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ABSTRACT

Imagesof thereal world areformed by visiblelight being scattered by surfacesand volumes.
The goal of global illumination methods is to simulate the path of light in an environment
through the image plane in order to compute realistic images. Not all applications require
the accuracy attainable with global illumination methods, and not all global illumination
methods are good for all possible lighting effects. In this course the audience will be given
a vocabulary and taxonomy for understanding global illumination. Insight into the basic
methods will be provided using comparison to physical experiments. The target audience
includes: people who are new to graphics who want to be generally informed, people who
teach graphics courses but specialize in some other area of graphics, and/or people who
think they may need global illumination for their application and want to understand how
these methods differ from other rendering techniques.
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A Basic Guide to
Global lllumination

Motivation
and Definitions

The purpose of this course is to give an overview of the area of computer graphics that

has come to be known as "global illumination". The goal of global illumination is to make
images of scenes which are defined numerically (may not physically exist yet) The images are
predictive —— they are intended to show how the scene would appear if it were actually

built. This is as opposed to artistic images or diagrams which may illustrate an

individual's idea of what a scene would look like. Global illumination simulates

the physical phenomenon of light transport.

Applications:

— Product appearance design

— Safety design

— Artistic effect acheived by
physical means.

There are many reasons to make images. In many cases it is desirable to make
"non-photorealistic” images that emulate artistic techniques such as sketching and
painting. Global illumination is used when accurate predictions are needed for applications
such as: what will the car look like in the showroom? Will the dashboard be visible

to a driver at night? Will this theatrical lighting setup achieved the desired

dramatic effect for a performance?
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light <&

object

image

viewer p|ane

We see things as a result of how they interact with visible light To form
an image we select a view point, view direction, image plane and image
resolution. We color each pixel in the image according to what object
would be visible through that pixel, and what quantity of light would be
leaving that object in the direction of the viewer.

real life wide _

range of light display has
magnitude and more limited
spectrum range

The RGB (red,green,blue) values we ultimately choose will not produce

the same quantity of light on our display as we would encounter in real life.
Displays have limited color gamuts and dynamic ranges. Mappings are needed

to convert the quantity of light we predict to something displayable. These
mappings use models of the human visual system. So, unfortunately to completely
understand the formation of a realistic image, some knowledge of both

the physics of light and the psychophysics of humans is needed.
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Isn’t lighting built
into graphics
hardware for
making shaded
images?

Systems such as Open GL and VRML have "lighting models" that are heuristics that
emulate some lighting effects to render objects with shape and texture. However, these
systems do not allow the definition of real light sources, physically realizable
reflectances, do not include the "inverse square law", often have no shadows (or

just sharp ones) and do not account for interreflections

Fundamental Effects:
— Direct lllumination
— Shadows

— Interreflections

— Volumes

Let's examine the fundamental effects that are achieved with global illumination that are not
achieved by heuristic graphics lighting. Not all of these effects are equally important in
every application, and they are certainly not all equally easy to compute. Sometimes

they can be approximated by simple methods, but in some cases extensive calculations
are required to get an adequate image. It is important to understand the effects critical to an
application to determine the most cost effective approach to computing an accurate image.
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Direct lllumination

"Direct lllumination” refers to light that arrives at an object directly from the light source
and then is reflected to the viewer. To accurately compute direct illumination, appropriate
definitions of the geometry, directional, and spectral composition of the light source and
the reflectance function of the object are needed. Modeling light sources and
reflectances is sometimes referred to as "local illumination.” See the section "Global
lllumination Input” for more details.

Shadows

It is also important to find where light from the source does not reach an object.
Shadows are an important cue to object locations —— we have the sense that the
pear is floating above the plane becase of the location of the black ellipse

used to represent its shadow.
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The shadow area where no light reaches is the umbra. There are some points where
parts of the light source only are seen. called penumbra, which make the edges of
the shadow look fuzzy. Whether the shadow is fuzzy or not depends on the sizes

of the source and occlusion relative to the distances to the source and occlusion.

Many algorithms treat just the problem of how to compute shadows.. Classic
techniques are Crow’s shadow volumes (Crow82) and Williams’ shadow
maps (Williams78).

Interreflections A

O

Interreflections are the "global" part of global illumination. The light that ultimately

reaches the eye and has an effect on the image often goes through more than one bounce.
Interreflections are expensive to compute —— in some scenes where they are not

important it may be possible to neglect them or approximate crudely with

simple calculations.
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Types of Reflectance

o\ e

diffuse specular general

The effect of interreflections depends on the directional properties of the

surfaces involved. Diffuse (a.k.a. Lambertian, matte) surfaces are characterised
by the fact that you can’t make out any objects reflected in the surface. Specular
(a.k.a mirror—like) surfaces are characterized by the fact that you can see reflected
objects clearly —— i.e. that's why we use them for mirrors ; ) Many surfaces

are neither of the idealized cases —— and reflections of objects may be seen

dimly or fuzzed-out in a general surface

Interreflections: Diffuse
Indirect lllumination

Indirect illumination, generally reflection off diffuse surfaces may cause
surfaces which have no direct view of the light source to be illuminated.

This is dramatic when there are many surfaces in the scene with no

direct view of the source, as in these examples. However these interreflections
are expensive to compute, and if most surfaces have a view of a light source,
the effect of interreflections might be adequately approximated by

a constant value. Good early examples of the effect of indirection illumination
are shown in Nishita and Nakamae’s 1985 SIGGRAPH paper
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Interreflections: Diffuse
Color Bleeding

The color of objects depends on their spectral reflectance, and the spectrum
of incident light. (This is made a little more comples by the "color constancy"
human vision phenomenon —— see "From Solution to Image” in the appendix).
If a white wall, for example, is illuminated by indirect illumination from a

red wall, the white wall will look somewhat red. This is generally a subtle
effect, and was illustrated by the "Cornell Box" (Goral84) shown above in a
early incarnation.

Interreflections: Caustics
Bright Spots

In graphics, "caustics" refer to bright spots that are the result of a path of reflection
or multiple reflections, from the light source, by several specular surfaces, and

then finally hitting a diffuse surface. An extreme example is shown here where

a spot light on the ceiling at the right is aimed at a mirror which reflects

light through a crystal ball which focusses light into a bright spot to the left of

the ball on the floor. This is in addition to the bright spot that results from the

crystal ball focussing the main ceiling light onto the floor. Combining different

paths of interreflection was discussed in Chen et al ‘91, in which this image appears

2-7



Fundamental Effects:
Volumes

Besides surfaces, volumes of media can interact with light. Most of the time the
volumetric medium in our environment (air) does not "participate” in the radiative transfer
of visible light. However if there are water droplets (fog or clouds) or particulates
(dust or smoke particles) in the air, these volumes of media partipate in the light transfer,
and are called "participating media". Details on input and descriptions of participating
media can be found in the appendix "Input for Participating Media."

Definitions: L
RADIANCE

energy

time*projected—area*solid—angle

To form and solve equations for global illumination, we need to get specific on how to
define a quantity of light. The basic quantity we want to solve for is radiance L The
spectral radiance (i.e. radiance for various wavelengths of light) convolved with
spectral functions related to the spectral sensitivities of the human visual system,

will ulitimate be what we use to set the value of each pixel in an image.
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Definitions: _
RADIANCE time and area

\t]//

energy transport is continuous in
time, and distributed over areas

Why this definition? Energy is continually being transferred in our problem.
In a still image the rate that visible light per unit time is constant, but it is
being transferred continually. A point has no dimension, so strictly speaking there

is zero energy leaving a point. We can discuss energy/time at a point though if
we express it as energy/(time*area).

Definitions: 4 .
RADIANCE solid angle

*dw

The light leaving a point may be different in each direction. All of the directions around
a point are included in a hemisphere over the point. The hemisphere is said to
subtend 2 steradians over the surface, analogous to a half circle subtending
mradians.

A solid angle is a chunk of that hemisphere of directions. By integrating over all solid

angles we can account for either all of the light leaving the surface per unit time and area,
or all of the light energy incident.
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Definitions: projected area
RADIANCE

Why projected area and not just area in the radiance definition?
When the surface is viewed at an angle, its area is forshortened by
the cosine of the angle. By divided by projected area radiance
expresses the quantity of light in terms of the effective surface area
in the given direction

NOTE: Radiance is defined with respect to a surface, but not necessary a physical
solid surface. Radiance is defined for any infinitesmal area specified by a location
and surface normal, anywhere in space.

Reflectance: BRDF

Bidirectional
Reflectance
Distribution

Function general

The other key definition is to precisely define the function that describes what
happens to light when it is reflected from a surface. A reflectance is the ratio
of reflected to incident light energy. A more general function expresses

the directionaliuty of reflectance and is NOT a ratio that ranges

from O to 1, but a distribution function that takes on any non-zero real

value.
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Reflectance: BRDF

fr (6i,9;,0r.9)= L¢(Or. @)

Li(6j,¢;)cosB;dwy

radiance/ energy flux density

The BRDF relates the reflected radiance in a particular direction (indicated here
in spherical coordinates —— theta is the polar angle, phi is the azimuthal), to the
incident energy flux density. For a general surface fr has a non-zero value for
all pairs of incident and reflected directions.

Special BRDF:

fr = pg/m fr=pg 0(6y;)/cosO

DIFFUSE SPECULAR

The BRDF for the idealized surface reflectances have a simple form. A diffuse
surface has a BRDF that is the same for all incident and reflected directions. The
valuepd is the ratio of reflected to incident light energys in the denominator for the
diffuse surface as a result of integrating all directions with & wesghting factor.

A specular surface reflects light in only one direction for a given incident direction,
so its BRDF is a delta function
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Reflected
Radiance

Lr(er,(Pr) =

[ fr (8i.9;,6r,¢y) Li(6j,¢p)cosbidwy

To compute the radiance reflected from a point on a surface, we need to account
for the fact that light may be incident from all directions, so we need to integrate
over the entire incident hemisphere.

The Rendering Equation

radiance from object radiance emitted from object

Lo(Br.¢r) = Le(Or.@y) +

[ fr (6i,9;,0r.%) Li(6j,9)cosbjdwj

radiance reflected from object

An object may emit and/or reflect light. The complete rendering equation gives the radiance
leaving an object accounting for both effects. This is just the well known equation of radiative tran:
as used in heat transfer, illumination engineering, and various area of physics. The

seminal paper "The Rendering Equation” by Kajiya in 1986 pointed out that this is the

equation we want to solve to generate accurate images, and that in fact all of the approximations
that had been made in an attempt to make realistic images were in some way an

attempt to solve this equation.
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Ray Tracing

One of the basic classes of global illumination solutions

is ray tracing. Ray tracing involves following paths or trees of line
segments through the scene to compute the effects of typical
light paths.

Ray Casting vs. Ray Tracing

The terms "ray casting” and "ray tracing" are sometimes confused. Ray
casting refers to intersecting an individual ray with objects in the scene
to find the first visible surface. Ray tracing involves finding paths or
trees of line segments —— ray casting is a basic tool in finding these
paths.
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Ray Casting

°°lo Spatial
o 1(:)rganlllz_atlon

or cullin

@ 9

A couple of notes on ray casting are worthwhile since it is a fundamental operation
performed millions of times in a ray traced image. One area of research in ray
casting has been avoiding as many intersection tests as possible. A typical
approach is to sort surfaces into a spatial structure, such as an octree (Glassner84).
Intersection tests are only performed on surfaces in the cells traversed

by the ray. In this two—d example, no tests are needed for the hollow circles ——

just for the two solid circles.

Ray Casting

Efficient
Intersections
for

NURBS

etc.

Another area of interest in ray casting is efficiently intersecting a ray with a

particular surface. Once it is known that a ray intersects a surface such as

a NURB (non-uniform rational B—spline), or a quadric surface (e.g.

ellipsoid) the intersection point should be computed with a minimal number of operations
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Ray Tracing
Classic "Whitted—style"

image plane

The original ray tracing method involved tracing rays from the
eye, through the image plane and into the scene. When a diffuse
surface was hit by the ray, a ray was cast at the light source, and
if it was visible the point was lit proportional to the cosine of the
angle between the ray to the source and the surface normal.
When a specular surface was hit, no light source test was made,
instead a new ray was cast in the direction of specular reflection.

Ray Tracing
Classic

Diffuse surfaces shaded by orientation to light.
Specular surfaces look like mirrors.

Constant "ambient” added to avoid pure black.

Ray tracing was originally published by Whitted (Whitted81). Although
conceptually simple, it was a computationally expensive method at the
time, even for simple scenes. Despite its simplicity, the approach
captured the important features that help make a scene look real ——
particularly in scenes dominated by specular objects.

3-3



Ray Tracing
Classic

Lo(Bo.%0) = ksLsp(Bsp.Psp)t

deOSGSO Le’so +kaLa

This is the equation that classic ray tracing is effectively solving.
The BRDF doesn’t appear —— just coefficients that are related

to reflectance —— ks and kd for specular and diffuse, and ka for
"ambient." La is an ambient radiance that accounts for the effect
of all interreflections, and is uniform throughout the scene. The
coefficient ka allows the user to modify the effect of La surface
by surface.

Ray Tracing
Classic
I
— 0O shadows
- / ™~ produced
by testing
d the path of the
ray to the
light source

Shadows are produced in ray tracing by testing the visibility
of the light source from a location on a diffuse surface.



Ray Tracing
Classic

PLUSES:

— shadows

— shiny objects

— arbitrary geometry types,
anything that you can
intersect with a ray

Ray Tracing
Classic

MINUSES:

- no 1/r2 fall-off of light

— diffuse interreflections an
arbitrary constant

— sharp shadows,
sharp specular reflections
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Distribution Ray Tracing

INSIGHT: Generating a realistic
image requires integration
in many directions.

Distribution ray tracing was introduced by Cook et al in 1984.
Originally it was called distributed ray tracing, but that name is now
referred to ray tracing on parallel processors. The great contribution

of distribution ray tracing is the recognition that integrals have to

be performed over area, direction, and time to produce realistic images.
A single ray for each surface isn’'t enough —— many rays have to be
distributed over the area, or direction, or time, to compute the
illumination effect.

Integrate across light source to
get penumbra

e

To compute penumbra, rather than casting a single ray to the light
source, an integral of the light from the source over the area of the
source is needed. The integral is evaluated numerical by taking many
sample points on the source and casting rays towards each of the points
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Integrate over a cone around mirror
angle to get fuzzy reflections.

To compute the effect of "fuzzy" specular reflection, and integral needs
to be computed to collect the effect of light coming in from a cone of
directions around the direction of specular reflection. In this case, many
rays are cast within the cone of directions.

Distribution Ray Tracing

Also:
integrate across pixel to antialias

integrate across time to
simulate motion blur

Integrating by taking many point samples can be used to solve many problems

in rendering. "Jaggies" or stairstep edges can be "antialiased" by sampling many
points on the area of a pixel and integrating the effect of all the surfaces visible
through the sample points. If an animated scene is being rendered, the phenomenon
of motion blure can be simulated by casting rays for into the scene for many

points in time, and integrating the effect of all of the objects that are visible at
different times.
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Distribution Ray Tracing
Lo(Bo.%0) =

(1/Qcone)] ksLsp(Bgp.@sp) doot

kdIcosesoc;osefsL(.;.,So/r2 dA +kglg

This is the approximation of the rendering equation being solved by distribution
ray tracing. By properly formulating the integral over the area of the light source,
the solid angle subtended by the light source is included in the approximation.
Because the solid angle subtended decreases as the distance to the source r
squared increases, this formulation will capture the familiar inverse square

law of light propagation.

Integrals too complex for
analytical solution.

General integration tool:

Monte Carlo

Many numerical quadrature methods could be used for performing the integrals
in distribution ray tracing. The most general approach that can be used for evaluating
all of the different integrals is Monte Carlo integration
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Example: y = jol X2 dx

Choose 4 random values of x
between 0 and 1:
981 .097 .503 .299

y = (.9812+.097%+.503%+.299?)/4
= .329

Here is a simple example of using Monte Carlo to evaluate an integral.
In global illumination deciding how to sample the independent variable
(in this case x) is not as obvious, but the principle is the same. See the
article in the appendix on Monte Carlo methods for more detail.

(1/Qcone)f ksLsp(Bgp.@sp) dw

— Choose N directions in cone,
— Evaluate ksLsp(Bgp,@sp) for
each

— Take the average of the
evaluated terms

Here is an example of splitting up the integral for fuzzy specular reflection.
The key problem is understanding how to sample the space of directions subtended
by the solid angle in an unbiased manner.
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Distribution Ray Tracing

PLUSES:

— fuzzy reflections
— fuzzy shadows

— 1/r2 fall-off

Distribution Ray Tracing
MINUS:
— still rely on arbitrary ambient

term for the effects of many
types of interreflections.
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Monte Carlo Path Tracing

Insight: extend distribution
ray tracing to account for all
possible interreflections.

The rendering equation is an integral equation —— a Fredholm integral
equation of the second kind. The idea of integration used in
distribution ray tracing can be extended, but instead of tracing

a lot of rays from each point to evaluate the integrals, a recursive
approach is needed, because we want to estimate all radiances,
rather than using the arbitrary La term. This idea was presented in
Kajiya's 1986 paper on the rendering equation.

Monte Carlo Path Tracing

Naive approach: at each

surface, follow a random direction
to recursively estimate the
incident light, until you happen

to hit a light source.
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SOURCE

In other disciplines such as radiative heat transfer, Monte Carlo simulation is
found to follow many light paths from a source to a receiver.

Because light can travel either way (if light can reach point B from point A, it can also reach
point A starting at B), we can also find all the important paths by just reversing the

direction (swapping source and receiver). In our problem the source is the light source,

and the receiver is the eye.
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Monte Carlo Path Tracing
|

In Monte Carlo Path tracing, paths of rays are found starting with the eye.
When the first surface is hit, a random direction is chosen to estimate the
incident radiance for that surface. When the next surface is hit, another
random directionis chosen to estimate the incident radiance for that surface.
This continues until a light source is hit for which the radiance is known, and
no further integration is needed.

Monte Carlo Path Tracing

DN

N

It may take a long time to reach a light source, or many rays may never hit a source.
For enclosed spaces with large light sources though, naive Monte Carlo path tracing
can produce an image of sorts after a reasonable wait...
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Monte Carlo Path Tracing

Insight: At each point estimate
TWO not just one integral:
one over the light sources

and one over everything

else visible in the hemisphere.

To improve the convergence of the method, instead of just doing a reverse
simulation, split the integral of incident illumination into two parts By evaluating
the integral over light sources every time a surface is hit, non-zero values along
the path are evaluated much more quickly.

Monte Carlo Path Tracing

R

By estimating the light source every time, the rays aren'’t just in a single path, but
there are branches of the path to the light source from every surface hit along the

way.
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Monte Carlo Path Tracing

When does the path stop?

— arbitrary depth
— fixed threshhold
— Russian Roullette

Since light sources are hard to hit, some paths may go on indefinitely. However,
for every surface in the path there is less light accumulated, since every surface
absorrbs a little light. Paths can be terminated by limiting the depth, or ignoring
paths that can contribute no more than a particular threshhold to the current result.
An unbiased method stochastic method for terminating the paths is known as
Russian Roullette.

Monte Carlo Path Tracing

PLUS: Complete Solution to
the Rendering Equation

MINUS: Noise, unless you
have A LOT of samples.

3-15



Here are a couple of examples of the noise you get in a Monte Carlo solution.

These are computed with the shot at the light source (the noise would be worse

in a naive Monte Carlo solution. )The noise level in a Monte Carlo solution decreases
with the square root of the number of samples taken. To reduce the noise by a factor
of 2 (reducing it by any smaller factor will hardly be noticeable to your eye),

4 times as many samples are needed.

A common question is, why not just filter out the noise? The problem is differentiated
the noise and the signal. Just blurring the image to get rid of the bright spots also blurs
all of the real features in the image. In some cases, after a lot of sampling it may be able
to detect isolated areas of noise and filter them. This is from Rushmeier and Ward 1994,
and shows a caustic cast by a small blue specular surface onto the ceiling being filtered
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Backwards Ray Tracing
for finding caustics

aim from source to
specular surfaces

collect samples on diffuse surface

Caustics are a feature that are difficult to capture. With Monte Carlo path tracing,
the paths are hard to find, so take a large number of samples to hit.. An alternative
approach, originally proposed by Arvo, is to trace the rays from the light source.
Actually, this should be "forward" ray tracing, since it is how light naturally travels.
In graphics though we normally start at the eye, so this is "backwards" compared to
other ray tracing techniques.

Backwards Ray Tracing
|

=

/

In backwards ray tracing packets of light are deposited onto diffuse surfaces showing
where caustic paths end. To make a picture at the end, some method of smoothing
these point samples has to be used to make a smooth bright spot.
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The RADIANCE Algorithm

Modified Monte Carlo-type
path tracing -

— reorganizes sampling

— reuses samples

Included in comprehensive
software package

A freely available ray tracing system is Radiance, written by Greg Ward Larson.

It is a comprehensive lighting package that allows accurate , physical definition

of the scene, and incorporates the common graphics primitives such as meshes,
polygons, bump maps, texture maps. It also has many postprocessing features such

as interpolation for image based rendering, and filters for tone mapping. It can be
downloaded freely from the net, a course is being presented at SIGGRAPH 98 in

using the software, and a book (with CD—ROM) is a available to learn about the package.

PUBLICATIONS REFERRED TO IN
RAY TRACING:

Andrew Glassner, "Space subdivision for fast ray tracing" IEEE Computer
Graphics and Applications, 4(10):15-22, October 1984.

Turner Whitted, "An improved illumination model for shaded display”
Communications of the ACM, 23(6):343-349, June 1980.

Robert L. Cook and Thomas Porter and Loren Carpenter, "Distributed ray
tracing”, Computer Graphics (ACM SIGGRAPH '84 Proceedings) 18(3):
137--145.

James T. Kajiya, "The rendering equation,” Computer Graphics (ACM
SIGGRAPH 86 Proceedings),
20(4)143-150.

Holly Rushmeier and Greg Ward "Energy Preserving Non-Linear Filters"
Computer Graphics (ACM SIGGRAPH ’'94 Proceedings) pages 131-138.
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Diffuse surfaces have one radiance
(color) for all viewing directions

Radiosity e |

view independent solutions
for diffuse scenes

Rendering equation

Finite approximation

Lr(er’(pr) = -{ fr(ei’cﬂ’eri(pr) Li(eh(ﬂ) Cosei d(Jq

m E> E Diffuse rendering equation
L, = -{ @d/m Li(6;,@) cos6; doy

infinite detail 9 colors




A4

Diffuse rendering equation

L, = —( @4/ Li(6;,¢) cos6; doy

L, isjust pg times the average
radiance indicent at a point.

Diffuse rendering equation

L, = -{ ©d/m Li(6;,@) cos6; do

Diffuse rendering equation—- finite approximation

L, :f (R/m) Ly cosBy (gidA,cos8y;/Dy?)

Diffuse rendering equation

L, = —( @/ Li(6;,@) cosb; duwy

Suppose we assume that we break the
environment up into N patches and

that each patch has a single reflectance
and radiance R;and L;.

Diffuse rendering equation—- finite approximation

L :[ (R/T) L\ cosBy (GidA,cosB,5/Dy?)

Diffuse rendering equation—- finite approximation

\
L= 2 R Ly
k=1




ev

Diffuse rendering equation—- finite approximation
Li= Bi+RicyLi+ R Lo+ RyCy Ls
Lo= E5+RyCpli+RoColy +RyCap Lg

Ls3= Es+ R3Ci3Li+R3Cp3ly +RaCa3l;

1-RiC1yn —RiCy RiCa|| L4 =
RxCip 1-RyChp  —RyCsy|| Lof =

RiCiz  —R3Cp 1RsCag| La|=

1-Ric;; -Ricy;  Ricy
RxCi, 1R Cp  RiCsp

RsCiz —RiCn  1Rsc

ci IS zero——
a polygon does not illuminate itself.

1 -Ricp RiCayl|li| =
—RaCy5 1 RoCa[L2] =

—R3Ci3 —Ri3Cy3 1 ||Ls

Compute all ¢ and then solve sys tem....

BUT O(N?) storage and O(N3) computation time.
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Hierarchical methods

initial condition

Usually an adaptive hierarchy is used

For hierarchical methods, each path is multi-resolution

.Eﬁﬁ

c;j = fraction of rays that hit patch j
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Z-buffers can work too....

area distortion

must be corrected
by a weight for each
pixel. And five
screens should

be used.

Illumination textures

tiled reflectance illumination composite
texture map texture map

Displaying solutions

=

B == 4N

real constant linear

Where to go from here

Examine how solutions scale
Non-polygonal objects
Optimization of display meshes

Memory is usually the bottleneck




Current
Trends

A great deal of work has been done beyond the basics covered in this course

and continues to go on. A good way to track the progress in global illumination
research is to browse through the Proceedings of the Eurographics Rendering
Workshop that has been held annually since 1990. The Proceedings are published

as a volume by Springer—Verlag.

In this section we look at some of the areas that are still open problems, or that

are new approaches that are being considered

Radiosity Methods: Clustering

~
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For complex environments, it is not practical to consider solving the simultaneous
equations for individual surface to surface or object to object interchange. The transfer

of light between clusters of objects is a way to deal with this. Smits et al. presented a
clustering technique at SIGGRAPH 1994 for diffuse surfaces using different levels of links,
while Sillion presented a method at the Eurographics Rendering Workshop that year

that modelled clusters of objects as voluemes of particpating media. Recently Christenson
et al. presented a clustering method for glossing surfaces in ACM Transactions on

Graphics, 1997.
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Radiosity: Real Time Object

Motion
= 7

Radiosity solutions can be displayed in real time as long as the viewer only moves.

If objects move, and new radiosity solution is needed. Since Baum et al.s 1986 Visual
Computer paper on exploiting temporal coherence, many techniques have been
proposed. Most recently Forsyth et al. (ERW94), Shaw (Computer Graphics Forum 1996),
and Drettakis and Sillion (SIGGRAPH 97) have developed efficient techniques for
updating hierarchical radiosity solutions for animated scenes.

Radiosity: Meshing Techniques

Work continues to make discontinuity meshing more efficient. The problem is
to adequately discretize to capture visible discontinuities, but not to discretize for
discontinuities that will not ultimately be visible in the final image.



Particle Tracing

The basic idea of particle tracing is to do a traditional forward radiative transfer

from the light source. Like backwards ray tracing, some sort of smoothing, or

more properly signal reconstruction, has to be performed to convert the deposited
particles into a coherent image. Pattanaik presented a particle tracing technique in

his 1993 dissertation, and recently a highly refined version of the method has been
presented by Walter et al. in ACM Transactions on Graphics, 1997 An alternative
approach called "photon maps" was developed by Jensen to use particle tracing for part of
the illumination solution, and was presented at the ERW in 1996. A paper on using photon
maps for volumes is being presented here at SIGGRAPH 98.

Bidirectional Ray Tracing

It was clear for many years, that sometimes it is efficient to trace from the light, and
sometimes from the eye. The problem was to formalize this idea into robust methods
Robust bidirectional path methods were independently developed by Veach and Guibas
(SIGGRAPH 95) and LaForturne and Willems (Computer Graphics Forum, 1994).

Eric Veach has developed a method beyond this to more efficiently find important

light paths using a variation of simulated annealing known as the Metropolis

Algorithm (SIGGRAPH 97).



Tone Mapping
mapping the dynamic range

100000:1 ——>30:1

iHlumination CRT
solution

Global illumination techniques produce images with a much higher dynamic range

that can be displayed by CRT’s or prints. Mappings for going from one range to
another are discussed in more detail in the Appendix from Solution to Image.
Understanding what the mapping will be though can be used to reduce the calculations
in the illumination solution. An example of this is presented by Gibson and Hubbold,

in Computer Graphics Forum 1997.

Image Based Rendering

The idea of image based rendering is to make images from images, rather than from
explicit geometric descriptions.



pre-recorded
animation real

image-based

walk-throughs
accurate LA L
rendering

=

(geometric
detail
AND
lighting

accuracy) radiosity

walkthroughs

polgons with
hardware lighting

freedom of movement
(location,view, AND object motion)

There are a number of trade—offs between polygonal representations,
and image based representations.

Types of Image Based Representations

Range Images:
store radiance
and distance at

Light Field/
Lumigraph:
no geometry,

just radiances
as a function
of direction

each pixel

There are different types of possible image based representations
of a scene. The problem for global illumination research is, what
is the most efficient method to use for to generate a particular
representation. This question is discussed for range images

in Nimeroff et al. IEEE TVCG 1996.
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Combining Real and

Synthetic Environments

insert synthetic
object realistically

real scene

Perhaps the greatest application area for global illumination methods will be

placing synthetic objects into representations of real scenes. lllumination

has to be consistent between the real and the synthetic for the result to be believable.

In the past, the adjust ment to make the combinations look right have been done

in an ad hoc manner. Early work was done by Fournier et al (Graphics Interface 1993) combi
video captured images and radiosity solutions. With computer graphics and computer vision
becoming closer in the area of graphics input acquisition, and image based rendering, a lot
of progress will be made in this area in the next couple of years.

PROCEEDINGS OF THE EUROGRAPHICS RENDERING WORKSHOP:

Bouatouch, K. and C. Bouville, Eds. 1992. Photorealism in Computer Graphics.
Berlin, Germany: Springer—Verlag. (Proceedings of 1990 Workshop)

Brunet, P. and F. W. Jansen. Eds. 1994. Photorealistic Rendering in Computer
Graphics. Berlin, Germany: Springer—Verlag. (Proceedings of 1991 Workshop)

Cohen, M., C. Puech, and F. Sillion. Eds., 1993. Fourth EUROGRAPHICS
Workshop on Rendering, Eurographics Technical Report Series EG 93 RW.
Aire—la—Ville, Switzerland: Eurographics Association. ISSN 1017-4656.

Sakas, Shirley, Mller, Eds., Photorealistic Rendering Techniques
Springer—Verlag, Berlin, Germany. (Proceedings of 1994 Workshop.)

Hanrahan and Purgathofer, Eds., Rendering Techniques’95, Springer Wien.
1995.

Pueyo and Schroeder, Eds., Rendering Techniques’'96 Springer Wien1996.
Dorsey and Slusallek, Eds., Rendering Techniques’97 Springer Wien,1997.
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INDIVIDUAL ARTICLES REFERRED TO IN
CURRENT TRENDS:

Brian Smits and James Arvo and Donald Greenberg, A clustering algorithm for radiosity in complex}
environments Computer Graphics Proceedings, Annual Conference Series, 1994 (ACM SIGGRAPH '94
Proceedings), 435-442.

Francois Sillion, Clustering and volume scattering for hierarchical radiosity calculations,
Fifth Eurographics Workshop on Rendering, 105-117.

Per H. Christensen and Dani Lischinski and Eric J. Stollnitz and David H. Salesin, Clustering for glossy
global illumination, ACM Transactions on Graphics 16(1) 3—--33.

Daniel R. Baum and John R. Wallace and Michael F. Cohen and Donald P. Greenberg,
The back-buffer algorithm: an extension of the radiosity method to dynamic environments, The Visual
Computer, 2 (5), 298-306.\

David A. Forsyth and Chien Yang and Kim Teo, Efficient radiosity in dynamic environments,
Fifth Eurographics Workshop on Rendering, 313-323.

Erin Shaw, Hierarchical radiosity for dynamic environments, Computer Graphics Forum,
16 (2)107-118.

George Drettakis and Francios Sillion Interactive update of global illumination using a line-space
hierarchy Proceedings of SIGGRAPH 97, 57-64.

Sumanta N. Pattanaik, Computational methods for global illumination and visualisation of complex 3D
environments, Birla Institute of Technology & Science, Computer Science Department, Pilani, India,
Ph.D. thesis

Bruce Walter and Philip M. Hubbard and Peter Shirley and Donald P Greenberg. Global illumination
using local linear density estimation, ACM Transactions on Graphics 16(3) 217-259.

Henrik Wann Jensen, Global illumination using photon maps, Rendering Techniques '96 (Proceedings of
the Seventh Eurographics Workshop on Rendering), 21-30.

Eric Veach and Leonidas Guibas, Optimally combining sampling techniques for Monte Carlo rendering
SIGGRAPH 95, pp. 419-428.

Eric P. Lafortune and Yves D. Willems, Bi—directional path tracing , Proceedings of Third International
Conference on Computational Graphics and Visualization Techniques (Compugraphics '93)},
145-153.

Eric Veach and Leonidas Guibas Metropolis light transport, Proceedings of SIGGRAPH 97, pp. 65-76.

Simon Gibson and R. J. Hubbold, Perceptually driven radiosity, Computer Graphics Forum 16(2),
119-128/

Jeffry Nimeroff and Julie Dorsey and Holly Rushmeier, Implementation and analysis of an image—based
global illumination framework for animated environments, IEEE Transactions on Visualization and
Computer Graphics} 2(4) 283-298.

Alain Fournier and Atjeng S. Gunawan and Chris Romanzin, Common illumination between real and
computer generated scenes, Proceedings of Graphics Interface '93,254-262.
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Developing the Rendering Equations

Kurt Zimmerman
Indiana University

As stated, physically based rendering simulates the movement of light throughout an environ-
ment. It is important that we understand the units involved in measuring light. As we will see, it
is sometimes useful to use different units depending on the application. This also provides us with
mathematical framework for describing the rendering process.

We will assume geometric optics in our measurements. This means that we will use the particle
theory of light. We can get away with this because most visual phenomenon can be modeled with
this assumption in place, diffraction and interference being the notable exceptions. We will also
assume that the speed of light is infinite, which implies that any simulation is in a steady state. This
is usually appropriate since the time it takes light to travel in common scenes is not perceivable.

The following sections touch briefly on several important concepts, which are handled in much
detail by Glassner [3].

1 Solid Angles

Key concepts in the radiometric definitions are the ideas of solid angle and projection. When we
think of a solid angle we usually think of some object projected onto a unit sphere. This projection
is the solid angle of the object as view from the center of the sphere (Figure 1). The units for solid
angles are steradians;, which are actually unitless but are usually left in for clarity.

The relationship between a differential area on a sphere and the corresponding differential solid
angle can be described in the following way: A differential a4, on a unit sphere is equal to
its solid angled®. If dA is on a non-unit sphere, then the difference between the twori$ tmm
wherer is the radius of a sphere. In Figure 2 describes this in detail. Here we see two hemispheres.
The inside hemisphere has= 1. Sinced A has a horizontal side of lengthsin 8 d¢ and a vertical
side of length- d@ the differential area is:

dA = r%sin6 do d¢ (1)
and the differential solid angle igw = sinf df d¢

2 Projections

The relationship between the area of surface elerddnand the projection of that surface onto a
plane is:
proj, = cosf dA , (2

as shown in Figure 3.
Finally, we can consider a differential aréd’ which does not lie on a great sphere. Projecting
this onto a sphere is equivalent to projecting it onto a plane which is perpendicular to the ray running
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Figure 1: Solid Angle of an object viewed froxn

cylidrical luminaire

normal

solid angle of luminaire view point

S —- - —
- — —_——

unit hemisphere

AI-I-I-I-I-I-I-I;

Figure 2: Relationship between area and solid angle on a sphere
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dA cosd

Figure 3: Projection of a surface element onto a plane

from the center of the sphere to the centerddf. Thus from Equations 1, 3 and 2 we get the
relationship between a differential solid angle’ and an arbitrarily oriented differential arda’:

dof = — 2 (3)

wherex is the sphere center ard is the center off A’.

3 Radiometry

In general, physically based computer graphics algorithms do not chase light particles or photons
around the environment. Usually the computational quantity of flow that is measured throughout an
environment igadiant fluxor radiant powerwhich is generally denoted by the Greek letfeand
measured in Watts. Radiant power has no meaning at a particular point in an environment, therefore
we need different quantities to represent the interaction of radiant power and surfaces. The most
important of these quantities iadiance

4 Radiance

Radiance is a fundamental quantity usually associated with a light ray. The radiance leaving or
arriving at a given pointx, traveling in a given directiony, can be defined as the power per unit
projected area perpendicular to the ray per unit solid angle in the direction of the ray. Following
notation similar to the IESstandard we have:

2P (x,w
L(x,0) = "0 (x, @)

"~ dA cosOdo’ )

The lllumination Engineering Society or IES notation is the standard for illumination engineering. Notation and
definitions can be found in the ANSI/IES report [5].



Figure 4: Radiance between differential surfaces.

where® is power,dA is the differential area surrounding 6 is the angle between the ray and the
surface normal at, anddc is the differential solid angle in the direction of the Fay.

Radiance is a convenient quantity to associate with a light ray because it remains constant as it
propagates along a direction (assuming a vacuum). To see that this is true we need to look closely
at the definitions. We can reorganize the above definition in terms of radiant flux:

d®(x,w) = L(x,w) cos O0dwdA . (5)

Using the geometry of Figure 4 and assuming a vacuum, the law of conservation of energy says
that the flux leaving surface one in the direction of surface two, must arrive at surface two, more
concisely:

d®(x1,w1) = d®(x2,w2) .

Thus
L(Xl, (:)1) COS gld(,:)ldAl = L(XQ, (2)2) COS 02d(:)2dA2 . (6)

From the previous definitions we see that; = (dAs cos 02)/r? anddws = (dA; cos 6)/r?
wherer? = x; — x3, 0; = (21 - @) andf, = (ns - @). Dividing each side of Equation 6
by dA;(cos@; dAscosds)/r? we see thatl.(xy, @) = L(xz2,d2). Notice that the definition of
radiance lends itself to some confusion about the direction of flow. For this reason Arvo [1] uses
the termsurface radianceL;(x,w), to refer to light leavingx in direction® andfield radiance
Ls(x,w), to refer to light arriving ak from directionc.

Radiance is considered a fundamental quantity not only because it is convenient but because all
other radiometric and photometric quantities can be derived from it as can be seen in the appendix.

2Note that Equation 4 should be written as a second order partial derivative in th%@%“ﬁ, but we will stick
with convention.
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Figure 5: Geometry for BRDF.

5 BRDF and BTDF

Now that we have radiance to characterize the flow of light traveling between two surfaces a function
is needed to describe the reflection of light off a surface. We would expect that the reflection of light
off a surface is proportional to the light arriving at the surface. The function that describes this
proportionality is thebidirectional reflectance distribution functiasr BRDF, Figure 5

dL,(x,)
Al A~ — r 9
frix o, o) Ly (x,&") cos 0di' ’

(7)

whereL; is the field radiance and, is the reflected radiance. Note thigt is used instead of the
surface radiancé ;. The reason for this distinction will become clear in the next section. Note
also that the denominator of Equation 7 is irradiance as described in the appenghysisally
plausibleBRDF maintains two important properties:

1. The BRDF must follow thédelmholtz reciprocity principle This states that the BRDF will
be the same if the incident and reflected light is reversed. Stated,

fr(x,d)',d)) = fr(x,(f),(fjl) (8)

2. The BRDF must uphold the law of conservation of energy. Therefore the outgoing radiance
must be less than or equal to the incoming radiance. If the BRDF is integrated over the
hemisphere of reflected directions we will get the total reflectance for an incoming direction
@'. This value must be less than or equal to one:

R(x,&') = / (%, &) cos de < 1.0 . ©)
Q

Several models for BRDF are described in Glassner [3] including the most commonly used
models of Lambert and Phong, as well as more complicated models employing Fresnel equations
and the empirical models of Ward [11]. An additional model which is not covered by Glassner
but deserves mention is the modified Phong model of Lafortune and Willems [7]. Lafortune and
Willems modify the Phong model so that it obeys the Helmholtz reciprocity principle. As pointed
out by Shirley [10] it is difficult to tell whether or not it is necessary to have a physically plausible
BRDF in order to produce realistic images.
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For some surfaces that transmit light, the BRDF must be combined withidirectional trans-
mission distribution functionBTDF. This allows us to render images of glass, lamp shades and
ultra-thin metals.

6 The Rendering Equation

Previously, radiance was defined as means of expressing the light traveling between two surface. In
the previous section, the BRDF was defined as the interaction of light with a surface. These two
ideas can be combined to form an equation that describes the flow of light throughout an environ-
ment. Notice that by rewriting Equation 7 we get the following:

dLy(x, @) = fr(x,0',&)Ls(x,&") cos Ode’

This is the reflected radiance in terms of the incoming radiance from one ray and the BRDF.
The total reflected radiance at a poixt,in direction,w, combine with any emitted radianck,, to
form surface radiancd,:

Ly(x,@) = Lo(x,@) + / Fr(x, &', @)L (x, &) cos 0da | (10)
Q;

wherecos § = (n.- —@'). This is therendering equatiorn terms of directions as first introduced by
Immel et al.[4]. Sometimes it is more convenient to express Equation 10 in terms of surfaces. We
can do this by using the definition from Equation 3 to get:

cos@cosf'dA

I — x][?

Ly(x,) = Lo(x, &) + /A g(, %) o (3, @, ') L (x, &) , (11)

where||x’ — x|| is the distance fronx to x’, cos ¢’ = (7' - @'), and

(x,%') = 1 if x is visible to x’
AN 0 otherwise.

This geometry term is necessary since some surfaces might be blocked. Equation 11 is the form
similar to that of Kajiya’s landmark paper[6]. The geometry for the rendering equation can be seen
in Figure 6.

We must keep in mind that (x,&') = Ly(x',&") in Equations 11 and 10 . By replacirg
with L, we see that Equations 11 and 10 are integral equations.

A Appendix: Radiometry and Photometry

This appendix was written in an attempt to clarify the relationship between radiometry and photom-
etry. This clarification was necessary because our ray tracer associates a value of radiance with each
ray traced. However, the illumination engineering community specifies luminaires with photometric
values.

In order to use the value associated with a luminaire sample, we had to transform it into spectral
radiance. It should be noted that in the literature the terdianceusually impliesspectralradi-
ance, averaged over a band of wavelengths (such as the red, green, or blue portions of the visible
spectrum).

The first step was to understand the radiometric and photometric terminology according to
ANSI/IES (1986)[5].
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Figure 6: Geometry for the rendering equation

Important Radiometric Terms

. Radiant energy, Q. Energy traveling in electro-magnetic waves, measured in joules.

(a) Spectral radiantenergy,@, = dQ/dX, measured in joules per nanometgryles/nm.

. Radiant Flux (radiant power), ® = dQ/dt. The time rate of flow of radiant energy, mea-

sured in joules per second or wattsiV .

(a) Spectral Radiant Flux, @) = d®/d\, measured i /nm.

. Radiant flux density, d®/dA. The quotient of the radiant flux incident on or emitted by a

differential surface elememtA at a point, divided by the area of the element. The preferred
term for radiant flux density leaving a surface is exitarnde, The preferred term for radiant
flux density incident on a surface is irradiandg, Measured in watts per square meter,
W/m?.

(a) Spectral radiant flux density, d®,/(dA dX). In terms of exitance it isV/,/d\. In
terms of irradiance it i€, /d\. Measured iftV/(m? nm).

Radiant intensity, I = d®/dw. The radiant flux proceeding from a source per unit solid
angle in a given direction. Measured in watts per steradiénsr.

(a) Spectral radiant intensity, I, = dI/dX. Measured iV /(sr nm).

. Radiance,L = d?>®/[dw(dA cos 6)]. Power per unit projected area perpendicular to the ray

per unit solid angle in the direction of the ray. Measure@if(m? sr).

(a) Spectral radiance, L.
Ly = d*®/[dw(dA cos 0)d)\]. Measured iflV/(m? sr nm).
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A.2 Important Photometric Terms

Note that the symbols for radiometric and the corresponding photometric terms are the same. In
cases where the terms might be confused radiometric terms will be identified by the subandpt
photometric terms will be identified by the subscript

1. Luminous flux ®. Radiant flux evaluated in terms of a standardized visual response. Mea-
sured in lumengm.

B, = Km/ B, \V(A) dA
A

where
d, = lumens
®., = watts per nanometer
A = nanometers
V(A) = the spectral luminous efficiency
K,, = the spectral luminous efficacy in lumens per watt (V)

The above definition of luminous flux is for photopic vision &g, has the valué83 [m /W .
For scotopic visior?/ (A) is replaced by’()\) and K, is replaced byK,,,» = 1754 lm /W .

2. Luminous flux density, d®/dA This item is usually referred to as illuminanc®, if lumi-
nous flux density is incident on a surface element, and luminous exitAfhicd, luminous
flux density is leaving a surface element. Measureldriyim?

3. Luminous intensity, I = d®/dw. The luminous flux per unit solid angle in a certain direc-
tion. Measured irim /sr or candelas.

4. Luminance, L = d?®/[dw(d A cos #)]. The definition is the same as radiance. The units are
Im/(m? sr).

A.3 Deriving Everything from Radiance

All of the above definitions can be derived from spectral radiance. This is an important exercise
which will help clarify the relationship between radiance and the other radiometric and photometric
terms. In the following list, spectral radiance will be referred to as the funétiom, w, \).3

1. Spectral Radiometry

e Spectral radiant energy
Qe\ = / / Le(z,w,\) cos 0 dA dw dt
TJQ JreA
e Spectral radiant flux

P\ = / Le(z,w,\) cos 0 dA dw
QJxecA

3We define only spectral radiometry since the corresponding radiometric terms can be found by integrating the spectral
radiometric terms over the appropriate range of the light spectrum
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e Spectral radiant flux density (in terms of irradiance)
Ee ) = / Le(z,w, \) cos 0 dw
Q
e Spectral radiant intensity
Iy = / Le(z,w, ) dA
TEA
2. Photometry

e Luminous flux
B, = Km/ / Le(z, 0, )V (A) cos 0 dA dw dX
ANJQ JzeA
e Luminous flux density(in terms of illuminance)
B, — Km/ / Lo, w, NV (A) cos 0 dw dX

Ao

e Luminous intensity
I, = Km/ Le(z,w, NV (X) dA dA
A JzeA

e Luminance
L, = Km/ Le(z,w0, )V (2) dA
A

A.4 IES Luminaires and Spectral Radiance

The IES photometric data file format [8] defines the three-dimensional distribution of light emitted
by a luminaire. The distribution is defined for a point light source even though most luminaires are
clearly not point sources. The file format specifies luminous intensitidésr a set of vertical and
horizontal directions, thus allowing for non-uniform distributions. To compute spectral radiance
from this information we must make two assumptions: the distance from the luminaire to a point
on the illuminated surface satisfies the “five-times” rule, and the spectral output of the luminaire is
known. The five-times rule states that the luminaire can be modeled as a point source if distance
from the luminaire to the point on the illuminated surface is greater than five times the maximum
projected width of the luminaire as seen from the point. (In other words, the luminaire must not
exceed a subtended angle of 0.2 radians as seen from the point.) If this rule is satisfied, the error for
the predicted illuminance will be less thatl percent [2].

The five-times rule allows us to model the luminaire as a photometrically homogeneous lumi-
nous aperture. That is, any point on the luminous surface of the luminaire will exhibit the same
three-dimensional photometric distribution of luminous intensity as does the point source being
used to represent the luminaire in the IES photometric data file.

Usually the type of lamp used in the luminaire will be defined in the IES file (although different
lamps may be often be used when luminaire is installed). By maintaining a database of spectra that
correspond to particular lamp types, we can satisfy the second assumption. Spectra from a number
of generic lamp types are presented in the IES Lighting Handbook [9], while spectra for specific
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lamps are often available from the lamp manufacturers. These spectra are given in terms of watts
per nanometer, or spectral radiant fldx.(,). This allows us to derive the spectral radiant exitance
L. as follows:

The known quantities are luminous intensity = d®,/dw, spectral radiant fluxp, ) , the
maximum spectral luminous efficady,,, = 683, and the photopic luminous efficiency curvé)).
The goal is spectral radiandg ».

Based on our assumption that the luminous surface of the luminaire is photometrically homo-
geneous, we have:

dIe,/\ o Ie,)\

dAcosf  Acosf

where A is the luminous surface area of the luminaire as seen from the point on the illuminated
surface and is the mean angle between the luminous surface normal and the direction of the point.
(Remember that we are modeling the luminaire as a point source.) Therefore, we will have a solution
for L. if we can solve for the spectral radiant intensity,..

We also have:

Le,/\ = (12)

_dr, 1,

~ dAcosf  Acosf
Now it is evident that the luminanck, at the point on the surface is directly proportional to

the amount of luminous flus, received at that point. The same argument must therefore hold for

spectral radianceL, ) is directly proportional to the spectral radiant fl@x . This gives us:

Le,)\ . (I)e,/\

L,

(13)

14
L.~ o, (14)
Rearranging terms gives us:
LU (I)e A Iv (I)e A
Loy = A — ’ 15
A D, (A cos0)®, (15)
However:
B, = Ko / By \V () dA (16)
A
and so spectral radiance can be defined as:
1,
Loy = e (17)

’ (Acos0) Ky, [, Pe AV (A) dA
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Global Illumination Input

Holly E. Rushmeier

Thisis an updated version of "Radiosity Input” that appeared in the course notes for
"Making Radiosity Practical" at SGGRAPH 93

1 General Remarks

A method for computing global illumination requires as input a geometric description of
objectsin an environment and their radiative properties. Restrictionson the geometriesand
properties (e.g. polygonsonly, perfect diffuse surfaces) obviously depend on the particular
method and particular implementation of the method.

Geometry: One brief observation — an image will not appear redistic unless the
geometric description is realistic. Remarkably realistic images can be synthesized with
accurate geometry and direct illumination alone. Besides actually measuring geometries
yourself (either with a measuring stick or more sophisticated three-dimensional scanner),
typical dimensions for common architectural spaces and furniture can be obtained from
handbooks such as [40]. Some sample geometry is available for free download at the
Materials and Geometry Format website, at http://radsite.lbl.gov/. Commercial companies
such as Viewpoint Datalabs sell libraries of three dimensional models.

Also, geometry can be modelled at different levelsof detail, as discussed in [21]. At
thelargest scale are geometric representations such astriangle meshes, quadric surfacesand
NURBSs. At afiner scale are mappings such as bump maps and height fields. A method for
changing between these representations is discussed in [6]. Bump maps and height fields
can be obtained by processing scanned point clouds [23] or can be captured directly [30].

Color: Radiosity methods do not take colors as input, and they do not explicitly
calculate colors. Radiosity methods take as input spectral data for light source emission
and surface reflectanceg/transmittances at a series of wavelengths in the visible band.
Essentialy the wavelengths are chosen so that an accurate estimate of the continuous
spectral radiance distribution leaving a surface can be made. A discussion of determining
appropriate sample wavelengths can be found in [25].

Global illumination methods cal cul ate radiances for each wavelength independently.
The determination of the color associated with the cal culated spectral radiance distribution
is performed after the solution is complete, and the radiance distributions are mapped to the
display device.



2 Emission

There are two major types of light sources — artificial and natura light (i.e. daylight). For
adiscussion of selection of sources for a particular environments see [19] or [20].

2.1 Artificial Light — Electrical Fixtures

Data on artificial lighting can be obtained from lighting manufacturers. In particular,
the Ledalite Company (web site http://www.ledalite.conV) has data for their products, an
excellent series of papers on the measurement of light sources by lan Ashown ([1],[2], [3],
[4], [5]) and many other resources for computing lighting accurately.

2.2 Natural Light

The spectral distribution and luminance for natural light depends on time of day, latitude
and sky conditions (i.e. clear or over cast). Sample values can be found in the [20] or [9].
Note that different values for luminance and for the spectral distribution apply for direct
(direct lineto the sun) and indirect (from the hemisphere of the sky). Rough approximations
of relative spectral distributions would be for a clear sky a blackbody at 15000K, for an
overcast sky ablackbody at 6500 K, and for direct sunlight ablackbody at 5800K. A typical
value for the the incident light due to indirect natural light is on the order of 1000 to 5000
cd/m?. The magnitude of direct solar radiation is on the order of 1300 W/m?. integrated
over the entire electromagnetic spectrum (i.e. not weighted by luminous efficiency). A
detailed example of applying the characterics of natural light to the generation of synthetic
images can be found in [35].

Extensive work in simulating natural light using computer graphics global illumina-
tion cal culations has been down by John Mardaljevic, and he has prepared a chapter on the
topic for [37], and has a web page describing his work http: //www.iesd.dmu.ac.uk/"jnv

3 Surface Reflectance/Transmittance

The spectral/directional data required to define bidrectional reflectance/transmittance dis-
tribution functions (BRDF/BTDF) for architectural materialsis more difficult to find than
the light source data. The BRDF/BRTF depends both on the chemical composition of the
surface and on the surface condition (e.g.. perfectly smooth, rough, oxidized, etc.) Fur-
thermore, many common materials do not have spatially uniform BRDF's (i.e. consider
describing the BRDF for wood grain, or speckled formica).

A few electronic databases of BRDF data have recently become available. Oneisthe
Columbia-Utrecht data base at http://mwww.cs.columbia.edu/CAVE/curet that has measured
data for 61 real world surfaces. Because the BRDF of areal world surface such as bread
or straw varieswith position, the data base introduces the concept of abidirectional texture
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function for representing the data. A description of the data collected and its application to
computer vision can be found in [11].

Another electronic sourceis the Nonconventional Exploitation Factors Data Systems
database originally devel oped by the National Imagery and Mapping Agency. Itiscurrently
in the process of being made available by the US Nationa Institute of Standards and
Technology at http://math.nist.gov/mesd/Staff/RLi pman/brdf/nefhome.html. The database
appearstoinclude materialsand characteristicsthat would be of particular interest in defense
applications.

A database of BRDF for remote sensing from the department of geography at the Uni-
versity of Zurich islocated at www.geo.unizh.ch/"sandi/BRDF/about.html. The goniometer
used to measure this datais very large — so that it can measure the BRDF of alarge patch
of grass (for example.)

Non-electronic sources for reflectance/transmittance datainclude [36] and [8]. These
areexcellent referencesfor material swith important thermal engineering applications—data
for the chemical elements and common chemical compounds (e.g. silver iodide, silicon
nitrate, etc.) can be found. However, you won't find data for many common architectural
surfaces such as "simulated wood grained formica’. Furthermore, even for well defined
chemical compounds, full spectra BRDF data is not available. Generally spectral data
is given for normal incidence and hemispherical reflectance or for reflection in the mirror
direction for one specific angle of incidence. [32] contains spectral data (much of it in
the infrared) for similar materials. However[32] aso includes some spectral datafor some
building materials such as asphalt and brick, and plants such aslichen. Also included isthe
reflectance assorted foods such as the brown crust of baked bread (.06 at 400 and 500 nm,
.14 at 600 nm and .38 and 700 nm.)

Handbooks for different fields contain a small amount of datafor selected materials.
For example [14], aong with the spectral distributions for specular reflections for freshly
evaporated silver and gold mirrors, aso lists a spectral distribution for aripe peach (.1 at
400 and 500 nm, .41 at 600 nm and .42 at 700nm) versus a green peach (.18 at 400nm, .17
at 500 nm, .62 at 600 nm and .63 at 700 nm). Data for other fruit are not given. [33] lists
spectral reflectancefor reflectionsfrom the water surfaces, aswell as the spectral absorption
of light by sea water.

Sincefull BRDF dataisdifficult to obtain, one alternative isto calculate a physically
feasible BRDF from variouslocal modelsgiven the complex index of refraction and surface
roughness distribution (e.g. [10], [17] [27]). Complex indices of refraction can be found
in handbooks such as [14]. Some sample roughness distribution functions are discussed
in [16]. BRDF data can also be computed by casting rays at a mathematically defined
surface microstructure [39] [15]. For imperfect and weathered surfaces Dorsey et a. have
developed some techniques for representing the reflectances[12] [13].

Another alternative is to measure BRDF. This can be done (at non-trivial expense)
at acommercial laboratory. The description of less expensive measurements of BRDF for
can be found in [35] and [38]. More recently, methods for measuring BRDF have been
developed that use inexpensive video capture systems. Karner et al. describe a system for
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measuring the BRDF of flat samples [22]. Sato et al. describe a system for measuring the
BRDF for which the shape has been measured by arange finding system [31]. Devicesthat
are sold for print and monitor calibration, such as the Colortron http://www.Is.com can be
used to measure spectral, if not directional, reflectances.

For the purposes of making sometrial imageshere are some"reasonable” room values
for total (i.e. averaged over the visible spectrum) diffuse reflectances (based on information
in[20]):

e ceiling: 0.6t00.9, walls: 0.50t0 0.8, floor: 0.15t0 0.35
e furniture: 0.3 (dark wood) to 0.5 (blond wood)

Some typical values for specular materias:
e polished mirror: 0.99, polished aluminum: 0.65
For transmitting materials:

e Clear glass: 0.80t0 0.99 basically "specular”, solid opal glass: 0.15to 0.40 basically
"diffuse"

For trial purposes, acomplete set of input datafor asimple environment can be found
in[24]. A larger set of sample datafor a simple room comparison described in [29] can be
found on-line at http://radsite.lbl.gov/mgf/compare.html
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Input for Participating Media

Holly Rushmeier

Thisoriginally appeared in the S GGRAPH 95 course notes on input for global illumi-
nation solutions

1 Introduction

Images of radiatively participating media are aesthetically appealing — curls of smoke,
sunsets, fires and clouds. Generating physically accurate, rather than artistic, images
of participating media is an extremely challenging computational problem. In computer
graphics, significant effort has gone into developing computational methods to account for
attenuation and multiple scattering in participating media (e.g. [27], [4], [32],[18],[5],[24],
[3].[31], [34],[33]). While such methods are still extremely time consuming, the problemis
well understood. However, far less attention has been given into obtaining and/or modeling
appropriate input for rendering participating media. In many cases, getting realistic input
data is much more difficult than computing the light scattering. In this section we will
consider what data is needed and some possible approaches for getting it.

2 Defining The Problem

A reasonabl e place to begin is to define the problem of physically accurate rendering of
participating media. The geometry of rendering a scene containing a participating medium
isshowninFig. 1.

As in rendering any realistic scene, the image is computed by finding the radiance
(energy per unit time, solid angle and projected area) L(s) which would pass through an
image pixel to the eye. To form a fina image, a weighted average of this value must
be found across the pixel (for antialiasing) and the spectral radiance distribution must be
mapped to the gamut of the display.

Unlike the surface problem, in which it is adequate to find the radiance of the closest
visible surface, in the presence of a participating medium an integral along the line of
sight must be evaluated. Along the line of sight, four processes may occur, absorption,
out-scattering, in-scattering and emission.

2.1 Absorption



Figure 1: The geometry of rendering a scene with a participating medium. An imageis
formed by computing the radiance L(s) that reaches the eye through a pixel by integrating
along theline of sight.

L(s+ds)=L(s)-dL

other
forms
of
energy

Figure 2: Absorption in a participating medium. Some of the the incident light energy
leaves the path in another form.



L(s+ds)=L(s)-dL_,

a

light
scattered
at the same wavelength

Figure 3. Scattering out of participating medium. Some of the the incident light energy
leaves the path as light traveling in a different direction.

Figure 2 shows absorption — some fraction of the beam of light is absorbed by the
medium. The light energy does not disappear, it is converted into another form. The energy
transferred to the medium causes it to increase in temperature, or the energy is conducted
or convected away. The ability of the medium to absorb light is expressed as the absorption
coefficient o,, the fraction by which the beam of light is reduced by absorption per unit
length traveled along the line of sight.

dL(s)
ds abs

— —0uL(s) (1)

2.2 Out-Scattering

Figure 3 shows out-scattering — some fraction of the beam of light is scattered by the
medium. Thislightisabsorbed by the medium and immediately reradiated, but in directions
that are different from the original path. The ability of the medium to scatter light out of
the path is expressed as the scattering coefficient o, the fraction by which the beam light
isreduced by scattering per unit length traveled along the line of sight.

L) L o) @

dS sca

Bohren gives an example of a simple experiment that illustrates the difference between
attenuation due to absorption and attenuation due to scattering. Referring to Fig. 4, place
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SCfeen

Figure 4: An experiment described by Bohren, illustrating attenuation by absorption and
by out-scattering

two glass dishes of water on an overhead projector. Add ink to one dish, and milk to the
other. Its possible to add ink and milk at rates such that the projection through the two
dishes is the same on the screen - they have each attenuated the beam from the projector
by the same fraction. However, the dish of ink will look much darker than the dish of
milk. The ink has attenuated the beam by absorption, the milk has attenuated the beam
by scattering. Bohren’s book Clouds in a Glass of Beer[6] describes many other smple
experiments that help develop a physical understanding of the interaction of visible light
with participating media.

Because they both attenuatethe radiance of abeam of light, the absorption and scattering
coefficients are frequently combined into the extinction coefficient, o.::

Oext = Tq + O (3)

aL(s) _
22 = —ounl(s) @

The effect of scattering relative to the effect of outscattering is expressed as the single
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L(s+ds)=L(s)+dL

sca_in

light incident
at the same wavelength

Figure 5: Scattering into the participating medium. Some incident light is scattered into
the path.

scatter albedo 2 of a medium:

g
Q= °
Oy + 05 ®)
Referring back to the milk and ink experiment, the two media have similar extinction

coefficients. The milk has a high albedo relativeto theink.

2.3 In-Scattering

Scattering can also result in augmentation of the beam of light, as diagrammed in Fig. 5.
In-scattering from beams of light from other directionscan increasetheradiancealong aline
of sight. When discussing out-scattering, the directionality of scattering was unimportant —
all that mattered wasthat light left the path. For in-scattering, the directionality of scattering
is important to understand to what extent light from other directions is scattered into the
path.

The directionality of scattering is expressed by the scattering phase function P(6),
where @ is the angle between the direction of scattering and the original path, as shown in
Fig. 6. That is, forward scattering is in the direction for which ¢ is nearly zero. The phase
function is a dimensionless quantity which is equal to the ratio of the radiance scattered
in a particular direction dL(6) to the radiance that would be scattered if the medium were



0=0, forward
0=m, backward

incident
direction

Figure 6: Definition of the angle in the scattering phase function.

T e 08
0.6+
04—

02—

02—
0.4—
0.6—

e OB T T

Figure 7: Rayleigh scattering phase function (isotropic shown with very light dotted line).

isotropic (i.e. if the medium scattered equally in all 47 directions dw):

0
O T ©

Two things to note about the phase function are that:
e thevalue of P() isnot bounded

e thefunction of P(#) isnormalized:
1
= / P(8)dw = 1 @)

Scattering phase functions are shown in polar plotsin Figs. 7 and 8.
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Figure 8: Mie scattering for a525 nanometer radius sphere with index of refraction 1.5 (not
normalized.)

L(s+ds)=L(s)+dL_,,

LR H

other
forms
of
energy

Figure 9: Emission in the participating medium. Energy in aform other than visible light
enters the volume and causes the emission of visible light into the path.

The increase in radiance along a direction s then, due to scattering from a beam of
radiance L'(¢) from direction 4 to path s is M Adding up all of the contributions
fromall directionsgivestheincrease in directi on ‘sas

ds in_scat / L(6 ®)

2.4 Emission

Finally, radiance may increase in a path due to emission within avolume, as shownin
Fig. 9. If the emission is due to thermal agitation of the medium, the increase is given by
the product of the absorption coefficient and the blackbody temperature of the medium L,:

- = O'aLb (9)

The reason the absorption coefficient appears in both absorption and emission termsis
based on thermodynamics. Briefly, suppose a volume of medium at temperature 7' isin
an black (totally absorbing) environment 7. Both the volume and the environment emit
radiation at a rate governed by T'. If the volume didn’t emit radiation at temperature 7'

8-7



at the same rate it absorbed, it would spontaneously change temperature — violating the
laws of thermodynamics. This basic idea underliesthe various reciprocity relationshipsin
radiation(e.g. form factor reciprocity and reciprocity of the BRDF, see [36]).

Thermal emission is not the only type of emission that we see day to day. A notable
exception are the fluorescent gases in fluorescent light fixtures. The emission can be
expressed in the same form as Eq. 9, but the expression for obtaining L; is not the same.

Putting together the four contributionsto change in radiance along a path, the equation
of transfer in a participating mediumis:

dL(S) . O
22 = —0u(s) ~ auL(s) + caln + o / L(6)P(8)dw (10)
In terms of extinction coefficient and albedo, this can also be written:
dL(s) = —OeutL(8) 4 Texet(1 — Q) Ly + L /L((‘))P((‘))dw (11)
ds 47

Theproduct o.,:ds isadimensionlesslengthinthemedium called the optical differential
thickness. Setting the function d« equal to this dimensionless length, Eq. 11 can also be
written:

dL(s)
dk

The optical thickness «(s) (also called optical depth or opacity) of a path through the
medium isjust the integral of the optical differential thickness:

— _L(k)+ (1 — Q)L + (9/4r) / L(8)P(8)dw (12)

k(s) = /os Oegtds” (13)

The extinction coefficient expresses the effect a differential volume has on the incident
light. The optical thickness of a medium expresses the effect of the entire extent of the
medium. The optical thickness of a medium is a dimensionless length that can be used to
compare the effects of volumes of medium. For example, aglass of milk of diameter 5 cm
will attenuate a beam of light much more than the same glassfilled with cigarette smoke at
adensity typically found in arestaurant. However, avolume of milk with optical thickness
1 will attenuate abeam of light exactly as much as avolume of cigarette smoke with optical
thickness 1.

Looking at attenuation only, the radiance after traveling along a path s in a medium
fromastarting point at 0 is:

L(s) = L(0)e™ Jo 7emede’ (14)

The quantity e~ [ oeedss represents the fraction of light that emergences after traveling
through a finite extent of a medium, and is generaly referred to as the transmittance .
Note that 7 isafunction of afinite extent of amedium, it is not afunction of adifferential
volume at a point in the medium.
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2.5 Summary of the Input Needed

In addition to the input datarequired for a surface-only problem, the definition of aproblem
containing a participating medium requires the definitions of L, P(8), o, and  as
functions of position in the medium. Unlike the surface problem in which geometry
and reflectance properties are treated entirely separately, the definition of the geometry of
a participating medium and its properties are closely coupled. If o, iS given directly
as a function of location, the geometry of the medium is implied. The distribution of
the medium may also be specified by giving partial pressure, volume fraction, or the
density of the medium as a function of location. The values of o.,; are computed by
converting these quantities to densities, and using the mass coefficients of extinction (i.e.
(fraction extinction/length)/(mass density)). The spatial distribution of scattering particles
an gases may be constructed (e.g. by thoroughly mixing milk into water), but more often
in environments of interest in graphics, they are determined by complex natural processes.
For most media, the spatial modeling problemiscloser to the complexity of modeling plants
and animals than it is to the complexity of modeling achair or a desk.

We will now look into determining input for participating media — properties of and
emission from adifferential volume of medium, and the spatial distribution of participating
media

3 Propertiesand Emission for a Differential Volume

Essentially there are two types of quantities we need at a differential volume at some point
in space — the properties of the medium, o.,:,  and P(#), and the emission L,. We will
discuss propertiesfirst, and then turn to emission.

Similar to the study of surface reflectance, measured values of gas or particulate ab-
sorption and scattering propertiesmay be used directly, or analytical models may be used to
calcul ate them from more fundamental measurements of optical propertiesand microscopic
geometry. We begin with the analytical approaches.

3.1 Analytical Modelsfor Properties

Similar to approximations of reflectance at surfaces, there are two common approaches
to modeling the properties of volumetric media — geometric optics for particles that are
large relative to the wavelength of light (e.g. as used in [9] for large surface roughness
scales), and physical opticsfor smaller particles (e.g. asused in He[19] for smaller surface
roughness scales).

3.1.1 Geometric Optics

Large Specular Spheres The geometry of light intersecting alarge specular sphereis
shownin Fig. 10a. Thereflectance of a specular reflecting surface as afunction of angle of
incidence p(3) is given by the Fresnel equations. Integrating over all incident angles gives
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Figure 10: A ray striking alarge specular (a) and diffuse(b) sphere.

the hemispherical reflectance p,. Using the Fresnel reflectance, the properties for a cloud
large specular spheres, with a size distribution of N(R) spheres of radius R per unit volume,
are [36]:

o0 =pn [ TREN(R)IR (15)
62 =(1— pn) /0 " rR*N(R)dR (16)
p(oy = ALm=9)/2) (17)

Ph

The scattering and absorption coefficients depend only on the number density of the
particles (which givesthe cross sectional areaaong the path which is blocked by particles)
and the hemispherical reflectance (which determines which fraction of the light which hits
particlesis absorbed and which is scattered).

Large Diffuse SpheresThe geometry of light intersecting a large diffuse sphere is
shown in Fig. 10b. The values of o, and o, are the given by the same expressions as for
the specular case. However, the change in directional variation of the reflectance resultsin
the following the scattering phase function [36]:

P(§) = %(sim‘) — fcosb) (18)

Rainbows Geometric optics can aso be used to approximate the scattering that results
in rainbows [7]. Raindrops have diameters on the order of a millimeter, over 1000 times
the wavelength of visible light. Raindrops essentially do not absorb the visible light, and
scattering occurs as aresult of internal reflections and transmissions. In particular consider
rays that are refracted, internally reflectance and refracted again as in Fig. 11. Because
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Figure 11: Ray pathsthat result in arainbow.

of the curved surface of the raindrop, and the fact that the index of refraction of water is
greater than that of air, therays are concentrated, or acaustic isformed. Because the index
of refraction is different for different wavelengths, these concentrations are at different
positions for different wavelengths, and we see a bow of colors, rather than just a bow of
bright light. Rainbows occur when the angle of incidence ©, to the surface of the drop is
equal to:

21
cos(0;) = i 3 (19)
The angle of scatter 4 after asingle internal reflectionis:
0 =20, — 40, + (20)

Geometric optics cannot predict the correct radiance for arainbow (the geometric optics
theory breaks down, and a value of infinity is obtained). However, Eqs.19 and 20 can be
used to determine when rainbows can occur, and from which vantage points they will be
visible.

3.1.2 Physical Optics

For particles of arbitrary size, electromagnetic theory must be used to accurately develop
an analytical expression for absorption and scattering. A solution of Maxwell’s equations
needs to be found for the electric and magnetic fields inside the particle of interest, and
outside of it. The absorption coefficient, scattering coefficient and scattering phase function
can be found from this solution.

The most famous solution of the problem is for the intersection of a plane wave with
a sphere with an arbitrary radius « and complex index of refraction n + ¢k, as shown in
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plane electromagnetic homogeneous
wave sphere

Figure 12: Geometry of the Mie solutions.

Fig. 12. This solution isreferred to as the Mie scattering theory. Detailed descriptions of
the solution are givenin [7] and [39].

TheMiesolutionsaregenerally givenintermsof crosssections, C,., for scattering cross
section and C..; for extinction cross section. The scattering and extinction coefficients are
found from these cross sections by multiplying by number density NV of particles:

Os = Osca N (21)

The solution is most compactly expressed using Riccati-Bessel functions, ¢ and ¢, and
expressing the radius as a the ratio of z = ") gnd the ratio m of the indices of
refraction of the sphere to its surroundings. Note that these are both complex numbers. The
coeffiecients which appear in the series solution for the electric fields are then:

 mgpu(ma)dl(e) — (e (ma)
n = m¢n<mm>g/<m> <m> (ma) (22)

¢n(m$)§£( ) = méa(z )¢’(m$)

where the prime indicates the derivative of the function. In terms of these coefficients:

Cuea = 23 3(2m + 1)(1a3] + 18] (24
Copt = i—: i(Qn + 1)Re(an + by) (25)

1

Letting @} denote Legendre polynomials (since we have already used P() for the phase
function), for unpolarized light the scattering phase function is given by:

o2n 4+ 1 Qn(0) dQn on 4+ 1 Qn(e) dQn(6)
b, ——2 b, — n
|Z n(n+1) nsin(‘) + |Z n—l—l sin @ ta df)
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Figure 13: Common particle shapes that are not modeled well by Mie theory.
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The Mie results are stated in this short form here not as a guide to computation, but to
show that the solutioniscompl etely known, and that sol utions can be obtai ned by computing
enough terms in the infinite series — which are convergent. Code is available from many
places to compute the Mie results, such as in the appendix to Bohren. Figure 8 shows
results computed with this code.

Just having a code to compute Mie scattering doesn’t solve the input problem. The
complex index of refraction of the mediabeing modeled isrequired, asisasize distribution
of the particles in the medium. Furthermore, although it is quite a detailed solution, it
does require the assumption of spherical particles. Thisis probably a good assumption for
atmospheric clouds composed of water droplets. Water has a complex index of refraction
of 1.33 +:1078. Reference ([30], p. 187) gives values for the size and number density
of droplets, with radii of 4 ym and number densities of 300 per cm =3 being typical for
atmospheric clouds composed of liquid water droplets (as opposed to clouds composed of
ice crystals).

Frequently, input for Mie calculations is not given directly, but must be extracted from
reports. For example, a special issue of The Journal of Geophysical Research had severa
papers recording measurements of the smoke plumes from the Kuwaiti ail fires, eg. [13],
[21]. Overall black plumeswere found to be composed of elemental carbon particles, with
atypical diameter of 0.5um and density of 1000 £93*. This must be coupled with the
information that elemental carbon has a complex index of refraction of 1.59 + .66:, and
the mass density of solid carbon is 2¢g/cm?®. White smokes were found to be composed
primarily of salts, with particles of 0.2 um diameter and density of 1000 293, This must
be coupled with a typical complex index of refraction of sat of 1.5 + 0: and mass density
of solid salt of 2.2g/cm?®.

Mie theory doesn’'t give good results for some particles of interest in rendering, such as
those shown in Fig. 13. Clouds composed of ice crystals are not well modeled with Mie
theory [30]. Dobbins et a. [10] show that for irregularly shaped soot agglomerates, Mie
scattering theory givesresults for cross sections that can err by as much as a factor of two.

A special case of Mie scattering theory isscattering from very small particles, generally
known as Rayleigh scattering. For this case the series expansion for the scattering cross
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section of particlesis:

8rD? wD 4 (n—l—ik)2 -1,
Con = 3 (S iz 52 7
and the scattering phase functioniis:
P(§) = Z(l + cos®0) (28)

Cigarette smoke consists of particles with diameters less than 0.1 um, and can be
modeled as Rayleigh scatterers. Number densities of particulatesin a room with a couple
of smoldering cigarettes is on the order of 50,000 cm =2 [29]. Since the scattering cross
section is proportional to A1—4 much more light is scattered at short wavelengths (the blue
end of the visible spectrum) than at longer wavelengths. As a result, scattered light from
cigarette smoke generally looks bluish.

Molecular scattering has the same phase function. However, rather than modeling a
molecule as a particle with diameter D, the scattering cross section is given by [30],p. 166:

2

8 3n2 -1
Csea = 1.06§7r SXNTE (29)
where index of refraction is approximated by:
2 2
(n —1)10® = 6430 + 550,000 25,599 (30)

146 — A=2 41— A2

(A in microns.)
A typical valuefor thenumber density of moleculesintheatmosphere N is2.55x10*¢m 3.
The attenuation coefficient for molecular scattering becomes significant only over dis-
tances of kilometers. Inthe atmosphere, the ;¢ dependencein Eq. 29 isapparent in theblue
color of the sky.

3.2 Measured Properties

Because measuring the shape, sizedistribution and optical propertiesof particlesof common
participating media can be extremely difficult, it is often easier to rely on measured values
for scattering and absorption coefficients.

For example[17] describesaworkshop on measuring theinteraction of light with aerosol
particles. Measurements of absorption coefficients, mass of particles per unit volume of
air, and albedo are given for various test cases using soot, methylene blue, salt and Arizona
road dust. For example the samples of Arizona road dust had typical values of about 7 x
10~ m~! for absorption coefficient, and 0.7 for albedo.

To describe measured scattering distributions, fitting Mie parameters would be very
tedious. Instead the Heyney-Greenstein functionis generally used:

1 — g2
(1+¢2— 290039)%

Prg(0,9) = (31)
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The parameter ¢ indicates the asymmetry of the distribution. Reference [30] gives
typical values of 0., {2 and g for cirrus clouds composed of ice crystals. For example, for
cirrus uncinus, these values are 2.61 km =1, .9999, and 0.84 respectively.

3.3 Emission

Emission from volumetric mediais generally rarer in rendering problems than absorption
and scattering. One of the most prominent examples of emission is flames. Most visible
light from flames comes from emission dueto thermal agitationfrom soot. The*blackbody”
radiance is given by Planck’s equation:

B 204
A(exp(5E) — 1)

where (' is approximately 0.59544x10~1% Wm?2, and C; is 14,388 umK.

A featureof the Planck distributionisthat the product of thewavel ength of peak emission
and the temperature, \,,.. 7" is aconstant. Thisis known as Wien's displacement law. It
meansthat the higher the temperaturethelower the peak wavelength. For low temperatures,
like room temperature, \,,.... isinthelong, infrared wavelengths. The spectrum of sunlight
is approximately the same as a blackbody at 5600 K, with a peak around bluein thevisible
spectrum.

Obvioudly, the temperatures in fires differ. A typical pool fire temperature is on the
order of 1000 K. In this temperature range the flame will tend to look orange or yellow.

Other types of particles may aso have emission due to thermal agitation. Siegel
and Howell [36] cite an example in rocket design in which aluminum oxide particles are
introduced into exhaust, and contribute to the luminosity of the plume.

Generally other colorsin common flames — the blue color of a methane flame — do not
come from thermal emission, but from electron transitions.

Ly

(32)

4 Spatial Distribution of Absorbing/Scattering Media

Similar to properties and emission, the spatial distribution of a medium can be computed
from amodel, or can be obtained from measurements.

4.1 Fluid Mechanics

In general, the distribution of participating media can be modeled analytically using the
principles of fluid mechanics. Thereis neither space nor time to discuss particular methods
for solving problemsin fluid mechanics, and in this section we simply present some basic
ideas and vocabulary for understanding literature in this area.

A fluid is any substance that moves continuously under a shear stress. Both gases and
liquidsarefluids. A fluidissaid to be Newtonian if thisshear stressislinearly proportional
to the velocity gradient in the medium. The constant of proportionality isthe viscosity. The

8-15



.
&

Figure 14: Laminar (a) and turbulent (b) flow over a sphere.

viscosity indicates how thick the fluid is — in the sense that maple syrup is much thicker
than water.

The motion of afluid is governed by the equations of conservation of mass and energy
and the Navier-Stokeseguations. The conservation of massequationisfrequently referredto
asthecontinuity equation. The Navier-Stokes equati onsexpress conservation of momentum
in the fluid. Derivations of these non-linear differential equations can be found in any
standard fluid mechanics or hesat transfer undergraduate textbook (e.g. [14], [23]), or in
more advanced texts such as[26] and [1]. Full solutions of the Navier-Stokes and mass and
energy equations are rarely required for practical problems. For example some problems
are isothermal, so the energy equation is not needed. In some problems viscous forces are
very small compared to inertial forces, so inviscid equations can be used. When viscous
forcesare high relative to inertial forces, creep flow equations can be used.

Generally the fluids literature refers to two regimes of flow — laminar and turbulent,
diagrammed in Fig. 14. Laminar flow is orderly and layered, while turbulent flow is
characterized by rapid fluctuations.Many flows of interest in rendering — such as the smoke
plume from alarge fire — are turbulent.

Flows are characterized by the Reynolds number, Re, which guantifies the importance
of inertial to viscous forces. Reis defined as %L where p isthe mass density, v is velocity
L is a characteristic length of the flow and 4 is the viscosity. The characteristic length
is measured differently for different types of flows, as shown in Fig. 15. The transition
from laminar to turbulent flow occurs at a critical value of Re. In flows below this value,
perturbations are damped out before the flow becomes unstable. In flows with Re larger
than the critical value,the perturbations grow. The Re number for which the transition
occurs depends on the particular flow geometry — it takes on much different values for
pipe flows than for flows over aflat plate. Futhermore, the Re for transition is not a sharp
cut off — transitions are experimentally observed over a range of numbers. Because of
the complicated nature of the Navier-Stokes equations, critical values of Re have not been
derived analytically.



Figure 15: Definition of characteristic lengths for the Reynold’s number for different types
of flow.

Turbulence is the result of perturbations introduced into the flow when the Reynold’s
number is high enough — such as irregularities caused by surface roughness in a pipe.
Generally pipe flow becomes turbulent at about Re equal to 2000, but when conditions are
carefully controlled, laminar flow has been observed at Re up to 40,000 [35]. Infact thereis
no known upper limit to the Re at which laminar flow could be observed, if no perturbations
were introduced to the flow.

Interesting laminar flows can be computed by direct solution of the Navier-Stokes
equations. Mathematically, there are two ways that a flow can be characterized. One way,
referred to as the Lagrangian method, is to follow fluid particles through time. The other
way, the Eulerian method, is to solve for the velocity at each point in space as a function
of time. Generally, a solution for the main fluid (typically water or air) is computed with
the Eulerian approach. A grid with velocities as a function of time is computed. The
distribution of particulates (e.g. water droplets, soot, dust) which scatter and absorb light
can then be found by following them as Lagrangian particlesin this flow field.

In principle, solutionsfor turbulent flow, like laminar flow, could be computed by direct
numerical solution of the Navier-Stokes equations. The problem is that the non-linearity
of the equations requires that the numerical grid be capable of capturing the fluid flow at a
extremely wide range of length scales, to capture both the large scales of the flow (e.g. the
entire length of the fluid being studied) to the small scales at which fluctuations are finally
damped out by viscous dissipation. The range of length scales required grows with Re.
Reference [28] gives the example of a small wind tunnel problem, where the length scale
ranges from 50 mm for the size of the tunnel to 0.1 mm for the dissipation length scales.
A solution would be needed at (50/.1)* or approximately 10® points. For atmospheric
phenomenon, solutions would be required on grids of on the order of 10%° points.

One alternative to direct numerical smulation isreferred to as Large Eddy Simulations
(LES)[2]. In this case an additional model is introduced to account for the effects of
turbulence at subgrid length scales. The results of an LES calculation is show in Fig. 16.
The use of subgrid models is limited, because the non-linearity of the fluid equations
prevents a complete decoupling of the various length scales. This approach is only useful
for the range of flows for which the additional model of subgrid turbulence has been
validated.
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Figure 16: Anisosurface of the mass density distribution for smoke plume computed with
aLarge Eddy Simulation.

Figure 17: Baseline battlefield plume definition used by Hoock. The centerlineis defined
with the height equal to downwind direction raised to a power. The concentration in the
plumeisaGaussian of distance from the centerline.

Because of the length scale problem in computing direct solutions, alternative ap-
proaches have been developed for modeling turbulence. In particular, statistical methods
and dimensional arguments have been used [38]. For example a flow can be viewed as
being composed of eddies of various lengths — ranging from a characteristic length in the
problem, to the length scale of viscous dissipation. One model isthat energy istransferred
from the largest scale eddies to the smallest, without loss. This process is referred to as
“the energy cascade.” Using statistical arguments for the special case of homogeneous
turbulence, the energy of eddies in this cascade scale according to the wavenumber of the
eddy raised to a power. This power law can be used to determine a realistic spectrum of
gpatial and temporal variations to simulate homogeneous turbulence.

A complete example of successfully using the energy cascade approach is given by
Hoock [20] to a Gaussian plume which has an overall shape (centerline and width) shown
inFig. 17. The basic plume centerlineis model ed with the plume height equal to downwind
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distance raised to a power —with the coefficient and power based on experimental observa-
tionsof variousplumes. The basic centerlineisthen perturbed according to amodel of wind
conditions. The basic particulate concentration of the plumeis a Gaussian distribution from
the centerline. The width of the distribution increases along the centerline, and depends
on an estimated rate of entrainment of ambient fluid into the plume. The base distribution
is then perturbed by sinosoidal fluctuations in concentration. These fluctuations simulate
turbulent eddies of various length scales. The amplitude of these fluctuationsis inversely
related to their spatial frequency to emulate the observed “energy cascade” in turbulent
flows.

In computer graphics, Stam and Fiume [37] have applied the approach of using a power
law relationship between energy and length scales to compute realistic looking particul ate
distributions.

Of course, asin the case of electromagnetic solutions for scattering, being ableto solve
a fluid mechanics problem doesn’'t solve the input problem for participating media. If a
fluids model isto be used, the appropriate input for that computation has to be found —i.e.
initial and boundary conditions for the the velocities and pressuresin the field.

4.2 Measured Density Distributions

Because of the difficultiesin finding solutions for the fluid flows that frequently of interest
in rendering, an aternative is to use measured distributions. As illustrated in the case of
battle field plumes, experimental data can be found to model at least the overall spatia
distribution of the participating media.

Numerous studiesin thefire science literature are available giving the mass distribution
of smoke particles as crude (i.e. not well spatially resolved) functions of height and time
[8], or the optical thicknessin an enclosure as a function of height and time [11].

Liou [30] gives datafor overal size distribution for atmospheric clouds, aswell as data
for the number density and composition droplet/crystal in the cloud. For example the size
distribution of cumulus clouds per km? surface area observed from satellite photographsis
given. Thistype of bulk data coupled with mathematical functions which mimic observed
cloud shape, as presented by Gardner [15], could be used to rendering physically realistic
clouds.

Thereisno one combined source for dataon spatial distributionsof participating media.
However, both particle characteristics and spatial distributionsfor particular types of flows
can be assembled for a particular problem from data presented in journals such as the The
Journal of Geophysical Research(e.g. [13]), Atmospheric Environment (e.g. [40]), and
Journal of Aerosol Science (e.g. [29]).

4.3 Fire

The complexity of computing the spatial distribution of emitting, absorbing and scattering
mediaiscompoundedinthe case of fires. Not only are most firesturbul ent, but the chemistry
of the combustion process must be included in any type of physical simulation.

8-19



' ()

Figure 18: The LOWTRAN codeistypically used to compute the effect of the atmosphere
on individual, kilometerslong, lines of sight.

To an even greater extent, input for accurate models of fires needs to be obtained from
observations and measurement. In computer graphics, this approach has been used by
Inagake [22], using descriptions of flame structure from Gaydon and Wolfard [16], and
Faraday [12].

5 Existing Codes—LOWTRAN

Because attenuation and scattering through the atmosphereis so important in remote sensing
applications, there is an extensive body of literature on thistopic. For computation, many
of the modelsfor the transport of radiation have been included in the program LOWTRAN
[25]. LOWTRAN is one of the most-used large scale scientific programs, and is cited
widely in the remote sensing literature. Typical, kilometerslong, lines of sight for which
LOWTRAN is used to compute transmittance and radiance through the atmosphere are
shown in Fig. 18.

LOWTRAN was developed over decades at the Air Force Geophysics Laboratory
(AFGL) to include a wide range of phenomena. A variety of model atmospheres can be
selected, e.g. tropical, subartic summer, etc. Many different types of aerosols can be
included such as fog, volcanic dust and typical desert aerosols. Clouds of different types
can be specified. Different models for rain can be used. The various models used for
the properties of various atmospheric components are detailed in along series of technical
reportsfrom AFGL.

The name “LOWTRAN” comes from the relatively low spectral sampling for many
atmospheric applications. The samplingisat 5cm =1, whichisalow rate at the far infrared
(wavenumber 20 cm~! at A of 500 xm). In the visible range (wave numbers on the order
of 20,000 cm™1), it isarelatively high sampling rate for graphics researchers accustomed
to sampling 3 wavelengths.

LOWTRAN covers many phenomenaand wavel engths (into the ultraviol et and out into
the infrared) which are not of interest in visible image synthesis. And, as a FORTRAN
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program which has evolved over many years, the code itself is unwieldy to work with.
However, for building a renderer for atmospheric effects, the LOWTRAN documentation
isagood starting point for understanding theimportant effectsto model, andthe LOWTRAN
code could be used to check the accuracy of line intergration of avisible image renderer.

6 Summary

For most problems of interest in rendering, it is essentially impossible to obtain completely
accurate input data for the properties, emission and spatial distribution of participating
media. While there are detailed analytical solutions, such as the Mie scattering theory,
for some aspects of the problem, these solutions require restrictive assumptions and input
data that may also be difficult to obtain. Obtaining a physically accurate set of input data
requires using a mix of analysis and measured data that are appropriate for the particular
rendering problem at hand.

In theintroduction to A First Course in Turbulence[38], Tennekes and Lumley write:

“Inturbulencethe equationsdo not givethe entire story. One must bewilling to use (and
capable of using) smple physical concepts based on experience to bridge the gap between
the equations and the actual flows. We do not want to imply that the equations are of little
use; we merely want to make it unmistakably clear that turbulence needs spirited inventors
just as badly as dedicated analysts.”

Similarly, for the entire problem of modeling input for participating media, invention
based on the simple physical conceptsis required aswell as detailed mathematical analysis.
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1 Introduction

Monte Carlo methods refer to any method that uses averages of random computations to get an
approximate answer to a problem. In computer graphics Monte Carlo techniques can be used to
perform radiosity calculations and can be used in distribution ray tracing for effects such as soft
shadows and motion blur. These notes serve as an introduction to the tools of Monte Carlo, but a
broader treatment on Monte Carlo methods for rendering can be found in Glassner’s recent two-
volume book [14].

In these notes | will cover the basics of bdflonte Carlo simulationwhere a physical system is
modeled Monte Carlo integrationwhere random numbers are used to approximate integrals, and
Quasi-Monte Carlo integratianwhere non-random numbers are used. This discussion will cover
the general techniques, and will use global illumination problems as examples.

One appeal of using Monte Carlo methods is that they are easy to design and use. However, it is
not so easy to designgnodMonte Carlo method, where the computation can be completed to the
desired accuracy relatively quickly. Here both cleverness and some analytic skills are required. For-
tunately, the analytic skills are fairly narrow in scope, so many of them can be covered in this short
tutorial. A more formal discussion of Monte Carlo simulation can be found in the neutron trans-
port literature (e.g. [53]) and an extremely current survey of Monte Carlo integration for practical
applications can be found in the survey article by Spanier and Maize [54].

2 Background and Terminology

Before getting to the specifics of Monte Carlo techniques, we need several definitions, the most
important of which areontinuous random variab)erobability density functionexpected value
andvariance This section is meant as a review, and those unfamiliar with these terms should
consult an elementary probability theory book (particularly the sections on continuous, rather than
discrete, random variables).

Loosely speaking, eontinuous random variable is a scalar or vector quantity that ‘randomly’
takes on some value from a continuous spécand the behavior af is entirely described by the
distribution of values it takes. This distribution of values can be quantitatively described by the
probability density functionp, associated with: (the relationship is denoted ~ p). If z ranges
over a space, then the probability that will take on a value in some regiaf} C S is given by
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the integral:

Prob(z € S;) = / p(x)dy (p: S — RY. 1)
Here Prob(evenj is the probability thaeventis true, so the integral is the probability thatakes

on a value in the regiol§;. The measurg is the measure on our probability space. In grapBics

is often an areadjy = dA = dzdy), or a set of directions (points on a unit sphetle: = dw =

sin 8dfd¢p). Loosely speaking, the probability density function describes the relative likelihood of
a random variable taking a certain valuep(f:;) = 6.0 andp(z2) = 3.0, then a random variable
with densityp is twice as likely to have a value “nea#; than it it to have a value near,. The
densityp has two characteristics:

p(xz) > 0 (Probability is nonnegative) 2

/Sp(w)du —1 (Probg € 5)=1). 3)

As an example, theanonicalrandom variabl€ takes on values between zero (inclusive) and one
(non-inclusive) with uniform probability (hereniform simply means each value fdris equally
likely). This implies that:

1 ifo<e<t

0 otherwise

f(£)={

The space over which is defined is simply the intervd0, 1). The probability that takes on a
value in a certain intervak, b] € [0,1) is:

b
Prob(aﬁfgb):/ lde =b—a.
a

As an example, a two dimensional random variable a uniformly distributed random variable
on a disk of radius?. Hereuniformly means uniform with respect to area, e.g., the way a bad dart
player’s hits would be distributed on a dart board. Since it is uniform, we knowthatis some
constant. From Equation 3, and the fact that area is the appropriate measure, we can deduce that
p(a) = 1/(wR?). This means that the probability thatis in a certain subsef; of the disk is just:

Prob(a € S1) = / !

——dA.
s, TR?

This is all very abstract. To actually use this information we need the integral in a form we can
evaluate. Supposg; is the portion of the disk closer to the center than the perimeter. If we convert
to polar coordinates, themis represented as(a, #) pair, andS; is wherer < R/2. Note that just
becausev is uniform does not imply thatheta or r are necessarily uniform (in fadtheta is, and

r is not unifrom). The differential aredA becomes: dr df. This leads to:

R g1
P = - — 0.25.
rob(r < 2) /0 /0 7TRQrolrolH 0.25

The average value that a real functigrof a one dimensional random variable will take on is
called itsexpected valueZ(f(z)):

B(f@) = [ f@p()dn.
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The expected value of a one dimensional random variable can be calculated by féitjng x.
The expected value has a surprising and useful property: the expected value of the sum of two
random variables is the sum of the expected values of those variables:

E(z +y) = E(z) + E(y),

for random variables andy. Since functions of random variables are themselves random variables,
this linearity of expectation applies to them as well:

E(f(z) +9(y) = E(f(z)) + E(g(y))-

An obvious question is whether this property hold if the random variables being summed are cor-
related (variables that are not correlated are calieleépedent This linearity property in fact does

hold whether or nothe variables are independent! Since the sum of two random variables is itself a
random variable, this principle generalizes. As an example of expectation, consider random points
on the disk of radiug. What is the expected distanedérom the center of the disk of radiug?

2w rR 1 2R
E(r) —/0 /0 (mr> rdrdf = 5

Thevariance var(z), of a one dimensional random variable is the expected value of the square
of the difference betweenand E(x):

var(z) = E([z — E(x)]?).
Some algebraic manipulation can give the non-obvious expression:
var(z) == B(z?) — [B(x)].

The expressior([z — E(z)]*) is more useful for thinking intuitively about variance, while the
algebraically equivalent expressidi{z2) — [E(z)]? is usually convenient for calculations. The
variance of a sum of random variables is the sum of the variahtes variables are independent
This summation property of variance is one of the reasons it is frequently used in analysis of prob-
abilistic models. The square root of the variance is calledstardard deviationo, which gives
some indication of expected absolute deviation from the expected value.

Many problems involve sums of independent random variabjesvhere the variables share
a common densityf. Such variables are said to loelependent identically distributecandom
variables. When the sum is divided by the number of variables, we get an estiniate)of

| N
i=1

As N increases, the variance of this estimate decreases. Wen@aie large enough that we have
confidence that the estimate is “close enough”. However, there are no sure things in Monte Carlo;
we just gain statistical confidence that our estimate is good. To be sure, we would have to have
n = oo. This confidence is expressed bgw of Large Numbers

) 1
Prob |E(z) = lim N;xl =1



3 Monte Carlo Simulation

For some physical processes, we have statistical models of behavior at a microscopic level from
which we attempt to derive an analytic model of macroscopic behavior. For example, we often think
of a luminaire (a light emitting object) as emitting a very large number of random photons (really
pseudo-photons that obey geometric, rather than physical, optics) with certain probability density
functions controlling the wavelength and direction of the photons. From this a physicist might use
statistics to derive an analytic model to predict how the luminaire distributes its energy in terms of
the directional properties of the probability density functions. However, if we are not interested in
forming a general model, but instead want to know about the behavior of a particular luminaire in
a particular environment, we can just numerically simulate the behavior of the luminaire. To do
this we computationally “emit” photons from the luminaire and keep track of where the photons
go. This simple method is from a family of techniques caléohte Carlo Simulatiorand can be a

very easy, though often slow, way to numerically solve physics problems. In this section simulation
techniques are discussed, and methods for improving their efficiency are presented.

The first thing that you might try in generating a highly realistic image is to actually track
simulated photons until they hit some computational camera plane or were absorbed. This would
be very inefficient, but would certainly produce a correct image, although not necessarily while you
were alive. In practice, very few Monte Carlo simulations model the full physical process. Instead,
an analogprocess is found that is easier to simulate, but retains alinipertantbehavior of the
original physical process. One of the difficult parts of finding an analog process is deciding what
effects are important.

An analog process that is almost always employed in graphics is to replace photons with set
wavelengths with power carrying beams that have values across the entire spectrum. If photons are
retained as an aspect of the model, then an obvious analog process is one where photons whose
wavelengths are outside of the region of spectral sensitivity of the film do not exist.

Several researchers (e.g. [3]) have used Monte Carlo simulation of a simple analog of optics,
where only Lambertian and specular surfaces are used. A lambertian surface is one with several
simple properties. First, its radiance at any wavelength does not vary with viewing angle. Second,
this radiance varies linearly according to the total incident power per unit area and the reflectance
of the surface. Quantitatively this can be written:

Pd (>\) (I)incoming (>\)
TA

where L() is the spectral radiance at wavelengthp,()) is the reflectance of the surface gt
Pincoming (M) is the incident power per unit wavelength)gtand A is the area of the surface being
illuminated. What makes the Lambertian surface attractive is that if we can figure out how much
light is hitting it (irrespective of where the light comes from), then we know its radiance for all
viewing directions. Note thai, is the reflectance, not the BRDF, of the surface. The BRDF is a
constant function with valug, /.

As an example of an analog process, ithemination ray tracingof Arvo [3] assumed photons
traveled as bundles with a spectral distribution. He further assumed that these bundles were attenu-
ated when reflecting from a specular surface. Like almost all graphics programs, his also assumed
that the optical properties of the scene were constant within the time interval the picture represented,
and that this time interval was very large relative to the speed it takes light to travel any distances in
the scene. This last assumption, usually taken for granted, makes it possible to treat light as moving
instantaneously within our programs. Finally, Arvo assumed that diffuse surfaces can be broken

L) = @
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into zones whose radiances are described by the power incident to them (i.e. they obey Equation 4
and are constant within a small neigborhood defined by the illumination pixel).

These assumptions allowed Arvo to trace power-carrying rays and mark each zone with the
accumulated power. Once the simulation was over, the radiance of each zone could be calculated
using Equation 4. Although we often think of this as being a brute force physical simulation, it is
important to remember that this is really the simulation of an analog process where all wavelengths
follow the same paths, and time dependent behavior can be ignored.

The trickiest part of implementing Arvo’s simulation method is tracking the power through the
environment. A natural choice for tracking the power is to use ray tracing. However, it is not so
obvious how many rays to send, or where to send them. This question has been examined in a
fairly sophisticated way in [19], but even for a simple implementation the answer is non-obvious.
The number of rays that must be sent is “enough”. This depends on how much noise is acceptable
in an image, and how small the zones are. In [47] it is argued that the number of rays should
be linearly proportional to the number of zones, so doubling the number of zones implies that the
number of rays should also be doubled. A visual example of this argument is shown in Figure 1
where an environment with four times as many zones seems to require four times as many rays for
the same level of accuracy as the environment with fewer Z2orfése other detail, where the rays
should be sent, is easier. The rays should be generated randomly with the same distribution as the
emitted power of the luminaire. Generating rays sets with such directional distributions is discussed
in Appendix A. The rays should also be sent from points distributed on the surface of the luminaire.
To do this, first choose a random point on the luminaire surface, and then choose a random direction
based on the surface normal at that point.

Arvo’'s method can be extended to a radiosity [15] method by letting the Lambertian zones
interreflect light [33, 1, 2, 44]. This is really just a ray tracing variant of the progressive refinement
radiosity method [8]. In this method, reflectangg () and emitted powerd, ;) of thesth zone are
known, and the reflected powe®(;) (®,; = Pincoming,i) IS unknown. If we solve fo, ;, then
we can find®;, the total power coming from thgh patch.

Once the total power of each patch is found, it can be converted to radiance using Equation 4.
These radiance values can then be interpolated to form a smooth appearance [9].

We first set our estimate @b; to be ®.; for all . For each surfacé that has non-zer@. ;,
we can shoot a set of; energy packets each carrying a powerdgf/n;. When a packet with
power® hits a surfacg, we can adgy ;® for our estimate ofb;, and reflect a new energy packet
with powerp, ;®. This energy packet will bounce around the environment until it is depleted to a
point where truncation is used. This basic energy packet tracing technique has been used in Heat
Transfer [21, 13, 56], lllumination Engineering [55], and Physics [53, 23].

This method, which | calfeflection simulatior(see Figure 2), is problematic in that each re-
flection is followed by a ray intersection test to find the next surface hit. The later reflections will
carry a relatively small amount of power, so tracing these later rays is somewhat wasteful in the
sense that we have bad ‘load-balancing’. some rays do more work than others. One solution to this
problem is to use “Russian roulette” and keep all particles with the same power by probabilistically
absorbing them according to the albedo of the surface [5, 37]. Another solution to this problem of
low energy particles is to replace the reflection model with an analog model where light is absorbed
and immediately reemitted (after attenuation by the reflectance) (see Figure 3). A scene where light

1The number of rays sent can be thought of as the number of photons tracked in a certain time interval. The number
of rays will be proportional to the time a “shutter” is open. Once the “exposure” is long enough, the noise will not be
objectionable.
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512 zones

128 zones

160k rays 40k rays 10k rays

640k rays

Figure 1: Noise reduction as the number of energy bundles increases. Note that the number of
bundles needed is approximately inversely related to the surface area of each zone.



reflectance = 1/2 |77 ..............

reflectance = 2/3_~

Figure 2: Reflection Simulation. The patch on the floor is a luminaire and emits a “photon” with
12 watts of power. Each reflection damps some of the power and scatters the photon according to
a diffuse (cosine) distribution. On the right is the reflected power from each patch after the photon
leaves the environment. The emitted power is also stored for each patch but is not shown.

is absorbed and reemitted in this way looks similar to a scene where light is reflected, so solving
for the transport in either model will hopefully yield a similar solution. The difference is that now
light may strike one side of a zone and later be reemited on the other side of the zone. This can
give rise to objectional artifacts if the zone is partially in a dark area and partially in a light area
(e.g. goes under a door between the outside and a dark room). To solve for this absorb and reemit
model, we can again send power in bundles from light sources. When a bundle carryingdpower
hits a surfacg, the absorbed power that will later be reemitted by surfacan be scaled by, ;.

After each light source emits its power, reflective surfaces can, in turn, emit their absorbed power.
The efficiency of this method is best if surfaces with the greatest amount of power send their power
first.

The reason that we have the freedom to let the zones emit in any order we choose is that our
analog has lost its time dependence. We are lucky the speed of light is so fast! There are two points
which are crucial to the implementation of this progressive refinement method. The first is that
the number of rays emitted from a certain zone is proportional to the power being emitted in that
iteration (each ray carries approximately the same amount of power). The other is that, unlike in
[8], the zone with the most power is not searched for, or the time complexity of the method wiill
increase fromO(N log N) to O(N?), whereN is the number of zones [47]. This problem can be
avoided if a heap or similar structure is used to make the search for maxinglig V) rather than
O(N). A more detailed discussion of the implementation of Monte Carlo radiosity can be found in
[46].

Recently, Neumann et al. have compared various Monte Carlo strategies for radiosity on prede-
fined meshes [36]. Interestingly, the straightforward particle tracing with Russian roulette converges
faster inm their tests than “absorb and reemit”, and that “absorb and reemit” can be improved by
viewing it in a linear algebra context.

The biggest problem with these Monte Carlo radiosity methods is that small zones will be
undersampled and will have large errors, or enough rays will be sent that the large area zones

2Thanks to Dani Lischinski for pointing this out. Earlier versions of this document said that absorb and reemit was
asymptotically equivalent to the photon tracking model.
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Figure 3: Absorb and reemit. The patch on the floor has 36 units of power that it has not distributed.
Each patch has two numbers, the total reflected power (left of pair), and the power that still needs
to be sent (right of pair).
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Radiosity Gather from Final (corrected)
Solution solution for small solution
area zones

Figure 4: Zones with small areas have their radiance recalculated more accurately in a postprocess.
The arrows indicate the direction of rays sent into the environment to find energy sources and thus
flow against the direction of light transport.

are oversampled. This is only a problem in scenes with a large range of zone areas, but this is not
uncommon. One way to get around this problem (that | have not yet tried) is to do a “gather” on
small zones in the scene after the first radiosity solution is done. The radiance of the zone is simply
its reflectance times the average radiance “seen” by the gather rays provided they are sentin a cosine
distribution. This idea is illustrated in Figure 4.

This simple simulation method could also be used for diffuse transmission, in a manner similar
to that of Rushmeier and Torrance [41]. Some of the simulation techniques discussed earlier can be
extended to non-diffuse reflection types. The most important application is to scenes that include
specular surfaces, but glossy surfaces are sometimes desirable too.

The simplest method of including specular reflection in a radiosity calculation igrtage
method[59, 41]. In the image method, a specular surface is replaced by a hole into a virtual en-
vironment. This method works only for planar mirrors, but performs very well for environments
that have one important specular surface like a mirror or highly polished floor. Malley extended his
Monte Carlo power transport method to account for zonal transport by specular surfaces [33]. He
did this by allowing power carrying rays to reflect off specular surfaces as shown in Figure 5. The
colors of specular surfaces can be determined in the viewing phase by standard ray tracing. Sil-
lion and Puech used a similar technigue to account for specular reflection, and included subdivision
strategies for sampling more heavily where ray paths diverged [52].

Any non-diffuse reflectors can have zonal values, as long as each incoming power packet adds
to a powerdistribution functionthat will be reemitted. In the viewing stage, this distribution can
be queried with results depending on viewer position. The distribution functions could be stored
in a Hemicube as done by Immel et al. [22], as spherical harmonics as done in [6, 51], or in
hemispherical tables as done in [16, 42, 48]. These latter methods use Monte Carlo by generating
outgoing power rays according to the shape of the unemitted power function as shown in Figure 6.
My experience has been that non-diffuse radiosity does not work well for near mirrors because
more zones are needed (the surfaces have detail visible in them) and each zone needs a larger table
to represent the complicated outgoing power distribution.
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Figure 5: Monte Carlo emission of energy with and without specular reflection. On the left, energy
is transported directly between diffuse zones. On the right, the vertical wall is a mirror, and light
that hits it is reflected until it hits a diffuse surface.

Lo | &

absorb re—emit

Figure 6: Absorb and re-emit strategy requires directional distribution at each zone and a way to
directionally shoot power to directions where the accumulated distribution is large.
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4 Monte Carlo Integration

In this section the basic Monte Carlo solution methods for definite integrals are outlined. These
techniques are then straightforwardly applied to certain integral problems. All of the basic material
of this section is also covered in several of the classic Monte Carlo texts. This section differs by
being geared toward classes of problems that crop up in Computer Graphics. Readers interested
in a broader treatment of Monte Carlo techniques should consult one of the classic Monte Carlo
texts [18, 50, 17, 66].

From Section 2 we saw that for a functigrand a random variable ~ p, we can approximate
the expected value gf(x) by a sum:

N=/ @ Zf ) ©)

Because the expected value can be expressed as an integral, the integral is also approximated by the
sum. The form of Equation 5 is a bit awkward; we would usually like to approximate an integral of
a single functiory rather than a produgtp. We can get around this by substituting= fp as the

integrand:
Lo
| o@dn = DMt (6)

For this formula to be validy must be positive whergis nonzero.

So to get a good estimate, we want as many samples as possible, and we wdpttthbave
a low variance ¢ andp should have a similar shape). Choosjniptelligently is called importance
sampling, because if is large whergy is large, there will be more samples in important regions.
Equation 5 also shows the fundamental problem with Monte Carlo integrationnishing return
Because the variance of the estimate is proportiona) 2, the standard deviation is proportional
to 1/\/N. Since the error in the estimate behaves similarly to the standard deviation, we will need
to quadrupleN to halve the error.

Another way to reduce variance is to partitiSnthe domain of the integral, into several smaller
domainsS;, and evaluate the integral as a sum of integrals overStheThis is called stratified
sampling. Normally only one sample is taken in e&;hwith densityp;), and in this case the
variance of the estimate is:

var ( 151 )> f}var (;&?))) . (7)

It can be shown that the variance of stratified sampling is never higher than unstratified if all strata

have equal measure:
1
z)dp = —/ x)d
/Sl_p()u N Sp()u

The most common example of stratified sampling in graphics is jittering for pixel sampling [12].
As an example of the Monte Carlo solution of an intedraktg(x) to bex over the interval (O,
4):

I:/O4mdac:8. (8)

The great impact of the shape of the functipan the variance of thé&/ sample estimates is shown
in Table 1. Note that the variance is lessened when the shagpis gimilar to the shape af. The
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method sampling function variance | samples needed for
standard error of 0.008

importance| (6 — z)/(16) 56.8N 1 887,500

importance 1/4 21.3N 1 332,812

importance|  (z +2)/16 6.3N ! 98,437

importance x/8 0 1

stratified 1/4 21.3N 3 70

Table 1: Variance for Monte Carlo Estimate ffz dz

variance drops to zerojf = ¢/I, but! is not usually known or we would not have to resort to Monte
Carlo. One important principle illustrated in Table 1 is that stratified sampling is tdtesuperior

to importance sampling. Although the variance for this stratificatiod @ninversely proportional

to the cube of the number of samples, there is no general result for the behavior of variance under
stratification. There are some functions where stratification does no good. An example is a white
noise function, where the variance is constant for all regions. On the other hand, most functions will
benefit from stratified sampling because the variance in each subcell will usually be smaller than
the variance of the entire domain.

4.1 Quasi-Monte Carlo Integration

Although distribution ray tracing is usually phrased as an application of Equation 6, many re-
searchers replace tigewith more evenly distributed (quasi-random) samples (e.g. [11, 34]). This
approach can be shown to be sound by analyzing decreasing error in terms of some discrepancy
measure [67, 65, 34, 43] rather than in terms of variance. However, it is often convenient to develop
a sampling strategy using variance analysis on random samples, and then to turn around and use
non-random, but equidistributed samples in an implementation. This approach is almost certainly
correct, but its justification and implications have yet to be explained.

For example, when evaluating a one dimensional integral0pt] we could use a set oV
uniformly random sample points:, z9, - - -, zx) 0n[0, 1] to get an approximation:

1 1 N
/0 f(x)dxzﬁgf(zi).

Interestingly, we can replace the poifis, z, - - -, z 5 ) With a set of non-random pointg1, yo, - - -, yn ),
and the approximation will still work. If the points are too regular, then we will have aliasing, but
having correlation between the points (e.g. using one dimension Poisson disk sampling), does not
invalidate the estimate (merely the Monte Carlo argument used to justify the approximation!). In
some sense, this quasi-Monte Carlo method can be thought of as using the equidistributed points to
estimate the height of. This does not fit in with the traditional quadrature approaches to numerical
integration found in most numerical analysis texts (because these texts focus on one-dimensional
problems), but is no less intuitive once you are used to the idea.

4.2 Multidimensional Monte Carlo Integration

Applying Equation 6 to multidimensional integrals is straightforward, except that choosing the
multidimensional sampling points can be more involved than in the one dimensional case. More
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specifics on this can be found in Appendix A.

As an example in two dimensions, suppose we want to integrate some fugiaiothe origin
centered squarg-1,1]2. This can be written down as a integral over a single two dimensional
variablex:

I— /{Lle(x)dA.

Applying Equation 6 to this gives us:

110

Z

where eaclx; is a two dimensional point distributed according to a two dimensional demsitye
can convert to more explicit Cartesian coordinates and have a form we are probably more comfort-
able with:
! ! f xzayz)
g /yl /m:fl J (@, y)dedy ~ 2; p(zi, yz)
This is really no different than the form above, except that we see the explicit componeantof
be (z, y:).

If our integral is over the disk of radiug, nothing really changes, except that the sample points
must be distributed according to some density on the disk. This is why Monte Carlo integration
is relatively easy: once the sample points are chosen, the application of the formula is always the
same.

For a more complicated example, we look at the four dimensional integral for the form factor
between two surface$; andSs:

P / / g(x1,%3) cos 61 cos fadA1dAs
2= Al X1€S51 JX2€855 ’

m|[x1 — %2 [?

The sampling space is the four dimensional spgce S;. A four dimensional point in this space

is just an ordered paix, x2), wherex; is a point onS; andx, is a point onSy. The simplest way

to proceed is to choose our four dimensional sample point as a pair of uniformly random points,
one from each surface. The probability density function for this is the constédt A,), because
A1 A, is the four dimensional volume of the space, and this value just enforces Equation 3. If we
use only one sample we have the estimate:

0 0
F12zA29(X1,X2)COS 1 cos B

m|[x1 — x2||?

A ray would be sent to evaluate the geometry tgrrif many samples were taken, we could increase
our accuracy. Notice that the shape of the surfaces was never explicitly used. This formula is valid
whenever we have a method to choose random points from a shape!

4.3 Weighted Averages

We often have integrals that take the form of a strictly positive weighted average of a function:

1= [ wia)f(@)du
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wherew is a weighting function with unit volume. To solve this by Equation 6, the optimal choice
for the probability function i®(xz) = Cw(z)f(z), but as is often pointed out, this choice requires
us to already know the value df Instead, people often either choose unifgsnor setp(z) =
w(z) [11, 38, 31].

An example of a weighted average often used is pixel filtering. The color of a fikel) can
be expressed as an integral:

1(i,j) = /S w(p)L(p)dA. )

wherep is a point on the viewport (or filmplane if a camera model is usédp) is the radiance
seen through the viewport pt and.sS is the non-zero region of the filter functian

Rewriting with the assumption that the same origin-centered weighting function is used for
every pixel yields the estimator :

oo 1 & w(@k, yk) L+ 0.5 4 2, 5 + 0.5 4 yg)
I1(1,7) = — ’ - . 10
:5) NkX::l p(Zk, Yi) 4o

This assumes a coordinate system where a pix¢) has unit area and is centeredat 0.5, j+0.5)
as suggested by Heckbert [20].

Once aw is chosen for filtering, implementation is straightforward wtlproportional tow
provided thatw is strictly positive (as it must be if negative pixel colors are disallowed). But how
do we chooseon-uniformrandom points? As discussed in Appendix A, sample points can be
chosen uniformly fronf0, 1] and then a warping transformation can be applied to distribute the
points according tav [50, 43, 31].

For several practical and theoretical reasons [45] we have chosen the width 2 weighting function
that is non-zero offz, y) € [—1, 1]*:

w(z,y) = (L= |z]) (1 = ly]) . (11)

We generate random points with density equakitdy applying a transformation to a uniform
random pair(ry,72) € [0, 1]2. The transformed sample point is justr),t(r2)), where the trans-
formation functiont is:

t(u):{ —0.5+v2u if u < 0.5

1.5 —/2(1 —u) ifu>0.5
An important detail is that we do not really use unifofm, ), but instead use jittered or an other-
wise better distributed set of points. After warping, we still have a better than random distribution.
Another example of a weighted average is the radiance of a ganta Lambertian surface:

1 ! !
L(x) = pa(x) /incomingz/)’ —L(x, ) cos 0.

Where L(x, ') is the incoming radiance seen at painttoming from direction)’. Again, we
might be more comfortable with the explicit form:

L(x) = pg(x) /:ﬂo /9%0 %L(G, @) cos 0 sin OdOd .

The sin 6 term arises because the measure is solid angle (area on the unit sghere:dA =
sin #dfd¢). To solve this we just need to choose a random direatiom sample with a distribution
according to the density functiates 6 /7. This gives the estimator:

L(x) = pa(x) L(x, ).
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Figure 7: Random, Jittered, Dart-throwing, Regular.

This makes it easy to figure out the color of the ground in the midwest: it's the weighted average of
the color of the sky times the reflectance of the ground!

4.4 Multidimensional Quasi-Monte Carlo Integration

Suppose we want to numerically estimate the value of an intégyal[0, 1]2:

I= /01 /Olf(x,y)dxdy.

For pure Monte Carlo we might use a set of uniform random pdintsy;) € [0, 1]? and estimate

I to be the average of (z;,y;). For stratified sampling we might partitign, 1)2 into several
equal-area rectangles and take one sarfipley;) in each rectangle and again avergffe;, v;).
Interestingly, we might also use "Poisson-disk” sampling to generate the points, or even just use
points on a regular grid. No matter which of these point distributions (shown in Figure 7) we use,
the estimate of is the average of (z;, y;). Interestingly, only when we use one of the first two
patterns are we doing Monte Carlo integration. With Poission-disk (dart-throwing), the samples are
correlated, and in regular sampling they are deterministic.

As in the one-dimensional case, we can replace the random sample points with any set of sam-
ples that are in some sense uniform, and this is just quasi-Monte carlo integration. There is a rich
literature on this topic, but Mitchell has indicated that the graphics community will not be able to
find many useful answers there, because the patterns that are used in that literature are deterministic,
which causes aliasing in images [35].

4.5 Direct Lighting

In this section the famous direct lighting calculation is discussed. Even if radiosity is used, it can
often be used only for the indirect component and the direct component can be done using the
machinery of this section.
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Figure 8: Definitions for the rendering equations.

The rendering equation can be written down in two basic ways. It can be written down in terms
of all directions visible ta (as in [22]):

L(x,¢) = | L fr(x ) L(x, ¢ cos Odw. (12)
incoming

wheref, is the BRDF, or it can written down as an integral over all surfaces (as in [25]):

A/ !/
Licw) = [ e fyl6 )L ) cos 07 (13)

all x’ " — x|

When Equation 12 is used, we can vigiMx, v, ') cosf as a weighting function and sample
according to it. Because there is some energy absorbed by a surface, this gives us the estimator:

L(x,¢) = R(x,4)L(x,¢), (14)

where¢ is a random direction with density proportional fq(x, 1, 1)) cos 6. The reflectivity term
is simply:

R(x,%) 2/ fr(x,4, ") cos Odw.

incomingy

For an ideal specular surface, thevill always be the ideal reflection direction. For a dielectéic,

can be chosen randomly between reflected and transmitted directions [5], or it can be split into two
integrals as is done in a Whitted-style ray tracer [64]. For a diffuse surfaed, follow a cosine
distribution: p(¢') = cos 0/ .

When Equation 13 is used, the sampling takes place over all surfaces in the environment. In
practice, only the direct lighting is calculated, so the integration space becomes all luminaire sur-
faces. This can be split into one integral for each surface [11], or can be viewed as a single sampling
space [31, 49]. To simplify this discussion, we will assume only one luminaire, so the sampling
space is just a single surface. Looking at Equation 13, an ideal estimator for diffuse luminaires
would result if we sampled according to the density:

p(a) = Cglx, x') fy (35, b, ') cos —20

" — x|’
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Figure 9: Implicit and explicit lighting calculation.

where C is a normalization constant. In practice, this isn't practical because the geometgy term
and the BRDFf,. can be very difficult to characterize. Instead, many researchers [12, 25] sample
uniformly within the solid angle subtended by the luminaire, which yields:

0/
N=c BT 15
p($ ) Hx/ _ XH2 ( )
This can be done for triangular luminaires [4], and for spherical luminaires [27, 61]. If Equation 15
is used to choose points on the luminaire, then radiance can be estimated to be:

L(x,) = g(x,x) fr(x,9,9") L(x', ") cos bw, (16)

wherew is the total solid angle subtended by the luminaire as seen by

We call the use of Equation 12 amplicit direct lighting calculation because any scattered
ray that hits a luminaire will account for light from that luminaire. The use of Equation 13 is an
explicit direct lighting calculation because each luminaire is explicitly queried using shadow rays
(see Figure 9). Which should be used, an implicit or explicit direct lighting calculation? Clearly,
the implicit method must be used for perfect mirrors, because that method implicitly evaluates the
delta function BRDF. For a diffuse surface, the explicit method is usually used for direct lighting,
and the implicit method is used only for indirect lighting [25, 63, 31]. To decide which method to
use, variance should be analyzed, but the general rule is that specular surfaces should be dealt with
using the implicit calculation and diffuse surfaces are treated explicitly.

If indirect lighting is to be added, then the surfaces that use the explicit direct lighting calculation
can calculate indirect lighting implicitly with a scattered reflection ray [25]. This method, called
path tracing just recursively applies the direct lighting calculation and adds indirect lighting. If you
implement this, be sure not to double count the indirect lighting!

5 Hybrid Methods

Many methods use some combination of view-dependent and view-independent methods. There are
three basic approaches that have been used:

1. Generate a radiosity solution and view with ray tracing.
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Figure 10: Combined, indirect, and direct lighting. Note that the the sharp shading changes are in
the direct component

2. Generate a radiosity solution and use only for indirect lighting. Use ray tracing for direct
lighting.

3. Generate a radiosity solution on@av resolutionenvironment and use this in the viewing
phase.

In method 1 the ray tracing is really just to accurately capture specular effects [59] and the
radiosity phase my or may not include specular transport [33, 52] or directional diffuse transport [42,
48, 51]. Any problems with the meshing in high gradient areas will be very obvious in method 1,
so some form of discontinuity meshing should be used [32].

In method 2 the fine detail caused by shadows (see Figure 10) is handled in the direct phase
and the indirect lighting is handled by some precomputed values [44, 7, 29]. Ward’'s Radiance
program [63, 62] is in the second family although the indirect information is calculated on the fly
and cached, and the mesh is implicit.

In method 3, a zonal solution is carried out on a low-resolution version of the scene, and this is
used as sources for gather phases at each pixel [40, 39, 28]. This in some sense is a generalization
of the patch and elements approach [10]. The application of this technique and brute-force path
tracing [25] is shown in Figure 11. The Rushmeier method ran eight times faster because it did not
have to recursively fire rays. On complex scenes this advantage will only grow.

| am a fan of method 3 for many applications. | used to use method 2 (see [44]) but | found it
cumbersome to have to mesh all diffuse objects. The beauty of method 3 is that it works even if the
high resolution environment is an on-demand procedural model, it is easy to code, and that there
are no smoothing issues. The radiosity solution does not have to look good! However, there are a
number of open questions related to method 3:

e How should directional diffuse surfaces be handled?

How should nearly specular surfaces be handled?

How should caustics be handled?

Should a hierarchy of various low-resolution environments be used?

How should the low-resolution environment be created?
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Figure 11: Left: Low-resolution radiosity solution. Middle: Rushmeier solution. Right: Path
tracing.

6 Conclusion

| hope that this tutorial has revealed the elegance and simplicity of Monte Carlo methods. This ele-
gance and simplicity allow the modeling and solution of many problems with very few assumptions.
However, these benefits come with the price of long execution times. If you need speed, use other
techniques, or supplement Monte Carlo techniques with other methods. A good example of this
combined strategy is WardRadianceprogram described in the conference procedings [62].

Since these notes first appeared at SIGGRAPH '94, there has been much work in Monte Carlo
rendering. Those that want to really delve into the subject should consult the dissertations of Eric
Lafortune, Eric Veach, or Kurt Zimmerman. There are several others that have been written in the
last several years but | haven’t yet read them. | hope to keep up-to-date pointers on my own web
page. Summarizing the big developments of late that are not treated well in the body of these notes:

Metropolis Algorithm . This algorithm [58] operates in path space and attempts to create a set
of light transport paths that carry equal power density to the camera. It is a real bear to wrap your
mind around, but is a really neat idea. | am working hard trying to do my own implementation of
this and it is tough! To understand this algorithm, you have to really “dot your i's” on issues of
measure and density. A good place to start before you read the Metropolis paper is the bidirectional
path tracing work of Lafortune [30] and Veach [57].

Density Estimation. This algorithm [60] does a photon tracing phase and stores all interactions
between photons and surfaces. On diffuse surfaces it looks at the pattern of photon hits and tries
to infer (estimate) the continuous pattern of light (density). This algorithm is geared toward view-
independent solutions of semi-complex diffuse scenes.

Photon Map. This algorithm [24] is similar to density estimation, except that photon positions
and incident directions are used. This means that more storage is used but non-diffuse effects
can be accounted for. This method can also be applied to participating media (se SIGGRAPH 98
proceedings).

When designing new Monte Carlo methods, we usually think in terms of variance reduction.
Work by Arvo and Kirk [5, 26] has detailed that this can be a non-trivial and sometimes counter
intuitive process. To add to the confusion, we usually use quasi-random sampling, so the variance
calculations are only an approximation. In the end I find that developing a theory using straight
Monte Carlo assumptions, and then adding to it using intuition works the best for me. The most
common heuristic | use is that every sample should do about the same amount of work. This is
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intuitively related to importance sampling, because the way to come close to this is to try to give
every sample the same weight (load balancing).

The real key to a successful Monte Carlo method is the design of the probability density func-
tions and stratification strategies used to generate the samples. This is where your efforts should be
concentrated. There is a tendency to think that your work is done (and the computer’s starts!) once
you have chosen to use a Monte Carlo method, but the very freedom to choose any density function
dooms us to look for &etterchoice!
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A Generating Random Numbers With Non-Uniform Densities

We often want to generate sets of random or pseudorandom points on the unit square for applications
such as distribution ray tracing. There are several methods for doing this such as jittering and
Poisson disk sampling. These methods give us a sat mfasonably equidistributed points on the

unit squarei(uy, v1) through(uy, vy ).

Sometimes, our sampling space may not be square (e.g. a circular lens), or may not be uniform
(e.g. a filter function centered on a pixel). It would be nice if we could write a mathematical
transformation that would take our equidistributed poimts v;) as input, and output a set of points
in our desired sampling space with our desired density. For example, to sample a camera lens, the
transformation would takéu;, v;) and output(r;, 6;) such that the new points were approximately
equidistributed on the disk of the lens.

If the density is a one dimensionf(z) defined over the interval € [z,in, Tmaz], then we can
generate random numbaetsg that have density’ from a set of uniform random numbefs where
&; € [0,1]. To do this we need the cumulative probability distribution functitfx):

Prob(a < z) = P(z) = /m f(z")dp a7)
To geta; we simply transforne;:
aj =P (&) (18)

whereP~ ! is the inverse of. If P is not analytically invertible then numerical methods will suffice
because an inverse exists for all valid probability distribution functions.

For example, to choose random poinighat have the density(z) = 322/2 on[-1, 1], we see
thatP(z) = (z*+1)/2, andP~!(z) = /2 — 1, so we can “warp” a set of canonical random num-
bers(&y, -« -, £n) to the properly distributed numbefsg,, - - -, zn) = (28 —1,- -+, /268 — 1).

Of course, this same warping function can be used to transform “uniform” Poisson disk samples
into nicely distributed samples with the desired density.
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If we have a random variable = (o, a,) with two dimensional densityz,y) defined on
[Zmin, Tmaz] X [Ymin, Ymaez) then we need the two dimensional distribution function:

Prob(a, < zanday, <y) = F(z,y) / 7'y )du(z',y)
Ymin xmzn

We first choose am; using the marginal distributiof’(z, .2 ), and then choosg; according to
F(zi,y)/F(xi, ymaz)- If f(z,y) is separable (expressible @s)h(y)), then the one dimensional
techniques can be used on each dimension.

For example, suppose we are sampling uniformly from the disk of raliuso p(r,0) =
1/(wR?). The two dimensional distribution function is:

o rro rdrdl Or?
Prob 0 <6y =F 0y) = ik —
ro (T < 'r[) < 0) (T[)? 0) /0 / 7TR2 27TR2

This means that a canonical pédi, £&2) can be transformed to a uniform random point on the disk:
(r,0) = (R\/f_l, 213).

To choose random points on a triangle defined by vertiges,, andp,, a more complicated
analysis leads to the transformation= 1 — /1 — &1, v = (1 — u)&2, and the random point will
is:

P = po + u(p1 — po) + v(p2 — po).

To choose reflected ray directions for zonal calculations or distributed ray tracing, we can think
of the problem as choosing points on the unit sphere or hemisphere (since each ray djreetion
be expressed as a point on the sphere). For example, suppose that we want to choose rays according

to the density:
1

— n+ n
p(8,¢) = —5 —cos™ 0 (19)
Wheren is a Phong-like exponené, is the angle from the surface normal ahd: [0, /2] (is on
the upper hemisphere) agds the azimuthal angle)€ [0, 2x]). The distribution function is:

¢ r0
= / / p(0/, ¢') sin0'd0’ d¢’ (20)
0 0

The cos 0’ term arises because on the sphéite= cos 8dfd¢. When the marginal densities are
found,p (as expected) is separable and we find th@t &) pair of canonical random numbers can
be transformed to a direction by:

0, $) = (arccos((1 — r1)71), 277y

One nice thing about this method is that a set of jittered points on the unit square can be easily
transformed to a set of jittered points on the hemisphere with a distribution of Equationr1& If
set tol then we have a diffuse distribution needed for a Monte Carlo zonal method.

For a zonal or ray tracing application, we choose a scattered ray with respect to some unit normal
vectorN (as opposed to theaxis). To do this we can first convert the angles to a unit vector

a = (cos ¢sinf, sin ¢psin b, cos #)

We can then transforra to be ana’ with respect tayy by multiplying & by a rotation matrixk
(&' = RA&). This rotation matrix is simple to write down:
Uy Vyp Wy
R= 1| uy, vy wy
Uy Vy Wy
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wheretd = (ug, Uy, u,), V = (Vg,0y,v;), W = (wg, wy, w,), form a basis (an orthonormal set of
unit vectors wherei = v x w, v = w x 1, andw = u x V) with the constraint tha# is aligned
with N:

N
IN|

w =

To getii andv, we need to find a vectdrthat is not collinear withw. To do this simply set equal
to w and change the smallest magnitude componettobne. Thei andv follow easily:

s

o+l

o X
u=

X

Tery

%

V=wxi

As an efficiency improvement, you can avoid taking trigonometric functions of inverse trigonomet-
ric functions (e.g.cosarccos ). For example, whem = 1 (a diffuse distribution), the vectat

simplifies to
& = (cos (2m&1)V/ &, sin (2161 )V €2, V1 — &)

References

[1] John M. Airey and Ming Ouh-Young. Two adaptive techniques let progressive radiosity out-
perform the traditional radiosity algorithm. Technical Report TR89-20, Computer Science
Department, University of North Carolina at Chapel Hill, August 1989.

[2] John M. Airey, John H. Rohlf, and Frederick P. Brooks. Towards image realism with interactive
update rates in complex virtual building environmeni8omputer Graphics24(1):41-50,
1990. ACM Workshop on Interactive Graphics Proceedings.

[3] James Arvo. Backward ray tracingDevelopments in Ray Tracingages 259-263, 1986.
ACM Siggraph '86 Course Notes.

[4] James Arvo. Stratified sampling of spherical triangles. In Rob Cook, e®itoceedings of
SIGGRAPH '95 (Anaheim, California, August 6-11, 1995ymputer Graphics Proceedings,
Annual Conference Series, pages 437-438, August 1995.

[5] James Arvo and David Kirk. Particle transport and image syntheSismputer Graphics
24(3):63—-66, August 1990. ACM Siggraph '90 Conference Proceedings.

[6] Brian Cabral, Nelson Max, and Rebecca Springmeyer. Bidirectional reflectance functions
from surface bump mapg&omputer Graphicgs21(4):273-282, July 1987. ACM Siggraph '87
Conference Proceedings.

[7] Shenchang Eric Chen, Holly Rushmeier, Gavin Miller, and Douglass Turner. A progressive
multi-pass method for global illuminationComputer Graphics25(4):165-174, July 1991.
ACM Siggraph '91 Conference Proceedings.

[8] Michael F. Cohen, Shenchang Eric Chen, John R. Wallace, and Donald P. Greenberg. A
progressive refinement approach to fast radiosity image generat@mputer Graphics
22(4):75-84, August 1988. ACM Siggraph '88 Conference Proceedings.

9-22



[9] Michael F. Cohen and Donald P. Greenberg. The hemi-cube: a radiosity solution for complex
environments.Computer Graphics19(3):31-40, July 1985. ACM Siggraph '85 Conference
Proceedings.

[10] Michael F. Cohen, Donald P. Greenberg, David S. Immel, and Philip J. Brock. An efficient
radiosity approach for realistic image synthesiEEE Computer Graphics & Applications
6(2):26-35, 1986.

[11] Robert L. Cook. Stochastic sampling in computer graph#&SM Transactions on Graphics
5(1):51-72, January 1986.

[12] Robert L. Cook, Thomas Porter, and Loren Carpenter. Distributed ray tra@uagnputer
Graphics 18(4):165-174, July 1984. ACM Siggraph '84 Conference Proceedings.

[13] R. C. Corlett. Direct Monte Carlo calculation of radiative heat transfer in vacuaernal of
Heat Transfer pages 376—-382, November 1966.

[14] Andrew S. GlassnePrinciples of Digital Image SynthesidMorgan-Kaufman, San Francisco,
1995.

[15] Cindy M. Goral, Kenneth E. Torrance, and Donald P. Greenberg. Modeling the interaction of
light between diffuse surface€omputer Graphicsl8(4):213-222, July 1984. ACM Siggraph
‘84 Conference Proceedings.

[16] David Edward Hall. An analysis and modification of Shao’s radiosity method for computer
graphics image synthesis. Master’s thesis, Department of Mechanical Engineering, Georgia
Institute of Technology, March 1990.

[17] John H. Halton. A retrospective and prospective of the Monte Carlo metBEM Review
12(1):1-63, January 1970.

[18] J. M. Hammersley and D. C. Handscomillonte Carlo Methods Wiley, New York, N.Y.,
1964.

[19] Paul S. Heckbert. Adaptive radiosity textures for bidirectional ray tracogaputer Graphics
24(3):145-154, August 1990. ACM Siggraph '90 Conference Proceedings.

[20] Paul S. Heckbert. What are the coordinates of a pixel? In Andrew Glassner, €daphics
Gems Academic Press, New York, NY, 1990.

[21] J. R. Howell and M. Perimutter. Monte Carlo solution of thermal transfer through radiant
media between gray wallgournal of Heat Transfempages 116-122, February 1964.

[22] David S. Immel, Michael F. Cohen, and Donald P. Greenberg. A radiosity method for non-
diffuse environmentsComputer Graphics20(4):133-142, August 1986. ACM Siggraph '86
Conference Proceedings.

[23] Theodore M. Jenkins, Walter R. Nelson, and Alessandro Rindi, edktwste Carlo Transport
of Electrons and Photond?lenum Press, New York, N.Y., 1988.

[24] Henrik Wann Jensen. Importance driven path tracing using the photon mapenihering
Techniques '95Springer-Verlag/Wien, 1995.

9-23



[25] James T. Kajiya. The rendering equati@@omputer Graphics20(4):143-150, August 1986.
ACM Siggraph '86 Conference Proceedings.

[26] David Kirk and James Arvo. Unbiased sampling techniques for image sysnti@sigputer
Graphics 25(4):153-156, July 1991. ACM Siggraph '91 Conference Proceedings.

[27] David Kirk and James Arvo. Unbiased variance reduction for global illuminatioRrdneed-
ings of the Second Eurographics Workshop on Rendering (Barcelona, May, 1991)

[28] Arjan F. Kok. Grouping of patches in progressive radiosity. Phoceedings of the Fourth
Eurographics Workshop on Renderjmages 221-231, 1993.

[29] Arjan J. F. Kok and Frederik W. Jasen. Source selection for the direct lighting calculation
in global illumination. InProceedings of the Second Eurographics Workshop on Rendering
(Barcelona, May 1991 )ages 75-82, 1991.

[30] Eric P. Lafortune and Yves D. Willems. Bidirectional path tracingPhceedings of COM-
PUGRAPHICSpages 145-153, 1993.

[31] Brigitta Lange. The simulation of radiant light transfer with stochastic ray-tracing?ron
ceedings of the Second Eurographics Workshop on Rendering (Barcelona, May119®i1)

[32] Dani Lischinski, Filippo Tampieri, and Donald P. Greenberg. Combining hierarchical radiosity
and discontinuity meshingcomputer Graphicgpages 199-208, August 1993. ACM Siggraph
'93 Conference Proceedings.

[33] Thomas J. V. Malley. A shading method for computer generated images. Master’s thesis,
Computer Science Department, University of Utah, June 1988.

[34] Don P. Mitchell. Spectrally optimal sampling for distributed ray tracing. In Thomas W. Seder-
berg, editorComputer Graphics (SIGGRAPH '91 Proceedings)lume 25, pages 157-164,
July 1991.

[35] Don P. Mitchell. Ray tracing and irregularities of distribution. Rroceedings of the Third
Eurographics Workshop on Renderjmages 61-70, 1992,

[36] Laszb Neumann, Martin Feda, Manfred Kopp, and Werner Purgathofer. The stochastic ray
method for radiosity. IfProceedings of the Sixth Eurographics Workshop on Rendguamges
206-218, June 1995.

[37] S. N. PattanaikComputational Methods for Global lllumination and Visualisation of Complex
3D Environments PhD thesis, Birla Institute of Technology & Science, Computer Science
Department, Pilani, India, February 1993.

[38] Werner Purgathofer. A statistical method for adaptive stochastic sampliogiputers and
Graphics 11(2):157-162, feb 1987.

[39] Holly Rushmeier, Charles Patterson, and Aravindan Veerasamy. Geometric simplification for
indirect illumination calculations. IRroceedings of Graphics Interface '9Bages 227-236,
Toronto, Ontario, Canada, May 1993. Canadian Information Processing Society.

9-24



[40] Holly E. RushmeierRealistic Image Synthesis for Scenes with Radiatively Participating Me-
dia. PhD thesis, Cornell University, May 1988.

[41] Holly E. Rushmeier and Kenneth E. Torrance. Extending the radiosity method to include
specularly reflecting and translucent materialSCM Transaction on Graphi¢(1):1-27,
January 1990.

[42] Bertrand Le Saec and Christophe Schlick. A progressive ray-tracing-based radiosity with gen-
eral reflectance functions. Proceedings of the Eurographics Workshop on Photosimulation,
Realism and Physics in Computer Graphipages 103-116, June 1990.

[43] P. Shirley. Discrepancy as a quality measure for sample distributions. In Werner Purgathofer,
editor, Eurographics '91 pages 183—-194. North-Holland, September 1991.

[44] Peter Shirley. A ray tracing method for illumination calculation in diffuse-specular scenes. In
Proceedings of Graphics Interface '9fages 205-212, May 1990.

[45] Peter Shirley.Physically Based Lighting Calculations for Computer Graphi€hD thesis,
University of lllinois at Urbana-Champaign, January 1991.

[46] Peter Shirley. Radiosity via ray tracing. In James Arvo, ed{Bgphics Gems.2Academic
Press, New York, NY, 1991.

[47] Peter Shirley. Time complexity of Monte Carlo radiosity.Harographics '91 pages 459466,
September 1991.

[48] Peter Shirley, Kelvin Sung, and William Brown. A ray tracing framework for global illumina-
tion systems. IiProceedings of Graphics Interface '9fiages 117-128, June 1991.

[49] Peter Shirley and Changyaw Wang. Direct lighting by Monte Carlo integratidAtdoeedings
of the Second Eurographics Workshop on Rendering (Barcelona, May, 119811).

[50] Y. A. Shreider.The Monte Carlo MethadPergamon Press, New York, N.Y., 1966.

[51] Franwmis X. Sillion, James Arvo, Stephen Westin, and Donald Greenberg. A global illumina-
tion algorithm for general reflection distribution€omputer Graphics25(4):187-196, July
1991. ACM Siggraph '91 Conference Proceedings.

[52] Franwois X. Sillion and Claude Puech. A general two-pass method integrating specular and
diffuse reflection.Computer Graphics23(3):335-344, July 1989. ACM Siggraph '89 Con-
ference Proceedings.

[53] Jerome Spanier and Ely M. GelbaMonte Carlo Principles and Neutron Transport Problems
Addison-Wesley, New York, N.Y., 1969.

[54] Jerome Spanier and Earl H. Maize. Quasi-random methods for estimating integrals using
relatively small samplesSIAM Review36(1):18-44, March 1994,

[55] Dan Stanger. Monte Carlo procedures in lighting desigournal of the Illumination Engi-
neering Societypages 14-25, July 1984.

[56] J. S. Toor and R. Viskanta. A numerical experiment of radiant heat interchange by the Monte
Carlo methodInternational Journal of Heat and Mass Transféd :883-897, 1968.

9-25



[57] Eric Veach and Leonidas Guibas. Bidirectional estimators for light transpoRrdeceedings
of the Fifth Eurographics Workshop on Renderipgges 147-162, June 1994.

[58] Eric Veach and Leonidas J. Guibas. Metropolis light transporBIGGRAPH 97 Conference
Proceedingspages 65—-76. ACM SIGGRAPH, August 1997.

[59] John R. Wallace, Michael F. Cohen, and Donald P. Greenberg. A two-pass solution to the
rendering equation: a synthesis of ray tracing and radiosity methGasnputer Graphics
21(4):311-320, July 1987. ACM Siggraph '87 Conference Proceedings.

[60] Bruce Walter, Philip M. Hubbard, Peter Shirley, and Donald F. Greenberg. Global illumination
using local linear density estimatiolACM Transactions on Graphic46(3):217-259, July
1997.

[61] Changyaw Wang. Physically correct direct lighting for distribution ray tracing. In David Kirk,
editor, Graphics Gems.3Academic Press, New York, NY, 1992.

[62] Gregory J. Ward. The RADIANCE lighting simulation and rendering systebmmputer
Graphics 28(2):459-472, July 1994. ACM Siggraph '94 Conference Proceedings.

[63] Gregory J. Ward, Francis M. Rubinstein, and Robert D. Clear. A ray tracing solution for
diffuse interreflection. In John Dill, editoGomputer Graphics (SIGGRAPH '88 Proceedings)
volume 22, pages 85-92, August 1988.

[64] T.Whitted. Animproved illumination model for shaded displ@ACM, 23(6):343-349, June
1980.

[65] H. Wozniakowski. Average case complexity of multivariate integratB®ulletin (New Series)
of the American Mathematical SocieBA(1):185-193, January 1991.

[66] Sidney J. YakowitzComputational Probability and Simulatioddison-Wesley, New York,
N.Y., 1977.

[67] S. K. Zaremba. The mathematical basis of Monte Carlo and quasi-Monte Carlo methods.
SIAM Review10(3):303-314, July 1968.

9-26



From Solution to Image

Holly E. Rushmeier

updated from an article that appeared in the “ Making Radiosity Practical” course
notesin SGGRAPH 93

1 General Remarks

Global illumination methods are techniques for accurately calculating the transport of
radiationinanenvironment. Inthiscourse,weconsider methodsfor cal culating thetransport
of visible light for the purpose of generating realistic images. The accuracy of the final
image depends not only on the specific method employed, but on the quality of the input
data, and on the methods used to transform the results of the calculation to an image on
a display device. In this section we will consider the problem of transforming global
illumination results into a displayable image. This problem requires some understanding
of anumber of complex subject areas such as perception, colorimetry, etc. This section is
intended only asabrief introduction, with ajust afew referencesto the extensive literature
available in these aress.

Global illumination methods take as input geometry and material properties of the
environment. From this, methods compute radiosities or radiances for discrete values of
location, direction and wavelength. For methods that don’t compute images pixel by pixel,
but in object space, continuous radiance distribution must be reconstructed from these
discrete values. This continous distribution is then resampled for generating an image on
adisplay device. Generdly, the dynamic and spectral ranges of the radiosity results are
not in the range of the typical display devices we use. We need to use perceptually based
models to map results to the display device to obtain the best rendition of a scene. In this
section we discuss how to convert the discrete values from an illumination calculation into
an image.

The human visual system has been studied for centuries, and volumes of observations
and theories can be found. Understanding how a spectral distribution of radiant energy is
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converted into an ideain the human mind isamore complex problem that thelight transport
problem. Some insight into the the relevant issues can be found in relatively accessible
formin references such as[1], [4], and [28].

In this section we present some very ssimplistic ideas on how principles of human
vision can be applied to image generation. We include these only to give a flavor of how
global illumination fits in to the overall image synthesis process. A much more careful
consideration of the ideas discussed here is needed for any application in which highly
accurate renderings of images are required.

We will consider three basic topicsin vision — spatial variation, color, and brightness.

2 Spatial Variation

There are at least two problemsthat can be considered in this area— reconstructing continu-
ous spatial variations of radiance/radiosity solutionsfrom discrete samples, and resampling
the distributions in image space.

2.1 Mach Banding

The simple way to reconstruct a point-sampled spatial radiosity solution is to bilinearly
interpolate between samples. This can give relatively small percentage errorsin radiosity
or radiance at each location. However, ssmply reducing error in the reconstruction at each
point is not adequate. The human eye is very sensitive to changes in the spatial gradiant
of luminance, producing what are known as “Mach Bands.” Changes in gradient can
produce the perception of light or of dark bands, where no such bands exist in the radiance
distribution. A crude explanation of this phenomenon is that receptors in the eye do not
act independently. Receptor response depends not only on the incident illumination, but
the illumination on neighboring receptors. An interesting observation is that the bands
only occur where there are changes in luminance. If luminance doesn’'t change, spectral
variations alone do not produce Mach bands.

In practice, most people probably reduce the mesh size after they see the Mach band
artifacts in their image. Often when images are recorded on film the gradients become
steeper, and the Mach bands become more noticeable. This makes the “fixing it after you
seeit” approach even less practical.

An example of anon-ad hoc method for adjust meshing taking into account perceptual
effects is presented by Hedley et a. [9]. They discuss how to reduce the number of
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discontinuities which force mesh subdivisions by taking into account how the solution will
ultimately be mapped to the display device.

2.2 Anti Aliasing

Even global illumination calculations that are performed in object space ultimately have to
be sampled in image space to determine pixel values. The problem of sampling so that the
representation of the continuous image by discrete pixels does not produce visual artifacts
has been studied extensively in computer graphicsfor many years (e.g. [5]).

A unique aspect of the antialiasing problem when physically accurate global illu-
mination methods are used is that pixel sampling can be performed at two different steps
in the image generation process. One option is to sample each pixel and determine the
radiance, and then transform that radiance to monitor coordinates (i.e. 0 to 255 values for
RGB). A disadvantage of this method is that there will be a very high variance in the
radiance for pixels on the borders of light sources . As aresult, if a stochastic sampling
method isused to find radiance pixel values, the result will be ragged edges on light sources
unless extremely high numbers of samples are used. An aternative is to transform all of
the radiances to RG B values first, and then sample for pixel values. Thisis much more
efficient, but sacrifices accuracy very dightly.

A study of filtering to attempt to avoid the ragged edges caused by the wide range of
sample values without clipping the valuesfirst is given in [18].

2.3 Other Consequences of Spatial Variations

Mach banding is just one effect demonstrating that perception is a function of the spatial
variation of luminance.

In astudy of how to measure the similarity of real and synthetic images Rushmeier
et al. [20] found that useful metrics included a filtering by the human spatial contrast
sensitivity function. In that paper it was found to be more useful to compare imagesin the
spatial frequency domain, rather than pixel by pixel.

Recently Ferwerda et al. [7] presented a paper discussing the varying sensitivity of
the human visual system to spatial variations of luminance, and how that sengitivity varies
with the content of theimage. Thisisan effect that could possibly be exploited to compute
images more efficiently without any degradation in the perceived image quality.
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3 Color

3.1 Metamers

In the physical world, there are an infinite number of possible continuous spectral distribu-
tionsfor radiance. On atypical display device only afinite number of distributions can be
displayed. Fortunately, the human eye can not distinguish between all possible spectral dis-
tributions. Many distributions appear to humansto have the same color. This phenomenon
isknown as color metamerism. The basic solution to displaying spectral distributionsisto
find an RG B triplet on the monitor you are using which is a metamer of the distribution
calculated by the illumination calculations.

The physical mechanism behind metamerism is that the color we see is the result
of the response of three types of receptors in the eye, each of which produce a signal
which is the result of integrating the incident spectral distribution with afilter. The three
receptors correspond to low, medium and high wavelength band filters. This suggests that
for the purposes of human perception, spectral distributions can be represented in terms
of three functions. This is the motivation behind the development of the CIE standard
color matching functions z(A), y(A) and z(). (Note however that these functions are not
estimates of the receptor sensitivities.)

The y(A) function is essentially equal to the luminous efficiency function. Full sets
of values can be found in [29], [10], etc. Integrating the spectral distribution weighted by
the functionsresultsinthe X, Y, Z tristimulus valuesin the CIE colorimetric system. That
is.

where & is a constant.
If Lisexpressed inW/m?str and &k ischosen tobe 1/680, Y isequal to the luminance
of thedistributionin cd/m?. Chromaticity coordinates, (z,y), are defined by:

2=X/(X+Y +2)
y=Y/(X+Y +2)

10-4



Using the functions z()), y()), and z()) device independent XY Z values can be
computed for each spectral radiance distribution obtained from theillumination cal cul ation.
Spectral distributions with the same tristimulus values appear to a human viewer to be the
same color. The use of this idea to to display images is described in detail in [14] and
[8]. For a particular monitor, the values of = and y can be measured or obtained from
the manufacturer for each of the phosphors, along with the values of Y for each phosphor
when it is set at a unit value. As an example of the magnitude of these quantities, for the
experiment described in [13], the chromaticities were found to be:

(zr,yr) = (.64,.33), (z4,v4) = (.29, .60), (zs, y5) = (.15, .06)

The ratios of luminances at the white point were found to be Yr : Yg : Yb =
.3142:1:.1009, and the total luminance of the white point was 82 cd/m?.

From this information X, Y, and Z for a unit value of each of the RGB primaries
can befound. Knowing these values, atransformation between RG B tripletand an XY Z
value can be calculated by a simple matrix multiplication:

[Xv Y7 Z]T = M[Rv G7 B]TvM = [(erngXb)v(Y;thfnYE))v(erngZb)]T

For image synthesis, we want to determine RG B for agiven XY Z. This can be computed
then using:

[R,G,B)F = M '[X,Y, Z])"

Note that chromaticities and luminances vary for different classes of display device.
The same RG B values on adesktop CRT and on atypical laptop will ook quite different.

Thethree by three matrix multiplication, in theory, allowsthedisplay of any calculated
radiance distribution on a monitor. However, undisplayable values may be obtained for
R,G or B. This may be cause the chromaticity (z,y) is outside of the displayable range
of the monitor. A discussion of this case is can be found in [8]. Another problem is that
the luminance of the calculated radiance distribution may be outside of the range of the
monitor. This problem is discussed in the following section on brightness.

3.2 Color Constancy

Unfortunately, even producing a completely accurate reconstruction of the spectral distrib-
ution and appropriately converting the distributionto XY Z and to RGB coordinates will
not always produce a satisfactory image. For example, if you render a room illuminated
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by a tungsten source the image will look oddly reddish. In one sense that is the correct
result. If you were outside under a sodium street light at night, looking into the room, it
would look reddish. However, if you are in the room and see only objects illuminated by
the tungsten light, the reddish cast is gone. White objects look white. Thisis an example
of “color constancy.” Our visual system adjusts so that objects appear to be essentially the
same color to us, even though the reflected spectral distribution from the object changes.
Nobody has introduced a a completely robust way to deal with color constancy. The most
common work around is to model light sources with a a flat white spectral distribution,
rather than with their true spectral distribution.

One promising approach for color constancy is to apply Land's retinex theory [12].
These approaches have been developed in the image processing literature [11] for applica
tion to physically acquired, rather than computer generated, imagery.

Besides the color constancy effect, some researchers question whether the CIE color
matching can be applied to match emitting and reflected light [21]. That is, it is not clear
that an XY Z triplet emitted from a spot on a CRT will appear the same as a spot in the
environment reflecting light with the same XY Z values.

3.3 Other Effects

It should also be noted that the perception of color is not independent of spatial variaions.
The differencein a human’s ablility to detect luminance variations versus color variations
was used in developing the original color television broadcast standards. Exploiting these
differencesis aso atopic of research inimage synthess.

4 Brightness

If the range of luminances in a scene were in the same range as those displayed by the
monitor, the XY Z/ RG B cal culations described in the previous section would be all that is
needed. However, real world luminances can vary from 1076 to 10* ed/m?, while monitor
luminancesarein therange 1to 100 cd/m?. Sometransformationisneeded map real world
[uminances to the monitor luminances.

The first logical mapping most people think of is a linear mapping, setting the
maximum real world luminance to the maximum monitor luminance. For example, if
awhitelight sourceisin the scene, its RGB values are set to 255, 255,255. Unfortunately,
because of the dynamic range of luminance in most common environments, the result of
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this mapping will be an image in which the source isawhite bright spot, and everthing else
isblack.

Several other alternative scaling factors are obvious, choosing the highest luminance
that is not from a light source to be the maximum monitor luminance, or choosing the
average luminance to be the average monitor luminance. All of these approaches have the
disturbing characteristic that they areindependent of the absolutelight level. Theimagewill
look the same regardless of whether it isilluminated by fire flies or an aircraft searchlight.

Oneearly approach, detailed in[24] isto try to solve the luminance mapping problem
in the same spirit as the col or reproduction problem. Just as human beings are not sensitive
to precise spectral distributions of light, they are also not very good at judging the physical
magnitude of light reaching the eyes. Humans are more sensitive to luminance variations
than to absolute values. Just as we perceive colors rather than spectral distributions, we
perceive brightness, rather than absolute luminance. In an initial attempt at this approach,
only grey scaleimages are considered in [24].

For the color problem, thetransformationto XY Z coordinates provided amechanism
to find distributions displayable on the monitor that are percieved to be the same color as
the physical spectral distribution calculated by the radiosity method. We seek a similar
transformation from luminance to brightness that will allow the display of luminance dis-
tributions on the monitor that will be preceived by the observer to have the same brightness
asthe physical scene. This type of transformation has been studied in photography, and is
referred to as the tone reproduction operator.

Many different models for the tone reproduction operator could be used. As an
example[24] describesthe use of amodel based on an experiment described in[23]. Inthe
work described in [23], brightnessis measured of unitsof brils, where abril isthe sensation
of brightness from a fully dark adapted eye viewing a 5 degree target of 1 micro-lambert
for one second. In the experiments, the brightness in brils was measured as a function of
luminance for various adaptation levels of the eye. The result was a set of straight line
curves of brightness versus lumninance for various luminant adaptation levels. The curve
values can be expressed in the following equation:

B =10°L*~
a = 0.4log1o(Ly) +2.92,8 = —0.4(Zog10(Lw))2 + (—2.584log10( Ly )) + 2.0208

B is brightnessin brils, L is luminance, and L,, is the luminance of the adaptation
level.
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Equating brightnesses for the observers of the monitor and the physical scene can
give a relationship between the luminance calculated by a radiosity solution L.,, and the
luminance to be displayed L.

Ly= Larw/adlo(ﬁrw —Ba)/ad]

Tomakeapractical calculation, the luminances of the adaptation level sof the two observers
need to be approximated. [24] suggests letting the real world adaptation level L, (.., be:

10g10( Luw(rw)) = Ellogio(Lrw)] 4 0.84

where E is the statistical mean over the image, and the monitor adaptation level be the
monitor peak luminance Ly .4.- For typical monitors peak luminanceis about 85 cd/m?.

Also, arelationship is needed between framebuffer value n (assuming 0 < n < 1)
which specfies RGB and the luminance output. Letting v be the correction for the non-
linear relationship between gun voltage and luminous output and C,,.., be the maximum
contrast ratio between screen luminances (usually around 35 for CRT's), the relationship
betweennand L, is:

n = [(La/Lamaz) — (1/Crmaz )]

The transformation from real world to display luminances, expressions for luminance
adaptation level and the relationship between frame buffer value and display luminance
gives a complete mapping from simulated real world luminances to image values.

The above treatment of brightness is only one possible method, and was developed
for gray scale images.

Another early approach, from the illumination engineering literature is discussed in
[21]. Thisapproach converts RG B calculated from the XY Z values associated with each
point, into the gamut of the display device. The approach isbased on a series of experiments
in which observers compared images and scale models of the environment imaged. 1t takes
into account the effect that regardiess of their true spectrum, surfaces with relatively high
luminances tend to appear white. There are two steps in the method.

First consider an orthogonal coordinate system inwhichtheaxesare R, G and B. Let
6, be the angle between the values (R, G,, B,) to be converted, and the line that passes
through (0,0,0) and (1,1,1).

RGB triplets are shifted towards white using the following:

‘91 - ‘90(1 - (Y/CYmafD)n)
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This shift transforms (R, G,, B,) into (R, G1, B1). The new values are then scaled
into the final display values using:

RZ — Rl(Y/Ymam)ua GZ — Gl(Y/Ymam)ua BZ — Bl(Y/Ymam)u

The values of 7, ( and v were found by perceptual experimentsto be 0.75, 5. and
0.75 respectively.

Niether of these two early methods is perfect, particularly if an image has a very
high dynamic range. A number of other methods for dealing with tone mapping have
been developed in the past few years. Ward [26] developed a ssimple linear operator for
preserving featurevisibility. Chiu et al. [3] presented anon-uniform spatial scaling method
for mapping images with very high dynamic ranges. Schlick [19] developed an aternative
to this method with improved computational efficiency. The retinex methods that account
for color constancy [11] also map the wide dynamic range of luminances to the range of
the display device. Two of the most recent tone reproduction methods can be found in [27]
and [25].

5 Other Effects

There are other important vision effects besides those discussed here. Very bright areasin
real life produce glare. Simulating the effects of glare in images is discussed in [16] and
in [22]. Lower light levels result in changes in spatial acuity and color sensitivity. These
effects are discussed in [6] and are also incorporated in the model presented in [27].

The application of perceptual principlesto realistic image synthesisis an active area
of research. Two papers related to this area are being presented at SIGGRAPH 98 ([17],

[2].)
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Further reading

An Introduction to Ray Tracing, Edited by Andrew Glassner, Academic Press, 1989. A
survey of ray tracing and the techniques needed to implement it. Surprisingly relevent for
such an old book!

Radiosity: A Programmer’s Per spective, lan Ashdown, John Wiley & Sons, 1994. Goes
through a full and available C++ implementation of a radiosity program. Ashdown is a
professional engineer, and gets the detailsright.

Radiosity and Realistic Image Synthesis, Michael Cohen and John Wallace, Academic
Press, 1993. Thisisatechnical overview of realistic rendering in general, and radiosity in
particular. Itisagood placeto start getting the researcher’s view of the field.

Radiosity and Global Illumination, Frangois Sllion and Claude Puech, Morgan Kauf-
mann, 1994. Another technical overview of realistic rendering. More coverage of Monte
Carlo techniques than the Cohen and Wallace books.

[llumination and Color in Computer Generated Imagery, Roy Hall, Springer-\erlag,
1988. An overview of the practicalities of light, optics and perception from a graphics
viewpoint.

Light and Color in Nature and Art, Samuel Williamson and Herman Cummins, Wiley,
1983, A great al-around survey of light and color.

Thermal Radiation Heat Transfer, 3rd ed., Robert Segel and John Howell, Hemisphere,
1992. Light transfer from the mechanical engineering perspective. These guys helped
invent what we call the radiosity method in graphics. A very good read after you are fairly
comfortable with the graphics side of the the problem.

The Illumination Engineering Society Lighting Handbook, Edited by Mark Rea, Illu-
mination Engineering Society, 1993. Thisis a reference book that describes what lighting
engineers need to know about light sources, optics, and perception. It isover $400, so get
it at thelibrary.

Principles of Digital Image Synthesis, Andrew Glassner, Morgan Kaufmann, 1995 (2
vols). Everything about rendering and more from the advanced perspective. A good grad-
uate text for afull-year course. An erratasheet is available at:
http://www.research.microsoft.com/research/graphics/glassner/work/projects/pdis/errata.htm

AnalyticMethodsfor Simulated Light Transport, Jim Arvo, Yale University, 1995. This
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is a dissertation with a very careful discussion of the mathematics and physics of light
transport. Although this document is extremely clear in its presentation, it is not for the
mathematically timid. Itisavailable online at: http://www.cs.caltech.edu/arvo/.

Rendering with Radiance: The Art and Science of Lighting Visualization Greg Ward
Larson and Rob A. Shakespeare, with contributions from Peter Apian-Bennewitz, Charles
Ehrlich, John Mardaljevic, a nd Erich Phillips, Morgan Kaufmann, 1998 Radiance is a
UNIX software system for lighting design and rendering and it is freely available. This
book is a complete description of how to use the software, how it works, and how to apply
it to avariety of lighting design problems.

ONLINE RESOURCES

Websites come and go and change, but there are acouple * official” web sitesthat have been
around for awhile that offer agreat deal of useful material.

lan Ashdown maintains a number of bibliographiesrelated to global illumination at
http://www.ledalite.com/library-/rrt.htm

including a Radiosity Bibliograpy, alist of Radiosity and Global 1llumination Theses, and
an Image-Based Rendering Bibliography.

Eric Haines publishes an electronic newdletter called “Ray Tracing News’ that comes out
about twice ayear. Issues since 1987 are available at
http://www.acm.org/tog/resources/ RTNews/html/index.html

Eric Haines also maintains a page of pointers to software tools that includes pointers to
both ray tracing and radiosity packages at
htpp://www.acm.org/tog/Software.html
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