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ABSTRA CT

An anchoring theory of lightness perception by Gilchrist et al. [1999]explains many characteristics of human
visual system such as lightness constancy and its spectacular failures which are important in the perception
of images. The principal concept of this theory is the perception of complex scenesin terms of groups of
consistert areas(frameworks). Sud areas,following the gestalt theorists, are de ned by the regionsof common
illumination. The key aspect of the image perception is the estimation of lightness within ead framework
through the andhoring to the luminance perceived as white, followed by the computation of the global lightness.
In this paper we provide a computational model for automatic decomposition of HDR imagesinto frameworks.
We derive a tone mapping operator which predicts lightness perception of the real world scenesand aims at
its accurate reproduction on low dynamic range displays. Furthermore, such a decomposition into frameworks
opensnew grounds for local image analysisin view of human perception.

Keyw ords: anchoring theory, lightnessperception, tone mapping, high dynamic range, segmemation, imagepro-
cessing

1. INTR ODUCTION

Lightnessis a perceptual quantit y measuredby the human visual system (HVS) which describesthe amount of
light re ected from the surface normalized for the illumination level. Contrary to brightness, which describes
a visual sensationaccording to which an area exhibits more or lesslight, the lightness of a surfaceis judged
relative to the brightness of a similarly illuminated areathat appearsto be white. Lightness constancyis an
important characteristics of the HVS which leadsto a similar appearanceof the perceived objects independertly
of the lighting and viewing conditions.*

The problem of lightness perception and lightness constancy has been studied extensively in the last two
certuries (refer to Palmer® for a detailed historical accourt). The most prominent theories follow Wallach's
obsenation that the perceived lightness depends on the ratio of the luminance at edgesbetween neighboring
image regions. In the retinex theory? it is assumedthat even for remote image regions such a ratio can be
determined through the edgeintegration of luminance ratios along an arbitrary path connecting those regions.
Lightnesscan be well modeled by the retinex algorithm under the condition that the illumination changesslowly,
which e ectively meansthat sharp shadav borders cannot be properly processed. To overcomethis problem,
Gilchrist and his collaborators suggestedhat the HVS performs an edgeclassi cation to distinguish illumination
and re ectance edges® This led to the conceptof the decomposition of retinal imagesinto the so called intrinsic
images-® with re ection, illumination, depth and other information stored in independert image layers.

Modern lightnessperceptiontheoriesbasedon intrinsic imagesdeal with lightnessconstancyvery successfully
however they have problems with the modeling of apparert failures of lightness constancy® Also, while they
provide relative lightness values for various sceneregions, they fail to assigncorresponding absolute lightness
valuesfor given obsenation conditions. In fact, it is enoughto nd only onesud a corresponding absolute value
(the socalled anchor value) and the remaining valuesimmediately can be found through the known ratios. The
problem of lightness constancy failures and absolute lightness assignmen is addressedby an anchoring theory
of lightness perception developed by Gilchrist et al.® which is supported by extensive experimertal studies with
the human subjects.
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Unfortunately, the anchoring theory is not accompaniedby any computational model which would enableits
direct application. In view of the recert advancesin High Dynamic Range(HDR) imaging which allow to capture
real world luminance valuesfor further processing’ 8 it is particularly interesting to develop a computational
model of the andchoring theory which would enableits automatic application to natural scenes.The aim of this
work is to develop such a model by providing a practical implementation of the key conceptsof this theory.

The paper is organizedin the following way. We start, in Section 2, with an overview of existing practical
implementations of various lightness and brightness perception theories. We then describe the key conceptsof
the anchoring theory in Section 3 and explain their practical implementation in Section 4. We examine our
computational model by reproducing two perceptual experiments in Section 5. Finally we demonstrate seweral
practical applications of our model in Section 6 and conclude our work with future directions in Section 7.

2. PREVIOUS WORK

Lightness and brightness perception issueshave beenrevised while dewveloping the tone mapping operators for
HDR images? A cortrast ratio preseri in suc imagesexceedshe capabilities of typical display device, henceit
is necessaryto map original luminance valuesto a scaleof brightnessvaluesthat is obtainable on a monitor. Since
a luminance match is not possible,it would be desirableto reproduce on a display devicea perceptual impression
of lightnessfrom the obsenation of the original scene.This is not an easytask becausethe reproduction of images
on display devicesintroduces constraints not only in terms of limitations in the luminance range, but also in
terms of a narrower eld of view and di erent obsenation conditions. Sud constraints lead to inconsistert
behavior of the HVS when viewing real world sceneversustheir reproductions on a display device.

A number of tone mapping operators have beenproposedto overcomethese constraints. Initially , the algo-
rithms were basedon the power-law relationship betweenthe brightness and the corresponding luminance, as
proposedby Stevensand Stevens1® The main objective was to presene a constart relationship between the
brightnessof a sceneperceived on a display and its real cournterpart for any lighting condition. Implementations of
this approac were preseried by Tumblin and Rushmeiert! (Stevenslaw) and Drago et al.*? (Weber-Fedner law).
Further attempts in lightness reproduction lead to direct applications of the Retinex theory? to tone mapping.
Jobsonet al.'?® proposeda multi-resolution Retinex algorithm for luminance compression,which unfortunately
lead to halo artifacts for the HDR imagesalong high contrast edges.Inspired by the lightnessperception model,
deweloped by Horn,** Fattal et al.*®> proposeda successfupradient domain tone mapping operator. A conceptof
intrinsic images® ® separating the illumination and re ectance (details) layers, inspired many algorithms. The
idea was implemerted by Tumblin et al.,'® who assumedthat these layers are explicitly provided, which is the
caseonly for synthetic images. Later, seweral methods for an automatic layer separation have beenintro duced.
The LCIS operator!’ separatesthe image into large scalefeatures (presumably illumination) and ne details. A
much better separation has beenacdhieved using the bilateral Iter. 18

The early methods basedon a uniform mapping using brightnessfunctions su ered from the lossof ne details
while reproducing brightnessto a limited contrast range. This was improved by cortrast techniques basedon
Retinex theory, howewver these contain an integration step which producesa result image with an unknown
o set. Thus, it is not clear how to map the result on the scaleof perceived gray levels. On the other hand, the
intrinsic image models fail to addressthe apparernt failures in lightness constancy These argumerts served as
a motivation to develop a computational model of currently the most advancedtheory of lightness perception.
The rst attempt to usethe basicconceptsof this theory hasbeenpreseried by Krawczyk et al.*® in view of tone
mapping application. Here we improve the computational model by including a more complete set of concepts
and examineit with a perceptual experiment in the context of natural scenes.

3. ANCHORING THEOR Y OF LIGHTNESS PER CEPTION

The anchoring theory of lightnessperception by Gilchrist et al.® is qualitativ ely di erent from the recert lightness
models and is basedon a combination of global and local anchoring of lightnessvalues. In the following sections
we explain the main conceptsof this theory. First, we discussthe estimation of lightnesswithin the simple scenes
(background/patc h stimuli) usingthe andhoring rules. Next, we explain how to extend the anchoring of lightness
to the complex sceneausing frameworks.



3.1. Anc horing Rule

In order to relate the luminance valuesto lightness, it is necessaryto de ne at least one mapping betweenthe

luminance value and the value on the scaleof perceived gray shades{ the anchor. Once such an anchor is de ned,

the lightnessvalue for eac luminance value can be estimated by the luminance ratio betweenthe value and the

anchor. This mapping is referred to assaling. Although usually a veridical scalingis assumed,the compression
or expansionof range is possibleif necessary

The anchor cannot be de ned oncefor the absolute luminance values, becauseead luminance level can be
perceived as any shade of gray depending on the obsenation conditions. It therefore must be tied to some
measure of relative luminance values. According to Li et al.,?° sud a measureis properly de ned by the
highest luminance rule a ected by the relative area. Initially the highestluminance rule de ned the anchor asa
mapping of the highestluminancein the visual eld to alightnessvalue perceived aswhite. However, the evidert
perception of self-luminous surfaces(lighter than white) lead to an extended de nition. Apparently, there is a
tendency of the highest luminance to appear white and a tendency of the largest areato appear white. When
the highest luminance covers the largest area, the highest luminance becomesa stable anchor and is mapped to
white. Howewer, if the darker areabecomedarger, the highest luminance starts to be perceived as self-luminous
and the anchor becomesa weighted averageof the luminance proportionally to the occupying area.

An alternative measureis de ned by the averageluminance rule?! and states that the averageluminance
in the visual eld is perceived as middle gray and servesas a standard for mapping of both lighter and darker
surfaces. The experimental evaluation of the averageluminance rule versusthe highest luminance rule decisively
favors the latter.2° Other ndings %2 basedon more complex stimuli agreewith these conclusions.

3.2. Complex Images

The anchoring rule, described in the previous section, cannot be applied directly to compleximagesin an obvious
way. Instead, Gilchrist et al.® introduce the conceptof decomposition of an imageinto componerts, frameworks
in which the anchoring rule can be applied directly. In their theory, following the gestalt theorists, frameworks
are de ned by regions of common illumination. For instance, all objects being under the same shadav would
constitute a framework. Additionally , proximity is also consideredas a grouping factor. A real-world image is
usually composedof multiple frameworks.

The framework regions can be organizedin an adjacert or a hierarchical way and their areasmay overlap.
The lightnessof a target is computed accordingto the anchoring rule in ead framework. A target in a complex
image, that belongsto more than one framework, may have di erent lightness values when anchored within
dierent frameworks. The in uence on the nal lightnessof a target is decided depending on the strength of
ead framework. The strength of a framework is mainly determined by its size and the variety of luminance
valuesit cortains { frameworks with lower variance or smaller in size are wealer.

Besidesthe local frameworks, the whole image constitutes an additional glotal framework with its global
anchor. According to the model, the net lightness of a given target is predicted as a weighted average of its
lightness values in ead of the local frameworks in proportion to the strength of these frameworks and with
certain constart level of in uence of the global framework.

4. COMPUT ATIONAL MODEL

The andhoring theory has been preserted without a formal model. On a technical level this requiresto develop
a method for automatic decomposition of an image into frameworks, to build heuristics estimating the in uence
of eadh framework on total lightness, and to estimate the anchors within the frameworks. Furthermore, the
algorithm must perform accurately when usedwith natural scenes.

The preserted model takes an image with the relative luminance values as an input. Sucd values can be
computed from RGB channelsof an HDR image accordingto CIE XYZ luminous e ciency functions. We rst
decomposethe input imageinto the overlapping frameworks and de ne the probabilities with which pixels belong
to ead framework. Next, we estimate the anchor in eat framework, i.e. the luminance value perceived aswhite.
The frameworks and anchors allow us to calculate the net lightness of the scene.



4.1. Decomp osition into Framew orks

We de ne a framework as a probability map over the whole image in which a probability of belonging to a
framework is assignedto ead pixel. A framework, in order to be valid, must be de ned by a number of pixels
which belong to this framework with a probability above 95%. In principle, the task of decomposition into
frameworks is to identify luminance valueswhich represen the potential frameworks in most accurate way and
to assignappropriate probability valuesfor ead pixel.

It is reasonableto think of the decomposition as a segmemation problem. We experimented with seweral
segmetation algorithms in orderto nd a plausible decomposition into frameworks, and the mean shift segmen-
tation 23 produced the most appropriate results. However segmetation algorithms in general assigna pixel to
only one segmen and therefore do not implement the notion of probability in belongingto a segmen. A border
betweentwo frameworks which might occur on a smooth gradient in the imageis in sud situation impossible
to represent correctly. We therefore decidedto tailor a custom decomposition method.

Our method is based on the luminance intensities in the input image, which is su cien t since we de ne
frameworks in terms of areasof commonillumination. We start with the standard K-means clustering algorithm
to nd the certroids that provide an appropriate segmemation of the HDR imageinto frameworks. We operate
on a histogram in the log;, of luminance. We initialize the K-means algorithm with valuesranging from the
minimum to maximum luminance in the HDR imagewith a luminance step equalto one order of magnitude and
we execute the iterations until the algorithm cornverges. Upon convergence,we remave certroids represeting
empty segmeis.

Giventhe certroid values,we initially assignthe probability valuesbasedon the di erence betweenthe pixel
value and the certroid. We model sudch a belongingnesso the certroid with a Gaussianfunction:
(Ci Y(xyn?

Pi(xy)=e 27 1)
where P; represens the probability map for framework i, C; is the certroid for that framework, Y denotes
the luminance of the HDR image (both C; and Y are in the log,, space), and the variance equalsto a
maximum distance betweenadjacert certroids. The belongingnessvalues are normalized to correctly represen
the probabilities.

Often at this stage, seweral certroids may represen an invalid framework (none of the pixels belongsto it
with probability above 95%). We iterativ ely merge these certroids. In ead iteration, the certroid represeting
an invalid framework and the adjacert closestcertroid are mergedtogether and the new certroid value is equal
to their weighted averageproportional to their area:

G S+ Ci Sj

Ciij = Si + Sj

2
where C; and C; are the valuesof the too closecertroids, and S; and S; denote the number of pixels clustered
to these certroids. After the merge, probability values are recalculated according to (1), and the iteration is
repeated until no certroids needto be merged.

As the next step, we spatially processthe probability map of eat framework to include the proximity aspect
of Gestalt grouping factors. The spatial processingsmoothes local variations in the probability values which
may appear due to a texture on surfaces.Howewer, it is important to presene high local variations which could
appear on the borders of objects or frameworks. The bilateral Iter 2* is an appropriate image processingtool for
this purpose. We lter the probability map of ead framework with a bilateral Iter in which the range variance
is setto 0:4 and the spatial variance to the half of the smaller dimension of the HDR image.

We demonstrate the decomposition procedure on an example HDR image shown in Figure 1(a). First, we
cornverge the initial segmemation (Figure 2(a)) to identify luminance values that would represent the most
accurate decomposition into frameworks. We then calculate the probabilities (Figure 2(b)) and merge one
certroid which does not represen a valid framework. The nal certroids (Figure 2(c)) de ne the probability
maps basedonly on luminance property (Figure 1(b)) and corntain seeral incorrect assignmeits. The re ections
on the logs at the bottom of the image are incorrectly assignedto a framework which mainly cortains clouds.
We re ne the probability mapsto include also spatial interactions as shown in Figure 1(c).



(&) luminance channel of example (b) intensity basedframeworks (c) spatially processedframeworks
HDR image

Figure 1. Moraine { an example HDR image courtesy of Greg Ward. The image appears dark, becauseit has been
exposed for details in the clouds. Figures 1(b) and 1(c) illustrate the decomposed frameworks before and after spatial
processing. Notice the artifacts in the intensity basedframeworks decomposition (marked area) which are corrected after
the spatial processing. Refer to Section 4.1.
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Figure 2. The histogram of the HDR image from Figure 1(a) illustrating the estimation of certroids which provide an
appropriate decomposition into frameworks. In the middle and right histograms the belongingnessfunctions are shown for
ead framework. The maxima of the belongingnessfunctions do not always match the certroids due to the normalization.
Refer to Section 4.1.

4.2. Strength of Framew ork

Apart from the illumination conditions, the strength with which a framework in uences the lightnessof a given
surfacealsodependson the articulation of the framework and its relative size. If aframework is highly articulated,
the pixels tend to be strongly anchored within this framework. Also, large frameworks have higher in uence on
the lightnessthan small ones. A strength of the framework is de ned as a product of the articulation and size
factors.

We estimate the articulation factor independertly for ead framework basedon its dynamic range. A frame-
work whosedynamic rangeis higher than oneorder of magnitude hasa maximum articulation and asthe dynamic
range goes down to zero the articulation reachesthe minimum. We model the amourt of articulation using a
Gaussianfunction:

(max Y; min Y{)?
Ai=1 e 20:332 3)
where A; denotesthe articulation factor of the framework i, and min Y; and max; represen the minimum and
maximum log;, luminance in the area of this framework.

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

(si)?

Xi=1 ezoir (4)



(a) local anchoring for framew. #1 (b) local anchoring for framew. #2 (c) net lightness

Figure 3. Local anchoring in the frameworks and the net lightness calculated as described in Section 4.4. Compare the
result in Figure 3(c) to the input in Figure 1(a).

whereX; denotesthe sizefactor of the framework i, and S; represens the normalizedrelative areaof a framework.
Here we attenuate the in uence of frameworks whosesizeis below 30% of the total image area.

We apply the strength factor to frameworks by multiplying their probability maps P; by their respective
articulation factor A; and size factor S;. We then normalize the probability maps again and obtain the nal
result of the decomposition into frameworks.

The parameters used to estimate the in uence of size and articulation on the strength of the framework
are chosenarbitrarily . However, it is not asimportant to have a precise estimation as to include such factors
at all. The suggestedvalues sered well in our experiments and ne tuning leadsto rather marginal changes.
Yet, failure to usethesefactors leadsto an excessie in uence of unimportant frameworks on the net lightness
estimation.

4.3. Estimation of Anc hor

Having the HDR image decomposedinto frameworks, we estimate an anchor within ead framework. Sincewe
employ the highest luminance rule, we needto nd the luminance value that would be perceived as white, in
casea given framework would be obsened as stand-alone.

Although we apply the highestluminancerule, we cannot directly usethe highestluminancein the framework
asan andhor. As discussedin Section 3.1, there is a relation betweenwhat is locally perceived as white and its
arearelatively to the surround. This implies that a spatial Itering is required prior to the estimation of the local
anchor. Our procedureis to lter the area of a framework with a large Gaussiankernel to suppressplausible
small areaswith high luminance. We thus eliminate potential self-luminous areas, what allows us to take the
highest luminance of the rest of the pixels asthe anchor. In Figures 3(a) and 3(b) we show the two frameworks
identi ed in the example HDR image with their lightness computed accordingto the local anchor.

4.4. Net Ligh tness

Given the decommsed frameworks and estimated local anchors we compute the net lightness of the pixels by
merging the frameworks. We processead framework individually . We sum the original luminance valuesof the
HDR image normalized by the locally estimated anchor value and proportionally to the probability map:

X
LOGY) =30% (Y W) Pi(xiy)+70% (Y Wo) ®)

where L denotesthe nal lightnessvalue, Y the original luminance of the HDR image, W; the local anchor of
framework i, Wg the anchor in the global framework (all these values are in the log,, space),and P; is the
probability map. The 30% and 70% coe cien ts for local and global anchor in uence respectively are arbitrarily
suggestedby Gilchrist et al.® and can be modi ed if necessary



!
ey
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Figure 4. The decomposition into frameworks within a multi-illuminan t natural sceneand a reproduction of Gilchrist
and Radonjic experiment.?® Refer to Section 5.1. Original photo by Henri Cartier-Bresson.

In Figure 3(c) we illustrate how the net lightness has been computed for sample HDR image. Comparison
to the original HDR image from Figure 1(a) clearly illustrates an improved perception of surface details in the
processedmage.

4.5. Performance of The Mo del

The estimation of lightnessin a 4Mpx image using our computational model takesbelow a minute on a modern
PC. The timing mainly dependson the number of decomposedframeworks, sincethe majority of computations
is spent on the decomposition stage. Oncethe frameworks are known, the estimation of anchor and net lightness
computation consist of simple operations. The K-means algorithm operates on a histogram and is therefore
independert of the image resolution. The only bottleneck is the spatial processingusing the bilateral lter,
although we usean e cien t approac preseried by Durand and Dorsey 18

5. TESTING THE MODEL

The main focusof this paper is a computational model of the lightnessperceptiontheory. A thorough veri cation
of the preseried model would require a psychophysical experiment which is beyond the scope of this paper.
Instead we test our computational model by simulating two perceptual experiments. The rst one analyzesthe
accuracy of decomposition into frameworks for natural scenesand the secondexperimert is a simulation of the
Gelb illusion using various lightness mapping algorithms for HDR images(tone mapping operators).

5.1. Framew orks within Multi-llluminan  t Scenes

According to the andhoring theory of lightness perception, successfullyidenti ed frameworks should de ne the
areasin which the lightnessis perceived homogeneously® An evidencefor sud lightness perception can be
obtained through a distribution of probe disks of constart known luminance value acrossthe image. The
disks should have the samelightness within a framework independertly of the ratio of their luminance to the
badground luminance on which they are placed.

Such an experiment has recerily been preseried by Gilchrist and Radonjic.?®® Here we provide an HDR
reproduction of this experiment (Figure 4) using the original material. We revert the original photo to a high
dynamic range image through an assumption on the cameraresponse® We then decompsethe HDR image
into frameworks using preseried computational model (Figure 4(b)) and place seeral probe disks of constart
luminance value in various areasof the image (Figure 4(c)). The cortrast ratios betweenthe probe disks and
the badkground in both shadav and light frameworks range from 1:2to 1:9.
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Figure 5. Simulation of the Gelb E ect by various tone mapping algorithms. The plots illustrate how the luminance of
the patchesis mapped to perceived re ectance in caseof eat of the v e images. On the scale of perceived re ectance,
value 0 maps to white, 0:5to gray and 2 to black. Refer to Section 5.2 for the discussion.

The lightness of the probesis perceived consistertly within the area of the frameworks independertly of the
badkground. Theseleadsto the sameconclusionsasin the original experiment: lightnessis determined by the
frameworks and the in uence of local cortrasts is minimal. Our cortribution hereis not to con rm the theory,
but to provide an automated method for providing an appropriate decomgosition. In this sensethe reproduction
of the experiment providesthe evidencethat frameworks areasare accurately identi ed using our computational
model.

5.2. Anc horing in Gelb lllusion

The Gelb E ect is a well known illusion and provides a good example of lightness constancy failure. This
perceptual phenomenais obtained in the following conditions. If in the darkroom with an ambient light a piece
of black paper is suspendedin the midair and is illuminated by a beam of light, it appearswhite. Howewver
when a piece of real white paper is shavn next to the black one, the black paper becomesperceptually gray or
black. Apparently the black paper is perceptually darkenedby the adjacert paper that hasa higher re ectance.
Adding subsequen patches of increasingre ectance further darkensthe black paper. Clearly, this e ect can by
de nition be attributed to the anchoring in generaland to the highest luminance rule in particular. Moreover,
this e ect cannot be explained with the cortrast theories, becausethe papers do not have to be placed adjacert
to ead other.®

We performed a casestudy of this experiment to validate the results of our algorithm. For comparison, we
chosetwo other methods whoseprinciple goal includes correct represenation of lightnessin the original image.
Theseare tone mapping algorithms for HDR images: the photographic tone reproduction algorithm preseried by
Reinhard et al.?8 is basedon an image processingtechnique and follows the anchoring to middle-gray rule, and
the fast bilateral Itering preseried by Durand and Dorsey'® which is related to the intrinsic image models. In
the casestudy, we used v e HDR images,ead having the samebadkground luminance equalto 10 2, shawing
from one to v e patches with progressiely increasing maximum re ectance. The luminance of patches was
respectively equalto [ 1; 0:75; 0:5; 0:25;0]in the log,, space.



The results of processingof these imageswith the chosentone mapping algorithms are shown in Figure 5.
The fast bilateral tone mapping'® mapsrespectively eat patch to the sameperceived lightnessvalue throughout
all v eimages. This is in accordancewith the lightness constancy rule, but contrary to what the obseners
perceive. Evidently, this method is not able to predict the failure of the lightness constancy rule in this case.
Using the photographic tone reproduction?® algorithm, the perceived re ectance of the black patch is lowered by
the presenceof the patcheswith higher re ectance what follows the Gelb illusion. Howewer in none of the v e
situations, even with all v e patchespresen, the brightest patch is mapped to a value perceived as white. This
inaccuracy happensbecausethe averageluminance rule is usedfor anchoring. However, using our computational
model it is possibleto reproduce the samelightnessimpressionas reported for the Gelb experiment.

6. APPLICA TIONS

The computational model of lightnessperception theory opensnew possibilities in processingof HDR images. As
a direct application we presen a tone mapping operator which aims at the reproduction of lightness as closely
as possibleto the lightness perceived in a natural scene. Besides,decompsition into frameworks de ned by
homogeneousllumination givesan interesting possibility to perceptually supported image processing.

6.1. Tone Mapping

Basedon the lightness perception theory discussedin the previous section we derive a tone mapping algorithm
for cortrast reduction in HDR images. The algorithm takes as an input an HDR image de ned by oating
point RGB valuesthat are linearly related to luminance, and producesa displayable LDR image as a result.
The contrast reduction processis basedon the luminance channel and builds upon the computational model
described in Section 4.

The particular goal of tone mapping is the corntrast reduction in the original HDR image. While through the
net lightness computation the dynamic range in the image is reduced, it may still exceedthe capabilites of the
display device. Hence,an additional dynamic range reduction may be necessaryto achieve good results. For the
purposeof tone mapping we usethe modi ed version of net lightnesscomputation (5) which includesa dynamic
range reduction factor D;:

Xy wy)

. = 0,
L(x;y) = 70% D]

Pi(xy) + 30% (Y  Wo): ©)

The value of D; is chosenindividually for ead framework in such way that it scalesdown the dynamic range of
a framework if it exceedghe capabilites of the target display device. Also the in uence of the global framework
has beenlimited, becauseit counteracts the luminance range compressiongoal.

We rst calculate the luminance from the RGB colors using the CIE Yxy color spaceand decomposethe
input sceneinto the frameworks. Next, we estimate the anchor in eah framework, i.e. the luminance value
perceived as white. We then compute the local pixel lightness within ead framework. Finally, we calculate
the net lightness of ead pixel using equation (6). We recover the color information with an inverse CIE Yxy
transform, using the computed lightnessL instead of luminance channel Y. The result is suitable to be viewed
on an LDR display device.

The evaluation of aesthetic properties of this tone mapping can be done with recertly preseried methodol-
ogy2"-?8 In Figure 6, we provide analysis of how the luminance values are mapped to the lightness levels in
three di erent tone mapping techniques: the preseried algorithm, and the global version of Photographic Tone
Reproduction?® which is similar to brightness mapping functions, and the Fast Bilateral Filtering'® which is
inspired by the intrinsic image models. The key aspect of any tone mapping algorithm is the e cien t useof the
available limited dynamic range on a display device. Usually the cortrast compressionresults in the lossof ne
details when uniform mapping is used(Figure 6(a)). The decomposition of an HDR image into the illumination
and re ectance layers leadsto a better detail presenation as visible in Figure 6(b). The mapping function in
this caseis not uniform and maps source luminance to dierent lightness values depending on the surround,
hencemakesmore e cien t useof the available dynamic range. However, the independert estimation of lightness
within ead framework leadsto the most e cien t mapping in this case,without invalidating the consistencyof



(a) global version of Photographic (b) Fast Bilateral Filtering (c) preserted method
Tone Reproduction

(d) frameworks map (e) preserted method with global (f) preserted method with local
white balance white balance in frameworks

Figure 6. Tree scene. Comparison of various tone mapping operators, color of plots of mapping functions represert
areas of frameworks. Refer to Section 6.1. Figures 6(e) and 6(f) illustrate global versuslocal white balance correction,
refer to Section 6.2. HDR image courtesy of OpenEXR.

illumination in the scene(Figure 6(c)). Also, the represenation of frameworks as probability maps ensuresthat
no artifacts are introduced on the borders of frameworks.

6.2. Local Image Pro cessing

The image processingalgorithms are usually applied with uniform parameter settings over the whole image.
Even if the algorithm is localized, the parametersfor the method are set globally. However, it is often desired



to vary the parameters of such algorithms betweenthe areasof an image. In this caseit often hasto be done
manually by the user. Except that with the use of frameworks decomposition, it is now possibleto identify
the areasthat are perceived homogeneouslyin an image. For the purposeof automated image processing,this
permits to estimate the most appropriate parametersfor given algorithm individually for ead framework.

In digital photography, it often happens that an image corntains two dierent sourcesof illumination {
for instance a warm daylight and bluish shadov as in Figure 6(c). Sud an image requires a white balance
correction. However, correcting for the daylight will result in an increasedbluish cast in the shadav part as
shown in Figure 6(e). The decomposition into frameworks allows to identify multiple illumination typesand
enablesdi erent white balance correction in ead of theseareas, Figure 6(f). Again, frameworks represened as
probability maps guarantee proper blending of edgeswhere di erently processedareasmerge.

7. CONCLUSIONS

We have preseried a computational model of an anchoring theory of lightness perception. The model provides
a practical implemertation of the key conceptsof this theory and aims at an accurate estimation of lightnessin
real world scenescaptured asHDR images. We leveragedthe theory to handle compleximagesby dewveloping an
automatic method for the image decomposition into frameworks. Through the estimation of the local anchors
we formalized the mapping of the luminance valuesto lightness. We examined the accuracy of our model by
reproducing two perceptual experiments that were initially conductedto prove the accuracy of the theory.

We demonstrated a direct application of our computational model to the tone mapping of HDR imagesand
discussedts advantages. Moreover, the decomposition of animageinto the frameworks givesadditional potential
to automated image processing ne tuned to the perceptual aspects of HVS.
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