents from a sensor is difficult.

A demosaicing algorithm can then be used to obtain the complete red, green and blue photocurrents

for each pixel using the relevant values from its neighbours. The CIELAB values for each pixel can be

calculated before and after fixed pattern noise correction allowing for a comparison of colour error across

the entire range.

Lastly, a visual confirmation of the results of this correction can be achieved if an entire camera

system was built from which real monochrome and colour images can be taken. The ability to focus a

high dynamic range colour image and then correct for any mismatch using either of the means mentioned

at the end of chapter 8.1.2 would offer the chance to visuallyvalidate the correction routine.

8.2.2 Colour Matrixing

One feature that real colour sensors, such as one that might be required to validate previous colour work

possess, is the failure to accurately capture colour information. The implicit assumption in all the simu-

lations in this work was that the RGB filters on the colour filter arrays were ideal with smooth cut-offs at

different wavelengths for the respective bands. This is notvalid for either linear or logarithmic sensors.

Figure 8.1, shows typical spectral characteristics of two industrial logarithmic imagers. The curves are

clearly far from the ¯r(λ), ḡ(λ), b̄(λ) or thex̄(λ), ȳ(λ), z̄(λ) that were discussed in section 5.2.1. Neither

the wavelength nor relative sensitivities of the colour matching functions are accurately reproduced by

these sensors.

Due to the non-ideal nature of this and other sensors in the market, any colours that are captured by
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these imagers will always produce RGB component values thatare different from the ideal RGB values

of the scene being captured. This is true despite correctingfor all types of noise in the capturing process.

One approach that will have to be employed to correct for thissource of colour error in any future

work, is colour matrixing - applied immediately after colour interpolation/demosaicing - figure 5.2. In

this procedure, colour filter overlap is compensated for by comparing the RGB values of every patch of

a standard Macbeth colour checker, to those obtained after imaging the same patch using a real sensor

under the same illumination [41,75]. By optimising the elements of a 3×3 correction matrix, perceptual

colour from the sensor is brought to parity with that of standard colour charts. This approach is no

different from what current linear and logarithmic sensorsuse to correct for inherent colour shifts during

capture.

8.2.3 Temporal Noise

Logarithmic sensors are known to have voltage swings in the order of a few hundreds. For instance

for a typical 50mV/decade sensor, imaging a six decade rangewould mean about 300mV is realised.

With additional FPN variations, this is smaller than the voltage swings of about 1.5V enjoyed by some

linear sensors. This makes logarithmic sensors particularly sensitive, to other noise sources apart from

quantisation and fixed pattern noise.

The procedure to correct for fixed pattern noise that was discussed in this work included quantisation

noise in its analysis. It also yielded excellent results that make noise sources like temporal noise increas-

ingly significant. Composed mainly of readout noise and thermal noise, it was minimised by averaging

pixel responses from the 200×100 sensor array. Each pixel was read eight times reducing the amount

of temporal noise by a factor of
√

8. This means for a 1mV peak-to-peak temporal noise measurement,

the residual noise level after averaging is approximately 0.1768mV rms - a value equivalent to just less

than 1% contrast accuracy for a 50mV/decade pixel. Althoughaveraging has tremendously reduced its

significance, this is not possible in real sensors.

Since reading a pixel numerous times slows down performanceand might need to be repeated so many

times to achieve a significant effect, the averaging of pixelresponses is particularly cumbersome and time

consuming for large arrays. It becomes increasingly impossible if the scene also changes continuously

- such as in automotive and security applications - consequently the reduction of the effects of temporal

noise is being addressed from a design rather than processing perspective. Ideas like increasing the

size of the calibration sources to reduce variability and incorporating substrate level ADC’s have been

floated [78] with some level of success. Nevertheless, the effect of temporal noise on logarithmic sensor
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performance could be studied even further for a better understanding of its impact on logarithmic HDR

imaging.
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