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Abstract

A key aspect in managing resources for customer sites is to pre-
dict and assess the load associated with a site in order to figure
out how best to allocate resources for the site over time and to ef-
ficiently schedule tasks. The cost associated with the site and re-
turn on investment are also key parameters. This paper describes
work we have done in developing tools for answering these crit-
ical questions. The tools use both analytical models and discrete
event simulations to predict performance and analyze costs needed
for handling a customer workload while satisfying the service level
objectives. These tools provide capacity and load planning, perfor-
mance simulation, and cost and financial analyses. Our tools have
been used successfully by several major customers, and those ex-
periences have shaped how the tools have evolved over time.

Categories and Subject Descriptors

C.4 [Computer Systems Organization]: Performance of systems;
B.8 [Hardware]: Performance and reliability; D.4.8 [Software]:
Operating Systems—Performance; I.6 [Computing Methdodolo-
gies]: Simulation and modeling

General Terms

Performance, Design

Keywords

capacity planning, grid computing, performance modeling, Web
performance

1 Introduction

Capacity planning is critically important for managing computer
systems. System administrators need to be able to predict how load
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will vary over time. Loads tend to fluctuate over time. As a work-
load changes, the system requirements for handling the workload
may change as well. It is important to have enough hardware to
handle workload increases and surges. If a workload decreases af-
ter a peak, it would be desirable to have the ability to reduce the
hardware servicing the workload; this would allow the hardware to
be used for other purposes.

Having tools for predicting capacity is important. For a given work-
load, the tools should be able to predict the hardware and software
requirements needed to handle it. This paper presents an overview
of a set of capacity planning tools developed at IBM. The capacity
planning tools have been successfully deployed by multiple cus-
tomers.

The capacity planning tools are particularly applicable to commer-
cial applications which are transactional in nature. They have been
quite successful with a number of customers serving large amounts
of dynamic Web data. Our tools are also designed for grid environ-
ments in which workloads may be continually changing and load
may be shifted among multiple processors.

Grid computing [10] has made it possible to virtualize aspects of IT
infrastructure design by mediating the linkage between application
workloads and infrastructure hardware such as servers and storage.
This technical advance is in alignment with business interests for an
on-demand operating environment that is responsive to unexpected
surges in workload demands and resilient to resource outages.

These business requirements and technology advances have out-
paced the IT modeling, design, and valuation tools that are currently
in use. For example, the shift from dedicated to virtual and flexible
computing resources places new requirements for IT capacity plan-
ning and resource optimization. The increased business focus on
designing responsive and resilient infrastructure calls for the need to
simulate random events and their impact on the infrastructure and to
measure these characteristics. Along with these technical consider-
ations, the shift from fixed ownership costs to variable usage-based
costs requires a tighter coupling between technical design and fi-
nancial analysis of the returns from the infrastructure investment.

This paper describes two sets of tools for capacity planning and
performance analysis. The first set of tools, known as the On De-
mand Performance Advisor (OPERA), uses analytical models to
predict performance. It can predict solutions quickly and can be
used for both offline and online capacity planning due to the fast
response times. The second set of tools, known as Grid Value at
Work, uses discrete event simulation. The use of discrete event
simulation can result in a higher degree of accuracy than analytical



models. However, more information must be supplied to the dis-
crete event simulator, and response times are considerably slower.
The two approaches are complementary. The output of OPERA
can be imported into Grid Value at Work for simulation and cost
analysis.

A key differentiating feature of our tools compared with other tools
is that our tools make use of considerably more information re-
garding customer workloads as well as performance characteristics
of real platforms. This makes our tools useful in environments in
which the application is known but limited information about spe-
cific characteristics of the workload are known.

In the next section, we describe the key features of OPERA. We
then describe Grid Value at Work. This is followed by a results
section where we quantify how well our tools have worked for real
customer workloads.

2 Key Features in a Capacity Planning Tool

We now describe key features of the On Demand Performance Ad-
visor (OPERA). OPERA was first released in 2001 and has under-
gone several enhancements since then. OPERA includes a perfor-
mance estimator which displays performance results in sufficient
detail to allow users to assess the adequacy of a given configuration
for their requirements, and to provide insight into where the bottle-
necks are likely to occur. This allows the performance advisor to
be useful for planning capacity, evaluating infrastructure/workload
changes, estimating scalability, and reducing site costs.

Another key feature of OPERA is the configuration estimator which
can determine a near-optimal machine configuration for a given
workload and hardware brand. If the site consists of multiple tiers,
the advisor enables users to adjust the number of tiers as necessary.
For a Web-based system, a two-tier architecture might contain Web
servers in the first tier with application servers in the second tier. A
three-tier system might contain a third tier of database servers.

Figure 1 illustrates a typical customer configuration which OPERA
is designed for. In this example, clients are communicating with a
three-tier server over the Web. The first tier, the Web presentation
server, serves content to the clients. The second tier, comprising
Web application servers, processes requests received by the Web
presentation server and generates client responses. The Web appli-
cation server may invoke the database tier. Each tier may contain
multiple processors. The edge server could be from a content dis-
tribution network.

Figure 1. A three-tiered system commonly used for Web sites.

Note that the overall system may also contain other components
not shown. For example, there could be load balancers at multiple
places such as in front of the Web presentation server tier. Several
clients could be behind a proxy with a proxy cache reducing the

latency for fetching remote contents. Caches could exist at multiple
places within the system.

OPERA also contains a hardware and software library with perfor-
mance characteristics of several different hardware platforms, oper-
ating systems, and software such as IBM’s WebSphere. This library
allows performance characteristics to be predicted for different plat-
forms. It also allows users to determine how performance is af-
fected after switching from one hardware platform to another. The
presence of the library allows users to predict performance with-
out having to enter performance characteristics of the hardware or
operating system platforms being used.

OPERA has a number of predefined workload types for commer-
cial applications, including online shopping, online trading, online
banking, business-to-business, inventory management, online bro-
kerage, online auctions, and a number of others. Users who have
workloads falling into these categories can use OPERA’s predefined
workloads to get reasonably accurate results without having to en-
ter detailed characteristics of their individual workloads. For work-
loads which don’t fall into one of these categories, users can define
their own workload types.

OPERA also has features for handling numerically intensive scien-
tific workloads in addition to commercial transactional workloads.
It can also handle multiple concurrent workloads which vary over
time.

2.1 Methodology used by OPERA

OPERA is typically deployed by using the following steps (see Fig-
ure 2):

1. Identify workload pattern of application.Typical customers
have transactional workloads which are high-volume and
growing, and contain significant amounts of dynamic data.
Beyond that, other characteristics must be considered, such
as transaction complexity, data volatility, and security. If the
application workload is similar to one of the predefined work-
load types, then the closest pattern should be selected. Other-
wise, a user-defined pattern characterizing the data is selected.

2. Measure performance of current site.To plan for the fu-
ture, data from the present needs to be fed into OPERA.
Site characteristics such as volumes (e.g., hits, page views,
transactions, searches), arrival rates, response times by class,
user session time, number of concurrent users, and proces-
sor/disk utilization should be measured or estimated and fed
into OPERA.

3. Analyze trends and set performance objectives.In this step,
trends are analyzed to estimate future workloads. After analy-
sis, objectives are set for each metric that needs sizing along
with any new metric that applies to future requirements.

4. Model infrastructure alternatives.The user has the option of
entering a specific hardware and software configuration (ei-
ther current or hypothetical) to get an estimate of the configu-
ration’s performance. Alternatively, the user can ask OPERA
to estimate the optimal configuration, with appropriate best-
practices rules applied.

OPERA forecasts performance using analytic models based on en-
hanced M/M/k queuing models [5]. In this technique, users are
iteratively added to the system in an incremental fashion. Then, for



Figure 2. A typical methodology for using OPERA.

each server in the topology, the delayd of that server is the sum:

d = TS+TW

whereTS is the service time calculated from the measured data, and
then estimated for the target server based on the established rela-
tionships between the measured and target systems; andTW is the
wait time obtained from the M/M/k queueing model. In a system
with multiple tiers, each tier is treated separately with a different
M/M/k queueing model. Then, the total response time is calculated
by adding up the delays for each tier.

Two complete sets of calculations are performed. The base set of
calculations uses built-in (or user-provided) measured data for CPU
and disk I/O. A more conservative base-plus-contingency set of cal-
culations is also performed by adding a user-supplied contingency
factor to each of the measured data values before the calculation.
Both results are then transformed to the target configuration us-
ing built-in scaling coefficients taken from industry standard bench-
marks and measurements.

At each step the calculated results are compared against the user-
selected performance target(s) to determine if a target has been
reached or if an early resource depletion (CPU or disk bandwidth)
has occurred in any component of the infrastructure being evalu-
ated. Resource depletion events signal the need for configuration
adjustments and bring all calculations to a stop. OPERA provides
the user with information about which tier constitutes the bottleneck
as well as several performance metrics. Results can be displayed
using both tables and graphs.

OPERA also has modified algorithms based on G/M/K queuing
models to estimate the performance impact of burstiness. Bursti-
ness indicates the relative ratio between peak rates and average
rates. It may be caused by unpredictable events such as major stock
market swings or special events such as Christmas or Valentine’s
Day. The user can specify a burst-to-peak ratio to increase the ac-
curacy of OPERA’s calculations.

3 Performance Modeling and Analysis using a
Simulation Tool

We now describe the Grid Value at Work simulation tool. While
OPERA uses analytical models, Grid Value at Work uses discrete
event simulation. This requires more information about customer
request distributions but often results in greater prediction accu-
racy at the cost of a longer execution time. Both approaches are
important for customers. Grid Value at Work is an infrastructure
modeling and analysis tool for IT consultants and architects. The
tooling environment supports a number of analyses modules which
are selectively used by IT consultants and architects, depending on
the situation of the customer along the grid sales, delivery, and de-
ployment cycle.

The Grid Value at Work modeling environment is designed for the
Eclipse platform [9] with a common XML data model which forms
the basis for integration between the various analysis capabilities
that are developed as Eclipse plug-ins. Figure 3 shows the analysis
plug-ins that have been developed. These and additional plug-ins
can be developed and used independent of each other. A common
user interface may optionally be available for the analyses. Both the



Figure 3. Grid Value at Work Architecture

grid data model and user interface are extensible to accommodate
future analysis modules. In addition, other tools could be loosely
coupled with Grid Value at Work by designing them to generate an
output in a format compatible with the grid data model.

3.1 Grid Capacity Planning

Capacity planning results from OPERA are transformed into the
Grid Value at Work data model in order to implement the capacity
planning capability for grid environments. This may then be evalu-
ated with the Performance Simulation plug-in under various condi-
tions, such as grid scheduling policies, workload surges, resource
outages, and non-exponential probability distributions, that were
not considered by the queueing analytics used in OPERA. Another
benefit of integrating OPERA with Grid Value at Work is the avail-
ability of infrastructure costing capabilities using the Cost Analysis
plug-in.

3.2 Performance Simulation

The objective of the performance simulator analysis module of Grid
Value at Work is to estimate the performance of processing appli-
cation workloads on a grid. Simulation can be performed once the
grid infrastructure capacity has been defined in terms of the num-
ber and types of resources on the grid and their availability sched-
ules. This information could be generated from a capacity planning
analysis or through manual estimation and design. The resource re-
quirements and expected arrival rates for the application workloads
must also be known.

With this information, a discrete-event simulation of the grid can be
performed to test various elements of its design:

1. The type of IT resources (e.g., computational servers, data-
base servers, storage and network capacities) available on the
grid: their quantities and availability profile over time.

2. The grid resource allocation policies that determine how many
grid resources to allocate for the workloads over any time in-
terval.

3. The grid scheduling and dispatch policies that determine the

Figure 4. Operational Flows in a Grid Environment

resources to which each arriving job should be routed for
processing.

4. The workload job arrival rates and patterns over time. Alter-
nate design scenarios, created by varying any combination of
these elements, may be evaluated and compared on the basis
of the outputs from the simulation analysis.

Figure 4 shows the components in the simulation model of a gener-
alized grid environment.

Application workloads send jobs for processing on the grid. Each
job consists of a sequence of tasks with specific resource con-
straints. These tasks are sent to a resource broker which uses its
scheduling policy to decide how to route it to a resource for process-
ing. The availability of a resource is subject to an availability sched-
ule which specifies how many resource units are available at any
point in time for processing a certain type of task. The simulation
outputs provide various performance metrics on the components of
the grid:

• For grid resources:
1. the utilization of the available resources on the grid,

2. the number of jobs processed by each resource, and

3. the average processing time.

• For application workloads:
1. the average and peak response time for the jobs from

each application workload,

2. the number of jobs processed and aborted due to lack of
available resources.

See [2] for a detailed description of the grid simulation environment
including its unique requirements and challenges.

3.3 Cost Analysis

Cost analysis estimates the cost of ownership and usage of the grid
infrastructure being designed. It could be used for cost compari-
son of alternate grid and non-grid infrastructure designs against the
client’s current infrastructure environment and its upgrade plans.
The degree of detail in the cost model is expected to vary widely
across clients. Some may want detailed costing of each software
installed on servers while others want a high-level rule of thumb
for server costs. Regardless of the degree of detail, costs have the
following characteristics:



• capital or expense: this is used in the financial analysis to
understand whether there is a depreciable asset backing up
the cost or whether it is a business expense.

• fixed or variable: specifies whether the cost is dependent on
another metric (e.g., number of servers, people, etc.) or the
cost is fixed (e.g., an enterprise-wide license for DB2).

• one-time or periodic: specifies whether the cost is incurred
just once, as with an outright purchase of an asset, or periodic
(e.g., monthly lease of equipment, salaries, maintenance fees).

The cost inputs are defined in terms of cost drivers and cost ele-
ments. A Cost Driver is a factor that influences the variable cost of
acquiring or operating a resource. A trivial cost driver is the number
of such resources. Other cost drivers could be people (e.g., system
administrators) required to manage IT resources, the person-hours
required for grid design, the annual energy (kilowatts) consumed
by these resources, and the floor space occupied by them, etc. A
Cost Element describes a unit of cost that is associated with acquir-
ing or operating the IT infrastructure and its associated cost drivers.
It can be a high-level aggregate cost (e.g., annual cost of owner-
ship of a “Wintel” server) or as detailed a line-item as necessary to
match client requirements or the data availability. For example, the
per-unit cost of purchasing a pSeries 650 server coud be $26,895,
the annual fully-burdened cost for a system administrator could be
$150,000, the hourly cost of system integration could be $250, etc.

The cost analysis plug-in combines these cost drivers and elements
to compute the actual cost line-items for each infrastructure sce-
nario by year. These are then rolled up into a combined cost per
year as well as their net present value. Cost analysis can be per-
formed on multiple scenarios at the same time. Optionally, the cost
of each scenario may also be compared against a “base” scenario
(for example the as-is IT environment). A negative cost in the cost
comparison for a scenario signifies cost savings compared to the
base.

3.4 Business Value Modeling

Business value analysis estimates the financial value that could
be added to the business as a result of improvements in the per-
formance of applications running on the grid. The performance
improvement may be estimated by the performance simulator de-
scribed above or predicted through other means. Application per-
formance may be defined in terms of increase in job throughput,
decrease in job response time, or both. The financial value could
be specified in terms of savings in the operational costs of the busi-
ness process impacted by the application or in terms of profits from
additional revenue.

The calculation of financial value requires the development of a
business value model that links application performance to finan-
cial value. The inputs to the model are application workload met-
rics such as response time and throughput as well as other business
process metrics. These inputs impact other business process met-
rics, whose values can be calculated from the values of their input
metrics. Ultimately, these chains of impact lead to impacts on fi-
nancial metrics such as operating costs and revenue, from which
the impact on the net income of the business can be estimated.

Users of the tool are expected to use existing business value mod-
els or develop their own based on application and industry-specific
knowledge and assumptions. The tool can model multiple scenarios
of business values, reflecting alternate views of future external and
internal conditions as well as alternate strategies of deriving busi-

ness value from an improvement in the application performance.
For example, the reduced time taken to perform a computation
could be leveraged either in terms of faster response time or be-
ing able to perform more computations in the same time as before,
but with an improvement in the quality or accuracy of the output.

3.5 Financial Analysis

The financial analysis module develops a business case for moving
from one IT infrastructure scenario to another. It summarizes the
IT cost and value analyses done by the Cost Analysis and Business
Value Modeling plug-ins described above. The capital IT invest-
ment required for the “to-be” scenario is determined and compared
with the benefits from that investment in terms of (a) savings in IT
expenses and (b) added value at the business level. From this, a
set of financial metrics are calculated, which will enable a financial
decision-maker to compare the grid investment with other potential
investments that could be made.

The financial metrics for measuring returns from a project may be
classified into two groups based on the means used to recognize
income.

1. Theaccounting measure of incomeuses generally accepted
accounting principles (GAAP), account statement measures
and standards. In this category, the financial metrics that aid
decision making about an investment are:

• Return on Capital (ROC): This is the return from the
project, measured as earnings before interest and taxes
(EBIT), as a ratio of the average book value of the total
capital investments in the project.

• Economic Value Added (EVA): This is a measure of the
value added to the firm as a result of investing in the
project.

2. Thecash flowmeasure, calculated as the difference between
the actual cash inflows and outflows. In this category, the fi-
nancial metrics that aid decision making about an investment
are:

• Return on Investment (ROI): This is the ratio of all the
cash benefits over all the cash investments, over the du-
ration of the project. It does not discount future cash
flows into present value terms. That is, a dollar spent
today is considered to be worth the same as a dollar to
be spent in the future.

• Payback Period: This is a measure of the time taken
for the benefits from the investment to cover the initial
investment. This measure too does not discount future
cash flows.

• Net Present Value (NPV): This is the difference in the
present values of all cash inflows due to the project and
all the cash outflows. The present value of a future cash
flow is determined by discounting it based on how far it
is into the future and a discount rate which is a measure
of the project risk and interest rates. A project with a
positive NPV should be considered for acceptance.

• Internal Rate of Return (IRR): This is the discount rate
at which the NPV of the project becomes zero. This
rate may be compared by the decision-maker to the
businesss cost of capital to decide whether the project
should be accepted.

A separate business case could be built for each of the alternate “to-



be” infrastructure scenarios being considered, allowing an objective
comparison between them on the basis of the financial metrics of
the business cases.

4 Results and Usage Scenarios

The capacity planning tools described in this paper have been
used successfully by several major customers mostly in the area
of designing highly accessed Web sites which serve considerable
amounts of dynamic data. The tools have been a significant fac-
tor in how these customers have chosen to design their systems.
We have also done performance tests to determine how accurately
the performance tools model actual workloads. Predicted values
for throughput and system utilization are generally off by less than
10%. When request rates are varied across a single configuration,
average response times are generally off by less than 10%. When a
multi-tiered system is used in which the number of servers in differ-
ent tiers is varied considerably, we do see some larger than expected
variations in actual response times.

Figure 5 compares actual performance to the performance predicted
by OPERA for two different customers. Both had a Web server and
application server tier. The second customer also had a database
tier. In the first two sets of bars, transactions per second and num-
ber of users represent the number of transactions per second and
number of users the system could accommodate while meeting the
necessary service level objectives. The next three bars represent re-
sponse times, percent utilization of the Web server tier, and percent
utilization of the application tier during steady state execution of
the customer application. In the second graph, the last pair of bars
represent the percent utilization of the database tier. The graphs
indicate that OPERA is usually off by less than 10%.

Figure 5. Comparison of actual and predicted performance
measurements for two different customer workloads. The text
clarifies the meaning of the bars.

We now give a set of more detailed results. Figure 6 shows the ar-
chitecture used to perform the experiments. Requests are directed
from a load balancer to a Web server front end which is execut-
ing servlets. The requests may then be passed to a business logic
tier which is executing Enterprise JavaBeans (EJB). The business
logic tier may access the database tier. The throughput for both the
Web server (servlet) tier and the business logic tier are shown in the
figure. Both throughputs scale linearly with the number of nodes.

Figure 7 shows the actual and predicted CPU utilization percent-
ages for both the business logic and Web server tiers as well as the
actual and predicted average response times and page throughputs

as the number of clients making requests to the site is scaled. Both
figures show that OPERA does a reasonably accurate job of pre-
dicting performance.

Figure 8 show the measured and predicted CPU utlization for the
business logic (abbreviated BLT in the figure) and Web tiers as well
as average response times and page throughput as the number of
nodes is scaled. While OPERA generally did a good job of pre-
dicting performance, there were a few anomalies in the measured
response times which resulted in a greater difference from the pre-
dicted response time than expected.

4.1 Grid Value at Work Usage Scenario

We now present a representative scenario illustrating the use of Grid
Value at Work. The client is a national retail bank. Its marketing
and sales department mines data about consumer household credit
history and purchasing patterns to identify those likely to accept
one of the bank’s product offerings.

Faced with increasing demand for data-mining, the bank has 3 sce-
narios before it:

1. It can do nothing, keeping their existing IT infrastructure and
thereby forgoing the benefits, if any, from increasing the data
mining throughput.

2. Upgrade their existing IT servers to handle the increased
throughput.

3. Create a grid of existing desktop computers in the bank.

The bank wants to develop business cases for the transition options
(1 to 2 and 1 to 3) based on the infrastructure costs for each scenario
and the value add from increasing the data mining throughput. In
order to estimate the throughput increase, the IT performance of
each scenario must be simulated.

The data-mining application is performed with the SAS statistical
software package that reads in consumer records from a database
and then performs a statistical analysis. The application can there-
fore be divided into two tasks: accessing a database and SAS analy-
sis, each requiring a different type of IT resource for its processing.

The first task retrieves 1000 rows per consumer from the data-
base. The existing database system has a service rate of 10000
rows/second. We use a custom performance benchmark of trans-
actions/second (TPS) and give the existing database system a rating
of 10000. The second task runs the statistical analysis on SAS en-
gines (computers). The analysis for each consumer takes a second
to perform on a server (Sun Fire V480) with an industry standard
SPECfp2000 benchmark of 637. The SPECfp2000 benchmark was
chosen because the analysis is CPU intensive with floating point
operations. The analysis for each consumer may be done indepen-
dently. Therefore, the task may be split up into any number of par-
allel sub-tasks.

The IT infrastructure for running the data mining operations con-
sists of a 2-CPU Sun Fire V480 server that performs the SAS analy-
sis. This has a SPECfp2000 benchmark rating of 637 per CPU
which is appropriate for the compute-intensive floating point work-
load it processes as the SAS Engine.

The consumer data is maintained in a Sun Enterprise 10000 data-
base server. As previously mentioned, this can support 10000 trans-
actions/second.



Figure 6. On-line trading system used for comparing actual to predicted performance.

Figure 7. Actual and predicted performance metrics as the number of clients is scaled by factors of 2 and 3. The X-axis represents
the normalized number of clients.



Figure 8. Actual and predicted performance as the number of nodes is varied. The triplets below each graph represent the number
of nodes in each of the three tiers.

For future infrastructure scenarios, we are looking at two alterna-
tives: using a set of Wintel desktops for the SAS analysis or up-
grading the existing Sun Fire server to a newer Sun server. In either
case, the database server will not be changed because it is not yet
being perceived as a bottleneck. The Wintel desktops are a mix of
Pentium IIIs and Pentium 4s with an average SPECfp2000 of 450.
The Sun upgrade being considered by the bank is a 4-CPU Sun Fire
V880 with a SPECfp2000 rating of 923 per CPU.

Based on these client requirements, we need to develop a grid
model with enough information for performing the following analy-
ses:

• performance simulation- for quantifying the throughput im-
provements

• cost analysis- for comparing infrastructure costs in each sce-
nario

• business value analysis- for estimating financial impact of
increased throughput

• financial analysis- for developing business cases for in-
frastructure transitions

The objective of the simulation is to evaluate the performance in
terms of response time of the data-mining application and the uti-
lization of the computing resources. As required by the client, we
consider two levels of throughput: the current workload of 1500
arrivals every 15 minutes for the as-is system and the high-volume
workload of 5000 arrivals every 15 minutes for the future IT in-
frastructure scenarios.

The following table shows the results of simulation of workload
arrivals over a 24 hour period for the three IT scenarios. The grid
scenario has 10 desktop servers shared over a grid while the non

grid scenarios have one dedicated server as described above.

Table 1. Grid Simulation Results
Scenario Volume Response Time Server Util

(per day) (seconds)
As-is 142500 900 82.4%
Desktop Grid 470000 1207.76 77.5%
Non-grid Upgrade 470000 1362.65 94.3%

The impact of varying the number of desktop servers on the grid
can be seen in Figure 9. This figure may be used to determine the
appropriate number of desktops to be used, based on the desired
response time of the workload or maximum utilization levels of the
desktops. The response time decreases as the number of desktops
is increased because more workloads can be processed in paral-
lel. However, after 50 desktops, there is no further improvement
in throughput. This is because there is not enough of the arriving
workload (assuming a minimum split size of 100 rows/server) to be
allocated to all the available desktops.

Once the technical performance characteristics of the grid environ-
ment is determined for each infrastructure scenario being consid-
ered and we receive validation about their technical feasibility, we
can use the Grid Value at Work financial plug-ins for estimating
and comparing their costs and contributions to business value. Cost
analysis calculates the capital investment required for each to-be
scenario (including grid middleware and implementation costs) and
the difference in IT expenses compared to the as-is expenses. The
added business value from increasing the throughput of data-mining
was evaluated by the bank marketing experts. Table 2 summarizes
the results of these analyses in terms of the typical financial mea-
sures and ratios used to evaluate competing business case scenarios,
as described in Section 3.5.



Figure 9. Plot of workload response time and server utilization
vs. number of servers on a grid

Table 2. Business Case Comparison: Grid vs. Non-grid up-
grade

Scenario ROI Payback NPV IRR ROC EVA
Period

Desktop 307% 23 mo. $111,379 109% 38% $22,305
Grid
Non-grid 182% 35 mo. $50,246 40% 20% $12,073
Grid

5 Related Work

COMPASS is a performance modeling and analysis tool designed
to assist users in capacity planning [17]. Daniel Menasce and his
colleagues have written a number of books on capacity planning
including [14]. The Transaction Processing Performance Council
(TPC, www.tpc.org) and Standard Performance Evaluation Cor-
poration (SPEC, www.spec.org) maintain a number of standard
benchmarks which can be used for testing the performance of a
variety of systems. TPC-W and SPECweb2005 are particularly rel-
evant for Web-related workloads. Two other benchmarks represen-
tative of auction sites and bulletin boards, modeled after ebay.com
and slashdot.org respectively, are described in [1].

A key differentiating feature of our tools compared with other tools
is that our tools make use of considerably more information re-
garding customer workloads as well as performance characteristics
of real platforms. This makes our tools useful in environments in
which the application is known but limited information about spe-
cific characteristics of the workload are known.

There have also been a number of tools designed to generate
representative Web workloads. SURGE generates Web work-
loads matching empirical measurements of server file size dis-
tribution, request size distribution, file popularity, embedded
file references, temporal locality of reference, and idle peri-
ods of individual users [4]. SURGE is mainly applicable
for static Web content, however. For many commercial Web
sites, the real performance problems are created by dynamic
data. Methods for generating Web traffic are studied in [3].
The S-client approach proposed in the paper can generate re-
quests at a higher rate than the server can handle. Mer-
cury LoadRunner (www.mercury.com/us/products/performance-
center/loadrunner/) is a tool for testing performance that works by
emulating clients to generate a workload to test an actual system.

It then monitors the performance of the system on the emulated
workload in order to determine performance characteristics of the
system. By contrast, our methodology focuses on estimating per-
formance via modeling and simulations.

A considerable amount of research has been done in the area of
Web workload characterization. The results from this research can
be used to generate realistic workloads for benchmarking perfor-
mance. A retrospective study of Web workload characterization
over a ten year period is contained in [16]. Characterizations of
highly accessed Web sites which serve considerable amounts of dy-
namic data are contained in [11, 8]. Models for capturing the char-
acteristics of dynamic workloads are studied in [15].

Several papers have been published which analytically model dif-
ferent Web server architectures. An analytical model of a three
tiered Web serving system consisting of a Web server, application
server, and database server is presented in [13]. While the three tiers
are similar to those depicted in Figure 1, the paper doesn’t discuss
how the number of servers can be varied to scale each tier.

Tools have been developed for modeling and simulation of grid in-
frastructure, but lack many of the requirements of commercial envi-
ronments. GridSim [6] was designed for the modeling of heteroge-
neous, multi-tasking grid resources, calendar based resource provi-
sioning, parallel application models, and resource scheduling. It has
been used to evaluate the performance of various resource schedul-
ing algorithms based on deadline and budget based constraints. The
key drawback is the scalability of GridSim in tackling enterprise
level simulation requirements where thousands to millions of grid
tasks may have to be simulated.

SimGrid [12] has a heterogeneous and multi-tasking resource
model. A key strength and focus of SimGrid is to model the grid
network topology and simulate the data flow over the available net-
work bandwidth. However, it does not incorporate a realistic view
of grid application workloads by not modeling job decomposition
and task parallelization characteristics.

OptorSim [7] models dynamic provisioning and resource schedul-
ing policies. It focuses on analyzing the interaction of these poli-
cies and estimating the resulting performance. However, its focus
on the data aspect is at the expense of the other computational re-
quirements that are also usually provided from a grid.

Common off-the-shelf simulators which provide good visualization
and user interfaces are often used by IT designers and consultants.
However, these packages are unable to model several of the key
requirements for simulating grids, most notably, resource multi-
tasking, task parallelization, resource scheduling and resource pro-
visioning based on dynamic policies.
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