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Abstr act

In this paper we present a middleware infrastructure, called DataCuitter, that en-
ables processing of scientific datasets stored in archival storage systems across awide-
area network. DataCutter provides support for subsetting of datasets through multi-
dimensional range queries, and application specific aggregation on scientific datasets
stored in an archival storage system. We also present experimental results from a pro-
totype implementation.

1 Introduction

Increasingly powerful computers have made it possible for computational scientistsand en-
gineers to model physical phenomenain great detail. Asaresult, overwhelming amounts
of data are being generated by scientific and engineering simulations. In addition, large
amounts of data are being gathered by sensors of various sorts, attached to devices such as
satellites and microscopes. The primary goal of generating data through large scale simula-
tions or sensorsisto better understand the causes and effects of physical phenomena. Thus,
the exploration and analysis of large datasets plays an increasingly important role in many
domains of scientific research. Simulation or sensor datasets generated or acquired by one
group may need to be accessed over awide-areanetwork by other groups. Software support
is needed to allow users to obtain needed subsets of very large, remotely stored datasets.

We present a middleware infrastructure, called DataCultter, that enables processing of
scientific datasetsstored in archival storage systemsacrossawide-areanetwork. DataCutter
provides support for subsetting of datasetsthrough multi-dimensional range queries, and ap-
plication specific aggregation on scientific datasets stored in an archival storage system. We
discuss an implementation of the Virtual Microscope application [2] using DataCutter. The
Virtual Microscope is representative of data-intensive applications that involve browsing
and processing large multi-dimensional datasets. Other examples include satellite data pro-
cessing systems [7] and water contamination studies that couple multiple simulators [20].
We also provide experimental performance results for a prototype implementation.

*This research was supported by the National Science Foundation under Grant #ACI-9619020 (UC Sub-
contract # 10152408), and the Office of Naval Research under Grant #N6600197C8534.
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2 Motivation and Overview

Over the past several years we have been actively working on data intensive applications
that employ large-scale scientific datasets, including applicationsthat explore, compare, and
visualizeresults generated by large scale simulations[20], visualize and generate data prod-
uctsfrom global coverage satellite data[7], and visualize and analyze digitized microscopy
images [2]. Many scientific applications generate and use datasets consisting of data val-
ues associated with a multi-dimensional space. Scientific simulations typically generate
datasets with at least three spatial dimensions and atemporal dimension. Satellite data and
microscopy datagenerally havetwo (or more) spatial dimensionsand atemporal dimension.
Applications frequently need to access spatially defined data subsets via a spatial range
guery, which is a multi-dimensiona box in the underlying dataset space. Spatial subsets
can encompass contiguous regions of space, as for retrieving satellite data covering a par-
ticular geographical region. Spatial subsets can also be defined once features of interest are
categorized using spatial indices. For instance, subsetting can be carried out to retrieve sim-
ulation dataassociated with shocksin fluid ssmulations, or tissue regionswith particular cell
typesin microscopy datasets.

Therearevarioussituationsin which application-specific non-spatial subsetting and data
aggregation can be applied to targeted data subsets. Some data analysis require values for
only some of variables at a data point. For example, a computational fluid dynamics sim-
ulation dataset can be organized so each data element contains velocity, momentum, and
pressure values. An analysis code may only use the pressure value at agrid point, and may
ignore values for velocity and momentum. In other cases, there may be a need to obtain
an application-dependent low resolution view of a dataset. For example, a hydrodynamics
simulation may generate and store flow data (e.g., velocity values) at fine time steps. The
analysis may need to be performed using coarser time steps, which requires the stored ve-
locity valuesto be averaged over several time steps. In these cases, aggregation and trans-
formation operations could be applied to data elements at the data server where they are
stored, before returning them to the client where the analysis program is run.

In some cases data analysis can be employed in a collaborative environment, where co-
located clients access the same datasets and perform similar processing. For instance, a
large group of studentsin medical training may need to simultaneously explore the same
set of digitized microscopy slides, or visualize the same MRI and CT datasets. There may
be alarge number of overlapping regions of interest, and common processing requirements
(e.0., same magnification level for microscopy images, or same transfer functions to con-
vert scalar values into color values) among the users employing the analysis tools (clients
of the data server). In these cases, caching reused dataset portions closer to the clients (i.e.,
on the samelocal area network) can provide significant performance benefits.

We have developed the Active Data Repository (ADR) [6] framework to use for de-
veloping parallel applications that make use of large centralized scientific datasets. ADR
provides support for accessing subsets of multi-dimensional scientific datasets via range
gueries, and allows users to integrate user-defined processing of large centralized datasets
with storage and retrieval on distributed memory parallel machines with multiple disks at-
tached to eachnode. ADR isdesigned asaset of customizableand internal services. Through
theuse of customizable services, users can specify and implement application specific dataset
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Figure 1: Architecture of the data management/manipulation framework.

indexing, and user-defined aggregation and transformation operations used in processing
one or more datasets. The internal services provide support for common operations such
as memory management, data retrieval, management of multiple datasets, and query plan-
ning and scheduling of processing on a parallel machine. A number of applications have
been developed using ADR and good performance has been demonstrated [6, 20]. How-
ever, the continuing increase in the capabilities of high performance computers and sensor
devicesimplies that datasets with sizes up to petabytes will be common in the near future.
Such vast amounts of data require the use of archival storage systems distributed across a
wide-areanetwork. Dataanalysis, onthe other hand, isusually performed on machinesat an
application scientist’s local institution. Efficient storage, retrieval and processing of multi-
ple large scientific datasets on remote archival storage systemsistherefore one of the major
challengesthat needsto be addressed for efficient exploration and analysis of these datasets.

There is alarge body of hardware and software research on archival storage systems,
including distributed parallel storage systems [19], file systems [23], image servers [22],
and data warehouses [18]. Several research projects have focused on digital libraries and
geographic information systems|[3, 14] that access collections of archival storage systems,
high-performance 1/0 systems [9] and remote 1/O [11, 21]. In addition to many end-point
solutions, the Grid [8, 10, 13] has been emerging in recent years as infrastructure to link
distributed computational, network and storage resources, and to provide services for uni-
fied, secure, efficient and reliable access. Several research projects have focused on provid-
ing servicesin a Grid environment, such as Globus [12], which provides servicesto access
computational resources, and the Storage Resource Broker (SRB) [21], which provides uni-
form UNIX-like I/O interfaces and meta-data management services to access collections of
distributed data resources. However, providing support for efficient exploration and pro-
cessing of very large scientific datasets stored in archival storage systemsin a Grid envi-
ronment remains a challenging research issue, and the necessity of infrastructureto provide
such support was recognized in recent Grid forums [16].

We are developing an infrastructure to make it possible to explore and analyze scien-
tific datasets stored on archival storage across awide-area network. Figure 1 illustratesthe
framework architecture. It consists of two major components. DataCuttersand Proxies. A
proxy provides support for caching and management of data near a set of clients. The goal
isto reduce the response time seen by aclient, decrease the amount of redundant datatrans-
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ferred across the wide-area network, and improve the scalability of data servers. Our prior
work on proxies can befound in [5].

The new middleware infrastructure, called DataCutter, provides support for processing
of scientific datasets stored in archival storage systems in awide-area network. DataCutter
provides acore set of services, on top of which application devel opers can implement more
application-specific services or combinewith existing Grid services such as meta-data man-
agement, resource management, and authentication services. Our main design objectivein
DataCutter is to extend and apply the salient features of ADR (i.e. support for accessing
subsets of datasets via range queries and user-defined aggregations and transformations)
for very large datasets in archival storage systems, in a shared distributed computing en-
vironment. In ADR, data processing is performed where the datais stored (i.e. at the data
server). InaGrid environment, however, it may not always be feasible to perform data pro-
cessing at the server, for severa reasons. First, resources at a server (e.g., memory, disk
space, processors) may be shared by many other competing users, thus it may not be ef-
ficient and cost-effective to perform all processing at the server. Second, datasets may be
stored on distributed collections of storage systems, so that accessing datafrom acentralized
server may be very expensive. Moreover, distributed collections of shared computational
and storage systems can provide amore powerful and cost-effective environment than acen-
tralized server, if they can be used effectively. Therefore, to make efficient use of distributed
shared resources within the DataCutter framework, the application processing structure is
decomposed into a set of processes, called filters. DataCutter uses these distributed pro-
cessesto carry out arich set of queries and application specific datatransformations. Filters
can execute anywhere (e.g., on computational farms), but are intended to run on a machine
close (in terms of network connectivity) to the archival storage server or within a proxy
(seeFigurel). Filter-based algorithms are designed with predictabl e resource requirements,
which are ideal for carrying out data transformations on shared distributed computational
resources.

Many filter-based algorithms were originally developed and analyzed by our group for
Active Disks [1, 24]. These filter-based algorithms carry out a variety of data transforma-
tionsthat arisein earth science applications and applications of standard relational database
sort, select and join operations. In the DataCutter framework we are extending these algo-
rithms and investigating the application of filters and the stream-based programming model
in a Grid environment.

Another goal of DataCutter isto provide common support for subsetting very large datasets
through multi-dimensional range queries. Very large datasets may result in a large set of
large datafiles, and thus alarge space to index. A single index for such a dataset could be
very large and expensive to query and manipulate. To ensure scalability, DataCutter uses a
multi-level hierarchical indexing scheme. In the following sections we describe the Data-
Cutter infrastructure, in particular the indexing and filtering services, and present an imple-
mentation of the Virtual Microscope [2] using DataCuitter.
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Figure 2: DataCutter system architecture.

3 DataCutter

The architecture of DataCutter (Figure 2) is being developed as a set of modular services.
Theclient interface serviceinteractswith clientsand receives multi-dimensional range queries
from them. Thedataaccessservice provideslow level 1/0 support for accessing the datasets
stored on archival storage systems. Both the filtering and indexing services use the data ac-
cessserviceto read dataand index information from files stored on archival storage systems.
Theindexing service managestheindices and indexing methods registered with DataCultter.
The filtering service manages the filters for application-specific aggregation operations. In
the following sections we describe the indexing and filtering services in more detail.

3.1 Indexing

A DataCutter supported dataset consists of a set of datafiles and a set of index files. Data
files contain the data el ements of adataset; datafiles can be distributed across multiple stor-
age systems. Each datafileisviewed as consisting of a set of segments. Each segment con-
sists of one or more dataitems, and has some associated metadata. The metadata for each
segment consists of a minimum bounding rectangle (MBR), and the offset and size of the
segment in the file that contains it. Since each data element is associated with a point in an
underlying multi-dimensional space, each segment isassociated with an MBR in that space,
namely ahyperbox that encompassesthe pointsof all the data el ements containedin the seg-
ment. Spatial indices are built from the MBRs for the segmentsin a dataset. A segment is
the unit of retrieval from archival storage for spatial range gqueries made through DataCut-
ter. When a spatia range query is submitted, entire segments are retrieved from archival
storage, even if the MBR for a particular segment only partially intersects the range query
(i.e. only some of the data elements in the segment are requested).

One of the goals of DataCultter is to provide support for subsetting very large datasets
(sizes up to petabytes). Efficient spatial data structures have been developed for indexing
and accessing multi-dimensional datasets, such as R-trees and their variants [4]. However,
storing very large datasets may result in a large set of data files, each of which may itself
be very large. Therefore a single index for an entire dataset could be very large. Thus, it
may be expensive, both in terms of memory space and CPU cycles, to manage the index,
and to perform a search to find intersecting segments using asingle index file. Assigning an
index filefor each datafilein adataset could also be expensive becauseit is then necessary
to access all the index files for a given search. To alleviate some of these problems, Dat-
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aCutter uses a multi-level hierarchical indexing scheme implemented via summary index
files and detailed index files. The elements of a summary index file associate metadata (i.e.
an MBR) with one or more segments and/or detailed index files. Detailed index file entries
themselves specify one or more segments. Each detailed index file is associated with some
set of datafiles, and stores the index and metadatafor all segmentsin those datafiles. There
are no restrictions on which datafiles are associated with a particul ar detailed index file for
adataset. Datafiles can be organized in an application-specific way into logical groups, and
each group can be associated with adetailed index file for better performance. For example,
in satellite datasets, each data file may store datafor oneweek. A detailed index file can be
associated with datafiles grouped by month, and a summary index file can contain pointers
to detailed index files for the entire range of datain the dataset. DataCutter uses R-trees as
its default indexing method. However, the infrastructure allows users to add new indices
and indexing methods (through the use of C++ class inheritance).

3.2 Filters

In DataCuitter, filter sare used to perform non-spatial subsetting and dataaggregation. Filters
aremanaged by thefiltering service. A filter isaspecialized user program that pre-processes
datasegmentsretrieved from archival storage before returning them to the requesting client.
Filters can be used for avariety of purposes, including elimination of unnecessary datanear
the data source, pre-processing of segments in a pipelined fashion before sending them to
the clients, and data aggregation. Filters are executed in arestricted environment to control
and contain their resource consumption. Filters can execute anywhere!, but are intended to
run on amachine close (in terms of network connectivity) to the archival storage server or
within a proxy (see Figure 1). When run close to the archival storage system, filters may
reduce the amount of data injected into the network for delivery to the client. Filters can
also be used to offload some of the required processing from clients to proxies or the data
server, thus reducing client workload.

Filters are written in a stream-based programming model, originally devel oped for pro-
gramming Active Disks[1]. A filter consists of aninitialization function, aprocessing func-
tion, and afinalization function. Theinitialization function is run when the filter isfirst in-
stalled on the data server. The processing function is run repeatedly as new data arrives at
thefilter input ports (viastreams). Thefinalization function isrun when thefilter terminates
(either by consuming the data on all itsinput streams or by calling exi t ).

The programming model for filtersis built around the notion of a stream abstraction. A
stream denotes a supply of datato or from the storage media, or aflow of data between two
application components, such as between two separatefilters or between afilter and aclient.
Streams can be of two types—file streams and pipe streams. File streams are a sequence of
ranges in files, and constitute the primary access method for data residing in secondary or
archival storage. Pipe streams are a representation of a unidirectional flow of data between
any two components of the application, and are used for both control interaction and data
transfer. The stream-based programming model provides and enforces a standard interface
for accessing streams [1]. Streams deliver data in fixed-size buffers whose size is fixed at

LFiltersdo not migrate state, and are not written in aplatform independent language such as Java, but rather
are compiled for the target platform and placed by the DataCuitter filter service at runtime.
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thetime the streamiscreated. The size of the stream buffer cannot be changed after its cre-
ation. A filter may, optionally, contain scratch space, which isallocated on its behalf before
it isinitialized and is automatically reclaimed after it exits. Filters specifically cannot dy-
namically allocate and deall ocate space, which alowsthe filtering service to better perform
scheduling and buffer management and enable execution in environments with limited re-
sources (e.g., memory).

Communication between afilter and its environment is restricted to its input and out-
put streams. The sources and sinks for these streams are specified by the client program
as apart of filter installation. A filter cannot determine (or change) where its input stream
comesfrom or whereits output stream goesto. This hastwo advantages. First, afilter does
not need to handle buffering and scheduling for its own communication, thereby reducing
the complexity of filters. Second, filters can be transparently executed in proxies or other
convenient locations as resource constraints at the client and/or server change.

4 An Example: the Virtual Microscope using DataCutter

In this section we describe an implementation of the Virtual Microscope application [2] us-
ing the DataCutter infrastructure.

4.1 The Virtual Microscope

The Virtual Microscope is a client-server software system, which is designed to realisti-
cally emulate a high power light microscope. The data used by the Virtual Microscope are
digitized images of full microscope sidesat high power. Digitized images from a slide ef-
fectively form athree-dimensional (3D) dataset because each slide may contain multiple
focal planes, each of which isa 2D image. Images are stored at the highest magnification
level, and the size of asingle dide typically varies from to , compressed. At
abasic level, the system isrequired to provide interactive response times similar to a phys-
ical microscope, including continuously moving the stage and changing magnification. A
typical query allows a client to request a 2D rectangular region at a particular magnifica-
tion from within the bounds of a single focal plane. The processing for the query requires
projecting high resolution data onto a grid of suitable resolution (governed by the desired
magnification) and appropriately compositing pixelsthat map to asingle grid point, to avoid
introducing spurious artifactsinto the displayed image. TheVirtual Microscope can support
completely digital dynamic telepathology [2], as well as enabling new modes of operation
that cannot be achieved with a physical microscope, such as simultaneous viewing and ma-
nipulation of asingle slide by multiple users.

4.2 TheOriginal Implementation

Theorigina Virtual Microscope system is composed of two components; a client to gener-
ate queries and display the results (i.e. images), and a server, implemented with the Active
Data Repository, to processthe queries. A protocol has been defined between the client and
the server for exchanging queries and results. The server is composed of a frontend and a
backend. The frontend interacts with clients; it receives queries from clients and forwards
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Figure 3: Process of applying filter and stream-based programming model.

them to the backend. The backend consistsof one or more processes (whenrunon aparallel
machine). The processing of aquery is carried out entirely in the backend.

In order to achieve high I/O bandwidth, each focal planein aslideisregularly partitioned
into data chunks, each of which isarectangular subregion of the 2D image. When the host
machine is a parallel machine with multiple disks attached to each processor, data chunks
are declustered across all the disks to achieve |/O parallelism. Each pixel inachunk is as-
sociated with a coordinate (in x- and y-dimensions) in the entire image. As aresult, each
data chunk is associated with a minimum bounding rectangle (M BR), which encompasses
coordinatesof all the pixelsinthe chunk. Anindex iscreated using the MBR of each chunk.
Sincetheimageisregularly partitioned into rectangular regions, asimplelookup table, con-
sisting of a2-dimensional array, serves as an index.

During query processing, the backend process finds the chunks that intersect the query
region, and reads them from the local disks. In the original server implementation, each
data chunk is stored in compressed form (JPEG format). Hence, each retrieved chunk is
first decompressed. Then, it is clipped to the query region. Afterwards, each clipped chunk
is subsampled to achieve the magnification (zoom) level given in the query. The resulting
image blocks are directly sent to the client. The client viewer assembles and displays the
image blocks from each of the backend processes to form the query output.

4.3 AnImplementation using DataCutter

Devel oping an application with the DataCutter infrastructure requires partitioning of adataset
used by the application into segments, and building spatial indices on the segments. Dat-
aCutter provides default interfaces to create and search R-trees. In this implementation of
the Virtual Microscope, we employed the data chunksin the original implementation asthe
segments, and used the default R-treeindexing method of DataCutter. Each focal plane con-
sistsof apartitioned set of datafiles, each with asingle detailed index file, and one summary
index fileis created to index all focal planesin aslide.

The next step in devel oping the application isto implement the application specific pro-
cessing using filters and the stream-based programming model. Figure 3(a) illustrates the
genera stepsfor implementing an application using filters. First, the application processing
structure isdecomposed into aset of filters. Animportant issueishow to choosethe number
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VM zoom :init()

/1 Alocate frompre-allocated scratch space

buf Qut Al | ocFrontcr at ch( get Qut put St reanBuf fer Si ze());

VM zoom : process(streamt &st)

DC.StreanBuf fer *buf;
VMuery *query;
VMChunk *chunk;

Il receive and extract the query
buf st.ins[0].read();
query = VMunpackQuery(buf);

/1 while nore data to read frominput stream
while ((buf st.ins[1].read()) != NULL)

/1 extract chunk and perform zoom

chunk VMJnpack Chunk( buf ) ;

zoom chunk(chunk, query);

/1 pack into buffer and wite to output stream

voi d VM zoom : zoomchunk( VMchunk *chunk,
VMuery *query)
int rel _zoom query->Zooni chunk->Zoom
int width chunk->Wdth/rel _zoom
int height chunk- >Hei ght/rel _zoom
int size wi dt h*hei ght * Pl XELSI ZE;

char *pSrc chunk- >Dat a;
char *pDst = chunk->Data Al | ocFronScrat ch(si ze);
/'l subsanple the image bl ock
for (j height; j>0; --j)
for (i width; i>0; --i)
nencpy(pDst, pSrc, PIXELSIZE);
pSrc + rel _zoont Pl XELSI ZE;
pDst + Pl XELSI ZE;

pSrc + rel _zoontchunk. W dt h* Pl XELSI ZE;

/'l update chunk netadata

buf Qut VMPack Chunk( chunk) ;
st.outs[0].wite(&ufQut);
FreeToScr at ch( chunk->Dat a) ;

chunk->Zoom  query->Zoom

VM zoom : finalize()
FreeToScr at ch(buf Qut);

Figure 4: Zoom filter pseudo-code, which performs subsampling of an image chunk based on the query mag-
nification (zoom).

of filters for implementing the application processing. For instance, the original server im-
plementation could be considered asinglefilter. In choosing the appropriate decomposition,
we need to consider the complete data flow path from data generation to ultimate consump-
tion as well as the target machine configuration, which can be a distributed collection of
heterogeneous machines. The main goal is to achieve efficient use of limited resourcesin
adistributed and heterogeneous environment. We are currently devel oping techniques and
guidelines to assist in thisimportant step.

The selected decomposition of the Virtual Microscope system into filters is shown in
Figure 3(b). Thefigure only depicts the main dataflow path of image data through the sys-
tem; other streams related to the client-server protocol are not shown for clarity. In this
implementation each of the main processing steps in the server is afilter:

read-data: Each full-resolution rectangular image block (i.e. data chunk) that intersects the
query window isread from disk, and immediately written to the output stream before the next

read operation.
decompress Image blocks are read individually from the input stream. The block is decom-

pressed using JPEG decompression and converted into a 3 byte RGB format, and the block’s
metadata header is changed to indicate the image block’ snew format. Theimageblock isthen

written to the output stream.
clip: Uncompressed image blocks are read from the input stream. Portions of the block that

lie outside the query region are removed, and the clipped image block is written to the output

stream.
zoom: Image blocks are read from the input stream, one block at atime. Using the requested

magnification in the query, image blocks are subsampl ed to achieve the desired magnification.

The resulting image block is written to the output stream.
view: Imageblocksarereceived for agiven query, collected into areply required for the Java

client, and sent to the client.
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v [ ] [ ] Filter Total Volume Volume Per Chunk
read data 3.60 MB 102.52 KB

[ ] decompress 83.42 MB 2373.04 KB

T clip 57.83MB 1645.02 KB
] [ ] zoom .90 MB 25.70KB
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Figure 5: The 2-dimensional dataset and queries used in the experiments. The solid and dashed lines show
different partitionings of the dataset into files for the experiments. The table shows transmitted sizesfor

Figure 4 illustrates the high-level code for the zoom filter. Implementation of the filters
is done through C++ class inheritance and virtual functions. The DataCutter infrastructure
provides base classes and virtual functions for initialization, processing, and finalization
operationsinfilters, aswell asfunctionsto set scratch space size and stream buffer size (not
shown in the figure). The zoom filter has two input streams and one output stream. It reads
the query from stream  (st.ing[0]) and data from stream  (st.ins[1]), and subsamples the
received data chunks using the zoomchunk function. The zoom filter uses scratch space
to store the results during subsampling and to pack the subsampled chunk into the output
buffer. Theresultiswrittento the output stream (st.outs 0]), which connectsthefilters zoom
and view.

Asisdiscussed in Section 3, streams between filters deliver the datain individual fixed-
size buffers. In the current implementation we send data chunks in stream buffers, and the
size of the buffer is chosen to be the maximum size of achunk in the dataset. Thisallowsus
to reuse codefromtheoriginal Virtual Microscopeimplementation with little modification.

5 Experimenta Results

We have devel oped a prototype implementation of the DataCutter services. Using this pro-
totype, we have implemented a simple data server for digitized microscopy images stored
onthe|BM HPSS system [17] at the University of Maryland. Theimplementation is based
on the functionality of the Virtual Microscope and uses the filters described in Section 4.
Our HPSS setup has 10TB of tape storage space and 500GB of disk cache, and is ac-
cessed through a 10-node IBM SP with 4 multiprocessor (1 4-processor and 3 2-processor)
and 6 single processor nodes. In all of the experiments, we use a4GB 2D image dataset, in
JPEG compressed format (90GB uncompressed), created by stitching together small dig-
itized microscopy images. This dataset is equivalent to a digitized slide with a single fo-
cal plane that has RGB pixels. The 2D image is regularly partitioned into
data segments and stored in the HPSS as a set of files. For all experiments we
use 5 different queries, each of which covers segments of the image (see Figure 5).
Execution times presented in this section are the response time seen by the visualization
client (including submitting a query and receiving the results) and are the average of pro-
cessing each query 5 times. One node of the IBM SP is used to run the indexing service,
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Figure 6: Query execution time with the dataset organized into , and files. Load
showsthetimeto open and accessthefiles, which contain segmentsthat mtersect aquery. Computation shows
the sum of the execution timein the indexing service, for searching segmentsthat intersect a query, and in the
filtering service, for processing the retrieved data viafilters. All filters and the indexing service were run on
the same SP node.

and the client was run on a SUN workstation connected to the SP node through the depart-
ment Ethernet. We experimented with different placements of the filters by running some
of the filters (and the filtering service) on the same SP node where the indexing serviceis
executed, as well as on the SUN workstation where the client is run.

Thefirst experiment i solatestheimpact of organizing the dataset into multiplefiles. Fig-

ure 6 showsthe resultswhen the 2D imageis partitioned into : and
rectangular regions, and all data segmentsin each region are stored in adata file. Figure 5
illustrates the partitioning of the dataset into (entirerectangle), (solid lines), and

(dashed lines) files. Each data file is associated with a detailed index file, and there
is one summary index file for all the detailed index files for each partitioning. Asis seen
in the figure, the load time decreases as the number of filesis increased. Thisis because
of the fact that HPSS loads the entire file onto disks used as the HPSS cache when afileis
opened. When there is asinglefile, the entire 4GB file is accessed from HPSS for each of
the queries—in these experiments, all datafilesare purged from disk cache after each query
is processed. When the number of files increases, only a subset of the detailed index files
and data files are accessed using the multi-level hierarchical indexing scheme, decreasing
the time to access data segments. Note that the load time for query 5 for the case
is substantially larger than that of other queries, because query 5 intersects segments from
each of thefour files (Figure 5), hence the same volume of dataisloaded into the disk cache

asinthe case. Theload timefor that query isalso larger than that in case because
of the overhead of seeking/loading/opening four filesinstead of asingle file. The computa-
tion time, on the other hand, remains amost the same, except for the case, whereit

dlightly increases. Each query intersects more files as the dataset is partitioned more finely.
Asaresult, the overhead from opening and accessing alarge number of detailed index files
can increase the computation time. These results, demonstrate that applications can take
advantage of the multi-level hierarchical indexing scheme by organizing a dataset into an
appropriate set of files. However, having too many files may increase computation time,
potentially decreasing overall efficiency when multiple similar queries are executed on the
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Figure 7: Execution time of queries under varying zoom (subsampling) factor. R,D,C,Z,V denote the filters
read_data, decompress, clip, zoom, and view respectively. server — client denotes the placement of the
filtersin each set.

same dataset.

Next, we consider varying the placement of the filters under different conditions. Fig-
ures 7 and 8 show query execution times for different filter placements under varying pro-
cessing requirements (i.e. the subsampling factor) and varying server load, where the server
isthe machine where the read_data filter isrun. The different server loadsin Figure 8 were
emulated by artificially slowing down the set of filters running on the server machine. Fig-
ure 7 shows the query execution times when the image is viewed at the highest magnifica-
tion (no subsampling) and when the subsampling factor is8(i.e. only every 8th pixel ineach
dimension is displayed). Asis seen from the figure, when there is no subsampling, query
execution times remain almost the same whether the zoom filter is run at the server or at
the client, because the volume of data transfer between server and the client is the samein
both cases. When queries require subsampling, the placement of the zoom filter affects per-
formance, since the volume of data sent from the server to the client decreasesif the zoom
filter isexecuted at the server. Asisalso seenfromthefigure, running thefiltersat the server
(RDCZ-V) achievesbetter performance than running them at the client (R-DCZV) aswould
be expected since the client is aless powerful machine than the server.

Figure 8 shows query execution times when the server load changes. Asis seenin the
figure, asthe server load increases (or the client becomes faster), running the filters on the
client machine achieves better performance. The experimental results show that the decom-
position of an application processing structureinto filtersand placement of thefiltersareim-
portant factorsthat affect overall performance. One of our long term goalsin thiswork isto
devise methodologies for a wide range of data-intensive applications for efficient restruc-
turing of application processing structure into filters with the stream-based programming
model, as well as developing cost models for filters to achieve efficient execution under
changing processing requirements and system resource availability.

The query execution times for the original optimized Virtual Microscope server versus
the prototype filter implementation using DataCutter are shown in Figure 9. In this experi-
ment the entire dataset isloaded from HPSS and stored on asingle local disk onaSUN Ultra
1 workstation since the original server isimplemented to access datasets stored on disks.
The loading of the dataset took 4750 seconds (1 hour 19 minutes). The original server is
run as asingle process, and all filtersin the DataCutter implementation are executed on the

130



Response Time (sec)
Response Time (sec)
Response Time (sec)

100 100 100
80 F 80 F 80
60 60 60
40 40 40

0 0 0

RDCZ V RDc ZV RD CZV R DCZV RDCZ V RDc ZV RD CZV R DCZV RDCZ V RDc ZV RD CZV R DCZV

Filter Placement / Query Filter Placement / Query Filter Placement / Query

(8) 1x server load (b) 2x server load (c) 4x server load

Figure 8: Execution time of queries under varying server load. server denotes the case where the server
is dedicated to running thefilters, whereas  and  increased load implies server execution time doubles
and quadruples that of the dedicated case. The subsampling factor is8in all cases.
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Figure9: Query execution timesfor the original server and the server implemented using the DataCutter with
filters. The subsampling factor is8in all queries.

same SUN workstation where the dataset is stored. In both cases the client is run on an-
other SUN Ultra 1 workstation connected to the local Ethernet segment. Asis seen from
the figure, the filter implementation does not introduce much overhead compared to the op-
timized original server. The percent increase in query execution time ranges from 6% to
30% across al queries. We should note that the timings do not include the time for load-
ing the dataset, which can substantially increase for larger datasets and datasets stored in
archival storage systems across a wide-area network. In addition, the use of filtersin Data-
Cutter takes advantage of pipelining and threaded execution, especially when thefiltersare
run on multiprocessor architectures, resulting in overall higher performance.

6 Conclusionsand Future Work

In this paper we have presented a middleware infrastructure, called DataCuitter, to provide
support for processing of large datasets stored in archival storage systems in a wide-area
network environment. DataCutter provides support for subsetting of very large datasets
through spatial range queries via hierarchical multi-level indexing, and user-defined aggre-
gation and transformation on datasets viafilters. We are in the process of devel oping stan-
dard interfaces and a client API for the DataCutter services. We also have several active
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projects that involve the use of DataCutter services and proxies. In ajoint project with the
dataintensive computing environments group at the San Diego Supercomputing Center, we
are interfacing DataCutter with the Storage Resource Broker (SRB) [21]. Our godl isto
make it possible for SRB clientsto perform spatial subsetting and data aggregation on dis-
tributed data collections accessible through the SRB. In a project with The University of
Maryland Global Land Cover Facility [15], we are integrating DataCutter and the Active
Data Repository (ADR) with the GLCF data servers to make it possible to visualize and
generate data products from Landsat Thematic Mapper (TM) datasets stored in HPSS. We
will extend our proxy infrastructure to cache data on disks as well asin memory, and in-
tegrate proxies with ADR so that clients can generate data products using ADR and data
cached on the disks. DataCutter will provide support for accessing subsets of TM datasets
from HPSS. We also plan to work on developing distributed stream-based algorithms via
use of filters and carry out performance studies for awider range of data intensive applica-
tions.
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