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Abstract
Storage Area Networks (SAN) have become one of the
most widely used solution for high performance enterprise
storage applications. However, the infrastructures of SANs
are very complex and varied among different vendors. It is
important to understand the behavior of these SANs in order of enhancing performance of the applications that run
on them. The main idea of this paper is to understand the
behavior of a server-SAN system that manages multiple applications stored in the same volume. We aim at modeling a
typical workload of a small company which consists of one
license of a database system software and shares that same
license for multiple databases. These multiple databases
may be used potentially for diverse applications. The objective is then to see how the system would behave when
managing queries from different types of databases at the
same time. In this paper we will use an M/G/1 Queueing
Model to analyze the system and will report our first set of
experiments which are composed of two different database
workloads based on the TPC-C and TPC-H benchmarks.
We show that the model can be used to anticipate the impact of growth in the arrival rate on the behavior of the system. This model has the potential of predicting the system
behavior when adding more workloads to the mix.

1. Introduction
SANs typically consist of large disk arrays controlled
by local storage processors (SPs) and made available to the
server as different virtual partitions or logical unit numbers
(LUN) through a fast attached media such as fibre channel.
In these experiments we want to address the lack of characterization of concurrent workloads running on a server
system. A considerable amount research has focused traditionally in characterizing the behavior of streaming data
(video/audio) or servers dedicated completely for a single

type of application [1]. In real life this may not necessarily
be the common case. Due to high cost of database software
licensing, small companies often use same licenses to create
multiple databases that they will need. For example, companies may have a Web Server that handles online transaction processing (OLTP) type transactions and also internally may need to process decision support systems (DSS)
type queries. One possible implementation of their system
could be thought as a set of workloads consisting of multiple applications interacting with a single database system.
In order of enhancing performance for this type of services,
there is the need to fully understand the characteristics of
these multiple instance workloads running both single and
concurrently.
Analytical Modeling aims at describing a collection of
measured and calculated behavior of different computer
system components such as workloads, hardware, software,
cpu and the storage medium. The measurements are done
in a finite period of time, thus we would like this time window to capture the behavior we are interested in. Analytical
models can be built for different purposes. Some models
are created as a basis for prediction of behavior of certain
elements within a system. The impact of moving to faster or
slower hardware, for example, can be measured by changing different parameters of each component into the model.
Other models, as in our case, are mainly built to gain an understanding of the current activity on the system of interest.
We can then measure performance and analyze the behavior
of the workloads and the hardware within it.
In this paper we will use an M/G/1 Queueing Model
to characterize our multiple application system. We can
take the advantage that Queueing Theory can be applied
to evaluate the efficiency of a computer system that handles requests and provides services. Figure 1 depicts such
scheme. The implemented workloads are based on TPCC (OLTP) and TPC-H (DSS) benchmarks. These benchmarks are specified by the Transaction Processing Council
[2]. We used our model with combination of these two types

of workloads as well as each running separately. The rest of

Table 1. OLTP vs DSS Comparison
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Figure 1. Example of a Queueing System

the paper is organized as follows. In section 2 we start with
a description of the M/G/1 model. Section 3 will then
discuss the characteristics of the implemented workloads.
Results of the model simulation and a comparison with real
data will be covered in section 4. Section 5 will analyze the
results . Section 6 will cover some related work in the area.
Then section 7 presents the conclusions and will propose
future work.
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and the average waiting line size QW is:
QW

2. M/G/1 Queueing Model

TW =

ρ(1 + CS2 )
TS
2(1 − ρ)

(1)

Where ρ = λTS is the utilization of the system, defined
in terms of arrival rate λ and TS , the average service time.
TW is the average waiting time and CS2 is the coefficient of
variation squared of TS . The P-K formula for the M/G/1
queue assumes first come first served (FCFS) policy. Using
the P-K formula, the average number of transactions in the
system QL is:
Q L = ρ + ρ2

(1 + CS2 )
2(1 − ρ)

=
=

There has been a considerable amount of work analyzing
the M/G/1 queue system [3, 4, 5, 6].The M/G/1 queue
has customers or transactions arriving according to a Poisson process with rate λ, but with service times having a
general distribution. This provides us with a more general
case when comparing it to the M/M/1 queue which has
Poisson arrival rates and exponential service times. There
is a drawback though: the M/G/1 queue does not have a
general, closed form distribution for the number of transactions in the queue in steady state. However, it provides
a generalization based on average values. That is, it gives
a general solution for the average number of transactions
in the queue, and the application of Little’s Theorem provides us the corresponding result for the average time spent
in the queue. Collectively, these results are known as the
Pollaczek-Khinchin (P-K) formula:

(2)
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(3)
(4)

With these equations, we can build a model that captures
the behavior of a system composed of a server attached to a
SAN which manages multiple applications in the same volume. We can use input parameters λ, TS and CS2 to estimate
system average queue length, utilization and average waiting time. We can then characterize the performance of the
system based on these model output.

3. Workload Characteristics
We are using in our experiments two types of workloads;
an OLTP and DSS system. These workloads were implemented based on TPC-C and TPC-H [2]. Table 1 shows a
comparison of both types of workloads. TPC-C models a
wholesale supplier managing orders. Order-entry provides
a conceptual model for the benchmark with the underlying
components being typical of any OLTP system. The workload consists of five transaction types. Table 2 shows the
transaction types and their read/write characteristics. The
transactions operate against a relational database composed
of 9 tables. These are: Warehouse, District, Customer, History, Order, New-order, Order-Line, Stock, and Item. Transactions will make reads, writes, and rollbacks. The application uses primary and secondary key access. Our OLTP
workload consists of warehouses each containing 10 terminals as the TPC-C specification states. The terminal interface consists of a Linux terminal that displays information
about the current transaction being performed. The delivery transaction is executed as any other transaction so there
is no deferred mode. The TPC-H workload is a complex

Table 2. OLTP Transactions
Name
Access Pattern
New-order
read/write
Payment
read/write
Delivery
read/write
Order-status
read
Stock-level
read

Decision Support workload. TPC-H Benchmark models ad
hoc queries. The benchmark consists of queries that perform read accesses to the database and a pair of database
update functions (add, delete). The database size is determined from fixed Scale Factors (SF): 1, 10, 30, 100, 300,
1000, 3000 which correspond to the nominal database size
in GB. For example, SF 10 means a database with a size of
approximately 10 GB. Tools for generating data and queries
for the database are provided with the benchmark specification: DBGEN and QGEN. The use of these tools is strongly
recommended and if not used, the mechanism for creating
the data and queries must produce exactly the same output
as those tools. TPC-H contains 22 well defined queries.
Our DSS workload uses 17 out of the 22 queries. Sequential execution of these queries produce a query stream. The
used queries are: q1-q16 and q19. Refresh functions perform database update between tests. The workload consists
of three parts: Load Test, Power Test and Throughput Test.
The Load Test just measures the time it takes for the system
under test to build the database. The Power Test performs
a pair of refresh functions and queries submitted in a single query stream. The test is performed sequentially (i.e.,
no concurrency). The Throughput Test performs multiple
concurrent query streams and refresh functions.

4. Experiments
4.1. Single Class Model
The experiment consisted on running the workloads in
a Data Center Server-SAN attached system using a same
volume and DBMS. The implementation was done using
a MYSQL 5.0 DBMS [7], C++ and MYSQL++ [8] tools.
The experimental setup for this experiment depicted in
Figure 2. The server is a DELL PowerEdge 1950 server
with dual processor, dual-core, 2.0 GHz Intel Xeon EM64T
processors with 8GB memory configuration connected to
an EMC CLARiiON CX300 storage array via fibre channel
with Red Hat Enterprise 4 (Linux 2.6.9-34.ELsmp, 64-bit
kernel). The fibre channel connection is made through
a using a McData Sphereon 1440 fibre channel switch.
The server has a dedicated LUN of 1 TB consisting of
7 HDDs with a RAID 5 configuration. OLTP and DSS

Figure 2. Experimental Setup

Table 3. OLTP workload description
Warehouse Number of
Number
Terminals
10
100

implementations have the configuration shown in Tables 3
and 4. The databases were previously created and loaded.
We decided to keep the applications size small to capture
transaction behavior without stressing the system, specially
when running concurrently. In the case of the DSS system
we ran a complete Power and Throughput test sequence.
We collected disk I/O information of execution using linux
command iostat [9] and EMC Navisphere CLI application
[10]. These commands return information about the SAN
treating it as a large disk. In this paper we will follow the
same approach. We selected our model input data after the
first 10 minutes of execution to allow time for the system
to arrive at a near to steady-state condition. From this time
interval, We will obtain the input parameters for our model
such as average service time and arrival rate and compare
the output of the model with the real results measured by

Table 4. DSS workload description
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Streams
1
10
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Figure 3. OLTP Queue Length Estimated by
model vs Measured

Figure 5. OLTP and DSS Queue Length Estimated by model vs Measured
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Figure 4. DSS Queue Length Estimated by
model vs Measured

these tools. The procedure is as follows:
1. Select a steady-state region in our simulation time (middle). We will collect the average service times, arrival rates,
and response times.
2. Construct our model inputs, with these values and with
the estimation of the coefficient of variance CS2 .
3. Estimate our model outputs, the average queue length
QL and average waiting time TW .
We will display the estimated values of QL and TW
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Figure 6. OLTP Queue Waiting Time Estimated vs Measured

using our model and their respective measured results obtained during simulation.
Table 5 shows basic characteristics of the workloads.
From these results, we can see that the multiple application (OLTP & DSS) is dominated mostly by the behavior
of the DSS workload which has an I/O activity much larger
than OLTP. This I/O activity is due to writes performed in
the update functions. We can see from Figures 3 to 5 that
the M/G/1 model predicts the average queue length with
high accuracy. The error between measured results and the
model estimates range from 0.01% to 4.26%. In the case of

DSS

Table 5. Workloads I/O Characteristics
Workload
R/W % reads % writes
total
ratio
IOps
OLTP
0.461
0.316
0.684
4,254.2
DSS
0.001
0.001
0.999
35,392
OLTP & DSS 0.005
0.005
0.995
34,309
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Figure 7. DSS Queue Waiting Time Estimated
vs Measured
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The application of the previous models following a single class model approach produced excellent results. However, to fully understand the contribution of each workload,
the multiple application experiment had to be modeled using a two class approach. Each input parameter representing the load of the classes were taken from the measured
values (total). They were split in a manner such that the aggregation of both components resulted in the total measured
values, that is, λ = λOLT P + λDSS , ρ = ρOLT P + ρDSS
and so on. We selected λOLT P to be around 20% the size
of λ in order of satisfying the proportion we observed from
Table 5. The service times (TSOLT P and TSDSS ) of this two
class model are independent of each other. For simplicity
we chose both to have the same average value, which was
the measured one. We computed CS2OLT P and CS2DSS . The
output of our model will be the sum of the two components,
that is: QL = QLOLT P + QLDSS . Since time values have
the same average value, TWOLT P = TWDSS = TW . The
output of this model is the same as shown in figures 5 and 8
so we are confident that this approach can be used to analyze each component independently.

5. Analysis of Results

Time Interval (s)

Figure 8. OLTP and DSS concurrent Queue
Waiting Time Estimated vs Measured

the average waiting time, (Figures 6 to 8) the behavior is the
same with error ranges from 0.03 to 16%. The 16% error
is from DSS and is associated with the fact that few disk
I/Os were generated with it. In the case of the concurrent
the maximum error was 3.42% and OLTP error was 4.26%.
The previous results give us confidence that the model has
captured the behavior of the system. In the case of the multiple application results (Figures 5 and 8), we only have aggregated values at this moment, so we would have to model
it with a single class model. In the next section we will analyze this model and how it behaves in terms of modifying
these components to create a two class model.

After validating our model, we can then proceed to analyze it. In this case we have selected a time interval inside
the steady state region. The first step was to select similar
measured values of TS and their corresponding calculated
CS2OLT P and CS2DSS . QL values were calculated using the
selected (TS ,CS2 ) pairs and varying ρ. ρ values were selected from 0-1 range so that we can see system behavior
when modifying the load of each application component.
The two class model was the only model used for this analysis. We split the model into the two components and draw
the graphs of ρ vs QL . We also provide results from both
components as a whole.
Figure 9 shows the obtained results. In (a) there is
the OLTP component on the model. In this graph we let
λOLT P >> λDSS , specifically λOLT P = 0.9 ∗ λ. The
graph shows a saturation point at around ρ = 0.6, QL = 30.
Looking at the measured data for the single OLTP execution, we found two values with the same TS for this anal-

OLTP Component Model

OLTP Component Model

140

140

Model Estimation
Measured

120

120

100

100

Mean Queue Length

Mean Queue Length

Model Estimation
Measured

80

60

80

60

40

40

20

20

0

0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0

1

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.9

1

(a) λOLT P >> λDSS

(a) λOLT P >> λDSS

DSS Component Model

DSS Component Model

140

350

Model Estimation
Measured

Model Estimation
Measured
300

120

250

100

Mean Queue Length

Mean Queue Length

0.8

Utilization

Utilization

200

150

80

60

100

40

50

20

0

0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0

1

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Utilization

Utilization

(b) λDSS >> λOLT P

(b) λDSS >> λOLT P

OLTP and DSS Model

OLTP and DSS Model
80

250

Model Estimation
Measured

Model Estimation
Measured

70
200

Mean Queue Length

Mean Queue Length

60

150

100

50

40

30

20
50

10

0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Utilization

0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Utilization

(c) Unmodified Model

(c) Unmodified Model

Figure 9. M/G/1 Two-Class Model: TS = 0.40
ms

Figure 10. M/G/1 Two-Class Model: TS = 0.50
ms

ysis. When the values for the measured ρ and QL are
plot, they fall inside the model graph. Figure 9 (b) shows
the same type of plot associated with the DSS component of the two class M/G/1 model. In this case, we let
λDSS >> λOLT P , with λDSS = 0.8 ∗ λ. This component behaves very different than the OLTP component. The
saturation point is located at around ρ = 0.8, QL = 50,
which shows that this component saturates at a later utilization than that of the OLTP. Data values from the DSS single
execution were also found and superimposed in the graph.
We can see that the values from the DSS single experiments
fit in the model’s ρ vs QL curve. Finally, in (c) we have
graphed both components of the model with values from
the measured OLTP-DSS simulation. These values are also
inside the model path as expected.
Figure 10 shows the same experiments but with different a value of TS . The purpose of this figure is to analyze how the model behaves when the overall utilization is
higher, specifically larger than 50%. We can see that also
in this case, the model provides results that are close to the
measured data. When analyzing both figures, we note that
the combined two class model shows a behavior similar to
that of DSS which is consistent with the measured results
summarized in Table 5. This makes sense since DSS is the
larger contributor in the mix. This analysis suggests that
the two class model can be used to predict system behavior with certain similarity of actual measured data. In other
words, the analysis shows that there is a contribution of each
workload to the total mix and that these contributions can
be separated while maintaining their respective behavioral
attributes.

6. Related Work
The study of Storage Area Networks has gained popularity as this technology has emerged as one of the most commonly deployed storage solutions. Our work implements a
queue model and uses it to model a particular system using
obtained measurements. We are interested in modeling multiple complex database applications running concurrently.
Most of the previous efforts for SAN research have been
in introducing theoretical models. Chao, Li-zhu and Chunxiao [11] proposed the use of an M/M/Q model for Performance simulation of SANs. The authors construct a software simulator and show how this model is general enough
to be fitted to different SAN systems. Their work shows an
error of around 10%. Zhu, Zhu and Xiong [12], presented a
Queueing Network Model to analyze SAN structures. They
create a theoretical model that details all mayor components
of a SAN as a network of queues. Besides the theoretical
model, the authors provide analysis for the host server, fibre channel network, disk array subsystem, fibre channel
protocol and disk units. Molero et al [13] developed a tool

for the design and evaluation of fibre channel SANs. This
tool is based on the CSIM C/C++ [14] extension to create
simulations.
Menasc, Pentakalos and Yesha [15] present an analytical
Queueing Network Model for mass storage systems. They
consider both host attached and network attached devices.
They provide a modified Mean Value Analysis (MVA) algorithm that can handle multiple classes of requests for a
striped RAID array. Their workloads were a set of ftp get
and put for a ten day period. Nijim, Xie and Qin [16] propose the use of an analytical model to model the performance of a self-managing computer systems under mixed
workloads conditions. They perform a trace driven simulation where their workload mix consisted of one cpu intensive and one I/O intensive. Urgaonkar et al [17] present an
analytical Queueing Model for multi-tier Internet applications. Their model predicted average response times within
the 95% confidence intervals of the observed average response times.

7. Conclusions

In this paper we have shown results from modeling a single server connected to a SAN. We used a single M/G/1
Queueing Model. The experiments deal with characterizing the behavior of multiple workloads running in the same
system. The results show how the model manages to represent the system of interest. This model is able of generating
output parameters that yield low error when compared to
experimental data. We learned that the two class M/G/1
model is able of predicting system behavior that is actually
similar to measured data. The model can be used to anticipate the impact of growth in the arrival rate on the behavior
of the system. In the case of adding more workloads to the
mix, the model has the potential of predicting the system
behavior once the new mix has been characterized.
As future work, we plan to extend these experiments by
both increasing the workload number and size. We are also
interested on quantifying the impact of each instance independently as a component of the whole disk utilization.
This will require us to extend the model to a multi (more
than two) class model. This would help us understand better the overall performance of the system given a particular
set of desired applications to be run concurrently. The use
of Queueing Network Models to characterize the complete
system in terms of its components components as the fibrechannel switch, the storage processors and host bus adapters
is the long term goal. This approach will provide an even
greater level of understanding of all the characteristics this
server-SAN system has.
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