Transmittance sampling and
evaluation
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Advanced Image Synthesis
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organization of the slides heavily borrowed from the SIGGRAPH course “Monte Carlo methods for physically-based volume rendering”
https://cs.dartmouth.edu/~wijarosz/publications/novakl 8monte-sig.html
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Last time: radiative transter equation
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Recap: volumetric path tracing
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Recap: volumetric path tracing
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Recap: volumetric path tracing
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Recap: volumetric path tracing
oy
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How do we sample T?

often called “free-flight sampling” or “free-path sampling” in the literature

1(p(0), p(r)) = exp (—[ Gt(t”)dt”)

0

goal: sample t' such that p(¢') < T(p(0), p(¥))



Observation: it’s easy to sample T
when o, is homogeneous

I(p(0), p(¢')) = exp (—[ Gt(t”)dt”) = exp (—1'c,)

0

log(l — u;
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Idea: convert heterogeneous media
to homogeneous media

e often called “homogenization” or “null scattering”

Fictitious
particle

Real
particle

https:/ /cs.dartmouth.edu / ~wjarosz / publications /novakl8monte-sig-slides-3-distance-sampling-notes.pdf
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Let’s start from radiative transfer equation

— L@, ) = = 6(P)LP@). ) + L(p(1), ») + GSJ plo, o )L(p(1), »')dw’
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Combine L, & scattering into Lgain

d
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Introduce “null particles” with density ¢,(p)

d
—L(p(). ®) = = oPLP0). @) + Lgain
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Introduce “null particles” with density ¢,(p)

d
—L(p(). ®) = = oPLP0). @) + Lgain

= 0, L(p(D), w) + 6,(P)L(P()), @) + Loain
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can be derived using change of variable:

~e)

Integrate the ODE L= oo (o)1

then integrate both sides

= L(p(?), w) = — 0, L(p(?), ) + 0,(pP)L(P(?), ®) + Lgain
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Homogenized!

EL(p(t), w) = — 0, L(p(?), w) + c,(p)L(P(?), w) + Loain
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Tracing homogenized volumes
(“delta tracking”)

L(p(0), w) = J 1,,(p(0), p(t’))(o*n(p)L(p(t’), w) + Lgain) dr’
0

T,,(p(0), p(1) = exp (~1'c,,)
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Tracing homogenized volumes
(“delta tracking”)

L(p(0), w) = J 1,,(p(0), p(t’))(o*n(p)L(p(t’), w) + Lgain) dr’
0

T,,(p(0), p(1) = exp (~1'c,,)

sample 1,
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Tracing homogenized volumes
(“delta tracking”)

L,(0), p(') ([o,(P)LP(H), @) +|Lgain]) dr

sample “events”

[

L(p(0), w) = J

0

P Poain
T,,(p(0),p(t) = exp (—1'c,,) null g

in homework, we set

Oy Oy
Ppyl = — and Pgam -
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Tracing homogenized volumes

(“delta tracking”)
L(p(0), w) —J T, (p(0), p())([o,(P)L(P(1"), ®) + gam dt
T,,(p(0),p(t) = exp (—1'c,,) Phull gam
sample 1"

(gain event = hit a real particle)
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Tracing homogenized volumes

(“delta tracking”)
L(p(0), ) —J T, (p(0), p())([o,(P)L(P(1"), ®) + gam dt
T,,(p(0),p(t) = exp (—1'c,,) Phull gam

(null event =hit-anull particle)
sample T
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Handling colors

e randomly choose a channel for distance sampling at each scattering

sample channel (R, G, or B)

sample channel (R, G, or B)
sample 7,

sample 1T

https: / / cs.dartmouth.edu / ~wjarosz / publications / novakl8monte-sig-slides-3-distance-sampling-notes.pdf



https://cs.dartmouth.edu/~wjarosz/publications/novak18monte-sig-slides-3-distance-sampling-notes.pdf

Recap: sampling T

e idea: homogenize the medium using the upper bound of o,(p)

d
d_tL(p(t), @) = — gt(p)L(p(t), w) + Lgain
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Next event estimation:
need to evaluate T!

;
T(p(0), p(?)) = exp (—J' gt(t”)dt”> goal: unbiased estimation of T
0

eval

I G

sample Le



Challenge of computing an exponential integral
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Idea: also apply the homogenization trick

o rewrite T as an ODE

I(p(0), p(r)) = I(r) = exp (_J crt(t”)dt/)
0

dT(t)
dr’
70) =1

= — o) 1(?)



Idea: also apply the homogenization trick

e rewrite T as an ODE

d7(¢')
dr’
10) =1

= — 6(t)T(?)



Idea: also apply the homogenization trick

e add null particles

dT(t,) / / ! ! /
T = —o/()I(t) = —0,1(t) + 0,(t)1(t)

T0) = 1

choose o, such that o(p) + o, (p) = const = o,



Idea: also apply the homogenization trick

e add null particles

dT(¢)
dr’
T0) = 1

=—o0,1(t)+ o0, ()I(t)



Idea: also apply the homogenization trick

e integrate the ODE

dT(¢)
dr’
T0) = 1

=—o0,1(t)+ o0, ()I(t)

l_/

T(t) = exp (—o,t') + J exp (0,,(t" — 1)) 6,(")T(¢")dt"
0



Idea: also apply the homogenization trick

Z_/

T(t) = exp (—o,') + [ exp (6,,(t" — 1)) 6,(")T(¢")dt"
0



Observation: homogenized transmittance
looks like a 1D rendering equation!

T(t) = J exp (6,,(t" — 1)) o,("YT(¢")dz"

0

“emission” “BRDFE”

Integral formulations of volumetric transmittance

ILIYAN GEORGIEV®, Autodesk , United Kingdom
ZACKARY MISSO*, Dartmouth College, USA

TOSHIYA HACHISUKA, The University of Tokyo, Japan
DEREK NOWROUZEZAHRAI, McGill University, Canada
JAROSLAV KRIVANEK, Charles University and Chaos Czech a. s., Czech Republic
WOJCIECH JAROSZ, Dartmouth College, US A



Ratio tracking

1. start fromz = ¢
2. sample t”, update current position z =t — t”
3. if z reaches 0, evaluate the “emission”, otherwise evaluate the recursive term

l_/

T(t) = exp (—o,,t') + J exp (6,,(t" — 1)) 6,(")T(1")dt"
0

1(t)




Ratio tracking

1. start fromz = ¢
2. sample t”, update current position z =t — t”
3. if z reaches 0, evaluate the “emission”, otherwise evaluate the recursive term
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0
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Ratio tracking

1. start fromz = ¢
2. sample t”, update current position z =t — t”
3. if z reaches 0, evaluate the “emission”, otherwise evaluate the recursive term
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Ratio tracking

1. start fromz = ¢
2. sample t”, update current position z =t — t”
3. if z reaches 0, evaluate the “emission”, otherwise evaluate the recursive term

l_/
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Ratio tracking

1. start fromz = ¢
2. sample t”, update current position z =t — t”
3. if z reaches 0, evaluate the “emission”, otherwise evaluate the recursive term

l_/

T(t) = exp (—o,,t') + J exp (6,,(t" — 1)) 6,(")T(1")dt"
0

quiz: can you think of a different way to estimate T?

importance sample “BRDF” importance sample “BRDF” importance sample “BRDF”
(exp (cfm(t” — t’))) (exp (am(t” — t’))) (exp (am(t” — t’)))
G —— e ———————
1(t)

o——0—9

multiply weight

Vol (l_//) Vol (t//) ,
1 multiply weight — multiply weight —
0 o ply weight 222 [




Next-flight estimator

1. start fromz =+
2. sample t”, update current position z =t — t”
3. add the “emission” and evaluate the recursive term until z reaches 0

l_/

T(t) = exp (—o,,t') + J exp (6,,(t" — 1)) 6,(")T(1")dt"
0

importance sample “BRDF” importance sample “BRDF” importance sample “BRDF”

' ‘ 1(t)

o ———0—9

multiply weight . . . .
@ omission” multiply weight multiply weight l_/

add “emission” add “emission”




Multiple importance sampling of
delta tracking & ratio tracking

sample oval

Ik T-G

sample Le
eval Le P
delta tracking ratio tracking
A null-scattering path integral formulation of light transport
peop]e didn’t ﬁgure out how to do this BAILEY MILLER®, Dartmouth College, USA
1 (" ILIYAN GEORGIEV*, Autodesk, United Kingdom
until 2019!! WOJCIECH JAROSZ, Dartmouth College, USA

https:/ / cs.dartmouth.edu/ ~wjarosz / publications /novak18monte-sig-slides-3-distance-sampling-notes.pdf
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Idea: keep track of event probabilities
T,,(p(0), p(t)) +Lgain]) dr

P

[

L(p(0), w) = J

0

P a;
ain
T,,(p(0), p(t)) = exp (~1'o,,) null g

(null event)
Pdelta = €XP(=110,) P11 €XP(—10,,) P 411 €XP(—130,,) -

(null event)

Pratio = €Xp(—1,0,,)exp(—1,0,,)exp(—1;0,,)-:
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Advanced topic:
other ways to look at transmittance

Integral formulations of volumetric transmittance An unbiased ray-marching transmittance estimator
ILIYAN GEORGIEV?, Autodesk, United Kingdom
ZACKARY MISSO*, Dartmouth College, USA MARKUS KETTUNEN, NVIDIA
TOSHIYA HACHISUKA, The University of Tokyo, Japan EUGENE D’EON, NVIDIA
JACOPO PANTALEONI, NVIDIA

DEREK NOWROUZEZAHRAI, McGill University, Canada
JAROSLAV KRIVANEK, Charles University and Chaos Czech a. s., Czech Republic

WOJCIECH JAROSZ, Dartmouth College, USA

JAN NOVAK, NVIDIA




Back to the ODE view

dT(t)
dr’
700) =1

= — o(t)1(1)

I(p(V), p()) = 1(t') = exp (_J Gt(t”)dt’)

0



Integrate both sides (without exponentiating)

dT(r")
——— = —o()1(1)
dr

T(0) = 1

() =1 — l 6 (" T(t")dt"
0



Integrate both sides (without exponentiating)

dT(¢)
dr’
T(0) = 1

= — 6(t)T(t)

l./

() =1 — l 6 (" T(t")dt"

0 why didn’t we do this???

“Volterra integral equation”



Volterra integral equation is inetficient

e doesn’t consider the exponential falloff
l_/

T(t) = 1 — l o (" T(t")dt"
0

sample U(0,---) ,
sample U(0,---) sample U(0,t)

1(t)

—

0 ’




Homogenization is a control variate

e analytically solve for o,

l./

T(t) =1 — [ 6 (T (t")dt"

0 \at(j') = |o(t) + 0,,| — 6,, = 6,(1) — 0,

l./

T(t) = exp (—o,t') + [ exp (o,,(t" — 1)) o,(t")T(t")dt"
0

https:/ /en.wikipedia.org/wiki/Control variates
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The recursive transmittance integral can
be evaluated from both sides

e similar to “bidirectional path tracing” (more in the future), can combine using MIS

l_/

T(t) = exp (—o,t') + J exp (o,,(t" — 1)) o,(t")T(t")dt"
0

sample exp (Gm(t” — O)) sample exp (Um(f " —1 ’)>
7(0) ——» — T

—

0 ’



Let’s look at the exponential integral instead

I(t) = exp (—[ cft(t”)dt”) = exp (—7)

0



Take Taylor expansion

I(t) = exp (—[ cft(t”)dt”) = exp (—7)
0



Can estimate this Taylor expansion
using Monte Carlo!

2

T’—l T T
(t)— _F_|_5

l_/
T = J o (t")dt”
0



Can estimate this Taylor expansion
using Monte Carlo!

2
, T T
T(l-) — 1 — — —I— — O © ©
1! 2!
Let ) = o/(t)), 7 = 0/(1y), ...
t, ~ U(0,t) T(t/) ~ 1 1 — i n 17y ey T1...7p
P(k) TR !

"
T = J o (t")dt”

0



Key idea from Kettunen et al. [2021]:
use combined statistics to reduce variance

o . . An unbiased ray-marching transmittance estimator
super efficient algorithm (Girad-Newton formula)
: L. MARKUS KETTUNEN, NVIDIA
to compute the combined statistics EUGENE D’EON, NVIDIA
JACOPO PANTALEONI, NVIDIA
ALGORITHM 1: ElementaryMeans 2 JAN NOVAK, NVIDIA
Input :Samples x1, - - -, xn7; Evaluation order Z

Output:Elementary symmetric means my, ..., mz
my=1;

, T T
t=1-—+—:--

for k = min(n, Z) to1 do

| me = mp+ & (g1 — mie) ; I ' 2 '
end () )
end

Letz, = o0/(t), 7o = 0,(1y), ...

f, ~ U0,1) T(t) ~ : o nh o ek
P(k) k!

TR

1 1 /
1 F{{ (Tl + Ty... + Tk) Fé‘ (Tlfz + 7173 + °°°Tk_1Tk> 7.7, l

1(t) ~ | | cee
( P(k) 1! 2! k! T

Gt(t”)dt,,
0



Bells and whistles: tighter upper bound o,
using hierarchical data structures

Unbiased, Adaptive Stochastic Sampling for Rendering Inhomogeneous
Participating Media

Yonghao Yue! Kei Iwasaki? Bing-Yu Chen? Yoshinori Dobashi* Tomoyuki Nishita®
1The University of Tokyo 2Wakayama University 3National Taiwan University “Hokkaido University




Open problem: connection between
the Volterra integral & Taylor expansion
w / null-scattering formulation

(null event)

(null event)
.
() =1 — J o(t")T(¢")dt”
0



Fun research: unbiased estimators
for non-exponential transmittance

o trick: use “Russian-roulette debiasing” to convert a consistent estimator to an unbiased one

dxq

Unbiased and consistent rendering using biased estimators

€0=0 [enuauo

ZACKARY MISSO, Dartmouth College, USA

BENEDIKT BITTERLI, Dartmouth College, USA and NVIDIA, USA
ILIYAN GEORGIEV, Autodesk, United Kingdom

WOJCIECH JAROSZ, Dartmouth College, USA

dxg

80=0 [erjuauo

Reference Pink-Taylor (ours) Telescoping (ours) Kettunen et al. [2021] Bitterli et al. [2018]

)
¢)=f| = | o@)dr”
0



Next: microflake theory

The SGGX Microflake Distribution
® hOW to deSign COmpleX phase funCtionS? Eric Heitz!»? Jonathan Dupuy? Cyril Crassin? Carsten Dachsbacher!

IKarlsruhe Institute of Technology 2NVIDIA 3Univ. Montréal; LIRIS, Univ. Lyon 1

A radiative transfer framework for rendering materials with anisotropic structure

Wenzel Jakob Adam Arbree Jonathan T. Moon Kavita Bala Steve Marschner
Cornell University

(a) Isotropic scattering (b) Scattering by anisotropic micro-flakes (d) Detail (micro-flakes) pI'Oj ected area micro-phase function phase function
o(wi) P(Wm,wi — wo) fp(wi = wo)

wl a"‘lll w()
%
wo

specular microflake

Wm W

diffuse microflake

isotropic medium anisotropic medium o (w;)
—_— . —s
N\ ‘ & > .
‘ —s —a>

Figure 2: The distinction between isotropic and anisotropic media.

Figure 2: [llustration of the notation used in microflake theory.



