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Abstract

Biologically inspired logarithmic CMOS sensors offer higymamic range imaging capabilities without
the difficulties faced by linear imagers. By compressingadyit range while encoding contrast infor-
mation, they mimic the human visual system’s response ttopstamuli in fewer bits than those used in
linear sensors. Despite this prospect, logarithmic sensaffer poor image quality due to illumination
dependent fixed pattern noise (FPN), making individuallpigppear up to 100 times brighter or darker.

This thesis is primarily concerned with alleviating FPN agérithmic imagers in a simple and con-
venient way while undertaking a system approach to its myridistribution and effect on the quality of
monochrome and colour images, after FPN correction. Usiagtoperties of the Human visual system,
| propose to characterise the errors arising from FPN in egpually significant manner by proposing a
novel error measure.

Logarithmic operation over a wide dynamic range is charesstd using a new modey;j = aj +
bjIn (exp(,/cj +djx ) — 1), wherey;; is the response of the sensor to a light stimwjusda; , b;, ¢ and
d; are pixel dependent parameters. Using a proposed comgmticedure, pixel data from a monochro-
matic sensor array is FPN corrected to approximately 4%rasherror over 5 decades of illumination
even after digitisation - accuracy equivalent to four tirtfesshuman eyes ability to just notice an illumi-
nation difference against a uniform background.

By evaluating how contrast error affects colour, the pabsitof indiscernible residual colour error
after FPN correction, is analytically explored using a d&ad set of Munsell colours. After simulating
the simple FPN correction procedure, colour quality is ysed using &\E7¢ perceptual metric, to check
for perceptual discrepancies in image colour. It is shovat,thfter quantisation, the FPN correction
process yields + 2 AE7g error units over approximately 5 decades of illuminatiasipar quality being
perceptibly uniform in this range.

Finally, tone-mapping techniques, required to compregh kiynamic range images onto the low
range of standard screens, have a predominantly logadtbp@ration during brightness compression.
A new Logr'Ghl colour representation is presented in this thesis, sigmifig reducing computational
complexity, while encoding contrast information. Using elkknown tone mapping technique, images
represented in this new format are shown to maintain colocur@acy when the green colour channel is
compressed to the standard display range, instead of ttiéidreal luminance channel. The trade off
between colour accuracy and computation in this tone mgpmiproach is also demonstrated, offering
a low cost alternative for applications with low display sifieations.
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Chapter 1

| ntroduction

1.1 Background

In the past decade, analogue photographic film has beenlguieklining and continuously being re-
placed by electronic imaging devices. Today, forecasts bykat researchers such R&OTRENDS
predict that after digital camera sales outnumbered daksamera sales in 2003, and with high annual
growth rates and ever increasing penetration over 80% ofidudet sales in 2008 will be digital [16].
Similarly, relatively new imaging applications such as eains are anticipated to have their market
tripling in under half a decade.

The fast decline in the use of analogue modes of image atiquisind the rise of electronic means is
very vivid in the digital capture-imaging field. With the ergence of Charged Couple Devices (CCDs)
in 1970 [17] and the maturation of Complimentary MOS (CMO8dedtors in the 199§ the industry
has experienced the increasing benefits of dual but singéidmiologies. Both provide faster times from
capture to an actual tangible image, no specialised skitlsa acquisition of digital images, large storage
capabilities, lower long-term costs and the possibilitgtiare, manipulate and transfer these images over
many platforms in real time.

Charged couple devices, having benefited from longer dpusdnt and maturation, yield superior
quality colour images, higher signal to noise ratios, higbtpsensitive area and low readout noise [18].
This is due to the specialised fabrication process dedidat¢he manufacture of CCDs. On the other
hand, CMOS devices that are manufactured in the same pragessiventional digital logic and memory

arrays, benefit from lower fabrication costs, lower powerstomption, random addressability, integration
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of several functions on a single chip and faster readout doperance speeds.

In the early 196G and before the development of CCDs, numerous MOS imagingpappes that
coupled NMOS/PMOS or bipolar logic were attempted, recgjwaried but not significant levels of
success [18,19]. This presented CCDs as a clear leader sibidy improving on its high and many
power levels, quantum efficiency, crosstalk and bloominoweler, as special niche markets such as low
cost imaging and radiation/IR/automotive imaging statte@volve, coupled with technology scaling,
CMOS sensors started to become a relevant part of the igdustfact, a decade ago, it was predicted
that CMOS imaging was destined to overtake CCD technologyast applications [18, 20].

Although this is not true today, both technologies co-exiéth each trying to improve its drawbacks
and meet the demands of both previously existing and newiirgaapplications. Just as CCDs have
lowered their power requirements and pixel sizes, CMOSgidsas shown great strides and flexibility in
constantly improving the image quality through the redarctof noise sources and optimising the fabri-
cation process to yield comparable image quality (both mbrmme and colour). As a result, CCDs have
mainly remained the preserve of high-end scientific, médicd high performance professional cameras
while CMOS imagers span the entire spectrum of applicatimisat the expense of some functionality

such as image quality or sensitivity.

§
2
&

Figure 1.1: The ubiquitous nature and wide span of CompliargrMOS sensor applications imple-
mented in different technologies. [Adapted from Taiwan ®emductor Manufacturing (TSCM)]
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With the possibility of integrating functionality plus dogue and digital signals on a single chip, it
is possible to envisage the multitude of applications, asvstin figure 1.1, for which CMOS sensors can
deliver sufficient performance on several sub-micron pgses. From mobile applications [21], automo-
tive and vehicle safety [22,23], defence/surveillancegimrze/industrial and vision control, medical [24]
to high speed large format imaging [25-27], CMOS sensoey afimense flexibility in meeting applica-
tion specific requirements. Nevertheless, in most of thppéications CMOS imagers still fall short on
some specifications. In the low cost applications, imagédityua mediocre, while in highly integrated
systems, costs in terms of design time tend to increase.

However, newer applications in highly specialised fieldshsas medical imaging (radiology analysis,
3D scanning), surveillance/security (unusual behaviatiiepns), space navigation, digital image restora-
tion, colour gamut extension and others, begin to demane finom contemporary sensors. There is a
strong need for sensors that can provide high quality, wistewchic range images at low cost and power
while integrated with the rest of the system for high perfante in robust environments and conditions.
For example automotive applications require 6 decadefuaifiihation as a necessary specification. Even
low-end systems such as those embedded in consumer ajgplicas well as low light environments
require better images than previously available. It ise¢fae imperative to develop either new technolo-
gies or approaches that achieve better performance, oorexfile current sensors and devise ways of
overcoming their shortfalls.

In this work, the latter is investigated. First, a review afrent electronic imaging design technolo-
gies is presented, while comparing their performance msesf dynamic range, image quality, ease of
integration, manufacturing cost, speed and power consampsection 1.2. It will be shown that, in the
pursuit of a low cost, wide dynamic range sensor that yielgh Quality images, linear CCD and APS
sensors fall short of dynamic range and have to employ otigtiiccreasing techniques while logarithmic
sensors meet the dynamic range requirements but suffeioinfimage quality.

In deciding whether to improve techniques of increasing Al@amic range or logarithmic sensor
image quality, a relevant consideration is what the majaitimages are used for in most applications.
Since most captured images are viewed and assessed by tha kigual system, it is fitting to use the
HVS as a reference for determining the mode of capture asaselie quality of the image. Studies have
shown that human vision is approximately logarithmic [28&],with contrast information being encoded
at scene capture over about 10 decades of illumination. Wiibgarithmic representation providing
other benefits that an imaging system can take advantagelofasutone mapping and colour constancy

(section 1.3), it will be argued that capturing images l@barically is indeed logical. To appreciate this
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decision fully, existing imaging technologies are firstiesved and then compared accordingly.

1.2 Electronic Imager Designs

Electronic imaging sensors can be broadly divided into @da@rCouple Devices and Complimentary
MOS based sensors depending on their manufacturing protlesg all contain a photoreceptor element
which, like photosensitive film, interacts with light engngflected from an object in a scene. Although
photoreceptors are present in many forms (photogates fi@jtodiodes and phototransistors [4]) the
complete characterisation of the photodiode by Chamiesladl Lee in 1984 [30], and later by Yadad

al. [31], cemented their use in many pixel sensors since theyiged consistent linearity and were easy
to integrate in both CCD and CMOS manufacturing processeseftheless, like other receptors, their
basic function remains that of charge capture using eneayy photons during charge collection. It is
this charge that is transferred and converted into a ddsicatantity such as a voltage, time, current or
frequency [32], before meaningful illuminant, spectradl @apatial information is derived.

This image data, usually pre-processed before analoguditalcconversion, forms the best raw
information a particular pixel can derive in any conditiofi$his is because every sensor has character-
istics inherent in its design that pre-determines the bessiple performance. For example, a sensor’s
fill-factor, quantum efficiency, signal to noise ratio anddynic ratio include some of the performance

criteria used to characterise an electronic imager.

1.2.1 Charged Couple Devices

Following their invention in 1970 by Boyle and Smith [17] oeB Laboratories as a form of circuit
memory, charged couple devices have been easily adoptedital dmaging because of silicon’s good
response to visible radiation and a simple, efficient aechitre and design [18]. Photons falling on the
photo detector surface transfer their energy, freeingtreles that build up charge in the pixel potential
well. Their “bucket bridge” architecture involves this sd charge, being serially transferred along the
substrate by a sequence of pulses to an output amplifier433V¥@th the linearity of the photo detector
and device design, the collected charge is directly proguat to the number of photons captured and
the duration of exposure.

CCDs are designed in several configurations, the main oneg li@l frame CCDs, full transfer
CCDs and interline CCDs. In the first, the rows of the captiseehe, now represented as collected

charge, are shifted down one row at a time along the columrnbkeoarray, before being serially sent
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into the output amplifier. A high-resolution density is dh&d from this simple, easy to fabricate design
but comes with some form of shuttering as a requirement tadawwage overlap. The frame transfer
mechanism is similar, only that instead of shifting one réx& ime down to the serial register, the entire
array is read out to a photo-shielded buffer (storage) arfagual dimensions so the actual array is freed
to read out another frame. This design does not requireesingtand leads to faster read out times but
at higher costs since twice the array size is built. Forteigaboth full frame and full transfer CCDs
use photogates as photo detectors which despite havingieaédensitivity due to the polysilicon gate,
enjoy near 100% fill factor. This allows the pixel to hold asalnyphoto generated signal as the well
capacity can hold. This is directly linked to the dynamic rad@é the pixel since a greater well capacity
translates to a wider range of illuminations that can bealete

The above CCDs, particularly the full frame transfer, suffem image smear, caused when charge
collection occurs while the charge associated with theipusvreadout is still being read, leading to a
misrepresentation of the captured image. Interline CCRsessfully avoid this artefact by employing
a line of light shielded channels adjacent to the pixels ieotto separate image capture and readout
as shown in figure 1.2. Here collected charge is transfermd €ach pixel and immediately pulsed to
this interline and then transferred down the column befa@iadserially readout to the output amplifier
to form a full image representation. Consequently costhe$eé CCDs tend to rise due to additional
complexity of design and timing. There is also a lowered iigitg due to a lower fill facto?, typically
by 50%, as the pixel is now reduced in size.

Unlike in full transfer devices where photogates are emgudipynterline CCDs always utilize pho-
todiodes which suffer the low fill factor but trade that forttee sensitivity [19, 35] especially at blue
wavelengths. However these photodiodes have image lag thieecharge is being relayed from the
photodiode to the CCD, as well as reduced potential well cdpas a result of their reduced size. To
increase the amount of photon-generated charge collegtgtehbinterline CCDs, micro lenses are added
to concentrate the incident light onto the photodiode acfdke pixel therefore boosting the effective
fill factor to nearly 90%. Micro lenses are also known to sheithe exposure times since more energy
is captured quicker but have the problem of becoming legstfe as technology scales [19]. This is
because in addition to extra cost and complexity, micraéenpixels suffer vignetting, cross talk and

light scattering all of which affect performance. On baknthey are a welcome addition to optimising

Iwell capacity, usually measured by the number of electrorfs)etethe amount of charge, an individual pixel can hold before
fully saturating.

2The dynamic range of a pixel is the ratio of the highest nonssing signal to the noise floor signal, usually expresaeti.

3Fill factor is a ratio of the photosensitive area of a pixette total area of the pixel and is a measure of the amount of expos
to illumination a pixel is designed to have.
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Figure 1.2: The basic structure of an interline Charged GoDpvice (CCD).

interline CCD performance since faster, less noisy opamasi utilised for the trade off of lower fill factor.

Overall, the CCD’s compact but simple nature of design effegh-density spatial resolution sensors
since no extra functional integration or processing ctrguis added within the chip. Because of the
limited extra structures and a mature specialised propésd,response non-uniformity (PRNU) is low.
Additionally, low dark and readout noise (approximately-286 electrons rms [36]), collectively yield
high signal to noise ratios that are very favourable; andh vatlay’s small pixels sizes, high fill factor
(close to 100%) and sensitivity of image capture, CCDs atilyset the standard for high quality images
in the industry [29].

Unfortunately, manufacturing CCDs is a highly specialised difficult process to optimize. Extra
digital and analogue functionality such as timing conteoiigot be integrated since they are manufactured
in a separate process and even if additional blocks arerezhfor specific designs and applications it
often proves difficult. This has been a direct hindrance ¢éoube of CCDs in low cost highly integrated
devices and systems. They are also susceptible to chargioavghen over exposed wells overfill
with charge that begin to leak to neighbouring substrats)lting in streaking or blooming which, if
uncorrected, appear as bright lines in CCD images. An attéongontrol this saturation effect has led
to the use of anti-blooming or overflow drain structures, chhsignificantly reduce leakage [36]. For
pixels whose wells are filled, the maximum dynamic rangeashed and for most typical CCDs ranges
between 50dB - 70dB [19]. For commercial and natural scenes) as those in automotive applications

that can span over 120dB [35], this is insufficient and CCDkaause saturation in the bright parts of
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Figure 1.3: Passive Pixel Sensor (PPS) basic structus¢ while (B), is a modification with an extra
transistoM 1 to minimise blooming effects.

the image and/or under exposure in the darker parts of threesce

In addition, the numerous high voltages lines (usually4 that are used to pulse the charges across
pixels and registers use considerable power hence limitiag use in small low cost battery-powered
portable devices. Even in moderate applications, poweswoption significantly increases costs. Only
in high-end professional applications, where image guaiemphasised over costs, is power utilisation
usually outweighed. Lastly, the serial output of CCD imagera slow approach to charge collection
since the charge is sequentially pulsed from pixel locatioanother along the substrate making CCDs

ill suited for fast frame rate applications.

1.2.2 Linear CMOS Devices

Passive Pixels

The use of complimentary MOS technology in imaging sensssmed in the early 19&Mhfter a period

of relative failure [18,19]. With the intention of having erssor that could be manufactured in the existing
fabrication process, additional costs associated witreaiafised CCD process could be avoided and the
added benefit of lower power consumption and integratedtifumality, utilised. The first passive pixel
sensor basic configuration, figure 1a3( incorporated a photodiode and a single row select tramsis
M1, which was used to connect the pixel to the column bus. Alldblumn buses along all rows were
then connected to a single charge-integrating amplifieA]@t the bottom end of the array, which was

used by all the pixels for read out.
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A modification of the basic design shown in figure BB(shows an extra lateral overflow drain
transistoM1 used to reduce blooming effects. Withyq chosen a value just above the threshold voltage
\ih, the overflow drain transistor is switched on and begins twloot when the voltage at the cathode of
the photodiode drops towarilssq — Vin, thereby reducing the pixel discharge rate. This way naattun
and blooming efects are realised.

Irrespective of the configuration, passive pixel sensongeilt in the same technology processes
as other memory and logic circuitry and therefore yieldeitegarge pixels [18, 19]. Nevertheless, this
design offered the largest fill factor for a given pixel singléhe smallest pixel size for a specific process.
They consumed less power since only a single power line wesssary for the entire chip. Artefacts
such as blooming and streaking were also easily eradicatadsimple, easy to fabricate process [33].
Extra functionality that was harder to include in CCD desigound no difficulty being incorporated into
the chip; for instance adding —Y addressing transistors for random pixel selection and eviig for
applications that offer zoom functionality.

However, the reliance of passive pixel sensor on a singldiiengeadout does make them slow
relative to CCDs, hence creating a big difficulty if largealesion arrays are to be built for use in video
applications. In spite of a small pixel size and large filltéacthis design also has low sensitivity and
highlights the susceptibility of the entire array to noisedo the large column capacitance. As a result
signal to noise ratios are low with readout noise in the oafe250 electrons rms, about ten fold the
value for CCDs. Moreover, the passive pixels become imaatith technology scaling since the large
arrays result in higher capacitance which in turn createesl@esponse times [33].

Most importantly, pixel responses from passive pixel sendave an illumination dependent non-
uniformity that manifests itself as a time invariant noi$éis non-uniformity, called fixed pattern noise
(FPN), results from variations in the fabrication of ideati pixels, amplifiers, readouts and extra cir-
cuitry, intrinsically due to varying doping densities andmafacturing defects. This is very significant
because the uncorrected images appear inferior, oftemasmiform line patterns, when a uniform scene
is imaged. To reduce the effects of fixed pattern noise, antquk called correlated double sampling
(CDS) [36], is employed which minimises FPN while reduckify/C reset nois& In this procedure,
pixel readings when the mechanical shutter is closed argastbd from readings from the same pixel
when a scene has been imaged thereby removing additive cemizoof FPN. This is made possible
using a single sample and hold circuit and a comparator shagually located just before the amplifier.

The dynamic range of passive pixel devices, just like CCBdjniited to around 60dB, a value

4KkT /C noise is considered a form of thermal noise which occurs asultref thermal agitations of charge carriers.
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Figure 1.4: Variations of Active Pixel Sensor (APS) designcture.

still inadequate for high dynamic range imaging if high dyri@range (HDR) image quality is to be
guaranteed. While in CCDs, this is attributed to limitatimfighe well capacity, passive pixel devices
are mainly limited by the maximum voltage swing attainalbie &igh noise floor levels. The lack of
adequate amplification of the converted charge is seen amaie hurdle to raising the low signal to
noise ratio and dynamic range. In addition readout noisgstemimpair the quality of the images further,

making them inferior to those from CCDs.

Active Pixels

Active pixel sensors (APS) are a direct result of a modifaratf the passive pixel sensor. The addition of
an amplifier source follower circuit to each pixel in the gdr®90s, greatly increased the signal to noise
ratios and operating speed. With an extra transistor syéetry pixel could now be addressed spatially
making the 3 APS a popular configuration. Represented in figureA).4ihe reset transistav1 has,
connected to its source, a photodiode and a source follomglifier M2 which together with the row
select switchM3, allow the pixel to be read to the column bus. A variationhis tlesign - figure 1.4),
in which the position of the source follower and row seleet maversed, is sometimes used as a design
option.

In both circuits, pixel operation begins with the reset & ¢fate ofM1 being pulsed high thereby
integrating this charge onto the photodiode capacitantés dapacitance is then gradually discharged
by the light incident on the photodiode junction. The soudai®wer transistor then buffers this small

capacitance from the large column capacitance before thesetect allows readout to the column bus.
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Not only does this architecture increase SNR, power diisipégs minimal compared to both PPS and
CCDs, since readout capacitance is low and these buffemmangly for the duration of the readout [18].
The lower fill factor as a result of the extra transistors)$® anore than compensated by better dynamic
range and higher SNR. Note that at approximately 30%, APfadilbr is already similar to those attained
by some high performance interline CCDs. To further inoeahe overall sensitivity of APS pixels, they
also utilise polyimide micro lenses to increase the amofiliglat captured by refracting light away from
the photo insensitive areas onto the detector region awdogisrcome the losses in surface reflections.
Some manufacturers such asiZA corporation have even shown ways to improve image captyr@-ca
bilities by adding exposure control while eliminating imofj shutters, image lag and anti-blooming [37].

APS sensors have benefited from techniques such as colusimielogue to digital conversion [38]
and advances in fabrication methods to create architectuith better sensitivity and responsivity to
light [18]. The subsequent increases in pixel size due toenooncuitry and larger size compromises
cost effectiveness, sometimes potentially increasingeni@vels. New sub-micron processes, compatible
with already existing CMOS processes, have also led to asimg functionality and compatibility at
reduced costs. Yadiet al.[31], for example, broke new ground in 1991, when they desigmpixel in a
3um process for complete random scan addressability. Todag fuactionality than random scanning
exists in 05um - 0.13um processes including motion detection, multiresolutimaging and dynamic
range enhancement [18, 39, 40] among others. More compkxrs exist where a combination of
functionality is employed in a single chip at low cost while chip colour processing functions such as
gamma correction, white balance and colour correction baes demonstrated [21].

A factor affecting APS performance, and considered to bedfrike main hindrances to them be-
coming ideal imagers, is noise [29]. Present in various rfixed pattern noise, dark current néise
readout noise and temporal noise represent the strongeatiran CMOS imager performance [41]. As
explained in section 1.2.2, fixed pattern noise results franmations in the responses of identical pixels
due to manufacturing variations such as minutely varyingeesratios, doping variations and varying
capacitances. These differences in the pixel responsestoée accounted for in a calibration process.
To date, correlated double sampling constitutes the majnokaninimising this noise. True correlated
double sampling in APS involves reading all pixels twiceaay illumination within any frame starting
with a reset operation. Usually situated along the arrayrook [42, 43], CDS circuits read the pixel
response at the beginning and end of every integration cyitles ensures that, in addition to pixel and

column-to-column FPN, th&T/C and 1/ f flicker noise associated with this integration cycle are re-

5Dark current noise is caused by reverse currents in norti@gphotodiodes.
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moved. In addition, dark current noise, which appears asgidfPN, is not suppressed by correlated
double sampling. This is because the dark current appeaiis tite reset level, but only in the signal
level of the pixel signal.

Despite the success of the FPN reduction methods such as &Bbfidques in minimising additive
FPN to 024% of the saturation signal [42], little effort has gonepithie removal of any other compo-
nents. Liu’s [44] attempt at determining and removing gaiNE-using optical flow estimation and linear
minimisation numerical algorithms from motion sequencesulted in significant visual improvement in
image quality but acknowledged the delicate balance betwemplexity and performance.

Nevertheless, with technology scaling, new challengesixel glesign arise. One demerit is the
lower voltage swing to accommodate the smaller sizes of &wicds. Since the size of the saturated
signal is one of the determinants of dynamic range, low geltswings limit the dynamic range that can
be claimed. This compounds the fact that APS pixels alreafferslimited dynamic range resulting
from the definite amount of charge that can be held at the piXelertheless, low voltage designs of
complimentary APS have been shown to obtain a dynamic rah@@dB, attained with a novel read
out method, utilised to increase the potentially low SNR3].[4Despite the higher capacitances and
lower readout gains of the PMOS components of this designjlttade of other ways to increase the
dynamic range in active pixel sensors have also been devismdexample, a stepped reset level on a
lateral overflow capacitor was used to create a customisszbpwise compression [42]. Using a gate
voltage, excess charge was collected at the overflow (amasom well capacity adjustment) allowing an
increase from 70dB to 94dB but at a cost of increased fixe@patinise and capacitance from the lateral
capacitors themselves. Schagizal. [45] tried a unique combination of multiple exposure and tmul
gain readout to deliver a 120dB range, obtaining a good SNB6dB at about 50 frames per second,
ideal for applications in the automotive industry. In thipeoach, the sensor was subjected to different
frame exposures ranging from short times for bright parthefscenes to longer times for the capture
of the darker areas of the scene. In addition these low ilhation images were allowed higher gains
while the bright scenes, lower gains. The resulting imagbiexed by stitching together its individual
parts, then more accurately represented the entire rarthe ofptured scene. More complicated designs
emerged later with Lulet al. [46] attempting pixel level automatic shutter, adapting thtegration
time to the local intensity to achieve 120dB. Stomgpal. [47] even used a combination of a piece-wise
linear design, comparators and analogue memory to cohstafpt the single pixel integration time
in proportion to the local illumination condition. Despitee 132dB range, the low fill factor and high

number of transistors reduced viability. Similarly, thedo@ of pixel integrating times instead of the
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conventional pixel voltages [48] to avoid possible saioratyielded 100dB; but like most of the above
dynamic range improving methods, added complexity, extraitry and costs.

Overall, linear APS sensors show a big improvement in imagdity from passive pixels in addition
to their capability of fast speed performance. Howevely ithygnamic range is still as limited as those of
CCDs and although numerous mechanisms of dynamic rangagrpahave been shown above, extra
design or cost seems to be associated. Recent work by Ckeuahpt9,50] appears to suggest a changing
approach to handling dynamic range. By converting the timegponse of an active pixel sensor to a
logarithmic one using a piecewise linear approximatind@mse to digital converter, they were trying to
mimic the human visual systems’ approximately logarithregponse to light stimulus [3,6,9]. Allotting
the finer resolution to the lower illumination values anddyally less to the higher illuminations, the
multi resolution ADC vastly improved contrast at lower iftination but increased quantisation error and
ADC cost concurrently. Although, no independent or quiiliedquantitative assessment of the resulting
images was made, this contrast encoding imaging concep bestriking resemblance to another class

of CMOS sensors that are non-linear in operation.

1.2.3 Logarithmic CMOSPixels

All the CMOS devices discussed above operate by integraiobarge onto a capacitance to give a
voltage, which is discharged at a rate directly proportidodhe integrating time. However non-linear
CMOS sensors that have existed since the early ‘5988nerate a voltage that has a logarithmic rela-
tionship to the pixel photocurrent. These logarithmic fixaimic the human eyes response [3, 6, 9] to
photo-stimuli and have similar properties to photograyfifie, which is pseudo-logarithmic. Responses
from a logarithmic configuration are independent of the Alisdight intensity of a fixed contrast image
and encode this contrast information by compressing thamynrange. Unlike linear sensors that im-
plement real-time vision applications with added desidargfthe building of architectures that easily
combine time continuous visual analogue processing witligglception are better suited to logarithmic
Sensors.

The adaptive photoreceptive circuit, reported by T. Detkrand C. Mead [51, 52], was the first to
contain a logarithmic pixel as an alternative device forithaging field. Today, logarithmic pixels can be
obtained by PMOS or NMOS transistors acting as load traosigt weak inversion and a photosensitive
device usually a photodiode [13, 15, 53-55].

The basic logarithmic pixel configuration is shown in figurd, WhereM1 is the load transistor op-

erating in weak inversion wittvi2 as a row select device ahd3 as a source follower readout. With
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Figure 1.5: The configuration of a 3 transistor logarithmiepwith source follower readout.

Vgs < in for M1, the voltage at source of transisMi drops as the amount of light increases at the pho-
todiode pn junction, with the relationship between themsmurce curreniys and drain source voltage

Vgs generally given by [54,56,57],

W \Y/
lgs = leoeXp<?1kgTs> (1+AVys) (1.1)
B nkT [ lgd
Vout = Vdd — 7q In (ldoW> (1.2)

for 1 >> AVys. Vout is the output voltagalV/ /L the aspect ratio of transistbt1, k the Boltzmann constant,
T the absolute temperaturgthe electronic charge the subthreshold slope parameter anmgpresents
the channel modulation coefficient. It is clear that for arngaity gain source follower readout, the
voltage readout of the column bus is a logarithmic composssf the current flowing through the pho-
todiode. The lack of a time dimension in any of the terms inagigm (1.2) highlights one of the strong
merits of continuous time operation of logarithmic pixelhis eliminates the complexity of designing
multisampling pixels, fast ADCs and extra buffer/memorgttis required in most high dynamic range
linear sensors. Moreover, the logarithmic compressiorhefdaptured images leads to imaged scenes
having greater dynamic range than those of linear sens@syokind, often up to 6 decades. This may
not be a very significant factor when imaging low dynamic esgenes but is quite influential when high
dynamic range scenes have to be captured and displayednvisimrating or underexposure.

This is well demonstrated by the images on the left of figuwvthich show both over-exposure

and under-exposure in the different parts after being cagtby low dynamic range CCDs while the
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Figure 1.6: Top images: A 256128 welding scene first captured with a CCD and then with aaligi
0.8um logarithmic CMOS HDRC camera without any exposure coratal20 frames/sec and with a
constant access time of 140ns per pixel. At the bottom, andtigh contrast 648 480 image, and the

more natural image when captured from.23um CMOS logarithmic VGA Imager [1].

images on the right, captured by logarithmic sensors, hatle &reas with better visibility and clarfty
Such capabilities form an essential requirement in theraative industry where, for vehicular assisted
driving, wide ranges of illumination need to be covered,i¢gfly up to six orders of magnitude and
containing vital images that have to be relayed to the dagethey develop [23,45]. Logarithmic pixels
also meet similar requirements in the machine control ittgiuX-ray & medical imaging, surveillance
and robotics [19, 22, 24].

The high dynamic range suggests a high number of bits ratjtoreover a wide range. Logarithmic
pixels, however, need fewer bits per pixel to cover the saide @ynamic range than linear sensors. For
instance for a five decade dynamic range, only 10 bits ofaligita are required for a 1% accuracy [22]
whereas 24 bits per pixel are needed in linear sensors fonitasievel of accuracy. This is very sig-
nificant and invaluable to high dynamic range applicationsh& higher bit numbers represent a rapid
increase in pixel circuits, power consumption, cost andibs complexity. Logarithmic imagers there-
fore combine the special capabilities of constant consassitivity with the high dynamic range that is
ideal for system integration with wide dynamic range amilans. They also leverage the other advan-
tages of CMOS process technology such as easy integratixtraffunctions and circuitry, low cost and
power performance, faster readout speeds and the abilignabm addressability and sub-windowing.

Due to the low sensitivity of logarithmic sensors, smalltage swings are managed and even for an

6Note that the limited dynamic range of printed material/papeher degrades the quality of print media since they areditnit
to less than 2 decades
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average noise floor, the signal to noise ratio is lower tharsdtattained by linear pixels. At a sensitivity
of 50mV/decade, a logarithmic pixel spans about 300mV owedscades while an APS may have an
output swing of about.bV over 3 decades. It is unsurprising therefore that logarit sensors are more
noise prone and susceptible to image quality degradatioareNmportantly, this sensitivity drops in
low illumination becoming almost unresponsive in near damkronments. This is because in very low
illumination the photo detector current is dominated bydhek leakage current noise. Coupled with the
fact that temporal noise becomes very significant in raiffiegnoise floor, good sensor operation in low
illumination is even made harder to achieve. All the issu@sva mean that noise significantly limits
logarithmic pixel performance.

However, above all noise sources, fixed pattern noise playgreatest role in limiting the quality of
images from these non-linear pixels. As mentioned befove;uniform responses to a uniform scene
from identical pixels cause inferior image quality. Beaofmanufacturing defects caused by variations
in doping densities and threshold voltages, an illumimatiependent noise appears as random speckled
non-uniformity sometimes even as pronounced verticaslitfauncorrected, fixed pattern noise is known
to cause pixels in the images to appear as high as an ordeloanagnitudes, brighter or darker than

expected [14, 15, 58].

Figure 1.7: Uniform images of a white sheet of paper takenguaFUGA 15RGB logarithmic camera at
8 different illuminations represented by f-stop number8; 2.8, 4.0, 5.6, 80, 110, 160 andc.

A simple example of this kind of noise is shown in figure 1.7 enéha white piece of paper is uni-
formly illuminated under room conditions and then imageddoyHDRC FUGA 15RGB logarithmic
camera [53] at different exposures. All the images appegrradied and not as uniform as a white sheet

of paper should. Pronounced vertical lines that are mottindisat the edges create an unrealistic im-

15



CHAPTER 1. INTRODUCTION

pression of the originally captured image. FPN thereforedseo be minimised if not eliminated for
logarithmic pixels to yield comparable quality images.

The correction of fixed pattern noise has been a major suinjebe study of these pixels with sev-
eral efforts to calibrate logarithmic sensors for this roifn general the correction procedures such as
correlated double sampling [35] and in-pixel subtractioetimds [59] that are used in linear sensors,
cannot be applied to logarithmic sensors because of thetimmus mode of operation. In logarithmic
operation, the absence of a reset prevents the use of theoabjedsampling procedure. Consequently,
alternative methods have had to be developed to suit thépiergituation, some classified as internal to
the pixel structure and operation while others have tendée external.

In 1995, Ricquieret al. [60] attempted to reduce FPN by employing hot carrier ingecto alter
threshold voltages in a traditional three transistor pighg a pre-programmed offset thus compensat-
ing for their variation. However, the long stressing timegdther with the high voltages of up to\6
outweighed the benefit of the 5mV peak-to-peak FPN that waieeed. The calibration needed approx-
imately 10 minutes per pixel, making the procedure untenédnl large arrays or imagers that require
fast operations. Dierickst al.[61] on the other hand, suggested the use of a post chip seftwedution
to remove previously determined and stored individual Ipiftsets. Their implementation had the im-
pediment of slow performance as memory access times andatdns reduced sensor performance. A
hardware solution involving an EEPROM and dedicated cagssor was, however, developed in a large
chip that allowed for random addressability, trading seféster frame rates. This performed well, but
the extra circuitry, control blocks and a processor plaeadi limits on fill factor and the available frame
rates.

In looking for simplicity while correcting for FPN, some lagthmic manufacturers offered easy re-
calibration by allowing users to individually correct fdfget variations as and when a significant change
in environment occurred. In thuGA 15RGB camera [53] for example, by imaging a uniform scene, the
values of the responses of all the pixels would be stored Hrsdilasequent responses subtracted from
these values to remove offset variations. In figure 1.8, thitorm white paper, previously imaged in
figure 1.7, is shown after subtracting the pixel values atithmeination (f5.6-stop) from all the other
images and scaling the result.

The results are very vivid as most of the vertical lines thatexpresent in the uncorrected image have
ceased but random speckles still exist which might obscetaildf it were a detailed image. Despite the
fact that this calibration method requires no skill, it is@mvenient and cannot be used in commercial or

industrial and professional applications. It is prone tonhun error, relies a lot on uniformly imaging a
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Figure 1.8: FPN corrected images of a uniform sheet of paentat the same f-stops as the logarithmic
camera in figure 1.7. This is obtained by a subtraction oftalimages from that at thE5.6 stop and
scaling the images.

constant scene and has not been tested in high dynamic rppligations.

A similar approach was also tried by Marshall and Collins][62here FPN correction involved
eliminating offsets by subtracting an out of focus image afcane from a focussed one. However,
this approach was not seen as very viable because the gogtitye corrected images dropped as the
scene changes from the scene used for correction. It alstedr@ contrast encoded, edge enhanced
image that is not nice to view. A logarithmic circuit with atype floating gate load transistor that em-
ployed programmable threshold voltages to reduce fixe@patioise was also reported by Marshall and
Collins [63]. This circuit also provided the pixel outputtieby maintaining a high gain but also prevent-
ing temperature variations from affecting this output. pites of this, the mechanical shuttering of the
auto focus mechanism and the sizes of the programmablétidesoltage circuits proved prohibitive.

Looseet al.[14, 15] stored pixel offsets in a capacitor for each pixeddzhon a specific reference
current determined by a voltage feedback circuit and latbtracted this offset as part of a calibration
process. This yielded a reduced FPN noise level@¥8per decade at the expense of fairly large pixels in
a 0.6um technology. Instead of storing the individual offsetsy#diaset al. [55, 64] developed a double
sampling procedure where a reference current was useduge@eq initial reading before a pixel reading
was taken, yielding FPN levels of%% of the output signal range. Although the speed implicestiof
reading each pixel twice in each frame, were noticeablesitteeof the five transistor circuit created more
variations that the very circuit it was trying to solve.

Until recently, the removal of FPN was based on the fact thatdditive components dominated most
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of the noise [35,61, 65] and although other forms of FPN weoaight to exist [55, 64], little was done to
reduce their effect let alone acknowledge their contrdutiThe removal of offset components alone did
not seem to create satisfactory quality and for this reasoant researchers have endeavoured to study
and remove other components of fixed pattern noise. In aryXaraging application, Ponchut [24] used
logarithmic pixels where the offset, gain and leakage eusre/ere extracted over a 4 decade range using
a numerical non-linear fitting algorithm within a softwaigpéication. Although no residual FPN results
were fully discussed, an image with noise-30 times that of comparative CCDs was reported. Extra
costs of the computations in separate software would magesttution hard to implement in portable
low cost applications such as digital cameras. An on-chigptide algorithm was also suggested and
developed in the removal of offset and gain effects [22] bmilar concerns still arise from the cost and
size despite the added advantages of temperature indejenaled a lack of frame delay.

Even simpler FPN correction was demonstrated when Jostelh[12, 13] devised a method which
extracted all FPN components at each pixel location andjusiese values, reduced illumination inde-
pendent non-uniformities. Joseph started by modellingésponse of a pixel to three components, an
offset, gain and leakage current per pixel, using a uniféiumination of a sheet of paper at five different
light levels. Using a non-linear optimisation technigue three components were then removed from
all subsequent pixel values to yield significantly reduc@NRo levels of about a least signifncant bit

(LSB) over two decades.

1.3 Pixel Comparison

Reviews of the various ways by which current electronic ieragcapture and represent widely varied
scenes have shown that there is no imager that can be catidieal. The different capture methods
have both merits and demerits that are suited to differentbt all applications. In table 1.1, a compar-
ison of the major features considered desirable in conteanpdmaging solutions are shown for all the

imagers discussed in section 1.2.

Technology | Image Quality] Cost | Integration| Power | Dynamic Range

CCcD Very High High Low High Moderate

PPS Low Low High Low Low

APS High Low High Very Low Low
LOGARITHMIC Moderate Low High Very Low Very High

Table 1.1: Relative technology and typical performance manson. Note that performance speed is
generally an application dependent measure and has beledectc

18



CHAPTER 1. INTRODUCTION

While CCDs have remained the sensor of choice for the highpeoféssional applications that em-
phasise high image quality over cost and power, APS CMOSsghsave become the next best alterna-
tive and dominate many of the low cost applications withditgagmproving quality. PPS CMOS sensors,
on the other hand, do not form a viable option with poor sggdind even lower image quality due to low
SNR. However, because CCDs and APS still have limited dyoaarige, and increasing this range is
costly, improving the image quality from logarithmic serssdoes offer the possibility of making them
the best-suited sensor. For the reasons below, | proposéotdaithmic sensors, are indeed the best

approach of easily achieving high dynamic range imagessirgiaplications and at low cost.

1.3.1 Replicating Biology

The Human Visual system (HVS) has been known to have speddlifes concerning its interaction
with visual stimuli as well as its range, speed and ease ofntieepretation of these stimuli [3, 6, 9].

Amazingly, the eye boasts a wide colour range, adapts terdiit lighting conditions, responds quickly
to most changes and has very fine resolution and acuity. Tinahwisual system is a high dynamic range
organ capable of adaptive viewing, covering about 10 dexafiscene illumination [3, 66], although not
simultaneously. Figure 1.9 shows a response of retinal edneh cover 6 decades overall with up to
4 decades of illumination without adapting to the backgililumination [2, 67]. Mindful of the fact

that these response curves do not include the responsesérdmiver illuminations, they already prove
that high dynamic range vision is indeed possible and nacgg$sr better reproduction of natural and

artificially captured high dynamic range scenes.
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Figure 1.9: The retinal response of green and red conestetiapdifferent background illuminations [2].

The figure also shows an adaptation of the response to thegevdlumination around a visual angle,
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with lower responses to more steady light levels while stdgmges to the illumination result in higher
responses. These responses also reveal an unchangirastontrich is independent of the illumination

level of the image. Contrast encoding is therefore perfarohging the image capturing process. This
means on a logarithmic scale, a high dynamic range is coyeved which responses are only to illumi-

nation changes and not at the illumination level itself. §implying that the visual system is sensitive
to relative rather than absolute changes in illumination.

Itis mechanisms such as these that first attracted resesinle neural science community. In their
seminal work on silicon retinas, T. Delbruck and C. Mead §&1,attempted to mimic this functionality
in designing a pixel with an adaptive logarithmic pixel. Byghotographic film, that has been accepted
for over a century, has been found to exhibit logarithmicawebur with the density of the developed
film being proportional to the logarithm of the total amouhtight to which the film was exposed [66].
Today, as research continues into the workings of the hurizaralvsystem, logarithmic pixel operation

is still seen as the natural way capturing images.

1.3.2 Dynamic Range Compression

In a complete system that needs to capture and display higandg range images, logarithmic image
capture provides a direct benefit in terms of computatioaséeThis stems from the fact that the dynamic
range of most standard display devices is just above 2 deaddibumination. Since this is far from the
range of most natural and industrial scenes that can be updBL[9, 33], displaying these images is
potentially as large a challenge as capturing them.

Displaying such wide dynamic range images on traditionspldiys always results in over or under
saturation with entire decades of illumination being unespnted with unacceptable loss of detail and
perceptual accuracy. To avoid this mis-representationanhyc range compression techniques are used
to maintain the relative brightness of the scenes withotuadly losing the detail and features in the
original image. These techniques, called tone-mappingritfgns, are therefore vital in all wide range
applications and need to be easy and optimised routinesiafipef the applications are to be utilised
are real-time or video applications.

Many variations of these tone mapping algorithms exist amdesare discussed in Chapter 7. How-
ever, a common feature in most of these routines, is thagiimgto maintain the perceived brightness, the
routines all use a logarithmic operation in compressingdyreamic range of the original scene. There-
fore images captured with a logarithmic camera readily ji@these values without the need for extra

computation hence minimising costs through potential paamel time savings. For as long as displays
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are still low range, these routines will always be neededplieations that are fast becoming high dy-
namic range oriented, thereby giving logarithmic imagectear advantage over linear ones in terms of

simplicity and convenience for display.

1.3.3 Colour Constancy

Another feature of the human visual system which makes itbgaic image capture attractive is colour
constancy. Light entering the eye or camera is dependerfteemagnitude and spectral properties of
the incident and reflected light from the object. When an imagéewed under different lighting condi-
tions, they are still perceived as exactly the same objet visual system therefore tends to disregard
the lighting characteristics from the incident source lmaisprves that which is reflected from the sur-
roundings to maintain the same perception. This propeatied colour constancy, is maintained when
details, hue, spectral shifts and effects of the light sewetnain unchanged, irrespective of the spectral
characteristics of the illuminant.

Although an involuntary action in the human visual system'sponse to changing surroundings,
colour constancy is very important in applications such ashime vision and robotics where decisions
and actions are based on the interpretation of the colougesiaaptured by the sensor - colour based
object recognition. Colour constancy allows captured iesag appear the same irrespective of the illu-
mination at capture. In other words, independent speatraponents of a scene, could be pre-determined
before being re-applied to a different environment if imagpearance is to remain unchanged.

The goal of most colour constancy algorithms is to transfthiepixel responses so that they be-
come independent of the illumination and hence correlatie thie reflectance properties of an object. A
common feature in most of these colour constancy algorifé®s71] is the application of the logarith-
mic operation on the pixel responses in the routines. As amele, in calculating the “lightness path”
for each receptor class as a first step in transforming a’'pisedponséy(x1,y1) for colour constancy,
the difference between its logarithmic response and thatrafighbouring pixelk(x2,Y2) is determined

by [72]

Re(x1,¥1) = loglk(x1,y1) —loglk(x2,y2) (1.3)

wherek is a colour channeR(x1,y1) is the new pixel value angk,y) corresponds to the spatial location
of the pixel on an array. This way, lightness paths at a po@tion with respect to all its neighbours can

be determined for each colour band to give characteristiteedmage that are dependent on the spectral

21



CHAPTER 1. INTRODUCTION

properties of the image but not the viewing environment.et,aither researchers such as Finlaysbn

al. [73] proposed a gamma and illumination independenttipdefined as;

logR—1logG

H =tan!
an logR+ logG — 2logB

(1.4)

used to maintain the inherent colour characteristics ofemec By applying the fact that colour hue is
the part of the image signal that is invariant to brightngsanges, its pre-determination in an image
forms the unchanging component of the scene when viewed angiéllumination. Logarithmic sensors

therefore present a unique opportunity for easier and mamngenient application of colour constancy

algorithms than linear sensors, usable in special apjditasuch as object recognition software.

1.4 Thesis Objectives

With a favourable dynamic range and the other post capturésred logarithmic sensors, mentioned
in section 1.3, the main task remains mitigating the majandbacks of these sensors for the variety of
applications that are demanding more performance fronentinmagers.

This thesis is primarily concerned with improving image lgydrom logarithmic sensors by allevi-
ating the most dominant form of noise. Despite the plethbéettempts to correct FPN, no approach has
successfully quantified FPN in a high dynamic range settimjgaven perceptual image quality assess-
ment of the resulting images. Reducing illumination demendixed pattern noise (FPN) in a simple and
convenient calibration scheme and to levels comparableetdiiman visual system'’s ability to discrim-
inate contrast, will be the main goal of this work. A systeimapproach will be taken to identify the
sources of FPN before reducing pixel mismatch from both mbrmme and colour images over a wide
dynamic range.

Another area this thesis intends to address, is that of threpulation and display of high dynamic
range images on standard screens. This is because reta@noeptual image and colour accuracy remain
of prime importance during display, to ensure fidelity andidvmage distortion. With the lack of high
dynamic range standard displays, the author will proposggarithmic colour representation that can
be conveniently used in most tone mapping operators whaamg the computational burden incurred
when using linear sensors. By compressing the dynamic rahtee green channel, it will be shown
that image quality is generally maintained, both from a &isand quantitative perspective, continuing

the general theme of simplicity and convenience.
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1.5 ThesisStructure & Layout

151 Organisation

The rest of the thesis is arranged as follows. In chapter 2odeifor logarithmic pixel response that
stipulates the sources of fixed pattern noise, is first resiew he need for an easy self calibrating scheme
is discussed in view of the effect of temperature and viewiagditions on image performance. An
optimised electronic calibration circuit is therefore chitsed before a new biologically inspired contrast
error measure is proposed. Using simulations, typicall pegponse behaviour is then studied. Previous
offset correction methods are compared using the new cimtrathod before a simpler offset and gain
correction, and corresponding calibration strategy, satgyl.

In chapter 3, logarithmic pixel behaviour is investigatedhigh dynamic range terms after highlight-
ing its failure in very low and very high illuminations. Thedus is on understanding, from a physical
perspective, the reasons behind the changing sensiiati@garithmic pixels in different ranges of light
levels. A complete HDR model for pixel response is then dawedl which is tested using a complex non-
linear optimisation and a simpler parameter extractiohrieque. This is followed by the development of
two practical FPN correction methods, usable in most Idlganic pixels.

Practical FPN correction in monochrome logarithmic pixeldemonstrated in chapter 4. First, the
realisation that contrast error varies minimally and ttnet HVS is more sensitive to relative changes
than absolute ones, leads to the adoption of relative esrthheaappropriate metric of choice. Using real
logarithmic pixels from a 20& 100 array, response behaviour is typified and the nature ed fdattern
noise characterised along the rows and columns of the arheyeffect of uncorrected FPN is confirmed
before its correction is demonstrated as well as the addect eff quantisation error.

In chapter 5, the study of fixed pattern noise reduction in@oimages commences with background
colour theory including colour capture, representatiahgar spaces and perceptual error measures used
in their reproduction. The effect of contrast error on colquality is also investigated. Using spectral
colours from the standard Munsell colour set, acceptabkgancolour error is explored using these
colours to determine visually distinguishable colour eead the perceptual metric to match this error.

A comprehensivMATLAB simulation, modelling FPN correction is described in cleapt using the
simple correction method suggested from Chapter 4. Whilewattng for typical logarithmic sensor
features such as analogue to digital conversion, the pieraleqolour errors are determined over a high
dynamic range in order to validate the effect of the FPN atiwa scheme on colour images.

A discussion on the possibility of displaying high dynamémge colour output from HDR images
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is included in chapter 7. With a strong emphasis on ease anglisity, tone mapping is reviewed
as a solution for low dynamic range problem before a new colepresentation is suggested that is
favourable for logarithmic sensors and makes light work yrfainic range compression. Using HDR
images, the proposed approach was shown to preserve peabégtail with reduced complexity. Colour
quantisation is also investigated and as a result, a lowalteshative to displaying already tone mapped

images without losing significant colour fidelity, is suges

15.2 Methods

The investigations in this thesis were conducted using eetyaof tools and involved the use of both
theoretical and practical data sources. The initial studyxed pattern noise, particularly the nature of
uncorrected fixed pattern noise was undertaken usinguleas 15RGB commercial camera mentioned
earlier. Manufactured by C-Cam Technologies and using aseateveloped at the Interuniversity Mi-
croelectronics Centre (IMEC) [53], it was a first generatiogarithmic colour camera embedded with
the functionality to increase bit length from 8 to 10 bits Emtter precision and dynamic range. Its cal-
ibration procedure, involved manually focussing a unifonnage at the illumination of interest, before
using it for image acquisition. ThRUGA 15RGB camera, however experienced high levels of noise and
had a typically slow response hence limiting its use to siither than video applications. Nevertheless,
raw data obtained from imaging typical indoor scenes sinidlahe ones in figure 2.7, offered insight as
well early ideas about colour work in later chapters.

A significant part of this work was also performed using daterf the CADENCE circuit simulator
in which pixel designs were tested and numerous simulations Several Monte Carlo runs of the
logarithmic pixel design, were performed to emulate fixetigya noise thus generating data that could be
used to analyse typical pixel responses as well as devicpanatheter variability. By far the majority of
the results in this work are fromATLAB simulations, primarily using functions in the image praieg
toolbox in addition to custom written code. By taking a systpproach to the cause and effects of FPN
on image and colour quality, special functions were writtegain better insight and analysis.

Lastly, readings from a 200100 array of logarithmic pixels designed in 88um AMS process were
also used to characterise real pixel response. With fartyd 1um x 10um pixels and a 49% fill factor,
the chip also provided typical sensor noise levels but weaiable of capturing images or pictures since

it was not built as part of a camera and lens system.
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Chapter 2

Fixed Pattern Noise

2.1 Introduction

Logarithmic sensors have been suggested as an alternafivear sensors for imaging high dynamic
range scenes; an option that does not involve the comme»dfi significantly altering pixel circuit oper-
ation or slow multiple sampling techniques. With the low remof bits required to image these scenes,
they are considered a very attractive alternative excephfr susceptibility to fixed pattern noise. The
understanding of the nature and impact of FPN lies at thet lnéaeveloping a simple and convenient
way of alleviating this drawback.

In this chapter, an independent assessment of previoussafificcorrecting fixed pattern noise, forms
the focus of the investigation. This is based on a new bickllyi inspired perceptual error measure
for the quality of correction. It will be used to benchmarklies attempts before suggesting a simple
approach to alleviate fixed pattern noise over a considgkaiole range of illuminations.

First, the model for the response of a pixel is shown in sec@, highlighting the constituents of
fixed pattern noise. It is the variations stemming from anyhefse components across pixel devices
that need to be corrected in the calibration procedure. Tieeteof temperature on pixel mismatch is
then discussed together with the need for a self-calilgginocedure. This is in response to constantly
varying imaging conditions as well as the manual calibraseheme proposed by some commercial
imagers. By physically acquiring or focusing a uniformligrhinated scene (like white paper) onto the
logarithmic camera for every calibration, theGa 15RGB [53] calibration is hugely inconvenient and

error prone. In section 2.3, a circuit usable for electralhycself-calibrating a camera is presented and its
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operation discussed. With this circuit, advantages lilstefasensor calibration that can be programmed
or automated within the camera operation sequence, istpesdiypical logarithmic pixel behaviour is
then characterised, followed by an assessment of the ingpatcorrected FPN, demonstrated using a
set of simulated pixel responses.

As mentioned in section 1.2.3, numerous calibration sclsemage been suggested to reduce fixed
pattern noise levels. These include injecting hot carifié@$ and feedback voltages from a compara-
tor [14,15] to compensate for threshold variations. Otherse involved using reference currents [55, 64]
or high currents [4], electronically stored uniform imadg8] and modelling techniques [12, 13, 24].
However, these methods have all reported the residual Fiti¢ icalibrated images differently and using
separate error measures. Besides, no statistical or peatepmparison of these results has been found
in relevant literature.

Due to the non-perceptual nature of the above FPN error messa perceptually based contrast
error measure is suggested in section 2.4, from where thétsed previous offset correction methods
are benchmarked - section 2.5. The results are unsatisfdmtba theoretical explanation follows thereby
revealing the reasons behind this approach. Consequastiypler offset and gain procedure is proposed
in section 2.6, with strong emphasis on simplicity and aacyover the same wide range. In this routine,
it is proposed that only two carefully selected data poingsraquired to effectively minimise offset and
gain mismatches - section 2.6.1. By comparing the resulthisfoffset and gain correction method
to Joseph’s regressive double correction algorithm [1RusBg the same set of simulated pixels, it is
shown that similar accuracy can be obtained but much monseoently than his computationally heavy

approach.

2.2 Calibration & Temperature

Logarithmic sensors, like other types of imagers, are uheerfor use in a number of environments, some
of which have varying temperatures. Industrial and autdreadpplications are a particular example
where in the summer, temperatures could be aboV€ Zhd drop to below T in the winter. The
way in which temperature affects the performance of silicwouits and devices therefore becomes an
important factor if it significantly alters typical operati. However, because different circuits are made
of several devices whose relationship with temperaturg watependently, the overall effects [74] are
unpredictable. This means either circuits that are tentperandependent have to be designed or the

calibration process has to made as easy as possible to altawdalibration whenever required. In the
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former, Collinset al.[63] designed a programmable logarithmic pixel with a flogtgate that was able
to achieve a high pixel gain resulting in a large voltage gwience reducing the temperature effects
in the readout circuit. However, this solution did not cdiar the relatively significant variations in
temperature without significantly increasing design camipy and increasing costs. It is perhaps easier
to devise a simple calibration system that can be convdpiespeated when a significant change in
temperature or illumination condition occurs. The sensosthalso be able to re-calibrate itself and
avoid any inconvenient manual intervention.

However, before executing such a strategy, it is importarihgestigate precisely how changes in
temperature affect fixed pattern noise in a logarithmic lpaxel understand how each of the constituent
sources of fixed pattern noise are related. This can be ahk@eriusing the three parameter model for

logarithmic pixel responsg;, proposed by Joseph [12, 13], and re-written as;
vij = & +bjIn(x +¢;) (2.1)

wherex; represents the scaled photocurrent at an illuminaténdaj, 6,— andcj represent the offset, sub-
threshold slope and bias parameters respectively for pidels the variation of any of these parameters
or any combination thereof, which results in fixed patteris@o Offset mismatch is thought to arise
mainly from the variations in the threshold voltages amoixglpevices while the sub threshold slope
mismatch primarily originates from readout gain variation

The effect of temperature is also known to cause the thrdshaltage to alter by + 2mV per de-
gree [74] while a 10% change in thermal voltage, which is apament of the sub-threshold slope [12,
13], could result for a 30C degree temperature variation at room temperature. Thimee calibration
performed at a particular temperature might not be effecianother. Consequently, the offset and gain
parameters experience a proportional increase in temyergts, 76]. On the contrary, the relationship
between the dark leakage current and temperature is naa lime since the leakage current doubles for
every 10C rise in temperature [74]. For typical logarithmic sensoithw 50mV/decade sensitivity, the
offset, gain and bias parameters generally show signifiegmperature dependencies, making the pixel
responses equally dependent.

In his investigation, Joseph [75] confirmed the significaoicéhis temperature influence on logarith-
mic sensors using theuGA 15RGB sensor, recalibrated for ever§G over a 20c to 50°C temperature
range, by manually focusing seven uniform scenes onto thgémat several illuminations. He obtained

residual errors of £ LSB and 20 LSB after employing two modelling methods - unconstrainéidet
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cancellation and temperature proxy models respectivé&ly [Pespite correcting FPN in this temperature
range and over less than a three-decade range, the potentigih and inconvenience of the numerous
readings and measurements, highlighted the need for aityyatadn scheme to be as simple as possi-
ble, as re-calibration might occur during sensor operatiioa to changes in operating temperature. An
electronic self-calibrating camera is therefore seen ealioh this approach. However, temperature de-
pendent logarithmic calibration is not covered in the saoihis thesis although the clear advantage of

an electronic calibration means over manual calibratiannot be over emphasised.

2.3 Electronic Calibration Circuit

In any calibration, meeting the objective of getting a pceable response from a pre-defined input,
relies on the ability to represent the input accurately. t®fllumination captured by an imager can be
represented by a photocurrent generated electronicahgrshan from a photodiode. This was made
possible using a circuit designed in tb@ DENCE software circuit simulator - figure 2.1 [77,78]. It

includes the basic logarithmic 3 transistor circuit sttmetadjacent to a differential readout and extra

circuitry for the sole purpose of making calibration an eassctronic procedure.

Vdd Vdd
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Figure 2.1: A logarithmic pixel circuit with a single stag#éferential amplifier readout as opposed to
the traditional source follower. The extra circuitdid andM6 are to reduce leakages and for electronic
calibration respectively.
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In this figure, transistor®1, M2 andM3, which are part of the conventional logarithmic pixel, are
still in the circuit but withM2 andM 3 becoming part of a new differential readout circuit, whiie load
transistoM 1 stays unaltered. The reason for the change in readouitdi@on the conventional source
follower to the differential readout circuit, is that thetér has a higher gatrand hence the effect of the
same distribution of gain variations in both readouts aneskdn this case as compared to the former [77].
Considering that for every additional amplification stage,gain of the source follower falls further from
unity, this differential readout reveals a particular attege when there is a second stage readout circuit
containing a column select.

The calibration circuit also includes transistdvigl, M5 andM6 adjacent to the photodiode. The
logic of the circuit is that the current flowing through theopddiode can be emulated by the voltage
controlled current sourcM6 when the aperture is closed. Any photocurrent can thexdjerdriven
through the load transistor by carefully choosing the \gate.s, at the gate of the transistd6 that
is acting as a selectable calibration switch while keepitigpulsed high. Note that this configuration
has five transistors since the voltage controlled curremtcsois situated outside the pixel and along each
column to reduce pixel-to-pixel variations. Thus disadages like high power consumption and reduced
fill factor that some calibration schemes suffer are nobuhticed. Transistdvl4 is expected to limit the
voltage across the photodiode and therefore reduce thadeadffects especially in low illumination
conditions. Dark pixel readings however still require thaesare of the shutter to simulate a response
when no stimulus is detectable.

The process of calibration begins with acquiring the respsrof uniform scenes, from which the
factors that lead to variations can be eliminated. Usingcihauit in figure 2.1, these uniform scenes
can now be easily simulated hence emulating a diffuse wh#aes by setting all the voltage controlled
current sources to the same gate voltage and enablihgndM5 before the pixel readings are taken.
This then becomes a fast, reliable and very convenient wamidérm image acquisition - the first step
of the calibration process.

The resulting pixel readings from the uniform electroniput contain offset and gain mismatch,
however they do not incorporate low current leakage vamati This is because the photo detector,
the photodiode that is the source of leakage variationsasteth out. On the other hand, this circuit
has a big advantage in that it can be used to achieve the effelitferent and widely varying photo
illuminations spanning higher dynamic ranges than preshioachieved. Figure 2.2( shows a typical

logarithmic pixel response curve over a wide dynamic rarigained after the circuit of figure 2.1 had

1The gain of a differential current mirror is closer to unityngared to that of a source follower.
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been simulated iTADENCE software. The horizontal axis represents source-draitoghorents that
were simulated when the voltage controlled current sourtgsavas varied in such a way that 10 data
points were achieved per decade change in current. Thealeatiis shows the pixel responses at these
simulated photocurrents.

By taking the gradients between the data points, the seihgitif the pixel can be obtained as in
figure 2.28). It shows low absolute pixel responsivity at low illumiiats which steadily rises to a
fairly uniform value of approximately 50mV/decade. Thishbeiour of the pixel is expected and can
be explained using the three-parameter model of equatidi). (At the very low photocurrents of the
photocurrent range, synonymous with low illumination, ksgkage currents dominate the photo current
and hence; "> x;.. The pixel response will therefore be dominated by leakgigding very low depen-
dence on simulated photocurrent and tending towards zéncogaensitivity in the dark. This region is
therefore non-ideal for logarithmic pixel operation simz# only is the sensitivity close to zero or null
but leakage current overshadows the influence of photo iiiation. Nevertheless, responsivity grows
gradually as the photocurrent values become comparablettedkage current seen in the increasing
absolute gain values. As the currents increase, the phomts slowly become a lot greater than these
leakages therefong >> ¢j, leading to a gentle platea% ~ 6,-, covering about 4 decades. This is the

region where the pixel transfer function is purely logaritb and ideal device operation is desired for the

full benefits of this type of pixel to be tapped.
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2.3.1 Impact of FPN

The simulation of a logarithmic pixel with the accompanyiglgctronic calibration circuit has shown
a typical pixel response over a wide dynamic range. Usingrbdel equation (2.1), valuable insight
into the way pixel response changes with illumination wa® aained. However, an understanding
of the impact of the mismatch created by this logarithmicepisonfiguration would be beneficial to

understanding and therefore benchmarking fixed pattesermier a wide dynamic range.
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Figure 2.3: The readings of Q00 identical pixels (from a design perspective) at two pbotrents from
a simulation, showing fixed pattern noise variations.

Using the Monte Carlo simulatidroption in theCADENCE circuit simulator, the response ofd00
pixels was obtained by sweeping the current across the giooke over 8 decades, inl0decade intervals.
In this scenario, process parameters like the transisfmecasatio, gate capacitance per unit area and
transistor threshold voltages were inherently altereddoratrolled manner while determining the pixel
response to a range of photo illuminations. Figure 2.3 shbeseadings of the,D00 pixels at two
simulated photocurrents which aré&s2lecades apart in the purely logarithmic current regiois dtear
that the response of these pixels to a uniform current vasiedbout 100mV. This means that in the worst
case, the fixed pattern noise in this region where the gaippsaimately 50mV/decade - figure 28)(-

is equivalent to a photocurrent being mis-represented bygtaif of about 2 decades. In most applications,

2Monte Carlo simulations are a statistical sampling technthaginvolve running numerous instances of a process, eionl
or method under investigation, in order to assess the impatiffefent combinations of dependent parameters.
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this is unacceptable considering that an image would be ib@8stbrighter or darker, if uncorrected,
making captured images radically different from the ideahge. There is therefore little doubt that
fixed pattern noise needs to be eliminated if not minimisdoktarable levels. However, what constitutes
the minimum allowable residual FPN level remains non-siathdas the varying results from different

studies have shown.

2.4 New FPN Measure

Discussions in section 1.2.3 showed numerous ways of reddisied pattern noise from the response of
logarithmic sensors. Unfortunately, these techniquesg laflwised different statistical ways of reporting
their level of success. Some studies have quantified rdsiRid as a fraction of the entire voltage
swing [55, 64] or as the root mean square of the residual FRNMg®Eade voltage change [14, 15] while
other have used the standard deviation in LSB units [12,13].

Although all the above measures have a tangible meaning dwysigal system level, they have
no perceptual correlation to the quality of an image afteNF®rrection. Despite the fact that FPN
correction to 5% of the entire voltage swing is better thaB8% per decade, it is impossible to tell from
a visual perspective, if this level of correction is meredigquate or an excellent result. In addition, there
is no standard way of comparing the various approaches tihgesith FPN. To address this problem it
is therefore necessary to devise a more perceptually mggfaherror measure that has both physical and
visual meaning. One way to approach this delicate subjebteigonsideration that most of the images
we capture, store and manipulate are ultimately meant ®tbyshuman viewers. In most applications,
these images are displayed to humans for decision-makésghetics, surveillance and control. For this
reason, it seems appropriate to use the human visual systtdre anage quality standard.

Another reason to apply the HVS as an independent referéndescause it is a hugely complex
imaging tool with a multitude of biological and operatiorfahctions scientists can leverage [3, 6, 9].
Among the human visual system’s vast range of abilitiesgagsability to resolve contrast, termed just
noticeable difference (JND), becomes of particular irderdeExperiments have shown that the human
visual system has the ability to resolve differences imililiationAl , against the background illumination
I, to an accuracy of about 1% in high illumination [6, 9]. Fost@nceWeber’s ratios of just noticeable
difference confirms the HVS ability to discriminate an illuminationarige over a wide range, with the
JND dropping from about 10% in low light levels to nearly 1%high illumination [3] - figure 2.4.

An absolute contrast, based on the just noticeable diféereran therefore be defined as a new and fair
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Figure 2.4: A figure showing the just noticeable differens@adunction of intensity maginitude [3].

measure for the accurate reproduction of an illuminatiangjs

Al I —1
Absolute contrast: —— = — est (2.2)

whereAl is the just noticeable difference in illumination akg is the estimate of the illumination after
correction. This means that at high illumination, the eymcapable of perceiving errors in misrepre-
sented illuminations that are less 1% of the original illnation because the limit of difference percep-
tion has been reached. Although, this absolute contragevatreases as the illumination level drops,
the use of a 1% contrast target as an error measure provielasos$t stringent or worst case metric usable
for measuring the success of FPN correction but also ensliaed#ts use can be a visually meaningful
standard.

Applying this theory to the FPN problem and assuming eachected pixel is trying to accurately
reproduce the photo-illumination at a scene, the 1% absobritrast error value becomes the best attempt
at matching FPN error to the sensitivity of the human visyatem. This appears to be a better target
error measure than those suggested in section 1.2.3 cdngidleat contrast error is not only inspired
from an end-user perspective but can also be a common indepemeasure of performance in a field
where many metrics have prevailed.

Using this contrast measure, a perceptually relevant wayantifying the effect of uncorrected FPN
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can be reached by calculating the ratio of the standard til@viaf the simulated responses of the pixels
at the different currents to the change in the output voltzaesed by a 1% change in photo stimulus
under the same input conditions. This measure of the viather than quantitative impact of fixed
pattern noise is shown in figure 2.5. The results show thatimst of the operating range of the pixels
the fixed pattern noise is approximately 80 times larger tharsignal created by a one percent contrast
change in the photocurrent. This value increases at thdllominations because of the lower sensitivity
in this region - figure 2.K) - as well the increased significance of leakage variatidnisimare negligible

at higher currents. Again, this noise level is unacceptédilenost domestic and commercial imaging

applications.
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Figure 2.5: Impact of uncorrected fixed pattern noise. Tlaig-is obtained by taking the ratio of the
standard deviation of the @00 simulated pixel responses to the voltage corresporidiagl% contrast
change at that photocurrent.

2.5 Previous Offset Correction

With this new error measure, it is important to compare thecesses of the previous correction tech-
niques against this metric. Table 2.1, shows the severdiadstused previously and their residual FPN
values transformed into absolute contrast in the last coluhimese values were obtained by calculating

the percentage contrast error the residual FPN voltagedveptesent in the purely logarithmic region of
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the pixel in question. Itis clear that, despite increasimggkater reduction of residual FPN from currently
existing techniques, none produces FPN reduction to I¢lvatsare undetectable to the human eye. With
an independent error measure in place, the challenge theaine to devise a correction method, that is

simple, easy to operate and perceptually accurate overeadyigamic range.

Authors Dynamic Average Residual Equivalent
et. al Range Sensitivity FPN Contrast
TARGET | 120dB | 50mV/decade]| 0.43% of decadd 1.00%

Loose [14,15] 120dB | 250mV/decadg 3.80% of decadeg > 9.14%
Kavadias [55,64] 120dB | 50mV/decade| 2.50% of swing | 41.25%
Storm [79] 80dB 77mV/decade| 4.00% of decade 9.65%
40dB 45 SB/decade 3.00LSB 16.59%

Joseph [12,13] 4545 250 SB/decade|  2.00LSB 10.78%

Table 2.1: Comparison of FPN correction results in difféstadies, shown in terms of absolute contrast.
In the work performed by Jose al.[12, 13], offset and gain FPN correction was performed, with
better result obtained when both variations were minimigddo, Looseet al.[14, 15] reported results
as rms values rather than the peak to peak values hence a aggliealent absolute contrast is expected.

However, one feature stands out from the discussion in@edt2.3 and table 2.1. The techniques
that have the highest contrast values are offset only dimreschemes. Despite FPN constituting an
offset, gain and leakage component, the offset coefficekhown to be the major contributor of FPN
mismatch [18]. Consequently, the earlier attempts inclgdithers like th&euGA 15RGB [53], and even
Lai et al2 [4], only concentrated on correcting this form of mismatch.

For instance, Kavadiast al. [55, 64] minimised threshold voltage variations by compgrpixel
responses to those from a reference dark current after ttogsetion. This allowed for subtraction after
double sampling in between the frames. In contrastet ail. [4] used a high current as a reference and
correlated double sampling to obtain a similar result irbif®lar detector imager. On the other hand, the
offset calibration procedures of tif@/GA 15RGB logarithmic camera do not recommend any particular
reference current since calibration is advised whenewerilllimination of the scene is perceived to
change substantially.

Figure 2.6 shows a graphical comparison of the results oksuifset correction techniques against
percentage contrast. By taking the ratio of the residual Bf&t correction to the voltage change caused
by a 1% contrast at a specific current, the error profiles stgdeén dark current [4], high current [55, 64]
and mid currenFUGA 15RGB subtraction are highlighted. The errors heavily dependhenchoice of

calibration current with the contrast error increasing tees photocurrent deviates from the current at

3The results from this work were based on the a pixel that oatiiglly operated logarithmically, so a fair assessmentffidit
to make.
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calibration. For instance when imaging a wide range scéwegark and high current offset subtraction
create a higher likelihood of error compared to when an tifakbration is performed at a photocurrent
midway the dynamic range. In this case, approximately 4 diez@are covered at below 10% contrast.
Nevertheless these results and the converted error valtles kast column of table 2.1, show that offset

correction procedures are not sufficient to achieve thetagcuracy over a high dynamic range.
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Figure 2.6: An illustration of the effect of the offset sudattion techniques on image quality over a wide
dynamic range.

An explanation for the poor results from the correction dfyasffset variations can be derived from
equation (2.1). Taking a logarithmic pixel's respoygeo an illumination represented by a photocurrent
Xi, j andi denoting the pixel index and photo illumination respedyivi is possible to understand the

cause of the residual fixed pattern noise. From the origiqahgon (2.1)
Yij = & +6j In(x +¢;)

and considering the reduced sensitivity at low light candi& coupled with the fact that most photo
illuminations result in photocurrents where the leakadeot$ are negligiblex; > ¢;. The pixels at the

scaled calibration curren&; and any other scaled currextwill then have the responsegs; andyjij,
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respectively;

Yij g +l5j In(x) (2.3)

Yej = &+bjIn(x) (2.4)

The result of any of the offset subtraction procedures desgiabove is equivalent to taking the difference
between these two equations to get a corrected voligage, whichever calibration current is taken,

thus

Yeorr = YVYij —Ycj= 6j In(Xi /Xc) (2.5)

From this equation, there will be no fixed pattern noise eirdhe offset corrected pixels at the current
that is the same as the calibration currentOn the contrary, at any other photocurrent, the errorgase

in proportion to the logarithm of the ratio of these currepltevidedtij is constant for all pixels. This
explains the rise in error. It is therefore conceivable thistrise will continue as the current varies unless
a recalibration is done closer to the photocurrent of istertn addition, equation (2.5) shows that the
residual error is dependent on the choice of calibratiorecuiand the variations of the gain parameters of
the pixels in the array. The amount of variations*.ijrtherefore also contribute to the amount of residual
FPN. The total error itycorr is @ combination of the spread of the gain coefficient and &tie x; /Xc.
This dependence on the spread of gain coefficients expldigsdespite their other drawbacks, the other
offset correction methods like hot carrier injection usgdRicquieret al. [60] and the voltage feedback
control employed by Looset al.[14, 15] are still inadequate in meeting the 1% contrasitaegpecially
over a wide dynamic range.

Over a small dynamic range, some logarithmic sensors li&eticA 15RGB [53] have endeavoured
to reduce the effects of residual pixel gain mismatch bygrering digital imaging techniques like me-
dian filtering. Figure 2.7 illustrates how the remnant @utliare removed more clearly. The picture
on the left shows a fixed pattern noise infested indoor imhgewas captured using tl/GA 15RGB
logarithmic camera and then offset corrected by subtractibhe image still has random artefacts at-
tributed to the arbitrary residual gain variations witHie fpixels. However after median filtering using a
3 x 3 kernel, the image on the right is cleaner and lacks the ldatkthat stood out in the image on the
left. This off chip post processing approach appears aisblution for manufacturing processes with

limited gain variations but produces far from ideal solatimecause of other limitations. For example, in
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Figure 2.7: A low dynamic range indoor scene captured byrtheA 15RGB camera and then offset
corrected by subtraction of a stored image. On the rightintfagie is median filtered using a<33 kernel
to spatially filter off outliers.

real-time or fast frame applications the computationalrefor megapixel size resolutions (often exceed-
ing 10 megapixels) is demanding and expensive to be embeddyical low cost, portable and power
sensitive applications, notwithstanding the slowing dafrsensor performance. In addition, median
filtering will not remove any FPN noise resulting from sigoé#it changes in the scene illumination from
those of the reference calibration curreptas experienced in HDR imaging. Above all, artefacts may
result from the spatial filtering that are often insensitwaifferent scene features and tend to obscure

clarity [3].

2.6 Offset & Gain Correction

At best, offset subtraction not only results in absoluteti@st errors that are higher than the human visual
system can detect over many decades, but also increasesiligrttination at capture changes from the
calibration current. Since correcting for only additivesmatch is inadequate, it is possible that if other
forms of variations are minimised, the residual contrasiresill be reduced.

Aware of the fact that the leakage currents only affect theesss of fixed pattern noise correction in
very low illumination, coupled with the inadequacy of eqoat(2.5), the possibility of improving image
correction is investigated by performing gain as well asetffcorrection. It is expected that this will

increase accuracy levels over a wide range.
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Considering thd!" pixel in an array, whose response at scaled photocurrgraadx, areyij and

yoj, the following equations can be written assuming leakagesots are negligible.

yij = d+bjin(xy)

Y2i = 4&j+bjIn(x)

The gain and offset pixel parametéijsanda] can then be obtained as

b = Yij—Yoj (2.6)

IN(x1/%2)
& = yi—bjin(x) (2.7)

Hence, at any currendy, the pixel responsgn;j would be corrected tgcorr by taking the ratio of the
difference between the response and the offset para@etethe gain parametd{rj;

Ymj— &

6, In(Xm) (2.8)

Yeorr =

Therefore by determining the offset and gain parameterh thfeapixels in an array, using equations (2.6)
- (2.7) and then storing them, any other image that inducesophirrents significantly higher than the
dark leakages can be corrected for these two forms of fixaérpatoise. Besides, implementing this
correction outside the pixel and leaving the fill-factor ltered, this approach offers the possibility of

simplicity and the convenience desired in a calibratioresu.

2.6.1 Point Selection Strategy

In the selection of data points from which the extractiorhefoffset and gain parameters is to occur, there
are numerous photocurrents from which to choose alonglthriitation range. Itis vital to acknowledge
that among the multitude of possible points, the two datatsahould be chosen such that the possibility
of achieving the 1% target contrast is maximised over a wigathic range. The two photocurrents
should also be chosen to ensure that the two pixel resporses different and far apart as possible so
as to reduce the effect of numerical error. It is therefogédal to set the smaller of the two photocurrents
at a current which is at least 2 decades larger than the véathe dark leakage current of the pixel i.e. at
least 100 times larger than parameggsince our target contrast is 1%.

Another consideration is to reduce the effects of roundimgreand random noise when estimating
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the gain parameter from equation (2.6). A close inspectfdhepixel response curve of figure 2:89(

and the corresponding sensitivity curve in figure B)2(reveals that the first point should be located
just above x 10-12Amps, two decades from the bias current 10-*Amps. The second photocurrent
however, is not as clear since it is impossible to determisargle relationship between the currents
at which the pixel is characterised and the accuracy of tta firodel. This relationship has therefore
been investigated empirically. To investigate the effddhe choice of the second data point, a single

pixel from the 1000 simulated pixels was randomly chosen to determine thiegdadr of data points for

calibration.
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Figure 2.8: An illustration of the choice of the larger cadition photocurrent in relation to the smaller
photocurrent thus highlighting the trade off between dyitareinge for a specified accuracy.

Figure 2.8, illustrates the search for an ideal photoctitehe used as a second calibration point for
offset and gain calibration. For this pixel design, the secphotocurrents were positioned22.5 and
3.0 decades from the smaller photocurrent point and the afesodntrast determined. The first significant
point is that the contrast values are lower than the onesrautdrom the offset correction procedures.
Not only are these contrasts low, but also stay this way fagaificant dynamic range. In fact, from
about 4x 10-13Amps to approximately & 10-°Amps range, errors have been reduced to below 5%
contrast when the two calibration points ar® Becades apart. Admittedly, this is still above the levels
of the human eyes contrast discrimination but they reptesémofold decrease from the result obtained

with offset correction only, albeit for an extra decade. @elty, the figure has very distinct zero error
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points at the photocurrents that were used for the caldmaiince these points satisfy the equations (2.7)
and (2.6). It also shows very high and steep curves at thedorgat region, possibly due to the dominant
effects of leakage current at those illuminations. Sinijat the very high current end, the errors soar as
the photocurrent increases.

More importantly, as the larger calibration point is driviemther from the smaller photocurrent,
there is an increase in absolute contrast. There is a tfidetaveen contrast and dynamic range while
making the choice of the ideal photocurrents. This becomes more complicated when you consider
the fact that every fabrication and design process is ctexiaed by unique variations (leakage currents
and others). Hence, no universal calibration photocusreah be defined. It then becomes easier for
every manufacturing process to characterise its own piteting into consideration the need to balance
the desired image quality and required dynamic range. ItiGgtipns where dynamic range is more
important than accuracy, the two photocurrents can be chesehat they are as far apart as possible,
whereas if accuracy is a more vital criteria it might be dadi for them to be closer to achieve higher

accuracy.

2.6.2 Results

With an optimal data point selection strategy, offset arid garrection presents an opportunity to achieve
better accuracy and dynamic range in an easy manner usirgglibeation circuit in figure 2.1. Using
the same data simulated by this circuit, it is also possthmpare the results from the suggested offset
and gain correction procedure using simple parameteraidrato other results previously obtained.
Although the correction of additive and gain variations basn attempted by Ponchet al. [24] and
Josepkhet al.[12, 13], Ponchut unlike the latter, performed this coli@tivithin a software application
and only mentioned this fact without offering any results.

However, in Joseph’s mean sum square optimisation proeefiue uniform images were used to
correct offset and gain mismatch by calculating the summsgeiaor between the pixel responses to those
uniform images and their estimated responses. He was tieredrrecting all the responses to a mean
response by minimising this difference using multiple im&gThis routine is heavily computational, the
strain increasing with the number of uniform calibratiorames used, the resolution of the sensor to be
calibrated and in real time video applications where higinie rates are required.

This optimisation routine was replicated as well as the &noffset and gain correction method on
the same set of, D00 simulated pixels over the same current range. Since there 10 data points per

decade, there was a significantly higher number of communsiiin the optimisation than those used by
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Joseph. To avoid excessive errors arising from the low ithation, only photocurrents higher than at
least 10 times the leakage were used in the optimisation.

For comparison, the calibration photocurren®6ix 10-12Amps and 126 x 10-°Amps selected for
the simple offset and gain correction, were those that eff¢éihe widest dynamic range as opposed to the
best accuracy. The extracted offset and gain parameteestiven compared with those obtained from
the simple parameter extraction. Table 2.2 shows a verngtsimilarity between the values of both
parameters as well as their variation. Note that the gaiefficient is shown as a voltage change on a

natural logarithm scale or Neger

Parameter (Units) Offseta; (Volts) Gain,b; (Volts/Neper)
Measure Mean |  Std Mean \ Std
MSE optimisation| 1.8779 [ 0.017814| —2.2155x 10 2 | 4.7557x 10 °
Simple Extraction| 1.8778 | 0.017806| —2.2164x 102 | 4.7375x 10°°

Table 2.2: A comparison of the extracted values of the ofiset gain parameters determined from the
optimisation technique and the simple parameter extnacéspectively.

For the contrast errors to be determined, the estimateedphiwents were also calculated using these
extracted parameters. Figure 2.9 shows the result fromrhethods; the curves exhibiting a significant
amount of similarity in the shape of the curves, dynamic eangvered and contrast accuracy. Both
approaches neglect leakage currents so high errors aretegpe the low regions while the reason for
the error in the higher currents forms the main discussidghémroceeding chapter. In spite of this, the
MSE optimisation yields better results than the7B% obtained in the last column of table 2.1, possibly
because the author’s results were compromised by quaotisaiise and overall data quality [12,13].

Nevertheless, the simple extraction procedure produeeariable results considering that only two
data points are used compared to the multitude used in thmieption procedure to obtain the same
level of accuracy. Thus, despite achieving similar dynaraige and contrast error results, the simple
extraction and correction procedure offers the major atdgs of simplicity, time saving and the ease

of calibration with the proposed electronic circuit.

2.7 Summary

In this chapter, the model for the response of a logarithrixiel pvas used to show the constituents of fixed

pattern noise variations in the pixels of a sensor. Aparhfeospatial variation, these FPN components

4A Neper is a dimensionless unit of ratios, named after Johnddgpho invented logarithms), and is used to represent a gain,
loss or a change on a natural logarithm scale.
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Figure 2.9: A comparison of the accuracy of the offset and garrection using the mean sum square
optimisation technique as opposed to the simple parameti@rcdon method.

showed a significant temperature dependence hence repaisimple and repeatable calibration process.
Unlike some earlier calibration schemes that were manulahdrother drawbacks of large size (reduced
fill factor) or high power consumption, a self-calibratingppedure was deemed necessary.

The structure of an pixel circuit that can be electronicallfibrated was then presented and its oper-
ation discussed. Using data from the simulated pixel didesigned in the& ADENCE circuit simulator,
properties of a typical pixel from a set of simulate®Q@0 pixels were characterised as well as the impact
of uncorrected fixed pattern noise.

However, previous fixed pattern noise correction routirggsrted their residual FPN errors in dif-
ferent and varying measures, none of which gave an indicatiche perceptual quality of the resulting
image. A new perceptual error measure was introduced inse2#4, that offered an independent way
of establishing residual image quality after FPN correttiti was a biologically inspired metric based
on the performance of the human visual system’s ability saelin an illuminance.

With the set of simulated pixels, previous offset corrattinvethods were then benchmarked to this
target contrast error measure - section 2.5. The disappgingsults were explained using the model
equation introduced in section 2.2 and residual gain variat Although, image-processing techniques

like median filtering had been suggested to reduce the rémgaioise, this is deemed inadequate for most
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real-time, high dynamic range applications since it way wemputational and introduced undesirable
artefacts.

Simple offset and gain correction was then proposed toiatie\gain mismatch on the assumption
that leakage currents were negligible since they only Sitly affected image quality in low illumi-
nation. Using only two data points, the extraction of theseffand gain parameters was shown and the
correction for these forms of mismatch demonstrated at Anyogurrent. However, because of changing
sensitivity along the photocurrent range and the need &indtte target contrast, the choice of these two
data points had to be carefully selected. At the same timmenigal errors had to be minimised while
covering a wide dynamic range. Consequently, the photentstad to be as different as possible with
the smaller current being at least 100 times larger thawjtiparameter. In empirically determining the
larger photocurrent, it was found that there was a tradéetffreen dynamic range and contrast accuracy.
Although this made the choice of a definite point impossitiies trade-off was thought suitable to the
range of applications whose prime specification varied betwimage quality and dynamic range.

Finally, the simple offset and gain correction was then bemarked along the best offset and gain
correction method - the mean sum square optimisation methogs found that the two methods were
similar over the same range and despite the model error nquwbiring at high currents, the simple offset
and gain method was simpler, more convenient, and less datignal making it a more viable choice

for fixed pattern noise correction.
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Chapter 3

Model Derivation & Parameter

Extraction

3.1 Introduction

It has been shown in the previous chapter that both offsegaimdmismatch need to be corrected from
logarithmic pixel responses. Not only can this occur in ap@nroutine than previously employed,
but also electronically to compensate for temperaturetffeBy employing only two carefully selected
data points, the results from simulated pixel responsegimdi 2.8 show that on average the incident
photocurrent can be estimated to an accuracy better tharoB#pproximately 4 decades. In fact, the
contrast accuracy is marginally better than the non-linptimisation technique used by Josegphal.[12,
13], over the same range.

However, both methods result in gradually decreased cstrécauracy as the illumination varies from
the 4 decade mid-current range. Expectedly, the regiordofoed accuracy at the very low photocurrents
corresponds to the steep change in sensitivity in figurea.Zlhe explanation for this trend is that the
simplified two parameter form of the model used in the reductif the offset and gain variations is no
longer valid. This is attributed to the fact that, unlike simplified form, the three parameter model
predicts pixel response in regions where leakage curremtpare to the actual photocurrents. In other
words, by neglecting leakage currents in the simplified fofitihe model, not only does the accuracy fail
at low illumination, but also a limit is placed on the usabjy@mamic range. None the less, the change in

contrast at the high illumination cannot be explained thag.w
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The validity of the three parameter model is based on thengsson that the load transistor is biased
in sub-threshold. Although, this assumption enables atepredictions of logarithmic pixel response
over a dynamic range greater than those in conventional reaiere seems to be a vulnerability over
wide dynamic range scenarios especially at high currentshis chapter, the higher contrast values at
the high end of the photocurrent range are investigated. sTiy is based on the assumption that the
simpler form of the model used in chapter 2, and indeed treetharameter model are, all part of a more
generic model that completely predicts the pixel responge all stimuli. If this model exists then its
characterisation should lead to a better understandinggbfdynamic range logarithmic pixel behaviour
and provide an invaluable means of correcting pixel respanismatch. Undoubtedly, this will explain
the dynamic range limitations of the present model andeduiiportantly, reduce the degradations in
accuracy over the entire range.

Using transistor theory, a more complex four parameter inigdgeveloped in section 3.3 thereby
allowing complete characterisation of a logarithmic pixetsponse. To utilise this model, its coefficients
need to be extracted for each pixel. By using a regressivelinear optimisation technique, and the
response of a simulated logarithmic pixel at numerous ilhations, the four parameters are obtained in
section 3.3.1. Alternatively, using only five data pointm@del fit to the same simulated pixel response is
made in section 3.3.2, resulting in an accurate fit over thiesetlynamic range. With an improvement in
the amount of computational time and effort over the optatiis routine, the latter approach is favoured
in the development of an FPN correction procedure. Howevigh, the difficulties of obtaining in-pixel
currents coupled with a greater understanding of pixel Wielhag, the two parameter model is chosen for
its simplicity and dynamic range coverage. Finally, preatparameter extraction procedures, usable in
sensor calibration, are developed in sections 3.5.1 and aléng with a proposed calibration sequence

for practical correction in section 3.5.3.

3.2 ThreeParameter Model Failure

In neglecting the effects of dark currents during offset gaith correction in section 2.6, the two param-
eter model was sufficient to accurately reproduce pixeltionality for currents far greater than the dark
currents,x; > ¢;. It however failed when the photo curreqtwas comparable to;.” In fact, in very
low illumination, the dark currents dominate, leading tgliggble photo sensitivity. The two parameter
model is therefore incomplete and gives rise to the highreghvalues at the low current end of the photo

illumination range.
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Figure 3.1: Curve showing how the sensitivity of a singlespixaries over a wide range of photocurrents.

Nevertheless, in the high current region, there seems it exgblanation for the rising error, despite
the photocurrents still being far greater than the leak#ffigets. Since the three parameter model always
assumes weak inversion operation of the load transista,pibssible that as the photo illumination is
increased, the load transistor is driven out of weak ineer§80].

By simulating photocurrents to values higher than 10nAris, possible to study the corresponding
change in logarithmic pixel behaviour. Figure 3.1 shows pghel sensitivity as higher currents are
passed through the device. There is a steep rise in absehsdigity associated with a possible change
of device operational behaviour. It is probable that witis tiise in current, the transfer function is no
longer logarithmic and hence falls short of predicting tbeuaate pixel response in these conditions. The
use of the simple two parameter model therefore leads tdfisignt error as deriving the estimated photo

illumination would be based on a false premise.

3.3 HDR Modelling

To completely model a logarithmic pixel over a high dynanaioge, one requires a model that avoids the
assumption of the operating regime associated with the éfitumination captured by the sensor. In

other words, the model should predict the pixel output agahe transistor smoothly moves from weak
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to moderate inversion.

Transistor device theory presents a transfer functiorrioffean expression for the current-voltage
characteristics of a MOS transistor that represents albfiezating regions of the transistor from weak
to strong inversion - the Enz-Krummenacher-Vittoz (EKV) B@ansistor model [81]. In this model,
and referring back to figure 2.1, the drain-source curiggtat a gate-source bias voltagg, flowing in
transistorM 1 of widthW and lengthL with an effective capacitance per unit a@g can be written in

the form [57]

las= VfV“q)xzn(ﬂz [In (1-+exp((Vgs — ) /20@)) ] (3.1)

wherepiis the effective carrier surface mobilityy is the transistor’s effective threshold voltagejs the
thermal voltage, and is the sub-threshold slope parameter. Within the pixeldiain-source current of

the load transistoi1 is the sum of the photocurrehtand the dark curreng. Thus,
las=lp+1s (3.2)

The pixel output is measured at the source of the load ttansiad since the gate 81 is connected to

Vyq - figure 2.1 - the predicted pixel response becomes
/ 1/2
Vout = Vad — VW +2n@ In {exp(L(Ip—s—ls)/(WpQ)Xanz)) - 1} (3.3)

This equation can be re-written with only four parameterhaform below [58],

Yij = aj+bjin(exp(y/cj+djx)—1) (3.4)
with the terms;

A = Ve W @5)

bj = 2n@ (3.6)

L
) [ _ 3.7
“ "W G, 2ng? G-
L
di _— (3.8)
: WG, 2ng¢

employed for simplicity. The coefficierst; represents an additive contribution or offset in the output
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voltage,bj represents the pixel gain; represents the effects of the dark current in the pixebaiglthe
photocurrent,. Comparing the equation faij to the simple model of a transistor operating in saturation,

with a source-gate voltage greater than the thresholdgm|ta

W
las= ﬁuq)x(Vgs—Vt’)z (3.9)

suggests thad; is the inverse of the current that will flow through the loaahsistor when it is biased

just above its threshold voltage by a gate-source voltage of
Vgs =V + 2qnt/? (3.10)

Sincenis approximately unity [57] and at room-temperat@re: 26mV [56], this is a gate-source voltage
of approximately 52mV larger than the threshold voltagehefdevice, clearly surpassing the condition
for weak inversion\gs < \f).

The first test to check the validity of this model over the hilyimamic range is to confirm that, in the
low current regime where the load transistor is in sub-thoéh the four parameter model reduces to the
three parameter model. In this region, the current flowimgugh the load transistor will be significantly
less than the current that will flow through this device wttg biased just above its threshold voltage.
Here, thed;x; term iny;; = aj + bjIn(exp(,/cj +djx) — 1), is less than unity. Similarly, the current
flowing through a device biased near its threshold voltageush larger than the dark current through the

pixel and hence; is much less than unity. Under these conditions and takiag#ylor expansion [58],

2 3

Xe X
exp(x):1+x+5+§+~-- (3.11)
exp(/Cj +djx) ~ 1+ (\/cj +djx) (3.12)

and therefore the four parameter model equation 3.4 canWeitten as

b.
Vi = aj+In(cj+dx) (3.13)
b; b; Cj
= (a,—+2'|n(d,-)>+2‘|n<>q+d’j> (3.14)
= dj+bjIn(x+¢) (3.15)

As expected, this is the same form as the three parameteti@ypaoposed by Joseph and Collins [12,
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13], making the four parameter equation a valid model fas thgion.

However with the onset of moderate inversion, a square l#atioaship between the drain source
current and the gate source voltage is realised, equatiéh Bigure 3.2 shows the inversion current at
which the transition occurs in relation to the rest of thedlt@nsistor operating regimes. This current is
important in signifying the end of the logarithmic respoase can be determined using the reciprocal of
equation (3.8)

1 W
L Wi ng (3.16)

where all the terms are design or process dependent paranatd the sub-threshold slopés acquired

from the sub-threshold current-voltage equation

V,
lgs = Ioexp(nk_?_s/q> (3.17)
las) Vs
In(|o> = KT/ (3.18)
dinlgs 1
dvs  nkT/q (3.19)
dVgS 1
n = > = 3.20
dInIds(kT/q> (3.20)

I, being the current that flows when the transistor gate sowttage is null andgs is the scaled drain
source current through the load transigtit.

For pixels designed using treaDENCE software simulator described in figure 3.1, a pixel gain of
50mV/decade would be equivalent to.2thV/Neper. Considering that at room temperature the thierma
voltage,kT/q is approximately 26mV, equation (3.20) gives a sub-thriekstmpe of 087. With the
design load transistor length and width o6@m and 10pum respectively, a process capacitance per unit
area of 46 x 10-3F/m?, a carrier surface mobility of 3.85x 10-2m?/Vs, the current at which the pure
logarithmic model should fail is.25x 10~ 'Amps, equation (3.16) and shown on figure 3.2. This current
corresponds to the knee point of the sensitivity curve ofrédil, at which a sharp increase in gain is
noted. Therefore it is most probable that in the considematif the purely logarithmic two parameter
model, the moderate inversion current places a limitatiothe choice of the second calibration point
that was empirically determined in section 2.6.1.

In light of the above, the four parameter model confirms ttss laf the logarithmic function at high
photocurrents and explains the high contrast errors atilhighination when the simpler models are used.

Consequently, the four parameter model shows immense gpeamfitting the response of a logarithmic
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Figure 3.2: lllustration of the logarithmic pixel operajinegions. The dark leakage current is &4ix
10-14Amps while the departure from weak inversion current oceti45 x 10~/ Amps.

pixel at all currents and the subsequent correction of FP&maich.

3.3.1 Non-Linear Optimisation

The four parameter model has been proposed as a model thabldibt both low and high photocurrents.
To test its validity, the response of a typical pixel has tebepared with the model response at the same
illumination. However to make the comparison the paransedéithe new model have to be extracted
before the model response is determined.

Since the relationship between the respomsef a logarithmic pixelj, at an illuminationi, expressed
in the four parameter model, is a non-linear one, the extnaci the co-efficientsy, bj, ¢c; andd; can be
undertaken using non-linear optimisation and/or regvegsichniques. Typically, these methods require
many data points to reduce the mean sum square and are ater@yve, only terminating when a preset
condition is met. These conditions may vary from a desiratierance level, a set maximum number of
iterations, a search range to even a particular number efiimevaluations.

By employing thefminbndfunction minimisation routine from th®ATLAB optimisation toolbox,
the four parameters of the model could be calculated. Higstteratively searching for the non-linear

co-efficients within a user specified rangg,andc; were determined before linearly regressing dpr
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andbj. During this optimised search, the iterated valuedjadndc; that resulted in the minimum sum
square error between the simulated and modelled responseused in determining theeandb values.
Thus, using the ADENCE simulated pixel response, this optimisation procedurelted in the extracted

values shown in table 3.1.

Parameter Offset,a; Gain, b Leakage factorg; | Inverse currentd;
Units Volts | Volts/Neper —— Ampst
Value [ 22089 | 00447 | 43552x10° | 3.3370x1CP

Table 3.1: Extracted parameters from a pixel using the fanehinimisation routine. In this procedure
111 data points were used ranging from 10-15Amps to 1x 10-5Amps.

2.7 T T
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26 £ o L R
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Figure 3.3: A fit of a four parameter modelled pixel resporfter éhe parameters were determined using
a regressive optimisation technique.

With these coefficients, the modelled response was compaitbeé simulated response in figure 3.3.
The figure shows a close fit of the of the four parameter modglnese and the simulated response over
the entire 11 decade photocurrent range. From figure 3.8,pbssible to say that all the regions of
transistor operation, are closely modelled with all erretween the two responses falling belovsBiaVv
over the entire region - figure 3.4. Considering that the ipr@ic of the simulated data waslonV, the
residual error called model error, arises from the inabiit the simulator to accurately model leakage
current, which is actually the ratio of tteg andd; parameters being extracted. The close fit however,

confirms the versatile nature of the four parameter modelraakies it ideal for pixel modelling over
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Figure 3.4: The model error plot, obtained as a result ofguie parameter optimisation technique.

large photo illumination ranges.

However, a potential drawback of the four parameter mod#iéscomplexity of the parameter ex-
traction. In fact, despite the non-linear procedure adhgea very good fit over the entire photocurrent
range, the parameter extraction procedure is very compnglly demanding. If this method were to be
applied in an image correction or calibration scheme foktiege applications, it would be costly since it
would impart a heavy strain on the computational resourndsa immensely time consuming for large
arrays. For instance, when this procedure was applied@Qlpixel responses, which were simulated at
currents 0L decades apart over 11 decades, it took an astonistd8grinutes. This was performed on a
PENTIUM IV Intel processor based PC, running no other applicatiorie il numerical analysis meth-
ods, the processing of time can be reduced by limiting thelbmurof iterations and permitted tolerance

level but at a balance against achievable accuracy ancedesist. Nevertheless, it is still necessary that

a simpler method of extracting the coefficients from thisusifour parameter model be developed.

3.3.2 Simpler Parameter Extraction

Parameter extraction can be made easier if the four parammetdel is split into specific regions of

transistor operation, rather than as a whole. In thesemsgappropriate assumptions can be made about
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the specific region of operation for which the four parametedel reduces to a simpler form but only
for that region. It is then, that the parameters can mordydasidetermined.

In the firstinstance, the four parameter model can be siraglidiy assuming that, although the current
in the load transistor is small enough to ensure that theti@asistor is operating in weak inversion, the
contribution of the dark current is still negligible. The de for the response of the pixel then reduces

from equation (3.13) to;
bj
Yij =aj+ 5 In(djx) (3.21)

Under these conditions, the pixel output voltage is prapoé to the logarithm of the current in the load
transistor. If the responsgs andy, of a pixel at two photocurrentg andx; in this operating region are

known, then the gain parameter can be determined by takendifferences of the two responses giving;

2(Y15 —Y2))

e (3.22)

To determine the next parameter, consider the situatiomulne current through the load transistor
is large enough so thaix; in equation (3.4), is significantly greater than one; thenetfiects of the dark
current will be negligible leading to;

exp(y/Cj+djx)—1 exp(y/Cj +djx) (3.23)

Q

~ eXFX\/dei) (3.24)
this means that the pixel output will be

In this high current condition, the output voltage is prdjmral to the square root of the current flowing
through the pixel, equation (3.9). More importantly, itheh possible to determine the value of parameter
d; from the value obj, equation (3.21) and the responses of the pixel to two higiqaurrents<z and

Xa

2
L Y3j — Y4
Rl Cv=v) (520
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whereysj andya;j are the responses of the pixel to high curreatandx, respectively. Once the values
of bj andd; are known it is then possible to determine the value of patanag from equation (3.21)

using eitherx; or X,

b

The value of the final parameter can be determined under aaspendition. Whenx; = 0, a dark
reading, which is a lot easier to achieve, unlike the othadi@mns, only involves closing off a shutter
and taking a reading. Here, only the dark leakage currensftbmough the load transistor. This is the

dark response and in this operating conditiprs>- djx; therefore from equation (3.13)

b.
Yij =aj+ 5 In(c)) (3.28)
the value of parameter; can then be determined from the response of the pixel undsetbonditions

ysj using the equation

cj = exp|[2(ysj — aj)/bj] (3.29)
Parameter| Offset,a; Gain, b Leakage factorg; | Inverse currentd;
Units Volts | Volts/Neper —— Ampst
Value [ 22147 | 00441 | 42579x10° | 3.6844x1(°

Table 3.2: Extracted parameters from the simpler paranesteaction routine using only 5 data points
and over the same 11 decade photocurrent.

Thus, using the response of the pixel to five specific photeats, it is possible to estimate the four
parameters required to model the pixel. Using the samBENCE simulation as that in the previous
section, this extraction routine was tested. The curramis@sponses at two mid range photocurrents, a
dark response and two high photocurrents were used to db@ivalues presented in table 3.2.

The parameter values are very similar to those in table 3Herd is also hardly any noticeable
difference when the modelled pixel response is comparduktsimulated results, figure 3.5. In fact, the
model seems to fit all the model regions as well as the opttinis@rocedure, except for the transition
from weak to moderate inversion. This is highlighted by tighbr model error values peaking at about
6mV, at the transition region of figure 3.6. Using the five datnts, this procedure is as good everywhere

else but only loses accuracy at the high current end with anoapnate doubling of model error. It is
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Figure 3.5: Parameter model fitting using five data sets flwmrésponse of a simulated pixel response.
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Figure 3.6: The resulting error after extracting the fourapaeters using five data points.
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thought that, because the two high current data points eatdd right after the transition, they are not far
enough in the square law region of operation, for the pefiiedh terms of computational ease and effort,
the coefficients of 1000 pixel responses, simulated over 11 decadesi@cades apart, were extracted in
only 0.82 seconds compared to th®8 minutes used by the non-linear regression algorithmréefbee,

any pixel response can easily have all variations in its franameters corrected using this extraction

procedure over the same illumination range.

3.4 ‘Novel Logarithmic Response

Modelling results such as those in figure 3.5 and 3.6 suggestemtial for simple image correction by
classifying the logarithmic pixel response as a combimatiba low current region and a high current
region. In fact, while trying to increase the pixel voltageirsg by using a bipolar junction transistor
as a photo detector, L&t al. [4] claimed a “novel logarithmic response” by using this eqgeh and
independently considering the purely logarithmic tranffiection in low illumination and a square law
one in high illumination. Figure 3.7 shows the responseso#tt Blumination ranges to illustrate this
strategy. Although his approach to the correction of fixetgoa noise was not model based, the cross-
over between high and low illumination was not accorded adegthought. However, unlike in the four
parameter model, the transition range, 50nAmpsAnips was not accurately accounted for, resulting in
susceptibility to error in this two and half decade bracket.

In spite of this, employing the simpler extraction procexldoes have another physical and tangible
drawback. In this extraction procedure, accurate knowdeafgthe actual currents is required. In par-
ticular, to determine the; coefficient, the absolute values of the large currexysindxs are needed,
equation (3.26) while parametay requires the knowledge of - equation (3.27). This is not practi-
cally available within a sensor setup. Even if it were pdssib create large current sources which were
measurable, the mismatches between the current sourdes arry, used in the determination of the
currentsxz andx4, make the task more difficult. Furthermore, when huge ctsrdrive the load tran-
sistor into moderate inversion, the current-voltage attersstic is no longer a purely logarithmic one;
thus the special advantages of encoding contrast infoomathile capturing the scene as well as the
ease of applying techniques like colour constancy, arerntily lost. Overall, it is desirable that for the
correction of fixed pattern noise, the model employed be batdatisfies two main conditions.

First, it should be able to adequately cover a wide dynantigeawith a purely logarithmic transfer

characteristic. This condition is best fulfilled by the twarpmeter model since the three parameter
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Figure 3.7: Fitting a typical simulated pixel response @ghhand low current model as suggested by Lai
et al.[4]

model has very low sensitivity at low illumination while theur parameter model has a non-logarithmic
operation at the high current end. To maximise the dynanmigedherefore, the leakage effects need to
be as low as possible while the inversion current as high ssilple. For a fabrication process associated
with particular levels of leakage currents, pixel designesn influence the amount of dynamic range
between the dominance of dark currents and the onset of medi@version; from equations (3.7) and

(3.8);

ci = Il (3.30)
1

Iinv

¢ O (3.31)
whereliny is the current flowing wheNgs is just aboveV;. Therefore, by increasing the load transistor
aspect ratio and keeping the leakage facjas low as possible, equation (3.7), the dynamic range where
the model is purely logarithmic, can be maximised withouteadely affecting performance [54]. With
this possibility, ranges adequate for imaging natural ss@an be successfully claimed [58]. This avoids
the need to take a third, dark reading which would be requfréte three parameter model were to be

applied, although at the expense of a 2 decade loss in dymange.
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The other condition desirable in performing image cormttis that it has to be a convenient pro-
cedure that does not involve the difficult task of measuringaguiring the actual photocurrent values.
In other words, FPN correction should be performed withbatknowledge of the actual photocurrents
induced in the pixel photo detectors. This is relevant fer ¢fectronic calibration procedure since the
calibration current sources and other device componentinidhe pixel are temperature dependent;
therefore measuring currents for every change in imagimglitions is undesirable. These two condi-
tions point to the two-parameter model as the best modelhigae simple fixed pattern noise correction
from a logarithmic sensor over a sufficiently reasonableadyic range. What remains, is it to develop a

practical image correction procedure to realise this abios.

3.5 Practical Parameter Extraction

3,51 Mean Response Method

One way of developing a practical routine is to correct thespiesponses from a single stimulus to a
mean response at each photocurrent - this mean responseutimmgsa mean offset and an average gain.
Considering that the assumptions in section 3.5 still hibleln at two optimally chosen data poixgsand

X2, we have responsgs; andy,; given by;
b; bj
Yij :a,-+§ln(djx1) Y2j :aj+§In(djx2) (3.32)

with the mean responses of tNepixels at those same photocurreyg, andyz; being;

=z
pd

1 1
N bj|n(de1) Vi =aj+ 55
J

Vi =3+
. 2N |

bj In(de2) (3.33)
1

From the equations (3.32) and (3.33), itis possible to elatd the offsed; and mean offsedj parameters

to obtain the gaitb; and mean gain coefficienks;

_ 2(y1j — ¥2j)
T neafe) .
= 2AVji-Ye)
b; = |n()J(1/X2)I (3.35)
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Each pixel gain can be referenced to the mean gain paramstey pixel responses and the mean re-

sponses at the same two illuminances to get a gtie defined as,

bjref = bj/Hj (3.36)
S £ i ] (3.37)
Yij —¥2j

But, from the first of equations 3.33

1 N N
yij = Tj*’ﬂgl Z (3.38)
Vi — @+ = 5" 4 bjIn(d
nta) = — + A}y (3.39)

b;/2

Substituting this into the first of equations 3.32, then we ge

- y bjIn(d
Yij = aj+gjln(d)+bl(1’ [ 2NZJ =1" (J)})

2 b;/2

b.
= aj+ Ej In(d;) + bjres (ylJ

1 N
a +-—— ) bjin(dj)
| 2N JZ]_ J J
7 b 1 XN
Y1j — bjret¥1j = (a, (dj)) —Dbjrer | A+ N Z bj In(dj) (3.40)
=1

Now defining a new term from equation (3.40),

ajret = Y1j —DjretV1j (3.41)
b.
= aj'—bjera’

whereayre is the reference offset parameter, obtained independeflyy currents. This means at every
pixel within a set of pixels, the termegresr andbjrer can be obtained using equations (3.41) and (3.37).

Hence at any other photocurreqit and using equation (3.42), it is possible to see that, attbstituting
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for aj, an expression includingjret andbjet can be obtained from the equation;

b.
Yj = aj+ ?J In(djxk)

b 1N b;
= 8jref — Ejln(d,—)—i-bjref (a,+ ﬁ Z bj In(dj)> +§Jln(djxk)
=1

— ajer +bjer (&4 — %b-ln(d-) - DiByer In (%)
= jre jre i T A i j Ty
2N =1 2
LS byindpuo
= ajref +bjret [ @+ 5= ) bjIn(djxk
3
Ykj — jref _ 1 X
I 1
bjref ]+ 2N lebj n(dJXk)
1 X bj
= Efj+ﬂglb, Ind,) + <2In(xk)>
= &' +bj’In(x)
ykjb—ajref = Vg (3.43)
jref

pixel responses with FPN mismatches can therefore be ¢tedéar variations from the average response
by subtracting the quantitieg.er andbjret. As shown by equations (3.37) and (3.41), these quantitées a
obtained without the knowledge of the actual photocurreffesing a simple, practical and convenient
image correction routine. With thajes andbjef calculated per pixel and stored in memory during
calibration, image correction can be executed with a satitra and division operation at any other
photocurrent. Note the striking similarity in the form ofuedion (3.43) and (2.8), where both equations
correct FPN by negating an offset parameter and dividingréiselt by a gain term. This correction
procedure could also provide pixel designers with vitabinfation about the nature of the spread of
defects or mismatches in the manufacture of uniform deviddse maps of extractedjrer andbjres
offer invaluable clues to the performance of rows and coklofra pixel array. For example dead or flat
pixels can be easily identified using this mapgiagd then excluded from the image processing chain to

minimize the effects of non-responsive pixels.

3.5.2 Photocurrent Ratio Method

One other way by which fixed pattern noise correction can betmally performed is by using the

photocurrent ratio method. Here, the subtraction of a pigeponse from another to remove offsets,

1This will be further illustrated in chapter 4.
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is improved by accounting for the variations caused by gaisnmatch at every pixel location. The
corrected pixel response, free from both forms of fixed patt@ise, becomes merely a transformed and
then scaled version of the original response. This can haibdgrstood analytically. By taking the same
assumptions of purely logarithmic operation over the foarameter equation, the response of ihe

pixel at theiy, illumination remains
b.
Vi =8 + - In(djx)

As before, when a pixel is stimulated at two carefully chosalibration currentx; andx, within the

purely logarithmic region, the pixel gain parametgrean be obtained from the responggsandys;,

2(y1j —Y2j)

bj IN(x1/%2)

(3.44)

At any other photocurrent, of the same pixel, the additive parameter can be removediigg the

difference of the responsg; and either of the calibration responsggor y»;
bj
Yei—Yij = = In(/x) (3.45)

but from equation (3.44), we can replace the gain paramigter,

Yij —Y2j

Yikj —Y1j In(x1/%2) o) o

Ykj = Y1j In(x) = In0q)
| _ _ 3.47
Ykjcorr Y1) — Y2i IN(x1/%2) ( )

Thus, a pixel response may be corrected for its offset anal m@@matches at any illumination by
using its responses at two distinct currents within the fitigaic region. The left hand side of equa-
tion (3.47) can be interpreted as an FPN correction operd#tiat is a ratio of two offset corrected terms
and is independent of the actual photocurrent values. Bynsiin, the responses of an array containing
a multitude of pixels may be corrected using the same equdtigoractical terms, this image correction
technique combines simplicity and convenience with compars limited to two subtractions and a di-
vision per pixel per photocurrent. Comparatively this grare is even simpler than the mean response

method which requires several operations to acquir@fae andbje s terms per pixel.
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3.5.3 Calibration Routine

The two approaches described above show the practical pteaextraction approaches usable in the
simple calibration of logarithmic sensors. In either methihe primary goal is to conveniently acquire
the pixel readings at two photocurrents, the choice of whichild have followed the strategy in sec-
tion 2.6.1 and been pre-determined from the pixel designgalith the desired choice of accuracy and
dynamic range.

Below is the proposed sequence of operations that wouldtgwe executed in a simple logarithmic
sensor calibration chain using the circuit of figure 2.1 arstiigably sized fast access external memory

module.

1. Shutter the sensor to avoid any light stimulating the ptiiotde - figure 2.1. This should be elec-

tronically incorporated into the calibration design metken to avoid any manual intervention.

2. Using the calibration circuitry of the same figure, pulsmsistordM5 andM4 high and vary the
voltage controlled current sourdé6 to replicate the two photocurrents that would have flowed
through the shunted photodiode. The precise loading ofctivieent source would have also been

determined at pixel design.

3. Take the reading of all the pixels at these two calibrapibatocurrents and store them in memory

by sequentially selecting the row and column bias along titieesarray.

4. If applying the mean response correction method, cédkedlee mean response of all the pixels
at the two calibration photocurrents then determiifgs for each pixel using equation (3.37).

Thereafter calculatejrer per pixel using egn (3.41).

5. With parametersjer andbjes Stored for each pixel in the array, executing the operatégme-
sented in equation (3.43) at each pixel location will remalleoffset and gain variations at any

other photocurrent, generated during sensor operation.

6. However, if applying the photocurrent ratio correctioathod, obtain the difference between the

pixel responses at the two calibration photocurrents aov@ shem for each pixel.

7. Using eqn (3.47) take the ratio between the differencevdxt the response at any photocurrent
and the response at any of the calibration currents to thiieastored difference value. Similarly,

the result is a pixel response deficient of any offset and gaiiations.
8. Open shutter to commence sensor operation.
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3.6 Summary

It has been shown in this chapter that unlike in the low illoation region, the high contrast errors at
the high end of the current spectrum are due to the load standieing driven into moderate inversion.
This was investigated and, as suspected, the logarithamisfier function becomes invalid in this region.
Here, a square law relationship exists between the draircsaurrent ys of the load transistor and its
gate source voltage, hence the steep contrast errors.

Therefore, to model logarithmic pixel response over théremhotocurrent region a novel four pa-
rameter model based on tiExv MOS transistor model was developed that smoothly represeréd pi
behaviour over eleven decades of photo stimulus. The medelind to make an accurate fit with the
simulated pixel's response when the four parameters aract&tl using a regressive non-linear algorithm
in MATLAB . Although the model errors from the fit were all belovB®V, this method of extracting the
parameter was computationally demanding and could prowvedeh for real-time applications.

In order to reduce the effort and time consumed in the pammeatraction procedure, a different
approach was proposed. The method which focussed on spesgifins of the photocurrent range,
helped reduce the four parameter model to a simpler forntscthadd be used in the extraction of the
coefficients. Five conveniently chosen data points werd irsthis procedure, resulting in a similar fit to
the function minimisation method, only for higher errorfa high end, peaking at about 6mV. Although
this error was at least two times that of the optimisationltethere was a tremendous improvement in
computation time and effort. Principally, the simple egtian technique provided ease, convenience and
accuracy over a wide range that was not possible previotiiwever, because of the impracticality of
measuring currents in real circuits, coupled with the neektain the logarithmic properties of pixels,
the optimised two parameter logarithmic model was considi@rime in the development of a practical
fixed pattern noise correction technique.

In this quest, two approaches were discussed. In the firsegroe, all pixel responses were corrected
to the average pixel response at the point of calibratiom,atsumption being that all corrected pixels
constituted a mean offset and mean gain. This was done usiefjrpsponses only. In the second
method, the responses were also corrected for offset andvgeations without the actual knowledge
of photocurrents but by taking the ratio of two offset coteecterms. In both methods, the significance
of the location of the two calibration points was retainexgfuiting in easy and convenient strategies for
FPN image correction. Finally, a practical calibrationtine was outlined as a series of operations that

can be implemented in conjunction with the electronic ealilon circuit of chapter 2.
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Chapter 4

M onochrome FPN Correction

4.1 Introduction

The complete understanding of the behaviour of a typicaiditigmic pixel under high dynamic range

illumination led to the confirmation of the two parameter raloas the most appropriate model for con-
venient fixed pattern noise correction. Using this modely tmo forms of mismatch are to be corrected
in a simple, convenient and practical way, while maintagrsanfficient dynamic range for HDR imaging

of typical natural scenes.

This essentially means any pixel in an array can be accyrabtaracterised to allow for practical
offset and gain fixed pattern noise correction, at any ilhation where the load current is below moderate
inversion but significantly higher than the dark leakageemnir To employ the practical image correction
procedures described in section 3.5, the responses atsheatefully chosen calibration currents are all
that are required to use the electronic calibration ciretiftgure 2.1.

Previously, the results of earlier methods of correctingatens in fixed pattern noise were recalcu-
lated in terms of contrast error. This was an error measuiesdefrom the properties of the complex
human visual system. Nevertheless, the Weber ratio of jotiteable difference [3, 82], used in the
development of absolute contrast, implied that the sensarwged to accurately reproduce scene illu-
minations at every pixel location. However, because mostutad images are meant to be processed
and displayed to human users, the main concerns are notepllgating the captured scene to the user
but also maintaining an accurate perception while beingewithe complex visual operations the HVS

undergoes.
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In this chapter, it is suggested that, by taking advantadeebfvioural characteristics of the human
visual system, such as local adaptation to small changegshendye’s sharper sensitivity to relative
brightness changes rather than to absolute ones, it idj@$sireplicate perceptual scene quality without
accurately reproducing the actual captured illuminatiolmsfact, the Weber contrast error measure in
section 4.2 is adapted to these characteristics of the hwisaal system, eventually leading to a new
contrast error measure for quantifying fixed pattern noize mniformity. In section 4.3 both a single
pixel from a 200x 100 array and the entire array are first characterised tdataliprevious simulation
results before an investigation of the sources and formswétion of fixed pattern noise is discussed
in section 4.4. In the study of the way in which fixed patteriisads distributed along the rows and
columns, the extracted offset and gain parameters are agpessponding to the orientation of the
pixel array. This special advantage of the mean respondeothét image correction is used to show row
and columnar effects as well as determine the effectivdutisn by excluding noticeable design effects.

It is in section 4.5 that fixed pattern noise is actually coed using the two methods introduced
in section 3.5. Finally, the quantisation and rounding @feare added to the analysis to investigate
the impact of the analogue to digital converter on the newiresherror measure. Because applications
dictate the required image quality, the choice of the magieitof the least significant bit or ADC step
size is not fixed but leads to an interesting trade off betwtkerusable dynamic range and the contrast

accuracy or image quality - a fact further highlighted ints®et4.6.

42 Contrast Error

Contrast error, which has been used in previous chaptellseasi¢asure to assess model accuracy, is
an absolute yardstick in the determination of the estimatbaillumination of a scene. However, its
calculation involves the ability to determine pixel phataents accurately. Since changes in the aperture
during camera operation are not recorded at any point inrtfeeyé and the captured images are not
tagged with illumination levels and aperture settingss itipossible to calculate the absolute brightness
values within a scene. Therefore, there is a need to exgresatiance of pixel output as an equivalent
percentage change in input.

In addition, the main market for cameras relies on sensatctpture images that are to be displayed.
This suggests that the performance of the sensor should tbentdeed by the ability to capture and
reproduce a scene that is perceptually indistinguishablenbt exactly the same as the actual scene.

Therefore, the sensor should not be able to acquire the sataidsdout create the same effect as those
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which would be detected by the user (or human eye). Howdwehiman visual system (HVS) is a very
complex biological system with immense functionality. Irder to be able to design sensors that take
advantage of the HVS ways of replicating perception, it ipantant to understand the way the human

visual system interprets and processes details withinrzesard relate them accordingly.

4.2.1 HVSAdaptation

Experiments by psycho-physicists over many decades haleagoured to characterise the behaviour
of the human visual system in subjective and scientific tstsveal the immense capability of the eye
at capturing and pre-processing information. One propafrinterest is the eye’s greater sensitivity to
relative illumination changes than to absolute change371%2].

One such example is the fact that despite stars radiatingatine amount of visible radiation, they are
not seen during the day but are visible at night [3]. This isduse, relative to the dark sky, the amount
of radiation from the star is significant whereas relativéhiis sun’s radiation, it becomes negligible to
the eye. In other words, if a scene’s illumination changed Bynall percentage value, the brighter parts
of the image would still appear equally and perceptuallgler than the dim parts irrespective of the
actual luminance values. This property means that eyestduane to reproduce the scene accurately but
merely need to keep the relative illuminances thereby pvesgthe perceived effect. It will be shown in
chapter 7 how this property has been utilised in colour geiae and the computer graphics industry for
HDR compression algorithms respectively.

This property of the HVS is very instrumental in the way fixeattprn noise is quantified since
it is more important to measure image uniformity than abtoaccuracy. Adaptation and sensitivity
to relative changes by the human visual system means that wibwing fixed pattern noise or non
uniformity, it is not as important whether a pixel accuratedpresents the local photo stimulus of the
scene, but how, relative to other pixels, this photo stirmigureproduced. It is the variations in the pixel

responses that matter most.

4.2.2 Simulation

From the discussion above, rather than concentrating oadtimated photocurrents, the way the esti-
mated photocurrents are spread or distributed will be a mewealing feature to our eyes. To investigate
this, the same set of @00 logarithmic pixels previously used in chapter 2 and $atea in CADENCE

over 10 decades atDdecade current intervals, was employed. The offset and gaiameters were
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extracted using the offset and gain correction techniquseation 2.6 and the estimated photocurrents
determined. The absolute contrast values were then ctddusince both the simulated and estimated

currents were known.
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Figure 4.1: The absolute contrast values @fd0 pixels. A comparison is made of the mean and standard
deviation of these contrast values over the wide dynamigean

Figure 4.1 shows the mean absolute contrast per phototdmethe 1 000 simulated pixels. As
previously seen, th&V-shape is present with sharp rises in contrast error at budls ef the graph,
attributed to leakage effects at the low current end and gimelogarithmic nature of the model at the
high end. The figure also shows the standard deviation of liselate contrast values that are very
low at all photocurrents. It can be deduced that the absolutérast errors occur systematically with a
uniformly low spread irrespective of the photocurrent. STimeans despite the changing absolute errors,
they all change uniformly. However, because the eye’s pstiraulus is relative change, uniformly
misrepresented stimuli should yield a constant output. dlheost negligible variations between the

estimated photocurrents will therefore be perceived @®miphotocurrents over the entire range.

4.2.3 Relative Contrast

The uniform variations of the absolute contrast values statthe model error is a systematic property

along the photocurrent range inspite of the actual conase. The implication is that, in the capture
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of a uniform gray scale image, it is irrelevant that the pisedponses are inaccurate, but if all these
responses are uniformly inaccurate, then a uniform outfilbe/perceived. A new error quantity called
the relative contrast can be defined, characterised as tiation of the estimated photocurrergs from

the actual photocurremfc as a ratio of the actual photocurrent,

td(lest— lact) _ std(les) Aill

. S
Relative contrast =
lact lact lact

(4.1)

whereAl’ is the residual noticeable error after image correction.
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Figure 4.2: The relative contrast determined as a ratio ®fstandard deviation of the estimated pho-
tocurrent from the actual photocurrent to the actual photent at each illumination.

Figure 4.2 shows the results of the mean relative contrast per photocurrent calculated using
equation (4.1) on the same set of simulation data usedlipitighe relative contrast values stay approx-
imately constant at around2% in the mid current range. With the precision of the simatatlata at
0.1mV, the relative contrast values are partly limited by tmewator’s inability to fully and accurately
model all pixel circuit element behaviour. The2® error was shown to reduce to half this value, when
model data rather than simulation data was used. Experigs&ashown that the rest of the error and
the rise at the low and high current ends is because of theegreariation of the dark leakagg and
moderate inversiod; parameters which, contributes to the spread of estimatetb@urrents to varying

degrees along the current range. Despite this rise, thiéveelontrast values are generally low, with all
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relative contrast error staying below 1% for about 7 decafldsimination.

This new contrast error target measure yields remarkalsidtseover the entire range. However,
there is a need to determine the quality of fixed pattern noigeection from the practical parameter
extraction techniques described in section 3.5.1 and .315.2ther words, the relative contrast errors
have to be obtained without the knowledge of the photoctsreBy taking an analytical approach, the
relative contrast can be determined using only pixel respenConsider the FPN correction case where
all pixel responses are being corrected to a mean respoastmrs3.5.1. After image correction, all
pixels should ideally have the same mean response. Assunfinije accuracy of the pixel responses,
any remaining variation between the corrected piyelsshould be attributed to model error of the two
parameter model. Assume that within a set of pixels, theamigleal corrected respongey;, from
which all other pixels vary, at a photocurrent. The relative contrast will then show the variations of

other corrected pixel responses from this ideal mean resspdyow if
1 N
YCnj = aj+ T\'Z i In(djxm) 4.2)

then we can represent all other corrected piyels as having variable errdix, from the ideal response

where
I
then ygj —yom; = Fj’ln(m/xm) (4.4)
= bj'In {1+5X} (4.5)
Xm

But for very small values, as the ones manifest in figure 4.2,

OX — ,0X

1>— . i — i = bj'— 4.6
X YGj — YCnj j X (4.6)
w = Std(Q) 4.7)
b’ Xm

(4.8)
std(yaj) _ std(dx) (4.9)

b’ - '

—, 1 N

where by’ = N z 1) — Y2i] (4.10)
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andk is the logarithm of the known ratio of the calibration phatoents. From equation (4.9), we see that
the right hand side is the same as equation (4.1) and we camdee the relative contrast by dividing
the standard deviation of the corrected pixels by the meaheotorresponding gain sensitivity. This
method provides a photocurrent free means of determinmgaative contrast and hence determines the
performance from the practical image correction techréqui similar argument can be made for the

photocurrent ratio procedure described in section 3.5.2.
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Figure 4.3: The comparison of the relative contrast obthireng the equations (4.1) and (4.9).

A comparison of the results after determining the relatimetast with the knowledge of photocur-
rents, equation (4.1) and without these photocurrentsiimesponse method), equation (4.9) is shown in
figure 4.3. The two methods perform similarly for the majpudt the photocurrent region. In the purely
logarithmic current range, the contrast values are neaghalexcept for numerical errors whereas in the
low current region where dark leakage currents begin to datej there is increasing relative contrast

error. This is because in this region the onset of the inflaeideakage currents changes equation (4.4)

to

— Xi+€
yGj —Ycmj=b;’'In (xm—H':) (4.12)

wherec’is the leakage currents; thereby making the condition essa@in the inequality (4.6) no longer
true. In the higher current region, the two parameter modethvis the basis by which equation (4.9) is

formed, is invalid. As a result, there is a growing divergewnt contrast values as the currents get into
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moderate inversion. However, these values are still lesstiine 1% contrast target. In addition, since the
fixed pattern noise reduction in intended for currents beélewmoderate inversion region, equation (4.9)

can still be used to practically quantify the success of FBixection.

4.3 Sensor Array

So far, all the data that has been used in the fixed pattere apialysis has been simulation data ac-
quired from thecADENCE circuit simulator. After adapting the initially suggest&olsolute contrast error
measure to a more meaningful relative contrast error, tianisiin the offset and gain components in this
simulation data yielded relative contrast values that visedlew the 1% contrast error target over seven
decades of illumination.

Nevertheless, simulations are only indicative of the FPd¢tpss but are incapable of reproducing real
circuit situations since they ignore some pertinent phesrarsuch as temporal noise and may not fully
simulate all device or circuit behaviour. In order to vati@revious simulation results, the correction
of fixed pattern noise has to be tested on data obtained frahpieel sensors. Particularly, real data
can also confirm the amount of parameter variation espgajalh mismatch that is present in practical
circuits as well as the accuracy or quality of the proposexttiral simple offset and gain correction.
Before any of these questions is addressed, it is importacharacterise the source and form of fixed
pattern noise in real pixels.

The sensor of pixel size L x10um, is a 200 row by 100 column array of logarithmic pixels built
by Choubeyet al. [78] on a 035um AMS process. With a 49% fill factor and two differential readouts
more than six decades of dynamic range were achievablegdoperation. Using the calibration circuit
described in figure 2.1, it was possible to emulate the pltent flowing through the photodiode by
controlling the current flowing through the pixel. By adjastthe voltage controlled current sources
situated at the bottom of each column (transisié in figures 2.1 and 4.4) and pulsing the appropriate
row selects, pixel readings of the whole array were takerBatifferent voltages. In these circuits, the
dark response is obtainable by merely switching off thebecation select switch in all pixels and shielding
off the photodiode. Figure 4.4 also shows column amplifiecuitry and a multiplexor from which all
array pixel readings were obtained before being relaye@M@PS 16 bit ADC and finally imported into
MATLAB for analysis. To limit the effects of temporal noise acqdiadong the connection between each
pixel node and ADC, the pixel readings are a result of averpg§ireadings. By taking a measurement

of the same pixel numerous times, the peak to peak tempoise meas found to be about 1mV. This
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Figure 4.4: Figure showing the array structure and blocKigaration of the 20« 100 image sensor.

means that the average temporal noise over eight readinggtised by a factor of/8, leaving a residual
0.1768mV rms, on all pixel readings. In order to determine hddena dynamic range was spanned, the
same pixel circuit was simulated and the estimated photentg obtained. The pixel design, results in
simulated photocurrents that extend over 10 decades froumt &x 10 ®Amps to 1x 10" °Amps.

Figure 4.54) shows the response of a single pixel over the entire curegmge, while figure 4.%)
shows its corresponding responsivity to photo stimulus. edgected, both figures are similar to the
results obtained over a shorter range, figures/).2hd 2.26), thereby confirming earlier simulation
analysis. The responsivity graph also highlights the ctistinction between the different regions of

transistor operation that were discussed earlier.

4.4 FPN Distribution

Another characterisation of the pixels in the sensor artayva is the study of the distribution of the
variations among the pixel responses as this informatiariiros the understanding of the nature and
impact of fixed pattern noise in practical sensors. By stuglyiariation along the rows and columns of

an array, the levels of FPN can also be related to elementsegbikel architecture or design process.
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Figure 4.5: FiguresA) shows the response of a typical pixel from the sensor ari@levs) is a real
pixels’ responsivity (gain versus photocurrent) over 1gadkes of photo illumination.

This can help highlight the major sources of mismatch anaddatieviate them as early as at the design
stage.

Figure 4.6 shows the non-uniformity of 200 pixels in a colyrtaken at three different photocur-
rents along the purely logarithmic region5 10-12Amps, 62 x 10~ 11 Amps and 26 x 10" °Amps.
Predictably, the same pixels vary in a similar manner at ffferdnt illuminations at which they are
stimulated. This is because fixed pattern noise is illunmaindependent in a two parameter response
model thus variations exist only from pixel to pixel. Notatl is a pixel index along a dimension of an

array.
Yij Zéj —|—5j In(x) (4.12)

Nevertheless, the maximum pixel response non-uniformapgthe column is about 50mV which is
known to mainly arise from variations in the threshold vgéta and subthreshold slope parameter as
highlighted from the previous chapter in equations (3.%) €16). This means that for a sensitivity of
approximately 46mV/decade in the mid region of figure 8)5this uncorrected non-uniformity leads to
photocurrents being misrepresented by at least a factdy.of 1

When the non-uniformity along a row of 100 pixels is investiagh at the same photocurrents as those
used in figure 4.6, it is clear that there is the same illunidmaihdependence but a larger non-uniformity
exists, as shown in figure 4.7. In this case, the column tongolfixed pattern noise rose to about 90mV.

This stems from the threshold voltage variations of theses#libration and readout transistors that exist
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Figure 4.6: Fixed pattern noise along the column of a setekan at three different photocurrents.

for each column as part of the electronic calibration anfiéckhtial amplifier readout circuit respectively
- figure 4.4. This mechanism only exists along each columrailghis amount of column to column
non-uniformity, if left uncorrected, would result in estited photocurrents that would be almost 100
times brighter or darker than expected for 46mV/decadelgixehus, column-to-column fixed pattern
noise is at least ten times the level of mismatch at the revotolevel. This huge discrepancy is due to
the fact that along a column, each pixel has a different rdecséransistor switch while as the row is
traversed, the current source for the calibration circsiitvall as the readout are different for each pixel -
figure 4.4. Itis these current sources that need to be chrefiesigned since their impact on FPN is high.
The distribution of the extracted parameters of each of tkelpacross the array may also hold vital
clues about the sources of the variations in the sensor. @uges advantage of using the practical image
correction procedure in section 3.5.1 is that the extraajed andbj.s parameters could be mapped to
reveal mismatch patterns. A mapping of either the offsetadm garameters is likely to show columns or
rows with unusually high or low values, which might need teekeluded from the processing algorithms.
The offset and gain parameters were therefore extractedtfie array and mapped in figure 4.8 and 4.9.
In both figures, the row and column indices are represeetafitheir orientation while the gray colour

map$ show the range of parameter values - these parameters legirggentative of the offset and gain

LA colour map scales all the individual values so that the Highalue is displayed as white while the lowest is black.
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Figure 4.7: Pixel response mismatch along the row of theasetaken at the same three photocurrents.

mismatches.

It is clear from figure 4.8 that the bottom row of pixels havésefs that are far higher than the rest
of the pixels. Although this defect does not occur in all gsrat is usually caused by a non-responsive
row select switch leading to exceptionally low or high rese® pixels called dead pixels. The figure
also exhibits distinct vertical streaks. Although alongleatreak there is little variability, there is a
striking non-uniformity between the stripes. This is cetesnt with figures 4.6 and 4.7 which have higher
mismatch as a row is traversed. The reason for this pattaheiaon-uniformity of threshold voltages
along the transistors of the voltage controlled currenlilfcation) sources and column select circuitry,
which are present for each column. A confirmation of this naitah is the lower fixed pattern noise when
the readings are taken at the pixel particularly at the g ain figure 2.1, thus excluding the column
circuit.

On the other hand, there are fewer distinct features in thgping ofbjre¢ in figure 4.9, except for
the same row defect at the bottom pixel row as in figure 4.8. eGaly, despite the more pronounced
column variations than between the row, there are lessfiignt vertical streaks when compared to the
previous case. However, a couple of pixels between th& 5@ 178" rows do show distinctly higher
gain as shown by the distinct horizontal effects. This isutiid to be a random manufacturing defect as

not all pixels along these rows shared this defect. None#isebffset and gain variations exhibit larger
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Figure 4.8: A mapping of extractetj+ parameters from the array, and their calculated valuessiow
volts on the vertical right sided colour bar.

column to column FPN along the rows in comparison to row to F&N.

To investigate the effect of parameter variation in a reaseeeven further, the individual coefficients
of the complete four parameter model were extracted forlahdlysis over the wide dynamic range of
photocurrents. Using the estimated photocurrents andegonses of the pixels in the array, table 4.1
was generated after the parameters had been extractedhsimgan sum square non-linear optimisation
technique. The statistics of the extracted parameters ezenpared to those in table 4.3, which are from
the 1000 simulated pixels used in the chapter 2 and 3. In both cteesffset and gain variations show
no significant difference and in fact confirm that additivesmatch is the greatest form of fixed pattern

noise [18, 83].

Parameter a; bj Cj d
Units Volts Volts/Neper —— Amps T
Mean 2.2423x 10° | —4.0015%x 10 2 | 8.5134x 108 | 2.6483x 10°

Std. dev. | 1.640x 1072 | +1.9711x 10* | 1.0462x 108 | 2.0166x 10°

% of Mean - 0.4926% 12.2890% 7.6147%

Table 4.1: Statistics of the 200100 imager array determined by the regressive parametaritpe and
the estimated photocurrents.

On the contrary, wide discrepancies occur with the variamtéhec; andd; parameters. The differ-

ence in the variation of dark leakage currents, that areimieportional tac;, arise from the inability of
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Figure 4.9: A similar mapping of extractdges parameters along with their values, shown along the
vertical right sided colour bar.

Parameter a; bj Cj d;
Units Volts Volts/Neper - Amps !
Mean 2.2324x10° | —4.0070x 10 2 | 8.1927x 10 8 | 2.5223x 10°

Std. dev. | 1.0057x 102 | +1.4416x 104 | 4.7156x 109 | 1.0462x 1C°

% of Mean - 0.4178% 5.7559% 4.0272%

Table 4.2: Single column statistics from the 20000 imager array determined by the regressive param-
eter technique and the estimated photocurrents.

Parameter a; bj Cj d
Units Volts Volts/Neper —— Amps?
Mean 2.2090x 10° | —4.4756x 1072 | 4.2655x 1078 | 3.3428x 10°

Std. dev. | 1.7634x 1072 | +8.9484x 107> | 3.0963x 10710 | 9.6106x 10°

% of Mean — 0.2002% 0.7289% 0.2875%

Table 4.3: Comparative statistics of0DO simulated pixels, determined by the regressive pasmet
technique and the simulated photocurrents.
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the CADENCE circuit simulator to model leakage effects, hence the varglsvariations in the simula-
tion. However, the same cannot be said of the moderate dyraeameted;. The striking vertical stripes
in the maps of the offset and gain parameters in figures 4.8l&hsluggest vast variations from column
to column which are characterised by the calibration cursenrces. But when the four parameters are
extracted for pixels in only one column, hence eliminatimg ¢ffect of the calibration sources, a percent-
age variation of £272% is still present. This variation in tlg parameter is thought to originate from
the circuit simulator since the simulator us=m models for transistor theory which might not properly
emulate the transition from weak to moderate inversioncéthe leakage current is the ratio of t)e
andd; parameter (equations (3.14) and (3.15)) and the offsefastafl by variations im; - section 3.3
- it should be expected that in the correction of FPN usingitieparameter model, the results will at
least have higher relative contrast values than when stionldata is used.

Overall, FPN characterisation from real sensors is in agess with previous findings from simu-
lation data. Offset variations show a strong overall effecFPN, both row and column wise, although
the non-uniformity of figure 4.9 and tables 4.1 - 4.2 implytthain variations are significant enough to

warrant correction in real sensors.

45 FPN Correction

With the array of logarithmic pixels fully characterisedetnext step is the critical task of choosing the
calibration data points for this sensor. One way of doing ihito visually inspect the response curve and
choose the points according to the selection criteria deettin section 2.6.1. However, a more accurate
method is to use information from table 4.1. For examplekdga current$s can be determined using
Is = ¢j/d; while moderate inversion starts gtdj. It should be appreciated, however, that in real circuit
situations this selection of calibration points will be geein the electronic calibration circuit operating
seqguence.

In the correction of offset and gain variations from the pisesponses gathered from the sensor
array, both the mean response and photocurrent ratio ngttescribed in sections 3.5.1 and 3.5.2, were
tried on real data to test the correction of FPN using onlgbpigsponse data. Following the adaptive
properties of the HVS, rather than calculate the absolutérast, the relative contrast error determined
using equation (4.9) and the mean value as a function of théptrrent shown in figure 4.10. The
results of the relative contrast values for both methodssaen to coincide over the entire dynamic

range as expected. Also, sharp rises in relative contrasit atxeither end of the current range. This is
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attributed to the fact that the parameteysandd; have significantly greater variations than simulation

data (tables 4.1 and 4.3). The two parameter model does rrettthese giving rise to the higher relative

error.
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Figure 4.10: The relative contrast values from the arragrdifted pattern noise correction using the two
simple photocurrent independent routines.

However, one point stands out of figure 4.10 - the relativetresh values in the mid current region
are higher than those achieved with simulation data, shaigure 4.2. A possible cause is the residual
temporal nois€that exists in measured data despite the averaging donegdiriel response measure-
ment. In the mid current region, where the pixel respongigiatbout 46mV/decade and a 1% change in
current corresponds to aZinV voltage change, the effects of thd B68m\{ns temporal noise (shown

in section 4.3) should be approximately8% - a value similar to that in figure 4.10.

4.6 Quantisation Effects

The correction of fixed pattern noise from a real sensor haklgil under 1% relative contrast over
about 4 decades or about 5 decades for a 2% contrast acchi@egver, not all the analysis above has
included the effect of analogue to digital conversion thsatally occurs before the beginning of the image

processing chain. The digitisation of pixel readings is @eseary step but adds quantisation or rounding

2Circuit simulations are incapable of emulating temporal noise

80



CHAPTER 4. MONOCHROME FPN CORRECTION

error thereby reducing the quality of the resulting imadess therefore important to incorporate ADC
effects if a true assessment of FPN quality is to be delivered

In order to proceed, it is necessary to know the accuracywtitich the pixel readings were acquired
and to what level they have to be quantised. Although thel pegponses were measured from a 16
bit 5V 2MSPS ADC [78], the accuracy of these responses igdiinby the temporal noise rms value -
0.1768mV. Because ADC step sizes are usually chosen to beigistrithan the noise floor, this value
represents the lowest LSB value for this sensor and meagsarivironment. However to maintain the
pursuit of a 1% contrast error target, it is desirable thangisation is in such a way that the magnitude

of the least significant bit represents a 1% change in phatecu
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Figure 4.11: The result of ADC effects on pixel array datanfrthe array. A comparison of relative
contrast values is made against the original data.

To achieve this, consider from equation (4.12) that a 1%resherror occurs at an illuminatiof

resulting in a change in pixel respon&g then from the pixel responsg

Ax causes yij + Ay aj + b In(x; -+ Ax) (4.13)

Ay bjIn <1+ ix> (4.14)

where, for a 1% contrasfix/x; = 0.01. Taking an average gain responsivity of 46mV/decadeaagsh

in pixel response of approximatelyZnV will represent a 1% input change. Nevertheless, the mauxi
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error introduced by quantisation is half the voltage chamgeesented by the least significant bit. The
pixel readings should therefore be rounded to twice tBen¥ voltage change.

Therefore, in figure 4.11 a comparison of the contrast eesults is made between the pixel re-
sponses that have been quantised.torY and fixed pattern noise corrected as opposed to those that
have not been quantised. The mean contrast errors per pheot curves follow the same general
shape apart from a slight degradation in image quality in-avident region. ADC effects increase the
contrast error in this region but the difference betweergtentised and original data leaves the contrast
values largely unchanged outside this region. More impdistacontrast errors are generally above the

1% target and if any significant dynamic range is to be clairaeduracy has to be forfeited.
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Figure 4.12: Figure showing the trade off between accuradydynamic range covered using different
guantisation effects.

In figure 4.12, the influence of higher levels of quantisationrelative contrast accuracy is high-
lighted. By digitising the pixel responses from the array0tdmV, 0.8mV and 12mV to represent
multiples of a 1% change in photocurrent, the effect of FPNemion was investigated. First, It is clear
that as the level of quantisation increases, the accurattyeoforrection at calibration suffers resulting
in less smooth curves, although this is more pronouncedeahithher step sizes. It is also possible to
see that by quantising to an LSB a#iinV, a 5 decade range is attainable if a 2% accuracy is addepta
However if this quantisation level is doubled, onlyp3lecades can be claimed for the same accuracy.

Although there is a significant reduction in range for the sawocuracy, this trade-off can be perceived
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as an advantage and may be used to cater for the needs ofcspppifcations that value the balance of
range and accuracy, differently.

Apart from the dynamic range, the level of quantisation dao be seen to influence the number of
bits with which to cover the required range appropriatety: iRstance, to cover a 5 decade illumination
range at 2% contrast accuracy (figure 4.12) a 50mV/decadeilbmic sensor with about 100mV maxi-
mum fixed pattern noise range, would require at least a 10DE X a step size of @mV is chosen. For
twice the resolution, a 9 bit analogue to digital converserequired for the same accuracy and illumi-
nation range. Similarly, the ADC bit length drops with a @sponding reduction in dynamic range and
accuracy.

It should also be noted that there is an approxima&ddifference in relative contrast between the
curves in the mid current region of figure 4.12. This is beeaaithough the maximum quantisation
error from quantising in @mV steps, is @mV, the rms quantisation error, is a factoryd12 of the step
size. This is about.@15mV in the purely logarithmic region which correspondapproximately (6%

change in percentage contrast.

4.7 Summary

In this chapter, the contrast error measure, previously f@ebenchmarking and characterising fixed
pattern noise, has been changed to mimic the way the humaal\ggstem adapts to perceive non-
uniformity. In particular, the eye’s higher sensitivitytelative illumination changes rather than to abso-
lute ones, was central to the adoption of a more relevartivelarror measure. Using simulation data,
the absolute contrast was shown to have a uniformly low stahdieviation over the entire current range,
which implied that contrast error was systematic. Using tklative contrast error, simulation data eas-
ily achieved the contrast target for 7 decades and was anigelil by the modelling limitations of the
circuit simulator. It was also proved that relative contexsor could be easily determined from practical
electronic image correction techniques mentioned in @@@i5 making it a pertinent and viable error
measure.

Although FPN correction on simulation data resulted in eeing the contrast target over a wide
range, it still remained unproven with real pixel data. Hus treason, the practical image correction
techniques were tried on pixel responses from a:2Q00 array. Before this was performed, the array
was characterised by investigating the distribution aedtiurces of the various forms of non-uniformity.

With typical behaviour from the pixels, column to column FRIss realised to be greater than row to
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row FPN, due to the extra transistors in the column calibratircuitry. This was confirmed by maps of
extracted offset and gain parameters, which also higldtiie dominance of offset mismatch as well as
the significance of correcting for gain mismatch.

The actual correction of fixed pattern noise was shown udiegtwo methods; namely the mean
response method and the photocurrent ratios method. Avestaintrast error target of 1% was achieved
over 4 decades of illumination and an extra decade at 2%asintThis higher error was attributed to
higherc; andd; parameter variations in the pixel sensor and to temporalenaihich, despite being
reduced by averaging, was still considerable.

In this chapter, the effects of the analogue to digital caevevere also emulated by adding quanti-
sation error to the pixel responses and correcting for FRiis Was to make a more accurate assessment
of the image quality from a HDR imager. The choice of quatitiselevel was explained and applied to
the real pixel responses resulting in an increase in relantrast error and the consequential decrease
of dynamic range under 1% accuracy. The level of quantisatias also shown to affect the number of
bits with higher accuracy requiring a longer bit length. sSTiias found to suit the variety of applications
that have different accuracy and dynamic range needs.

Generally, it is possible to say that a high dynamic rangaritigmic sensor can be easily calibrated
using an electronic procedure. Wide dynamic range monochror gray scale images can then be
corrected for offset and gain variations in a fast and a¢eusay; this accuracy being about as good as

the human visual system can detect over 4 decades or at $éastet 5 decade images.
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Chapter 5

Colour

5.1 Introduction

The preceding chapters have been primarily concerned ftieaing high quality wide dynamic range
monochrome or gray scale images by correcting for fixed patteise in a simple and practical manner.
The residual fixed pattern noise after correction remaitesvatls nearly undetected by the human visual
system over approximately five decades of illumination.cDgsions in these chapters have also assumed
that logarithmic sensors capture only illumination inignkevels from an imaged scene, thereby devel-
oping an output voltage signal that has a proportionaligeiahip with these intensities. However, this
approach does not cater for the effect of the spectral ptiegethe incident illumination. As a result,
only intensity information is captured, without due regéwccolour information, which is wavelength
dependent.

Moreover, most natural and artificial scenes are not onlggieed as varying shades of a singular
colour or gray scales. With the exception of dark scenes eveeotopic visioh is pronounced, a very
large proportion of images that are captured by and for tmeamuvisual system are in photopic visfon
- thereby yielding colour images. This is similar to the nm&joof scenes that commercial, industrial
and scientific applications rely on for decision-making.atre sensors can no longer be viewed merely
as devices that relate the captured incident illuminatiterisity to the signal output, but also as colour

devices that gather the vast wavelength characteristitiseoincident illumination. Ultimately, colour

1This is when, in the presence of very low light radiation yottle rods in the human visual system are used for visual sensa-
tion [6, 9].
2|n photopic vision, the cones in the foveal region of thenatre active and excited by high illumination levels [6, 9].
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image sensors must be able to output images that are sensitivoth subtle and significant colour
shades such as those present in a bright red bus as compaied o6 a dark red phone booth. This is
especially true for some applications such as professiomding where colour rendition is of utmost
importance.

Despite the independence of the intensity and wavelengttepties of visible radiation, colour image
sensors still face the same problems as those from a monoehsensor. In addition to difficulties
experienced in capturing and reproducing colour, the e#effered from the imperfections of fixed
pattern noise remain significant. As before, uncorrected BRd quantisation effects are expected to
distort the image both from a contrast and colour perspedtiading to misrepresented images. When
considering monochrome images, the significant fact thstiesyatic absolute errors did not affect the
users’ perception of uniformity was employed to reduce ffexeof fixed pattern noise further. Although
this was successfully illustrated when the illuminatioteirsity and not the wavelength characteristics
of the scene were considered, the same cannot be said fardolages without further investigation.
Therefore, the importance of the observed levels of resiEBAl need to be determined by calculating
their effect on the colour of an object in a scene. This wikp&nd assessment of the effectiveness of the
proposed fixed pattern noise correction for high dynamigeasolour images; the investigation requiring
a quantitative measure for colour accuracy as well as daitaibour data over a wide range of intensities.

This chapter provides the necessary background for thig wmarticularly exploring the Munsell
colour set and some common colour error measures. To conentieisénvestigation and fully appreciate
fixed pattern noise correction in colour images, some utaeding of basic colour theory is required. In
section 5.2, the different means of colour capture and sgmtation are explored after a typical colour
image capture and processing chain is illustrated. Varomlsur models used to represent colour, are
introduced in (section 5.2.2) before the MacAdam’s ellgpseveal the non-linearity of human colour
vision. The CIELAB colour space is then introduced in sethd3 as a more intuitive and perceptually
uniform space. It is this space that will be used to selectregptible colour error metric for the quality
of FPN correction since colour error is visually quantifail CIELAB, unlike in several other colour
spaces. In particular thsE7;s andAEgg measures are chosen for simplicity and slightly better sy
respectively.

For the purposes of analysis the proposed colour error cregrivell as the properties of colour and
its interaction with light, a set of spectral reflective anle called the Munsell colours are presented in
section 5.4. The Munsell set is studied for coverage of aoamut in a chromaticity diagram making

the set representative of both natural and displayableucsldt is observed, in subsection 5.4.1 that the
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sensation of colour we perceive, is independent of dynaarige and that the contrast in these scenes
is largely due to variations in the external incident visibght radiation. This is followed by a visual
test of theAE;g CIELAB perceptual colour error metric on each on the threémary colours, randomly

chosen from the Munsell colour set.

5.2 Colour Theory

The human eye, and particularly the foveal region, contspesialised receptor cells capable of obtaining
information about the wavelength properties of incideghtiradiation at various intensities. The rods
are one type of cell that specialise in acquiring informatidbout incident intensity particularly in low
illumination - scotopic vision - and are incapable of resudwwavelength dependent light properties.

Colour, as a perceptual sensation, results from visibliatiad within the 350nm - 750nm wavelength
range of the electromagnetic spectrum striking the re8nd7], where three types of specialised receptor
cells called cones exist. Psycho-physicists have diseoMéiat these cells are active in high illumination
- photopic vision - and are generally grouped according &rtlesponse to long, medium and short
wavelengths of the visible range [6, 67]. These wavelengémerally correspond to the red, green and
blue colour bands. Because a multitude of colours are peatoiei with only three types of receptors,
and with results from a variety of psycho-visual experinsesitowing that most colours can be obtained
by a combination of these three colours, they are formalfgrred to as primary colours [84]. The
phenomenon of matching a single colour using three prirmadalled the trichromacy of colour, can
be illustrated with results from a colour matching experiighat was adopted by thead™miISSION
INTERNATIONALE DE L'E CLAIRAGE(CIE).

Figure 5.1 shows the (A), g(A), b(A) colour matching functions (CMF's) obtained when a number
of standard observetsnatched different colour samples using different weiglitthe three primary
colours. However, not all colours could be matched usingdure of the three primaries. Some samples
required the addition of the red band to the sample to acldewatch - implied by the negative lobe of
ther(A) curve in the graph. Consequently, an abstract set of colaiching functions were devised
by CIE, in which all the components subtended the same argéer tihe curves, were positive and any
colour could be realised by a careful summation of the prisarThex(A), y(A), Z(A) colour matching
functions, shown in 54 and derived as a linear transformationrdhj, g(A), 6()\), were therefore

devised and are currently used to replicate any displayabbelr. Using these colour matching functions,

3standard observers are individuals whose eyesight is derel average in terms of visual acuity, colour discrimimatiad
eyesight at a particular viewing distance and angle out dgfréficant population.
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any colour under radiation a spectrid), can be ideally specified using three tristimulus valde¥

andZ, obtained by

X = /wm)s(x)d)\ (5.1)
0

Y = /Om)s(A)dA (5.2)

z = /mz_(A)s()\)d)\ (5.3)
0

where theY co-ordinate was designated to carry the intrinsic lumieainéormation contained in the
colour. Ideally, the goal of all systems that need to captum@ manipulate colour should therefore be
to replicate the functions in figure 5H)(if an accurate rendition of all colours is to be achievechait
any colour correction. This is assuming the entire lensrfiind other system variables are constant
with respect to wavelength. However, the reason why this shae occur is because of the difficulty in
accurately producing the double peaks in the red band ddiiteg manufacture. Nevertheless, colour
capture is performed using functions similarr{@), g(A), l:_)()\) but without the negative portion or by

functions that resemble linear transformations of thedseaX(A), y(A), z(A). As aresult, not all visible

colours can be additively reproduced.

5.2.1 Colour Capture

It has been revealed from the previous section, that to oapiiour information one need not collect

illumination data at each wavelength but only over threeatirprimary colour spectra. The process
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of the collection of this wavelength dependent illuminatmver the three bands then becomes vital to
accurate colour representation and reproduction. In goaldilm, three photosensitive layers or dyes
enable the separate collection of the red, green and blupa@oents of the illuminated scene. This has
been replicated by theoveoN X3 [85-87] sensors which employ different absorption dejpththe
red, green and blue energy photons to penetrate the phd®gim junctions at various depths. This
allows the appropriate signals associated with a partiadiur to be collected separately depending on
absorption depths.

Likewise, in early digital still cameras, colour wheels wemployed with a monochrome sensor,
taking the red, green and blue images sequentially befonbitong them to produce a colour image [33].
Understandably, this was a slow process only viable witlicstary objects and any minute motion caused
significant colour fringing and aliasing. Colour splittipggsms were also employed in some cameras that
had three separate sensors, one for each primary coloundyuatso suffered aliasing, prism effects and
could not scale well with technology. Nevertheless, theanmitgj of imagers in the market currently

employ colour filters as the preferred colour capturing naegm.
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I |
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|
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Figure 5.2: A high-level schematic of the typical colour senprocessing chain.

In figure 5.2, a schematic showing the means by which mostsem®sllect and process colour,
highlights their position in the colour handling chain. Eemicro-lenses, placed on top of each of the
filters, are used to increase colour signal strength fronfiltiees that are positioned over the sensor. This
is achieved by their convex optical design intended to aligit falling on the photo insensitive areas of
the pixel by focussing most of the incident light onto thed#igunction. Although filters are meant to

capture colour information most optimally with minimalextuation of the signal, micro lenses are seen
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Figure 5.3: Different types of colour filters arrays usedcimos image sensors.A() shows the Bayer
pattern [5] while 8) and () represent the column and diagonal patterns respectively.

as complimentary to the overall design.

Generally, colour filter arrays contain different coloutelik placed in a particular arrangement, on
top of each pixel in the sensor, with each filter correspogdiina particular colour band. These filters,
usually RGB filters - since they try to replicate th@ ), g(A), 5()\) matching functions - are common
in digital still and video applications because they reguiinimal colour processing before displaying
and therefore enable low data transfer rates. They are alsow band filters that provide good detail
in the subsequent images. On the other hand, CMY filters velgfirom the secondary colours - are
becoming more popular due to ground-breaking advancesisoséesign plus improved manufacturing
and understanding of different sources of noise. In additibey enable higher SNR and better colour
signal since they have broader wavelength coverage antegieght transmission. Nevertheless, their
downside becomes apparent when correcting for colour £i\d¥ filters add more noise to the process
than RGB filters when applying the colour correction mattip@st processing. Nonetheless, because of
the widespread use of RGB filter patterns in diverse appdinat they have been the filter of choice in
this work.

A variety of colour filter patterns exist, with the most conmmiype being the BYER pattern [5],
figure 5.3@), which consists of a checkerboard mosaic structure whéoe the number of green pixels
as blue or red ones are arranged in every square grid. Ahestsal. [88] proved using a mathematical
model that the Bayer pattern was the most optimal way of aliggthree colours in a square structure.
However, he showed that because spatial acuity is lessatriti colour than luminance acuity, other
colour processing like colour conversion and quantisaire a stronger effect on image quality than the
mosaic [89]. Despite the widespread use of the Bayer filtdepg other filter mosaics like the column

filter pattern used by theuGA15rRGB [53] (figure 5.38)) and a diagonal stripe pattern (figure TJ(
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have also been successfully implemented. The choice aof fiteeern usually depends on the magnitude
of aliasing effects and the ease with which the magnitudethefother two primaries can be easily
and accurately estimated from the single value at a paati@ikel duringdemosaicing Generally, still
applications tend to prefer different patterns from videation applications because in the latter, certain
types of artefacts can be tolerated unlike in still photpgs

Since sensor manufacturing processes produce variatiotieispectral sensitivity of the system
elements, colour filters included, equations (5.1), (5:&) é.3) are usually modified to include the
effects of wavelength dependent attenuation by the fiitéx), photodiode quantum efficienty)x(A)
and lendg(A) on the captured colour whekec (R,G,B). Thus, when a pixel array is illuminated by a

spectral irradiancs()), each pixel any RGB pattern will measure a red, green or biagggurrent given

by

= /Owcbk@)s@)u(mdx (5.4)
where ©W(A) = f(A)A)nk(A) (5.5)

¢« represents the(A), g(A), b(A) colour matching functions anlg is the corresponding single colour

pixel response.

5.2.2 Colour Spaces

The complicated nature of capturing and manipulating aotoaans that the ability to reproduce and
measure colour and any variations depends on how well it earfresented or quantified in a standard,
device-independent way. Colour spaces offer the means hwiny colour can be described in a multi
dimensional space. Most colour spaces have three degrée®dbm corresponding to either the three
primary colours or an abstract but mathematically meaningiad, leading to a gamut of colours for
each colour space.

Specifying a sample colour using its RGB values - equatiod)(5is the most common way by
which colours can be standardised for use across a breadftpti€ations and devices. In this space, a
framework based on the nature of the colour filters used aticajs defined by the amounts of red, green
and blue colours that are required to reproduce any coloene teach saturated primary colour is chosen

to be at the ends of a three dimensional unit cube. All colthasare obtained by adding any linear com-

4The quantum efficiency is a measure which defines how effettiveensor is at converting the incident photon energy into a
voltage.
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bination of these colours is contained in this cube with klaeing designated as the origin of the unit
cube. With absolute white at the opposite end of the origlmeadrawn from black to white represents
several shades of gray. This additive colour space is végyast to display technologies where colours
are projected as a sum of three primaries and as result theraantomputer and commercial displays
find it pertinent. On the contrary, printers, scanners atmddjraphy rely on dyes, pigments and paints
which have subtractive properties hence the CMY colourspafound to be more favourable [3, 90].
Theoretically, the CMY colour space is the complement ofR&B space, hence subtracting the RGB
values from unity is sufficient. However, because of the layebetween the colour bands, accurate
colour reproduction is better achieved using CMY filters vehthe non-linearities of dyes and paints are
accounted for. Generally, the RGB or its complementary CMYhdt have an intuitive perceptual rep-
resentation of the amounts of the primary or secondary eslioua sample. This makes colour matching
and reproduction difficult and non-intuitive for users.

Alternatively, a colour can be represented using its CIE Xtvigimulus values (equations (5.1) -
(5.3)) which is an industrially and mathematically abstedacolour standard. As mentioned previously,
they originate from the(A), y(A), z(A) colour matching functions described in section 5.2, derivg
setting the areas under these functions to unity and letiimgy of the tristimulus values proportional
to the luminosity function. From this representation, it is therefore pdssib tell the luminance and
lightnes$ of a particular colour from the Y coefficient, while the X and@nstituents contain estimates
of the red and blue colours respectively. Colours in thicepman also be transformed to the RGB space
using a 3x 3 matrix at a specified illumination. However, in the XYZ spathe corresponding amount
of constituent primary colours cannot be easily discerriadesthey are transforms from the primary
colours, which are also not inherently visually quantitatiand hence are quantitatively and perceptually
non-linear. Consequently, it is also a space that does moeptally relate with real colours but is an
agreed reference of all colours as being composed of noatimegonstituents.

Often, colour is also described as a combination of two sgpdout closely interacting components.
Chromd, which contains all the hue or spectral properties andrigss that is dependent on luminosity
of the incident light. This has been the basis for the foramatif another set of colour spaces that despite
being represented by a triad of parameters is primarilydditibetween a chroma and lightness portion.

The xyY colour space, which is a derivative of the XYZ spaeea iprime example. xy is the chroma

5The ratio of luminous flux at a specific wavelength to the raifiam at the same wavelength.

6The difference between luminance and lightness, is thatdhadr is the radiant power falling on a surface from a source
weighted by a spectral sensitivity function that is chaggstic of vision while lightness is the human vision’s namelr perceptual
response to luminance.

“Chroma is a collective term that refers to the component of @aratithout any luminance information.
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obtained from the chromaticity equations (5.6) below antimonly represented on a chromaticity dia-
gram while Y still contains the luminance of the sample caldiot only does this space offer a means
of comparing and profiling colour gamuts of different degiseich as CRTSs, other displays and printers,
it also provides a more intuitive and easy way of differeimiz colours that have similar chroma with
different brightness’s or vice versa.

X Y 4

X = Y1z (5.6)

Figure 5.4: 3rd Step MacAdam'’s ellipses on a 1931 chromgititagram showing how different colours
have varying perceptual tolerances to chroma shifts [6].

Nevertheless, fully characterising colours in a percdmnd intuitive manner remains a challenge.
In an experiment to determine the HVS tolerance to chromiisslai sample colour was viewed while
keeping the brightness constant over°aagle. This colour sample was then progressively changed,
triggering a stimulus when the just noticeable threshold passed. Figure 5.4, shows ellipses of varying
sizes at different regions of the chromaticity diagram tiearesent the colour difference threshold from
the original colour (at the center of the ellipse), as seetheptandard observer. Itis clear that perception
is non-linear in the xyY and its parent XYZ spaces since diif¢ tolerances are seen in the greener

regions than for example the redder and even the more blaes.afEhis is because the human visual

93



CHAPTER 5. COLOUR

system responds to stimuli differently in different partséhe spectrum thus accommodating more shades
in the green portion of the visible spectrum than in the redltsine parts respectively.

Analogous to the non-uniform xyY colour space, th&v (hue, saturation and value) aagL (hue,
saturation and lightness) colour models also separatetbarcchroma and lightness into its three dimen-
sional components. In these models, hue represents th@adotwiavelength present in the colour while
saturation is the purity or amount of white light added to tive, both collectively known as chroma
and usually shown as a planar colour disc. Along the circuemige of this disc, are the pure, saturated
colours varying along a 36@ngular locus while the radius represents the range ofatadnr Perpendic-
ular to this colour plane, is the lightness L or value V comgrarwhich is void of any colour and varies
from O (denoting black) to 1 (representing white) througifedént normalised shades of gray. However,
just like in the xyY model, the colour gamut created by thig#iaear representation is still perceptually
non-uniform, shows the difficulty in quantifying coloursdais non-intuitive since one cannot tell how

different any two samples are.

5.3 CIELAB

The perceptual non-linearities or inadequacies of thewratwodels described in section 5.2.2, leaves no
clear standard colour space that bears a perceptual redhijoto the way the human visual system views
and interacts with colour. Therefore, when comparing cottifferences in the most commonly used
colour models (the RGB and CMY colour spaces) a non-lineecgptual relationship exists, mainly
attributed to the fact that human perception of luminanckighly adaptive and approximately loga-
rithmic [3, 6,9]. The advantage of having a colour space witiform perceptibility is that distances
of a sample colour from a desired colour in that model can leaved as proportional to how much
visual difference is associated with the colours. The ClBLéniform colour space was therefore de-
veloped in response to this need. In CIELAB, the lightnesspanent., is separated from the circular
chroma plane that contains two coefficieatandb which represent the degree of redness-greenness and
blueness-yellowness respectively - a clear similarithwiite human visual system’s opponent colour
mechanism [3]. By approximating human vision, a perceptuisear space becomes a device indepen-
dent model where better colour balance corrections arelpedsy modifying individual components in
the respective colours.

Just as in theisv andHsL, theL component represents greyscale luminance that variesthtack

to white usually denoted by a-0100 range and dictating the inherent contrast in a particalour only
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this time it is characterised according to human vision. &tedb components form the chroma on
a perpendicular circular plane where the greater theireglthe more red and blue there is in a colour
sample while the less the values, the more green and yellevprassent respectively. All colours are
therefore in this circular plane unlike in the linear modelfere the colours were embodied in a unit
cube. The significant difference between CIELAB and #is& andHSL models is that in defining the
components, human methods of perception are employedeuthiék latter. This representation makes
understanding the colour concept more intuitive, sincewotlifferences or similarities are viewed as
easily changing variables in a three dimensional colouesph

In this conceptual colour model, the way our eyes respondffereint spectral stimuli presents the
main challenge to the definition and evaluation of coloufedénces between two samples. Because of
the varying levels of human visual system’s sensitivity, tesed to perceive errors in some hue samples
better than changes at other wavelengths as shown in figir& Be differently sized ellipses show the
lack of perceptual uniformity among the colours which th&CAB space seeks to standardize.

Developed in 1976, the CIELAB space model is the most comynoséd perceptual metric and,
since RGB and CMY are modelled on the output physical deyittaasformations from these colour
spaces were first defined under a specified illuminant orifighrdondition. After linearly transforming a
colour from RGB (since most filters produce colours in thiaeg) to its corresponding XY Z values, the

same colour can then be defined in CIELAB space as;

- 116:f (\\((vkvﬂ_16 (5.7)

a = 500:f (;kw)kavﬂ .

" 200:f (;t)_f(itﬂ (5.9)
where f(t) = i if t > 0.8856%

7.78% +16/116 ift <0.8856%

with X YxZk representing the XY Z components of the colour wbdlgY,,Z,, are those of the correspond-

ing reference white illuminant under which it was imaged.

5.3.1 AE Error Measures

Colour error formulae have been developed based on humexpesimental data, yielding error metrics

known asAE error that remove subjectivity during comparison of colsamples. These error metrics
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are based on the differences betweenlth@andb components of CIELAB and have huge importance
in determining how far off both imaging and print devices &alifted from intended colour rendition
profiles. However, due to the varying quality of the diffarexperimental data sets and the subjective
focus of varying applications, several colour-differeficanulae have come to existence and there has
not been one standard for CIELAB colour error measurement.

TheAEy;g error was developed together with CIELAB space model andbhasme the most widely
used colour error metric. For any two cololisa; b, andLyazb, under a single illumination, the percep-
tual difference between them, defined by the Euclideanmtistén the colour sphere, is call&;s and

can be easily quantified using;
AE;s = /AL2+4Aa2+Ab? (5.10)

whereAL, Aa andAb represent the difference between the lightness, rednessigess and blueness-
yellowness components of the two colours. In the definitib€ELAB, an error of 2AE7g units is
expected to be twice as pronounced visually, as that fronmglesunit error for the average observer.
Alternatively, only the change in chroma between two sampiay be evaluated in special scenarios or
applications where brightness is not as important, or legsaling of image features, as a measure of
colour difference. In these cases)By; is obtained using the equation (5.11) below, thereby redyci

the variables from the colour sphere to a two dimensionaipenceptually uniform colour plane.
AE;s = AaZ+Ab? (5.11)

Nevertheless, the fact that the experimental data usedl6t B was gathered under a set of viewing
conditions which were low dynamic range over large uniformiches of material samples [28,91] and
limited to the data acquisition capabilities a few decadgs [@2], several improvements have been
sought.

The CMC (Colour Measurement Committee of the Society of Dyre Colourists of Great Britain)
designed and employedZ&E.mc error equation constituting hue, saturation and lightreesaponents
based orl, a andb. Intended for the textiles industry, it allowed for the usetting ofl andc factors

to voluntarily indicate the eye’s varying sensitivity tghitness and chroma respectively. The resulting
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equation is defined by

, 2 A\ 2 .2

AEcmczd (@t) + (CA;) + @j) (5.12)
where(l : ¢) is defaulted to2 : 1), AL, AC, AH, §, & andS are weighting functions for the differ-
ences in the lightness, chroma and hue components of thediwors to be compared. Specifically, the
chroma determined the Euclidean distance betweea #relb components while the hue was denoted
by the angle subtended between them. Later, an equatiolastmiCMC but based on a different set of
data, incorporated viewing condition parametric factdrsKc andKy to specify theAEg, error equa-
tion (5.13), withg , S andS4 as additional (but differently defined frofkEcno weighting functions.
However, because validity of this error measure was undgrperticular conditions for exampl265/2
lighting, the need for colour samples to have direct edgeamprwhile subtending a°4o the assessor
and even only wheE7g was already under 5 units, it is less commonly used but resvaireference

metric for some studies.

, 2 s 2 ’ 2
AL AC AH
= .1
AEgq \J (KL ) +<|: S > +<KHS ) (5.13)

In 2000, assumptions made in earlier colour error metriceeweerrected; for example instead of as-

sumingL accurately represented perceived differences in liglstoesr the entire rang@Eqg varied
this component with a dependency on where, within the calange the sample fits. This resulted in a
slightly more accurate error measure which was also claspetceptual uniformity for samples com-
pared under the same illuminant [92]. Equation (5.14) balbawsAEq whereSy, § and<; are still the
weighting functions for the differences in the lightneds,oena and hue components of the two colours
to be compared whil&y, K., K¢ are parametric factors set to unity. This time,Rynterm is added to

compensate for the interactions between the chroma andifieredces.

ALNE [ aC ) /a0 AC AH
st (s) +<Kcsc> (osr) 7 (x&) () o

Overall, because th&E.,c andAEg, error measures are particularly suited to the textile aaglgc

arts industries respectively, tiid=;¢ and AEqg are still the most widely accepted units of colour error.
Although variations of the CIELAB colour space, suchsa€lELAB [91], have been developed to

improve uniform perceptibility ofAE7g, it has remained the dominant colour space for comparing uni
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formity of colours across most industries and applicatio@®nsequently, it has been adopted in this
work as the unit of preference for quantifying colour ernodagarithmic image sensors although in a
few cases, the most receliEqg is quoted for comparison; hence showing that the conclgsioa largely
independent of the error measure.

Just as no clear standard exists as a colour error formwdeg th no indication of what amount of
colour error is acceptable for excellent or even good imagsity across the different applications. At
this point, the relationship between just noticeable défee (JND) and\Ez¢ error comes to mind as a
fair visual reference. Although researchers such as Kasidh@ve concluded that the JND is a single unit
of AEze, Mahy et al. [94] suggested that IND was equivalent t8 @nits of error, whereas others have
proposed ranges of acceptable quality as more representitr example, Abrardet al.[95] proposed
explicit values in their work on theasari (Visual Arts System for Archiving and Retrieval of Images)
scanner that imaged artwork for archival purposes. Hargedteal. [96], on the other hand, suggested
broader less subjective ranges while performing coloniimeharacterisation of printers and scanners.
Table 5.1, shows these authors’ views, resulting from eéwpantal findings. While it is important to
note that any error target is subjective and should takedatwsideration the intended application, it is

reasonable to say that¥ess of less than 3, will sufficiently retain colour quality for sicapplications.

Authors \ CIELAB AEzg units and measure of quality
Abrardoet 0-1 1-3 3-6 6—10 > 10
Limit of Very Acceptable | Sufficient| Insufficient
al. [95] . . . X
perception| Good quality quality quality

<3 3-6 >6

:Ia[gg]b ereet Hardly Perceptible Not

' Perceptible But acceptable Acceptable

Table 5.1: A table showing some image quality interpretegibased on th&Eg error measure.

54 Munsell Colours

In response to the need for coherent nomenclature for eeoeptible and distinguishable colour, a set
of colours known as the Munsell colours were introduced éfitst decade of the #bcentury. The stan-
dardisation of the Munsell colour notation for colour cormimation followed the adoption of a colour
system that created a relationship between perceptibdeimlising the three attributes - the hue, chroma
and value. With the notation similar to that used in the HS6gospace, Munsell colours first specify
the hue defined as angular variables around & 3&€us, then a value attribute for lightness varying

from 0— 10 and lastly, a chroma component represented by the raflihe bue circle - Appendix A is
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Figure 5.5: The distribution of the Munsell colours on a 138Ichromaticity chart, with a corresponding
D65/2 white illuminant.

a detailed listing of the 269 Munsell colours illustrating their notation and theat&nships between
the colours. Palettes (chips) painted in colours corredipgrto the Munsell notation were illuminated
with D65/2 lighting before spectral readings reflected from them onto a UV/VIB/8pectrophotome-
ter [97] were measured. The XY Z values of the Munsell colauege then evaluated for each chip using
equations (5.1), (5.2) and (5.3).

If any investigation using the Munsell colours is to yieldanengful results, it is vital to establish the
range of hues spanned by these colours as well as the gamguidbiepy. The calculated XYZ values
of the Munsell colours can be used to determine this gamuthbgiing chromaticity co-ordinates -
equations (5.6) - and plotting a chromaticity diagram [3jgufe 5.5, shows a chromaticity diagram
with all the Munsell colours relative to thB65/2 white reference and the location of pure spectral
colour$. Note that these colours are derived from monochromattat highile the purple line is an
abstract combination of reds and blues for completenesg. figlare also shows the standard display
gamut [98] represented by the dashed triaHylét is clear that although the colour gamut occupied by

the Munsell colours does not completely cover the typicapldly gamut, it envelopes approximately

8D65/2 is a term used to refer to lighting conditions that simulaaglight when viewed at a°2foveal angle by a standard
observer.

9All colours in the chromaticity diagram are a result of mixingather colours unlike the pure spectral or monochromatic
colours from the electromagnetic spectrum that appear dlangdges of the diagram.

19The edges of the triangle are the (@®4,0.33), greerf0.30,0.60) and blug0.15,0.06) co-ordinate points for a CRT/HDTV
display atD65/2 illumination.
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80% of the gamut with colours fairly evenly distributed argdhe several hues. Hence using this colour
set, credible conclusions can be drawn from ensuing asalysi

Overall, the Munsell data colour set has been successfséig in wider research even further vali-
dating their use as an authentic tool for analysis with neseais such as Romney who mathematically
justified the entire Munsell colour set as adequate for peecharacterisation in three dimensional colour
space [99]. Similarly Kimball and Roy [100] showed a verysdaorrelation of the Munsell colour coor-
dinates with results from physical reflectance data, medeflith opponent colour theory. These works,

among others [101], make the Munsell colours a satisfadtmi/for the analytical work in this thesis.

54.1 Colour & Dynamic Range

The first investigation with the Munsell colour set is theklimetween colour and dynamic range. It is
interesting to note that as the luminance intensity (andwentelength), that is reflected off a colour
patch varies, it is perceived as the same hue by the viewerexammple, the colour of an object stays
the same when viewed in a well-lit room as when the light lésedimmed. The dynamic range of
the surrounding light changes but the proportion in eachwrchppears constant. This seems to imply
that the dynamic range and colour properties are indepémdexach other and that dynamic range is
dominated by illumination variations.

The theoretical explanation of the independence of the mjma@ange and colour perception can
be sought from the incidence-reflectance model of image ositipn [3] - equation (5.15). Since the
images we perceive are dependent on both the intenyian€ wavelengthX) properties of the incident
light on the subject as well as the subjects’ spectral réfleeind absorbent properties, it is possible to
say that the latter component(i,A) is mostly constant and largely defines the ratios of refleated
absorbed light and hence colour. This is because the lifflectizity or absorption of an object largely
doesn’t change over time. On the other hand, the incidén®) light varies widely both spectrally and

in intensity hence dictating the perception of dynamic efigm the viewed object.

WL A) = O(1,A) - 0(1,) (5.15)

Assuming a sample scene, the reflective compofagintA) of the imageW¥(1,A), will contain the
colour properties since objects are perceived the way treegepending on the wavelengths they reflect

and absorb. Similarly, the incidence compon@fit A), is associated with the light falling on the patch
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Figure 5.6: Figure showing the XYZ values of some Munsellisged colours - Red, Yellow, Green,
Blue and Purple with white for comparison. It illustrateg fow dynamic range exhibited by typical
colours.

before it is reflected. Whether more/less light falls on thitch is irrelevant to the ratios of light that are
reflected hence the same colour sensation is maintainecouse, the human visual system performs a
host of other functions such as colour constancy to balamceafrying luminance wavelengths, making
the overall changes appear minimal.

This can be investigated by studying the separate comp®oéMunsell colour samples. Figure 5.6
shows the XYZ coordinates of five Munsell colours includimgealded white colour und@&65/2 light-
ing for comparison. The colours, named and identified by thieinsell colour notation and index (out
of the 1269 colours) in table 5.2, represent some of the matxgated hues of the red, yellow, green,
blue and purple Munsell colours. The figure reveals thataties between the XYZ components of the
colours are no more than a factor of five. In addition, the hantce (represented by tiflecomponent) in
the white colours is at most 2 decades from the luminanceybathe other sample Munsell colours.

The two decade range is far from the immense dynamic randelsited by natural and commercial
scenes (sometimes over 5 decades) some colour images @weld Buggesting that colour is probably
an inherently low dynamic range concept. In fact, the definiifference between the colours is the ratio

between the components themselves that sets them from gresh Bor example the ratios of the yellow
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Colour Name| Munsell Notation| Munsell Index

Red 5R5/14 70
Yellow 5Y5/6 321
Green 5G5/8 587

Blue 5B5/8 804
Purple 5P5/10 1064

Table 5.2: CIE colour samples and their respective Munsdites.

sample have th¥ andY nearly the same, while the blue sample has highmatios with respect to the
other blue components than the purple. Nevertheless, @ssiple to conclude that the dynamic range in
the colours of the scenes we perceive, can generally be gieweatios in reference to a widely varying

luminance.

5.4.2 Colour Chips

It has been noted that if the image quality along the imagegasing chain of a typical sensor shown in
figure 5.2 has a tolerance of least\B7¢ units by the end of that chain, then it is generally acceptabl
for average applications - see table 5.1. Although a pdaticalerated error value depends on the sensor
application and design, it is not possible to say how petadjytacceptable one level of colour accuracy
is from another, without a visual comparison. In other woe AE7¢ error is twice as perceptually
erroneous as &g units, but whether this is noticeable is unknown. Using sofriee Munsell colours,
acceptable levels of colour quality can be both quantiéhtiand perceptually set for an image sensor.

By simulating the changes that cause this colour differdrm@ an original colour and making a

perceptual comparison, we can relate a particular erraiicrieta visual result. In figure 5.4, arandom
red Munsell colour chip has only its CIELAB component changed to create a colour error equivalent
to 1, 2, 3, 4 and B\Ezs units while thea andb components are changed iB)(and () respectively.
All the CIELAB components are then collectively changedi) (o simulate the same levels of colour
error. In all these cases, the original colour is shown atdpdeft, with the error increasing row wise.
The same simulation is also performed on randomly chosesngred blue colours from the Munsell set
to test for any visual variations within the separatelyraitieprimary colours.

It is apparent that at levels of less than thide,s, perceptible colour differences are very hard to
conclusively distinguish. This is true for all colours dispvhichever component of CIELAB the colour
error originates. However, as this error begins to incréasa 3 units, visible but still minimal colour
differences begin to show in all the different scenariosfandll the colours. This is still consistent with

the colour quality ratings in table 5.1. In addition, somergrios show less visible changes for the same
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(A) (B) (© (D)

Figure 5.7: Effects of added errors on the perception of daanty chosen red colour of Munsell notation
2.5R 6/12. The original colour is shown as the top left of eafdihe four images and errors that amount
to 1,2,3,4 and 5 CIELAR\Eg respectively shown row-wise. Iij, only the lightness component has
error, while in 8) and () thea andb components are affected. Finally, all the component®jrhave
error incorporated.

colour and level ofAE7¢ error value - evidenced by greater visibility in changesatesl to lightness and
less to do with the hues themselves. This is because, althtied\E7¢ is an independent unit of error
that represents visual changes irrespective of the cautse @olour change, some slight imperfections
still exist in creating full uniformity [92]. Nonethelessxperience has shown that the difference between
the AE7g and other CIELAB error measures is small compared to thertaingy in interpretation of
the results in terms of subjective assessments of acchfytalidverall, the subjective quality is still
considerably high such that if a logarithmic sensor can peedolour images with less tham\&7¢ units

of colour distortion at each pixel location, these error @ mostly indistinguishable.

(A) (B) (©) (D)

Figure 5.8: Effects of added errors on the perception of daay chosen green colour of Munsell
notation 7.5GY 8/8 . The original colour is shown as the tdpdéeach of the four images and errors
that amount to 1,2,3,4 and 5 CIELABE respectively shown row-wise. Im§, only the lightness.
component has error, while i) and ) theaandb components are affected. Lastly, all the components
in (D) are error incorporated.

5.5 Summary

This chapter has laid the foundations for the assessmengbfduality fixed pattern noise corrected
colour images from a logarithmic sensor. Beginning withibaslour theory, the means of capturing or
sensing colour information using colour filter arrays westatled as part of the sensor colour processing

chain. Along with the numerous ways in which standard caaane represented, the equations that
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(A) (B) (©) (D)

Figure 5.9: Effects of added errors on the perception of a@oary chosen blue colour of Munsell
notation 10B 8/4. The original colour is shown as the top ¢défeach of the four images and errors
that amount to 1,2,3,4 and 5 CIELABE respectively shown row-wise. Imj, only the lightness.
component has error, while i) and () theaandb components are affected. In); all the components
have error incorporated.

defined the most commonly used RGB & XYZ colour models were highlighted. The merits and
drawbacks of these colour spaces were then discussedyentiictheir perceptual non-linearity and lack
of intuitiveness in colour representation using Macadagtiipses on the chromaticity diagram.

The CIELAB colour space was discussed as a perceptuallpumjfdevice independent space from
which many colour difference formulae are based and on wiigst of the colour work in this thesis was
focused. Despite the suggested alternatives td\tfg error metric for various industries and applica-
tions, it has remained the most widely used and quoted miettfie colour imaging field. Consequently,
a measure of subjective visual quality was deduced, nomimégss than DEzg units as acceptable for
logarithmic sensors.

The Munsell colours were then introduced as a valid and atithiol set, from which logical deduc-
tions could be drawn after analytical simulations had besfopmed. This is because they sufficiently
covered the colour gamuts of typical displays and had beed imsvarious research studies. The set was
also used to infer insights about dynamic range of coloarr#tios of the colour components and how
perceptually incorrect certain values of hE7g error were from others. Overall, this chapter has helped
define a pertinent colour error metric and a data set, fit faly@mg the quality of FPN correction in high

dynamic range colour images.
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