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Abstract. In the photorealistic image synthesis process, an accu-
rate approximation of the spectral light radiance field of a synthetic
scene is carefully reproduced, with the goal of generating a syn-
thetic image that is indistinguishable from the actual one. The para-
digm of photorealism requires a comparison of the real scene and
its synthetic reproduction, and the two visual representations should
be studied under the same conditions to make a correct comparison
and evaluate the degree of accuracy. To reproduce the same ob-
serving conditions, we need to define a sort of synthetic observer
(given the impossibility to enter into a synthetic world) to compen-
sate the deep differences in the viewing conditions, between the real
and synthetic images. Various solutions have been proposed to this
end; most of them are based more on perceptive measures of the
human visual system (HVS) under controlled conditions, rather than
on the HVS behavior under real conditions, e.g., observing a natural
image and not a controlled black and white or colored pattern. Be-
sides the comparison problem, difficulties can arise from the visual-
ization phase, whose purpose is to display the final results of the
simulation model on a monitor screen or printed paper. This is
known as the tone reproduction problem, and in most cases, one
has to find the best solution to compress an extended dynamic
range of the computed light field into the limited range of displayable
colors. Several solutions have been proposed to solve this problem.
On the contrary, no mapping is usually made in case of low lumi-
nance and extremely limited dynamic range images, and conse-
quently photorealism and visual appearance are lost. We propose a
working hypothesis to solve the appearance and the tone reproduc-
tion problems in the synthetic image generation, integrating the Ret-
inex model into the photorealistic image synthesis context, including
in this way a model of the HVS in the image synthesis process.
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Arti, Comunicazione e Moda

1 Introduction

Most of the scientific problems that arise for generation of
accurate images have been solved by new methods that
compute the optical field produced by the interaction of
light and materials. The reproduction of the optical field
(luminanceg on different supportg$monitor or prin} opens

up problems of accurate reproduction of the luminance dy-
namics and of the color distribution. The computational
complexity of the numerical methods needs solutions sug-
gested by a deep understanding of how we perceive. In the
field of image coding and compression, important results
have been obtained to find efficient methods to lossy en-
code images while preserving the relevant information. The
notion of visual redundancy makes it possible to reduce the
spatial resolution of chromatic components, thus improving
the efficiency of compression methods, leaving the loss of
information almost unnoticeable.

We are mainly interested in the reproduction of a com-
puted luminance field of a synthetic scene—displayable on
a monitor—that does not have a real counterpart. In such
cases we have no comparison metric, because no reference
image exists, and the quality of the synthetic image can be
evaluated only on the basis of the observer's experience
and taste. We find two critical aspects. First suppose we
want to simulate a scene whose luminance dynamics are so
small or so large that only psychophysical adaptation
should allow an observer to perceive its contrast. Second,
the spectral characteristics of the light sources or the scene
color composition give rise to a color recovery process
(color constancy These cases are intrinsically visual ap-
pearance simulation problems, whose solution need a hu-
man visual systeniHVS) reference model. Our working
hypothesis is to adopt Retinex as the HVS reference model,
and to use the Retinex algorithm as a filter applied to a
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computer-generated luminance field without using any Li(A)

mapping operator, like th¥Y Zto RGB transform. N do A
First, we recall the major synthetic image generation Le(X)
methods. Then we analyze the appearance problem in pho- . da)/

torealistic synthetic imaging. After this, we discuss the as- .
pects of the HVS that are more relevant to our purposes, ’
and the major problems arising in its application. Further- '
more, we present possible approaches to the tone reproduc :
tion problem, focusing on the case of low-luminance  ~~=~.. AN '

scenes. As examples, we present some critical images tha ~~ 3\ ! —
try to simulate the lighting of museums or art galleries for dA A A e
interior design purposes, discussing the relevant results. - "0 T

2 Lighting Computation for Image Synthesis

The goal of photorealistic image synthesis is the generation

of digital images that are indistinguishable from real Fig. 1 BRDF function.
scenes, given a geometric representation of the scene and a

photometric description of light sources and material prop-
erties. The first step to this goal is the computation of the
light interaction with the geometric model of the scene,
incoming to the image plane that simulates a virtual cam- 2 -
era. Cogsidering Iigﬁt zfs an electromagnetic wave, in thedemnOIS on the two directions of incidengg, ¢, .and re-
interval 380 to 780 nm, the problem of light-media interac- [€ction ¢, 6;, and on the wavelength of the light radia-
tion (surfaces of the objects as well as the participating tion (@and even on the position on the surface of the material
medium might be approached by trying to solve Maxwell’s | this is not homogeneousThe research on local lighting
equations of electromagnetic field. Unfortunately, the solu- Models tries to describe the BRDF in a simplified way, like
tion of such equations for any nontrivial real-world prob- R@mamoorthiin Ref. 4, who proposes a signal-processing-
lem is not feasible. An approximate solution derives from a P@sed solution to recover BRDF from imagdesverse ren-
radiometric approach, based on the radiant energy analysiéie””g- Other solutions use functions interpolated from
over the electromagnetic spectrum. Therefore, photometricc@mpled values. . .
functions, such as spectral luminanicg(\), may be ob- More accurate local lighting models, base%]on radiom-
tained by simply weighting the equivalent spectral radio- etry, Qave' been”pro osed by .COOk and TO% aad He
metric functions, such as the spectral radiahgé\), by etal, while Kajiya, and Poulin and Fournieiproposed

) : . models for anisotropic surfaces of conductors. To simulate
the human spectral efficacy functiét()) with the known  gigjectric materials, enhanced local lighting models con-

relationL,(N) =Le(N)K(N). _ _ sider the subsurface light scattering effect, which is de-
_ Lighting models are an approximate representation of scriped by a superset of the BRDF, known as the general
light-media interaction, and are devised in such a way thatpjdjrectional surface scattering distribution functitBSS-
the light d|§tr|but|pn can be computed in a sh_ort time. Apart RpF). This effect accounts for the surface texture appear-
from a radiometric approach to the formulation of lighting ance of marble, plastic, milk, and even human skin, de-
models, in the history of computer graphics some empirical pending on the scale and subsurface structorelecular,
models(Lambertiam, Phong? and Blinm) were proposed.  muyltiple layers, etg.>*2 Subsurface scattering can also be
All these models try to describe the light-surface interaction gqjye( by diffusion theory, and has been introduced first by
on!y_ at the surface level in a simplt_a _and_ comput_ationally Stant® and followed by Jenseet al,** who enhanced this
efficient way. For example, no participating medium and gpproach also for anisotropic materials and optimized it for
very simple surface properties can be modeled. These argne ray-tracing global lighting model. Using these models,
called local lighting models, since they are based on localjt js possible to accurately simulate complex phenomena
point sampling on the surfaces, without considering the dif- 5ch as color bleeding inside materials and light diffusion
ferent possible origins of the incoming light. A second limit 5:r0ss shadow boundaries.
in such models is the extremely simple description of the  The other challenge of lighting model research concerns
reflectance properties of materials. _ the answer to the question: where is the incident radiance of
In radiometry, the reflectance properties of surfaces aregq. (1) coming from? The simplest answer is: directly from
described through the bidirectional reflectance distribution the light sources. Many computer graphics rendering soft-
function (BRDF), while the transmission properties are de- \yare and 3-D hardware processors rely on this simple as-
scribed by the bidirectional transmission distribution func- sumption. But in the real world, light also comésdirect
tion (BTDF). The two functions taken together describe the |ighting) from diffuse and specular reflections and transmis-
bidirectional scattering distribution functidBSDF). Given  sjons from other objects in the scene. The solution to this
the incident radiancé; through a solid anglelw; at an  problem leads to the definition of a global lighting model.
angle ¢;, 6, with respect to the surface normal, the re- The first attempt to compute indirect lighting was proposed

Unfortunately, this function is not analytically known. It
can be sampled with lengthy and difficult measures, since it

flected radiancé., is given by Eq.(1) (see Fig. & by Whitted" with backward ray tracing, sampling light ra-
diance with straight rays that start from the observer,
L,(N)=BRDHKN\, ¢;,0;,¢,,6,)L;(\)cosb;dw; . 1) through the image plane, searching for surfaces in the scene
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and using a recursive computation for the specular reflec-expressed as the sum of the radiahée possibly emitted
tion and transmission of light rays backward to the light by the pointsin the directionw, with the integral of all the
sources. This approach gives an accurate simulation ofincoming light contribution reflected fromto r, as shown
specular reflection and transparency, but does not accounby the simplified rendering equation:
for diffuse interreflections, an important effect in indirect
lighting that has been usually approximated with an empiri- L(\,r,w)=L%\,s, )
cal constant parameter called ambient light. The main dis-
advantage of ray tracing is its computational cost that +f BRDF(\,S,, ' )L(\,S,0')cosf’ dw’,
quickly increases as the scene model complexity grows. 0

A different approach to ray tracing, called radiosity, is 7
based on an approximate solution to the radiant enérgy

radiance balance in a closed environment. The first radios- where the integration is extended to all the surfaces of the
ity method implemented by Gorat al. computes the ra-  scene, ana’ and ¢’ are all the hemispherical directions of
diant energy interchange between perfectly diffusive the incoming radiance from the surrounding environment to
(Lambertian surfaces. The solution is based on a finite el- the points. Equationi2) is simply an extension of Eq1),
ement approximation, which requires surface subdivision considering all possible directions of the incoming light
into a mesh of patches. Different from ray tracing, the re- radiance and the light possibly self-emitted by the reflecting
sults are view independent, under the hypothesis that thesurface.
observer does not affect the scene lighting, and the scene Two different approaches to solve the rendering equa-
does not change. This allows fast image rendering for real-tion lead to explicit approximation and implicit sampling.
time walkthroughs of the geometric model. While radiosity The first tries to construct an explicit representation of the
computes a good approximation of light diffuse interreflec- radiance that satisfies the equation; an example of this ap-
tion, it does not account for specular reflections and trans-proach is the radiosity algorithm. The second approach, im-
missions. plicit sampling, aims at computing the radiance only at
Kajiya'’ formalized the global lighting problem with the  sampled points of the scene, which may be points on the
rendering equation, which describes the light transport in aimage plane like the ray-tracing method. The Monte Carlo
generic scene. He also uses Monte Carlo approximation taay-tracing approach to solve the rendering equation allows
solve the integral equation applied through a variance re-us to simulate almost all complex light distribution phe-
duction scheme, called hierarchical sampling, aimed at re-nomena, avoiding the mesh subdivision of the surfaces re-
ducing the number of samples. Another solution to the ren-quired by the radiosity algorithm, a procedure that for com-
dering equation is due to Wallace, Cohen, and Greenfierg, plex scenes may require a huge memory amount. To
who presented a two-pass method for computing global il- overcome computational complexity and high-frequency
lumination: the first pass, view independent, is based on thenoise, Jensen and ChristenSeR° introduced the use of
radiosity computation, while the second, view dependent, isphoton maps, a global illumination model based on a two-
based on ray tracing for reflecting and transmitting sur- pass method that allows us to simulate complex phenomena
faces. Chattopadhyay and Fujimbt@resented a bidirec- such as caustics, diffuse interreflections, and participating
tional ray tracing, where sampled rays are traced forwardmediums in complex scenes. One key point on the compu-
from the light source and backward from the viewpoint. tation of the lighting model, evident from Eqd) and(2),
Another important extension to the ray tracing method, is that the radiance and the BRDF are functions of the
which accounts for diffuse interreflections, was presentedwavelength. Often, rendering software, for computation ef-
by Ward, Rubinstein, and Cle#t.This approach was the ficiency, only samples the spectrum on the three wave-
starting work for the development of Radiarféepublic ~ lengths corresponding to the colorimetric RGB peaks,
domain rendering software, which uses a Monte Carlo tech-which do not correspond directly to sampled wavelengths
nique for the indirect lighting contribution due to diffuse in the visible interval 380 to 780 nm; they are colorimetric
interreflections computed at a point selected by the render-abstraction constructed on the tristimuls theory.
ing process. Finally, one of the first complete multipass ) ]
global illumination models was presented by Chetral? 3 Photorealism and Visual Appearance
They use radiosity for indirect lighting, illumination maps |n the previous discussion, what is missing is the observer.
for caustic light effects, and path tracing for the final image The accurate physical models that have been developed to
rendering. simulate light material interaction limit their effect on the
A more general description of the global lighting com- computation of the light field as a product of some material
putation is due to Glassnéwho proposes the full radiance properties, some light source properties, and some partici-
equation, which describes complex phenomena too, likepating medium propertie$We recall that most of the pre-
phosphorescence and fluorescence, light polarization, andiously mentioned models do not consider phase properties
the scattering and absorption by participating media. Thisof the light, which are the basis of other relevant effects,
formulation is an integral equation of light radiance that like holography and interference patterns, or light polariza-
cannot be solved analytically. Under simplified restrictions, tion.) But synthetic images are created for an observer, who
a numerical Monte Carlo integration can be applied. Whenis the final judge of the result. In the particular case of
the restrictions are no participating medium, no phospho-photorealistic image synthesis, the realism is evaluated with
rescence, no fluorescence, and no light polarization, the rarespect to an abstract idea of what a real image of a scene
diance in the generic point due to the radiation coming should be, or by a direct comparison to a photo or a video
from point s on a surface, along the directian, can be  display of the corresponding real scene. In general, this
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Fig. 2 Synthetic image generation process.

second situation is used for testing purposes, i.e., to vali- Besides the tone reproduction basic goal, we are also
date a computational method to generate realistic images. interested in solving other problems that arise when syn-
Studies about HVS mechanisms and visual appearancéhetic images are produced for a generic human observer.
are not recert®?8however, in the field of computer graph- Light source characteristics play a relevant role, inducing
ics, where efficiency plays an important role, only recently color shifts and luminance irregularities that can be elimi-
some researchers have addressed the problem of includingated only by simulating color constancy processes. More-
the observer into the synthetic generation process. Researcbver, the scene composition can generate color illusions, or
on tone mapping of synthetic images dates back to 1993,nduced color casts, that in normal viewing conditions are
with the work of Tumblin and Rushmeiét. Pattanaik  often discounted by the HVS.
et al3® consider the visual appearance of a photorealistic Instead of using a tone reproduction curve or a tone
synthetic image as an evaluation criterion and a desirableoperator, we propose a postfiltering approach, based on the
requirement. The idea underlying their work is that it is not following paradigm. The synthetic image generation meth-
necessary to compute data relative to details that are invisods compute a radiance field as the interaction of light and
ible to a normal observer, therefore speeding up the com-materials of the virtual scene. The radiance field is as ac-
putation. To find out what is or is not perceived, HVS con- curate as the computational method allows. The observa-
trast sensitivity function analysis(chromatic and tion process consists of sampling such an ideal world, giv-
nonchromati¢ is one of the basic techniques. Unfortu- ing rise to a picture. In other words, the physical simulation
nately, most HVS models considered by the computer method creates images that are “there, outside in the world
graphics community give much importance to the ability of of ideas,” that, in turn, are transformed into pictures when
discriminating spatial frequency, but do not consider non- an observer samples them. In reproducing this phenom-
linearity of color perception. enon, the psychophysical adjustment and the relative tone
An important appearance-related problem that also haseproduction depend on the kind of virtual sampling pro-
to be considered to improve the observer’s final judgmentcess chosen. The sampler can be a virtual camera or a vir-
is the tone reproduction problem. Synthesizedacquired tual person. When a virtual camera is the sampler, a digital
image dynamic range can be much smaller or much greatephotograph is the final picture, and we assume that the
than the device range. Tone reproduction aims at mappingpicture formation process is the same process of image for-
the image dynamic range into the given device, keeping ormation in a camera. Therefore, the optical transfer function
improving the naturalness of the image. Following a clas- should be computed as well as the spectral response of the
sification proposed by Di Carlo and Wand&ltwo major CCD or film emulsion, through which the image will be
methods have been designed, and are still being improvedstored. In the other case, if the sampler is a virtual person,
those based on a tone reproduction cuf’/BC) and those  the picture is the result of the image formation process of
based on some tone reproduction operé&tdrO). the HVS. The optical transfer function of a typical human

Fig. 3 An example of an HDR image displayed, keeping the details in interior (left) or exterior (right)
levels of luminance readable.
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interesting characteristic of the HVS is that this computa-
tion is done independently on the three RGB chromatic
channels, corresponding approximately to the three retinal
cone spectral sensitivities.

The spatial decomposition is performed to differentiate
the intensity signal over space, the derivative is thresholded
to eliminate smooth changes, and finally {ltleresholdegl
derivative is integrated over space to recover the surface
reflectance componeftt.Threshold is one of the nonlinear
parameters that affect the final image contrast, and conse-
quently the realism of the final picture. Spatial comparison
is the mechanism that transforms a radiance distribution
into an appearance-based image.

Retine>£"33’34is one of these models. It carries out the
image spatial decomposition, with a threshold mechanism
and a final average recomposition. Therefore, it is a model

eye should be computed as well as the spectral response dhat performs color constancy at the same time as lightness
the HVS, the contrast sensitivity, and the color constancy 2daptation, which is a necessary step to the solution of the
processes. In the first case, the final image should preserv@roblem of synthetic image appearance-based equalization.
the characteristics of the computed radiance field. No psy- ,_According to the Retinex theory, every color sensation
chophysical adjustment happens, and it is perfectly correctd®rives from three independent stimuli in the three long,
to search for a tone reproduction curve, or a tone reproduc-nedium, and short wavebandbriefly RGB). For each

tion operator that simply maximizes the dynamics repro- waveband, the relative channel lightnéssf each point is
duction. In the second case, in turn, we expect to reproduce]‘?c’mp“ted as the mean value of several relative channel
some of the mechanisms that are typical of the H&$J., lightnesses along a numbeN of random paths across the
lightness or color constangyhat the mentioned operators Mage, ending at that point. For the three RGB channels,
are not able to simulate. A scheme of this process is pre-[N€S€ computations are executed independently.

sented in Fig. 2.

Fig. 4 Retinex prefiltering of HDR image of Fig. 3.

EN ivjk
. i k=1"rGB
4 Modeling the HVS RGBT N 3
We must not confuse the internal biological structure of the
HVS with its functional modelization that is being consid- with
ered in this approach, whose aim is to mimic HVS behav-
ior. N |x+1
HVS models, as proposed in the context of digital im- ryls g= 11 > (4)
aging, are generally composed by two stages: a visual en- xepath |

coding stage and the display mapping stageisual en-

coding computes the appearance of each pixel in relation tovherel* and1*** are the pixel channel values at the loca-
the rest of the image, taking into account contrast sensitiv-tion x andx+ 1 along the random path.

ity and modeling lateral inhibition of receptive fields and Retinex has a reset mechanism. If, during a path com-
edge emphasis. In this phase, HVS mechanisms are perputation, a lighter area is found, the ratio chain of the for-
formed both on local and global aspects of the image, whilemula in Eq. (4) is forced to 1, making the computation
most HVS-based synthetic imaging approaches considerestart from this area. The effect of the reset mechanism is
only global adjustments. Color perception models try to to consider the lightest area of an image as the reference
recover, via a spatial comparison, the invariant surfacevalue for the color white.

spectral reflectance properties of each point, realizing in A critical problem in the algorithm is the choice of the
this way the color constancy mechanisms of the HVS. An random path. The results depend on the randomness and on

Brownlon LUT  Ratinex McCann acE

Fig. 5 Comparison of different postfilterings indoors: the high figure-to-background contrast is ob-
tained by minimizing ambient diffuse light; direct illuminance <500 lux.
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Original Bray Wadld ‘White patch

Browrsan LUT Hmlines Wclenn ALE

Fig. 6 Comparison of different postfilterings indoors: the simulation uses a very low level of illumi-
nance on the paintings (<100 lux), obtaining also a reduced contrast, not visible in the original.

the number of the paths that are chosen for the computatometer can be used to capture and measure the luminance
tion. Moreover, the results depend on the threshold valueof a view and to infer information about the contrast. Nev-
making low-reflectance ratiogwhich correspond to a ertheless, these instruments do not measure the spectral lu-
smooth shadingless relevant. minance but only the total luminance, and the estimate de-
Changing these and other details, several implementapends on the light source color temperature. Histograms
tions of Retinex have been realized so far. Most of them can say something about contrast on a set of equal or very
give comparable resulf8:3® We use McCann¥ and similar images, but the same criteria can fail when applied
Brownian LUT Retinex versiori§ together with an alterna-  to another set of different images. A qualitative notion of

tive HVS model, automatic color equalizati¢ACE).*® contrast can be taken from the photographic context, where
high-contrast pictures have high lights and dark shades,
5 Applying the HVS Model while keeping the visibility of all the details, giving the

To solve the tone mapping problem, several approachedMage a property often expressed as depth in contrast to
have been developed so %ﬁz from tone reproduction atness. H_oyvever, contrast plays a fundamental role in
operators to more detailed models of the HVS. modelmg vision pe(formances. Our HVS not only performs
The basic parameters involved in the tone reproduction mechanisms like lightness constancy or color constancy,
problem are lightness and contrast. The name “tone repro_b_ut also does a sort of con_tra,st constancy. Moreover, some
duction” can suggest that lightness plays the main role, butvisual effects, e.g., the White's effect, cannot be explained
the perception mechanisms of our HVS link together light- SIMPIy with low-level vision mechanisms, but a higher cor-
ness and contrast in its inner mechanisms. In fact, the majofic@l process has to be involved to understand these effects.
part of the vision models for image-based rendering use the Another aspect that has to be taken into account is the
contrast sensitivity functiotCSP to determine a lightness ratio between the global and the local adaptation effeqts in
threshold in relation to the image local frequency content. the HVS. The balance between the two components is af-
A widely accepted contrast measure for common digital fected by the image content, in particular by features like
images does not exist. Two different classic contrast mea-SPatial frequency distribution and color composition.
sures with their relative physiological tests can be consid- For all these mentioned reasons, the parameters tuning
ered (the Weber contrast used in experiments with and the effect of the image context, e.g., sunsets or under-
a-periodic signals like spot on background tests, and thewater pictures, can lead to unwanted or unpredictable re-
Michelson contrast used with periodic signals as sinusoidalSults-
gratingg, but both are defined and tested in simplified con-
ditions, not in a complex context like, e.g., a photographic _ .
image. Moreover, these contrast measures are global, whil® Tone Mapping Solutions
contrast, for instance in usual photography, is a conceptThe tone mapping problem can vary widely, according to
related also to local properties of a picture. A video pho- the lighting characteristics of the scene. We consider two

Drigieal Arey Warld Whits patch

Fig. 7 Comparison of different postfilterings indoors: illuminants (halogen) have been designed to
preserve colors; illuminance <100 lux.
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, &

Brownian LUT Ratinex McCann luuml:- LuT Retinex McCann ACE
Fig. 8 Comparison of different postfilterings indoors: halogen Fig. 9 Comparison of different postfilterings indoors under tungsten
sources; illuminance <50 lux. lamps.

major cases: first, strong overall contrast and high dynamicnance levels, so that, in the real scenes, an observer should
range, second, low overall contrast and low tones. need an adaptation to the low illumination. To better under-
In cases of images with a strong overall contr@y.,  stand the efficacy of Retinex and ACE based on a nonsu-
backlighy and consequently a very high dynamic range in pervised global/local approach, we also present some re-
the computed luminance field, the HVS model can be ap-suilts of simple global tone reproduction methods: Gray
plied before compressing data into the usual 8-bit deviceworld, White Patch, Auto Levelthe automatic procedure
channel rangé>*In this case, we use the term prefiltering. of Adobe Photoshop, which is a LUT nonlinear mapping
Prefiltering is a good solution when the original luminance transformatiol, and the Histogram Equalization standard
range is known or when images are stored in a high dy-algorithm (Adobe Photoshop implementatjon
namic rangeHDR) format. An example is shown in Fig. 3, In all images, global mappings, like Histogram Equal-
where an HDR imagéfrom Ref. 4] is displayed with two jzation, Gray World, White Patch, and Auto Levels, present
different linear tone maps: left, the map compresses highjower performances than HVS-based methods, that, while
tones, emphasizing the details of low tortegerion); right,  improving contrast, keep or recover the corresponding col-
the map compresses low tones, emphasizing high t@es  ors. Images filtered by HVS-based methods reveal scene
terion). In this case, Retinex prefiltering performs an unsu- details hidden in the linear scaling, and their local adjust-
pervised local mapping, whose result is shown in Fig. 4. ment properties result in a natural visual appearance. It is
While both high and low tones are emphasized, an effectinteresting to note in Fig. 9 the warm yellowish color
arises: the shadows around the window. This effect is very (http://eidomatica.dico.unimi.it/eng/research.html#cplofr
interesting and requires further analysis, since it can bethe scene induced by the tungsten light source that is re-
varied due to parameter calibration, but it is intrinsic to the moved by HVS-based methods. In this figure, the quantiza-
Retinex principle. From an appearance viewpoint, this tion of colors is due to the limited color palette of the

shadow makes the image natural. original image. A false color picture of Fig. 9 is given in
The second case occurs when the overall contrast andrig. 10.

luminance value of an image are very low. To these images,
Retinex(or any other HVS modeglcan be applied as a post 7 Discussion and Conclusions
filter, i.e., on the 8 bits per channel linear pixel encoding.
We propose to achieve appearance and increase naturalne
with a nonlinear remapping, based on a HVS model applied
as the last stage in the image generation process. In terms
of value tone mapping, dynamic range is not modified, but,
as is presented in the following examples, the appearance
and the naturalness of the scene can be greatly improved.
To test our working hypothesis, we have applied differ-
ent algorithms as postfilters to computer-generated images
(see Figs. 5-8 The images have been computed using the
Lightscape(Autodesk, San Rafael, QAendering system,
and the purpose of the simulation was to explore the prob-
lem of illumination of art galleries and museums. We have
compared two versions of the Retinex algorithm, the
Brownian LUT versior® and the multiresolution version
implemented by McCant, and ACE3® a new algorithm
recently developed that has characteristics similar to Ret-
inex. Test cases are particularly critical; the luminance re-rig. 10 False color picture of the examples in Fig. 9: background
quirements for gallery illumination imply very low lumi-  average illuminance 100 lux, max luminance 10.000 lux (log scale).

e apply different Retinex and other equalization algo-
ithms to some computer-generated images of virtual
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scenes with very low luminance values. The aim is to test a21.
22,

hypothesis of using Retindwr alternative HVS modelsas
a postfiltering stage to solve contrast and color appearance
simulation. The test cases explore the problem of illumina-
tion of art galleries and museums, and present very low
dynamic ranges and local contrasts.

Preliminary results are encouraging. The postfiltering 24

technique is able to map the image values to make their
appearance more natural in most cases.
Regarding the comparison between the various HVS

models, no absolute winner has been found. According toze.

the authors, this is a good result, since all the Retinex ver-
sions and ACE have satisfying comparable performances in,,
every situation.

All HVS models, which have a mixed global/local be-
havior, perform better than classic global technig(@sy
World, White Patch, Auto Levels, and Histogram Equaliza-

tion), which, in some cases, introduce unpredictable color 29
shifts. The stronger aspect of the Retinex and ACE algo-3q.

rithms is their ability to perform dynamic range mapping
and color recovery at the same time.
Our working hypothesis needs more investigation to bet-

ter analyze parameter tuning and the different behaviors of32.

Retinex algorithms, and to compare our approach to alter-
native methods for tone reproduction and color constancy.

34.

References

35.

1. A. S. GlassnerPrinciples of Digital Image Synthesipp. 726—-728,
871-882, Morgan Kaufmann, New Yof#995.

2. B. T. Phong, “lllumination for computer generated picture€8m-
mun. ACM18(6), 311-317(1975.

3. J. F. Blinn, “Models of light reflection for computer synthesized pic-
tures,” Comput. Graph19, 542— 547(1977)

4. R. Ramamoorthi and P. Hanrahan, “A signal-processing framework 5,
for inverse rendering,Comput. Graphll7 —128(2001).

5. R. L. Cook and K. E. Torrance, “A reflection model for computer
graphics,” ACM Trans. Graphics15(3), 307—-316(Aug., 1982.

6. X. D. He, K. E. Torrance, F. X. Sillion, and D. P. Greenberg, “A
comprehensive physical model of light reflectiodACM Computer
Graph. 25(4), 175-186(1991).

. J. T. Kajiya, “Anisotropic reflection modelsComput. Graph19(3),
15-21(1985.

8. P. Poulin and A. Fournier, “A model for anisotropic reflectioGdm-

put. Graph.24(4), 273-282(1990.

9. P. Hanrahan and W. Krueger, “Reflection from layered surfaces due to

subsurface scattering ACM Computer Graph. Proc. Siggraph '93

27(3), 165—-174(1993.

L. B. Wolff, “Diffuse reflectance model for smooth dielectric sur-

faces,”J. Opt. Soc. Am11(11), 2955—-29681994).

J. Dorsey, A. Edelman, H. W. Jensen, J. Legakis, and H. K. Pedersen,

“Modeling and rendering of weathered ston€bmput. Graph225-

234(1999.

M. Pharr and P. Hanrahan,

scattering equations for subsurface reflectioGomput.

75-84(2000.

J. Stam, “Multiple scattering as a diffusion procesEyirographics

Rendering Workshomp. 51-58(Jun., 1995
H. W. Jensen, S. R. Marschner, M. Levoy, and P. Hanrahan, “A prac-

tical model for subsurface light transporfroc. Siggraph 2001, An-

nual Series Conf. 200%pp. 511-518Aug., 2002.

T. Whitted, “An improved illumination model for shaded display,”

Commun. ACM23(6), 343—349(1980.

C. M. Goral, K. E. Torrance, D. P. Greenberg, and B. Battaile, “Mod-

eling the interaction of light between diffuse surfaceACM Com-

puter Graph. Proc. Siggraph '848(3), 213-222(1984).

J. T. Kajiya, “The rendering equationComput. Graph20(4), 143—

150(1986.

J. R. Wallace, M. F. Cohen, and D. P. Greenberg, “A two-pass solu-

tion to the rendering equation: A synthesis of ray tracing and radiosity

methods,”ACM Computer Graph21(4), 311-320(1987.

S. Chattopadhyay and A. Fujimoto, “Bi-directional ray tracing,”

Proc. Computer Graph. Int. '87pp. 335—3431987).

G. J. Ward, F. M. Rubinstein, and R. D. Clear, “Aray tracing solution

Eor diffuse interreflection,” ACM Computer Graph22(4), 85-92
1988.

~

10.
11.

12. “Monte Carlo evaluation of non-linear

Graph.
13.
14.

15.
16.

17.
18.

19.
20.

118/ Journal of Electronic Imaging / January 2004 / Vol. 13(1)

25.

28.

36. A. Rizzi, D. Marini, and L. De Carli,

38.

39.

40.
41.

42.

43.

44,

G. Ward Larson and R. Shakespe&endering with Radiance the Art
and Science of Lighting VisualizatipMorgan Kaufmanr(1998.

E. S. Chen, H. E. Rushmeier, G. Miller, and D. Turner, “A progressive
multi-pass method for global illuminationProc. Siggraph 91, ACM
pp. 164-1741991).

. H. W. Jensen and N. J. Christensen, “Photon maps in bidirectional

Monte Carlo ray tracing of complex objectsComput. Graphics
19(2), 215-224(1995.

H. W. Jensen, “Global illumination using photon map®yfoc. 7th
Eurographics Workshop Renderingp. 21-30, Springer Verlag, New
York (1996.

H. W. Jensen and P. H. Christensen, “Efficient simulation of light
transport in scenes with participating media using photon maps,”
Proc. Siggraph '98, ACMpp. 311-32(001998.

F. W. Campbell and J. G. Robson, “The application of Fourier analy-
(sis to the visibility of gratings,”J. Physiol. (Lond.)197, 551-556
1968.

. O. Braddick, F. W. Campbell, and J. Atkinson, “Channels in vision:

Basic aspects,” irHandbook of Sensory Physiology VR. Held, H.

W. Leibowitz, and H. Teuber, Eds., pp. 3—38, Springer Verlag, New
York (1978.

E. Land and J. J. McCann, “Lightness and Retinex thealy,Opt.
Soc. Am61(1), 1-11(1979).

J. Tumblin and H. Rushmeier, “Tone reproduction for realistic im-
ages,”|IEEE Comput. Graphics App#2—-48(1993.

S. N. Pattanaik, J. A. Ferwerda, M. D. Fairchild, and D. P. Greenberg,
“A multiscale model of adaptation and spatial vision for realistic im-
age display,”Proc. SIGGRAPH98pp. 287—298Jul., 1998.

. J. M. DiCarlo and B. A. Wandell, “Rendering high dynamic range

|mages,"Proc. SPIE3965 392-401(2000.
A. C. Hurlbert, “Formal connections between lightness algorithms,”
J. Opt. Soc. Am. B, 1684-16931986.

33. E. Land, “The Retinex theory of color vision3cientific Am237(3),

2-17(1977).

E. Land, “Recent advances in Retinex theory and some implications
for cortical computations: Color vision and the natural imagexdc.
Natl. Acad. Sci. U.S.A80, 5163-51691983.

A. Rizzi, L. Rovati, D. Marini, and F. Docchio, “Unsupervised cor-
rections of unknown chromatic dominants using a Brownian-path-
based Retinex algorithm,’J. Electron. Imaging12(3), 431-441
(2003.

“LUT and multilevel Brownian
?etinex colour correction,Mach. Graphics Visior11(2/3), 153—-168
2002.

. J. McCann, “Lessons learned from Mondrians applied to real images

and color gamuts,’Proc. IS&T/SID 7th Color Imag. Confpp. 1-8
(1999.

A. Rizzi, C. Gatta, and D. Marini, “A new algorithm for unsupervised
global and local color correction,Pattern Recogn. Lett24(11),
1663-1677(2003.

M. Ramasubramanian, S. N. Pattanaik, and D. P. Greenberg, “A per-
ceptually based physical error metric for realistic image synthesis,”
Proc. SIGGRAPH99pp. 73—-82(1999.

M. R. Bolin and G. W. Meyer, “A perceptually based adaptive sam-
pling algorithm,” Proc. SIGGRAPH98pp. 299-3101998.

G. W. Larson, H. Rushmeier, and C. Piatko, “A visibility matching
tone reproduction operator for high dynamic range scenHsEE
Trans. Vis. Comput. Grapl8(4), 291-306(1997.

J. Tumblin, J. K. Hodgins, and B. K. Guenter, “Two methods for
display of high contrast imagesACM Trans. Graphic48(1), 56—-94
(1999.

F. Drago, W. L. Martens, K. Myszkowski, and N. Chiba, “Design of a
tone mapping operator for high dynamic range images based upon
psychophysical evaluation and preference mappingidc. SPIE
5007, 321-331(2003.

A. Rizzi, C. Gatta, B. Piacentini, M. Fierro, and D. Marini, “A human

visual system inspired tone mapping algorlthm for HDR images,” to
be presented at IS&T/SPIE Syniplectronic Imaging 2004San Jose
CA, January 2004.

Daniele Marini is an associate professor.
He graduated in physics in 1972. Since
1978, his research at the Department of In-
formation Sciences of the Universita di Mi-
lano has encompassed several areas of
graphics and image processing, with spe-
cific reference to visual simulation, realistic
visualization, classification, image recogni-
tion, and compression. In ltaly, he pio-
neered image synthesis. He contributed to
the foundation of the journal PIXEL and he

was one of the founders of the Aicographics Association. In 1982, he
created Eidos, the first Italian company specialized in advanced im-



Postfiltering for color appearance . . .

age processing. Since 1997 he has been a member of the National
University Council. In 1998, he was appointed supervisor and coor-
dinator of the initiatives on multimedia at Triennale di Milano. He has
published more than 140 papers as well as three books. Presently,
he is teaching computer graphics and image processing for the
graduation programs on informatics at the Universita degli Studi di
Milano.

Alessandro Rizzi took the degree in com-
puter science at University of Milano and
received his PhD in information engineer-
ing at University of Brescia (Italy). He
taught information systems and computer
graphics at University of Brescia and at Po-
litecnico di Milano. Now he is an assistant
professor at University of Milano, teaching
multimedia and human-computer interac-
tion. Since 1990 he has been researching

s the field of digital imaging and vision. His
main research topic is the use of color information, with particular
attention to color adaptation mechanisms.

Maurizio Rossi took the degree in com-
puter science at University of Milano. Now
he is an assistant professor of computer
graphics at Politecnico of Milano. Since
1988, he has worked as a researcher on
computer graphics, multimedia, and virtual
reality. Since 1990, he has participated in
various research projects of the Italian Na-
tional Council of Reserach. The most re-
cent has been on multimedia application to
cultural heritage.

Journal of Electronic Imaging / January 2004 /Vol. 13(1) /119



