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Abstract

The display of high dynamic range images and video requiteseamapping algorithm
to depict their original appearance on existing displayicks/whose capabilities in
terms of dynamic range are insuf cient. The insightful apation of knowledge about
human visual system can assure high delity of depictionuolsan algorithm.

In this thesis, we design new tone mapping models and imperigting algorithms
by an informed use of human perception to provide a high tgtediepiction of high
dynamic range. We develop a real-time tone mapping solwtioich reproduces the
subjective appearance of dynamic HDR contents by accayfainperceptual effects
that signi cantly contribute to the appearance of natucares. We design a computa-
tional model of lightness perception that can be applieddb Quality tone mapping
for static images to reproduce their original HDR appeagaincterms of lightness.
We identify common distortions typical to tone mapping whioay hinder the com-
prehension of image contents, we design appropriate reétrimeasure the perceived
magnitude of these distortions and evaluate existing tomgping algorithms accord-
ingly. To compensate for observed distortions, we intredaienethod which improves
the tone mapping results beyond numerically optimizedtgwilby using techniques
strongly based on perception of contrasts. Presented@mutan be ef ciently in-
tegrated in varied HDR applications including photograpsigtyback of HDR video,
image synthesis, light simulations, predictive renderargd computer games.

Kurzfassung

Die Anzeige von Bildern und Videos mit hohem KontrastumfghtiDR) erfordert
einen Algorithmusiir die Tonabbildung, um ihr urspngliches Aussehen auf vorhan-
denen Bildschirmen, dererakigkeiten in Kontrastumfang unzureichend sind, darzu-
stellen. Die aufschlussreiche Anwendung des Wisskies das menschliche visuelle
System kann die Wiedergabetreue eines solchen Algoritlyenghrieisten.

In dieser Doktorarbeit entwerfen wir neue Modelig Hlie Tonabbildung und verbes-
sern vorhandene Algorithmen durch eine informative Anwergdvon menschlicher
Wahrnehmung um die Wiedergabetreue der HDR zu&ieleisten. Wir entwickeln
eine Echtzeit-Tonabbildungdsung, die das subjektive Aussehen von dynamischem
HDR Inhalt reproduziert dadurch dass die Wahrnehmungddeffelie erheblich zum
Aussehen der nétlichen Szenen beitragen, beksichtigt werden. Wir entwerfen ein
Computermodell der menschliches Helligkeitsvorstellurgdches wir in eine Tonab-
bildung anwenden, um damit das ungpgliche HDR Aussehen von statischen Bildern
in hoher Qualiat zu reproduzieren. Weiterhin identi zieren wir die Veraengen, die
bei Tonabbildungen typisch sind und das Vanstnis des Bildinhalts hinderrdoknten.
Wir entwerfen passende Metriken, um die wahrgenommenéfié&dieser Verzerrun-
gen zu messen und vorhandene Algorithmen dementsprechdraherten. Zur Kom-
pensierung der Verzerrungeahiren wir eine Methode vor, die das Tonabbildungser-
gebnis basierend auf eine Kontrastwahrnehniibyey die numerisch optimierteédsung
hinaus verbessert. Die vorgestelltedsiungen knnen in vielseitigen HDR Anwendun-
gen einschliel3lich Fotographie, Wiedergabe von HDR Vid&isgsynthese, Globale
Beleuchtung, und Computerspielen ef zient integriert chem.
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Summary

The high dynamic range (HDR) techniques overcome the legawagtraint of limited
contrast and tonal range in digital images and video whielmaw adequate to accom-
modate the complete information about light in nature. Tiseldy of HDR contents,
however, requires a tone mapping algorithm to depict thagiral appearance on ex-
isting display devices whose capabilities in terms of dyitarange are insuf cient.
Unfortunately, the tone mapping process inherently dee®she original quality of
HDR contents. By taking the interdisciplinary approach inieth we combine com-
puter graphics and image processing with the knowledge wfamuvisual perception,
we design new tone mapping models, evaluate existing #fmoesi and improve their
results to provide a high delity depiction of HDR appearanc

The subjective appearance of natural scenes is highly ircad by the perceptual ef-
fects caused in the early stages of human vision. Thesa®tiee stimulated by abso-
lute luminance levels and are not present when observingatd displays. To account
for this, we develop computational models that predict antukate these perceptual
effects and we embed their appearance in the tone mapped e@uents such that the
depicted scenes are perceived by the human vision in the sawyeas in the natural
conditions. We ef ciently combine these models with a highality tone mapping and
achieve real-time performance.

The key perceptual dimension of image appearance relatedabrange is lightness.
Therefore the high delity depiction of HDR contents reasrthat lightness is well re-
produced during the tone mapping. To address this, we desigmputational model
of the modern lightness perception theory and apply it taiolitigh quality tone map-
ping for static images. A comparison with the existing methdemonstrate that our
model leads to a more accurate reproduction of appearartidBRfscenes.

The reduction of tonal range during tone mapping inheratiljorts contrasts of orig-
inal HDR data and a too strong distortion impedes the congmgbn of image con-
tents. By simulating the human perception of contrasts wsgdeobjective metrics
that can measure the perceived magnitude of such disterind we evaluate existing
tone mapping operators accordingly. Our evaluation pewigerceptually meaningful
information and facilitates the choice of an appropriateetmapping algorithm.

Finally, to overcome the observed distortions we introdaiceethod which improves
the tone mapping results beyond numerically optimizedtswilby using techniques
inspired by contrast illusions. We automatically idenfifyage features which require
restoration and insertinto an image the so called courdadisg pro les which robustly
enhance the perceived magnitude of contrasts with a spase®f tonal range. We
further develop a visual detection model which assuresdhaenhancement are not
perceived as objectionable artifacts. Our new image psiogdool generalizes the
well-known unsharp masking.

Overall, the methods presented in this dissertation sstbsimprove and evaluate
the delity of tone mapping by an insightful use of knowledgieout human visual per-
ception. Presented solutions can be ef ciently integratedaried HDR applications
including photography, playback of HDR video, image sysibelighting simulation,

predictive rendering, and computer games.



Zusammenfassung

Methoden @ir hohen Kontrastumfang (HDRiperwinden die Abwrtsbesctankungen
fur Kontrast- und Tonumfang in Digitalbildern und Videosg ¢itzt ausreichend sind
um die kompletten Informationeitber Licht in der Natur aufzunehmen. Die Anzeige
des HDR Inhalts erfordert jedoch einen Algorithmiis Tonabbildung, um das ur-
spiingliche Aussehen auf vorhandenen Bildschirmen, deédigkeiten im Kontrast-
umfang unzureichend sind, darzustellen. Leider verrinder Tonabbildungsprozess
schon an sich die urs@ngliche Qualét des HDR Inhalts. Um eine hohe Quatiter
Wiedergabetreue der HDR zu géhrleisten, kombinieren wir Computergraphik und
Bildverarbeitung mit dem Wissen der menschlichen WahrnetgnDamit entwerfen
wir neue Tonabbildungsmodelle, bewerten vorhandene Algoen und verbessern
die Ergebnisse von existierenden Algorithmen.

Wir entwickeln eine Echtzeit-Tonabbildungsung, die das subjektive Aussehen des
dynamischen HDR Inhalts unter Beksichtigung der Wahrnehmungseffekte, die er-
heblich zum Aussehen der iaichen Szenen beitragen, reproduziert. Das subjekti-
ve Erscheinungsbild der riatichen Szenen wird stark durch die Effekte, die in den
frihen Stadien des menschlichen Sehens verursacht weragmuisst. Diese Wahr-
nehmungseffekte werden von absoluten Luminanzniveausreggund sind bei der
Beobachtung auf gevhnlichen Bildschirmen nicht vorhanden. Um dieses ziiltler
sichtigen, entwickeln wir Berechnungsmodelle die dieséniwahmungseffekte vor-
aussagen und simulieren. Wir lassen diese Effekte in diefifdungsergebnisse
ein ielen, so dass die auf dem Bildschirm dargestelltenn8aegenauso wie unter
natirlichen Bedingungen wahrgenommen werden. Wir kombinidiese Modelle mit
einer hoch-qualitativen Tonabbildung und erzielen Edti&stung.

Das wichtigste Wahrnehmungsmald des Bildaussehenglegz Tonumfang ist die
Helligkeit. Infolgedessen erfordert eine hohe Wiederg@he des HDR Inhalts eine
gute Reproduktion der Helligkeitsvorstellungalarend der Tonabbildung. Daf ent-
werfen wir ein Berechnungsmodell basierend auf der Thetaid-Helligkeitswahrneh-
mung und wenden efiff die Tonabbildung von statischen Bildern an. Ein Verdieiat
vorhandenen Methoden zeigt, dass unser Modell zu eingstisaheren Wiedergabe
des Aussehens der HDR Szenéhrt.

Die Tonumfangreduzierungatrend der Tonabbildung verzerrt Kontraste der unsg¥

lichen HDR Daten, und eine zu starke Verzerrung behindexrMdastindnis des Bild-

inhalts. Daher entwerfen wir Metriken, die die wahrgenomen&b3e dieser Verzer-
rungen messen indem sie die menschliche Wahrnehmung vomaksten simulieren.
Dadurch sind wir in der Lage vorhandene Tonabbildungsélyonen entsprechend
auszuwerten. Unsere Auswertung liefert wahrnehmungssileninformationen und

erleichtert die Wahl einer passenden Tonabbildungsmethod

SchlieRlich, zum abgleichen beobachteter Verzerrungkreh wir eine Methode vor,
die das Tonabbildungsergebriiber die numerisch optimiertedlsung hinaus verbes-
sert, indem sie eine starke optische Kontéastthung ausnutzt. Wir identi zieren au-
tomatisch die Bildregionen welche eine Wiederherstellerigrdern undiigen so ge-
nanntecountershadingpro le ein. Diese Pro le steigern robust die Wahrnehmung vo
Kontrasten und verbrauchen dabei sparsam den Kontrasigmii¢eiterhin entwickeln
wir einen Erkennungsmodel das gwleistet, dass unsere Kontrastwiederherstellun-
gen als keine sichtbaren Artefakte wahrgenommen werdesetureues Bildverarbei-
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tungswerkzeug generalisiert eine Standardmethode dienalsarp maskindpekannt
ist.

Die aufschlussreiche Anwendung des Wisséber das menschliche visuelle System
in unseren Methoden, die in dieser Doktorarbeit dargesterden, erlaubt eine er-
folgreiche Auswertung und Verbesserung der Wiedergabetdes HDR Inhalts. Die
dargestellten bsungen knnen in vielseitigen HDR Anwendungen einschlielich Foto-
graphie, Wiedergabe von HDR Videos, Bildsynthese, GloBaleuchtung, und Com-
puterspielen ef zient integriert werden.
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Chapter 1

Introduction

The recent advances in digital image processing known asBygamic Range (HDR)
imaging bring a totally new visual experience to recording displaying real-world
equivalent images and video. The HDR techniques promisenst@ined capture of
complete light information about scenes, high quality pssing, and reproduction on
various media with a high delity to the real-world appeatan

Historically, the 8-bit representation of visual data, efhprevails in both digital cap-
ture and display devices, sets a hard limit on the range @stéimat can be recorded,
processed, and viewed. The choice of such representatemeskto be well moti-
vated in 90s, when digital image processing proliferategtanise it corresponded to
the technical capabilities of devices at that time and effecomparable characteris-
tics to analogue photography and video which could haveeseas a requirements'
reference. Nowadays, practically all devices related ¢ontlain-stream digital image
and video processing are manufactured according to thelatds developed at that
time despite signi cant technological advances in the .eM/hile such a long-term
standardization is advantageous in bridging varied telcigies in video and media
industry, this so called display-referred representatibwisual contents signi cantly
con nes the visual experience of digital images and vidempared to the real-world
experience.

The HDR techniques abandon these legacy constraints aseélrpr& revolutionary ap-
proach to capturing, storing, processing and displayingisafal contents. Primarily,
the quality of these processes is not any more driven by thalilities of existing de-
vices but is adequate to accommodate the complete infamatout light in nature.
The intensity of tones in a usual natural scene may stroragly between major image
areas and very nely within details of materials and textur&€he 8-bit representation
of visual data often causes that very bright image areadligped to white, very dark
ones to black, and subtle light changes are rounded due tdigaon, thus in each
of these cases a part of information about the original séefest. In contrast, the
HDR representation imposes no limit on the tonal range ant @t no loss of ne
details. Such a rich description of visual data permits gorecedented visual expe-
rience of watching movies and photographs, playing conmpgdenes, or inspecting
visualizations.

We are currently observing a rapid development of HDR teldgies at all stages of

1



2 CHAPTER 1. INTRODUCTION

image and video processing pipeline. The HDR can now be regbtooth with the
new types of imaging sensors and also using standard camedaspecial software
techniques. Recently, even off-the-shelf digital camenr@sequipped with exposure
bracketing feature which delivers HDR capture to amatewtqgdraphers and the re-
quired algorithms are implemented in most of image proogssackages. Last years
have also brought dedicated le formats and compressiohnigces for HDR with
a notable example of OpenEXR which is now widely supportedweéter, the nal
stage of the pipe-line — the presentation is still in its megacy form, despite the
rapid growth of technical capabilities of displays inclugliresolution, contrast range,
and peak luminance levels. Even though the HDR displaysptessigni cant step
forwards and give an exciting foretaste of HDR experienkeirtcurrent capabilities
are not yet on a par with the real-world appearance. To btitggap between displays
and the rest of the pipeline, prior to display the HDR corderged to be processed us-
ing the so called tone mapping algorithm to adjust their toaage to the devices'
capabilities.

This dissertation is dedicated to an in-depth analysis eftttme mapping problem.
We approach the topic from an interdisciplinary point ofwjidecause we observe
that a successful design of a tone mapping algorithm needsntbine the knowledge
of computer graphics and image processing with the subistamderstanding of the
human visual perception. While much research has been glckate in the area, in

this thesis we do not limit our interest to introducing yebtoer new algorithm. Rather,
our aim is to select and apply the aspects of perception wstichuld be considered
in the context of displaying HDR content, to investigate awdluate the perceptual
quality of existing tone mapping solutions, and to seekteiripossibilities for quality

improvement by exploiting knowledge of human visual system

1.1 Problem Statement

The extensive range of tones available in high dynamic ramgges and video offers a
high delity representation of natural scenes. Yet, théntécal capabilities of existing
display devices are insuf cient to directly depict suchhricisual contents. Therefore
a tone mapping algorithm is required which prior to displagluces the tonal range
of HDR data to match the devices' capabilities. While sucha@ucgon inherently
decreases the original quality of HDR contents, a succkssia mapping algorithm
should strive to depict HDR images with high delity to theiriginals and at a minimal
side effect on quality.

The high delity of depiction requires that the appearanéedone mapped image
matches closely the true appearance of the original HDResard that the ability of
observes to comprehend image contents remains unaffectadrough understanding
of human visual perception is necessary to both estimat&ukeappearance of HDR
and to design an algorithm that reduces the tonal range wialataining the appear-
ance unchanged. In particular, one needs to identify whigeets of human visual
perception have a signi cant contribution to the appeaesanad to build corresponding
computational models. For real-time applications, adddlly a balance between the
complexity of the models and their accuracy has to be found.

The reduction of tonal range inherently distorts the oagjiHDR data to some extent
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and a too strong distortion impedes the comprehension ajéncantents. The quality
of tone mapping operators could be measured by the degrehith whe distortions

have been avoided. For this, a metric has to be designedstladiie to compare the
perceptibility of corresponding image contents betweemiimages with different tonal
range — the tone mapping result and the original HDR. Furtbeachieve the highest
delity of HDR depiction the perceivable distortions deted by the metric should be
restored in a post tone mapping step. Although, if one assuha tone mapping
results are obtained as the most optimal numerical solusioch a restoration would
have to overcome the numerical limits.

In the scope of this dissertation we cover all of the said etspaf tone mapping. We
rst develop a real-time tone mapping solution which reproes the subjective appear-
ance of dynamic HDR contents by accounting for perceptdatesf that signi cantly
contribute to the appearance of natural scenes. We thegndasiomputational model
of lightness perception that can be applied to high quadibetmapping for static im-
ages to reproduce the original HDR appearance of tones., Mexidentify common
distortions typical to tone mapping which may hinder the poghension of image
contents, we design appropriate metrics to measure theipedcmagnitude of these
distortions, and evaluate existing tone mapping algoritlamcordingly. To compen-
sate for observed distortions, we introduce a method winigiréves the tone mapping
results beyond numerically optimized solution by usindteques strongly based on
perception of contrasts. Presented solutions can be etlgietegrated in varied HDR
applications including photography, playback of HDR vidi@eage synthesis, lighting
simulation, predictive rendering, and computer games.

1.2 Main Contributions

The fundamental ideas discussed in this dissertation Hewady been partially pub-
lished in international journals and presented at confezenThey have been further
summarized in the overview papersidntiuk et al. 2007aMantiuk et al. 2007h

in the books Krawczyk et al. 2007pMyszkowski et al. 200B and at the tutorial
[Myszkowski and Heidrich 2005 Here, they are combined under the common con-
cept of applying the knowledge of human visual perceptiothéoprocessing of high
dynamic range visual contents for standard displays. W#pect to these publications,
we revise presented methods and demonstrate improvedsteBaé key contributions
can be summarized as follows:

Real-time tone mapping with simulation of perceptual efe@Ve design a real-
time implementation of the photographic tone reprodudtiagraphics hardware
and extend it at a minimal computational cost with selectetgptual effects
which signi cantly in uence the appearance of scenes. Seffbcts convey the
subjective impression of night scenes and bright light sesiwhich normally
is not communicated on standard displays. We use this top@imgalgorithm
in the HDR video player and in real-time realistic image bwsis. Krawczyk
et al. 2005¢Mantiuk et al. 2004Dmitriev et al. 2004Havran et al. 2005

Computational model of lightness perception. Based on erifigise model of
the anchoring theory of lightness perception we developnapeational model
which aims at the accurate reproduction of HDR image appearin terms
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of lightness. We validate the model by simulating the appees of known
perceptual illusions and apply it to tone mapping for higlelity reproduction
of HDR. [Krawczyk et al. 2005/Krawczyk et al. 2006Krawczyk et al. 2007

Obijective evaluation of tone mapping operators. We idgetintrast distortions
that typically happen in tone mapping because of the dynaamige reduction.
We design appropriate metrics that measure the perceivegiitade of these
distortions, and evaluate existing tone mapping algortfaocordingly. Our
evaluation facilitates the choice of an appropriate ton@pitey algorithm un-
der certain known requirements and permits to easily coepaw algorithms
to the state-of-the-artSmith et al. 200p

Contrast restoration by adaptive countershading. Thdtsesfiour evaluation

indicate that all existing tone mapping operators intredaccertain degree of
contrast degradation. We observe that the perceived matgndf contrast can
be robustly increased with a sparing use of tonal range bywathealled coun-

tershading pro les. We automatically identify the imagatigres which require
restoration and insert suitable pro les into the tone mappiesult. A supra-

threshold visual detection model assures that our enhadstho not introduce
objectionable artifacts Krawczyk et al. 2007

1.3 Chapter Overview

This dissertation is structured as follows. In the next ¢hapve give general infor-
mation on image representations and introduce the eld ghHdynamic Range. In
Chapter3 we explain the fundamentals of human visual perception vare relevant
to the topics discussed in this thesis. Our real-time toneping method for dynamic
HDR contents is presented in ChapdeiThe computational model of lightness percep-
tion is derived in Chaptes together with the demonstration of various applications. W
evaluate existing tone mapping operators in Chapterd design a contrast restoration
method in Chapte?. The dissertation is summarized in Chaewrith conclusions
and outlook for future work. Additionally, in Appendi&k we describe in details the
calibration of standard and HDR cameras which is useful wuwa HDR contents
used throughout this thesis and in AppenBixve describe our Open Source software
for working with HDR images and video.



Chapter 2
High Dynamic Range Imaging

We start this dissertation with an introduction to the elchigh dynamic range (HDR)

imaging. We explain here the difference between the standigital image representa-
tion and the new high dynamic range imaging and indicate dvargtages of the latter.
We give an overview of capture techniques that can provid&kHbages and HDR

video which are used as input in the methods presented irotlosvfng chapters. We

further explain in detail the process of tone mapping whickhe main focus of this
thesis. For a broader picture, we also brie y review the egla® of applications in

which high dynamic range imaging is particularly attraetiv

2.1 Digital Images and Color Spaces

The topics discussed in this thesis focus around digitagasand video. The digital
image is a numerical data structure for representationsefalicontents. It consists of
usually rectangular matrix of image elements — pixels. Hzixél has an individually
de ned intensity. The intensity is usually described byethnnumbers to de ne color,
but it can also be one number for monochrome images or mordensior multi-
spectral data. The numbers are called color components.

The way in which the color components determine the actuak ¢® de ned by the
speci ¢ color space that is used. The most popular color esgacdigital images is
sRGB [Stokes and Anderson 19P6lt de nes color by three primaries: red, green,
blue, and follows the additive mixing modéHl{int 1993. The additive mixing model
means that each number de nes how much of each of the prinmginislhave to be
emitted to create the desired color. The sRGB standard deme spectral speci ca-
tion of these three primaries, which is the same as the re@mdation for standard
displays [TU 1990, and the nonlinear transformation between the physidahisity
of these primaries and the actual 8-bit number stored inigitatimage — the gamma
correction. This color space is matched to the so calledlatandisplay whose spec-
i cations are a reference for the manufactures and guaeaateimilar appearance of
visual contents on various media that follow the standathliding also cameras, scan-
ners, and printers. Unfortunately, the SRGB speci catistiilored for displays and
it is not capable of representing the complete light infaiorain the scene. The rep-

5
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name formula example context
contrastratio  CR: 1:(Ypea=Ynoise) 1:500 displays

log exposure range B 10g;0(Ypea 10910(Ynoise 2.7 orders  HDR imaging,
L = logy(Ypea 1095(Ynoise) 9 f-stops  photography

signal to noise ratio  SNR 20 l0g; (Ypeak=Ynoise) 53 [dB] digital cameras

Table 2.1: Measures of dynamic range and their context dicgtipn. The example
column illustrates the same dynamic range expressed reliff units.

resentation of certain colors or brightness levels reguigdues that lay outside the
speci ed 8-bit range.

The CIE XYZ is a special color space, which is based on direzasarements of the
human eye, that can describe all apparent colors at all ligylels. Although the tris-
timulus representation does not de ne all possible speittdmes allow to recreate all
possible perceptible colors becausenmétamerisn{see Hunt 1995). Metamerism
occurs when two color samples of different spectral powstrithution appear to be of
the same color. It happens because color is sensed by husian wiith three types
of photoreceptors that respond to a cumulative energy fra@rtin range of wave-
lengths (SectioB.1.2. The primaries of XYZ color space, however, do not correspo
to these response functions. Instead, the Y component aslesigned to correspond
to luminance — the amount of luminous power perceived by admueye, and X, Z pri-
maries have been optimized for metameric matches. All corapis are described by
non-negative real numbers.

The CIE XYZ is a generic color space and it serves as a bagis\irleich many other
color spaces are de ned, but itself is not popular in pradticse, because the majority
of devices are based on RGB primaries. To combine the gétyayKYZ space with
the popularity of RGB, the non-linearity and 8-bit restoct of SRGB color space is
dropped. The RGB intensities are in this case linearly edlab luminance, but the
representation of some colors requires negative valueBeoptimaries which is not
physically correct. Nevertheless, such linear RGB reprtasgion of digital images is
particularly common in high dynamic range imaging whichésckibed further in this
chapter. Digital images and video with linear RGB represgéon can be captured us-
ing photometrically calibrated camera systems as exgladmA@ppendixA, or obtained
through color space conversions. These conversions aceseespeci ed by math-
ematical equations and can be found for instancédiimf 1995 Wyszecki and Stiles
200Q0.

2.2 Dynamic Range

In principle, the terndynamic ranges used in engineering to de ne the ratio between
the largest and the smallest quantity under consideratdth respect to images, the
observed quantity is the luminance level and there are gemagasures of dynamic
range in use depending on the applications. They are sumeadan Table2.1

The contrast ratiois a measure used in display systems and de nes the raticekbatw
the luminance of the brightest color it can produce (whitg) the darkest (black). In
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case the luminance of black is zero, as for instance in HDRlaljs [Seetzen et al.
2004, the rst controllable level above zero is considered asdharkest to avoid in n-
ity. The ratio is usually normalized by the black level foarty.

Thelog exposure ranges a measure commonly adopted in high dynamic range imag-
ing to measure the dynamic range of scenes. Here the coedids#tio is between the
brightest and the darkest parts of a scene given in lumindrtelog exposure range is
speci ed in orders of magnitude which permits the expressibsuch ratios in a con-
cise form using the logarithmic base 10 and is usually trtettéo one oating point
position. It is also related to the measure of allowed exposuor in photography —
exposure latitude. Thexposure latitudés de ned as the luminance range the Im can
capture minus the luminance range of the photographed seehis expressed using
logarithm base 2 with precision up te;. The choice of logarithm base is motivated by
the scale of exposure settings, aperture closure (f-sepbshutter speed (seconds),
where one step double or halfs the amount of captured lightisThe exposure lati-
tude tells the photographers how large a mistake they cae madetting the exposure
parameters while still obtaining a satisfactory image.sTheasure is mentioned here,
because its unitg;stop step®r f-stopsin short, are often perhaps incorrectly used in
HDR photography to de ne the luminance range of a photogedmtene alone.

The signal to noise ratigdSNR) is most often used to express the dynamic range of a
digital camera. In this context, it is usually measured asrtio of the intensity that
just saturates the image sensor to the minimum intensityctna be observed above
the noise level of the sensor. It is expressed in decibel} (dBig 20 times base-10
logarithm.

The actual procedure to measure dynamic range is not welleteand therefore the
numbers vary. For instance, display manufacturers oftemsore the white level and
the black level with a separate set of display parametetsatieane-tuned to achieve
the highest possible number which is obviously overestahand no displayed image
can show such a contrast. On the other hand, HDR images adtenvery few pixels
of extremely bright or dim value. An image can be low-paserd#id before the actual
dynamic range measure is taken to assure a reliable esiim&iich Itering averages
the minimum luminance thus gives a reliable noise oor, ambethes single pixels
with very high luminance thus gives a reasonable maximumlitudp estimate. Such
a measurement is more stable compared to the non-blurreshmaxand minimum
luminance.

2.3 Low vs. High Dynamic Range

The termlow dynamic rangéLDR) refers in general to the 8-bit and 16-bit represen-
tations of visual contents, which are currently the most imam standards in digital
imaging. Such LDR representation is practically suppokgall consumer products
including digital cameras, scanners, displays, prin&tmsage formats and media. Im-
portantly, the term does not, however, refer to the numbbiteper se, but rather to the
maximum dynamic range that such representation can accdatmand to its output
oriented design.

The LDR contents do not actually store the measured scenesadptured by a cam-
era, but their processed version which can be directly degion a typical display
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Standard (Low) Dynamic Range High Dynamic Range
50 dB Camera Dynamic Range 120 dB
1:200 Display Contrast 1:15,000
8-bit or 16-bit Quantization floating point or variable
display-referred Image Representation scene-referred
display-limited Fidelity as good as the eye can see

Figure 2.1: The advantages of HDR compared to LDR from thdi@djpns point
of view. The quality of the LDR image have been reduced on ggefo illustrate a
potential difference between the HDR and LDR visual corgtefiihe given numbers
serve as an example and are not meant to be a precise reference

device. Such direct depiction will closely match the appaae of the photographed
scene as long as a display follows the “standard displaymesendations”[TU 1990.
These speci cations, developed in the 90s, are adjusteldet@apabilities of the dis-
plays at that time and are also appropriate for other media as prints and projectors.
For the price of compatibility, these speci cations areyegstrictive and in principle
limit both the maximum dynamic range and the color gamut sfial contents. More-
over, they are currently outdated by rapid advances in captod display technology.

The main goal ohigh dynamic rangéHDR) imaging is to abandon such legacy restric-
tions and to provide the precise representation of realdiht intensities that de ne
the entire scene appearance. Unlikedisplay-referredrepresentation typical to LDR
contents, the precision of suchsaene-referredepresentation matches or surpasses
capabilities of human vision and in principle corresporm$he original light values
captured from a scene. In practice, the term high dynamigeasmused with respect
to the visual contents whose dynamic range is higher thanothaDR contents and
whose intensities are linearly proportional to the originaninance or actually equal
to it. The accommodate such a rich representation, datarisdsin variable precision
formats, often directly in oating point format. The perdaplly best motivated repre-
sentation of the HDR contents is the CIE XYZ color space, falty photometrically
calibrated Mantiuk et al. 2007a

From an applications point of view, the HDR technologiesveéelmore capture and
display contrast, more precise quantization, and highler cdelity. In photography,
the true range of real world luminance permits scene captina are free of under-
and over-exposures. These qualities are summarized anthsét in Figure.1 There
is, however, one caveat. The display-referred representgtiarantees approximately
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the same appearance of visual contents on any media as ldhgyafllow the stan-
dards, because they have been stored according to the istanddne scene-referred
representations are in most cases impossible to be dideglicted on even the most
current devices and require that an appropriate rendedpgéns prior to or during the
display. New recommendations can hardly be proposed in efes@nstantly improv-
ing display capabilities. A reasonable assumption, whalldguarantee the same as
display-referred representations, is that a display néng@lgorithm should aim at the
reproduction of the original appearance of a scene givenapabilities of the particu-
lar device. Such appearance reproduction for display e the main focus of this
dissertation.

2.4 Capture Techniques Capable of HDR

In recent years several new techniques have been develogedre capable of cap-
turing images with a dynamic range of up to 8 orders of mageitat video frame
rates. In principle, there are two major approaches to capgtsuch a high dynamic
range: to develop new HDR sensors or to expose LDR sensoightoak more than
one exposure level and later recombine these exposuresnstdigh dynamic range
image by means of a software algorithm. With respect to tlversst approach, the
variation of exposure level can be achieved in three way® é&X¢posure can change
in time, meaning that for each video frame a sequence of imafjhe same scene is
captured, each with a different exposure. The exposureltamge in space, such that
the sensitivity to light of pixels in a sensor changes sfistand pixels in one image
are non-uniformly exposed to light. Alternatively, an @pali element can split light
onto several sensors with each having a different expostitiag. \WWe summarize such
software and hardware solutions to HDR capture in the fatigvgections.

2.4.1 Temporal Exposure Change

This is probably the most straightforward and the most papulethod to capture HDR
with a single low dynamic range sensor. Although such a sezegutures at once only
a limited range of luminance in the scene, its operating&aran encompass the full
range of luminance through the change of exposure parasndteerefore a sequence
of images, each exposed in such a way that a different ranigeniiance is captured,
may together acquire the whole dynamic range of the scemeFigrire2.2 Such
captures can be merged into one HDR frame by a simple averagipixel values
across the exposures, after accounting for a camera resposnormalizing by the
exposure change (for details on the algorithm refer to AdpeA). Theoretically,
this approach allows to capture scenes of arbitrary dynaamge, with an adequate
number of exposures per frame, and exploits the full regsignd capture quality of
a camera.

HDR capture based on the temporal exposure change has, élpwestain limitations
especially in the context of video. Correct reconstructibiiDR from multiple im-
ages requires that each of the images capture exactly the seene at a pixel level
accuracy. This requirement cannot be practically ful llddcause of camera motion
and motion of objects in a scene, and pure merging technilgagsto motion arti-
facts and ghosting. To improve quality, such global andlldisplacements in images
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exposure t; exposure t; exposure tz HDR frame

I I
T T
1 100 10000 Luminance [cd/m2]

Figure 2.2: Three consecutive exposures captured at inatgetime steps, to, t3
contain different luminance ranges of a scene. The HDR framasged from these
exposures contains the full range of luminance in this sceiR frame tone mapped
for illustration using a lightness perception inspireditgique Krawczyk et al. 2005h

within an HDR frame must be re-aligned using for instancecaptow estimation.
Further, alignment of images that constitute one frame v ttemporarily coherent
with adjacent frames. A complete solution that captures images per frame and
allows for real-time performance with 25 fps HDR video captis described infang
et al. 2003 An alternative solution that captures a much larger dyicarange of
about 140dB, but does not compensate for motion artifactgasable from Uner and
Gustavson 2047

The temporal exposure change requires a fast camera, leetteusffective dynamic
range depends on the amount of captures per frame. For ¢estaR00Hz camera is
necessary to have a 25fps video with 8 captures per framedhajive an approximate
dynamic range of 140dBJner and Gustavson 20D ®Vith such a short time per image
capture, the camera sensor must have a suf ciently highitsgtysto light to be able
to operate in low light conditions. Unfortunately, such asted sensitivity usually
increases noise.

2.4.2 Spatial Exposure Change

To avoid potential artifacts from motion in the scene, thpasure parameters may
also change within a single captufddyar and Mitsunaga 20Cas an alternative to
the temporal exposure change. The spatial exposure changeally achieved using
a mask which has a per pixel variable optical density. Thebrrmof different optical
densities can be exibly chosen and they can create a reguieregular pattern. Nayar
and MitsunagaNayar and Mitsunaga 20D@ropose to use a mask with a regular
pattern of four different exposures as shown in Fig2u® Such a mask can be then
placed directly in front of a camera sensor or in the lens betwprimary and imaging
elements.
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g

scene capture without the mask mask with optical densities scene capture
varying per pixel (varying pixel exposures)

Figure 2.3: Single exposure using a standard image sensootteapture full dynamic
range of the scene (left). The mask with per pixel varyindogppdensitieses; = 4e, =
16e; = 64ey (middle) can be put in front of a sensor. Using such a maskast kene
pixel per 4 is well exposed during the capture (right). Thyhtimage is best viewed
in the electronic version of the thesis.

For the pattern shown in Figu&3, the full dynamic range can be recovered either by
aggregation or by interpolation. The aggregation is penéat over a small area which
includes a capture of that area through each optical dertkitg at several different
exposures. The different exposures in the area are combitedne HDR pixel by
means of a multi-exposure principle explained in the pnewisection, at the cost of
a reduced resolution of the resulting HDR frame. To pres#rgeoriginal resolution,
HDR pixel values can also be interpolated from adjacentlpikea similar manner
as colors from the Bayer pattern. Depending on the lumindeess, aliasing and
interpolation artifacts may appear.

The effective dynamic range in this approach depends onuhwar of different op-
tical densities available in the pattern. A regular pattefrd densities, as shown in
Figure2.3, such thats = 4e, = 16e; = 64ey gives a dynamic range of about 85dB for
an 8-bit sensoMlayar and Mitsunaga 20P0T he quantization step in the reconstructed
HDR frame is non-uniform and increases for high luminaneelke The size of the
step is, however, acceptable, because it follows the gamnva.c

An alternative implementation of spatial exposure chadgiptive Dynamic Range
Imaging (ADRI), utilizes an adaptive optical density masktead of a xed pattern
element Nayar and Branzoi 2003 Such a mask adjusts its optical density per pixel
informed by a feedback mechanism from the image sensor. Jdtusated pixels in-
crease the density of corresponding pixels in the mask, aisy pixels decrease. The
feedback, however, introduces a delay which can appeamngsotal over- or under-
exposure of moving high contrast edges. Such a delay, whidfiriimally one frame,
may be longer if the mask with adapting optical densitiestigis latency.

Another variation of spatial exposure change is implentitea sensor whose pixels
are composed of more than one light sensing element eachiohwhas a different
sensitivity to light Street August 1998 This approach is, however, limited by the size
of the sensing element per pixel, and practically only tveorednts are used. Although
in such a con guration, one achieves only a minor improveniethe dynamic range,
so far only this implementation is applied in commercial eaas (Fuji Super CCD).
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2.4.3 Multiple Sensors with Beam Splitters

Following the multi-exposure approach to extending dymrarange, one can capture
several exposures per video frame at once using beam sp[#tggarwal and Ahuja
2004. The idea, so called split aperture imaging, is to direetlight from the lens
to more than one imaging sensor. Theoretically this allawsapture HDR without
making any quality trade-offs and without motion artifacks practice, however, the
effective dynamic range depends on the number of sensadsruee camera and such
a solution may become rather costly when a larger dynamigeradesired. Further,
splitting the light requires an increased sensitivity @& ffensors.

2.4.4 Solid State Sensors

There are currently two major approaches to extend the digneange of an imag-
ing sensor. One type of sensor collects charge generateldebyhioto current. The
amount of charge collected per unit of time is linearly retato the irradiance on the
chip (similar to a standard CCD chigdnesick 200}, the exposure time is however
varying per pixel (sometimes called “locally auto-adagtijLulé et al. 1999. This
can for instance be achieved by sequentially capturingiphellexposures with differ-
ent exposure time settings or by stopping after some timexpesure of the pixels
that would be overexposed during the next time step. A setygredof sensor uses the
logarithmic response of a component to compute the logardhthe irradiance in the
analog domain. Both types require a suitable analog-digitaversion and generate
typically a non-linearly sampled signal encoded using 8bit&per pixel value. Sev-
eral HDR video cameras based on these sensors are alreadyeccially available.
Such cameras allow to capture dynamic scenes with highasintand compared to
software approaches, offer considerably wider dynamigeand quality independent
of changes in the scene content as frame-to-frame coheienoerequired. The prop-
erties of two of such cameras: HDRC VGAXx from IMS-CHIR$of inger 2007] and
Lars Il from Silicon Vision are studied in detail in Sectidn4.

2.5 Tone Mapping

The contrast and brightness range in typical HDR imagesegisceapabilities of cur-
rent display devices or print. Thus these media are inadedoairectly reproduce the
full range of captured light. Tone mapping is a techniquettier purpose of reducing
contrast and brightness in HDR images to enable their depion LDR devices. The
process of tone mapping is performed by a tone mapping aperat

Particular implementations of a tone mapping operator ariee and strongly depend
on a target application. A photographer, computer grapaitist or a general user
will most probably like to simply obtain nice looking imagda such cases, one most
often expects a good reproduction of appearance of an atigibR scene on a display
device. In simulations or predictive rendering, the go&l®oe mapping may be stated
more precisely: to obtain a perceptual brightness matokd®mt HDR scene and tone
mapped result, or to maintain equivalent object detectafopmance. In visualization

or inspection applications often the most important is &sprve as much of ne detail
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information in an image as possible. Such a plurality of otijes lead to a large
number of different tone mapping operators.

Various tone mapping operators developed in recent yearsegeneralized as a trans-
fer function which takes luminance or color channels of anRH&ene as input and
processes it to output pixel intensities that can be digglayn LDR devices. The input
HDR image can be calibrated so that its luminance is exptess8| unitscd=n? or

it may contain relative values which are linearly relateduminance. The transfer
function may be the same for all pixels in an image (globakafme) or its shape may
depend on the luminance of spatially local neighbors (lop&rator). In principle, all
operators reduce the dynamic range of input data. Since ofidké algorithms pro-
cess only luminance, color images have to be converted ttoagmace that decouples
luminance and chrominance, e.g. Yxy. After processingtdne mapped intensities
are used instead of the original luminance in the inversesfcam to the original color
space of the image.

2.5.1 Luminance Domain Operators

The most n&e approach to tone mapping is to “window” a part of luminanange in
an HDR image. That is to map a selected range of luminance aslimear transfer
function to a displayable range. Such an approach, howesrders dark parts of
image black and saturates bright areas to white, thus remakie image details in the
areas. A basic sigmoid function:

Y
L= Y+ 1 (2.1)
maps the full range of scene luminan¢en the domain[0;inf) to displayable pixel
intensitiesL in the range ofi0;1). Such a function assures that no image areas are
saturated or black, although contrast may be strongly cessed. Since the mapping
in equation 2.1) is the same for all pixels, it is an example of a global tongpiag
operator. Other global operators include logarithmic niragfpDrago et al. 2001 the
sigmoid function derived from photographic proceReinhard et al. 2002a mapping
inspired by the response of photoreceptors in the human Rgmfiard and Devlin
2004, a function derived through histogram equalizatigvejrd et al. 199 The subtle
difference in tone mapping result using these functionglustrated in Figure?.4.
Usually, one obtains a good contrast mapping in the mediughtmess levels and
low contrast in the dark and bright areas of an image. Thesefotuitively, the most
interesting part of an image in terms of its contents shoeldnlapped using the good
contrast range. The appropriate medium brightness leveéhéomapping is in many
cases automatically determined as a logarithmic averadenahance values in an
image:

Yaz exp 09T 'Ogg+ 9 o 2.2)

whereY denotes luminance\ is the number of pixels in an image, aedlenotes a
small constant representing the minimum luminance valle YL value is then used
to normalize image luminance prior to mapping with a tran&faction. For example,
in equation 2.1) such a normalization would map the luminance equaldo 0:5
intensity which is usually displayed as middle-gray (beftine gamma correction).
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Figure 2.4: Comparison of global transfer functions. Thet glustrates how lumi-
nance values are mapped to the pixel intensities on a disflhg steepness of the
curve determines the contrast in a selected luminance rabgeinance values for
which display intensities are close to 0 or 1 are not transfer Source HDR image
courtesy of Greg Ward.

TheY, is often called the adapting luminance, because such a tiratian is similar
to the process of adaptation to light in human vision.

2.5.2 Local Adaptation

While global transfer functions are simple and ef cient meth of tone mapping, the
low contrast reproduction in dark and bright areas is a disiathge. To obtain a good
contrast reproduction in all areas of an image, the trarigfastion can be locally ad-
justed to a medium brightness in each area:

YO

L= ; 2.3
Yo+ 1 23)

whereY? denotes HDR image luminance normalized by the globally toggpumi-
nanceY®= Y=Y, and Y,_0 is the locally adapting luminance. The value of globally
adapting luminance&/p is constant for the whole image, while the locally adapting
luminanceY,is an average luminance in a prede ned area centered aragidtene
mapped pixel. Practically, th¢®is computed by convolving the normalized image
luminanceY®with a Gaussian kernel. The standard deviation of the kesrdé nes
the size of an area in uencing the local adaptation and lwakresponds in pixels
to 1 degree of visual angle. The mechanism of local adaptési@gain inspired by
similar processes occurring in human eyes. FidguEsllustrates the improvement in
tone mapping result through introduction of local adaption

The details are now well visible in dark and bright areas efithage. However, along
high contrast edges one can notice a strong artifact visibléark and bright outlines
— the halo. The reason why such artifact appears is illestriat Figure2.6. Along a

high contrast edge the area of local adaptation includds figh and low luminance,
therefore the computed average in the area is inadequadmyasf them. On the side
of high luminance the local adaptation is more and more urdémated as the tone
mapped pixels are closer to the edge, therefore equatidgfadually computes much
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Figure 2.5: Tone mapping result with global, equatidri), and local adaptation, equa-
tion (2.3). The local adaptation (right) improves the reproductibdetails in dark and
bright image areas, but introduces halo artifacts alonf bantrast edges.
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Figure 2.6: The halo artifact along a high contrast edgé)@#efd plots illustrating the

marked scanline. Gaussian blur (under-) over-estimatektal adaptation (red) near
a high contrast edge (green). Therefore the tone mappeckifhge) gets too bright

(too dark) closer to such an edge.

higher intensities than appropriate. The reverse happetiseoside of low luminance.
A larger blur kernel spreads the artifact over a larger andsle a smaller blur kernel
reduces the artifact but also reduces the reproductiontafligle

2.5.3 Prevention of Halo Artifacts

Many image processing techniques have been researcheevienpthe halo artifacts
out of which the notable solutions are automatic dodginglanding [Reinhard et al.
2007 and the use of bilateral Itering instead of Gaussian blDufand and Dorsey
2003.

The automatic dodging and burning technique derives iaaljt from the observation
that a halo is caused by a too large adaptation area, FRjGrbut also a large area is
desired for a good reproduction of details. Therefore, the sf the local adaptation
area is adjusted individually for each pixel location sugd#t it is as large as possible
but does not introduce halo. The halo artifact appears as asdoth very high and
very low luminance values exist in an adaptation area anadi santly change the
estimated local adaptation. Therefore, by progressivelyeiasing the adaptation area
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for each pixel, the following test can detect the appearaibalo:
MLy si) YL(Xyisiv)j < € (2.4)

For each pixel, the size of the adaptation area, de ned bystaedard deviation of
the Gaussian kernal, is progressively increased until the difference betwéeno
successive estimates is larger than a prede ned threghditle result of the Gaussian
blur for the largess; that passed the test is then used for given pixel in equa®@ (
The example of estimated adaptation areas is illustrateeigare 2.7. The whole
process can be very ef ciently implemented using the Gauspiyramid structure as
described inReinhard et al. 2002

Figure 2.7: Estimated adaptation areas for pixels markddugscross. In each case,
the green circle denotes the largest, thus the most optidagitation area. A slightly
larger areas denoted as red circles would change the loaptattbn estimat¥ more
than acceptable threshold in equati@ and would introduce a halo artifact.

Bilateral ltering is an alternative technique to preverdlds Durand and Dorsey
2003. The reason for halos, Figu26, can also be explained by the fact that the
local adaptation for a pixel of high luminance is incorrgati uenced by pixels of
low luminance. Therefore, excluding pixels of signi cantdifferent luminance from
local adaptation estimation prevents the appearance ofinal smilar way as in equa-
tion (2.4). The bilateral Iter [Tomasi and Manduchi 1998 a modi cation of the
Gaussian lIter which includes an appropriate penalizingcfion:

YP= A& fs(kp k) Y9 g5, (GYP YY) (2.5)
g2N(P)

In the above equatiormp denotes the location of the tone mapped pigelenotes pixel
locations in the neighborhodd( p) of p. The rst two terms of equations, Y9, de ne
Gaussian Itering with spatiabs. The last termgs,, excludes from the convolution
those pixels whose luminance value differs from the tonepadpne by more than
sy. Both f andg are Gaussian functions, and luminance is usually expreassexa:
logarithmic space for the purpose of such Itering. The tatal Itering process is
shown in Figure?.8.

Compared to the automatic dodging and burning, the bilatéea better reproduces
details at the edges, because in most cases a relativedy knep is used for estimation
of local adaptation. Although the exact computation of ¢éigug2.5) is very expensive,
a good approximation can be computed very ef cientBufand and Dorsey 2002
Chen et al. 2007
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Figure 2.8: Bilateral Itering of a similar scanline as ingtire 2.6, here marked in
magenta. The penalizing functignimproves the estimation of the local adaptation
(red) by excluding pixels in the neighborhoddmagenta) whose luminance value is
outside the de ned range (orange). Thus, the local adaptdtr the pixel marked
with a cross (left image) is estimated only from the pixelghia area outlined in green,
while the Gaussian blur would also include pixels in the anafined in red.

2.5.4 Contrast Domain Operators

The tone mapping methods discussed so far perform the dgmange reducing oper-
ations directly on luminance or on color channel intensitidowever, one can observe
that an image with a wide range of luminance also containgge leange of contrasts.
Therefore, as an alternative to luminance range compressantrast magnitudes in
the image can be reduced. Since the contrasts convey seatantormation in im-
ages, such a control over contrast can be advantageousngtanée, small contrasts
usually represent the re ectance properties of surfadestéxture, medium contrasts
often de ne the outlines of objects, and large contrastsasgnt changes in illumina-
tion. Particularly, large contrasts are in most cases theecaf a high dynamic range.
By preserving small and medium contrasts, and reducing leogtrasts, one can re-
duce the dynamic range of illumination and at the same tirasgywe good visibility of
details from the original HDR image. Such a contrast basedgssing gives a better
control over transferred image information than the lumoebased operators. The
latter, however, give a better control over brightness rirappIn fact, it is hard to
impose a target luminance range for contrast based conipmess

A typical contrast based tone mapping operator include$olfmving steps. First, the

input luminance is converted to a contrast representaliba.magnitudes of contrasts
are then modulated using a transfer function for contrasé-+dne mapping step. Next,
the modulated contrast representation is integrated w/es¢he luminance informa-
tion, and such luminance is then scaled to tthe availablesdlyic range. Finally, since
the result of integration is calculated with an unknown etifshe image brightness of
the tone mapping result is adjusted.

Contrast in tone mapping applications is most often medsase logarithmic ratio of
luminance:

p
C=log %; (2.6)

whereYP andYY denote luminance of adjacent pixel location. The contregtasen-

tation of an image is computed as a gradient oMpgince the logarithm of division is
equal to the difference of logarithms. For tone mappinghsucepresentation is often
multi-resolution to measure contrasts between adjaceatg{full resolution) and ad-
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jacent areas in an HDR image (coarser resolutions). Theasiatare then modulated
by a transfer function, for exampl&éttal et al. 200R

_a ¢ "

T(C)= iG] = : (2.7)
Given thatb 2 (0;1), such a function attenuates gradients that are strongaraha
and ampli es smaller ones. Thus, & is equal to medium contrasts in an image,
equation 2.7) reduces the dynamic range caused by large differencelimiiiation
and enhances ne scale details. More complex transfer fomgtare also possible
including for instance contrast equalizatidvigntiuk et al. 2006 As the nal step,
the modulated contrast representation of an HDR image Hasitdegrated in order to
obtain intensities in a tone mapped image. The integratemis performed by solving
the Poisson equation and the image brightness adjustnegrisdeft for manual setting
by a user. The stages of the contrast domain tone mappingssare illustrated in
Figure2.9.

(a) HDR image, clipped (b) contrast representation  (c) contrast transfer map (d) tone mapping result

Figure 2.9: Contrast domain tone mapping. The HDR images(&ansformed to a
contrast representation (b) which is multiplied by a casitteansfer function (c). The
contrast representation is then integrated to obtain a teaygped image (d). In (b)
white denotes strong local contrast and black no contrasfc)lblack denotes strong
contrast attenuation and white marks no change in locatasint

255 Summary

In the previous sections we have introduced the generasildlehind tone mapping
algorithms. Many variations of such algorithms exist thi#fedin subtle details from
each other and we refer the readerReinhard et al. 20Q5or detailed descriptions.

Remarkably, all tone mapping operators change the pixehgities in a tone mapped
image and their relations with spatial neighbors with respethe original HDR. The
nature of the algorithms is mostly inspired by typical imggecessing or computer
vision approaches and with some equations adopted fromrkipoacesses happening
in early stages of human vision. This imposes certain madliead properties of tone
mapped images and assures that basic appearance propigdiesiaptation to light,
are preserved. However, as explained in ChaRtdre appearance of images is largely
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in uenced by processes occuring in later parts of the visyatem. Such later stages,
the cognitive processes, have so far not been studied inotfitext of tone mapping.
We argue that these process need to be considered to présexweginal appearance
of HDR images during tone mapping, and in Chafieve propose a tone mapping
operator which is inspired by such a cognitive interpretatif scenes.

With a large number of available tone mapping algorithms sehiesults differ only
subtly, an evaluation framework would facilitate the cleoaf an appropriate operator
for a given application. While several psychophysical eatiins have already been
conducted Prago et al. 2002Kuang et al. 2004Yoshida et al. 2005Ledda et al.
2004 which offer a form of ranking of available algorithms, tharficular reasons why
some operators are preferred over others is not well uraets®lso, it is not easy to
evaluate new algorithms and include them in such rankingesrdfore, in Chapteswe
propose an objective evaluation of tone mapping operatbishaallows to understand
the effect of tone mapping algorithms in terms of percepthange of contrasts and
brightness. We evaluate several state-of-the-art opsrataordingly.

2.6 HDR Applications

High dynamic range imaging offers an unprecedented quaflitapture and represen-
tation of visual contents. Such a complete visual infororgtincluding the true range
of real world luminance, can improve the quality of many caomep graphics applica-
tions and can enable simulations or measurements thaebiedoe not been possible.

Currently the most popular application is HDR photograptwhich the high dynamic
range permits to capture photos free of under- and oversexps with an unprece-
dented level of details. New tone reproduction algorithmsvigle the users with a
better control over tones, contrast, and levels of detahéir photography.

The capture of physically accurate light measurementsleddy HDR techniques,
opens new possibilities in realistic image synthesis. Rstaince, a digital representa-
tion of light surrounding a certain scene can be captureduaed to synthesize com-
puter graphics objects with a high delity to the naturahtgonditions Havran et al.
2008. This permits the simulation of real-world light conditi® in computer graphics
visualizations Pmitriev et al. 2004, The true light information permits also to model
the behavior of human visual system and to simulate the ksxteae appearance in var-
ious illumination conditions. Precise light measuremgoffered by HDR techniques,
further increase the quality of acquisition of objects’ epmance. The re ectance prop-
erties of their complex materials can be measured and useshiistic rendering of
digitized objects to obtain high quality virtual reprodiocts [Gosele 200

Emerging HDR displaysSeetzen et al. 2004whose capabilities outperform those
of modern displays, offer interesting visualization pbagies. For instance, the er-
gonomics of LCD displays can be directly investigated irnaas illumination condi-
tions by taking a display-in-display approaddnfitriev et al. 2004 The calculated
light interaction with LCD panel can be directly visualized the HDR display whose
display range can easily accommodate such informatioranto® envisaged that fur-
ther ideas for applications will appear with the growing plapity of HDR imaging.
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Chapter 3

Human Visual Perception

Visual information about our surroundings is available sothirough the act of see-
ing. The ability to see involves capturing light with our eyand interpreting it with
our brain in such a way that we can understand what we seembardt, react to
it. Human eyes successfully operate in an incredibly vargaye of light conditions
from the darkest night to the brightest day and in all thes®litmns we consistently
recognize known objects, faces, materials, our environm&nom the moment the
light enters our eyes, the full process of perception idifatéd by a complex system
that consists of several stages. First, the light is focusdbe eye with a lens onto
the light sensitive back of the eye where photoreceptorstoam captured photons
into the neuronal signals. These signals are then traresirtitt the brain where they
are decomposed in a hierarchical way and processed in thaldertex. Only such
processed visual information appears to us as the imagewé¢hsee and understand.

The human visual system is well adapted to its tasks, butiperfect. The optics of an
eye, like any solid optical element, have certain charatierand limits. The photore-
ceptors are distributed on the retina with a nite resolotibat can be reduced under
circumstances to increase sensitivity but impairing tlsei@i acuity. The channels that
transmit signals to brain have a relatively low bandwidtmpared to the amount of
captured data and some information is sent to the brain istarfaut reduced form. On
the other hand, cognitive interpretation of transmitteghals is subjective and highly
in uenced by our prior knowledge. In the end, observed seseth@ not necessarily
appear to us exactly the same as they actually are.

The investigation of true perception of scenes as perfotmgede human visual system
is very worthwhile in the context of this dissertation. Theowledge of how human
vision works may let us focus on those aspects that are importhen depicting HDR
scenes on devices with limited capabilities or when meagutie perceptual quality of
such depictions. For instance, the ability to adapt to a gaam light levels such that
the perceived scenes appear with a roughly constant obeigtitness is a fundamental
process of the human visual system that makes tone mappalppatssible. Further
analysis may indicate what effects typical to our visuateyscontribute to the overall
subjective appearance of scenes and perhaps to what ex¢grghiould be accounted
for during tone mapping. Likewise, the understanding of hbesvisual information
is in fact interpreted by the human brain may help to prepaeedepictions of HDR

21
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Figure 3.1: The general plan of the human eye and the retitratine names of their
principal parts. Original image of the eye courtesy of Rhttass, Wikimedia Com-
mons.

in accordance with the mechanisms of perception such teaalcommunication is
facilitated.

The aim of this chapter is to introduce the basic knowleddeuofian vision and visual
perception, and to point the reader to those aspects thatatieularly interesting in
view of the topics addressed in this thesis. In the followsegtions, we give rather
succinct descriptions of the terms that are necessary terstahd the further chapters
of this dissertation and refer the reader for detailed digsons to related text books
[Palmer 1999Fairchild 1998 Wyszecki and Stiles 200@Wandell 199% We further
elaborate on each of the topics in the relevant chaptersedhtisis where we also cite
research papers.

3.1 The Eye

The act of seeing starts with the moment light enters our apesgenerates a visual
stimulus. The physical construction of an eye (Fig8r® and the means by which
the light is registered determines the physical appearaficgages. The human eye is
an organ of approximately spherical shape lled with a clgal;, the vitreous humouir,
which separates the lens and the retina. The eyeball is weahi eye socket and is
moved with extrinsic muscles to aim at a point of xation.

The visual process which happens in the human eye can bediiritb the optical part
and the sensory part. The optical part gathers the lightiagteur eyes with a lens
which focuses it on the back of the eye — the retina. The retimaains pigment cells
and underlying photoreceptors which actually respondgbtli The photoreceptors
transform captured photons into the neuronal signals amsililegin the sensory part.
The neuronal signals of photoreceptors are passed thrariggus intermediate cells
and are aggregated by ganglion cells whose axons form anmgtve which connects
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to the brain. Each part of this process interferes to somenéextith the original visual
information. In the following sections we describe these@ detail and discuss
their impact on image appearance.

3.1.1 Optical System

The optical part of the visual system is embodied in the elyelpal in the main part

consist of cornea, pupil, iris, and lens (refer to FigBr®. The cornea is the transpar-
ent front of the eye which is the most exposed part to lighgetber with the lens it

refracts light and whereas it has the major contributiorhaye's optical power its

refraction parameter is xed. The iris is the most recogdibemponent of the eye
with a characteristic pigment. It contains the musclesahat to contract and extend
the pupil. The pupil is a black opening in the eye that reggdahe amount of light

that enters it. The variable size of the pupil with respec¢heolevel of light is the most

apparent indication of the adaptation of human visual sygstelight. The adaptation

to light is, however, primarily a sensory process and theadontribution of variable

pupil size is minor. The main task of the optical system oféle is the accommo-
dation. It is the process of adjusting the shape of the leimgjuke ciliary muscles to

allow focusing on various distances. The accommodatiomaguees that objects of
interest form a sharp image on the retina.

The optical system of the eye, like any man-made optical, leas its characteristics
and limitations. The primary observable limitation is tlattered light in the eye as
it passes through the cornea, lens, and vitreous hunwys4ecki and Stiles 2000
It can affect vision when for instance an eye is observingghbtight source against
a dark background as illustrated in FiglB& The veiling glarethat is observed in
such cases causes a decrease in contrast and increasehinédsgin the vicinity of
such bright areas. The amount of light scatter can be mehsue described in the
form of a point spread function (PSF) dependent on the pugmihdter Wandell 199%.
The PSF gives the relative amount of light registered by @teceptors at a speci ed
angular distance on the retina from the place where the figit source is directly
projected. As the pupil diameter increases, the amountaifesing also increases. An
example of PSF function can be found in Secttb@.5where we use it to simulate
such glare effects in tone mapping.

The visual effect of light scatter in the eye has an intemgsgierceptual implication.
People so strongly associate the perception of glare ag bairsed by a strong source
of light that painting such a visual effect around an areanimaage causes this area to
appear to be much brighter than it actually is. This phenanésvisible in Figure3.2

3.1.2 Sensory Part

The sensory part of the visual system starts when the lighisled by the optical part
falls on the retina (Figur@®.1) and triggers a chain of neural events that eventually
transform captured photons to a coded signal which is seatgh the optic nerve
to the brain for visual interpretation. The retina is a thagdr of neural cells which
contains light sensitive photoreceptors and a non-phogithes melanin pigment. The
photons that hit photoreceptors are absorbed by the phuibise pigment and elicit



24 CHAPTER 3. HUMAN VISUAL PERCEPTION

40

Figure 3.2: In the image above, the rising sun is hidden éxbehind the street lamp.
When looking at this lamp, the light scatter causes that thadlmiparts of the lamp
create much weaker contrast with the background than thamdshat the area around
has a higher brightness. Additionally, the presence okgtaakes the area inside the
lamp appear luminous and brighter than the square besida fiv reference and the
rest of the sky, although their brightness is equal.

signal that passes through the neural cells in the reting photons which miss the
photoreceptors are absorbed by the melanin pigment.

There are two kinds of photoreceptors: rods and cones comggihe actual photosen-
sitive pigment. Cones are less sensitive to light than tldecedls, but their response
times are faster. There are three kinds of cones which tegatiow the perception of
color and whose absorption properties de ne the spectruthefisible light which
is 350nm - 750nm. The three cone types have their peek res@Epmsoximately to
yellowish-green (L cones), green (M cones), and bluisteti(S cones). While the
human visual system can directly measure only three codmsording to the oppo-
nent color theory\Wyszecki and Stiles 20Q@he full color gamut is visible by actually
measuring the relative differences between the respofisiééavent cone types. There
is only one type of rod cell that absorbs a similar spectrurthassummary response
of the cones, but being more sensitive to the blue part andsilnot sensitive to the
wavelengths above the red part. There are on average 6 mdtae cells with the
highest density around the central part of the retina — theddFigure3.1) provid-
ing high visual resolution of the object in focus. On avera8® million rod cells are
densely located on the outer area of the fovea supportingetipheral vision.

The actual neural processes that happen in the retina aneefieinderstood and the ex-
planations given in the literature are considered to be moless speculative, although
supported by profound evidencéf/szecki and Stiles 20Q0In general, the ganglion
cells (Figure3.1) receive signals from bipolar and horizontal cells whichrtiselves

receive input from the photoreceptors. A ganglion cell ieeeinput from several pho-
toreceptors which creates a single receptive eld. Theptee elds are organized in

a center/surround manner such that the light falling onrtbenter is activating the
response and the light falling on the immediately surrongdegion is inhibiting the

response. Such an organization provides an ef cient edgareement but also indi-
cates that the brain receives encoded differences in sigatiier than their absolute
intensity levels registered by the photoreceptors. Thids$do an important conclusion
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which is that the human visual system interprets infornmagjiven in the form of local
intensity differences — contrasts.

Various properties of photoreceptors and their distrdoutin the retina have a visible
impact on the appearance of scenes and we explain the resespects in the following
sections.

3.1.3 Vision Modes

Cones, which allow to distinguish colors, respond well imdo bright light (10 * to
10" 8 cd=n?). Rods, which are much more sensitive to light than conepgared best in
darkness and up to moderate light (£@o 10" ! cd=nr), but are blinded by luminances
above 102 cd=n? and do not output any usable signals at such illuminatiosl$ev
These luminance characteristics of photoreceptors daterthree vision modes of
the human visual system: photopic, mesopic and scotopitchadre illustrated in
Figure3.3

Vision mode: SCOTOPIC MESOPIC PHOTOPIC
rod activity cone activity
I + + + + + + {1 Luminance [log Cd/m“]
6 -4 -2 0 2 4 6 8
night light office light daylight
Mode properties: monochromatic vision good color perception
limited visual acuity good visual acuity

Figure 3.3: Vision modes of the human visual system withlastilation of usual scene
appearance.

Photopic vision is active under well-lit conditions whickually occur in daylight.
During photopic vision only cone photoreceptors are activgle rods are blinded by
too strong illumination. Photopic mode is characterizeajbgd color perception and
sharp vision.

The scotopic vision mode refers to dim and dark illuminatiamditions and occurs
mostly at night. The light is registered only by rods, beesthhe sensitivity of cones is
too low. Since cones are inactive, colors are not distifgabte. As the illumination
decreases the neural signal is aggregated over larger gafuds to increase the
effective sensitivity of the visual system. Such aggregathowever, reduces the actual
resolution of rods on the retina which is sensed as a decie#se visual acuity.

The mesopic vision occurs under dim illumination and is aditgon mode between
photopic and scotopic vision. Both cones and rods are a@sudting in a color vision
with slightly stronger sensitivity to blue colors over tredrones. This is known as
Purkinje shift.
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The difference in vision modes has a strong impact on imageaxance. As illustrated
in Figure 3.3 the daylight vision is associated with good perception @bis and
good acuity, while at night most things look colorless antailie are not well visible.
These appearance properties are very common and the skabhésytict the properties
of scotopic vision are immediately thought to have low ilination levels. This is
among others exploited in movies: the night scenes aregostssed to have realistic
night vision qualities, because display devices cannoictiepages at suf ciently low
luminance levels such that these quality appear naturally.

3.1.4 Photoreceptor Response

The light captured by a photoreceptor is transformed ingortéuronal signal of pro-
portional strength. There is a signi cant evidence thatridation is non-linearflunt
1999 and the response of both rods and cones is usually apprtedmath a sigmoid
function shown in Figur8@.4. Such a response has several important properties. When
the intensity of the stimulus is low, the capture noise ispgapsed by the lower non-
linearity. When the intensity is very high, the response gadlgi reaches its maximum
beyond which no signal increase is registered. The mainipapproximately lin-

ear, so that the differences between intensity signals afemade luminance are well
transferred.

Strength of signal
from photoreceptor

1 saturation level

é Luminance [log cd/m2]

2 4‘6

dy
night light office light daylight

Figure 3.4: Sigmoid response to light of a photoreceptore Iliminance difference

dY causes a much more pronounced signal differeliRef the response range is well
adapted to light conditions, compared to the differedBg observed in an unadapted
state.

Under constant ambient light conditions, the photoreasmaccessfully register the
luminance range of about 4 orders of magnitude. Howeverrahge of luminance
in nature can be as high as®@uring the day and as low as 1bin the night. To
accommodate such a much wider range, the photoreceptgrsthda response range
to the current ambient light level. This can be observed akifaia the response
curve with respect to the medium luminance range as illtesfran Figure3.4. Such
an adaptation is the fundamental ability of the eye whiclidetn an approximately
similar sensory appearance of a scene independently obgwdute luminance level,
except for changes in the vision modes.

The shape of the response function and the adjustment ofedpomse range with
respect to the medium luminance in the scene inspired déeemmapping operators,
including the one discussed in Sectih2.1
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3.1.5 Temporal Light and Dark Adaptation

The process of adjusting the response range of photoresdptmatch the illumination
condition, mentioned in the previous section, is not imratai Normally, the adapta-
tion processes are mostly not noticed because the changes ilftumination during
the course of day and night are very slow. Sudden changesMeowcause visible
loss in the sensitivity as illustrated in FiguBeb. For instance, when on a sunny day
one immediately enters a dark theatre, the interior is dtdesk and no details can be
discerned — only after several seconds the silhouettesjeftsistart to appear.

adaptation to light e——
adaptation to dark e——»

sudden change in illumination

Figure 3.5: Visual experience in certain time intervalsimiyithe temporal adaptation
to light and to dark caused by a sudden change in illuminafitve visibility improves
with time because the response range of photoreceptorstadjuthe medium illumi-
nation in the scene as illustrated in Fig®.d.

The adaptation of photoreceptors response to light is adeshprocess. In a sim-
ple form, the adaptation is accomplished by neural prosestebuted to cell inter-
connections in the retina and by chemical processes of lilegand regeneration of
photosensitive pigment. The neural processes react vetyafal are mostly accom-
plished after several seconds. The chemical processesradoo signi cant changes
in illumination, are much slower and visibly asymmetric.€eTddaptation from bright
sunlight to complete darkness takes up to 30 minutes whéleeherse process is fully
accomplished in about 5 minutes.

The precise time course of adaptation can be measured withhtbid sensitivity ex-
periments. In such experiments, the subjects are rst eeghde a certain ambient
illumination for enough time to adapt to its intensity. Netkte illumination changes
suddenly and experimenters measure the subjects' alulifetect a small luminance
difference on a test stimulus. If we recall Figidd, in the adapted state the difference
in the luminance on the stimuli falls on the linear part of toreceptors response
thus produces the strongest difference in output signaloAg as the adaptation pro-
cess is not complete, the difference of output signal is gesged by the non-linear
part and the stimulus has to be stronger to be perceived.eladhpted state the visi-
bility of the luminance difference in the test stimuli is tsieongest.

The measured time course of dark and light adaptation is shiowigure3.6. The
plots start with a sudden change in illumination which resinl high detection thresh-
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Figure 3.6: Time course of dark adaptation (a) and light tategm (b,c) as a function
of threshold sensitivity. Dark adaptation was to completkdess, light adaptation to
the speci ed luminance levels. Plots aftérdrwerda et al. 1996

olds, thus low sensitivity. The sensitivity of both rods arawhes progresses asymp-
totically. During dark adaptation, the process of cones$er but cones soon reach
their maximum sensitivity. The sensitivity level is for a ment constant because the
rods still have not recovered from the strong illuminatidith time, rods dominate
vision and continue the adaptation process until maximumsigeity is reached. The
light adaptation in the scotopic range is extremely rapid m@arly 75% of the process
is accomplished within rst 400ms. The cone system adapligtt much slower and
requires about 3 minutes to reach maximum sensitivity wihem slightly decreases.
Due to their asymptotic nature, the adaptation processesften approximated with
an exponential function as explained in Sec#o?.2

3.1.6 Perceptual Implications

The optical and sensory parts of early vision have a de aitmpact on the subjective
appearance of scenes. The properties of rods and cones cearty distinguishable

vision modes, photopic and scotopic, which deliver a tgtdiliferent appearance of the
same scene depending on the absolute luminance of ambisnination. The course

of light and dark adaptation has a temporal but signi cantémce on the appearance
of dynamic scenes in which the illumination changes suddenl

Further, we are so strongly accustomed to the effects tetatearly vision that we
tend to associate appropriate illumination levels to m#tehcorresponding image ap-
pearance $pencer et al. 1995 Therefore simulation of scotopic vision conveys to
the observers the message of low illumination conditiortge Veiling glare in images
indicates the presence of light sources and causes thatahs eentered in the glare
appear to be brighter than they actually are.

Existing display devices show images at the luminance sdeegely corresponding to
the mesopic vision. When, for instance, the low luminanceltewf night scenes are
transposed to the luminance range of a display their sulxgeappearance is not any
more observed. Since the characteristics of these earynyisocesses have been mea-
sured, it seems reasonable to simulate them during theaglisplconvey the subjective
appearance of scenes with luminance levels outside théagisgnge. We propose an
appropriate solution in Chaptdr
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3.2 Visual Sensitivity

Contrast, which is a difference in luminance between adjacedistant areas, is the
primary form of visual information that is delivered to them. The visual sensitiv-
ity is therefore measured by our ability to respond to phalstontrasts of different
properties across different observation conditions.

Contrast is captured by the receptive elds and neural aaenections in the retina.
According to the multi-resolution theory of vision, for @rpretation the visual signal is
split into several channels each dedicated to contrastpaiftecular spatial and tempo-
ral frequency, and orientation. The sensitivity to the infation in different channels
varies and depends on the signi cance of their informatioterms of recognition of

natural scenes. Further, all contributing components igdyhadaptive and the visual
sensitivity changes as a function of light intensity.

The understanding of human response to contrast is initegestthe context of tone
mapping algorithms, because from the technical side tlesiergtial goal is to reduce
the contrast in the HDR contents. In the following sectiomsfacus on the measured
observations that characterize the effective human ptocegf contrast, while the un-
derlying processes are fundamentally described in hardbfgandell 1995 Palmer
1999.

There are two main aspects of contrast perception. Theyabfldetecting signal on a
uniform background — contrast detection (threshold agpawt the ability to judge if
one signal generates a stronger contrast than the othetrasbdiscrimination (supra-
threshold aspect). The difference between the two is itistl in Figure3.7. In con-
trast detection (a), the difference in luminarebé between the background and the
patch is measured. For the patch to be discernible it nedass stronger than the visi-
bility threshold. In contrast discrimination (b), the @ifénce between contrasts of two
patches with their background§Y is measured. It needs to be strong enough so that
the difference in brightness between the two patches i®digde. The performance
of contrast perception depends on the ambient illumindéwel, spatial frequency of
the signal, and the presence of other signals in the aredesést.

(a) contrast detection (b) contrast discrimination

Figure 3.7: Test stimuli and luminance pro les illustraginontrast detection and con-
trast discrimination.
3.2.1 Luminance Masking

The most basic response to contrast is measured by the abitietecting a luminance
changeadY on a uniform background of luminande(Figure3.7). This directly corre-
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sponds to the psychophysical measurgisf noticeable difference — jrfdr luminance.
For a single stimulus in a form of patch shown in Fig3t& the smallest detectable
luminance difference, the detection threshold, changedasction of the background
luminance. The effect is called luminance masking, bec#usexisting luminance
in the background masks the visibility of stimuli whose laaice is slightly lower or
higher.

Initially, according to Weber's Law the relation of just im#able difference in lumi-
nance with respect to the background luminance has beemadsto be constant.
Currently, several more precise threshold versus inte(tsif) functions are in use, in-
cluding the one de ned in the CIE standar@IE 1981 which we use in the further
chapters of this dissertation. The tvi function is plottadrigure 3.8 for reference.
In photopic vision the ratio of the visibility threshold the background luminance is
approximately constant and Weber's law gives a good priedictn the mesopic and
scotopic range, however, the detection thresholds do noedse signi cantly with
respect to the background.

=
o
N

detection threshold [cd/m?]

background luminance [cd/m?]

Figure 3.8: Visibility threshold as the function of backgnal luminance (tvi) from the
CIE standardCIE 1987 (solid line) and Weber's Law for reference (dashed line).

3.2.2 Spatial Contrast Sensitivity

The human vision response to contrasts in complex images\@epending on the fre-
guencies of their components. When observing periodic Egnéich can be thought
of as an approximation of natural images, the detectiorshiulels discussed in the
previous section further depend on the spatial frequendhefkignal. The effect is
illustrated in Figure3.9.

The pattern shown in FiguR9measures the spatial contrast sensitivity function (CSF)
for human vision. The CSF in principle increases the vigibthresholds given by the
tvi function for low and high frequencies. It also indicatkat our perception is best at
detecting medium frequencies which usually de ne the aesiof objects in a scene.
The sensitivity is expressed in terms of cycles per degretsafl angle, therefore the
ability to perceive contrast in a pattern of certain frequechanges with the viewing
distance.
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decreasing signal amplitude
relative sensitivity to spatial frequencies
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increasing spatial frequency

Figure 3.9: Spatial contrast sensitivity chart aft€ampbell and Robson 19p58The
amplitude of signal decreases uniformly for each frequebaythe perceived signal
disappears non-uniformly as approximately outlined byréhative sensitivity plot.

3.2.3 Contrast Masking

The ability of human vision to detect signals of certain freqcies is further impeded
by the presence of other visible signals in the area of istemich have a similar

frequency and spatial orientation. This is because existontrasts mask the new
contrast of the introduced signal. The effect can be obsan/gigure3.10

WO
P 13

B

test signal masking signal (image) with the test signal
superimposed

Figure 3.10: Contrast masking example. The visibility af test signal in the image
depends on the local image contents. It is hardly percedvabthe areas with high
frequency textures or with patterns of similar orientatidrhe test signal consists of
periodic countershading pro les introduced in Chapter

Contrast masking is measured by nding a necessary amplitdidhe test signal such
that it is visible when super-imposed on the existing sighahe existing signal is uni-
form, this is the same effect as the luminance masking tbezéiie visibility thresholds
are equivalent. When the amplitude of contrasts of the exjstignal increases, the
initial visibility threshold changes as described by a shi@d elevation function. The
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threshold elevation function increases the detectiorstiulel as a function of the local
contrast of the same frequency and orientation and is ysualtleled by a power func-
tion with a typical exponent betweeng - 1, mostly 07 [Daly 1993 (Figure 3.11).
The function has two asymptotic regions, one with slope o6 zsd one with slope
near 1. The zero slope occurs for low contrasts of the masigmual (the existing
signal) that are not visible and therefore do not change igibility threshold which
in this case is the same as for the uniform background. As aedhe local sub-band
contrast of masking signal is greater than the thresholttasiy the contrast of the test
signal must be stronger to be visible.

2
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__ detection threshold

detection threshold W= —

difference in physical contrast dW
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existing physical contrast W

Figure 3.11: Necessary difference in the physical conttéét so that it is visible in
the presence of the existing contréét Plot based on the threshold elevation function
after [Daly 1993.

3.2.4 Visual Detection Models

The measurements of human visual sensitivity to varioupgatees of physical con-
trasts are often used to design computational models ofasirdetection and discrim-
ination. Such models permit to estimate whether certainalisignals are visible to
an average observer. These signals can be both useful etiormwhich should be
strong enough to be above the visibility threshold, and aimed information like com-
pression artifacts whose magnitude should be kept belowrédicted visibility level.
In this dissertation we exploit both of these aspects andsusk models to evaluate
the quality of contrast reproduction (Chap&mand to predict the potential visibility of
contrast enhancement as a halo artifact (Chafter

3.2.5 Processing of Visual Information

While both color contrasts and luminance contrasts deliierination to the brain, the
luminance is the primary source and colors are supplemeimfarmation. Figure3.12
illustrates a color image and two versions of it: one corganly luminance contrasts
and the other only color contrasts. The recognition of imaggents is equally good
in the luminance image as it is in the original image. In cantrthe contents of the
color only image are recognized with a substantial dif gudind some information is
missing.
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(a) luminance contrasts only (b) luminance and color contrasts (c) color contrasts only

(original image)

Figure 3.12: The original image (b) decomposed into the hamce contrasts alone (a)
and the color contrasts (c).

The theoretical approach to processing of visual inforamadistinguishes two visual
pathways: magnocellular and parvocellulavgndell 1995 also popularly known
as the “where system” and the “what system” respectivelyifigstone 2002 The
“where system” is responsible for the perception of depith motion, for the spatial
organization of scene objects, and for the gure/groundegation. It can be charac-
terized by a fast response to changes and high contrastigigy)dut it is color blind
and its visual acuity is lower by a factor of 2 compared to tthd&t system”. The
“what system” is color selective and has a high visual acbity its sensitivity to con-
trast is low and it responds slower to changes. The “whaegysts responsible for
recognition of objects, including faces, and perceptionaddrs. It can be subdivided
into the “form system” which uses luminance and color to deshapes of objects, and
the “color system” which identi es color of surfaces.

We have focused our discussion in the previous sectionsroiméince contrast alone,
because it appears to be the major factor in the successéupietation of scenes.
Luminance contrast is the common component of both “whenel’ ‘avhat” systems
and permits the perception of objects and their spatialrorgéion in the scene. Since
it is directly affected by the process of tone mapping, weiartpat it requires closer
perceptual investigation. Consequently, we evaluatdipgisone mapping operators
in terms of their good reproduction of luminance contra€isapter6) and develop a
contrast enhancement technique that facilitates the poceof image features after
tone mapping (Chaptém).

3.2.6 Contrast lllusions

The visual information is sensed locally, through the réigepelds, and registered
as contrasts due to the center-surround construction ¢f slds. Therefore lumi-
nance differences deliver useful information which is @oated over the uniform ar-
eas. Also, a contrast needs to be suf ciently strong so thit above the visibility
threshold and can be interpreted by the visual system. Ted Wweninance differences
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Figure 3.13: The appearance of the right image matches therle, although the
luminance pro les of these images differ (bottom plots).eTgradual darkening and
brightening at the borders of areas of equal luminance eseafperceived brightness
difference between them — the Craik-O'Brien-Cornsweesibhn (right image).

are sensed as uniform areas.

The insensitivity to certain visual signals leads to stroagtrast illusions. A carefully
shaped luminance pro le at an edge between two areas, likggare 3.13 causes
change in the brightness of the whole areas and increasgmetbeived contrast be-
tween them Dooley and Green eld 1977 Apparently, the gradual change of the lu-
minance away from the edge towards the mean value is not b&dirged by the human
visual system. The only information in the image, immed@iptrast at the edge, de-
nes the brightness relation between the two patches wtichropagated over the
whole area of the patches — hence the illusory brightnessréifce. Such a perceived
contrast between image areas is strong and appears everdios@cutive combination
of pro les or when an area is isolated from the area which amstthe pro le.

The appearance of illusion is not limited to simple unifomeas. Interestingly, it seems
to be stimulated not only by physical aspects of the visuaiai but also by cognitive
interpretation Purves et al. 1999 For instance, certain visual cues that the pro le
is caused by a difference in the illumination, possibly aoned by the perspective
information, strongly enhances the effect. In the examplaa in Figure3.14 a
rough Cornsweet pro le on the border of two pages createdlitigon but the same
pro le overlaid on an out-of-context area gives a very wetkda.

Such illusory contrast effects permit to in uence the chaimythe brightness appear-
ance of larger image areas only by modifying their bordetsusTan informed use of
such Cornsweet pro les can be used for image enhancementaniery sparing use
of dynamic range. We take advantage of such possibility asigd the appropriate
image processing tool in Chaptér

3.3 Image Appearance

The nal appearance of visual contents is a product of thenitvg processes highly
in uenced by our understanding of scene components and tegiembered appear-
ance. After Fairchild and Johnson 20D8ne can give the following scene to interpret:
a yellow house with the blue door viewed during sunset. Aaldsspection of the
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Figure 3.14: An open book illuminated from the right creatgso le similar to Corn-
sweet (bottom plot). Due to the perceptual illusion, thé pefge of the book appears
to be brighter than the right page, although their luminaaddentical apart from the
pro le shape. The plot illustrates the intensities of a dicenat the level of the page
footer. The illusion appearing on the book is articulateccbytextual information —
the same luminance pro le shown in the right image does néileixsuch a strong
effect.

scene reveals that a nearby wall casts a shadow preciselyeotiobr which means
that the blue color is actually caused by the pure illumorafrom the sky. Since it is
now apparent that the blue is a property of the illuminattbe,appearance of the door
changes from blue to yellow — its true re ectance. This ilfates the ability of the
human visual system to identify the illumination in the see@md to discard it during
the interpretation of objects' appearance. This effectnigvin as lightness and color
constancy and leads to a similar appearance of scenes mtkagef the illumination.

The appearance of objects is rst determined through therjmetation of their visual
stimuli. The stimuli can be perceived as: illuminant, illunation, surface, volume, or
unrelated stimulifFairchild and Johnson 20D3The illuminant attribute is assigned to
objects which are perceived as being a source of light. Thmihation appearance
is attributed to the properties of prevailing illuminaticather than objects and is me-
diated by illuminated objects that re ect light and castdtas. In the presence of a
physical and recognizable object the stimulus can be atathas the property of its
surface. The stimuli can also be interpreted as the causarefidarency and, in a spe-
cial case, as unrelated information when the stimuli is nleskin an out of context
mode, for instance through an aperture. By determining slagses of visual stimuli,
the human visual system tries to discard the illuminatidorimation in the observed
scenes. A failure in the correct interpretation can lead wis#nle difference in the
image appearance as illustrated by the yellow house example

The interpreted stimuli are further de ned by ve perceptadtributes: brightness,
lightness, hue, colorfulness, and chroma. Brightnessipénceived luminance com-
ing for the scene, discarding its contextual propertieghtriess is a contextual inter-
pretation of brightness and is judged relative to the brighs of a similarly illuminated
area that appears to be white. Hue is de ned by the dominamneleagth of stimuli.
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Chroma de nes the color purity as a difference from the gm@yet Colorfulness is
the subjective impression of color purity determined by absolute luminance level
(the Hunt effect Fairchild and Johnson 20{)3 Lightness and chroma can only be at-
tributed to objects in the scene and are not a property ahithation, while colorfulness
is an interaction of illumination with an object. Furtherightness and colorfulness are
related to the absolute amount of energy emitted from olksenbjects.

In the context of reproducing the appearance of scenes ptaysin changed obser-
vation conditions the following can be observed. The huebate is in general not
affected by changes in illumination (excluding extremeesasf monochromatic illu-
mination). On the other hand, the brightness and colordimannot be reproduced at
all if a scene is displayed with a different luminance rartgantthe original, which is
usually the case, because these attributes depend on tiatadleminance level. For
a good reproduction of appearance, the effort should tberdfe focused on a good
match of lightness and chroma between the original scenésdisplayed depiction.
For the most part, lightness requires the correct estimatiduminance perceived as
white, and chroma requires the correct estimation of lighsnand the perceived satu-
ration of the color [Fairchild and Johnson 20D3The correct estimation of lightness is
one of the topics of this dissertation and in the next sectierbrie y review existing
lightness perception theories.

3.3.1 Perception of Lightness

Any luminance value can be perceived as literally any ligektnvalue (shade of gray)
depending on its context within the image. Initially, lights has been assumed to
be equivalent with re ectance which can be obtained by diagduminance by the
estimated illumination — a straightforward realizationlightness constancy. This as-
sumption, however, has been undermined with empiricalesdd.

The problem of lightness perception and lightness congthas been studied exten-
sively in the last two centuries for which a detailed accorari be found inPPalmer
1999. At rst, the Gestalt theorists rejected the assumptioat iuminance per se is
the stimulus for lightness. The most prominent theorielfoMallach's observation
[Wallach 1948 that the perceived lightness depends on the ratio of thénlamce at
edges between neighboring image regions. This inspirecetivex theory [and and
McCann 197}, in which it is assumed that even for remote image regioeh suratio
can be determined through the edge integration of lumineattoas along an arbitrary
path connecting those regions.

Lightness can be well modeled by the retinex algorithm urtdercondition that the
illumination changes slowly, which effectively means teharp shadow borders can-
not be properly processed. To overcome this problem, Gdthnd his collaborators
suggested that the human visual system performs an edge @ddisn to distinguish
illumination and re ectance edge$jlchrist 1977. This led to the concept of the
decomposition of retinal images into the so called intdrisiages Barrow and Tenen-
baum 1978 Arend 1994 with re ection, illumination, depth and other informatio
stored in independent image layers. The lightness pearepiieories based on in-
trinsic images can predict lightness constancy very ssfelys However they de ne
only relative lightness values for various scene regiorfgeilimportant shortcoming
is the lack of a rule which would de ne the association betw#ee predicted relative
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lightness and the perceived white, grays and black acress/iole scene. Further-
more, being developed for good lightness prediction, thieseries fail to account for
lightness constancy failures typical to human visiGil¢hrist et al. 1999

The mapping of relative lightness to the perceived shadgsayfis solved by anchor-
ing. There are several rules of anchoring, each of which €g a method to assign
one particular absolute lightness value (e.g. white, hlatdkidle gray) to one relative
lightness value — the so called anchor value. The remainiagping can be imme-
diately found through the known lightness ratios. In paittic, the anchoring can be
directly applied to the intrinsic image models, althoughiafly it was not included, by
mapping the maximum value in the re ectance layer to white.

The problem of lightness constancy failures and absolgteiess assignment, al-
together, is addressed by the anchoring theory of lightpesseption developed by
Gilchrist et al. [Gilchrist et al. 1999 One of the key arguments of the theory is that
lightness mapping can differ even within a single image ddp& on the considered
context of the image. In this theory, such ambiguity is acted for by the concept
of frameworks. Frameworks are image components which angogd by the terms of
Gestalt principles: mainly by common illumination, but@lsy proximity, similarity,
co-planarity, good continuation, and common fate. An imaggmposed of multiple
frameworks whose areas can overlap. The anchoring rule igancgrrect lightness
estimates when considered only within one framework. Theigietness of a surface
in an image can be found by estimating the in uence of eacheftameworks on that
surface and by calculating the weighted product of lighémasppings within each of
the frameworks.

The main weakness of the lightness perception theorieaighiy are given in a de-
scriptive form and lack computational models. To accountcimrect lightness re-

production in tone mapping, we formulate the computationatiel of the anchoring

theory of lightness perception in Chap&rOur choice for this theory is motivated by
its sound explanation of the particular appearance of mapgrénental scenes and its
extensive experimental studies with human subjects.
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Chapter 4

Real-time Tone Mapping for
HDR Video

Low dynamic range (LDR) image and video contents, which toeed in the display-
referred representation, are usually directly shown orsplay. The parameters of a
reference display and the preferable observation comditave well de ned in stan-
dards [TU 1990 and guarantee that such in a sense oblivious depictiouestelgood
quality. While the general parameters of displays usuallgicthe standard, the obser-
vation conditions, however, may not match the referencerd&are able to compensate
this mismatch by adjusting few parameters like contrasghibness and saturation to
improve the picture, however the range of adjustment igdichiMoreover, the exces-
sive adjustment of these controls may not only lay beyond#pabilities of a display,
but may also reveal artifacts in the image contents. Thipéap because the display-
referred representation contains only suf cient image aitto quality to produce
good results under the assumed conditions. For instanestrimng contrast ampli ca-
tion would show contouring artifacts. On the other handyrggrincrease of brightness
would not reveal the details of dark picture parts as perbapsvould expect, because
the brightness of these parts lays outside the dynamic maingeeference display and
therefore their contents have not been stored in the stream.

Contrary to the display-referred contents, scene-redetfBR contents are not lim-
ited to the capabilities of typical displays. HDR video coegsion Mantiuk et al.
2004, for example, stores as wide luminance range as the huneoasyobserve in a
real-world scene. This in most cases largely exceeds déjesbof displays, therefore
such scene-referred contents require processing (tonpinggprior to display. Such
processing is performed on the side of the target displaytlauglhas several notable
advantages with respect to the display-referred reprasent First, the HDR contents
can be processed in such a way that delivers the best qualityeoactually used dis-
play under the actual observation conditions. Second,ithiésd range of brightness
and contrast adjustments can be relaxed and moreover thty gdidgheir effect is im-
proved. For instance, the brightness correction of HDR dataals contents of too
bright or too dark picture parts because, unlike in the cd4dO® data, the informa-
tion there is not clipped. Finally, the ample amount of luamrioe information in HDR
video permits to add new controls that take advantage ofuhidahle dynamic range

39



40 CHAPTER 4. REAL-TIME TONE MAPPING FOR HDR VIDEO

and can increase the realism of a picture. We observe, that fange of luminance
levels typical to certain scenes like nights or sunny ddys,depiction of true lumi-
nance is not feasible on displays. Hence all such scenesappan almost similar
way on the screen, although an average observer would etgpsee bright saturated
colors only on a sunny day, while subdued grayish tones withdcuity are common
in the night and a veiling glare usually appears around bfights. When these phe-
nomena are ignored, well visible details appear unreaiistiimly illuminated scenes,
because the acuity of human vision is normally degraded ¢h sonditions. On the
other hand, perceptual effects like glare cannot be evokeduse the maximum lumi-
nance of typical displays is not high enough. However, wesaresed to the presence
of such phenomena, that adding glare to an image can inctleaseibjective bright-
ness of the tone mapped imadgpencer et al. 1995 Therefore by simulating such
perceptual phenomena, we can increase the realism of HDRrasrby reducing the
appearance mismatch between the real-world and display.

In our work, we focus on a real-time implementation of a higialgy tone mapping
operator and on the introduction of new controls that takeathge of the luminance
range available in the stream. To match the real-world ajppee of recorded HDR
scenes, we enhance the tone mapping algorithm by inconportéie most signi cant
perceptual effects that are related to the absolute lurnaéavels in the scene and to
the optics of the eye (Sectiahl). Improving over previous work, we observe that
these effects have much in common in terms of spatial arsadysi show that making
use of such similarities have a tremendous impact on themeahnce. Further, we
add the functionality for convenient inspection of verbaihformation in a selectable
dynamic range. Such an inspection tool is necessary in edsssit is required to view
the exact contents of the recorded scene, as for instanceendic applications. We
implement our approach in the graphics hardware as a stand-BIDR image/video
processing module and achieve a real-time performancecdin@utational overhead
of our extensions to tone mapping is negligible. Althoughprienarily demonstrate
the module in the context of HDR video playback, it can be dsapplied to the nal
stage of a real-time renderer or to other stream of HDR césiiée an input from a
surveillance camera or data for visualization.

4.1 Previous Work

The tone mapping of HDR contents has been widely addressess@arch and we
have introduced most of the existing algorithms in Sec@dh Simple algorithms,
which are based on a tone reproduction curve, can be implecherry ef ciently in
the graphics hardwardfago et al. 200B but such methods fail in reproducing ne
details in the HDR scenes. Most of the recent algorithmseeé higher quality but at
the cost of the increased complexity and only few are ablelieae interactive rates
at 1Mpx resolution Goodnight et al. 2003 In contrast, our work is unigue in a sense
that we aim at real-time tone mapping performance wihoutpgromising the quality
of HDR.

Certain perceptual effects, like the lack of visual acuitycolor perception in night
scenes, have already been accounted for in several tonengagdgorithms Ferwerda
et al. 1996 Ward et al. 1997Durand and Dorsey 200@attanaik et al. 20Q0 These
effects, however, have been discussed only in the conte)bbal operators and have
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been applied to the whole image with a uniform intensity. IiSae approach can lead
to the unrealistic depiction when a wide range of luminarsceresent in the scene
and certain phenomena should be observed only in a part cfcéhee. Furthermore,
the proposed solutions have been composed of multiplestsgdh involving complex

processing such as convolutions. Although the implememtaf individual perceptual

effects on graphics hardware is intuitive, aveacombination to include all of them
does not even allow for an interactive performance on thptgea hardware currently
available.

4.2 Computational Models

With many tone mapping algorithms available, we want to useethod that provides
good, widely acknowledged results for static images. Tharpaters of the method
should provide suf cient control to enable maintaining fgenal coherence of picture
during the HDR video playback. Furthermore, we require #hiatal-time performance
is feasible for at least a reasonable approximation of sunlethod and that the trade
off between the quality and performance can be adjusteddptad the capabilities
of available graphics hardware. At the same time we wantttiatspatial analysis
involved in tone mapping bear some similarities to the reatimperceptual effects that
we plan to simulate. We have found that photographic toneotegtion Reinhard
et al. 2002 satis es our requirements. In the following sections, wstjfy our choice
by brie y explaining the tone mapping algorithm and eachha perceptual effects that
we include, and by showing the apparent similarities in fregial analysis of perceived
images.

Throughout the tone mapping pipeline, we assume the RGB owdalel where each
channel is described by a positive oating point number. #her proper estimation of
the simulated perceptual effects, the pixel intensity @alim the HDR contents should
be calibrated toﬁ—g. Such calibrated contents can be obtained using the phatome
calibration procedure outlined in Appendifrom both standard and HDR cameras
described in Sectiog2.4. In our implementation, we consider the values to be in the
range from 104 to 1%, which is suf cient to describe the luminance intensities-p
ceivable by human vision. The algorithm produces tone mai@B oating point
values in the rang®: 1] which are then quantized to 8-bit values by an OpenGL driver.

4.2.1 Tone Mapping

The algorithm proposed by Reinhard et dRefjnhard et al. 20Q2perates on the lu-
minance values which can be extracted from RGB intensitasguthe standard CIE
XYZ transform (Sectior2.1). The method is a global operator, sigmoid scaling func-
tion, combined with a local dodging & burning technique thbbws to preserve ne
details as described in Secti@®.3 The results are driven by two parameters: the
adapting luminance for the HDR scene and the key value. Tapted luminance en-
sures that the global scaling function provides the mostieht mapping of luminance
to the display intensities for given illumination condit®in the HDR scene. The key
value controls whether the tone mapped image appearsvedjakiright or relatively
dark. While the general background for this tone mappingatpeihas been given in
Section2.5, here we focus on a precise de nition of the used method.
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Figure 4.1: Tone mapping of an HDR image with a low key (lefij @ high key (right).
The curve on the histograms illustrates how the luminanceapped to normalized
pixel intensities.

In this algorithm, the source luminance valdéare rst mapped to the relative lumi-
nancey;:

ay.
2
whereY is the logarithmic average of the luminance in the sceneghvisian approx-
imation of theadapting luminanceanda is the key value. The relative luminance
values are then mapped to the displayable pixel intenditiesing the following func-
tion:

Yo = (4.1)

Y,
L= ; 4.2
v (4.2)

The above formula maps all luminance values to [(hel] range in such way that
the relative luminanc¥, = 1 is mapped to the pixel intensity= 0:5. This property
is used to map a desired luminance level of the scene to theleniatensity on the
display. Mapping a higher luminance level to middle grayhessin a subjectively dark
image (low key) whereas mapping a lower luminance to midddg will give a bright
result (high key) (see Figur.1). The modulation of the key value in equatich])
with respect to the adapting luminance in the scene allowstalate a relatively dark
appearance of night scenes compared to bright day scenesxplégn our solution in
Section4.3.1

The tone mapping function in equatiof.?) may lead to the loss of ne details in the
scene with wide dynamic range due to the extensive contoaspession. Reinhard et
al. [Reinhard et al. 20Q2ropose a solution to preserve local details by employing a
spatially variant local adaptation valiein equation 4.2):

Y (XY)

L(xy) = 1T+V(xy) (4.3)
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The local adaptatiol equals to an average luminance in the surround of a pixel. The
size of the surround, however, has to be carefully choseexplained in Sectio.5.2
larger areas guarantee good detail preservation, but aatge kurround covering a
high contrast edge will lead to well known inverse gradietifacts,halos To nd an
appropriate value o¥ for a pixel, the size of the surround is successively in@das
as long as it does not introduce any artifacts. For this me@Gaussian pyramid is
constructed with successively increasing kernel:

1 s
a(xy,s) = o e < (4.4)

52
The spatial extent Bf the Gaussian kernel for the rst scalerie pixel wide which is
obtained withs= (2 2) 1. On each successive scale the spatial extent parasister
1:6 times larger. The Gaussian functions used to construensssales of the pyramid
are plotted in Figurd.2 As we later show, such a pyramid is very useful in introdgcin
the perceptual effects to tone mapping.
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Figure 4.2: Plot of the Gaussian pro les used to construetdbales of the pyramid
used for local dodging & burning in the tone mapping algantirhe smallest scale is
denoted as #1 and the largest #8. The plots are normalizdtebyaximum value for
illustration purposes.

4.2.2 Temporal Luminance Adaptation

The luminance values in the HDR video can signi cantly chafigm frame to frame
and cause unnatural brightness change in the tone mapialgsteThe human vision
reacts to such changes through the temporal adaptatioegszes (Sectio®.1.5. The
time course of adaptation differs depending on whether vap&od light or to darkness,
and whether we perceive mainly using rods (during night) @mres (during a day).
While several models have been introduced to computer graphiseems that it is
not as important to faithfully model the process as to somehoccount for it at all
[Goodnight et al. 2003

In the tone mapping algorithm chosen by us, the luminancptatian can be modeled
using the adapting luminance term in equatiéri). Instead of using the actual adapt-
ing luminanceY for the displayed frame, a ltered valig can be used. The value of
Y, changes according to the adaptation processes in humam vesientually reach-
ing the actual value if the adapting luminance is stable éones time. The process of
adaptation can be modeled using an exponential decay dmnj@urand and Dorsey
2000:
Y= V(Y Ya) (1 e 1); (4.5)
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whereT is the discrete time step between the display of two framedf as the time
constant describing the speed of the adaptation procegstinib constant is different
for rods and for cones:

trogs= 0:4sec tcones= 0:1seg (4.6)

thus the speed of the adaptation depends on the level oflth&rilation in the scene.
The time required to reach the fully adapted state depesdsidiether the observer is
adapting to light or dark conditions. The values in equaf#B) describe the adapta-
tion to light. For practical reasons the adaptation to dankat simulated because the
full process takes up to tens of minutes. Instead, we pertbenadaptation symmetri-
cally, neglecting the case of a longer adaptation to darklitions.

4.2.3 Scotopic Vision

Human vision operates in three distinct adaptation comiiti scotopic, mesopic, and
photopic (Sectior8.1.3. The photopic and mesopic vision provide color vision, lhi
in the scotopic range color discrimination is not possitdeduse only rods are active.
The cones start to loose their sensitivity at abodl% and become completely insen-

sitive at 003#d where the rods are dominant. We model the sensitivity of sodfter
[Hunt 1993 with the following function:
0:04

sSM= Goar v’

whereY denotes the luminance. The sensitivity value 1 describes the perception
using rods only (monochromatic vision) asd= 0 perception using cones only (full
color discrimination). The plot of equation.{) is shown in Figuret.3.

(4.7)

T T T
sensitivity of rods
loss of visual acuity m

log;q luminance

Figure 4.3: The in uence of perceptual effects on vision elgting on the luminance
level. For details on rods sensitivity and visual acuityerdbd Sectiong.2.3and4.2.4
respectively.

4.2.4 Visual Acuity

Perception of spatial details in human vision is not peréat becomes limited with
a decreasing illumination level. The performance of visaality is de ned by the
highest resolvable spatial frequency and has been ine¢stign Shaler 193F [Ward
et al. 1997 offer the following function t to the data provided by Steal

RF(Y) = 17:25 arctarfl:4log;oY + 0:35) + 25:72; (4.8)
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whereY denotes the luminance amF is the highest resolvable spatial frequency in
cycles per degree of the visual angle. The plot of this fuamcts shown in Figurd.4.
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Figure 4.4: Plot of the highest resolvable spatial freqydaca given luminance level
which illustrates the effect of loss of the visual acuity.a8al frequency is given in
cycles per degree of visual angle. The horizontal line m#r&snaximum displayable
spatial frequency on a 15 inch LCD in typical viewing conafits.

To simulate the loss of visual acuity on a display device wedn® map the visual
degrees to pixels. Such a mapping depends on the size ofgphkayjithe resolution,
and the viewing distance. For a typical observation of a Th iscreen from half a
meter at 1024 768 resolution we assume 45 pixels per 1 degree of the viege alt

is important to note that the highest frequency possibladoalize in such conditions
is 22 cycles per visual degree. Therefore, technically westaulate the loss of visual
acuity only for luminance below:BCWd. The irresolvable details can be removed from
an image by the convolution with the Gaussian kernel fromaéqo @.4) wheres is
calculated as followsWard et al. 199

width 1
fov 1.86 RF(Y)"

Sacuit(Y) = (4.9)

width denotes width in pixels anflovis the horizontal eld of view in visual degrees.
For typical observations theidthto fovrelation equals 45 pixels. We plot the pro le
of the kernel, according to equatiof.4), for several luminance values in Figuteb.

In Figure4.3 we show the amount of lost visual acuity with respect to thmihance
level. Apparently the loss of the visual acuity correlatéshuhe increasing sensitivity
of rods, and is therefore only present in monochromatiowisi

1.2 T T T T
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0.4 —
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0 L ) L
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Figure 4.5: Plot of the pro les of the Gaussian kernels wtgeln be used to simulate
the loss of visual acuity at different luminance levels.
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4.2.5 \Veiling Luminance

Due to the scattering of light in the optical system of the, es@irces of relatively
strong light cause the decrease of contrast in their viciiglare (Sectior8.1.1). The
amount of scattering for a given spatial frequemcynder a given pupil apertuikis
modeled by an ocular transfer functidbdeley et al. 19911

1:3 0:07d
OTF(r;d)= exp  s59-514 ;

(4.10)
d(Y)= 49 3tan{0:4log,,Y + 1):

In a more practical manner the scattering can be represantiae spatial domain as a
point spread function. In Figur 6 we show point spread functions for several adapt-
ing luminance levels, which were numerically found by apmdythe inverse Fourier
transform to equation4(10).

1.2 T T T T T
Y =0.0001 [cd/
1F Y=0.01[cdng] — A
Y =1 [cd/ —
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0.4
0.2
0
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Figure 4.6: The point spread function illustrating scatigiof light in the optical sys-
tem of the eye for several adapting luminance levels.

Another model of the glare effect was introduced in compgtaphics by Spencer et al.
[Spencer et al. 1995They describe this phenomenon with four point spreadtfans
linearly combined with three sets of coef cients for diféeit adaptation conditions
(scotopic, mesopic and photopic). Since their model is dex@nd it is not obvious
how to apply it in continuously changing luminance condispwe decided to employ
the model developed by Deeley at dbdeley et al. 1991 which describes the effect
with one function that changes continuously for all adaptelevels.

4.2.6 Similarities in Spatial Analysis

Apparently, the visual acuity and the veiling luminance laased on the spatial analy-
sis of an image modeled using the point spread functionshédsame time, a Gaussian
pyramid is required to perform local tone mapping. Inténegy, convolution on par-
ticular scales corresponds to the convolution requiredirntwiate visual acuity and
glare at various luminance levels. This is an important olzg®n which allows to
model these effects by reusing the appropriate levels oBtngssian pyramid without
additional impact on the performance. The corresponderteden the scales from
the tone mapping (Figuré.2) and the appropriate convolutions for visual acuity and
veiling luminance are plotted in Figure?.
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Figure 4.7: The correspondence between the scales frorarthertapping (Figuré.2)
and the appropriate convolutions for visual acuity (Figh® and veiling luminance
(Figure4.6).

The Gaussian pyramid constructed for the purpose of ton@imggontains only lu-
minance values. This is suf cient to simulate the light $eahg in the eye, but at rst
glance, visual acuity requires to perform the convolutionai three RGB channels.
However, Figured.3illustrates that the noticeable loss of visual acuity isspre only

in the scotopic vision where colors are not perceived. Simeesimulate the loss of
visual acuity combined with scotopic vision, we can simellétusing the luminance
channel only.

4.3 Method

We present a method that successfully combines tone mappihdhe effects men-

tioned in the previous section, which we implement in thepbres hardware for a
real-time performance. We rst show some of our improversdotthe tone mapping
method in terms of perceived brightness and luminance atlaptprocess and then
explain technical details of our hardware implementation.

4.3.1 Key value

The key value, explained in Sectidi2.1, determines whether the tone mapped image
appears relatively bright or dark, and in the original pafeginhard et al. 20Q4s

left as a user choice. In his follow-up pap&dinhard 200R Reinhard proposes a
method of automatic estimation of the key value that is basetthe relations between
minimum, maximum and average luminance in the scene. Adthdbe results are
appealing, we feel this solution does not necessary carngsto the impressions of
everyday perception. The critical changes in the absoluténance values may not
always affect the relation between the three values. Thisle@ to dark night scenes
appearing too bright and very light too dark.

The key valuea in equation 4.1), takes values fronfi0 : 1] range where @5 is the
low key, Q18 is a typical choice for moderate illumination, an8 & the high key. We
propose to calculate the key value based on the absolutedmee. Since the key value
has been introduced in photography, there is no scientydased experimental data
which would provide an appropriate relation between theuaye and the luminance,
so the proper choice is a matter of experience. We therefoprigally specify key
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values for several illumination conditions and interpeltte rest using the following
formula:
2

2+ 10gyo(V+ 1)

wherea is the key value an is an approximation of the adapting luminance. The
plot of this estimation is shown in Figure8.

a(Y)= 103 (4.11)
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Figure 4.8: Key value related to the adapting luminance icems.

4.3.2 Temporal Luminance Adaptation

We model the temporal luminance adaptation based on equdti). However, in our
algorithm we do not perform separate computations for rodscamnes, which makes
it dif cult to properly estimate the adaptation speed haviwo time constants,q and
tcone instead of one. To account for this, and still be able to atlyaeproduce the
speed of the adaptation, we interpolate the actual valukeofiine constant based on
the sensitivity of rods (equatioch7):

t(Y)=5(Y) toa+(L1 S(Y)) teons (4.12)

which we then use to process the adaptation value usingiequats).

4.3.3 Hardware Implementation

In order to perform tone mapping with perceptual effects,n@ed to compose three
maps: a local adaptation map for the tone mapping, a map iflevispatial details

to simulate visual acuity, and a map of light scattering ia élye for the glare effect.
We will refer to these maps gerceptual dataBecause different areas of these maps
require different spatial processing, they cannot be coatgd in one rendering pass.
Instead, we render successive scales of the Gaussian pyaachiupdate the maps by
lling in the areas for which the current scale has apprari@patial processing. In the
last step we use these three maps to compose the nal toneetiapgult.

Technically, we implement our tone mapping method as a saome module, which
can be added at the nal rendering stage to any real-time H&®erer or HDR video
player. The only requirement is that the HDR frame is suplpt@ our module as a
oating point texture, which can be ef ciently realized ugj for instancepixel buffers

In addition to a texture which holds the HDR frame, our moduabguires the allocation
of ve textures for processing: two textures for storingacnt scale levels, two for
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Figure 4.9: lllustration of the rendering process for torepping which includes com-
puting the local adaptation, visual acuity and glare. Thriins an HDR frame with
RGB channels and the output is a display. The blue boxesgeptéhe texture data and
yellow boxes represent rendering steps. The rendering stepked by a gray rectan-
gle are repeated for each scale to successively createdhgecscales of the Gaussian
pyramid. After the rendering of each scale, the texturesesamting the perceptual
data and the adjacent scales are swapped.

holding the previous and the current set of perceptual dato the updating process),
and one intermediate texture for the convolutions. Sineettinee maps contain only
luminance data, we can store them in a single texture in agpaolor channels.

The process of rendering the perceptual data is illustiat€igure4.9. We start with
calculating the luminance from the HDR frame and mappingtite relative luminance
according to equatior(1). We calculate the logarithmic average of the luminanae
the frame using the down sampling approach describe@aofinight et al. 2003and
apply the temporal adaptation process (equadi@h The map of relative luminance
values constitutes the rst scale of the Gaussian pyramideath scale of the Gaus-
sian pyramid, we render the successive scale by convolWiagtevious scale with
the appropriate Gaussian (equati). We perform the convolution in two rendering
passes: one for the horizontal and one for the vertical dotivo. To increase the per-
formance we employ down-sampling, where the factor of domming is carefully
chosen to approximate the kernel. Refer to FigluwH for our choice of the scaling
factors and the corresponding approximations of the Ganssrnels from Figurd.2.
Having the current and the previous scales, we update ticepeial data on a per pixel
basis in a separate rendering pass. The local adaptatiomisuted using the measure
of the difference between the previous and the current ssatkescribed inHeinhard
et al. 2002. For the acuity map, we rst estimate the proper scale ferlthminance of
the current pixel. If it falls between the previous and caotigcales, we interpolate the
nal value and update the map. In the other case the previalig\vs copied without
change. The mapping from luminance to scale for visual g¢kigure4.7) is cached
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in a look-up texture to skip redundant computations. We tgttae glare map in the
same manner, with one difference: the appropriate scatgdoz depends on the adapt-
ing luminance and is uniform for the whole frame so we supiphgia parameter to the
fragment program. Before descending to the next scale oBthessian pyramid, the
texture containing the current scale becomes the previcale,sand the texture with
the current set of the perceptual data becomes the prewbus s
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Figure 4.10: The effective approximation (solid lines) lo¢ tGaussian kernels (dotted
lines) from Figure4.2 due to the down sampling. The values in parenthesis show the
down sampling factor for each scale. For scale #1 we use igmakrimage.

After descending to the lowest scale of the Gaussian pyraimidperceptual data tex-
ture is complete. In the nal rendering step, we tone map tiRHrame and apply
the perceptual effects. For this, we use equatib8) from Sectiord.2.1in a slightly
modi ed form to account for the loss of the visual acuity ahd glare:

Yacuity(X;Y) + Ygiare(Xy) |
1+ V(Xxy)

whereL is the nal pixel intensity valueYacuity is the spatially processed luminance
map that represents the visual acu¥ygre is the amount of additional light scattering
in the eye, an¥ is the local adaptation map. Because the glare map in fataicsrthe
relative luminance from the appropriate scale of the Gangsyramid, we estimate the
additional amount of scattering in the following way to ndé only the contribution
of the highest luminance:

L(xy) = (4.13)

0:9
Yglare = Ygmap 1 m ; (4.14)
whereYgmapdenotes the glare map from the perceptual data.

We account for the last perceptual effect, the scotopiomisivhile applying the nal
pixel intensity value to the RGB channels in the original HD&me. Using the follow-
ing formula, we calculate the tone mapped RGB values as aioatidn of the color
information and the monochromatic intensity proportityad the scotopic sensitivity:
2 3 2 3 2
R R 1:05
4G 5=4g5"-0 SM 405975 sy (4.15)
BL B Y 1.27

wheref R ;G ;BLg denotes the tone mapped intensitieR; G;Bg are the original
HDR valuesy is the luminancel, is the tone mapped luminance, ahds the scotopic
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Figure 4.11: The sample results of our method showing thelated perceptual ef-
fects: glare (left) and scotopic vision with loss of visualidy (right). The close-up in
the right image inset shows the areas around the car in suglthatitheir brightness
match to illustrate the loss of visual acuity. The source HaFffmation “Rendering
with Natural Light” (left) courtesy of Paul Debevec.

sensitivity from equation4.7). The constant coef cients in the monochromatic part
account for the blue shift of the subjective hue of colorstfe night scenesHunt
1995.

An alternative implementation of this tone mapping methaithough without per-
ceptual effects, was previously introduced oodnight et al. 2003 They propose
a method to vectorize luminance which allows for ef cientngolutions with large
support kernels. However, we resigned from their approaehtd the performance
reasons — the real-time performance of this algorithm fat2 5512 frame is reached
only when the computations are limited to two scales, whechat suf cient to intro-
duce the perceptual effects. On the other hand, the dowpisarapproach provides
higher performance with suf cient accuracy of computation

4.4 Results

We demonstrate our method in combination with an HDR videxygl. The player
renders the compressed HDR video stredartiuk et al. 200%to a oating point
texture, which is then processed as described in Sedt®R® The sample results of
our method including the perceptual effects are shown inifgig.11 The left image
depicts a computer generated scene in moderate lightindjtocmrs with strong illu-
mination coming from behind the trees in the background.hSusetup would evoke
a glare effect in the real-world perception, which is nothis when pure local tone
mapping is applied (left part). However, accounting fostherceptual phenomenon
not only contributes to the realism of the rendered imagealsd increases a subjec-
tive impression of the dynamic range (right part). The righage shows a car driving
scene in day light and at night. Two perceptual phenomentypieal to night illumi-
nation: the scotopic vision and the loss of visual acuitgdtly, in the perceptual tone
mapping of the night scene (right part), it is dif cult to ¢iisguish the colors and the
overall brightness is low, which suggests the low illumioatof the scene. The inset
shows a close-up of the car with increased brightness fonitijiet scene to illustrate
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the simulated loss of visual acuity.

4.4.1 Dynamic Range Exploration Tool

Particularly in the context of HDR vide®/[antiuk et al. 2004 in order to fully bene t
from the HDR information encoded in such a video stream watiaddlly develop a
convenient dynamic range exploration tool. The dynamigesexploration tool allows
the user to view a selected range of luminance in a rectangi@ow displayed on
top of the video (see Figur¢.12. The user can move the window interactively and
choose which part of dynamic range should be linearly mapp#te display for closer
inspection. When smaller range of luminances is chosen tiawcdpabilities of the
display, the tool linearly increases the contrast of catstenthe exploration window.

On a technical level the dynamic range exploration tool §nigy-passes the tone
mapping process and displays linearly mapped part of thamdisrange in a selected
window. Such a tool is, however, very convenient in the cxtndé applications which
require that the displayed data are exactly the same as orifiral scene without any
image processing. This is for instance required in medicdlfarensic applications.

Figure 4.12: Dynamic range exploration tool in form of a womdthat reveals verbatim
details in HDR video contents.

4.4.2 Performance

We measured the performance of our method on a desktop PGwigmtium4 2GHz
processor and a NVIDIA GeForce 6800GT graphics card. We thiedime-slice re-
quired for the tone mapping with our method at several framselutions in Tabld.1

In a con guration with an HDR video player, where additiorimhe is required for
the decompression of the HDR video stream, we were able &irotite playback at
27Hz. Itis important to note that the performance of our sofuis scalable. If the
time-slice required for our method is too long for a certgiplecation, the number of
rendered scales can be limited at the cost of local perfocmahthe tone mapping and
the accuracy of the visual acuity processing for very louniination conditions.

The main bottleneck in the performance is caused by the anodwontext switching
required for the multi-pass rendering using thigel buffersextension. The currently
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\ 320x240 \ 640x480 \ 1024x768
8 scales| 8ms (58Hz)| 25ms (27Hz)| 80ms (10Hz)
6 scales| 7ms (62Hz)| 21ms (30Hz)| 66ms (12Hz)
4 scales| 6ms (62Hz)| 16ms (30Hz)| 51ms (14Hz)

Table 4.1: Time-slice required for the display of an HDR feaasing our method at
several frame resolutions and several sizes of the Gauggramid. In the parenthe-
sis, we give the playback frame rate which we obtained withroethod plugged to
an HDR video player (note that the resolution also affectsfthme decompression
speed).

developedrame buffer objecéxtension to OpenGL may provide an improvement, be-
cause it eliminates the need for such context switching éetwthe rendering passes
thus reducing the delays. Also, current OpenGL drivers domplement linear in-
terpolation of oating point textures during the up-sammgli Such an interpolation
is crucial for the quality of the results and currently is lerpented in the fragment
program as an additional operation.

In relation to the previous tone mapping techniques whiatoanted for perceptual
effects, our method has the following advantages: we emaltmcal tone mapping
technique, the perceptual effects are applied locally deipg on the luminance in a
given area, and we make use of the apparent similaritiesatieganalysis between the
effects to provide a very ef cient implementation. The innfamce of simulating the
scotopic vision and the loss of visual acuity was noticed égerda et al. Ferwerda
etal. 1996¢. However, they applied these effects only in the contexflobal tone map-
ping with uniform intensity over the whole image. This magdeo visible inaccuracies
when a dark scene with an area of considerably brighter iflation is processed. In
such an area, the loss of color would be unrealistic, anddaospatial frequencies
would be removed there. This fact was noticed by Ward etviarfl et al. 199Fwho
proposed to apply the perceptual effects locally, stillombination with a global tone
mapping method. Yet, in their work each of the effects haslismated separately
and involved complex processing making it inapplicabledaldtime processing. In
the attempt to provide an interactive tone mapping solyfianmand et al. Durand and
Dorsey 200Dreverted to global application of the perceptual effeatsich in fact had
the same drawbacks as theefwerda et al. 1996nodel.

Our real-time implementation leads as well to several caitgs. For instance only
the tone mapping algorithms, which make use of the Gaussieand, can be im-
plemented in such an ef cient combination with the percapeiffects. Therefore, our
framework is not appropriate for several different apphmscto tone mapping like
decomposition into intrinsic imageB{irand and Dorsey 2002r contrast domain al-
gorithms [attal et al. 200R Also, more complex functions for glare effect simulation
may not bene t from our framework, if for instance their pbapread functions cannot
be approximated with the supplied Gaussian kernels.

45 Conclusions

In view of the increasing application of HDR images and videe showed how to
process such data in order to be able to render them on tyiligelay devices with
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a substantial dose of realism. We emphasize that it is not matessary to reduce
the contrast in such data, but it is also equally importaradcount for the percep-
tual effects which would appear in real-world observationditions. Owing to the
observation that the perceptual effects share similaritighe spatial analysis of the
perceived image with the tone mapping algorithm, we were &béf ciently combine
them into a stand-alone rendering module and reachedine@lperformance. The im-
plementation of our method can be built upon any real-tinmeleeing system which
outputs HDR frames or any HDR video player. To demonstraértiportance of the
account for perceptual effects, we plugged our method intd @R video player lead-
ing to an enhanced realism of the displayed video. We impttive standard methods
of simulation of the perceptual effects by applying thenalbcdepending on the illu-
mination in an area, and by providing smooth transition leetwdifferent adaptation
conditions. We envisage that in future the use of such a neodill be standard in
every real-time HDR renderer and HDR video player.



Chapter 5

Lightness Perception in Tone
Mapping

When presenting tone mapped HDR images on display mediadissable to re-
produce the appearance of corresponding real world (HDB)esc In Sectior.3,
we have discussed ve perceptual dimensions which de neattyfgearance of a scene:
brightness, lightness, colorfulness, chroma and hue.itiiely, during the dynamic
range compression of an HDR scene these dimensions shawdéhranchanged. While
most of the tone mapping operators given in Secdnhdo not change the hue, the
change in brightness and colorfulness of a scene cannotevered because these
qualities depend on the absolute amount of light energy.s€mquently, the preserva-
tion of appearance requires careful reproduction of lighthand chroma during the
tone mapping. Throughout this chapter we focus on analysiseproduction of light-
ness.

Lightness is a perceptual quantity measured by the humarlvgystem which de-
scribes the amount of light re ected from a surface nornalifor the illumination
level. Contrary to brightness, which describes a visuasagon according to which an
area exhibits more or less light, the lightness of a surfagediged relative to the bright-
ness of a similarly illuminated area that appears to be whitas leads to a similar
appearance of perceived objects independently of thadiglaind viewing conditions,
which is known as lightness constan®a]mer 1999 The existence of lightness con-
stancy enables the reproduction of appearance in tone n@ppivhich both lightning
and viewing conditions change between the original andepeoduced scenes.

The lightness constancy achieved by the human visual syistaot perfect and many
of its failures appear in speci c illumination conditions even due to changes in the
background over which an observed object is imposegiichrist 1988. It is well
known that lightness constancy increases for scene retfiahare projected over wider
retinal regionsRock 1983. This effect is reinforced for objects whose perceive@ siz
is larger even for the same retinal sizgilchrist and Cataliotti 1994 The reproduc-
tion of HDR images on various media not only limits the lunmoa range but also
introduces further constraints like a narrow eld of viewor8e failures of lightness
constancy still appear in such conditions (simultaneoungrast for instance), but other
effects, such as the Gelb illusion, are only observed if asa®vers the complete
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eld of view. The appearance of an HDR image cannot be cdyeeproduced if a
tone mapping operator does not take into account such presranin Sectior3.3.1,
we have brie y reviewed several lightness perception tlesowhich strive to explain
how the human visual system perceives lightness in scermgeVer, only recently the
anchoring theory of lightness perceptidailchrist et al. 1999provides a sound expla-
nation for an unprecedented number of perceptual expetinwenlightness constancy
and lightness constancy failures.

In this chapter, we investigate in detail the anchoring thex lightness perception
[Gilchrist et al. 1999in the context of tone mapping. The principal concept o§ thi
theory is the perception of complex scenes in terms of grafgonsistent areas —
frameworks. Such areas, following the Gestalt theorists,d® ned by regions of
common illumination. The key aspect of image perceptiomésdstimation of light-
ness within each framework through anchoring to the luniegmerceived as white,
followed by the computation of the global lightness. We @e&a computational model
for automatic decomposition of HDR images into frameworksal is based on the
heuristics de ned in the theory. We use the model in a tonepimgpoperator which
predicts lightness perception of the real world scenes @nd at its accurate repro-
duction on low dynamic range displays. Furthermore, we lesthat a decomposi-
tion into frameworks opens new grounds for local image asislin view of human
perception.

5.1 Previous Work

A number of tone mapping operators is to a certain extenténaed by theories of
perception of brightness and lightness. Initially, theoaithms were based on the
power-law relationship between the brightness and theespanding luminance, as
proposed in$tevens and Stevens 196The main objective was to preserve a constant
relationship between the brightness of a scene perceivadi@play and its real coun-
terpart for any lighting condition. Implementations ofghipproach were presented
in [Tumblin and Rushmeier 1998Stevens law) and inQrago et al. 200B(Weber-
Fechner law). Further attempts in lightness reproductaal to direct application of
the Retinex theoryljand and McCann 19710 tone mapping. Jobson et allgbson
et al. 1997 proposed a multi-resolution Retinex algorithm for lunmica compression,
which unfortunately leads to halo artifacts for HDR imagkesg high contrast edges.
Inspired by the lightness perception model based on cdritrigration, Fattal et al.
proposed a successful gradient domain tone mapping op¢Faiibal et al. 200R The
concept of intrinsic imagesBjarrow and Tenenbaum 1978rend 1994 to separate
the illumination and re ectance (detail) layers inspiredmy algorithms. The idea was
rstimplemented in Tumblin et al. 199Pwhere it was assumed that these layers were
explicitly provided which is the case only for synthetic iges. Later, several methods
for an automatic layer separation have been introduced.LTH8 operator Tumblin
and Turk 1999separates the image into large scale features (presurtiaibiynation)
and ne details. A much better separation has been achiesied) the bilateral Iter
[Durand and Dorsey 2002

Evidently, perception theories have been inspiring tonppirey algorithms to a certain
extent. Although the early operators are based on simpteigewhich do not account
well for lightness in complex scenes, the new algorithmsdbwpon intrinsic images
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and contrast models which are very advanced theories. Tgerag®n into illumina-
tion and re ectance presents a convenient image processaidor detail preserving
dynamic range compression. However the theory remainsevabgout how to map
luminance to lightness in such separated layers so thatcdmeesappearance is well
preserved. Moreover, the intrinsic image models fail toradsl the apparent failures
in lightness constancydilchrist et al. 1998 On the other hand, the algorithms in-
spired by Retinex and contrast theories focus on optimibinghtness relations and
leave the aspect of lightness mapping to the user. The irgguthages look as if
enhanced through numerical optimizations rather thamigatrie original appearance
reproduced. Overall, many questions in the area of appeanaproduction remain
open, motivating us to develop a computational model of tireently most advanced
theory of lightness perception and to examine it with arialirsthe context of natural
scenes.

5.2 Anchoring Theory Of Lightness Perception

The anchoring theory of lightness perception Bji¢hrist et al. 1999is qualitatively
different from other recent lightness models and is based combination of global
and local anchoring of lightness values. In the followingtsms we explain the main
concepts of this theory. First, we discuss the estimatidightness within the simple
scenes (background/patch stimuli) using the anchorirgsrilext, we explain how to
extend the anchoring of lightness to complex scenes usamgeiworks.

5.2.1 Anchoring Rule

In order to relate luminance values to lightness, it is neagsto de ne at least one
mapping between the luminance value and the value on the s€aderceived gray
shades the anchor The anchor cannot be de ned once for absolute luminaneesgal
because each luminance level can be perceived as any shgds alepending on the
observation conditions. It therefore must be tied to a meastirelative luminance.
Two such measures are commonly used for anchoring: thegavkrainance rule and
the highest luminance rule. Once the anchor is de ned fostieme, the lightness value
for each luminance value can be estimated by the luminanielratween the value
and the anchor. This mapping is referred tosaaling Although usually a veridical
scaling is assumed, the compression or expansion of the fampssible if necessary.

The average luminance rule derives from the adaptaticgi-tbeory Helson 1964and
states that the average luminance in the visual eld is peeceas middle gray. Thus
the relative luminance values in a scene should be anchgrétely average value to
middle gray. This assumption was later commonly adopteadria thapping techniques
[Ferwerda et al. 199@umblin et al. 1999Pattanaik et al. 20Q®Reinhard et al. 2042

The highest luminance rule initially de ned the anchor as apping of the highest
luminance in the visual eld to a lightness value perceivadwdite. However, the
evident perception of self-luminous surfaces (lightentldite) leads to an extended
de nition. According to [Li and Gilchrist 1999 there is a tendency of the highest
luminance to appear white and a tendency of the largest areppear white. When
the highest luminance covers the largest area, the higlh@dtdnce becomes a stable
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anchor and is mapped to white. However, if the darker arearhes larger, the highest
luminance starts to be perceived as self-luminous and tblecaibecomes a weighted
average of the luminance proportionally to the occupyireaar

The experimental evaluation of the average luminance ratsus the highest lumi-
nance rule was presented lri fnd Gilchrist 1999. In this study, the visual eld of the
observers was limited to a large acrylic hemisphere withtmai€&painted matte black
and the other half painted middle-gray. The experiment waslacted in isolated con-
ditions to prevent the uncontrolled in uence of other stimli and Gilchrist reported
that the middle-gray half was seen by the observers as fulliewwhile the black half
was seen as dark gray. Additionally, when the black area m@sased and became
considerably larger than the middle-gray area, the peneépffect of self-luminosity
for the middle-gray part was reported. Other ndings, basedviondrians Palmer
1999, which are more complex stimuli, agree with these condsifGilchrist and
Cataliotti 1994. The experimental evidence decisively favors the highasinance
rule over the average luminance rule.

5.2.2 Complex Images

The anchoring rule, described in the previous section, aaba applied directly to
complex images. Insteadi[Ichrist et al. 199Pintroduce the concept of decomposi-
tion of an image into segmenfsameworksin which the anchoring rule can be applied
directly. In their theory, following the Gestalt theoristameworks are de ned by re-
gions of common illumination. For instance, all objectsigeiinder the same shadow
would constitute a framework. Additionally, proximity itsa considered as a grouping
factor. A real-world image is usually composed of multiplenheworks.

Framework regions can be organized in an adjacent or a biecat way and their areas
may overlap. Additionally, the whole scene constitutesaditionalglobal framework
with its global anchor. The lightness of a target in a scermimputed according to
the anchoring rule in each framework. A target in a complesnscthat belongs to
more than one framework, may have different lightness wWigen anchored within
different frameworks. According to the model, the net ligggs of a given target is
predicted as a weighted average of its lightness valuesan efthe frameworks in
proportion to their strength and with a certain constar¢lley in uence of the global
framework. The strength of a framework is mainly determitgdits size and the
variety of luminance values it containgsticulation. Frameworks with lower variance
or smaller sizes have less in uence on the net lightness.

5.3 Computational Model

The anchoring theory has been presented without a formaém@uh a technical level
this requires the development of a method for automatic seggtion of an image
into frameworks, to build heuristics estimating the in wenof each framework on
total lightness, and to estimate the anchors within the ésaonks. Furthermore, the
algorithm must perform accurately when used with naturahss.

The presented model takes an image with relative luminaakees as an input. Such
values can be computed from RGB channels of an HDR image @iogoto the CIE
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XYZ luminous ef ciency functions. We rst segment the inpumage into the overlap-
ping frameworks and de ne the probabilities with which gixéelong to each frame-
work. Next, we estimate the anchor in each framework andlynedlculate the net
lightness in the scene.

5.3.1 Decomposition into Frameworks

We de ne the framework as a probability map over the wholegmia which each pixel
is assigned a probability of being part of that frameworke Ttamework, in order to
be valid, must be de ned by a number of pixels which belonghis framework with
a very high probability, for instance above 95%. In prineighe task of segmentation
into frameworks is to identify luminance values which pdiglly represent a common
illumination and to assign to each pixel for each framewdrk probability that the
pixel is under considered illumination. Due to the lack gbkoit information about the
distribution of illumination, we assume here that the casitrange typical to everyday
situations is wide enough to allow us to identify such sefedtlumination areas based
on luminance. It is for example possible to identify shaddwesas on a sunny day,
dim interior of a room with a window view, street light illumation in a night scene,
and similar.

Initially, we have experimented with several segmentaélgorithms in order to nd
a plausible decomposition into frameworks. The mean ségheentationComaniciu
and Meer 200Phas produced the most appropriate results. However, sagiien al-
gorithms in general assign a pixel to only one segment arréfihve do not implement
the notion of probability of belonging to a segment. A bordetween two frameworks
which might occur on a smooth gradient in the image is in susituation impossible
to represent correctly. We therefore decide to tailor asusiecomposition method.

As mentioned before, our method is based on the luminaneasiites in the HDR
image. We start with the standard K-means clustering alyorio nd the centroids
that provide an appropriate segmentation of the HDR image fiameworks. We
operate on a histogram in the lggf luminance. We initialize the K-means algorithm
with values ranging from the minimum to maximum luminancéhi@ HDR image with

a luminance step equal to one order of magnitude and we exéuweiiterations until
the algorithm converges. Upon convergence, we removedidatrepresenting empty
segments.

Given the centroid values, we initially assign the proligbitalues based on the dif-
ference between the pixel value and the centroid. We mod#l s attribution to the
centroid with a Gaussian function:

G Y2

R(xy)= e 22 ; (5.1)

whereP represents the probability map for framewarlC; is the centroid for that
framework,Y denotes the luminance of the HDR image (bGtlandY are in the logy,
space), and the varianseequals to the maximum distance between adjacent centroids.
The attribution values are normalized to correctly repnetige probabilities.

Often at this stage, pairs of centroids may represent sirfrdaaneworks — all pixels
in an image belong with a similar probability to both of thekiVe iteratively merge
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the centroids whose probability maps differ by less than 200average, and the new
centroid value is equal to the weighted average of both ptimpally to their area:

G S+C S,

5vs (5.2)

G;j =
whereC; andC; are the values of the too similar centroids, &h@ndS; denote the
number of pixels clustered to these centroids. After thegmeprobability values are
recalculated according t®(1), and the iteration is repeated until no centroids need to
be merged.

As the next step, we spatially process the probability magaoch framework to include
the proximity aspect of Gestalt grouping factors. The gpatiocessing smoothes local
variations in the probability values which may appear dutextured surfaces. High
local variations, however, cannot be smoothed becausenthgyde ne the outline of
objects or frameworks. The bilateral Itefpmasi and Manduchi 1998 an appro-
priate image processing tool for this purpose. We lter thiekability map of each
framework with a bilateral Iter in which the range varianiseset to 02 and the spatial

variance to 17 pixels.

u

(@) luminance channel of an HDR(b) intensity based frameworks(c) spatially processed frameworks
image

Figure 5.1: The decomposition of an HDR image into framewdrskfore and after

spatial processing. Notice the artifacts in the intenségdal frameworks decomposi-
tion (marked area) which are corrected after the spatiaiqesing. The HDR image
appears dark because it has been exposed for details irotidsclThe original image

courtesy of Greg Ward.

luminance luminance luminance

(a) initial centroids (b) probabilities for initial cen{c) valid centroids with probabili-
troids after K-means convergencéies

Figure 5.2: The histogram of the HDR image from Fig6r&(a)illustrating the esti-
mation of centroids which provide an appropriate decontjrsinto frameworks. In
the middle and right histograms the probability distribas are shown for each frame-
work. The maxima of the probabilities do not always matchdéetroids due to the
normalization.

We demonstrate the decomposition procedure on an exampk iRlage shown in
Figure5.1 with details of decomposition in Figu22 First, we converge the initial
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segmentation to identify luminance values that would re@né the most accurate de-
composition into frameworks, Figu®2(a) We then calculate the probabilities and
merge one centroid which does not represent a valid framewayuress.2(b) 5.2(c)
The nal centroids de ne the probability maps based only ba tuminance property
and contain several incorrect assignments visible in [Ei§ut(b) The re ections on
the logs at the bottom of the image are incorrectly assignea framework which
mainly contains clouds. We re ne the probability maps tdue also spatial interac-
tions as shown in Figurg.1(c)

5.3.2 Strength of Frameworks

Apart from the illumination conditions, the strength withieh a framework in uences

the lightness of a given surface also depends on the atiimulaf the framework and

its relative size. If a framework is highly articulated, tpixels tend to be strongly
anchored within this framework. Also, large frameworks énavhigher in uence on

the lightness than small ones. Strength of a framework isiéé as the product of the
articulation and size factors.

We estimate the articulation factor independently for elilamework based on the
mean contrast calculated as a standard deviation of lbgaidiuminance in the frame-
work. The articulation factoA; is the mean contrast in the framework divided by the
mean contrast in the image. Thus the frameworks which co@adarger part of the
contrasts in the image have a stronger in uence on the lgggn

Similarly, a larger framework will have a tendency to haveighbr in uence on the
lightness of surfaces, while a relatively small frameworid Wave a rather limited
impact. We estimate the size factor in the following way:

()2
Xi=1 ez00®; (5.3)

whereX; denotes the size factor of the framewadrlandS represents the normalized
relative area of a framework. Here we attenuate the in uesfcEameworks with a
size below 10% of the total image area. The 10% value is chadgtrarily and can
be modi ed if necessary. Although, it is not as important &vide a precise number as
to include the factor at all. The lack of the factor may leadnicexcessive in uence of
unimportant frameworks on the net lightness estimation.

We apply the strength factor to the frameworks by multipdyiheir probability map®
by their respective articulation factéy and size factof. We then normalize the prob-
ability maps again and obtain the nal result of the deconiip@s into frameworks.
Most of the time, all frameworks in an image will have a sim#aticulation. Some-
times however, a uniform area like a background may constéuramework due to
its unique illumination. Articulation prevents such a bgadund framework to play an
important role in the computation of the net lightness byimining the local anchor-
ing of pixels to this framework in favor of other frameworks. an extreme situation,
when all frameworks have minimum articulation, the framegwweith the highest an-
chor is assigned a maximum articulation, thus imposing tbeaj anchoring in the
image.
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5.3.3 Estimation of Anchor

After the HDR image is decomposed into frameworks, we edértige anchor within
each framework. Since we employ the highest luminance méeneed to nd the
luminance value that would be perceived as white in caseemdiramework would be
observed as stand-alone.
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(a) anchoring for framework #1 (b) anchoring for framework #2 (c) netlightness

Figure 5.3: Local anchoring in the frameworks and the ndittigss calculated as
described in Sectiob.3.4

Although we apply the highest luminance rule, we cannotdiyaise the highest lumi-
nance in the framework as an anchor. As discussed in Se&toh there is a relation
between what is perceived as white and its area relativetiigsurround. This im-
plies that a spatial ltering is required prior to the estitoa of the local anchor. Our
procedure is to lter the area of a framework with a mediunedifsaussian kernel to
suppress plausible small areas with high luminance. Weadlinsnate potential self-
luminous areas, allowing us to take the highest luminandbefest of the pixels as
the anchor. In Figur&.3we show the two frameworks identi ed in the example HDR
image with their lightness computed according to the looahar.

Alternatively, the self-luminance areas could be iderdiwsing image processing tools
which remove highlights. Numerous algorithms are avadlad for instanceJchluens
and Koschan 20Q0Nesolkowski et al. 2001 However, we have noticed throughout
our experiments that such algorithms can at most removeslgpdughlights in HDR
images. The direct light sources, which are also self-lau or larger highlights are
left in the image. On average these methods performed I&sstip. Therefore we
excluded them from consideration.

Ultimately, it would be interesting to know which luminaniceeach framework is as-
sumed to be white by an average human observer. Interastinglperceptual evidence
of preferred brightness adjustment in images may be helgté. In an experiment,
[Yoshida et al. 200Basked subjects to adjust the contrast and brightness tohmat
their preference in a number of LDR images (an LDR image hasare framework).
While the preferred brightness and contrast adjustmenttotally different between
subjects, they observed that after the adjustment all stsbgdign histograms along
a very similar luminance value depicting white. Apparenthe subjects performed
the anchoring to white. Therefore, if one can build a modeictvipredicts the pre-
ferred brightness of images, indirectly this could also beduas the model to predict
anchoring to white. In the recent evaluation of such modetayczyk et al. 2007ja
the preferred brightness in a set of 33 images is best peetimt a combined anchor-
ing to white, middle gray, and black, which in effect maps @%®re ectance. The
predictions based on image processing methods directlyiagpanchoring to white
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were less accurate. Since the anchoring to white has beermazhin the original
experiment, the lower accuracy is most probably caused lpyeaise estimation of
luminance perceived as white.

5.3.4 Net Lightness

Given the decomposed frameworks and estimated local anet®icompute the net
lightness of the pixels by merging the frameworks. We pre@ssch framework indi-
vidually. We sum the original luminance values of the HDR gmaormalized by the
locally estimated anchor value and proportionally to thabability map:

L(xy)= 30% & (Y W) R(xy)+70% (Y Wb); (5.4)

whereL denotes the nal lightness valu¥, the original luminance of the HDR im-
age,W the local anchor of framework Wy the anchor in the global framework (all
these values are in the Iggspace), and is the probability map. The 30% and 70%
coef cients for local and global anchor in uence respeetivare arbitrarily suggested
in [Gilchrist et al. 1999and can be modi ed if necessary. In Figuse3 we illustrate
how the net lightness has been computed for the sample HDg&einfacomparison of
the net lightness result to the original HDR image in FidbiEillustrates an improved
perception of image contents in the processed image.

5.4 Model Analysis

The main focus of this chapter is the computational modeheflightness perception
theory applied to the tone mapping of HDR images. A thorougiheation of the pre-
sented model would require a psychophysical experimentiwisi beyond the scope
of this thesis. Instead, we test our computational modelroylating two experiments
related to the perception of lightness. The rst one anadythe accuracy of the decom-
position into frameworks for natural scenes and the secapdrament is a simulation
of the Gelb illusion using various lightness mapping altjons for HDR images (tone
mapping operators).

5.4.1 Frameworks within Multi-llluminant Scenes

According to the anchoring theory of lightness perceptiuecessfully identi ed frame-
works should de ne the areas in which the lightness is pgezkihomogeneously
[Gilchrist et al. 1998 The evidence for such lightness perception can be oldaine
through a distribution of probe disks of constant known lnamice value across an im-
age. The disks should have the same lightness within a frankeiwdependently of
the ratio of their luminance to the background luminance bictvthey are placed.

Such an experiment has recently been presented by GilemisRadonijic Gilchrist
and Radonjic 2005 In Figure5.4we provide an HDR reproduction of this experiment
using an image similar to the original material. We decorepibe HDR image into
frameworks using our computational model and place seyecdle disks of constant
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(a) probe discs in natural scene (b) probe discs (c) identified frameworks

Figure 5.4: The probe discs of constant luminance (middie)irserted to a multi-
illuminant natural scene (left). The perceived brightnelsthe probes changes in the
context the scene, but is constant within the two identi eshieworks (right) and is
independent of the local background luminance. The cantasies of the probes with
the background range in the shadow framework from 1:2 todi€(is an increment)
and in the light framework from 9:1 to 2:1 (disc is a decrement

luminance value in various areas of the image. The contadisisrbetween the probe
disks and the background in both shadow and light framewankge from 1:2 to 1:9.
The lightness of the probes is perceived consistently witié area of the frameworks
independently of the background. These leads to the santus@ms as in the orig-
inal experiment: lightness is determined by the framewarrkd the in uence of local
contrasts is minimal. Our contribution here is not to con the theory, but to pro-
vide an automated method for obtaining an appropriate dposition. In this sense,
the reproduction of the experiment serves as the evideratdrdimeworks areas are
accurately identi ed using our computational model.

5.4.2 Anchoring in the Gelb Illusion

The Gelb Effect is a well known illusion which provides a gamdmple of lightness
constancy failureGilchrist et al. 1999 In the illusion, one observes perceptual dark-
ening of a surface despite its constant re ectance and antstumination. The failure
is caused by the appearance of new brighter surfaces in éme sdhe illusion can be
reproduced in a darkroom with low ambient light using sevpedches of gray paper
with a different re ectance. A single beam of light shouldtrilluminate only the dark-
est paper, which will appear to be white. Placing a bit begpgaper beside the existing
one causes perceptual darkening of the darkest paper wasdhitially appeared to be
white. Each time a brighter paper is added to the scene, dirbes white and all others
immediately become darker. This perceptual illusion caxéyition be attributed to
the anchoring in general and to the highest luminance rupaiticular. It can neither
be explained with the contrast theories because the papenstdhave to be placed
adjacent to each otheGjlchrist et al. 1998 nor with intrinsic image models because
the illumination does not change. Furthermore, if the samweipies only a part of the
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visual eld, like a tone mapped image observed on a displayperceptual darkening
will not appear because other visible surfaces may servendsta reference. There-
fore it needs to be reproduced during tone mapping to predaesappearance of the
original scene.

(a) scene setup for Gelb illusion (b) decomposed frameworks (c) illumination layer

Figure 5.5: Photograph of the scene in which the Gelb effaotle observed (left).
The middle image shows the decomposition into frameworkaioed from our model
—red, green, and blue de ne the distinct frameworks, yeloarks the shared in uence
of the red and the green frameworks. The right image showdltimination layer
obtained with the bilateral Itering which is used in therimisic images model.

We have performed a study of this experiment to validate ésalts of our algorithm.
For comparison, we chose two other methods whose principéé igcludes the re-
production of appearance of the original image. The phafaigic tone reproduction
algorithm presented by Reinhard et REjnhard et al. 2002s based on a sigmoid
function and follows the rule of anchoring to middle-grayh€eTfast bilateral Itering
presented by Durand and DorsByfrand and Dorsey 2001 inspired by the theory of
intrinsic images. We will refer to the rst one as th@ddle-gray anchoring@nd to the
latter as thentrinsic images modeln the study, we used four HDR captures of exactly
the same scene setup, showing from one to four patches vagrgasively increasing
maximum re ectance. The relative re ectance of the patohas respectively equal to
39% 56% 72% and 100% with the reference to the brightest one. The areehiich
we showed the patches, was illuminated from the top and ic@oditions the Gelb il-
lusion was reproduced. A photograph of the setup with alptitehes visible is shown
in Figure5.5.

The results of tone mapping of the four HDR images are showidgare 5.6 and
the respective reproductions of lightness of the patcheplatted in Figures.7. All
tone mapping methods reveal the objects placed outsidesohdin illumination that
are not visible in a standard photograph in Figbrb. The intrinsic images model
maps the lightness of the patches in each of the images topanxamately constant
value and maintains the overall brightness of the scenegbagkd constant. This is
in accordance with the lightness constancy rule, but conttawhat was observed in
the real setup. The middle-gray anchoring reproduces treeptial darkening of the
patches, however the brightest one is mapped to white ongnvaltl four patches are
visible. Further, each brighter patch causes the darkesfisgene background which
was originally not observed. The lightness perception rpdesented in this chapter
reproduces both the Gelb illusion on the patches and ho&lightness constancy of
the objects in the scene background.



66 CHAPTER 5. LIGHTNESS PERCEPTION IN TONE MAPPING

1 patch 2 patches 3 patches 4 patches

middle-gray  lightness percep-
tion model

anchoring

intrinsic images
model

Figure 5.6: Simulation of the Gelb Effect by three tone magpnethods. The map-
ping of lightness by each of the tone mapping is plot in Figbig The intrinsic
images modeiefers to Purand and Dorsey 2002perator, thaniddle-gray anchoring
to [Reinhard et al. 20J2andlightness perception mod#& the operator presented in
this chapter.

Analysis

The decomposition of the scene into frameworks (shown inf€i§.5) in the lightness
perception model permits the processing of patches an@#hefrthe scene separately.
The estimation of local anchors using the highest luminauleeestimates the appear-
ance of patches in accordance with the observations in fgenak conditions. The
net lightness calculation with the in uence of a global anchaintains the brightness
relation between the frameworks.

The lightness constancy of the intrinsic images model caexpiined as follows. In
the illumination layer (shown in Figurg.5), obtained by processing the original HDR
image with the bilateral Iter, the brightness of each pathpproximately equal while
the actual differences are in the re ectance layer. The toapping reduces the dy-
namic range of the illumination layer and overlays the unneddre ectance layer.
Since the intensities in the illumination layer do not sigaitly change between the
four images, the lightness mapping is constant. Therefwiher the average lumi-
nance rule nor the highest luminance rule applied to theilhation layer could repro-
duce the Gelb illusion. The application of the highest luamice rule to the re ectance
layer or to the nal tone mapping result could reproduce thekdning of the patches,
however it would also cause the undesired darkening of athage parts.

The middle-gray anchoring reproduces the darkening of étehes because the addi-
tion of a new brighter patch causes change in the averagednoe of the scene. When
the average luminance increases in a new image, the patehie$, have constant lu-
minance, are mapped to darker gray shades. Unfortunatedly, a global connection
causes the overall darkening of the scene which is not eageand the brightest patch
is mapped to white only when all four patches are presentrstiene.
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lightness perception model middle-gray anchoring intrinsic images model
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Figure 5.7: The plots illustrate how the mapping of lumirant the patches to light-
ness changes between the four images in case of each of dlectdime mapping oper-
ators. On the scale of lightness, the value 100 maps to whdeddo black. Refer to
the corresponding images in Figuse.

5.5 Applications

The computational model of lightness perception theorynepew possibilities in pro-

cessing of HDR images. As a direct application we presenha toapping operator
which aims at the reproduction of lightness as closely asiplesto the lightness per-
ceived in a natural scene. Besides, decomposition intogiwarks de ned by homo-

geneous illumination gives an interesting possibility &vqeptually supported image
processing.

5.5.1 Tone Mapping

Based on the computational model of lightness perceptiendevive a tone mapping
algorithm for contrast reduction in HDR images. The aldorittakes as input an HDR
image de ned by oating point RGB values that are linearlyated to luminance and
produces a displayable LDR image as a result. The contréisttien process is based
on the luminance channel.

The main technical goal of tone mapping is to reduce the ashof the original HDR
image. While through the net lightness computation the dyoaamge in the image is
reduced, it may still exceed the capabilities of the displayice. Hence, an additional
dynamic range reduction may be necessary to achieve goolistefor the purpose
of tone mapping we use a modi ed version of net lightness aatapon 6.4) which
includes a dynamic range reduction (scaling) by a fabior

¥ W)

L(xy)= 70% & —5
I

R(xy)+ 30% (Y Wo): (5.5)

The value ofD; can be set individually for each framework in such way thatiles
down the dynamic range of a framework if it exceeds the cdipiabiof the target
display device. Also the in uence of the global frameworlstzeen limited, because
it counteracts the luminance range compression goal.

We rst calculate the luminance from the RGB colors using @& Yxy color space
and segment the input scene into the frameworks. Next, waastthe anchor in each
framework, i.e. the luminance value perceived as white. Néa tcompute the local
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pixel lightness within each framework. Finally, we caldel#he net lightness of each
pixel using equations.5). We recover the color information with an inverse CIE Yxy
transform, using the computed lightnésgstead of luminance channél The result

is suitable to be viewed on an LDR display device.

To illustrate the performance of our tone mapping algoritive have selected several
HDR images which contain various distinct illumination tie@s. We present our re-
sults in Figures.8, where each row contains the source HDR image, the tone mgppi
result, and a map of framework areas. The decompositionfiatneworks obtained
using our model correlates with the intuitive impressiomvich areas have common
illumination: daylight, shadow, desk lamp, room interiexterior, etc. The separation
performs well even in presence of occluders like the grasiingcture of the window
pane. The extracted frameworks are plausible despite tkefsemantic information,
which might seem to be necessary to perform a successfuhgmsition. In the re-
sults shown here, the scalilly has not been necessary, however we have sometimes
reduced the in uence of the global framework down to 10% foages with a partic-
ularly high dynamic range. Interestingly, the images temde decomposed only into
two or three frameworks, although there is no restrictionh@nnumber.

One important issue is that Gilchrist's model generallyuasss approximately diffuse
surfaces and if self-luminous areas exist, they occupy isddneld of view. In our ap-
plication we use this theory for complex scenes beyond wasibhiginally been tested
but we do not observe any problems invalidating our approaalour knowledge, per-
ceptual models of lightness perception able to deal withnadscenes, which contain
large self-luminous surfaces, do not exist.

The evaluation of aesthetic properties of this tone mappargbe done with recently
presented methodology édda et al. 2005Yoshida et al. 2005 In Figure 5.9, we
provide analysis of how the luminance values are mappededightness levels in
three different tone mapping techniques: the presentathiggs perception model, the
global version of photographic tone reproducti®e[nhard et al. 20Q2vhich is a sig-
moid mapping function, and the fast bilateral Iteringiirand and Dorsey 200&/hich

is inspired by the intrinsic images model. The technicalityaf a tone mapping algo-
rithm can be measured by the ef ciency in use of the availéibided dynamic range
on a display device. In our example, the global operatorgpers$ a strictly monotonic
reproduction, thus leads to the loss of ne details as ergldiin Sectior2.5. The
local adaptation using the bilateral Itering enables a enef cient use of the avail-
able dynamic range. The preservation of details can be vides a deviation from
the monotonic mapping of luminance. However, the tone nrappsing frameworks
permits to break this monotonicity and perform partiallgépendent mapping of lumi-
nance in two distinct image areas, resulting in an even nfarieet use of the dynamic
range. The mapping within the frameworks is not uniform loseaof the varying in-
uence of the global framework. We further evaluate the migs of the lightness
perception tone mapping in Chap&mwhere we analyze it in terms of communication
of contrast in images.

5.5.2 Local Image Processing

Image processing algorithms are usually applied with unifparameter settings over
the whole image. When the algorithm is localized, the pararador the method are
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source HDR image lightness perception

decomposition
(linear mapping) tone mapping

into frameworks

Figure 5.8: Results of lightness perception tone mappitng. [€ft column (apart from
the last row) contains the source HDR image shown with thealimapping. The mid-
dle column contains results of the presented tone mappirtgate The right column
depicts the decomposition into frameworks. Red, blue ardmcolors depict the dis-
tinct frameworks. Higher saturation of the color illusegistronger anchoring within
the framework and the intermediate colors depict the ineaenf more frameworks
on an image area. The HDR images in tiHé and 3" row from the top courtesy of
SpheronVR, and the HDR image in th& fow courtesy of Byong Mok Oh.
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(a) global tone mapping (b) bilateral filtering (c) lightness perception model

Figure 5.9: Comparison of three tone mapping operatorsbagjleigmoid function,
local tone mapping with bilateral Iter, and lightness peption tone mapping. Color
of the mapping functions in the plots correspond to the nthekeas of frameworks
(inset in image (c)). HDR image courtesy of SpheronVR.

set based on some constant local neighborhood. Howevesgyitaften be desired to
vary the parameters of such algorithms between the areasiofage. In this case it
often has to be done manually by the user. With the use of frame decomposi-
tion, it is now possible to identify the areas that are pemtihomogeneously in an
image. For the purpose of automated image processing, ¢nisis to estimate the
most appropriate parameters for a given algorithm indiilgufor each framework.

In digital photography, it often happens that an image doatawvo different sources

of illumination — for instance daylight from a cloudy sky an@rm indoor tungsten
light as in Figure5.10 Such an image requires a white balance correction. However
correcting for the daylight will result in an increased agarcast in the tungsten light.
The decomposition into frameworks allows the identi catiof such separate areas
and enables different white balance correction in each eith Again, frameworks
represented as probability maps guarantee proper blendiedges where differently
processed areas merge. One can envisage further pomsbilitvhich our decompo-
sition into frameworks reduces the required amount of meinteraction.

5.5.3 Performance

The estimation of lightness in a 4Mpx image using our comjmutal model takes
below a minute on a modern PC. The timing mainly depends onuheer of decom-
posed frameworks, since the majority of computations isispa the decomposition
stage. Once the frameworks are known, the estimation ofcarefd net lightness
computation consists of simple operations. The K-meanridéfign operates on a his-
togram and is therefore independent of the image resolufidre only bottleneck is
the spatial processing using the bilateral lter, althowgh use an ef cient approach
presented by Durand and Dors@&urand and Dorsey 2002
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(a) global white balance (b) white balance within frameworks (c) frameworks

Figure 5.10: The daylight from a cloudy sky dominates thetevhialance in image
(a) and causes the orange color cast in the interior illutathdy a tungsten light.
The frameworks (c) can be used to separate such areas gédiffdumination and to
perform an independent white balance in each of them (b).

5.6 Conclusions

We have presented a computational model of the anchorirgythad lightness per-
ception. The model provides a practical implementationhef key concepts of this
theory and aims at an accurate estimation of lightness inwedd scenes captured
as HDR images. We leveraged the theory to handle complexesnby developing
an automatic method for image decomposition into framew/ofirough the estima-
tion of local anchors we formalized the mapping of the lumievalues to lightness.
We examined the accuracy of our model by reproducing thdtsestitwo perceptual
experiments that were initially conducted to prove the eacy of the theory.

We have demonstrated a novel tone mapping operator which atirthe accurate re-
production of lightness perception of real world sceneandynamic range displays.
The strength of our operator is especially evident for diftshots of real world scenes,
which involve distinct regions with signi cantly differeénuminance levels. Moreover,
the decomposition of an image into frameworks gives adutigotential for auto-
mated image processing ne tuned to the perceptual aspétis 61VS.
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Chapter 6

Objective Evaluation of Tone
Mapping

Existing tone mapping algorithms can be generalized asresfea function in the
form of a “black box” which converts scene luminances to digable pixel inten-
sities. While the universal goal of such a transfer functi®moi reduce the original
dynamic range and at the same time preserve the originabegpee of an HDR im-
age, a particular realization of it can be variable and ddpam the objectives of a
target application. In many cases one may wish to simplyiobtece looking im-
ages that resemble the original HDRs, but the requiremeaysaiso be more precise:
perceptual brightness match, good visibility of detaitpjigalent object detection per-
formance in tone mapped and corresponding HDR image, etéewof the technical
limitations and constrained observation conditions fangtard displays, such require-
ments can only be met at the cost of other image propertigsngiance, if an available
dynamic range is assigned to enable good visibility of detéacal contrasts), there is
no dynamic range left to depict global contrast variationghie scene. The trade-off
between these con icting goals is often balanced througbhgimization process, but
sometimes the design of an algorithm is focused on the renpgints and is oblivious
to the side-effects. In the end, the overall impact of imageE@ssing operations on
the perceived image quality or delity to the real world app&nce is not thoroughly
understood.

Recent psychophysical studies attempt to evaluate ton@intgpperators in terms of
subjects' preference or delity of the real world scene dgipin [Drago et al. 2002
Kuang et al. 2004Ledda et al. 2005Yoshida et al. 2005 In such studies each op-
erator is treated as a “black box” and its performance is @egon the whole with
respect to other operators, without an attempt at undetistaithe reasons for subjects'
judgments. While some studies of tone mapping operatorsrjeefuand take into ac-
count the reproduction of overall brightness, global casttor details (local contrast)
in dark and bright image regionkgdda et al. 2005Yoshida et al. 2005 they remain
focused on comparing the operator performance for eacteséttasks. These studies,
however, provide no deeper analysis of how the pixels of afRHiDage have been
transformed by tone mapping and in what way the outcome df aucansformation
depends on image content.

73
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In this chapter, instead of subjective analysis, we focus@reloping objective met-
rics which could help in understanding how particular imabaracteristics, such as
contrast or brightness, are distorted by tone mapping atefrdaing the impact of
such distortions on perceived image quality. We identit timajor distortions in tone
mapped images with respect to their HDR originals come fréwba) and local con-
trast modulations. We create relevant metrics which evaltiee magnitude o&lobal
Contrast Changeand Detail Visibility Changealong a perceptually meaningful scale
and perform a corresponding study of 8 tone mapping algosthBesides the eval-
uation, the output of these metrics can be used as a feedbapkrceptual enhance-
ments Bmith et al. 200p

6.1 Related Work

A number of perception-based visible difference ( delitggtrics for image pairs have
been developed, mostly for image compression and colopdejgtion applications
(refer to Winkler 20093 for a recent survey of such metrics). State of the art delit
metrics such as the Visible Differences Predictor (VDPaly 1993 or the Sarnoff
Visual Discrimination Model (VDM) Lubin 1995 include many important character-
istics of the HVS, such as eye optic imperfections, lumiman@asking, the contrast
sensitivity function (CSF), and pattern masking, makingnthvery general metrics.
However, such complex metrics may perform worse than simmkdrics specialized
for the task of detecting well-de ned distortion types, buas blocking artifacts that
arise in image compressiolVinkler 2005. The majority of existing delity metrics
are based on HVS models developed through threshold psligbicpl experiments,
the goal of which is to determine the magnitude of a simplauiiis so that it becomes
just noticeable. Such metrics successfully detect theepasof perceivable image dis-
tortions, but perform poorly in estimating the magnitudesoprathreshold distortions
and predicting their distraction to the human obser@hgndler and Hemami 20D3
With its spatial features for estimating imperceptiblette® details, the iCAM model
[Fairchild and Johnson 20D% an exception. However, since the magnitude of per-
ceptual responses to local contrast is not available, ihcdibe used to determine the
change in detail visibility.

In this work, we are mostly concerned with one well de nedmpreshold distortion:
contrast compression due to tone mapping. While much workbbas done in the
subjective evaluation of different tone mapping operafbesida et al. 2005Yoshida
et al. 200%, to our knowledge, we present the rst feature-based attarzation and
objective perceptual measure of tone mapping distortimmceSdelity metrics dealing
with image pairs of signi cantly different dynamic rangeave not so far been pro-
posed, and since we have found existing models to be iledir our purposes, we
present custom delity metrics for comparing perceivedtcast differences between
an original HDR image and its tone mapped LDR counterpart.

6.2 Distortion Metrics

All successful tone mapping operators balance the tradesifffeen accurate repro-
duction of the luminance range and preservation of detdllae can argue that the
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photographic tone reproductiomperator Reinhard et al. 20Qbest reproduces global
contrast, while thgradient domain compressigfattal et al. 200Roperator best pre-
serves details. However, the accuracy of such statementslepeend on the particular
HDR image, and as concluded by evaluations of tone mappiegatgrs foshida et al.
2005 Ledda et al. 200k it is dif cult for one tone mapping operator to be well-$ed
to all types of images. Regardless of technique, each toppimgoperator introduces
a degree of distortion into the resulting LDR tone mappedjen®rawing conclusions
from previous evaluations and our own observations, wetifyetwo major contrast
distortions resulting from tone mapping:

Global Contrast Change the ratio between lightest and darkest areas of the HDR is
reduced in the LDR,

Detail Visibility Change (textures and contours) the high frequency contrasts of the
HDR image become less prominent, disappear, or become esagd in the
LDR.

A signi cant Global Contrast Change is undesirable not dolyesthetic reasons, but
also because of changes in image understandability, degmitd detail visibility. Cer-
tain specialized tone mapping operators assign a widerndignange to detailed re-
gions to preserve textures and contours, which results iareower dynamic range
available for global luminance changes, decreasing tielatween lightest and dark-
est areas. Detail Visibility Change occurs either becaussgin becomes entirely
saturated or because an area is mapped to very few or veryrightiess levels. The
second case is especially interesting from the percepuiat pf view, because the
physical contrasts still exist in the LDR image, howeverdpésils are invisible to the
human observer.

Our goal is to determine the apparent distortion in detaibility and global contrast
change which were introduced during the tone mapping of HD&gie. We focus on
the luminance compression aspect of the operators. Insfeamthlyzing particular al-
gorithms one by one, we consider tone mapping as an unknawsformation applied
to the luminance of an HDR image, resulting in an LDR image. d®oso, we use
knowledge of human perception to compare a real world ot scene, captured
as an HDR image, to its LDR tone mapping as depicted on a giepteg device. The
output of our metric consists of a single value represerttiegglobal contrast change
factor and a map representing the magnitude of change iil disthility. The units
of the detail visibility map are Just Noticeable Differea¢d@ND), which allows for an
informed use of this information for potential perceptyddased correctionsSimith
et al. 2006.

To compare images of signi cantly different dynamic ranges compare the lumi-
nance of an HDR image, denoted“sto the luminance shown on a display device,
denoted a&. To accurately predict the displayed luminance, we asshatestf cient
characteristics of the display device are known so that weceiculate the luminance
value incd=n? of each LDR image pixel. For an SRGB monitor, this requireskland
white levels increased by an ambient illumination levelmi&rly, a photometrically
calibrated HDR image is desirable.

We transform the gamma corrected intensity valuesf the LDR image to display
luminance valueg. Given the display blackpjack and whiteLynie levels incd=n?

limage luminance is calculated from the RGB channels accotditiie [TU 1990 standard.
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and assuming sRGB response, the transformation is theviatip

L= Lplack+ SRGB *(y) (Lwhite Lblack): (6.1)

If the absolute luminance values of an HDR image are unknaveralign the relative
HDR valuesY to the LDR valued. according to the average logarithmic luminance,
a method often used as an adaptation estimate in tone mafipiago et al. 2003
Reinhard et al. 2002

6.2.1 Global Contrast Change

The change in ratio between brightest and darkest points @hage is a traditional
de nition of global contrast change that is necessarilyuatgd by tone mapping, and
so would not be considered a distortion. Particularly, sitene mapping algorithms
most often use the whole display dynamic range, above demilways results in a
constant global contrast. Yet images resulting from défféritone mapping operators
can create starkly different impressions of global contna&aning that such a va
measure is not appropriate. Contrary to this de nition atftees, such as one using the
multi-resolution de nition given byMatkovic et al. 2005 we consider global contrast
change to be a characteristic de ned by the shape of the t@apmpimg function, thus
removing the emphasis on extreme lights and darks which lesgeimpact on the
impression of global contrast. Our de nition of global coagt change is more closely
related to image comprehension, which according to Gestatirists, involves the
cognitive task of separating the image into recognizabjeat®, most importantly, the
separation of foreground objects from the backgroundrigstone 2002 As such, a
decrease in global contrast may make comprehension of tieiiriage more dif cult,
indicating a loss in visual communication ef cacy.

While it is sensible to analyze tone mapping functions to iokaeglobal contrast esti-
mate, these functions are either unknown or not well-de,rzexin the case @radient
domain compressiotHowever, we argue that a general approximation of the tcage m
ping function is suf cient for estimating global contrast. our metric, we approximate
the tone mapping function using linear regression in theditigmic domain:

logigL  TM(log,gY) = C lognY+ B; (6.2)

whereC andB are estimated coef cients, and and L are the luminances of the
HDR and LDR images. The meaning of logarithm in equat@2)(is two-fold. First,

the logarithm of luminance provides a crude approximatibbrightness and the cal-
culated values of the coef cients re ect the brightness piag. Further, the linear
regression estimates a general tendency of the mappingy ithdn being prone to de-
tail enhancing procedures which do not in uence global casttrelations. Second, if
we exponentiate the equatio®.?), we obtain a standard contrast scaling equation in
image processindiratt 1991

L TM(Y)= YC® 10°; (6.3)

whereC adjusts contrast and %0adjusts brightness. Summarizing, equati@g6.3)
estimate the shape of the tone mapping curve and relate tiiesbin LDR image.
to its original HDRY. Therefore the coef cienC obtained through linear regression
denotes the Global Contrast Change, such@h&t1 indicates a decrease in the global
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contrast in the LDR image, where&s> 1 indicates an increase with respect to the
original HDR.

The result of applying our measure of Global Contrast Chaadeo tone mappings
(one global and one local) is shown in Fig&d. While both methods make use of the
entire available dynamic range, the shapes of their magpimgions differ: the global
mapping function is well-de ned, as opposed to the non-omif and scattered local
mapping function. Higher global contrast is obtained wtik global tone mapping
method, whereas the detail preserving local method eshébgmaller ratio between
bright and dark areas (the function approximation is neatly

tone mapping
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Figure 6.1: Global Contrast estimation for globREinhard et al. 20QZleft) and local
[Fattal et al. 200p(right) tone mapping. Each plot shows pixel-by-pixel maggp
between HDR and LDR, linear brightness mapping estimatm, dynamic ranges
(d.r.) of LDR and HDR. Global Contrast Change for global tomepping isC = 0:49
and for localC = 0:10.

6.2.2 Detail Visibility Change

Details of textures and contours can be described as thefit@ghency contrast be-
tween a pixel and its adapting eld. Visibility, the respensf the HVS to the mag-
nitude of such contrasts, is not linear and depends on thatattan level. Contrast
visibility can be analyzed in terms of contrast detectiod anntrast discrimination.
We use contrast detection for identifying visible detaiisbioth the HDR and LDR
images, and we use contrast discrimination for identifyting magnitude of visible
difference in detail contrast between the HDR and LDR images

We start by identifying high frequency contrasts that pnesbly create texture and
contour details in the image. For each piXelve estimate the adapting Iuminar?t;?
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in its neighboring area and calculate the contrast exptease logarithmic ratio of
luminance values:

max(¥;; %)
0 min(Y; Yy
We simulate the adaptation to low spatial frequencies imaagie and we take special
care to prevent the in uence of signi cantly different lundnce values on an adapta-
tion level. We obtain the adaptation m#pP° by processing the HDR image with a low
pass bilateral Iter in the logarithmic domain. Such a Itesmoves high frequencies
while preserving high contrast edges. The adaptation mapngd by eliminating
frequencies above 20 cycles per pixel and preserving eddegarithmic contrast ra-
tio higher than @5. We calculate the high frequency contrasts of the LDR &riag
the same way. It is important to note that the particular obaif the bilateral Iter
for estimating the adaptation map is not critical. Othewo&athms known from tone
mapping can be used as well, as long as they do not introdtitacts at high contrast
edges.

G(Yi;Y*P) = log (6.4)

To estimate the Detail Visibility Change between two imagksigni cantly different
dynamic range, knowledge of the hypothetical HVS respoaggivien physical con-
trasts under given adaptation conditions is required. Aarable prediction for a full
range of contrast values is given by the following transddicection that is derived
and approximated by Mantiuk et aMpntiuk et al. 2008

T(G) = 54:09288 G*41850 (6.5)
with the following properties:
T(0)=0 and T(Gthreshold = 1: (6.6)

The transducer function estimates the HVS response togaiysintrast in Just Notice-
able Difference (JND) units. Thus for a given contrast thodd, Gihresholg @ transducer
value equals 1 JND. It is important to note that this measotéshfor suprathreshold
measurements, since it not only estimates the detectidnalba the magnitude of
change.

The approximation given by Equatiof.b) has been derived with the assumption of
1% contrast detection threshéd.e. Ginreshold= l0g,0(1:01). Although such an as-
sumption is often made in image processing for LDR, the dietethreshold depends
on an adapting luminance level and is described by the Thléslersus Intensity
(TVI) function [CIE 198]. The TVI function shows that this threshold varies in the
luminance range of displays and the dynamic range in HDRtendfigh enough to
make this 1% assumption for the detection threshold inateukVe therefore derive a
scaling factot(YSP) for the transducer functior6(5) which adjusts its propertie$ )

to match the TVI function given an adapting luminance:

l0g;1:01

YSP+ tVi(Ysp) ©
|0910 YSP

t(YSP) = (6.7)

Such a scaling factor is appropriate because the apprarimattthe transducer func-
tion (6.5) was derived with starting conditions fror.6), and since the in uence of the

2While equation 6.5) gives a good approximation of the response to contrast ida veinge of physical
contrasts, it actually has a slightly larger tting errorfieear-threshold values. Thus equatiérbf does not
precisely satisfy equatior®(6) for 1% detection threshold. For detailed derivation d¢arjtiuk et al. 2006
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threshold is multiplicativefantiuk et al. 2008 Figure6.2illustrates the magnitude
of change in the HVS response depending on the adapting &umoén The response
changes by a factor of almost 1 order of magnitude within ik#le range of lumi-
nance on a display. In practice, the scaling factor reduoesedsponse to contrast in
the dark areas of an image.

scale factor t(¥9)

o
i
v

0.1 1 10 100 1000
adapting luminance ¥ [cd/mZ]

Figure 6.2: Plot of the scale factor from equati@i7f. Luminance range of a typical
LCD display is 2 to 20@&d=m?.

Given the scaled transducer function, we can estimate thethgtical response of the
HVS to the high frequency contrasts measured with equa@a@i: (

T (YY) = T(G(Y;; P t(Y°): (6.8)

The responsd is expressed in JND units, which means that a détai$ visible
under given luminance conditions onlyTf > 1. Given this relation, we are able to
estimate the details of a displayed LDR image and the dethilea HDR image which
would be visible to a human observer. Furthermore, sincérémsducer function is a
suprathreshold measure, we are able to estimate changeripadog the magnitude
of detail visibility in a displayed LDR image to its HDR veosi (spatial arguments are
omitted for brevity):

g 1 for T (Y)>1>T (L);
DT (Y;L)=_ 0 for KT (%) T (L)k<Z; (6.9)
T(Y) T (L) otherwise.

For practical reasons, we consider the average detalliltigimeasure over its neigh-
boring pixels, denoted a6 , because we are interested in general detail visibility in a
certain small area. As shown in equat®8, we consider three cases of detail visibility
change. When a response to high frequency contrast in the Ir{aBd is attenuated
from above 1 JND to below 1 JND in the tone mapped image, thagshas 1 JND.
When the difference in response is below 1 JND, the changeeisiée invisible and

is set to 0. In all other cases, the magnitude of Detail VigjpChange is set to the
difference in responsés . We illustrate the performance of this measure in FiguBe

6.3 Analysis of Tone Mapping Algorithms

We analyzed the performance of 8 tone mapping methods irstefi@lobal Contrast
Change and Detail Visibility Change using the presentediosetThe analysis was per-
formed on a set of 18 HDR images with an average dynamic rahggpooximately 4
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Figure 6.3: Detail Visibility. HDR image (A) contains subtie ection on a surface
of the cup. A global tone mapping (B) reveals the coffee béatise shadow but the
re ection details become indiscernible. The areas of thagmwith lost details are
predicted by our metric (C), where red color maiks > 1.

orders of magnitude and a resolution betweegnaihd 4 megapixels. The set contained
a variety of scenes with differing lighting conditions ametluded panoramic images.
We tested the following global (spatially uniform) tone map algorithms:gamma
correction(g= 2:2), adaptive logarithmic mappinfDrago et al. 200B photographic
tone reproduction (global)Reinhard et al. 2002photoreceptofReinhard and Devlin
2003; and the following local (detail preserving algorithmgjradient domain com-
pression[Fattal et al. 200R. bilateral ltering [Durand and Dorsey 20(2lightness
perception(Chapters), photographic tone reproduction (locdliReinhard et al. 2072
The tone mapped LDR images were obtained either from theetdi these methods
or by using publicly available implementationgfstmq AppendixB. Tone mapping
parameters were ne tuned whenever default values did rmdymre satisfactory im-
ages.

In practice, the contrast detection component of our Dé&figibility Change metric
required calibration to correctly estimate the visibilitiysubtle details in extreme dark
and light regions. We introduced a scaling factor to equaid to increase the pre-
dicted response of the HVS to contrasts, and found that @&\l 89 led to satisfac-
tory predictions in our set of test images. The display attaréstics corresponded to
a typical consumer LCD with an SRGB response, black leveltd2m?, and white
level at 21@d=m? measured in of ce illumination conditions.

We measure the Global Contrast Change according to theiplésein Section6.2.1

and the results of our analysis are summarized in FiguteThere is an apparent ad-
vantage of thephotographic tone reproduction (local & globat)ethods in conveying

the global contrast impression almost without any chandees& methods were also
among the top rated in other studiégflda et al. 2005Yoshida et al. 2005 In con-

trast thegradient domain compressi@auses a severe decrease in the global contrast.
Other local methods perform moderately. Particularly,asecof thdightness percep-
tion model the decrease of global contrast is caused by the @gatiiimin of difference in
luminance between the frameworks. The superior performahthe global methods

is traded for less ef cient reproduction of details as obedrin the further analysis.

We analyze the Detail Visibility Change for two cases that jpart of equationg.9):
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Figure 6.4: The in uence of various tone mapping operatorthe change of the globall
contrastC from equation §.2). The negative values denote the decrease in global
contrast and 0 means no change. The red bars show the metiiakerg denote 2%

and 73" percentile of data, and the red crosses are outliers.

the loss of detail visibility and the change in the magnitatithe detail visibility. The
loss of detail visibility refers to th@ (Y;) > 1> T (L;) case in equations(9) and
describes the situation in which details have been visiblthé HDR image but are
not perceivable in the tone mapped image. To measure thegeharthe magnitude
of detail visibility we analyze the areas in which the detaite visible both in the
HDR and in the tone mapped image and the analysis refers (¥ T (L;) case
in equation 6.9). The average decrease and increase of the visibility dogilated
separately. FollowingYoshida et al. 2005 we further split the analysis into the dark
and bright image areas. To segment these areas, we assigof #83&arkest pixels in
an image to the dark area, and 33% of the brightest pixelstbrilght area. The results
are summarized in Figurés5and6.6. The results of the increase in detail visibility
are not shown because they can be only observed fgrétient domain compression

The analysis of Figuré.6indicates that the dynamic range compression and the change
in luminance levels lead to a decreased perception of detatase of all operators.
The magnitude of change, however, is in most cases below 1 JNB means that
the loss of detail visibility, largely observed in Figuses, is unlikely caused by the
stark luminance range compression, but rather even a mompiession causes the
magnitudes of details to drop below the visibility threshoThis would suggest that
a minimal correction is suf cient to restore the visibilitffhe detail preserving tools
implemented in local tone mapping methods seem to perfortimeright image ar-
eas, however the dark image areas are often not well repeddwith the exception
of the gradient domain compressiand theadaptive logarithmic mappingNotably,
the adaptive logarithmic mappingwhich is a global operator, preserves details ex-
ceptionally well in dark image areas. This advantage coréseacost of a slightly
higher loss of details in bright areas. Tlightness perceptiotone mapping performs
on par with other local methods, being slightly advantageiouthe bright image ar-
eas. Thagradient domain compressiasparticularly interesting, because the results of
this detail preserving method indicate both the increasiedasrease in detail visibility
while at the same time the visibility of any details is nottldSuch behavior indicates
good performance of the contrast transfer function whitdnatates large contrasts and
increases the small ones as explained in Se&ibrt
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Figure 6.5: The in uence of various tone mapping operatarshe loss of the details
visibility. The analysis are split into dark (left) and bhig(right) image areas. The
percentage denotes the part of the dark/bright image aredich details have been
visible in the HDR image but are not perceivable in the tonpped image.

photoreceptor f— —————————— photoreceptor [ — - —F —
photogr. (global) H- —0 1 photogr. (global) | —_ — 1 —
photogr. (local) |+ — photogr. (local) |- - 1 — —
lightness perc. |+ — [ lightness perc. |+ - -} — =
bilateral filtering — O+ bilateral filtering - - ——r———} — - -
gradient domain  +XJ}— 1 gradient domain — - _—o0— 1} — —
adapt. logarithmic - —C— - adapt. logarithmic | —_ —
gamma2.2 i+ e . gamma22 b — f__—r— } — —
0 05 1 0 0.5 1

average decrease in texture magnitude (JND)
bright image areas

average decrease in texture magnitude (JND)
dark image areas

Figure 6.6: The average decrease of the magnitude of deisiitslity caused by the
analyzed tone mapping operators. The analysis are spiitdatk (left) and bright
(right) image areas. The average is calculated over the pdrtre details are visible
both in the HDR and in the tone mapped image. 0 denotes no ehangsibility and
1 JND denotes a visible change.

Overall, the better performance of the global tone mapppeyators in the analysis of
Global Contrast Change is not surprising. However, thegperénce of the algorithms

in terms of Detail Visibility Change is very unstable acrdise test images and there
is no obvious winner of the evaluation. Interestingly, ttdha@ncements required to
improve the results do not necessarily need to be strong.ewl discovery of a new

universal operator seems unlikely, our analysis motiviiteglevelopment of enhance-
ment algorithms that could restore the missing informatimmone mapped images
based on their HDR originals. Such enhancements can benettasing colorsgmith

et al. 2006 or carefully shaped countershading pro les as explaime@hapter?.

6.4 Conclusions

Based on experience and conclusions from previous work ariiéd two major dis-

tortions introduced to luminance while tone mapping: Gldbantrast Change and
Detall Visibility Change. To our knowledge, we present thist objective perceptual
metric for the measure of contrast distortions between amRHbage and its LDR
depiction. To construct these metrics, we extended thesdreer function to handle
HDR luminance levels. We analyzed selected tone mappintatps using our met-
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rics and we provided an indicative characterization oferegserators in terms of global
contrast and detail preservation in dark and light regiddisice only luminance val-
ues are evaluated by our distortion metrics, their apptinas most suitable for the
luminance-based subset of tone mapping operators. Oumitpes for distortion de-

tection and magnitude evaluation can be used with otheradstbf perceived contrast
enhancementJalabria and Fairchild 2008mith et al. 200p including luminance

manipulation at contrasting edges — an enhancement mexiptulted in Chaptef.
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Chapter 7

Restoration of Lost Contrast

Successful comprehension of observed images and scenesddepn our ability to
distinguish their features. Human vision identi es sceaatfires through the appar-
ent contrasts that they create within their context. Wedible contrasts facilitate the
recognition of objects in a scene, identi cation of theixtigre, understanding of their
spatial distribution, and the ability to judge brightnestvieen adjacent and distant
areas. Together, these features directly in uence pepplesessment of overall image
quality [Janssen 20Q1Therefore, a well pronounced rendition of perceived casts

is an important goal of computer graphics algorithms whiobcpss visual informa-
tion. Unfortunately, often this goal is not achieved dueitber technical limitations or
poor input data. In tone mapping for instance, the insufitieapabilities of displays
require reduction of the dynamic range in images, whichitably leads to attenuation
of contrasts and loss of visual information as shown in GéreptIn rendering on the
other hand, poor design of illumination or bad shading aigors produce low con-
trast images in which comprehension of scene content isgraon ned [Luft et al.
2004.

In this chapter we are concerned with the problem of comnatimg contrasts in im-
ages that suffered from contrast degradation with resmethdir original. In case
of a tone mapped image, the original is its source High DyndR@nge (HDR) ver-
sion. Such HDR images can be captured with HDR cameras, usirgrexposure
techniques, or obtained in many rendering application iiqaar in realistic image
synthesis and lighting simulation as explained in ChapteEven if rendering leads
to low dynamic range images, e.g. non-photorealistic rengecontrasts from the
depth map can be used for similar purpodas#et al. 200§. Unlike in typical con-
trast enhancement tools such as histogram equalizatioonrdrast equalization, we
do not want to change the general appearance of processgeédmélor de we try
to restore the physical contrasts in the image, especialgngthat most often it is
not possible due to the dynamic range restrictions. Inste@dpropose to enhance
the perceived contrasts through a gradual modulation ghbiess in the vicinity of
the contrasting edge inspired by a family of known percdplugions [Kingdom and
Moulden 1988 Craik, O'Brien, Cornsweet. These illusions, which we d&vie y in-
troduced in Sectio.2.6 address several models of gradual darkening and liglgenin
of areas towards their common edge to which we in generat esfeountershading
pro les. Our approach has particular advantages in that the coeinaancement can

85
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be achieved within the available dynamic range, and the meatihns do not change
the general appearance of an image because they are lim#eeksts along the edges of
the enhanced features. Furthermore, the perceived cbmniegsbe larger than would
be normally achievable on a target display. Similar techegghave since long time
been used by artists to obtain better contrasts in paintagexplored by Livingstone
[Livingstone 2002

We present an image processing tool that creates countimgtyaro les for an image
to enhance perceived contrast of features degraded witieeceto the original. Our
tool can be considered as a generalizationrsfharp masking an image enhancement
technique which in certain cases also creates countergipd les by overlaying the
difference of an image and its blurred version. The deveknof a new algorithm
is motivated by the disadvantages of the traditional urshaasking which cannot be
applied to automatically correct individual image featurdo deliver the automatic
correction with respect to a reference image, we combinethmtershading algo-
rithm with a multi-resolution contrast metric. The metrieasures local contrast of
features at different scales, compares the processed itndigereference, and drives
the spatial extent and the strength of countershading esoWe rst demonstrate how
to match the physical amplitude of a reference contrast thithamplitude at the pro-
led edge, and later we adjust the amplitude according toingd in psychophysics
to reduce the perceptual difference between them. Finetigessive countershading
pro les may become visible as halo artifacts and degradentage quality, which in
most cases is unacceptable and in fact reduces the streihtith contrast enhance-
ment. We employ the visual detection model to estimate tharman amplitude of a
countershading pro le that is not objectionable in a givesaabased on the luminance
threshold, contrast sensitivity and the contrast maskifegts.

We start with a review of unsharp masking and contrast erdraant techniques re-

cently used in computer graphics in Sectibd, and we summarize relevant ndings
in psychophysics in Section.2. Next, in Section7.3we present a new algorithm to

create the countershading pro les. In Sectibd we introduce the visual detection
model used to adjust the adaptive countershading to prevetgsired halo artifacts,

and draft the implementation in Secti@b. Finally, we illustrate and discuss possible
applications in Sectiof.6.

7.1 Previous Work

Unsharp maskingHratt 1991 is the technique in which a Gaussian blurred image
is subtracted from its original luminandeto create an unsharp mask that is added to
the original image with a coef cient:

Y =Y+c (Y Ys); (7.1)

whereY is the enhanced image asddetermines the spatial extent of the Gaussian
kernel. The magnitude of the correctiomeeds to be adjusted by the user and all
pixels in the image are corrected with the same coef cierdwelver, the enhancement
happens in two dissimilar ways: through the countershadiythrough the reintro-
duction of features. The highest quality of correction isgd only for image features
whose scale is similar to or larger than the size of the Gandsérnel Neycenssac
1993, because they obtain valid countershading pro les. Sikelhels, however, lead
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unsharp masking original signal

Figure 7.1: Countershading using unsharp masking givesciresults when the ker-
nel size is adjusted to the size of the feature (left). If @mphmasking is used to
enhance the contrast lost on a step edge with details, thenibdels the countershad-
ing pro le on the edge but also strongly ampli es all the fess of a smaller scale

(right).

to sharpening effects at the edges of larger featiNegdenssac 199and have limited
capabilities to enhance contragtifigdom and Moulden 1988 All features smaller
than the kernel size are reintroduced with a varied stremagtich is in uenced by
their scale and the difference from the local average, astitited in Figurd.L The
noise ampli cation caused by such a reintroduction of thekstale features and the
sharpening artifacts at the high contrast edges can be mgdwvith the adaptive un-
sharp maskingHolesel et al. 2000Ramponi et al. 1996 Psychophysical ndings,
which show that the uniform physical correction is percdias stronger in the dark
parts of an image than in light areas, motivated the norafiaelaptive unsharp mask-
ing [Ramponi et al. 1996 In spite of the numerous improvements to this technique,
we are not aware of any method for an automatic enhancemigg inslividually ad-
justed kernel sizes and pro le magnitudes to create theteosinading pro les that are
appropriate for enhanced features without distorting roplaets of the restored image.

The in uence of weak contrasts on a limited comprehensiothefspatial distribution
of objects in a scene has been studied by Luft etlalft[et al. 200§. They show
that unsharp masking using the depth map of a scene stronighnees the cognition
of spatial distribution of objects. Their results are vepod because depth maps ex-
tract precisely the edges which outline objects in a scedearrection of these edges
improves the perception of the spatial organization. Thenisity of countershading,
however, depends only on the depth relations of objectsndelind therefore unnat-
urally looking dark outlines may appear over the objectshierr behind in the scene.
The visual model presented here limits the countershadmeggth based on the ac-
tual image contents to prevent the visible degradation efgies, thus limiting such
artifacts.

The loss of communicated information is also typical fore@mapping, where the con-
trasts are explicitly reduced in an HDR image to t into thendynic range of a display
or print. In Chapteb we show that, despite the different approaches to tone mgppi
each algorithm suffers from a certain amount of contrastat&gfion leaving space for
improvements towards the reference HDR. To better commatmiost contrast infor-
mation, ne details can be corrected with opposite colorsigd by a single-resolution
local contrast metric, and the largest contrast can beregbtoith a segmentation based
countershading technique adjusted by a single global asintneasuregmith et al.
2004. Unfortunately, in such an approach all features of therimediate size remain
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Figure 7.2: Different countershading pro les and their ience on the perceived
brightness. Plots afteKjngdom and Moulden 1988

uncorrected and the countershading is applied to only drigay edge in the image.
We propose to strongly couple the countershading with ainregblution local con-
trast metric and automatically correct features at vargmades in a consistent manner
with the individually adjusted pro les. Further, we proeic perception model which
counteracts the objectionable halo artifacts.

A comprehensive model of the human visual system is embeuidge: Visual Dif-
ferences Predictoaly 1993, which detects the differences between the reference
and distorted images. Such a visual model accounts for meie masking, spatial
contrast sensitivity, and contrast masking in spatialdssgy and orientation bands.
However, it is computationally expensive and thereforeftisrosimpli ed in computer
graphics applications. Predicting visible renderingfacts [Ramasubramanian et al.
1999, for instance, is successfully done with a simpler modeiciwhignores the ori-
entation bands. We derive a similar detection model to prettee countershading
pro les from appearing as the halo artifacts. While these el®dre more focused on
the near-threshold noise detection, in our context thesstipeshold effects of lower
frequencies are of more interest.

7.2 Perceptual Background of Countershading

In Section3.2.6 we have introduced the illusion of perceived brightneffeidince be-
tween two adjacent surfaces of equal intensity. This diffee is induced by a carefully
shaped brightness pro le at the border between these sgfathis particular exam-
ple of countershading is the Cornsweet pro le. We have olezkthat the perceived
difference appears both on simple uniform patches, Figut& and in natural images
Figure3.14 The latter gure illustrates also that contextual infoitioa, like shape or
perspective, articulate the effect of the illusion.

While the Craik-O'Brien-Cornsweet illusion describes oslgveral cases, Kingdom
et al. [Kingdom and Moulden 19§&ummarize a family of border pro les and their
in uence on the brightness of adjacent areas. As shown inrgig.2, practically any
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Figure 7.3: Apparent contrast of the Cornsweet pro le agefion of the peak contrast
of the pro le and its width in degrees of visual angle. Thegght line (red) denotes the
actual step edge (Cornsweet pro le of in nite size). Ploteaff[Dooley and Green eld
1977, Fig.4], contrasts given in Michelson measure.

form of countershading and the combination of them leadsnagni cation of the
perceived contrast. Such pro les can be modeled using thes§éan function in which
the amplitude and the standard deviation determine thasitteof countershading.
The modeling algorithm is technically similar to unsharpskiag, and leads to alike
pro les (compare with Figurg.1).

The informed use of such an illusion to enhance images regjuiowever, that the per-
ceptual properties of the pro les are well understood. Bgand Green eld Dooley
and Green eld 197Fdetermined the relation that gives the amplitude of a censfitad-
ing pro le that is required to obtain a perceptual contrasttch with a step edge with
respect to a simple stimulus. Additionally, BuBUrr 1987 observed the increase of
perceived contrast when a countershading pro le is addexhtexisting step edge. It
has also been found that the spatial extent of a pro le ddatexsthe maximum possi-
ble enhancement and has to be appropriate for the magnitilde corrected contrast.
For instance, a Cornsweet pro le of 1 visual degree can sabeudn edge of up ta25
Michelson contrast (i.e. strong supra-threshold conjtrastt further ampli cation of
this pro le leads in fact to a decreased illusion as illugtthin Figure7.3. As soon
as the low frequency of the pro le can be independently detéahe pro le is clearly
distinguished at an edge and the increase in the amplitusleda&ffect on the per-
ceived contrastBurr 1987. This suggests that the contrast enhancement using the
countershading pro les should be guided by a visual dedeathodel. Finally, the illu-
sions created by the spatially larger pro les are not aéfddiy an additive noiseBjurr
1987, thus the countershading pro les applied to the diffehetéxtured areas give
consistent effects.

The strength of the perceived contrast enhancement dueutdtershading is in u-
enced by visual cues. In particular, a contextual hint thatdountershading pro le
results from a difference in the illumination of two surfacpossibly con rmed by the
perspective information, almost doubles the strength ektfect Purves et al. 1999

This is con rmed by the success of the Luft et dluft et al. 2006 approach, in which
objects separated by different depths are likely to be wiffgy illuminated as well.
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In contrary, the con dence that a pro le is a feature of thefaoe re ectance signif-

icantly reduces the illusion. These observations, esihec@ated to the larger scale
contrasts, cannot be explained by the receptive eld praggof the lower order vi-

sual neurons, or by the fact that both the step edge and tmtezshading pro le have

almost the same frequency characteristics when normabigéke contrast sensitivity
function [Kingdom and Moulden 1988

While the early explanations of the Cornsweet effect aredanahreshold sensitivity,
the illusion is clearly supra-threshold and in fact a caesistheory explaining all
experimental ndings has not been found so far. Our decigiarse the modi ed supra-
threshold sensitivity[Dooley and Green eld 1977s motivated by the fact that this
model explains well the results of the experiments whichsueathe apparent contrast,
including the supra-threshold effects, of up t@ th Michelson measure. Clearly, the
visual cues strongly articulate the effePurves et al. 1999but even if an appropriate
model was available, it would require a robust decompasititto illumination and
re ectance which practically is only possible in image dyatis.

7.3 Image Processing for Countershading

We develop a method that creates the countershading primleshance the perceived
contrasts of edges in the restored (input) image that aseplemounced than the cor-
responding contrasts in the speci ed reference image. \Whtify such edges in the
restored image by comparing it to the reference image ubimgnulti-resolution local
contrast metric. Guided by the metric, we create the prdies the sub-band compo-
nents such that the pro les are individually adjusted to ¢berected features without
distorting information that has been well preserved fromréference.

7.3.1 Multi-resolution Local Contrast Metric

We use a metric which measures the physical local contraswaral frequency bands
in a similar manner to PelHeli 199Q. We decompose an image into a Gaussian pyra-
mid, in which each lower level is Itered by a 55 kernel and its resolution is halved
as described inBurt and Adelson 1993 Such a decomposition splits the image fre-
guencies into octaves which corresponds to the frequenmaraton observed for the
human visual systenPli 199(Q. Thus, on the highest level we measure the contrast of
ne details, and on the lowest level the contrasts betweemthjor areas in the image.
The lowest level we consider is 4 pixels long in the smallenetision, and we ignore
the base band. For each pixel at each pyramid leweé calculate the local sub-band
contrasiC; using the formula:

Y Ymead

G : (7.2)

Ymean

whereY is the luminance of a pixel at the pyramid leveindYyeanis the local mean
luminance. In practic¥meanis taken from the corresponding pixel at the lower pyramid
level. The nal output of the metric is the pyramid that cdntathe ratios of the
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corresponding local contrasts between the input imagetamdference:

R = min(CIInp y1): (7.3)

ref?’

In this equation, the input and reference image pair camf&iance be a tone mapping
result and its original HDR image. The raf® is limited to the maximum value of 1
because the detail ampli cation with respect to the refeeeis not considered.

7.3.2 Adaptive Countershading

We develop a method which selectively adds the countersauio les to the restored
image guided by the sub-band local contrast rati8)(from the metric. We start with
an observation that the addition of successive levels diuthessolution Difference of
Gaussians up to a certain level (here the example for 3 levels

U=(Y Ysa)*+(Ysy Ys)+t(Ys Ys3): (7.4)
gives the same result as unsharp mask, equafidi €or this level:
U=(Y Ys53);

wheres (1) = 2 1P 3 denotes the Gaussian blur at levandY is the luminance of
the reference image. When the terms of such a sum are furtéplied by the output

of the multi-resolution metric which locally adjusts the @itudes of the sub-band
components:

N
" f fy.
P= éll(l R) (|og\(s“(’I " IogYsr?I)), (7.5)
we obtain the countershading pro |éswhich are adjusted to match the contrasts in
the reference image. In equation.§) | denotes the level of the Gaussian pyramid
with N being the lowestR are the contrast ratios from the metric at the selected
level, operato(") denotes upsampling to the full resolution, operatas the element-

wise multiplication, an™! is the luminance of the reference image. The difference

s(0)

(IogYS“"("If " IogYs"zlf)) is a sub-band component of the countershading pro le at the
levell. The luminance¥ and the countershading pro lésare calculated in the loga-
rithmic space. Such a coarse approximation of brightnesgepts too strong darkening
which would happen in the linear space. The sub-band conmp@iaee not taken from
the contrast metric, but are stored in the full resolutiorder to preserve the phase
information which would be lost by the resolution reductidrhe contrasts in the in-
put image are restored by adding the countershading pre lesthe luminance of the

input image in the logarithmic space.

Equation 7.5) has several good properties. The uncontrolled ampliaatf features

does not happen because the algorithm is adjusted to theme&image. The counter-
shading pro les are created from the reference image, tsecaartain features might
have been lost in the input image, thus both detail enhanaearal detail reintro-

duction are solved using one framework. The sharp edgesgd Ecale features are
detected by the contrast metric at the top level and at alleels down to the scale
corresponding to the size of these features. Therefore dhatershading for such
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reference attenuated

adaptive c-shading

unsharp masking
adaptive c-shading
————— partial profiles
subband components

Figure 7.4: Countershading pro le for a step edge with detébp), where the step
edge is attenuated while the details are preserved witlecesp the reference. Adap-
tive countershading (bottom) recovers the smooth pro léchiprevents artifacts. The
unsharp mask pro le is distorted by the high frequency cotg®f the reference edge
and exaggerates details during enhancement as shown ireFidgu Unlike in our
method, unsharp masking also requires manual adjustmém spatial extent and the
amplitude of the pro le.

edges is progressively composed from the sharp componeahthi@ components with
a larger spatial extent. This is illustrated in Figurd along with a comparison to the
traditional unsharp masking.

At this stage, the multi-resolution contrast metric assuhat the physical contrast of
the features in the image restored with the countershadiodep are equal to their
physical contrast in the reference image.

7.3.3 Saturation of Pro les

Countershading pro les may increase or decrease luminaaices beyond the avail-
able dynamic range and cause the saturation to black or whiteval of details, and
clearly reveal the presence of a pro le. Therefore, thegaftthe pro le that correct
beyond the available range have to be attenuated, as shawigure7.5. The atten-
uation is performed successively starting from the lowestjdency sub-bands, and
separately for the darkening and the lightening parts ofptieeles. Each sub-band
component is attenuated so that the restored image plusoth@ershading pro les
does not exceed the dynamic range. We motivate our bottoapppoach with the
fact that the saturation is mostly caused by the much larggditudes of the low-
frequency components. Although the strength of the conénralsancement is reduced
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— - dynamic range limit countershading

clipped countershading

Figure 7.5: Countershading may exceed the dynamic rangedimd cause clipping:
the pro le is then distorted and ne details are removedtjleSuccessive attenuation
of a pro le retains all details and as much of the pro le as gibe (right).

in such case, the asymmetric pro les still increase the giged contrast, as shown in
Figure7.2 and the degradation of the restored image is prevented.

7.3.4 Natural Image Statistics

One aspect evident in the analysis of CornswBetdley and Green eld 1977is that
strong contrasts cannot be corrected with small pro lesweler, according to nd-
ings in natural image statisticB@vik et al. 2000, the average amplitudes of frequen-
cies in images tend to decay as a power function, being langevv frequencies and
small for high frequencies. Such a phenomenon is known gsawer law for the am-
plitude of frequencies. This observation assures thaterctintext of natural images
we are highly unlikely to encounter the necessity to coraeatry high contrast with a
small pro le.

7.4 Perception of Countershading Pro les

The countershading pro les modulate physical contrastsdaies in an image in or-
der to increase the perceived contrasts between featumegeudr, as soon as the low
frequency of a pro le can be independently detected, thelevhoo le is distinguish-
able at an edge, and the increase in the pro le amplitude bdsinther effect on the
perceived contrasBurr 1987. To counteract such situations, we develop a visual de-
tection model which assures that the sub-band componem=odés remain below
the objectionable amplitude.

We use a model which explains the behavior of the Cornswlestah with a good ac-
cordance to the perceptual experiments which match therapipeontrast of a pro le
with the contrast of a step edg@doley and Green eld 197]7 The model is based on
a spatial contrast sensitivity function (CSF), but its #rity to the frequencies varies
with the amplitude of a pro le, as shown in Figures. It therefore estimates the ampli-
tude thresholds above which the components of the pro l®bezindividually visible
and render a much weaker Cornsweet illusion with objecbtmbalo artifacts. This
model, however, analyzes single Cornsweet pro les on aoumf2D background and
it may be too conservative for natural images. The contrastking effect, explained
in Section3.2.3 suggests that in areas which already contain featurestaircapatial
and orientation characteristics, the acceptable amgliafdhe pro le may be higher
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Figure 7.6: Contrast sensitivity function for the threshaffects and the supra-
threshold model of tolerance to the magnitude of sub-bamipoments of the Corn-
sweet pro le added to an existing step edge of Michelson rembin. Vertical lines
denote frequency ranges of sub-bands at pyramid levels engdlin the top.

if the pro le is composed of signals with similar charac&igs. Such a selectivity of
independent visual channels ts well to our multi-resabduticontrast analysis which
uses lter banks motivated by the visual channels in humacgmion. We therefore
improve the model by accounting for this strong effect in lanrperception.

An important insight from [Dooley and Green eld 1977 shown in Figure?.6, is that
the sensitivity to the higher frequencies in the Cornsweetig@and in the step edge
is similar which justi es our approach to equal the contraisthe pro le edge to the
contrast of the feature edge.

We take a standard approach to modeling visual detectiorelmaghich we have
brie y introduced in Sectior8.2.4 In such a model we combine three effects typical
to human vision: luminance masking, spatial contrast sgitgiand contrast masking.
For the sub-band component at levedf our pyramid representation, the maximum
amplitude of a pro leDY expressed in luminance is calculated as follows:

_ tvi(Ymean
~ csf

whereYmneanis the local mean luminance in the sub-band (consideredeaadapting
luminance) andC; is the sub-band contrast at the leVeltvi is the threshold versus
intensity function CIE 1981, csf is the relative loss of contrast sensitivity for the
spatial frequency band[Daly 1993, and maskingdescribes the contrast masking at
the given contrast;. TheDY is calculated for each pixel at the sub-band lével

DY maskingCi; Ymean; (7.6)

The threshold versus intensity functibn describes the luminance masking effect, ex-
plained in Sectior8.2.1 by giving the minimum luminance change which is visible at
the adapting luminance level. Whitei describes the thresholds for a patch shown on
a uniform background, the human visual response to compiagés varies depending
on the frequencies of the components. Our sensitivity tatimrast at a given spatial
frequency is described by the contrast sensitivity fumc{l@SF), which we give in Sec-
tion 3.2.2 In practice, the CSF function increases the luminancestiulels estimated
by tvi for very high and low frequencies.
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In our model, however, instead of using the typical CSF wihiebkcribes the detection
thresholds, we use the function given ibdoley and Green eld 197,7Fig.6] which
determines the tolerable amplitudes of the countershagliodes and also accounts
for the increase in sensitivity to low frequencies when alpris added to an existing
edge of Michelson contrash. Due to the lack of an equation, we provide a t based
on the normalized CSHaly 1993:

csf(m) = csf074 08307 (7.7)

This function replacess f in equation 7.6) for levels| with frequencies lower than the
frequency of peak sensitivity 5cpd. Since in the original publication this relation is
expressed using Michelson contrast, for compatibility eeatculate here our contrast
measuréC. The plot is given in Figuré&.6.

Signals added to textured areas are harder to perceivefthdaead to uniform areas. In
Section3.2.3 we have shown that the existing contrasts in an area masiottigast of
the introduced signal. Contrast masking elevates the ti@tethreshold as a function
of the local sub-band contraSt in the corrected image:

. G 0:7
maskingC;; Y, =max 1,(=———)"" ; 7.8
(!J | mear) (TC(Ymear)) ( )
whereTc is the threshold contrast for the local mean luminance Mygl, and
tVi(Ymean |

TC(Ymear‘) Ymean
Contrast masking is modeled by a power function with a typgegonent 07 [Daly
1993, which increases the thresholds as soon as the local suthdmmtrast is greater
than the threshold contrast. Contrast masking is hormalhsiclered within the fre-
guency band and the orientation bafzhly 1993. We ignore the orientation bands
due to the high computational costs. In case of the low fregjgs, the introduced pro-
le in our case has the same orientation as the existing sigoarected edge) which
gives a strong masking effect.

The maximum tolerable amplitude of the pro B from equation 7.6) sets the limit
for the amplitude of the sub-band component of the counaelisly pro le at the given
location.

7.5 Implementation

The adaptive countershading algorithm restores the dedrmdageY™P with respect
to its referenc&™" and outputs an enhanced versiony8¥. The algorithm operates
only on luminance values. To process a color image, the RGRrutls are converted
to Yxy color space and reverted back to RGB with an enhanaethance channel Y.
We clip the colors that are mapped out of the SRGB gamut afterggsing. Nonstan-
dard references, such as depth maps, may be directly ugeddnsf contrast ratioR.
However, such ratios have to be manually scaled to reaspigainde the strength of
the contrast enhancement.

The algorithm outline is given in Figuré7. The process is fully automatic given the
reference imag&"™" or arbitrary data passed as the contrast raRodnitially, the
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Adaptive Countershading(Y'"P;Y'ef)

1 C"P = contrastspyramidY"P)
2 C'ef = contrastspyramidY'ef)

3 R = pro le_componentdog; o(Y™"))
4 P = 0// countershading pro le

5 n= logy,(min(width; height)

6 for | :=n:1

7 R(l)= C"P(1)=C'f(])

8 Ar=1 min(L;R(I))

9 As= saturationlimit(log;o(Y"P)+ P,P(1))
10 Ay = visualmodellimit(Y"P;C"P(1): Pe(1))
11 P+= R(I) upsamplemin(Ar;As;Av))

12 RESULT= 10(0g10(Y"P)+ P)

Figure 7.7: Pseudocode implementation of adaptive cosimaeling for contrast
restoration in a tone mapped HDR image.

“contrastspyramid” function measures local contrasts in the inputgesat different
resolution levels as described in SectioB.1 Then the “pro le.components” function
calculates the sub-band components of the countershadiriggpwhich are used in
equation 7.5). The main loop in lines 6-11 builds the countershading f@®P from
the sub-band componen®s. For each spatial location at the resolution leielve
calculate the desired and the maximum allowed amplitudésesub-band component
P=(1) of the pro le. Ar is the desired amplitude of the pro le component which would
match the original contrastAs is the maximum amplitude of the pro le component
which does not saturate the input image enhanced by alregldylated pro lesP,
andAy is the maximum amplitude of the pro le that cannot be detédtethe image,
equation 7.6). In line 11, the countershading pro e is enhanced with the new sub-
band component at the magnitude required to match the atigontrastAg, but not
larger thanAs andAy. The resolutions ofg; As; Ay correspond to the resolution of
the local contrast metric at the given level, and the prodenponents are in the full
resolution of the restored image. The result of the proceshd input imagey"P
modulated by the calculated countershading proRes

The visual model, embedded in the “vistmabdellimit” function, assumes an sRGB
display and requires that the image frequencies are cédclia cycles per degree of
visual angle which depend on the screen resolution and #weing distance. The
results in Sectiory.6 are obtained for the resolution 12801024 viewed from the
distance of 5 the screen height. An enhancement of a 1Mpx image requiasg ab
minute on a modern PC. The bottleneck of the algorithm aredhgolutions, three are
calculated per pyramid level: to measure the contrast&®ih contrasts iry'"P, and to
calculate the components Bf A linear lter is used for upsampling.
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Figure 7.8: Test pattern for the contrast restoration bypaweka countershadingDR
describes the dynamic range in jgainits of luminance. In the image (e), the blue
countershading pro les darken the image and red lightegiy ihtensity corresponds
to the pro le magnitude. The right patch in (e) obtained rghtening because of the
dynamic range limit. Refer to Sectiagh6 for details.

7.6 Results and Applications

We rst demonstrate adaptive countershading on a testnpattégure?7.8. The refer-
ence image (a) contains a textured background and two ezkpatches. After the tone
mapping (b), the texture of the right patch has been predewlgile the textures of the
background and the left patch have been attenuated. Alsaadhtrast between both
patches and background has been attenuated. Thus thettéfilhsstrates global tone
mapping and the right one local. The goal of the correctiotio isestore the contrast
between the patches and the background, to restore thditysih the textures in the
background and the left patch, to assure that the textuteeafght patch is not empha-
sized and that objectionable halo artifacts do not appdae.ifhage (a) spans the full
dynamic range and in the images (b,c,d) the dynamic rangsiisially limited for
demonstration purposes. The countershading (c) visibhaeces the contrasts com-
pared to the tone mapped image (b). The texture details dfabkground and the left
patch are restored to almost the same level as in the refemerage (a). The contrast
and the brightness of the right patch have also improvedadth it cannot match the
reference due to the dynamic range restrictions. The detéihe right patch remain
unchanged, which is con rmed in the map (e). Unsharp maskiitigthe spatial extent
and the magnitude manually adjusted for correction of thelpto background con-
trast is shown in image (d). The image is visibly enhanced;ever, when compared
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tone mapped image unsharp masking of tone mapped image

countershading of tone mapped image

Figure 7.9: Image tone mapped using the contrast equalizfiantiuk et al. 2006
(top/left) and restored by adaptive countershading (bofttft). The restored image
better communicates the brightness relations and the deptie image. (top/right)
shows unsharp masking with parameters set manually to eguahant countershad-
ing prole. Although overall enhancement of unsharp magkis impressive, the
changes are hardly controllable and modify the style of nhege.

to the reference (a), the background and the right patclisletve clearly too strong
magnitude. The undesired halo is well visible in the righthavhere also some areas
became saturated.

7.6.1 Post Tone Mapping Restoration

In Chapteré we observe that tone mapping inevitably leads to the attemuaf con-
trasts and loss of visual information with respect to theyiodl HDR, because the
insuf cient capabilities of displays require the reductiof dynamic range in HDR im-
ages. In Figur@.9an HDR image has been tone mapped with a contrast equatizatio
technique Mantiuk et al. 200Bto reveal the details. Unfortunately, the result does not
depict any more the strong brightness difference betweerltuds and the building
which is very apparent in the original image. This has bedraied by the multi-
resolution contrast metric and corrected with the appateitountershading pro les to
reintroduce the brightness difference. After the enhamcenthe overall appearance
of the tone mapped image including the ne details is not geah Such a correction

is not possible with unsharp masking, although the size badragnitude of the blur

in the mask has been manually adjusted according to theawta. The reason is
that the larger kernel, which is required for this correctiampli es details so strong
that the countershading effect disappears. Another exam@hown in Figur&.10
where an HDR image has been tone mapped with the logaritheppmg Drago et al.
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tone mapped image

countershading of tone mapped image

countershading profiles

Figure 7.10: Image tone mapped using logarithmic mappdrggo et al. 200B(top)
and restored using adaptive countershading (middle). I&gbhianges to the image
bring back the contrast at the horizon and the details, bnbdlchange the style of the
image. Image courtesy of SpheronVR.

2003. After using this global operator, some cloud details ia #ky are not visible
any more, the area around the sun becomes almost isolumamehinuch contrast has
been lost in the horizon area. This is automatically restevgh the adaptive coun-
tershading and the style of the particular tone mappingrélgo is not changed. In
both examples the halo artifacts are not disturbing evengha stronger correction
was allowed by the visual detection model in Figur® because of the masking by
the clouds. Figur@.1lillustrates tone mapping of an HDR image with two different
techniques. The global operator (a) preserves well breggmelations between lit and
shadowed image areas but looses the texture due to a largenttyrange compres-
sion. The local operator (b) equalizes all contrasts intiagie so that all information
is preserved from the original HDR. However, since both it shadowed areas are
very detailed, there is not enough dynamic range left toadpe shadow boundaries.
The brightness relations between image parts are not pnoedu The adaptive coun-
tershading automatically restores missing image featarlesth tone mapping results,
rendering a rich image which preserves the original lookaaheof the operators.

7.6.2 Adaptive Depth Sharpening

Unsharp masking using the depth map of a scene strongly eataognition of the
spatial distribution of objectd Lift et al. 200§. We obtain a similar enhancement using
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tone mapped image countershading result

(a) global tone mapping

tone mapped image countershading result
(b) contrast equalization tone mapping

Figure 7.11: An HDR image tone mapped with two different réghes: global op-
erator Reinhard and Devlin 20Q%and contrast equalizatiorMantiuk et al. 2006
Adaptive countershading automatically restores the wisilof texture details in the
globally tone mapped image. The shadow boundaries, whichrbe weak after the
contrast equalization tone mapping, are automaticallyapoéd by adaptive counter-
shading so that the brightness relations between the intage ean be well recognized.
Note that the particular style of the tone mapping operaorains unchanged.

the adaptive countershading by measuring the relation epthdnap of an image to a
uniform map in place of the contrast ratiBsn equation 7.3) and by using the depth
map instead of the reference luminance in equafios) (In our approach, Figuré.12
the intensity of countershading does not only depend ondpéhdelations of objects,
but is also guided by the visual model which prevents the agpee of unnaturally
looking dark outlines over objects further behind in thengcelThe visual model limits
the countershading strength based on the actual imagentsraed prevents visible
degradations.

7.7 Conclusions

Based on ndings from psychophysics, we have explained lwenhance contrast in
images using the Craik-O'Brien-Cornsweet illusion in attotked way by employing
the multi-resolution local contrast metric to guide the@sgth of enhancement and the
visual detection model to prevent the appearance of objeatile artifacts. Counter-
shading in most cases cannot be expected to restore thaarigintrast of the refer-
ence, however the enhancement is well visible when pro tesagll adjusted and are
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Figure 7.12: Poor design of illumination in the scene reasidta “ at” look of the
image (a). Countershading using depth information (b) rods cognition of the spa-
tial distribution of objects in the scene (c). The visual misdimits the appearance of
countershading as halo artifacts. Unnaturally lookingkdartlines may appear over
objects further behind in the scene if only depth relatiores @nsidered, image (d)
from [Luft et al. 2006. Image and depth data frors¢harstein and Szeliski 2003

masked by image contents.

We have presented an image processing tool to create cehating pro les which
are individually and automatically adjusted to enhancecet image features that
require such correction when compared to the reference saime framework is also
able to reintroduce lost contrast information. We have destrated how it can be used
to enhance images using their HDR originals or the depthiinétion as the reference.
Comparing to the results of traditional unsharp masking,ehhanced images better
communicate information through contrast while the ovexgppearance is not distorted
and the enhancement is achieved within the available dyneange.

This research direction can be furthered by evaluating¢he&ged corrections in a per-
ceptual experiment. Such an experiment could measure thallgperceived strength
of the countershading enhancement in complex images foubtof different scales
and given a variety of contrast references.
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Chapter 8

Summary

In the following we summarize the contributions of this tisegraw conclusions, and
we end with an outlook on future work.

8.1 Conclusions

The continuing interest of this dissertation was to appnogarious aspects of tone
mapping with a strong emphasis on human visual perceptibrough this interdisci-
plinary point of view, the several methods presented inttigésis successfully improve
and evaluate the delity of tone mapping.

By approaching the human visual system as a black box we ldavei ed the per-
ceptual effects which signi cantly contribute to the appae of scenes and included
them in real-time tone mapping with a minimal overhead. Ereffects are simulated
according to known behavior of human visual system with eesfo the absolute lu-
minance levels in a scene. This leads to an increased levehtifm in the depiction
of dynamic HDR contents particularly in applications for RDideo playback or real-
time realistic image synthesis. Such effects convey thgestiee impression of ap-
pearance of night scenes and bright light sources which albyriis not communicated
on standard displays.

The appearance of natural images is in uenced by both sgrewd cognitive pro-

cesses. The knowledge acquired from perception theorigsisedesign a computa-
tional model of the anchoring theory to obtain accurateaépction of HDR image

appearance in terms of lightness. We demonstrated thecapiph of the model to

tone mapping, including dif cult examples that are not wiedindled by other algo-
rithms, and we validated the delity of its reproduction hycsessfully simulating the
appearance of known perceptual illusions.

Psychophysical models of contrast perception let us ifyegstthe quality of tone map-
ping in terms of communicating original HDR contents. Sunlohjective evaluation
gives a perceptually meaningful ranking without the bur@®mlved in evaluations
with human subjects, and furthermore permits the study détging reasons for bet-
ter visual performance of some algorithms over others. Tput of our metric can
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be further used to guide the restoration processes.

The perceptual illusions of contrast inspired us to explmtpossibility of strong per-
ceived contrast enhancement within the available dynaamge. Our adaptive coun-
tershading can automatically x any imperfections of anitgy tone mapping result
through the use of such illusions even if the numerical tdsulvell optimized. Our
technique generalizes unsharp masking, a common enhant&okin photography,
by enabling a selective enhancement of image features iofugasizes with no manual
intervention. Finally, the known characteristics of hunpanception of contrasts let us
build a supra-threshold visual detection model which asstirat our enhancements do
not introduce objectionable visual artifacts.

The results of presented methods show that the merge of ipragessing with knowl-
edge of human visual perception can deliver an improveditg@then depicting HDR
contents on displays with limited capabilities. Althoudte tcontrast and luminance
range of consumer displays grows rapidly, their match tordad-world seem to be
still distant and a certain degree of tone mapping is necgssa that sense, meth-
ods presented in this thesis may have long lasting appicatithe elds of computer
graphics, digital photography, video, and cinema. While yraspects of perception
have been addressed in this thesis, our work motivatesefuréisearch in the area. To-
gether with this dissertation, we provide an Open Sourceveoé for working with
HDR images and video, and we hope it will promote the HDR tégles and facilitate
further developments.

8.2 Future Work

Future work in the area of HDR depiction will always be to msh techniques that
produce results with an increased delity to the real-wor@he particularly interest-
ing direction to pursue is the appearance of color. The coreproduction of color is
in general neglected under the assumption that it is not sagtly in uenced by dy-
namic range reduction. However, certain ndings in psydiics, including the Hunt
effect, indicate that this is not entirely true. Also our lexsdion and restoration tech-
niques could be more accurate if extended to consider vist@imation represented
by color.

The majority of the methods presented in this thesis is dgesl for static images.
Further investigation could be made, to verify if adaptiaitershading and light-
ness perception model are applicable to time sequencescubanty, the concept of
frameworks gives a unique possibility for a correct simolabf time-dependent local
adaptation. A nae approach to simulate the effect of local adaptation &1ooth the
changes of individual pixel values over time, thus simuigithe luminance adaptation
of the photo receptors. For moving objects that have a sogmitly different lumi-
nance level than the background, this may lead to ghostiiegtsf In fact, the HVS
performs a tracking of moving objects of interest with snieptirsuit eye movements,
therefore the retinal image of these objects is unchangsplitéetheir movement on
the display. With the help of frameworks we could follow tHgexts and perform the
local adaptation correctly.

Finally, we recognize that certain techniques presentétkithesis could be improved.
Particularly, we would like to design a more robust estimatduminance perceived as



8.2. FUTURE WORK 105

a white surface within the framework for the lightness pptioe model. Furthermore,
several psychophysical evaluations which are beyond tbpesof this thesis would
be bene cial to the presented techniques. For instanceg\uhleiation framework uses
psychophysical models obtained for a simple stimulus togame contents of complex
images. Although we have not noticed any incorrectnessyehpphysical validation
of the models in the new context is an important next stepil&ily, the actual strength
of countershading corrections could be veri ed in a stud§hvauman subjects in which
one would compare the original HDR to a restored tone mapgareglt. Finally, we
have presented only a limited number of enhancements masghoby our adaptive
countershading technique and we believe that this regtaritamework could support
more applications.
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Appendix A

Photometric Calibration of
HDR Cameras

Ideally, in a photometrically calibrated system the pixalae output by a camera would
directly inform about the amount of light that this camerasveaposed to. However,
in view of display-referred representation it has becomgartant to obtain a visually
pleasant image directly from a camera rather than such aptettic image. With the
advance of high dynamic range imaging, however, the shitrophasis in require-
ments can be observed. Many applications such as HDR vidptyre of environment
maps for realistic rendering, image-based measurememigeephotometrically cal-
ibrated images with absolute luminance values per pixek ifgtance, the visually
lossless HDR video compressiadgntiuk et al. 200%is based on a model of human
vision performance in observing differences in absoluteihance. An incorrect esti-
mation of such performance due to the uncalibrated inputmesylt in visible artifacts
or less ef cient compression. The capture technologies/dver, especially in the con-
text of HDR, are very versatile and a simple solution to abthe photometric output
from all types of cameras is not possible.

In this chapter we explain how to perform the absolute phetoimcalibration of HDR
cameras and we validate the accuracy of two HDR video canferagpplications
requiring such calibration. For camera response estimatie adapt an existing tech-
nique by Robertson et alRpbertson et al. 20Q3o the speci ¢ requirements of HDR
camera systemfawczyk et al. 2005a We determine the absolute photometric cal-
ibration to obtain camera output in luminance units. We caraghe measurements
obtained with the absolute photometric calibration to meaments performed with a
luminance meter and discuss the achieved accuracy in titeligossible applications.

A.1 Camera Response to Light

An image or a frame of a video is recorded by capturing thaliarace at the cam-
era sensor. At each pixel of the sensor, photons collectealight sensitive area are
transformed to an analog signal (electric charge) which farin read and quantized by
a controller. Such a quantized signal is further processedduce noise, interpolate
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i —image index

j — pixel position index

tj — exposure time of image

yij — pixel value of input imageat position;j

[ () — camera response function

Xj — estimated irradiance at pixel positipn

w( ) —weighting function from certainty model

m— pixel value from a set of possible camera output values

Table A.1: Symbols and notation in formulas for responsienadion.

color information from the Bayer pattern, or enhance imaggity, and is nally out-
put from a camera. The camera response to irradiance, @y lghcribes the relation
between incoming light and produced output value. The @edhithe capture process
are often unknown thus the camera response is convenierglyzed as a black box,
which jointly describes the sensor response and builtginaiprocessing. In principle,
the estimation of a camera response can be thought of asigeaulithe camera values
for each single light quantity, although this is practigalbt feasible.

The camera response to light can be inversed to retrievaatigradiance value. Di-
rectly, the inverse model produces values that are onlygstigmal (linearly related)
to the true irradiance. The scale factor in this linear refatiepends on the exposure
settings and has to be estimated by additional measurements

The HDR cameras have a non-linear and sometimes non-coasmasponse to light
and their output range exceeds 8 bit. Our choice of the frasrlefor response esti-
mation explained in the following section is motivated ks/generality and the lack of
restricting assumptions on the form of the response.

A.2 Mathematical Framework for Response Estimation

The camera response is estimated from a set of input imagesl loa the expectation
maximization approachobertson et al. 2003The input images capture exactly the
same scene, with correspondence at the pixel level, butdbesare parameters are
different for each image. The exposure parameters have knd&n and the camera
response is observed as a change in the output pixel valtlegespect to a known
change in irradiance. For the sake of clarity, in this secti@ assume that the only
parameter is the exposure time, but in general case it isseageto know how many
times more or less energy has been captured during eachuegp&snce the exposure
time is proportional to the amount of light captured in an gaaensor, it serves well
as the required factor. In the mathematical formulas bel@wpbey the notation given
in TableA.1 and consider only images with one channel.

There are two unknowns in the estimation process. The pyinn@known, the camera
response functioh, models the relation between the camera output values and th
irradiance at the camera sensor, or luminance in the scdrecdmera output values
for a scene are provided as input images, but the irradiamoening from the scene
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is the second unknown. The estimation process starts witimial guess on the
camera response function, which for instance can be a lnesaonse, and consists of
two steps that are iterated. First, the irradiance from teme is computed from the
input images based on the currently estimated camera resp&@econd, the camera
response is re ned to minimize the error in mapping pixebres from all input images
to the computed irradiance. The process is terminated wieeitdration step does not
improve the camera response any more. We explain the detdlie process below.

Estimation of Irradiance

Assuming that the camera response functidsm correct, the pixel values in the input
images are mapped to the relative irradiance by using tresevfunction ®. Such
relative irradiance is proportional to the true irradiafiten the scene by a factor in-
uenced by the exposure parameters (e.g. exposure timd)trenmapping is called
linearization of camera output. The relative irradianciither normalized by the ex-
posure timd; to estimate the amount of energy captured per unit of timéeénnput
images at pixel position;:
I A(yij) .
1 '
Each of thex; images contains a part of the full range of irradiance vat@msing
from the scene. This range is determined by the exposuiege#nd is limited by the
dynamic range of the camera sensor. The complete irradé&rhe sensor is estimated
from the weighted average of this partial captures:

Xij (A1)

aiWij Xij |

_ A2
2w, (A2)

Xj=
The weightsw;; are determined for camera output values by the certaintyefrtid-
cussed later in this section. Importantly, the weights fier tmaximum and minimum
camera output values are equal to 0, because the captuaeéhirce is bound to be
incorrect in the pixels for which the sensor has been sa&drait captured no energy.

Re nement of Camera Response

Assuming that the irradiance at the sengpis correct, one can recapture the camera
output valuesyioj in each of the input image<y using the camera response:

yﬂ = 1t xj): (A.3)

In the ideal case when the camera respdriseperfectly estimated, thjé’j is equal to
yij. During the estimation process, however, the camera reggomction needs to be
optimized for each camera output valudy averaging the recaptured irradiangdor
all pixels in the input imagesg; that are equal tan:

Em=f(i;]) 1 yij = mg; (A-4)

I Y(m)= a tx: (A.5)

1
Card(Em) i+2Em
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Certainty model

The presence of noise in the capture process is convenieggligcted in the capture
model in equationsA.1, A.3). A complete capture model would require characteri-
zation of possible sources of noise and incorporation of@pate noise terms to the
equation. This would require further measurements andssisabf particular capture
technology in the camera, thus is not practical. Insteadntise term can be accounted
for by an intuitive measure of con dence in the accuracy gftaaed irradiance. In typ-
ical 8-bit cameras, for instance, one would expect highenmighe low camera output
values, quantization errors in the high values, and goodracy in the middle range.
An appropriate certainty model can be de ned by the follogBaussian function:

(m 1275)2

w(m)=exp 4 19752

(A.6)

The certainty model can be further extended with knowledigeiethe capture process.
Normally, longer exposure times, which allow to capture en@nergy, tend to exhibit
less random noise than short ones. Therefore an improvéairdgrmodel for input
imagesyjj can be formulated as follows:

wij = w(yij) t* (A7)

Such weighting function minimizes the in uence of noise ae tstimation of irradi-
ance in equation/.2). This happens apart from noise reducing properties ofitiagye
averaging process itself.

Minimization of Objective Function

After the initial assumption on the camera respohsghich is usually linear, the re-
sponse is re ned by interactively computing equatioAs2j and @A.5). At the end of
every iteration, the quality of estimated camera respomsegiasured with the follow-
ing objective function:

0= éW(Yij) () 6 ox)* (A.8)
1;]

The objective function measures the error in the estimatadiance for input images
yij when compared to the simulated capture of the true irradianc The certainty
model requires that the camera output values in the rangigloflon dence give more
accurate irradiance estimates. The estimation processrsnated as soon as the
objective functionO falls below predetermined threshold.

The estimation process requires an additional constra@gdause two dependent un-
knowns are calculated simultaneously. Precisely, theegatiix; depend on the map-
ping of | and the equations are satis ed by in nitely many solutions twhich differ
by a scale factor. Convergence to one solution is enforecedach iteration, through
normalization of the inverse camera respongeby the irradiance causing the medium
camera output value 1(Mmneg).
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A.3 Procedure for Photometric Calibration

In the following sections we outline a step-by-step procedar photometric calibra-
tion of HDR cameras.

Scene Setup for Calibration

The response estimation algorithm requires that each eaowtput value is observed
in more than one input image. Moreover, frequent obsematif the value reduce
the impact of noise. Therefore, an ideal scene for caliands static, contains a range
of luminance wider than the expected dynamic range of theecajrand smoothly
changing illumination which gives a uniform histogram ofjout values. Additionally,
neutral colors in the scene can minimize the possible impicblor processing in a
color camera.

When calibrating HDR cameras, a static scene with a suf ¢yemide dynamic range
may not be feasible to create. In such a case, it is advisalgepare several scenes,
each covering a separate but partially overlapping lumiaalange, and stitch them
together into a single image.

Capture of Images for Calibration

Input images for the calibration process capture exactlystime scene with varying
exposure parameters. A steady tripod and remote controloainzera are essential
requirements. A slight out-of-focus reduces edge aliadirgyto sensor resolution and
limits potential sharpening in a camera, thus makes thmatitin process more stable.

HDR cameras often do not offer any adjustment of exposuranpeters or available
adjustments are not bound to have a linear in uence on cagtenergy. The aperture
value cannot be changed to adjust the exposure, becausdiiemthe depth-of- eld,
vignetting, and diffraction pattern, thus practically obas the scene between input
images. Instead, the optical lters, such as neutral derfdiD) lters, can be mount
in front of the lens to limit the amount of irradiance at theser at a constant exposure
time. The ND lters are characterized by their optical déypsihich de nes the amount
of light attenuation in logarithmic scale. In the responstneation framework, such
optical density can be used to calculate a simulated expdsune of captured images:

ti=to 107 (A.9)

wheret; is simulated exposure time of imageaptured through an optical lter of
densityD; calculated with respect to the true exposure tignéf tg is not known from
the camera speci cations, it can be assumed equal to 1. Qmgdsimake sure that
the optical lIters are spatially uniform and equally redube intensity of all captured
wavelengths.

Following the analysis inGrossberg and Nayar 2003 can be suggested to acquire
two images that are exposed similarly and one that is coraditiedifferent. Addi-
tionally, when calibrating a video camera one may captuagel number of frames
for each of the exposures. Such a super uous number of impages will reduce the
in uence of image noise on the response estimation.



124 APPENDIX A. PHOTOMETRIC CALIBRATION OF HDR CAMERAS

Figure A.1: Cameras used in our experiment: HDRC VGAX (lole#j), Silicon Vision
Lars Ill (center), Jenoptik C14 (lower right), and Minolt&4100 luminance meter
(top).

Absolute Photometric Calibration

The images of the calibration scene are input to the estimdtamework from Sec-
tion A.2 to obtain a camera response. For an RGB or multi-spectra¢i@rthe cam-
era response has to be estimated for each color channebtdpaiHere, we assume
that a camera captures monochromatic images with spett@ney corresponding
to luminance. In case of an RGB camera, an approximationrofnlanceY can be
calculated from color channels using RGB to XYZ color tramsf.

The relative luminance values obtained from the estimagsdanse curve are linearly
proportional to the absolute luminance with a scale facagethdent on the exposure
parameters and the lens system. Absolute calibration idbas the acquisition of a
scene containing patches with known luminaiYceThe scale factof is determined
by minimizing relative error between known and capturedihance values:

Y=f 1 Y(m): (A.10)

A.4 Example Calibration of HDR Video Cameras

We demonstrate photometric calibration of two HDR video eeas: the Silicon Vi-
sion Lars lll camera and the HDRC VGAXx camera. For comparamposes we also
include the Jenoptik C14 — a high-end, CCD based LDR cameeaRigureA.1). The
Lars Il sensor is an example of a locally auto-adaptive iensensorllulé et al. 1999
the exposure is terminated for each individual pixel aftee out of 12 possible ex-
posure times (usually powers of 2). For every pixel, the gameturns the amount
of charge collected until the exposure was terminated as-hitl&lue and a 4-bit
timestamp. The HDRC sensor is a logarithmic-type serSegér et al. 1993and the
camera outputs 10-bit values per pixelef inger 2007].
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Figure A.2: Three scene setups for the estimation of regpomses (tone mapped for
presentation). The histogram shows the luminance digioibun the stitched images
for acquisition without lIter, and using ND lters with 1:5 and 10 optical density.
This setup covers 8 orders of luminance magnitude.

Estimation of Camera Response

To cover the expected dynamic range of calibrated camerasyoguire three scene
setups with varied luminance characteristic (see Figu®: a scene with moderate
illumination, the same scene with a strong light source,alight source with re ector
shining directly towards the cameras. Stitching theseetimeages together yields an
input for the response estimation algorithm covering a dyinaange of more than

8 orders of magnitude. Each scene setup has been captureditrany Iter and with

a 15ND Iteranda 10ND Iter. The response of C14 camera was estimated using
a series of 13 differently exposed images of a GretagMadbelbrChecker.

The estimated responses of the three cameras are showruie Bi§. The certainty
functions have been modeled using equati&ré) such that maximum con dence is
assigned to the middle of operational luminance range amitslto zero at the camera
output levels dominated by noise. A single response curgebleen estimated for
the monochromatic Lars Ill camera and separate curves teesm determined for the
three color channels of the other cameras. As we had accé#ss taw sensor values
of the HDRC camera before Bayer interpolation, we estim#itedesponse curve for
each channel directly from corresponding pixels in ordewvmid possible interpolation
artifacts.

FigureA.3 shows that the response curves of the two HDR cameras both amon-
siderably wider range of luminance than the high-end LDReranthat covers a range
of about 3.5 orders of magnitude. The different shapes dfiibB response curves are
caused by their respective sensor technology and the ergzotie logarithmic HDRC
VGAX camera has the highest dynamic range (more than 8 oadenagnitude), but
an offset in the A/D conversion makes the lower third of thebitrange unusable.
The multiple exposure values of the locally auto-adaptiaesllil camera are well vis-
ible as discontinuities in the response curve. Note thaluimtnance range is covered
continuously and gaps are only caused by the encoding. Thereacovers a dynamic
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Figure A.3: The estimated response curves and corresgpnradighting functions
from the certainty model (value 1.0 represents the full c@nce in capture accuracy,
0.0 represents no con dence). The peaks of the weightingtioms are centered at the
middle of the operational range of each camera.
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Figure A.4: The results of absolute calibration. The est@tdaesponse curves were
tted to the measurements of 6 gray patches of GretagMac@BetbrChecker chart
under 6 different illumination conditions.

range of about 5 orders of magnitude. Noise at the switchamgte between exposure
times is well visible.

Results of Photometric Calibration

The inverse of the estimated responses convert the camgrat @alues into relative
luminance values. To perform an absolute calibration, wepiimed a GretagMacbeth
ColorChecker chart under 6 different illumination conalits. The luminance of the
gray patches was measured using a Minolta LS-100 luminamterryielding a total
of 36 samples and an optimal scale factor was determinedaftr eamera. The ac-
curacy of the absolute calibration for the 36 patches careba 1 FigureA.4. The
calibrated camera luminance values are well aligned to teasored values proving
that the response curve recovery was accurate. To quahsfgtality of the abso-
lute calibration, we calculated the average relative dopthese data points. For the
HDRC camera, relative error in the luminance range of 16@0[cd=n?] is 13% while
the relative error for the Lars Ill camera in the luminancege of 10—1000[cd=m?]
amounts to %$%. Note that these results can be obtained with a singleistign.
Using multiple exposures, the C14 camera is capable of aragweelative error of
below 7% in the range:0—25 000[cd=n"¥], thus giving the most accurate results.

A.5 Quality of Luminance Measurement

The described procedure for photometric calibration of HE#neras proved to be
successful, however the accuracy obtained for example Hibirecas is not very high.
Although one should not expect to match the measuremenityjadla luminance
meter, still the relative error of the LDR camera is lowenmtlbhHDR cameras. Besides,
both HDR cameras keep the error below 10% only in the rangaroinance that is
much narrower than their operational range. The low acguratow illumination is
mostly caused by noise in the camera and can be hardly impriovehe calibration
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process. On the other hand, the low accuracy in high lummascge can be affected
by the calibration process: a very bright scene was requgoeibserve high camera
output values. The only possibility to get a bright enougénscwas to directly capture
a light source, but the intensity of the light source might Imave been stable during
the capture and an additional noise have been introducéxe testimation process.

To improve the results, we t the estimated response to ariaigunction appropri-
ate for the given HDR sensor. Thus, for the HDRC camera weet plarameters of
a logarithmic functiory; = a log(x;)+ b and for the decoded valukesf the Lars IlI
camerawe talinear functioy; = a x;+ b. We compare the relative errors achieved
by the pure response estimation including absolute caidrand the function tin
Figure A.5. The average relative error is equal to about 6% for the HDR@era
and luminance values abovécti=n¥]. For the Lars Ill camera it is also about 6%
for luminance values above Jdii=n?]. Especially for high luminance values above
10;000[cd=n], the calibration via function tting provides more accugaesults. In
addition, the tting approach allows to extrapolate the esaresponse for values be-
yond the range of the calibration scene. To verify this, wgu@ed an extremely bright
patch (194600[cd=n¥]) and compared the measurement of the light meter to the cal-
ibrated response of the HDR cameras. Only the readout frentHiDRC camera de-
rived via function tting is reliable while the HDRC respomsurve seems to be bogus
in that luminance range. The Lars lll camera reached theatan level and yielded
arbitrary results. Likewise, this patch could not be reedrdith the available settings
of the LDR camera.

HDRC VGAX video camera
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Figure A.5: Comparison of the relative errors in luminanaasurement achieved by
the pure response estimation including absolute caldmatnd by the function t.

laccording to the data sheet, the 16-bit output value of Liasmera is in fact a composite of a 12-hit
mantissanand a 4-bit exponent valigi.e.y; = m 2°,
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A.6 Alternative Response Estimation Methods

In principle, three different approaches can be used tonesti the response of 8-bit
cameras (Reinhard et al. 20Q%rovides a good survey). The method of Robertson et
al. [Robertson et al. 20Q®as been selected, because of its unconstrained apliiticabi
to varied types of sensors in cameras. For completenessrigvg discuss here the
remaining two methods in view of possible application to tohwetric calibration of
HDR cameras.

The algorithm developed by Debevec and Malilepevec and Malik 1997s based
on the concept that a particular pixel exposure is de ned asoduct of the irradi-
ance at the Im and the exposure time, transferred by the camesponse function.
This concept is embedded in an objective function which isimized to determine
the camera response curve. The objective function is addilly constrained by the
assumption that the response curve is smooth, which is tesfen the minimization
process. Whereas this assumption is generally true for LDRecas based on CCD
technology, the response curve is normally not smooth iallp@utoadaptive HDR
sensors. Furthermore, the process of recovering the resmamve is based on solving
a set of linear equations. While the size of the matrix reprisg these linear equa-
tions is reasonable for 8-bit data, memory problems may rofceiarbitrary precision
data typical to HDR acquisition so that extensive sub-sarmgps$ required.

The method proposed by Mitsunaga and Najitgunaga and Nayar 19p6omputes
a radiometric response function approximated using a brgler polynomial without
precise knowledge of the exposures used. The re nementeoéxiposure times dur-
ing the estimation process is major advantage, howeverrteegs itself is limited to
computation of the order of the polynomial and its coef denThe authors state that
it is possible to represent virtually any response curvagisi polynomial. This fact
is true for LDR cameras based on a CCD sensor, however it ipassible to approx-
imate the logarithmic response of some CMOS sensors in taisner. Polynomial
approximation also assumes that the response curve iswaons, which depends on
the encoding.

A.7 Discussion

The ability to capture HDR data has a strong impact on vargmmications, because
the acquisition of dynamic sequences that can contain ber wight and dark lu-

minance (such as sun and deep shadows) at the same momepteésadented. Pho-
tometrically calibrated HDR contents offer further berse tPerceptually enabled al-
gorithms employed in compression or tone mapping can apigtefy simulate the

behavior of human visual system. Dynamic environment mapsbe captured in real
time to faithfully convey the illumination conditions ofetreal world to rendering al-
gorithms. The results of global illumination solutions ¢han be directly compared to
the real world measurements.

We presented estimation approach for photometric caidraif HDR cameras ex-
tended with a function t. Although the relative error achéel by the function tting
approach is lower, the response estimation algorithm i&iLiseobtain the exact shape
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of the camera response and to give con dence that the chopgorafunction is cor-
rect. It can also help to understand the behavior of the seaspecially if the encod-
ing is unknown. The low precision of the measurements indh@lance range below
10[cd=n] is a clear limitation which can be explained by the high ndésel in the
sensors. The quality of a high-end CCD camera such as thetile@i14 combined
with traditional HDR recovery algorithms still cannot béngeved consistently over the
whole dynamic range of the HDR cameras.

The function tting approach has strong advantages in thalityuof the results and
the ability to extrapolate from the calibration data. The dence in extrapolated
measurements is however limited and the error cannot becpeddbecause the ex-
act shape of the response function in this range is unknownall, the accuracy of
the photometric calibration is not the only important qyafheasure. Depending on
the application, other issues such as the quantizationeofuttminance values might
have an important in uence on the quality of the measuresantl need to be further
investigated.



Appendix B

Software

To facilitate the work with HDR we have developed a set ofwafe tools that provide
a wide range of image and video processing functionalitye fiols share a common
design pattern based on system pipes which permits to centioém in form of lters
in a processing pipeline, similar to tmetpbmtoolkit. Such a pipeline starts with an
input program that reads a list of images and forwards the ided uniform manner to
the next tool. The subsequent tools can perform certain énpagcessing operations
including cropping, rotating, and tone mapping. The last to the pipeline usually
stores the processed content.

The communication in the pipeline is facilitated by a genprotocolpfswhose imple-
mentation is offered as a C++ library. The protocol is alsaightforward to implement

in other languages. The tools exchange data using the pgmeshonly supported by
many operating systems. Such a design eases the impleoergainew tools and
permits to transparently combine programs written in uaiprograming languages
including MATLAB r and GNU Octave scripts, Perl, Python and many others. This
is very advantageous in rapid prototyping often requireksearch. The design prin-
ciples, including the choice of data representation in tipelme, are published in
[Mantiuk et al. 2007h

The main package of the softwarepfstoolsand it is currently extended withfstmo
andpfscalibration The whole software is Open Source and can be compiled onedeve
operating systems. It is supported by an active news-groaipgathers users and de-
velopers. The HDR software code has been adopted to sewsva3nd party projects.
More details and download options can be found on the projge:
http://www.mpi-inf.mpg.de/resources/pfstools/

B.1 pfstools

pfstoolsis the main package of the software. It implements the gemernmunication
protocol in the stand-alone libratppfs, and contains numerous basic image process-
ing tools including an HDR capable viewgifstoolssupports many HDR and standard
le formats including: Radiance RGBE, OpenEXR, Tiff, Logl,uPFM, PPM, RAW
formats of digital cameras, and practically all 8-bit fotsithrough ImageMagick .
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Project page:
http://www.mpi-inf.mpg.de/resources/pfstools/

B.2 pfscalibration

pfscalibrationpackage provides an implementation of tRepertson et al. 2003 ethod
for the recovery of the response curve of arbitrary caméiaals provided in this pack-
age can be used for photometric calibration of both offgheH digital cameras and
HDR cameras as described in Appendixand for the recovery of high dynamic range
images from the set of low dynamic range exposures as ergamnSectior?.4.1

Project page:
http://www.mpi-inf.mpg.de/resources/hdr/calibration /pfs.html

B.3 pfstmo

pfstmopackage contains implementations of the state-of-thésag mapping opera-

tors, including those described in Sectid®h. The implementations are suitable for
convenient processing of both static images and animateantsin the most part have
been used throughout this dissertation.

Project page:
http://www.mpi-inf.mpg.de/resources/tmo/
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