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Abstract. We describe a virtual telemetry system that allows us to devise and augment 
dynamic data-driven application simulations (DDDAS).  Virtual telemetry has the advantage 
that it is inexpensive to produce from real time simulations and readily transmittable using 
open source streaming software. Real telemetry is usually expensive to receive (if it is even 
available long term), tends to be messy, comes in no particular order, and can be incomplete 
or erroneous due to transmission problems or sensor malfunction. We can generate multiple 
streams continuously for extended periods (e.g., months or years): clean data, somewhat error 
prone data, and quite lossy or inaccurate data. By studying all of the streams at once we will 
be able to devise DDDAS components useful in predictive contaminant modeling.  A virtual 
telemetry module is now part of the SCIRun problem solving environment. 

Keywords. DDDAS, middleware, sensors, data streaming, problem solving environments, 
contaminant transport, porous media, multiscale. 

1. INTRODUCTION 
We have immense computing power available at the national supercomputer centers 
and local clusters of fast PCs.  We also have had a proliferation of data acquisition 
and generation through the deployment of sophisticated new generations of sensors.  
The lack of coordination between current computational capacity and sensor 
technology impairs our ability to effectively utilize the continuous flood of 
information available.  This is a substantial barrier to achieving the potential benefit 
computational science can deliver to many application areas including contaminant 
tracking, which is the target application area of this project. 

To address this current state we have identified four relatively diverse areas that 
have common issues that must be addressed for dynamic data driven application 
simulation (DDDAS) informational and computational sciences to have the 
promised impact toward addressing important problems.  These issues include: 

o Effectively assimilating continuous streams of data into running 
simulations.  These data streams most often will be 

o Noisy but with known statistics: 
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• Received from a large number of scattered remote locations and 
must therefore be assimilated to a usable computational grid. 

• Missing bits or transmission packets, as for example is the case in 
wireless transmissions. 

• Injecting dynamic and unexpected data input into the model. 
• Limited to providing information only at specific scales, specific 

to each sensor type. 
o Warm restarting simulations by incorporation of the new data into parallel 

or distributed computations, which require the data but are sensitive to 
communication speeds and data quality. 

o Tracking and steering of remote distributed simulations to efficiently 
interact with the computations and to collaborate with other researchers. 

o Components to assist researchers in their interpretation and analysis of 
collections of simulations.  This will include designing and creating an 
application program interface and middleware. 

Sensors and data generating devices may take many forms, even, for example, 
other running computational simulations.  The intent of this proposal is to directly 
address DDDAS issues in the context of a specific application area in order to 
provide techniques and tools to effectively demonstrate the potential of dynamic 
data driven simulations for other areas. 

The primary application is contaminant tracking, which in groundwater 
reservoirs is modeled by strongly coupled systems of convection-reaction-diffusion 
equations.  The solution process of such systems becomes more complicated when 
modeling remediation and clean-up technologies since they exhibit strong 
nonlinearities and local behavior.  For efficient solution of this class of problems we 
need:  (a) accurate, fast, and locally conservative approximation methods and (b) 
parallel adaptive methods that are dynamic in time.  We shall solve these challenge 
problems using distributed computer systems (discussed above) and the latest 
developments in Eulerian-Lagrange localized adjoint method, discontinuous 
Galerkin method and/or streamline diffusion method in concert with domain 
decomposition and adaptive grid refinement techniques. 

Many applications are essentially computer models that solve nonlinear, 
unsteady, coupled, partial differential equations.  All require consistent initial 
conditions, adequate forcing fields, and boundary conditions to advance the solution 
in time.  Collectively these fields represent the input data necessary to run the 
models.  The input data can originate from observations, e.g., sensor based 
telemetry, can be internally generated from ensemble type simulations, or can be 
externally generated (e.g., providing boundary conditions for very high resolution 
regional models).  The skill of these models to adequately represent realistic 
conditions is intimately tied to the quality, spatial and temporal coverage, and 
intelligent use of their input data sets.  These applications in turn generate large 
amounts of output data that must be either analyzed or passed on to other more 
specialized subcomponents. 

The traditional operating mode for most CFD applications is a static 
initialization with fixed forcing and boundary conditions followed by a limited 
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exploration of the parameter space.  This is clearly inadequate for many long term 
simulations, particularly when advances in observations capabilities, data 
assimilation techniques, and computers and networking can be leveraged to 
determine an optimal enough set of parameters needed for accurate and realistic 
forecasts. 

DDDAS endows applications with dynamic data input capabilities by coupling 
the model and algorithms to the observations.  The ultimate aim is to leverage the 
current state of the art in computing, networking, and observational instruments to 
produce a more realistic and accurate depiction of the state of a system than can be 
derived using either model or observations alone.  We stress the fact that continuous 
data streams from observational instruments and sensors call for a radical change in 
model philosophy from static to dynamic data input. 

Several hurdles stand in the way of achieving such an integrated, dynamically 
driven modeling system.  These hurdles can be classified as data quality and 
management, computing and networking power, data assimilation and modeling 
algorithms, visualization, and hardware requirements. 

A valid question is why do DDDAS in the first place?  Many applications (e.g., 
7 day weather forecasting) run fast enough already on parallel supercomputers.  
Starting a new simulation every time new data is available is then reasonable.  Some 
situations warrant a different approach.  Major disaster simulation (e.g., nuclear 
waste dispersion) is one.  In this situation, having access to a large parallel 
supercomputer is not a given.  A set of WiFi connected laptops is much more likely.  
While current laptops have the computing power of a 1990 vintage Cray processor, 
this is insufficient for the simulations envisioned in this project. 

For example, sensors can usually be placed above ground quickly.  Underground 
tracking is much harder and more time consuming since wells usually have to be 
installed.  Data will come in at significant rates and have to be processed.  In the 
laptop environment, calculations will probably need to be interrupted and have new 
data inserted as it becomes available.  Even how data can be assimilated and how 
much is needed or usable are open questions that must be addressed. 

2. CONTAMINANT TRACKING USING SCIRUN 
Our main research to date has concentrated on the following: 

o Development of software within the SCIRun simulator [3, 17, 21, 24]. 
o Development of general virtual telemetry broadcasting with new SCIRun 

modules for receiving data that use streaming data techniques and a new 
data format similar to MP3 streaming. 

o Advanced computational as well as multiscale techniques related to multi-
component porous media flows. 

2.1 Multiscale, Multicomponent Porous Media Flows 
For the software development we use new or improved modules and interfaces of 
SCIRun to implement various numerical methods for porous media flows.  We now 
have several simulators that work both for rectangular as well as on general three 
dimensional unstructured grids.  A finite volume element framework is utilized since 
this method maintains numerical conservation of flux.  Eventually we will use the 
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mesh template mechanism from SCIRun, but additional basis function types and 
finite elements must be written for SCIRun. 

Given a domain, the mesh generator NETGEN [23] is used to discretize the 
domain into a collection of tetrahedral.  We wrote a C++ code that serves as an 
interface between NETGEN and SCIRun so that all mesh information required by 
the finite volume element algorithm can be accessed conveniently through this 
interface. 

We also wrote a code to solve a time-dependent transport equation on the same 
grid setting.  The flux computed from a much older, static data driven code is used 
as one of the inputs through virtual telemetry generated at another site.  An upwind 
scheme is applied to resolve the transport part, which is then combined with an 
explicit time integration to obtain the transport quantity at the next time level. 

Our first application is a single component contaminant transport in 
heterogeneous porous media taking into account convection and diffusion effects.  
This simple model will be further extended through the incorporatiion of additional 
physical effects as well as uncertainties over the course of the project. 

The mathematical formulation of the problem is given by coupled equations that 
describe pressure distribution and the transport equations.  The pressure field is 
described by the elliptic (or parabolic, in the presence of compressibility) equation 
and the transport of components is described by a convection-diffusion equation that 
is dominated by convection effects. 

The point of this example is to capture the effects of the heterogeneities.  We 
have used various heterogeneous permeability fields in our simulations.  These 
fields are generated using GSLIB libraries [4].  The heterogeneities are typically 
chosen to have large correlation features in the horizontal direction.  Due to the 
presence of these heterogeneous features we expect irregular flow behavior, e.g., the 
contaminant can be transported faster in some regions while slower in others. 

We now present some representative simulation results.  In all cases the global 
domain is a 5×1×1 box.  The fine scale models are of dimension 40×40×40 and are 
geostatistical realizations of unconditioned, log-normally distributed permeability 
fields with prescribed variance σ2 (σ2 here refers to the variance of logk) and 
correlation structure.  The correlation structure is specified in terms of dimensionless 
correlation lengths in the x- and z-directions, lx and lz, nondimensionalized by the 
system length.  The realizations were generated using GSLIB algorithms [4] using a 
spherical variogram model.  Simulation results are presented for the contaminant 
concentration at certain dimensionless time defined by pore volume injected (PVI).  
Let Vp be the total pore volume of the system.  Then the PVI is defined by 
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where τ provides the dimensionless time for the displacement. 

To illustrate the three dimensional scalar fields, we depict some cross sections of 
the field.  The cross sections for three values of y as well as the cross sections for 
two values of x and z are depicted.  The slices along the y direction show the 
anisotropic effects induced by the long range features of the permeability fields 
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along the x direction, while the cross sections for fixed values of x and z are 
designed to complement a 3-D view of the scalar field. 

Figures 1 and 2 illustrate the permeability field with lx =0.3 and ly = lz =0.01 by 
plotting log of the field.  We can see the long range correlation feature of this 
permeability field along the x-direction in Figure 1.  In Figures 3 and 4 the 
contaminant concentration is depicted at dimensionless time PVI=0.3 for this 
permeability field. 

The numerical results for the concentration of the contaminant clearly show fast 
channels in the flow caused by the heterogeneities that are along the main flow 
direction.  In Figures 5 and 6 we have tested the contaminant transport for the field lx 
= ly =0.4, lz =0.01, and σ=1.5.  Comparing Figures 3 and 5, we see that the 
channeling effects are stronger in the previous case because of the large aspect ratio 
for lx / ly . 

Advanced computational tools, methods, and algorithms for porous media flows, 
directly related to this project, have also been of major research interest and efforts.  
We have worked in two main directions, namely, computational techniques and 
multiscale methods related to multi-component porous media flows and adaptive 
methods for general transport and diffusion equations. 

One of our approaches is the use of multiscale interpolation techniques to map 
the sensor data from sparse locations into the solution space during simulations.  The 
interpolation operator is built for general nonlinear parabolic equations that include 
various porous media processes.  Moreover, we take advantage of the interpolation 
operator and use multiscale numerical methods for the problem.  These methods are 
significantly faster then single scale methods.  We are testing our method on a 
variety of synthetic examples.  In particular we can show that frequent updating of 
the sensor data in the simulations significantly improves the prediction results.  The 
frequency of sensor data updating in the simulations is related to the streaming 
capabilities. 

2.2 Virtual Telemetry 
Data that is transmitted through a telecommunications system is commonly referred 
to as telemetry.  The transmission media can be one or more of land lines, 
underwater lines, microwave, or satellite based.  There is both latency and broadcast 
time based on distance and resistance in the physical media that determines how 
long the data takes to get to the receiver. 

Real telemetry used in predictive contaminant monitoring comes in small 
packets from sensors in wells or placed in an open body of water.  There may be a 
few sensors or many.  With virtual telemetry, we can trivially vary the amount of 
telemetry that we sample and its frequency. 
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Figure 1. Permeability field, lx =0.3,  ly = lz =0.01. 

 

 

Figure 2. Permeability field,   lx =0.3,  ly = lz =0.01. 
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Figure 3.  Concentration profile at PVI=0.3,   lx =0.3,  ly = lz =0.01, σ=1.5. 

 

 
 

Figure 4. Concentration profile at PVI=0.3,  lx =0.3,  ly = lz =0.01, σ =1.5. 
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Figure 5. Concentration profile,  at PVI=0.3,  lx = ly =0.4,  lz =0.01, σ =1.5. 

 

 

Figure 6. Concentration profile  at PVI=0.3,  lx = ly =0.4,  lz =0.01, σ =1.5. 
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Real telemetry based on high resolution photographs from space on a slow space 
to land transmission system can be quite a challenge.  However, we are not dealing 
with this situation presently. 

Real telemetry is usually expensive to receive (if it is even available on a long 
term basis), tends to be messy, comes in no particular order, and can be incomplete 
or erroneous due to transmission problems or sensor malfunction.  For predictive 
contaminant telemetry, there are added problems that due to pesky legal reasons 
(corporation X does not want it known that it is poisoning the well water of a town), 
the actual data streams are not available to researchers, even ones providing the 
simulation software that will do the tracking. 

Virtual telemetry has the advantage that it is inexpensive to produce from real 
time simulations and can easily be transmitted using modified forms of open source 
streaming software. 

We will generate multiple streams continuously for extended periods (e.g., 
months or years):  clean data, somewhat error prone data, and quite lossy or 
inaccurate data.  By studying all of the streams at once we will be able to devise 
DDDAS components useful in predictive contaminant modeling. 

The basic technique that we are using is to take an old, robust code that uses only 
static input data and makes long term predictions with the capability of getting the 
transient data throughout the simulation.  Instead of trying to run the old code very, 
very fast, we want to run it in real time using small time steps for all components.  
We can run the old code on a fast, cheap PC or a small parallel computer depending 
on how much data we wish to generate per time step.  The code sleeps most of the 
time while waiting for the wall clock to catch up.  Our sample time steps range from 
one minute to a few hours. 

We are using a 3D tensor product mesh with finite differences.  The code is 
conservative, which is essential in the situation we are interested in. 

We use data from a small subset of computed values and assume that a sensor is 
placed there.  The location, time, and a few pieces of floating point data are all that 
have to be transmitted on a per sensor time dependent basis. 

Broadcasting the telemetry as audio has the advantage that there are many 
programs to choose from to generate the data streams and to ``listen'' to them on the 
receiving end. 

Broadcasting the telemetry as a movie stream or a full 3D visualization has the 
advantage that it can be trivially visualized on the receiving end.  This is particularly 
attractive when studying incomplete and/or erroneous data streams. 

However, in either case, there is a potential of transmitting too much data and 
overwhelming the network.  Worse yet, there is the real possibility that the recording 
or motion picture industries may erroneously believe that the data is pirated music or 
film material and cause serious legal problems. 

Avoiding the attention of network administrators is also a serious concern.  We 
must balance adequate data streams with not having any serious impact on a 
network.  This is highly dependent on where we are running the virtual telemetry 
from and to and cannot easily be determined a priori.  However, it is easily 
determined a posteriori, which is part of a well behaved, adaptive broadcast system. 
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TABLE 1. MP3 header definition 

Byte Bits Description 
0 8 All ones, for synchronization 
1 4 All ones, rest of the sync words 
 1 ID, zero here indicates MPEG2 

extensions 
 2 Layer: 11 = Layer1, 10 = Layer 2, 01 = 

Layer 3 
 1 Protection bit, zero if CRC included 
2 4 Bit rate index (see next table) 
 2 Sampling rate index (see Table 2) 
 1 Padding: extra slot (MP3 specific data) 
 1 Private 
3 2 Mode: 00 = stereo, 01 = joint stereo, 10 = 

dual channel, 11 = mono 
 2 Mode extension 
 1 Copyright 
 1 Original 
 2 Emphasis 

 
 

Initially, we assumed that we could use one of the audio formats that claims to 
be data lossless (e.g., the Ogg audio format with the FLAC encoder).  Unfortunately, 
we have discovered through a comprehensive search that floating point data was 
never considered by the designers of audio formats nor by the authors of encoders 
and decoders for audio streaming.  The video streaming field is much more primitive 
than audio and it turned out to be an even less useful area to investigate. 

Eventually, we decided to place MP3 data headers around the telemetry data.  
The actual header information is contained in Table 1.  A small program was written 
that takes sample data and produces an output file containing the same data only 
with MP3 headers placed where they need to be.  This is the basis of the CH3 
encoding we have developed.  Nothing is really encoded in the sense of compression 
but this aspect is discussed later in this section. 

In order to determine where the headers need to be placed, the MP3 codec 
specifies a formula based on the bitrate and the sampling rate of the stream: 

headerSpacing = (1152 / 8) · (bitRate / samplingRate), 

where the constants 1152 and 8 represent the samples per packet and the bits per 
slot, respectively.  The formula and constants are standards of the MPEG Layer 3 
codec.  Even if the data stream is at a variable bitrate, the MPEG standard requires 
that the headers still be evenly spaced, so once calculated for a given stream it is not 
expected to change and would be an invalid implementation if it did change. 

From Table 1, the header is 4 bytes in size.  The first 12 bits compromise the 
syncword used to synchronize data transfer.  The 14th and 15th bits are always set to  
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TABLE 2. MP3 bit rate and sampling rate codings 

 
Code Bit rate Code Sampling rate 
0000 Free 00 44,100 
0001 32 01 48,000 
0010 40 10 32,000 
0011 48 11 Reserved 
0100 56   
0101 64   
0110 80   
0111 96   
1000 112   
1001 128   
1010 160   
1011 192   
1100 224   
1101 256   
1110 320   
1111 Unused   

 
01 to represent Layer 3 data.  In the third byte, the bit rate and sampling rate are 
stored by a code that is an index into a table (see Table 2).  The fourth byte specifies 
whether the data is stereo or mono. 

We use mono and do not interlace the data, as is an option.  Many of the bits in 
the MP3 header can be used for other things of interest to us, but saving a bit here 
and there makes no sense and offers a possible serious bug if the MP3 header format 
changes in the future. 

We decided that we had to use Open Source software since we determined 
during the project that we would have to modify both the streaming code and the 
receiving client in order to eliminate unwanted data compression and filtering 
techniques aimed at integer data. 

MP3 normally uses Huffman encoding.  Many encoders also implement filters 
based on knowing which audio or visual frequencies humans cannot hear or see, 
respectively.  Since the data is integer based, the values out of range are zeroed out.  
Imagine a floating point number whose exponent has been zeroed (e.g., 1.2×1031 
might become just 1.2, a small, but rather noticeable error in data transmission). 

We will come back to compression of data later in the project.  For now, we are 
not compressing the data since almost all of the data is zero due to the sparseness of 
telemetry data over time. 

We are using a modified version of the Gini streaming server [22].  Gini must be 
modified since it checks the data to see if it corresponds to legitimate MP3 audio 
data.  Our Ch3 format data fails this criteria.  The fix is to comment out a few lines 
of code in one file (mp3.c) of the streamer. 

Besides having good enough headers, as already described, we have to generate 
playlists that Gini uses to stream the data as an audio stream.  Part of the overall 
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process is to generate new playlists and make Gini do a ``warm restart'' so that it 
rereads the playlist. 

Receiving the data as audio is a function of modifying an Open Source MP3 
client like XMMS [1].  We added the CH3 format to produce a new version of 
XMMS which we call xccs.  We still see junk data coming through the Internet, 
which is eliminated by using a socket with the BLOCKING property, which 
unfortunately offers the possibility of deadlocking the client eventually.  Since the 
junk occurs only on initialization, we are investigating other ways of initially 
flushing the socket in order to have truly asynchronous transmission, which will 
make the connection more robust. 

2.3 New or Improved SCIRun Modules 
The xccs code for the receiver has been integrated into a multi-threaded SCIRun 
module called “StreamReader.” This module is part of the DDDAS package in 
SCIRun. 

As a preliminary step, we first implemented a DDDAS module called Reader 
that is capable of parsing a flat file containing 3D tensor product mesh data and 
visualizing the data as either a 3D “LatVol” mesh (the LatVol mesh is one of the 
basic SCIRun Fields) or a basic “PointCloud” mesh (specific for unstructured data).  
This step separates the problem of accurately parsing and visualization from the 
problem of receiving data from a stream. 

From the perspective of the Reader and StreamReader modules, the 3D tensor 
product mesh data is a set of n cell-centered solution points that represent values at 
nodes in a 3D structured grid.  As mentioned earlier, SCIRun represents this type of 
grid as a LatVol mesh.  Since the incoming mesh data always has a header 
indicating the total number of solution points in the mesh, the dimensions of the 
resulting 3D structured grid can be derived from the header.  Once the header is 
parsed, the Reader module reads the appropriate number of floats (solution points) 
in and fills the LatVol mesh with them.  The LatVol is then visualized with existing 
SCIRun modules (see Figure 7). 

Additionally, the ability to continually update the LatVol (or PointCloud) mesh 
by reading in data files from sequential time steps is a feature of the visualization 
capabilities of the Reader module, allowing the the simulation of continual updates 
from a data stream. 

The next step was to couple the parsing and visualization capability with the 
xccs stream receiver code mentioned above.  The result was a SCIRun module 
called StreamReader that continually reads data from a stream on a remote machine, 
parses the contents, and produces a viewable LatVol mesh from the solution points 
contained in the data.  The StreamReader module is multithreaded with two threads, 
one that reads and caches away the data, and another that waits for a complete mesh, 
processes it, and sends it downstream to be processed.  There is some data loss 
between reads because of both network latency and processing that necessarily 
occurs between reads.  Currently, this data loss is ignored since the solution headers 
are relatively infrequent and lack the information to determine which chunks of data 
have been lost.   Hence, the LatVol meshes produced generally have some degree  of 
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Figure 7. Visualization of a LatVol mesh using SCIRun.  The data used to create this mesh 

was generated to exercise the DDDAS module called ``Reader'' which in itself is a prototype 
module used to verify the accurate parsing of a flat file containing 3D tensor product mesh 

data.  The Reader module generates a LatVol mesh (the LatVol mesh is one of the basic 
SCIRun Fields) allowing visualizing the data.  Using the Reader module allows the 

separation of accurately parsing the data from the visualization of the data, which in turn 
allows the generic use of the extensive SCIRun visualization tools. 

error and this shows up as nodes in the mesh being shifted from their correct 
position. 

We have found that in order to get complete meshes, the incoming CH3 needs to 
be modified to include intermediate headers in the mesh data.  This way we can  
eventually get complete meshes even if some stream data is lost.  This change will 
most likely be a natural outgrowth of development with more realistic sensor data. 

The StreamReader module is designed to be extensible with the ability to 
accommodate different formats of streamed data. 

Additionally, we have implemented a local mesh refinement capability within 
SCIRun. This algorithm allows both the subdivision and simplification of specific 
areas within the finite element mesh. This addition was driven by the need to 
accommodate rapidly changing simulation and data streaming scenarios where 
rapidly changing data more or less dense representation of the mesh to optimize 
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computation demand. The gained efficiency provided by this capability will allow 
better overall accuracy due to the increased ability to iterate.  

The SCIRun/DDDAS package is committed to a CVS repository accessible to 
the various teams involved in this project and will be incorporated into the 
mainstream SCIRun package as the additional modules mature. 

3. CONCLUDING REMARKS 

3.1 Summary of Results to Data 
In [16], we have developed a new multiscale computational approach for multi-
phase flow that is applicable for multi-component single phase flow.  The latter is 
currently under investigation, which will be further extended to a multi-phase multi-
component scenario.  In [16], multiscale finite volume techniques along with a 
perturbation argument are used to upscale porous media flows, such as single-phase 
and two-phase immiscible flows, Richards' equations.  In [15], analysis of our 
multiscale finite volume element method is presented. 

The papers [9-12] are dedicated to the construction and analysis of novel 
multiscale methods for nonlinear elliptic and parabolic equations.  In these papers 
we systematically investigate our new approach showing that it can handle various 
nonlinearities in the homogenization process.  The applications of this work to 
single and two-phase flows are presented in [7, 8], where we have proposed a 
generalized convection-diffusion approach for up-scaling porous media flows.  The 
methods are tested successfully for both single and two phase flows in 
heterogeneous porous media. 

In [2, 18] we have developed, theoretically studied, implemented, and tested 
adaptive finite volume methods for transport equations in general domains covered 
by unstructured tetrahedral meshes.  We have established the reliability and the 
efficiency of the schemes and tested them on computing the concentration of passive 
chemicals in heterogeneous aquifers. 

In [13, 14] the authors use ELLAM technique for accurate simulation of 
convection dominated problems.  In particular, wavelets are employed as basis 
functions.  The mathematical analysis of the method is presented in [20].  In [19] the 
authors investigate strategies for parallel computing of the black oil model. 

In [5] we describe our initial views of how to take an application that uses static, 
initial data and use it to generate data in a manner similar to real data generated by 
sensors in the field, so-called virtual telemetry, for new DDDAS enabled codes.  
This provided a framework for all three groups to produce the new codes that use 
telemetry-like data for injection into the data streams.  In [6] we justify virtual 
telemetry and provide more details of how we transmit data using a data format that 
is similar to MP3. 

3.2 Current and Future Work 
A new, highly sophisticated DDDAS enabled code is being completed.  The legacy 
finite difference code is broadcasting several streams of data, which are received by 
the StreamReader module in SCIRun. 
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We are developing a comprehensive sensor data format, which we hope will 
work with real, digital sensor data as well as our own virtual telemetry.  We include 
mechanisms to identify sensors by an id tag, GPS, and/or GIS information.  Quite 
general data can be sent. 

For our current application, very simple data is sent from fixed sensors.  Hence, 
we only need to identify the sensor and provide its data.  Using 25 wells randomly 
scattered across the domain, we can broadcast data from 1000 sensors in less than 
six seconds using a very general sensor format.  Using a minimal sensor format 
allows a transmission time well under six seconds. 

Data is interpolated onto the new code’s mesh using a SCIRun module.  The 
finite element module in SCIRun has been modified to allow much more general 
finite elements.  We are developing techniques to inject the telemetry data into the 
simulation in a manner that is non-intrusive when error analysis indicates that the 
simulation is already within error tolerances.  Theoretical tools for both linear and 
nonlinear problems are being investigated. 

Unlike data assimilation methods, there is no reason to inject telemetry that will 
have no real bearing on the accuracy of previous predictions.  Only when the 
predictions are provably outside of error bounds in a region of the domain do we 
have to inject the telemetry at some time step of the simulation.  Once telemetry is 
injected, we have to determine if a warm restart is required or if solving a correction 
problem will allow continuing the simulation. 
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