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                          Abstract 
                          ====== 

    Reissner-Mindlin plate model is one of the most commonly used models  
of a moderately think to thin linearly elastic plate. However, a direct  
and seemingly reasonable finite element discretization usually yields  
very poor results which is usually referred to LOCKING phenomenon. 
In the past two decades, many efforts have been devoted to the design of  
locking free finite elements to resolve this model. However, most of these work  
focus on triangular and rectangular elements, the latter may be easily  
extended to parallelograms, but very few on quadrilaterals. 
   In this talk we will give an overview for the recent development of  
some low order quadrilateral elements and present our new results. 
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Abstract

We report on an ongoing e�ort to build a Dynamic
Data Driven Application System (DDDAS) for short-
range forecast of weather and wild�re behavior from
real-time weather data, images, and sensor streams. The
system changes the forecast as new data is r eceived.
We encapsulate the model code and apply an out of
time-order ensemble Kalman �lter in time-space with a
highly parallel implementation. In this talk, we discuss
how we will demonstrate that our system works using
a DDDAS testbed approach and data collected from an
actual �re, mathematical and computational models,
and how intelligent sensors provide a symbiotic relation
between data collection and modeling.

1 Introduction

We describe the current state of a dynamic data driven
application system (DDDAS) for simulating wildland
�res (Douglas, Beezley, Coen, Deng, Li, Mandel, Man-
del, Qin, and Vodacek ).

DDDAS is a paradigm whereby application (or simu-
lations) and measurements become a symbiotic feedback
control system. DDDAS entails the ability to dynami-
cally incorporate additional data into an executing ap-
plication, and in reverse, the ability of an application to
dynamically steer the measurement process. Such capa-
bilities promise more accurate analysis and prediction,
more precise controls, and more reliable outcomes. The
ability of an application to control and guide the mea-
surement process and determine when, where, and how
it is best to gather additional data has itself the potential
of enabling more e�ective measurement methodologies.

%��³�´%�



Furthermore, the incorporation of dynamic inputs into
an executing application invokes new system modalities
and helps create application software systems that can
more accurately describe real world, complex systems.
This enables the development of applications that in-
telligently adapt to evolving conditions and that infer
new knowledge in ways that are not predetermined by
the initialization parameters and initial static data.

The motivation for our research is the following:

� The obvious societal value of an accurate fore-
cast compounded with the inherent challenge
in modeling nonlinear, rapidly changing phe-
nomena.

� The di�culty in obtaining remote or in situ
data.

� The challenges of communicating the on site,
out of sequence data of unknown quality to
remote supercomputers and using it to steer
simulations.

The work necessarily extends beyond data assimila-
tion work in progress in atmospheric or ocean sciences
due to the speci�c application challenges: the model
is strongly nonlinear and irreversible, the data arrives
out of sequence from disparate data sources, and error
distributions cannot be considered

Components have been developed and added to the
coupled atmosphere-wild�re model which

� save, modify, and restore the state of the model,
� apply ensemble data assimilation algorithms to

modify ensemble member states by comparing
the data with synthetic data of the same kind
created from the simulation state,

� retrieve, process, and ingest data from both
novel ground-based sensors and airborne plat-
forms in the near vicinity of a �re, and

� provide computational results visualized in sev-
eral ways adaptable to user needs.

DDDAS requires sensors capable of dynamically
supplying data to a simulation. An ideal sensor would
be sensitive, selective, and able to communicate high
level spatial and chemical information to the simulation
rapidly using negligible bandwidth.

Data that come into the data center must go through
a process consisting of up to six steps.

1. Retrieval: Get the data from sensors. This may
mean receiving data directly from a sensor or
indirectly through another computer or storage
device (e.g., a disk drive).

2. Extraction : The data from some sensors may be
quite messy in raw form, thus the relevant data

may have to be extracted from the transmitted
information.

3. Conversion: The units of the data may not be
appropriate for our application.

4. Quality control : Bad data should be removed
or repaired if possible. Missing data (e.g., in a
composite satellite image) must be repaired.

5. Store: The data must be archived to the right
medium (or media). This might mean a disk,
tape, or computer memory, or no storage de-
vice at all (or only brie
y) if data is not being
archived permanently or only temporarily.

6. Noti�cation : If a simulation is using the data
as it comes into the data center, the application
needs to be informed of the existence of new
data.

2 Wildland Fire Model

The original modeling system is composed of two parts:
a numerical weather prediction model and a �re behavior
model that models the growth of a wild�re in response to
weather, fuel conditions, and terrain (Clark, Coen, and
Latham 2004, Coen 2005). These models are two way
coupled so that heat and water vapor 
uxes from the �re
are released into the atmosphere, a�ecting the winds in
particular, while the �re a�ected winds feed back upon
the �re propagation. This wild�re simulation model can
thus represent the complex interactions between a �re
and the atmosphere.

The meteorological model is a three-dimensional
non-hydrostatic numerical model based on the Navier-
Stokes equations of motion, a thermodynamic equation,
and conservation of mass equations using the anelastic
approximation. Vertically-stretched terrain-following
coordinates allow the user to simulate in detail the air
ow
over complex terrain. Gridded natioinal weather fore-
casts are used to initialize the domain and update lateral
boundary conditions. Two-way interactive nested grids
capture the outer forcing domain scale of the synoptic-
scale environment while allowing the user to telescope
down to tens of meters near the �reline through hori-
zontal and vertical grid re�nement. Weather processes
such as the production of cloud droplets, rain, and ice
are parameterized using standard treatments.

In the original model, local �re spread rates de-
pend on the modeled wind components, fuel proper-
ties, and terrain slope through an application of the
semi-empirical Rothermel �re spread formula (Rother-
mel 1972). We are replacing the Rothermel model with
a simple physics and PDE based model (Mandel, Chen,
Franca, Johns, Puhalskii, Coen, Douglas, Kremens, Vo-
dacek, and Zhao 2004). This PDE model uses the
reaction-convection-di�usion equation for the tempera-
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ture T and fuel supply S,

c
@T
@t

= � r dr T � av � OT + e
@Sk
@t

� b(T � Ta) ; (1)

@S
@t

= � f (T )S: (2)

(1) is the balance of heat. The term �r dr T models
the heat di�usion, � av � OT is the convection by wind
with speedv, e@Sk

@t is the heat generated by burning the
fuel, and � b(T � Ta) is the heat lost to the ambient
environment with temperature Ta . (2) is the balance
of fuel. This simple model is capable of producing a
reasonable �re behavior with an advancing �re front. A
more advanced version of this model is under develop-
ment, which will include several species of fuel, radiative
heat transfer between fuel species, and evaporation of
moisture. It is anticipated that this model will replace
the empirical �re model and it will be coupled to the
atmospheric model. For related physics based �re mod-
els in the literature, see, e.g., (Linn, Reisner, Colman,
and Winterkamp 2002, Ser�on, Guti�errez, Magall�on, Fer-
ragut, and Asensio 2005).

Forecasting with the coupled atmosphere �re model
is achieved using the Ensemble Kalman Filter (EnKF).
Ensemble �lters work by advancing in time a collec-
tion of simulations started from randomly perturbed
initial conditions. When the data is injected, the en-
semble (calledforecast) is updated to get a new ensemble
(called analysis) to achieve a least squares �t using two
conditions: the change in the ensemble members should
be minimized, and the data d should �t the ensemble
members stateu,

h(u) � d; (3)

whereh is called theobservation function. The weights
in the least squares are obtained from the covariances of
the ensemble and of the data error. For comprehensive
surveys of EnKF techniques, see (Evensen 2003, Evensen
2004, Tippett, Anderson, Bishop, Hamill, and Whitaker
2003). In general,EnKF works by forming the analysis
ensemble as linear combinations of the forecast ensemble.

We are using �lters based on the EnKF with
data perturbation (Burgers, van Leeuwen, and Evensen
1998). But, even with the simple wild�re model (1)-
(2), the data assimilation produces an ensemble with
nonphysical solutions causing the simulations to break
down numerically. Therefore, we have proposed a reg-
ularization by adding a term involving the change in
the spatial gradient of ensemble members to the least
squares (Johns and Mandel rint). Existing ensemble
�lter formulas assume that the observation function is
linear, h(u) = Hu , and then compute with the observa-
tion matrix H . To simplify the software, we have derived

a mathematically equivalent ensemble �lter that only
needs to evaluateh(u) for each ensemble member.

For the issue of assimilating of out-of-order data
we will use system states that combine states at several
times (Mandel, Chen, Franca, Johns, Puhalskii, Coen,
Douglas, Kremens, Vodacek, and Zhao 2004). The
parallel computing framework we have developed was
designed with this in mind.

Data comes from �xed ground sensors that measure
temperature, radiation, and local weather conditions
(Kremens, Faulring, Gallagher, Seema, and Vodacek
2003). These systems will survive burn-over by low in-
tensity �res and are intended to supplement other sources
of weather data derived from permanent and portable
automated weather stations. The temperature and ra-
diation measurements provide the direct indication of
the �re front passage and the radiation measurement
can also be used to determine the intensity of the �re.

Data also come from images taken by sensors on ei-
ther satellites or airplanes. The primary source of image
data is the Wild�re Airborne Sensor Project (WASP)
(Li, Vodacek, Kremens, Ononye, and Tang 2005). This
three wavelength digital infrared camera system is car-
ried on an airplane that is 
own over the �re area. Cam-
era calibration, an inertial measurement unit, GPS, and
digital elevation data are used in a processing system
to convert raw images to a map product with a latitude
and longitude associated with each pixel. The three
wavelength infrared images can then be processed using
a variety of algorithm approaches (Li, Vodacek, Kre-
mens, Ononye, and Tang 2005, Dozier 1981) to extract
which pixels contain a signal from �re and to determine
the energy radiated by the �re (Wooster, Zhukov, and
Oertel 2003, Smith, Wooster, Drake, Perry, Dipotso,
Falkowski, and Hudak 2005).

The data are related to the model by the obser-
vation equation (3). The observation function h maps
the system state u to synthetic data, which are the
values the data would be in the absence of modeling
and measurement errors. Knowledge of the observation
function, the data, and an estimate of the data error
covariance is enough to �nd the correct linear combina-
tions of ensemble members in the ensemble �lter. The
data assimilation code also requires an approximate in-
verseg of the observation function. For a system state
u and data d, g (h(u) � d) is the direction in which the
system state can change to decrease a norm of the data
residual h (u) � d. For an observation function that is
simply the value of a variable in the system state, the
natural choice of approximate inverse can be just the
corresponding term of the data residual, embedded in
a zero vector.

Building the observation function and its approx-
imate inverse requires conversion of physical units be-
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tween the model and data and conversion and interpo-
lation of physical coordinates. In addition, synthetic
data at instants of time between the simulation time
of ensemble members need to be interpolated to the
data time. The data injection itself is done by updating
the ensemble to minimize a weighted sum of the data
residual and the change in the ensemble.

The data items enter in a pool maintained by the
data acquisition module. The assimilation code can
query the data acquisition module to determine if there
are any new data items available, request their quanti-
tative and numerical properties, and delete them from
the pool after they are no longer needed.

3 Conclusions

The wildland �re DDDAS provides a rich, multidisci-
plinary environment where researchers in mathematics,
atmospheric sciences, imaging sciences, and sensor de-
sign. There are open questions in each of these �elds
related to this one DDDAS project that need to be ad-
dressed in order to provide a comprehensice and solid
scienti�c basis for the computations.
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Moving Mesh Methods for Singular Problems Using 

Perturbed Harmonic Mappings

Tao Tang 
Department of Mathematics 

Hong Kong Baptist University 
ttang@lsec.cc.ac.cn

In this talk, we will extend Dvinsky's method to provide an efficient and practical moving mesh 
algorithm for solving partial differential equations. 

The key idea is to construct the harmonic map between the physical space and a parameter 
space by an iteration procedure. Each iteration step is to move the mesh closer to the harmonic 
map. Thisthe map harmonic even after long time of numerical integration. 

We will also discuss a recent work in developing moving mesh strategies for solving problems 
defined on a sphere. To construct mappings between the physical domain and the logical domain, 
it has been demonstrated that harmonic mapping approaches are useful for a general class of 
solution domains. However, it is known that the curvature of the sphere is positive, which makes 
the harmonic mapping on a sphere not unique. To fix the uniqueness issue, we follow Sacks and 
Uhlenbeck [Ann. Math., 113, 1-24 (1981)] to use a perturbed harmonic mapping in mesh 
generation. A detailed moving mesh strategy including mesh redistribution and solution updating 
on a sphere will be presented. 

*This work is joint with Y. Di, R. Li and P.-W. Zhang of Peking University. 
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[12] Y-J Wu, L Sun, A priori estimates of incremental unknowns methods on a class of 
special nonuniform meshes for three dimensional problems, Chin J Engin Math, 21:8 
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New Singular Value Decomposition Algorithm with High Performance

Yoshimasa Nakamura
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Singular value decomposition (SVD) of matrices is a basic tool in a very wide area
of information processing as a solver for least square problems. A new algorithm
with a shift of origin (mdLVs) for computing singular values �k of bidiagonal
matrices is presented. A shift �(n)2 is introduced into the recurrence relation

w̄(n+1)
2k�1 = v(n)

2k�2 + v(n)
2k�1 � w̄(n+1)

2k�2 � �(n+1)2
, w̄(n+1)

2k =
v(n)

2k�1v(n)
2k

w̄(n+1)
2k�1

defined by a discrete-time integrable dynamical system. A shift strategy

�(n)2
= max{0, �(n)

1
2

� �}, �(n)
1 := min

k

��

w(n)
2k�1 �

1
2

��

w(n)
2k�2 +

�
w(n)

2k

��

,

for any small positive �, is given so that the singular value computation becomes
numerically stable and has a cubic convergence rate and a higher relative accuracy.
Therefore the mdLVs algorithm is implemented in DLVS routine which is more
accurate and faster than a credible LAPACK routine for singular values.

Secondly, a new double Cholesky factorization of symmetric tridiagonal matrices

B�B �
� 1

�(0) �
1

�(±1)

�
I = (B±)�B±.

is also presented by using certain discrete-time integrable systems, which gives rise
to a fast algorithm for the associate singular vectors. By taking a suitable �(0) we
can improve orthogonality of the resulting singular vectors.

A new bidiagonal SVD algorithm (I-SVD) is then designed which is separated
into two parts. The first is the mdLVs for accurate singular values. The second
part is the double Cholesky factorization. The I-SVD has good properties with
respect to both the computational time and the numerical accuracy. The I-SVD
algorithm is now implemented in DBDSLV routine which has a better performance
with respect to speed, accuracy and scalability than the LAPACK routine for large
scaled bidiagonal SVD problem.
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