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1. Introduction

In many fields of medicine, engineering and science, the volume of data generated and processed is
in the order of terabytes. Providing support for storing, accessing and analyzing these vast amount of
datasets in a distributed environment is a challenge. This paper presents a compendium of run-time
and compiler techniques and tools for supporting such applications. We will also provide a quick
overview of two applications, oil reservoir management studies and digital imaging of pathology
slides, that would benefit from such support.

Simulation-based oil reservoir management studies are an example of applications that gener-
ate and reference large volumes of simulation and experimental data. The objective is to develop
complex numerical models of subsurface reservoirs and use these models to efficiently search for
alternative oil production strategies in order to optimize profits and minimize adverse effects to
the environment [35,30,41,48]. In this optimization process, there is a need to provide support for
management and querying of large volumes of data generated by simulations or collected from field
measurements to refine model parameters and determine the next set of simulations to be carried out.
In addition, the datasets can be generated and stored at multiple locations, since the computational
requirements of the simulations may require use of machines at supercomputing centers.

Digital imaging of pathology slides have gained an increasing interest over the last decade as
hardware for digitizing tissue samples and microscopy slides has rapidly advanced [28]. A main
challenge is storing and accessing the very large volumes of data required to represent a large col-
lection of slides [16]. With high resolution scanners, a single focal plane of a digitized slide can be
100K × 100K pixels (30 Gigabytes). Another challenging problem is the querying and processing
of large volumes of data for analysis [46,47]. Analysis operations on digital slides range from simple
2D visualization and browsing of images to queries to calculate density distributions to extraction of
features representing different layers of tissue or cell types to 3D reconstruction from multiple 2D
scans. High performance machines are required to handle the complexity of operations and the large
volume of data.

There has been considerable progress in Grid computing technologies in recent years. In addition
to a wide array of middleware systems and tools, a services-based view of the Grid has emerged.
In this view, data sources and applications are exposed to the environment using standard inter-
faces. Users interact with the resources through well-defined Grid services protocols. In this way,
the complexities and heterogeneity of individual resources can be hidden from clients and greater
interoperability among applications can be achieved.

∗This research was supported in part by the National Science Foundation under Grants #ACI-9619020 (UC
Subcontract #10152408), #EIA-0121177, #ACI-0203846, #ACI-0130437, #ANI-0330612, #ACI-9982087, #CCF-
0342615, #CNS-0406386, #CNS-0426241, Lawrence Livermore National Laboratory under Grant #B517095 (UC
Subcontract #10184497), NIH NIBIB BISTI #P20EB000591, Ohio Board of Regents BRTTC #BRTT02-0003.
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Figure 1. Middleware components and toolkits to support data-driven scientific applications in the
Grid.

Several core functionalities need to be supported in an end-to-end system for enabling data-driven
scientific applications in a Grid environment. These include management of data types and metadata,
virtualization of data sources and data subsetting, data product generation (e.g., data aggregates from
data subsets) and Grid services interfaces. In our group, we develop an integrated suite of middle-
ware components and compiler techniques to provide these functionalities. These middleware com-
ponents are shown in Figure 1. In this suite, DataCutter, which is a component-based middleware,
enables combined use of task and data parallelism and is used to support data product generation
(e.g., aggregates of data subsets) [13]; STORM [36,37] provides virtualization of file based datasets
as object-relational tables and support for data subsetting; Mobius [27] supports management of data
definitions and data types as XML schemas, XML virtualization of data, and metadata management.
In an ongoing project [38], we are integrating these middleware systems with the Open Grid Services
Architecture Data Access and Integration (OGSA-DAI) middleware toolkit [39] to allow access to
the functionality provided by these components via OGSA-DAI Grid services protocols.

In this paper, we present a compendium of these run-time and compiler techniques and tools for
supporting large scale, data-driven applications on the Grid, using two motivating applications from
two different domains; oil reservoir management and digital microscopy imaging.

2. Applications

2.1. Oil Reservoir Management Studies
Effective oil reservoir management requires accurate characterization of the reservoir properties

and efficient management strategies that involve optimized placement of production and injection
wells. Simulation-based oil reservoir management is a viable approach to evaluate different opti-
mization strategies and to understand changes in reservoir properties over long periods of time [30].
Various production strategies (i.e., the number and placement of injection and production wells) are
simulated using a numerical model of the reservoir under study. In addition, changes in reservoir
characteristics (e.g., rock properties) over time are tracked by seismic data simulations (or seismic
measurements in the field). Data obtained from seismic and reservoir simulations are stored for
analysis. The data analysis processes subsets of seismic simulation datasets and reservoir simulation

4



3

datasets in order to generate summary data such as production rates over a time period, bypassed
oil regions in the reservoir, and rock properties in the reservoir. The results of the analysis can be
used to refine the reservoir models, simulate new production strategies and collect additional seismic
data.

A good understanding of fluid and rock properties in an oil reservoir is necessary for design-
ing optimized production strategies. Since only a partial knowledge of critical parameters such as
rock permeability in the reservoir is available, it is desirable to incorporate geologic uncertainty in
complex reservoir models. An approach is to simulate alternative production strategies with vary-
ing number, type, timing and location of wells, applied to multiple realizations (simulation runs) of
geostatistical models. This approach can lead to large volumes of output data [48].

Simulations are performed on a three-dimensional mesh over several time steps. Each realization
corresponds to different geostatistical models and different number of wells and well placements.
At each time step, the value of seventeen separate variables and cell locations in 3-dimensional
space are output for each cell in the grid. Common analysis scenarios involve queries for economic
evaluation as well as technical evaluation, such as determination of representative realizations and
identification of areas of bypassed oil. Examples of client requests include“Find all the potential
bypassed oil cells between timeT1 andT2 in realization A.” and“Retrieve the oil saturation values
at all mesh points from realizations A and B between time stepsT1 andT2; visualize the results.”.

The physical characteristics of a reservoir change over time. These changes in reservoir mate-
rial properties should be detected and incorporated into reservoir models. Seismic surveys of the
reservoir can be used to track changes [30]. Seismic data is recorded as sound traces generated by
multiple sound sources on the surface and sampled by receivers at the bottom and on the surface of
the reservoir. The sound traces are used to infer subsurface material properties. The surveys can be
either carried out in the field or simulated using the seismic models of the reservoir.

A seismic dataset is stored in files in a standard exchange format, referred to as SEGY, defined by
the Society of Exploration Geophysics. A seismic data file consists of a 3600-byte header followed
by a record for each sound trace. Each record contains a 240-byte header and the sound trace. The
header information stores the metadata associated with the sound trace including sound source id,
receiver id, receiver location, the number of samples stored for the trace. Traces collected for a single
sound source are usually stored in a single file. When numerical models are used to generate seismic
data, each data file can be up to 25 Gigabytes in size and there can be thousands of data sources
simulated, resulting in datasets ranging from a few terabytes to hundreds of terabytes in size. We
currently have about 8TB seismic simulation data on a large storage system at Ohio Supercomputer
Center, 35TB on multiple TeraGrid sites, and continue to generate additional datasets.

Seismic data can be used in creating subsurface images and predicted subsurface material prop-
erties [59]. The reservoir model can be revised by imaging and inversion of output from seismic
data simulations. Imaging analysis requires that subsets of seismic data be selected based on, for
example, the type of sensor in a recording array and for each of a suite of sources.

2.2. Digital Microscopy Imaging
High resolution digitized microscopy enables analysis of digital mouse placenta slides to carry out

quantitative examination of phenotypes and measurements of tissue structure within the placenta.
One of the important components of this process is the segmentation of each image into regions of
tissue layers. In our earlier work [46], we describe an approach to segment the labyrinth layer in the
placenta from the rest of the image. This algorithm is based on the observation that the labyrinth
layer (1) has a higher red blood cell (RBC) density compared to the spongiotropoblast and glycogen
layers and (2) is elongated in shape, forming a confined strip in the image.
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The algorithm consist of mainly four data processing steps: 1)RedFinderdetects red pixels that
belong to red blood cell (RBC), 2)Counteridentifies red pixels in the regions with high RBC den-
sity, 3) Histogram Aggregationcollects all local histograms and aggregates them into the global
histogram, 4)PCAcomputes the principal direction of the high RBC density regions, and determine
the bounding box for the labyrinth layer. The steps of the algorithm algorithm has been has been
implemented as pipelined data processing operations using DataCutter and Mobius frameworks [46].

Mouse brain offers a convenient model for studying neuroscience. The mouse branch of BIRN [15]
aims to create an integrated anatomical atlas, which provides spatial correlation for datasets rang-
ing from CT, MR, bright-field microscopy, confocal microscopy, as well as molecular data such as
genomic and protenomic data. The atlas also serves as a visual query system.

One of the challenges in creating and integrating such an atlas is in the amount of data one must
work with. For example, a single image generated by a 2-photon confocal microscope can be up to
500GB. The microscope generates data as tiled images that are then stitched as a three-dimensional
stack of image mosaics. While the individual image tiles are small (512 by 480 pixels), a whole
image for a single z-plane is far larger. Current capability of the scanner and the amount of data it
generates has already exceeded the capability of the existing software tools for stitching the images
together.

The vast size necessitates distributed tools that allow parallel image stitching, volumetric visu-
alization and analysis operations to occur in a Grid environment. In a recent work [47], we have
developed mechanism for efficient preprocessing of very large digitized microscopy images on PC
clusters to support efficient evaluation of a class of aggregation queries. The target class of queries
involve Sum or Count operations on image pixels and pixel values. These queries are useful in com-
puting the densities of various image attributes (e.g., red or blue pixels) in a given region of interest.
The results of the queries can be used to detect and classify features in large images and segment the
images. We develop a task- and data-parallel implementation of the operations using a component-
based runtime system. This implementation enables pipelined processing of data through task paral-
lelism and effective use of distributed memory and computing capacity through data parallelism. A
key operation in preprocessing is the 2-dimensional(2D) prefix sum operation. We have proposed a
local 2D prefix sumapproach which eliminates the serialization and interprocessor communication
overheads of a parallel full 2D prefix sum. However, this approach introduces extra operations dur-
ing query evaluation. We have investigated under what conditions local 2D prefix sum is preferable
to full 2D prefix sum. All the implementation builds on top of DataCutter framework.

3. Run-time System Support

Figure 1 depicts the overall system architecture and how the middleware components are interact-
ing with each other. If we take the oil reservoir management application, in this architecture, Mobius
can be used to support management of metadata associated with simulation runs, seismic field mea-
surements, and analysis results. The structure of data types can be managed by the Mobius Global
Model Exchange (GME). The support for data product generation (e.g., reconstruction of 3D vol-
umes from seismic data, visualization of reservoir results) is provided by DataCutter. The STORM
middleware can be used to support SQL-style select queries against large simulation datasets stored
in distributed collection of files on a cluster of storage nodes. These components can be exposed to
the Grid environment via OGSA-DAI service interfaces and can be accessed by clients using Grid
Service protocols. In this section, we present brief summary of the middleware components involved
in this architecture.
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SELECT < Data Elements >
FROMDataset1, Dataset2, ..., Datasetn
WHERE< Expression > AND< Filter(< Data Element >) >
GROUP-BY-PROCESSORComputeAttribute(< Data Element >)

Figure 2. Database queries supported by STORM.

3.1. OGSA-DAI
The Grid has emerged as an integrated infrastructure for distributed computation [21,23]. The

Open Grid Services Architecture (OGSA) [22] defines mechanisms for creating, managing, and ex-
changing information among entities called Grid services. The objective of the OGSA-DAI [39]
initiative is to build upon the OGSA infrastructure to deliver high level data management functional-
ity for the Grid. It defines services and interfaces that can be used by clients to specify operations on
data resources and data. OGSA-DAI services can be configured and customized to expose a specific
database management system.

3.2. DataCutter
DataCutter [12,14,11,13] is a component-based middleware framework [40,43,29,1,5,2,17] de-

signed to support coarse-grain data-flow execution on heterogeneous environments. In DataCutter,
application processing structure is implemented as a set of components, referred to asfilters, that
exchange data throughlogical streams. A streamdenotes a uni-directional data flow from one filter
(i.e., the producer) to another (i.e., the consumer). A filter is required to read data from its input
streams and write data to its output streams only. The DataCutter runtime system supports both
data- and task-parallelism. Processing, network and data copying overheads are minimized by the
ability to place filters on different platforms. The filtering service of DataCutter performs all steps
necessary to instantiate filters on the desired hosts, to connect all logical endpoints, and to call the
filter’s interface functions for processing work. Data exchange between two filters on the same host
is carried out by memory copy operations, while a message passing communication layer (e.g. TCP
sockets or MPI) is used for communication between filters on different hosts.

3.3. STORM
STORM [36,37] is a services-oriented framework designed to support processing of large datasets

in a distributed environment. It provides basic database support for 1)selection of the data of in-
terestfrom scientific datasets stored in files and 2)transfer of selected data from storage nodes to
compute nodes for processing. The current implementation is based on a component infrastructure,
called DataCutter [13], which supports distributed execution of networks of application-specific data
processing components. Using the DataCutter runtime support, STORM can perform parallel I/O on
distributed data and execute data selection and data filtering operations on heterogeneous collections
of storage and compute clusters.

In order to support data subsetting on file-based datasets, STORM implements three abstractions:
virtual tables, select queries, anddistributed arrays. The first two abstractions are based on object-
relational database models [51].SELECToperation of the form shown in Figure 2 are supported on
virtual tables. Data elements selected by theSELECToperation are grouped based on a computed
attribute. In the figure, the< Expression > statement can contain value-based selections and range
queries.Filter allows implementation of user-defined operations that are difficult to express with
simple comparison operations.

The client program that carries out data processing can be a parallel program. In that case, the
distribution among client nodes of the data elements returned as the result of the query can be rep-
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resented as adistributed array. This abstraction is incorporated into the STORM framework by the
GROUP-BY-PROCESSORoperation in the query formulation.ComputeAttribute is another user-
defined function that generates the attribute value on which the selected data elements are grouped
together based on the application specific partitioning of data elements.

3.4. Mobius
Mobius is a middleware framework [32,27,31] designed for efficient metadata and data manage-

ment in dynamic, distributed environments. It provides a set of generic services and protocols to
support distributed creation, versioning, management of database schemas, on-demand creation of
databases, federation of existing databases, and querying of data in a distributed environment. Its
services employ XML schemas to represent metadata definitions and XML documents to represent
and exchange metadata instances. The role ofGlobal Model Exchange(GME) service of Mobius is
to ensure distributed model evolution and integrity while providing the ability for storage, retrieval,
versioning, and discovery of models of all shape, complexity, and interconnectedness in a distributed
environment.Mobius Makois a service that exposes data resources as XML data services through a
set of well-defined interfaces based on the Mako protocol. Our current Mako implementation pro-
vides support to expose XML databases that support the XMLDB API and contains an implemen-
tation of MakoDB. MakoDB is an XML database built on top of MySQL [34]. The Mako protocol
defines methods for submitting, updating, removing, and retrieving XML documents. Upon sub-
mission, Mako assigns each entity a unique identifier. Documents, or subsets of XML documents,
can be retrieved by specifying their unique identifier. XML documents can be removed by spec-
ifying their unique identifier or by specifying an element identifying XPath [9] expression. XML
documents that reside in a Mako can be updated using XUpdate2.

4. Compiler Support

Scientific datasets are typically stored as binary or character flat-files. Suchlow-level layouts
enable compact storage and efficient processing. Because the use of relational or other database
technologies can result in significant storage overheads and slower processing, they have typically
not been very popular in most scientific communities.

The use of low-level and specialized data formats, however, makes the specification of processing
much harder. Recognizing this, several ongoing projects, such as BinX and Binary Format De-
scription (BFD) [7], are proposing machine-interpretable descriptions of binary data layouts. Data
Format Definition Language (DFDL) working group under the Global Grid Forum (GGF) is trying
to standardize such efforts. While such proposals can allow precise description of the datasets in a
remote repository, they do not alleviate the need for detailed understanding of the formats, or the
dependence of an application on a particular low-level data layout.

Using data virtualization and data services, low-level, compact, and/or specialized data formats
can be hidden from the applications analyzing grid-based datasets. However, supporting data virtu-
alization can require significant effort. For each dataset layout and abstract view that is desired, a set
of data services need to be implemented. An additional challenge arises from the fact that the design
and implementation of efficient data virtualization and data services oftentimes require interaction
of two complementary players. The first player is the scientist who possesses a good understanding
of the application, datasets, and their format, but is less knowledgeable about database and data ser-
vices implementation. The second player is the database developer who is proficient in the tools and

2http://www.xmldb.org
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techniques for efficient database and data services implementation, but has little knowledge of the
specific application.

In [55], we proposed a meta-data and compiler-oriented approach to facilitate a common meeting
ground for the two players and to enable automatic creation of efficient data services to support data
virtualization. Specifically, we showed how a relational table like data abstraction can be supported
for complex multi-dimensional scientific datasets that are resident on a cluster. By using a well-
defined meta-data description language, the scientist and database developer together can describe
the format of the datasets generated and used by the application. Using a compiler that can parse
the meta-data description and generate code to navigate the datasets, the database developer (or the
scientist) can conveniently generate data services that will serve the datasets.

In [56] we have extended our work for executing SQL-3 queries over scientific data stored as
flat files. The class of queries we consider involve retrieval using Select and Where clauses, and
processing with user-defined aggregate functions and group-bys.

In a more recent work [57], compiler and runtime approach has been also applied for efficient
execution of multi-dimensional range queries when partial replicas of a dataset exist. A compile-
time query planning strategy has been presented to select the best combination of replicas in order
to minimize query execution time in a distributed environment.

5. Related Work

Grid-technologies have been employed in several large-scale, multi-institutional projects in a wide
range of science and engineering domains [6,18,19,26]. GriPhyN [26] targets storage, cataloging and
retrieval of large, measured datasets from large scale physical experiments. The goal is to deliver
data products generated from these datasets to physicists across a wide-area network. The objec-
tive of Earth Systems Grid (ESG) [18] is to provide Grid technologies for storage, publishing, and
movement of large scale data from climate modeling applications. The EUROGRID project [19]
intends to develop tools for easy and seamless access to High Performance Computing (HPC) re-
sources. The BioGrid component of the project implements the support for a uniform interface that
will allow biologists and chemists to submit work to HPC facilities without having to worry about
the details of running their work on different architectures. Biomedical Informatics Research Net-
work (BIRN) (http://www.nbirn.net) [42] initiative focuses on support for collaborative access to
and analysis of datasets generated by neuroimaging studies. The BIRN project uses the Storage
Resource Broker (SRB) [44], which provides a distributed file system infrastructure, as a distributed
data management middleware layer. MammoGrid [4] is a multi-institutional project funded by the
European Union (EU). The objective of this project is to apply Grid middleware and tools to build a
distributed database of mammograms and to investigate how it can be used to facilitate collaboration
between researchers and clinicians across the EU. eDiamond [50] targets deployment of Grid in-
frastructure to manage, share, and analyze annotated mammograms captured and stored at multiple
sites. One of the goals of MammoGrid and eDiamond is to develop and promote standardization in
medical image databases for mammography and other cancer diseases. MEDIGRID [33,53] is an-
other multi-institutional project investigating the application of Grid technologies for manipulating
large medical image databases.

These large scale, multi-institutional projects share the same goal of deploying an infrastructure,
building on Grid technologies, to facilitate sharing of data across institutions. In order to harness the
collective power of distributed systems in a Grid environment, an array of tools and frameworks have
been developed to support distributed storage, data replication, data processing, monitoring, security,
and high-speed data transfers in Data and Computation Grids [25,24,44,58,13,3,52,54,10,27]. As
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Grid computing has become more ubiquitous, an Open Grid Services Architecture (OGSA) [20,22]
has been proposed. There are some recent efforts to develop Grid and Web services implementations
of database technologies. Raman et. al. [45] discusses a number ofvirtualizationservices to make
data management and access transparent to Grid applications. These services provide support for
access to distributed datasets, dynamic discovery of data sources, and collaboration. Bell et. al. [8]
develop uniform web services interfaces, data and security models for relational databases. Smith
et. al. [49] address the distributed execution of queries in a Grid environment. They describe an
object-oriented database prototype running on MPICH-G and Globus.
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