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From IMA’s workshop webpage …

� “Our aim is to create a forum whereby researchers in 
optimization will learn about difficulties facing 
scientists from the application areas, and for those in 
applications to learn aboutthe state of the art in 
techniques from the optimization community.”

� “New classes of algorithms, preconditioners, and 
softwareshould be created from this integration.”

� “The goal of the workshop is tostimulate and nurture a 
research community that addresses optimization 
problems arising in simulation science.”
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Time is ripe!

� Intellectual foment

� “Interior-point revolution” in constrained optimization

� “Jacobian-free” nonlinear implicit solvers

� Window of opportunity for impact

� major investments ongoing in simulation software (motivated 
primarily by parallelism) 

� derivative information increasingly available

� object-oriented coding practices more prevalent

� Recognized need and response

� SIAG-OPT is the largest of the SIAM Activity Groups

� SIAG-CSE is the fastest growing SIAM Activity Group

� Your favorite reasons …
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Two parts to today’s presentation

� Optimization in Simulation-based Models 
[0:15]

� Why simulation-based opt?

� A PDE community perspective

� Parameter Estimation in Empirical Models of 
Wildland Firespread [0:35]

� Intro to firespread application

� Intro to level set technique

� Level sets applied to firespread

� Optimization progress

� Optimization agendas

} advertisement

} review

} new

} your homework !
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Motivating examples for 
simulation-based optimization

� Stellarator design

� Materials design and molecular structure 
determination

� Source inversion 

� Wildland firespread modeling
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Stellarator design

� Dec 2002 report to DOE

� Multiphysics simulation for 
shape optimization of 
magnetic confinement fusion 
devices featured as a key 
technologyfor fusion energy

� Currently genetic algorithms 
used to optimize single-
physics subsystems, e.g., 
magnetic flux surfaces of the 
plasma, magnetic coil shape 
of the controls – many 
analysis runs
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Molecular-level materials design

� Jul 2002 report to DOE

� Optimization methods 
frequently invoked by 
nanoscientists as a pressing 
need– though there is much 
work ahead to make this 
concrete mathematically, 
except for …

� … Multilevel optimization 
for energy minimization in 
molecular structure 
determination – well along in  
protein folding, etc.
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Source inversion

� Oct 2002 Sandia LDRD 
final report (to be discussed 
here at IMA by P. Boggs, K. 
Long, R. Bartlett & M. 
Eldred)

� Model source inversion 
problem solved by 
multilevel optimization, 
using Sundance/rSQP++

� Simultaneous Analysis and 
Design (SAND) framework 
exploited to save an order 
of magnitude in execution 
time, relative to blackbox 
methods
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Wildland firespread

� Work in progress (this talk)

� “Real-time Optimization for 
Data Assimilation and 
Control of Large Scale 
Dynamic Simulations” NSF 
ITR project

� SAND/LNKS and other 
techniques being developed 
for model building and 
response capabilities for 
industrial and  homeland 
security applications
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Constrained optimization w/Lagrangian

� Consider Newton’s method for solving the nonlinear 
rootfinding problem derived from the necessary 
conditions  for constrained optimization

� Constraint

� Objective

� Lagrangian

� Form the gradient of the Lagrangian with respect to 
each of x, u, and l :
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Newton on first-order conditions

� Equality constrained optimization leads to the KKT 
system for states x , designs u , and multipliers l
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� Then

� Newton Reduced SQP solves the Schur complement 
system  H du = g , where H is the reduced Hessian

cJWWJJgJJgg xuxxx
T

x
T
ux

T
x

T
uu

1)( --- --+-=
uxuxxx

T
x

T
u

T
ux

T
x

T
uuu JJWWJJWJJWH 1)( --- ---=

uJcxJ ux dd --=
uWxWgJ T

uxxxx
T
x dddl ---=



IMA, 9 Jan 2003 

RSQP when constraints are PDEs

� Problems

� is the Jacobian of a PDE � huge!

� involve Hessians of objective and constraints � second 
derivatives and huge

� H is unreasonable to form, store, or invert

xJ

abW

� Proposed solution

� form approximate inverse action of state Jacobian and its 
transpose in parallel by Schwarz/multilevel methods 

� form forward action of Hessians by automatic differentiation; 
exact action needed only on vectors (JFNK)

� do not eliminate exactly; use Schur preconditioning on full 
system
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Schur preconditioning from DD theory

� Given a partition

� Condense:

� Let  M be a good preconditioner for  S

� Then                                       is a preconditioner for A

� Moreover, solves with       may be approximate if all 
degrees of freedom are retained (e.g., a single V-cycle)

� Algebraic analogy from constrained optimization: “i” 
is state-like, “GGGG” is decision-like
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Another PDE algorithm to exploit

� Nonlinear Schwarz has Newton both insideand 
outside and is fundamentally Jacobian-free

� It replaces                with a new nonlinear system 
possessing the same root, 

� Define a correction            to the     partition (e.g., 
subdomain) of the solution vector by solving the 
following local nonlinear system:

where                  is nonzero only in the components 
of the     partition

� Then sum the corrections: 
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Nonlinear Schwarz background

� It is simple to prove that if the Jacobian of  F(u) is 
nonsingular in a neighborhood of the desired root 
then                   and                have the same unique 
root

� To lead to a Jacobian-free Newton-Krylov algorithm 
we need to be able to evaluate for any                :

� the residual 

� the Jacobian-vector product

� Remarkably, (Cai-K, SISC 2002) it can be shown that 

where                   and 

� All required actions are available in terms of            !

� A cross between iteration and nonlinear elimination
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Example of nonlinear Schwarz

Newton’s method Additive Schwarz Preconditioned Inexact Newton

(ASPIN)

Difficulty at 
critical Re

Stagnation 
beyond 

critical Re

Convergence 
for all Re
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A unifying philosophy (from PDE side)

� Since the PDE simulation is the “big part” and 
“good” (e.g., high performance, parallel) codes 
exist, bring the optimization into the PDE 
algorithm and software environment

� Strive for computational efficiency at the 
expense of intermediate state variable feasibility 

� Be ready to retreat to “safer ground” of the 
black box (with full constraint enforcement) 
when necessary for robustness of the 
optimization
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Parameter identification model

� Nonlinear diffusion PDE BVP:

� Parameters to be identified: a(x), b

� Dirichlet conditions in x, homogeneous Neumann 
in all other dimensions (so solution has 1D 
character but arbitrarily large parallel test cases 
can be set up)

� Objective:                                where          is 
synthetic data specified from a priori solution 
with given a(x) piecewise constant,b=2.5 (Brisk-
Spitzer approximation for radiation diffusion)
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Implementation

� PETSc’s “shell preconditioner” functionality used to 
build the block factored KKT preconditioner recursively

� Solution method: LNKS with Schwarz preconditioning 
of the PDE Jacobian blocks, ILU on Schwarz
subdomains

� MPI-based parallelization

� ADIC generates Jacobian blocks from user functions 

� Illustrative results (next slide) fix aaaa(x) and identify 
exponent bbbb only, while uniform mesh density is refined in 
2D

� Newton-like, mesh-independent convergence for overall 
residual



IMA, 9 Jan 2003 

Illustrative results

2-norm of residual of full system 
F(T(x),bbbb,lll l (x)) vs. iteration

|bbbb -bbbb* | vs. iteration

[solid : 25´ 25 2Dmesh, dash : 50´ 50, dot-dash : 100´ 100, dot-dot-dash :200´ 200]
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Comments

� LNKS effective for simple cases

� Convenient, extensible, parallel software available

� For general PDE-constrained optimization problems, 
much more work remains to be done on robustification 
strategies and better preconditioners for the KKT 
systems that:

� exploit Schur structure inherited from RSQP for constrained 
optimization

� exploit Schwarz structured inherited from domain 
decomposition for PDEs
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� Lab-university collaborations to develop 
“Integrated Software Infrastructure Centers” 
(ISICs) and partner with application groups

� For FY2002, 51 new projects at $57M/year total

� one-third for ISICs

� one-third for grid infrastructure and collaboratories

� one-third for applications groups

� 5 Tflop/s IBM SP platforms “Seaborg” at NERSC 
and “Cheetah” at ORNL available for SciDAC 
researchers

Software?
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“Terascale Optimal PDE Simulations” 
(TOPS) ISIC

Nine institutions, five years, 24 co-PIs
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Scope for TOPS

� Design and implementation of “solvers”

� Time integrators, with sens. analysis

� Nonlinear solvers, with sens. analysis

� Optimizers

� Linear solvers

� Eigensolvers

� Software integration

� Performance optimization

0),,,( =ptxxf &
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Optimizer

Linear 
solver

Eigensolver

Time 
integrator

Nonlinear 
solver

Indicates 
dependence

Sens. Analyzer
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TOPS philosophy on PDE software

� Solution of a system of PDEs is rarely a goal in itself 

� PDEs are solved to derive various functionals from given inputs

� Actual goal is usually characterization of a response surface or a 
design or control strategy

� Together with analysis, sensitivities and stability are often 
desired

� Tools for PDE solution should also support such 
related desires, built on the same distributed data 
structures and employing the same optimized 
kernels used to solve the PDE, itself
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Example of PDE-constrained optimization

c/o G. Biros and O. Ghattas

Lagrange-Newton-Krylov-Schur implemented in Veltisto/PETSc

wing tip vortices, no control (l); optimal control (r)wing tip vortices, no control (l); optimal control (r)

optimal boundary controls shown as velocity vectorsoptimal boundary controls shown as velocity vectors

� Optimal control of laminar viscous flow

� optimization variables are surface 
suction/injection 

� objective is minimum dissipation

� 700,000 states; 4,000 controls

� 128 Cray T3E processors

� ~5 hrs for optimal solution (~1 hr for analysis)

www.cs.nyu.edu/~biros/veltisto/

optimization in 
five analyses!
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Presentation plan

� Wildland firespread

� the problem

� current models

� Front-tracking methods

� analytical formulation

� numerical issues

� Level set firespread models

� parameterizing the advance of the firefront

� C++ implementation and illustrative results

� Optimization issues

� parameter estimation

� evaluation of derivatives

� prescribed burns and real-time fire fighting requirements

� Conclusions and prospects
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Wildland firespread: Caliente project
Fires at wildland-urban interface can be simulated, leading to strategies for 

prescribed preventative burns and fire control

Joint NSF-sponsored work of CMU, Rice, ODU, Sandia, ENPC, and TRW

“It looks as if 
all of Colorado 
is burning” –

Bill Owens, 
Governor
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Wildland firespread: the problem

� Increasing prevalence (“fire deluge” – S. Pyne)

� tens of thousands of wildfires per year in US

� millions of acres burned per year

� consequences of a century of misguided > 95%
successful fire suppression

� Cost of out-of-control wildfires

� $1-2B in property damage per year in US

� up to $15M spent per day fighting fires during peak 
season, engaging 30,000 firefighters

� consequences of several decades of building homes in 
the wilderness
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Fire community needs

� Guidance for controlled burns

� about 3% of US land area (70-80 million acres) in need of fuel 
reduction burns

� only 3% of that (about 2 million acres) undergoes fuel reduction
burns annually today

� Guidance for catastrophic burns

� only about 3% of wildland fires escape containment

� each such fire is unique, requiring a custom strategy

� when simulation is needed, it is needed in real time

� Modern fire modeling goes back to ~1946

� still immature mathematically

� in infancy as far as optimization is concerned

� any creative scientist can still make a contribution
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Wildland firespread: current models

� Empirical, à la D. Anderson 
et al.(Australia, 1982):

� 2D elliptical firefront aligned 
with wind whose origin 
translates with the wind, and 
which grows linearly with time 
in all directions in the 
translating frame of the wind

� First principles, à la J. Coenet al.(NCAR, 1998):

� 3D+time simulation of full conservation laws of mass, 
momentum, energy, and chemical species in the complex 
geometry, complex material fuel-atmosphere system

� Semi-empirical, à la F. Fendellet al.(TRW, 1991):

� … next slide …

not 
worthy

not 
ready
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Semi-empirical wildland firespread

� Firefront locus, projected onto 
a plane, specified as function of 
time, with advance of 
infinitesimal unit of arc normal 
to itself depending upon:

� weather

�

wind speed and direction, 
temperature, humidity

� fuel loading

�

type and density distribution of 
fuel or firebreaks

� topography

� Topology changes (islands, mergers) important

� Vertical structure, ignition details, firebrands, etc., ignored

Front at 
time t

Front at 
time t+dt
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Front-tracking

� Closed hypersurface, � , in 
n dimensions

� Moving in time, t, from � 0

= � (0), normal to itself, 
under a given “speed 
function” F(x, t, � (t)) 

� May depend upon local 
properties of the domain, x, 
time, t, and properties of 
the front, itself



IMA, 9 Jan 2003 

Front-tracking concepts

� Huygens’ principle

� Markers

� Volume of fluid

� Fast marching

� Level sets
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Schematics of front tracking

� Huygens’ principle

� Markers

� Volume-of-fluid

0.0 0.1 0.6
0.2

0.5 0.7
1.0 0.9

0.3
0.7
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Level set methods

1996 2003
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Level set front tracking

� Fast marching method

� Solve for arrival time 
T(x) of the front at x,
givenT(x) = 0 on � 0

� � (t) = { x | T(x) = t }

� For F = F(x,t), F > 0

� Boundary value problem

� Eikonal eq.:

F |ÑÑÑÑT(x)|  = 1

� Level set method

� Solve in all space for 
� (x, t) , given  � (x,0) 

= � 0(x) (= 0 on � 0)

� � (t) = { x | � (x,t) = 0 }

� For F = F(x,� ,ÑÑÑÑ� ,t)
� Initial value problem

� Hamilton-Jacobi eq.:

� t(x,t) + F  |ÑÑÑÑ � (x,t)| = 0
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Comparisons

� Pro: fast marching and level sets are Eulerian

� fixed grid – easier to implement for evolving topology

� leverage theory for eikonal and Hamilton-Jacobi eqs.

� accuracy reasonably well understood for discrete versions of 
front-tracking problem

� Con: fast marching and level sets embed an interface 
problem in a higher dimensional space

� could be wasteful, unless careful

� level sets demand specification of field and speed function away
from the interface, where they may not be defined by the model

� Cons can be overcome; for generality � level sets
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Level set method

� Define � (x,t) as the signed 
distance to the front � (t) 
(needed only near � =0 , to 
form numerical derivatives 
with sufficient accuracy)

� With F(x,� ,ÑÑÑÑ� ,t) and initial 
front have Cauchy problem 
for a Hamilton-Jacobi eq.

� Crandall & Lions (1983)

� existence and uniqueness for 
weak solutions

� numerical approximations 
based on hyperbolic 
conservation laws

�

(x,0)

� t(x,t) + F  |ÑÑÑÑ � (x,t)| = 0

� (x,0) = � 0(x)

� 0
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Hamilton-Jacobi equations

� General form: 

� H is the Hamiltonian

� Equation holds a.e.

� Shocks appear, even from 
smooth initial data

� Many weak solutions

� Viscosity solutions lead to 
existence and uniqueness

� t + H(x, � , ÑÑÑÑ� , t) = 0

� (x,0) = � 0

� eeee
t + Heeee(x, � eeee, ÑÑÑÑ� eeee, t) = eDeDeDeD� eeee

� eeee (x,0) = � eeee
0

� Viscosity form:

� Heeee®®®® H , � eeee
0 ®®®® � 0 as e®e®e®e® 0

� … and � eeee(x,t)®®®® � (x,t) !

� � 0(x) must be bounded 
and continuous

� H must be continuous and 
satisfy other technical 
assumptions



IMA, 9 Jan 2003 

Numerical approximation

� Theory for Hamilton-Jacobi

� convergent schemes under appropriate assumptions 
(continuity of H, consistency, monotonicity, …) for 
explicit time advance, e.g., in 1D:

� g is the numerical Hamiltonian, based on numerical 
fluxes from hyperbolic conservation laws

� Link with hyperbolic conservation laws

� in 1D, � x satisfies a hyperbolic conservation law:

� � x can have discontinuities, so � can have kinks 

� n+1
i = � n

i – � t g(D+x � n
i-1, D+x � n

i)

[� x] t + [H(� x)]x = 0
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Numerical implementation

� In practice

� Engquist-Osher for convex Hamiltonian

� Lax-Friedrichs for non-convex Hamiltonian

� observe the CFL: � t ££££ � x / [max |H �

x|]

� Convergence

� first order in space

� half order in time for the infinity norm
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Algorithms

� “Narrow band” method

� initialization: set � 0 , extend � 0 and F  
in narrow tube (e.g., 10 - 30 cells wide)

� (1) advance: � n+1 = � n - � t g(finite 
differences on� n)

� (2) write; rebuild tube if necessary; 

� (3) reinitialize � and F in tube; go to (1)

� “Full matrix” method

� initialization: set � 0 , extend � 0 and F  to full mesh

� (1) advance: � n+1 = � n - � t g(finite differences on� n)

� (2) write; reinitialize � and F on full mesh; go to (1)

tube

�
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Algorithms

� Comparisons

� narrow band method computes only where needed 
(addresses the “con” of embedding)

� narrow band does not require unphysical extension of 
speed function

� Possible generalizations

� unstructured meshes

� structured adaptive meshes

� higher order schemes in space, time

� parallelism

� implicitness in time
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Code

� Created by V. Mallet, summer 2002

� Freely available object oriented C++ library

� Documented by Doxygen and short manual

� Simulation defined by set of objects (speed function, 
reinitializer, output saver, etc.)

� Initial implementation: extensibility, generality, 
developer convenience, efficiency

� Current work: ease-of-use, higher level tools (incl. 
optimization objects), high performance

� Maybe later, if needed: addition of more complex
discretizations, more integrators
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Illustration of level set code

Animation by Vivien Mallet, Ecole Nationale des Ponts et Chaussées

letter ‘M’ collapsing under F = -1
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Observations

� Errors reasonable

� first order in space, not sensitive to timestep 

� could be improved but quality of fire data does not 
yet warrant

� Low simulation times

� ££££ 1 min for 1000 steps on 100,000-point grid on mid-
range Unix desktop or PC (depends on shape of front)

� Low memory requirements

� Ideally suited for portability and integration

� fire chief’s laptop w/GIS and wireless weather info

� optimization use, real-time data assimilation
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Parameterization of fire-front advance

� Particulars

� U: wind speed

� qqqq : angle between front 
normal and wind direction

� vf , 

�

, � :  directional modifiers, 
with complex functional 
dependences on U

� mmmm: exponent for shape control

F(
�

) = vf(U cos2

�

) + 

�

(U sin

�

�

)   if  |

�

|< �/2
(head)

F(

�

) = 

�

(U sin

�

�

) + �(U cos2

�

)   if  |

�

|> �/2
(rear)

� Principles

	 Minimize parameters

	 Concentrate on wind effects

	 Specify speeds at head, 
flanks, rear and smoothly 
interpolate in between by 
angle
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Parameterization of fire-front advance

� In original Fendell-Wolff 
model, exponent m of cosqqqq
factor in head wind term was 
fixed at 1/2, which led to too flat 
a head (figure shows 
superimposed front positions)

� Fendell next proposed 5/2, 
which led to too narrow a head

� This led to a “brute force” 
derivative-free FAX iteration
with the fire domain expert 
until we arrived at a picture he 
likes, for now …

m=1/2

m=5/2
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Parameterization of fire-front advance

� This discussion led to a wide-open 
hunt for simpler models satisfying:

� much greater head advance than flank 
and rear

� moderate pinching of head

� kink-free fronts

� simpler formulae for use in the numerical 
flux and optimization routines (derivatives 
required)

� Currently working with (and there are 
several morals here):

� Following animations are based on an 
earlier model, however

m=3/2

F(
�

) = � + c U1/2 cosm

�

if  |

�

|< �/2

F(

�

) = � (aaaa + (1-aaaa ) |sin

�

|)   if  |

�

|> �/2
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Wind-driven fire simulation
For this example two elliptical fires, one with an unburnt island, 

merge and evolve under a wind from the west

Animations by Vivien Mallet, Ecole Nationale des Ponts et Chaussées
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Wind-driven fire simulation
For this example an originally elliptical fire evolves under a wind 
that is originally from the west and gradually turns to be from the 

south
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Wind-driven fire simulation
For this example an originally elliptical fire evolves without wind 
from a region of high fuel density into a region of low fuel density

high

low
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Caliente firespread milestones

� Year 1

� formulate, implement, and demonstrate semi-empirical model 
of firespread

� Year 2 

� identify model parameters based on synthetic or real (if 
available) firespread data

� Years 3-5

� control simulations by varying fuel loading

� optimize sensor placement to enhance control

� upgrade analysis model (e.g., for atmospheric coupling) 

ü

Looking for creative ideas



IMA, 9 Jan 2003 

Parameter identification

� Model parameters

� scalar shape parameters (eeee, m, etc.)

� field parameters (fuel density, wind, topography, etc.)

� Objectives

� for collections of points with known front arrival times 
(e.g., from field sensors):

�

weighted sum of arrival time discrepencies

�

weighted sum ofdistance-to-the-frontdiscrepencies for known front 
arrival events

� for well defined fronts (e.g., from surveillance imaging):

�

generalized distance between two closed curves

�

discrepencies between front propagation speeds 

� others, combinations, …
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Prospects for real data

Recorded firefront perimeters 
for the “Bee Fire” of 1996 
from TR by F. Fukiyama

Measured topography and 
computed windfield for  “Bee 
Fire” model development
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Inversion algorithms

� Assume we want to identify parameter p in model
F(p,x,t,n) (n is the unit normal)

� Assume sensor measurements (Pi ,Ti ) for the real front 
(arrival at point Pi at time Ti ), i =1, 2, …

� Assume simulation front history is GGGGs (t)

� Time-like objective

� Let Ti
s be defined as the time at whichPi ÎÎÎ Î GGGGs (Ti

s)

� f(p) = SSSSi (Ti
s-Ti )2

� Space-like objective

� Let M i be the projection ofPi onto GGGGs (Ti )

� f(p) = SSSSi dist(Pi-M i )2 choice for now
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Evaluating derivatives, I

� For any type of gradient-based optimization method, 
we need derivatives of the objective with respect to p

� We may consider

� finite differences

� automatic differentiation (see P. Hovland talk)

� integration of differentiated quantities along the path

� Latter is attractive for the space-like objective, since 
M i can be expressed as an integral of F(p, …) with 
respect to time from an initial point at t=0 until t= Ti 

� Delicate issue is implicit dependence of x, n on p

M i(p) =Mi0 + �0
Ti F( p, x(p,t), n(p,x(p,t),t), t ) . n( p, x(p,t), t ) dt
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Evaluating derivatives, II

� How to find d////dp[Mi(p)] for each i ?

� From stored GGGGs (tk), k=0,1, …, K (such that t0=0 and tK=Ti ), 
construct path segments from M iK ºººº M i ÎÎÎ Î GGGGs (Ti) back to M i0 ÎÎÎ Î
GGGG0 by projecting from M ik ÎÎÎ Î GGGGs (tik) on each front to M ik -1ÎÎÎ Î GGGGs 

(tik-1) on the previous, constructing the normal to the previous

� This defines the xik and the nik and also (for later purposes) the 
tttt ik , the set of unit tangent vectors at the xik

nik-1

tttt ik-1

xik-1

xik=Mi

xik-2

GGGGs(Ti)GGGGs(tik-1) GGGGs(tik-2) 
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Evaluating derivatives, III

� Now approximate (suppressing i) …

� … by a quadrature (with discrete index as superscript)

� … and differentiate implicitly w.r.t.  p (subscript)

d////dp[M(p)] »»»» SSSSk [Fp ( p, xk, nk, tk ) . nk ( p, xk, tk ) 

+Fx ( p, xk, nk, tk ) . xp
k ( p, tk ) . nk ( p, xk, tk ) 

+Fn ( p, xk, nk, tk ) . np
k ( p, xk, tk ) . nk ( p, xk, tk ) 

+Fn ( p, xk, nk, tk ) . nx
k ( p, xk, tk ) . xp

k ( p, tk ) . nk ( p, xk, tk )

+F ( p, xk, nk, tk ) . nx
k ( p, xk, tk ) . xp

k ( p, tk ) 

+F ( p, xk, nk, tk ) . np
k ( p, xk, tk ) ] DDDDt

M(p) = M0 + �0
T F( p, x(p,t), n(p,x(p,t),t), t ) . n( p, x(p,t), t ) dt

M(p) »»»» M0 + SSSSk F( p, xk, nk, tk ) . nk( p, xk, tk ) DDDDt
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Evaluating derivatives, IV

� The last four lines of terms in brackets can be 
rewritten as

� … using the total derivative of the normal

{ F(p,xk,nk,tk)  + Fn(p,xk,nk,tk) . nk (p,xk,tk) } . d////dp[nk (p, xk, tk)] 

d////dp[nk (p, xk ,tk)] = np
k ( p, xk, tk ) + nx

k ( p, xk, tk ) . xp
k ( p, tk ) 

� Finally, one can relate d////dp[nk] to

d////dp[tttt k] and develop a k-recurrence 
going back to d////dp[n0]=0 and d////dp[tttt 0]=0

using partial derivatives of F, which 
lead to the rotations of n and tttt
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Evaluating derivatives, V

� The bottom line is that d////dp[Mi(p)] and therefore 
df////dp can be evaluated analytically (to within the 
discretization of the path itself)

� Second derivatives are also possible, in principle

� Gradients and Hessians of what is, in effect, an 
unconstrainedoptimization problem can be 
produced, each at a cost proportional to the 
number of their elements (dim(p) and dim(p)2, 
resp. – much exploitable structure herein) times 
the number of measurements in the objective

� One-time cost of path construction for each i
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Results to date

� Hand code for first derivatives tested, AD next (?)

� For speed functions F that do not depend on space 
and for Lagrangian trajectories that turn smoothly, 
all terms except those in Fp(p,x,n,t)vanish or are 
neglibly small in comparison to it

� Using “exact” synthetic data (no noise beyond 
discretization error), have converged df////dp(p) = 0 by 
3-5 orders of magnitude in norm forp as overall 
windspeed parameter, for from 1 to 600 (consistent) 
measurements, by Newton’s method

� Obviously, much work remains before this method 
can be recommended with any confidence
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Complexity considerations

� For each sensor event, need the discrete path back to 
initial curve  

� this path construction algorithm is not yet efficiently 
implemented, search should be pruned

� For accuracy in optimization, we may need to save 
intermediate fronts at greater density than would be 
necessary for forward problem alone 

� normally, intermediate fronts need be saved only for visualization

� For each step of optimization method, need to 

� evaluate all derivatives

� do auxiliary linear/nonlinear algebra

� ensure robustness of optimization process
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Future optimization interests 

� Develop more comprehensive empirical models 

� have concentrated on wind-driven spread to date

� topography and fuel density important

� fuel density usually the only controllable parameter in the field

� Consider sensor placement problem in inversion 

� Test other objective functions in inversion

� regularization

� TRW has NPOESS satellite contract to monitor global burning 

� Develop objectives for planning prescribed burns 

� Develop objectives for fighting out-of-control fires 
(real-time optimization)

� Interest fire fighting professionals with tests on real 
data and ultimately real fires
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Conclusions

� Optimization in simulation-based models an emergent “critical 
enabling technology” throughout science and technology 
agendas of governments and industry

� Cultural gap between specialists in simulation and optimization 
needs spanning

� simulation specialists need to formulate well-conditioned 
objectives and constraints at a modeling fidelity appropriate for 
beginning collaborations – and produce derivatives

� optimization specialists need to “adopt” sample applications, learn 
what is “easy” and “hard” to do, and structure corresponding 
integrated approaches

� Wildland firespread (among others) is ripe for optimization in 
several respects

� produce better firespread models (parameter identification)

� design better strategies to prevent uncontrolled wildfires

� design real-time fire fighting strategies for fires that escape control
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Question for applications people
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Related URLs

� Personal homepage: papers, talks, etc.
http://www.math.odu.edu/~keyes

� Caliente optimization project (NSF)
http://www.cs.cmu.edu/~caliente/

� TOPS software project (DOE)
http://tops-scidac.org
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Happy Steklov’s Birthday

� Student of Lyapounov, 
succeeded him as Chair of 
Applied Mathematics at
Kharkov University, and then 
at St. Petersburg

� Worked on BVPs of potential 
theory, electrostatics, 
hydrodynamics

� Poincaré-Steklov map
� Wrote fundamental treatise 

on eigenfunction expansions 
Born: 9 Jan1864 in Gorky, Russia

Died: 1926 Crimea, USSR
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