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Abstract—The Popular Disk Concentration (PDC) technique and the Massive Array of Idle Disks (MAID) technique are two effective

energy conservation schemes for parallel disk systems. The goal of PDC and MAID is to skew I/O load toward a few disks so that other

disks can be transitioned to low power states to conserve energy. I/O load skewing techniques like PDC and MAID inherently affect

reliability of parallel disks, because disks storing popular data tend to have high failure rates than disks storing cold data. To study

reliability impacts of energy-saving techniques on parallel disk systems, we develop a mathematical modeling framework called MINT.

We first model the behaviors of parallel disks coupled with power management optimization policies. We make use of data access

patterns as input parameters to estimate each disk’s utilization and power-state transitions. Then, we derive each disk’s reliability in

terms of annual failure rate from the disk’s utilization, age, operating temperature, and power-state transition frequency. Next, we

calculate the reliability of PDC and MAID parallel disk systems in accordance with the annual failure rate of each disk in the systems.

Finally, we use real-world trace to validate out MINT model. Validation result shows that the behaviors of PDC and MAID which are

modeled by MINT have a similar trend as that in the real-world.

Index Terms—Parallel disk system, energy conservation, reliability, MAID, PDC, load balancing
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1 INTRODUCTION

PARALLEL disk systems are of great value to large-scale
parallel computers, because parallel disks are capable

of providing high I/O performance with large storage
capacity [2]. In the past decades, parallel disk systems
have increasingly become popular for data-intensive
applications running on massively parallel computing
platforms [37]. Parallel disk systems comprised of arrays
of independent disks are usually cost-effective, since the
parallel disk systems can be built from low-cost com-
modity hardware components.

Recent studies indicate that the energy cost and car-
bon footprint of parallel disk systems and storage serv-
ices has become exorbitant [42]. More specifically,
storage devices account for approximately 27 percent of
the overall energy consumption in a data centre [42].
When it comes to Web proxies, disk energy consumption
may account for up to 77 percent [6]. Current utilization
and technological trends of parallel disk systems result
in unacceptable economical and environmental conse-
quences [20]. To address this problem, a broad spectrum
of energy-saving techniques were proposed to achieve
high energy efficiency in storage systems. Well-known

energy conservation techniques include software-directed
power management strategies [33], dynamic power man-
agement (DPM) schemes [8], data redundancy techniques
[3], [22], [48], [39], [42], workload skew [15], [46], and
multi-speed settings [11], [34].

Prior findings show that existing energy conservation
techniques in disk drives can deliver significant energy
savings in large-scale storage systems. Although few energy-
saving schemes such as cache-based energy saving
approaches may have marginal impacts on disk reliability,
many energy conservation techniques like dynamic power
management and workload skew techniques inevitably have
adverse impacts on parallel disk systems [3], [43]. For exam-
ple, the DPM technique reduce energy consumption in disks
by the virtue of frequent disk spin-downs and spin-ups,
which in turn can shorten disk lifetime [8], [12], [17]. Unlike
DPM, workload-skew techniques, for example, MAID [7],
PDC [20], BUD [27], and PARAID [40] move frequently
accessed data sets to a subset of disks arrays acting as work-
horses, thereby keeping other disks in standby mode to save
energy. Disks archiving hot data inherently have higher risk
of breaking down than those disks storing cold data.

To address the reliability issues of energy-efficient paral-
lel disks, we first proposed a modeling framework—
MINT—to perform reliability analysis of parallel disks
employing energy-saving techniques. Next, we applied the
MINT framework to build two reliability models used to
study reliabilities of parallel disk systems coupled with the
two well-known energy-saving schemes: the PDC technique
[20] and the Massive Array of Idle Disks (MAID) [7].
Finally, we use real-world trace to validate the Access-Pat-
tern-to-Utilizatoin sub model of the MINT model.

This paper builds upon our previous work on model-
ing reliability of energy-efficient parallel disk systems
[47]. We extend our previous work in the following five
important ways.
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� We added a new section that highlights the moti-
vation of this work by discussing the limitations
of previous energy-saving techniques and disk
reliability models.

� We extended the framework by carefully consider-
ing power-state transitions in individual disks. The
number of power-state transitions depends on the
number of idle time periods that are larger than
break-even time. Note that the break-even time is
defined as the smallest time interval for which a disk
must remain idle to save energy by transitioning to a
low-power state.

� We provided details on modeling disk utilization
and power-state transition frequency, which are two
critical reliability-affecting factors. The disk utiliza-
tion is used to estimate base annual failure rates
(AFRs), whereas the power-state transition fre-
quency is an adder to the base failure rates.

� We conducted stress test on the reliability model of
parallel disks equipped with PDC and MAID under
high I/O workload conditions. We observed that the
utilization trends and annual-failure-rate (AFR)
trends of PDC and MAID under heavy workload are
different from the utilization and AFR trends of PDC
and MAID dealing with light I/O loads.

� We developed a trace-driven model to validate our
MINT. After using Poisson Distribution to model the
access patterns of PDC and MAID, we further
applied Berkeley Web Trace [1] to the Access
Pattern-Utilization submodel in MINT. The results
indicated that the system utilizations calculated
according to our mathematical model tend to have
the similar trend as those according to the real-world
traces, hence validated the MINT.

The remainder of this paper is organized as follows.
Section 2 presents the motivation for the development of
a reliability modeling framework for energy-efficient par-
allel disks. Section 3 outlines the design and implementa-
tion of the MINT reliability modeling framework. In
Section 4, we leverage MINT to build the reliability mod-
els for the Popular Data Concentration scheme (PDC) and
the MAID technique. Section 4 also presents reliability
impacts of PDC and MAID on parallel disk systems. Sec-
tion 5 explains means of validating the MINT’s submo-
del-Access-Pattern-to-Utilization. The related work of this
study is discussed in Section 6. Section 7 concludes the
paper with further discussions.

2 MOTIVATION

2.1 Limitations of Previous Modeling Studies

It is often challenging to improve both reliability and energy
efficiency of storage systems, because little attention has
been paid to evaluating reliability impacts of power man-
agement strategies on storage systems. Many excellent reli-
ability models have been proposed for disk systems (see,
for example, [5] and [36]). Shah and Elerath conducted a
series of reliability analysis using field failure data of several
drive models from various disk disk manufacturers [32].
Hughes and Murray investigated reliability factors of cost-
effective serial ATA (SATA) disk drives [13]. They not only

studied failure probability of RAID storage systems, but
also proposed approaches to improving reliability of stor-
age systems comprised of multiple SATA disks [13]. How-
ever, the lack of considerations of disks power transitions
and dynamic changing of system utilization makes models
mentioned above inaccurate when applied to estimate reli-
ability of energy-efficient disk systems.

Due to the following two reasons, the above disk reliabil-
ity models are inadequate for evaluating reliability of disk
systems equipped with energy-saving mechanisms.

� First, focusing on traditional disk systems, the exist-
ing models do not take disk-power transitions into
account. Recently studies show that disk reliability is
affected by power-state transitions (see Section 3.4,
[35] and [43] for details on power-state transitions).

� Second, most existing models assume that disk utili-
zation is unchanged. When I/O workload does not
change dramatically, these models can accurately
estimate the reliability of disk systems. In many real-
world data-intensive processing environments (e.g.,
Video-On-Demand), I/O load conditions change
fairly dynamically. Even under seemingly constant
I/O loads, energy conservation techniques tend to
make the constant I/O loads changing (see Sec-
tion 4.1.2 and Section 4.2.2).

In addition to reliability models, simulation studies are
another way of investigating the reliability of energy-effi-
cient storage systems (see, for example, [43]). Simulating
the reliability of disk systems with energy-conservation
techniques is complicated, because accurate simulations
of the energy-saving techniques requires storage research-
ers to seamlessly integrate the energy conservation
schemes with conventional disk simulators. It is common
sense that reliability of energy-efficient disk systems can
be estimated by simulating the behaviors of energy-
saving schemes. Unfortunately, there is widespread lack
of fast and accurate methodology to evaluate reliabilities
of modern parallel disk systems with high energy effi-
ciency. To address this problem, we propose a mathemat-
ical modeling framework called MINT to quantitatively
investigate the reliabilities of parallel disk systems
employing a variety of energy conservation schemes. The
MINT framework relies on data access patterns and reli-
ability-affecting factors like disk utilization, temperature,
and power-state transition frequency.

We used the MINT model to comprehensively study the
reliability of parallel disks equipped with the two s energy-
saving schemes, namely, the PDC technique [20] and the
MAID [7]. We paid particular attention on PDC and MAID,
because our focus is the power optimization strategies that
adversely affect reliabilities of parallel disk systems. The
MINT model suggests that the reliability of PDC is slightly
higher than that of MAID under light workload. We also
observe from MINT that MAID is noticeably more reliable
than PDC with relatively high data-access rates.

2.2 Outline and Summary of Contributions

The contribution of this paper is 1) to present a new reliabil-
ity modeling framework for energy-efficient parallel disk
systems and 2) to improve energy-efficient parallel disks by
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alternating disks storing hot data with disks holding cold
data. In particular, the main contributions of this study
include are summarized as follows:

� We developed a generic mathematical approach—
called MINT (Mathematical Reliability Models for
Energy-efficient Parallel Disk System) [47]—to
modeling reliability of energy-efficient parallel disks
coupled with power management optimization
policies.

� We built two reliability models for the two well-
known energy-saving schemes—Popular Data Con-
centration scheme (PDC) and MAID.

� We analyzed intriguing the impacts of PDC and
MAID on the annual failure rates of parallel disk sys-
tems. The analysis is made possible because we first
investigated the impact of file access rates on disk
utilization of MAID and PDC.

� We applied real-world traces [1] to drive our disk
simulator, thereby validating our model that esti-
mates disk utilizations using file access patterns.

3 THE MINT RELIABILITY MODELING FRAMEWORK

3.1 Overview of the Framework

We start the modeling process by capturing the behaviors of
parallel disk systems coupled with power management
optimization policies. Let us first make use of data access
patterns as input parameters, which are used to estimate
each disk’s utilization and power-state transition frequency.
Then, we derive each disk’s reliability in terms of annual
failure rate from the disk’s utilization, operating tempera-
ture as well as power-state transition frequency. These three
parameters are key reliability-affecting factors in addition to
disk ages. Finally, we calculate the reliability of the parallel
disk system in accordance with the annual failure rate of
each disk in the system.

Fig. 1 depicts the framework of the MINT reliability
model for parallel disk systems with energy conservation
schemes. MINT is composed of a single-disk reliability
modeling module, a system-level reliability modeling
module, and four reliability-affecting factors - disk age,
temperature, disk state transition frequency (hereinafter
referred to as frequency) and utilization. Many energy-
saving schemes (e.g., PDC [20] and MAID [7]) inherently
affect reliability-related factors like disk utilization and
transition frequency. Given an energy optimization mech-
anism (e.g., PDC [20] and MAID [7]), MINT first transfers
data access patterns into frequency and utilization - the
two reliability-affecting factors. The single-disk reliability
model can derive individual disk’s annual failure rate
from utilization, power-state transition frequency, age,
and temperature. Reliabilities of all the disks in a parallel
disk system are used as input to the system-level reliabil-
ity modeling module that is responsible of estimating the
annual failure rate of parallel disk systems.

There are several reliability-related factors, among
which we consider four factors in MINT. It does not, how-
ever, necessarily imply that disk utilization, age, tempera-
ture, and power-state transitions are the only parameters
affecting disk reliability. Other factors that may have
impacts on disk reliability include handling, humidity,

voltage variation, vintage, duty cycle, and altitude [9]. To
incorporate a new factor into MINT, one simply needs to
extend the single reliability modeling module described
in Section 3.5. We pay attention to disks that are more
than one year old, because the infant mortality phenom-
ena is out the scope of this study. The reliability models
presented in this paper are focused on read-intensive I/O
activities, because a wide range of applications are read-
intensive in nature. These applications include, but not
limited to, web applications (e.g., Gmail and Facebook),
video streaming servers (e.g., Youtube, Hulu), and search
engines (e.g., Google and Bing).

3.2 Impacts of Utilization on Disk Failure Rate

Disk utilization can be characterized as the fraction of
active time of a disk drive out of its total powered-on-
time [23]. Different from RAID systems in which each
disk only handles partial data of a file (see also the data
stripping technique), each single disk in our disk array
model stores entire files. Therefore, the access patterns of
all disks in a disk array are unlikely to be identical.
Thus, the disks in a MAID system or a PDC system tend
to have various utilizations, thereby leading to different
failure rates rather than an identical one. In our single
disk reliability model, the impacts of disk utilization on
reliability is good way of providing a baseline characteri-
zation of disk annual failure rate or AFR.

Using field failure data collected by Google, one can
investigate the impact of utilization on AFR across the dif-
ferent age groups. For example, Pinheiro et al. studied AFR
value of multiple disk groups with different ages, focusing

Fig. 1. The framework of the MINT reliability model.
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on the impact on disk utilization on AFR. Disk utilization
are categorized by Pinheiro et al. in three levels—low,
medium, and high. Fig. 2 shows AFRs of seven disk groups,
representing disks whose ages are 3 months, 6 months,
1 year, 2 years, 3 years, 4 years, and 5 years under the three
utilization levels.

Since the single-disk reliability model in MINT needs a
baseline AFR value derived from disk utilization, we make
use of the polynomial curve-fitting technique to extrapolate
the baseline AFR a single disk from Google’s field failure
date. Extrapolating AFRs from the field failure data is
important, because such an extrapolation approach allows
us to estimate failure rate of a disk in accordance to the
disk’s utilization.

Our extrapolation procedure relies on the dataset (i.e.,
three data points for each disk group) provided by Google;
this approach is reasonable because of the following
justifications.

� First, compared with other disk failure datasets,
the field failure dataset offered by Google is the
most comprehensive assessment. The Google data-
set can readily be incorporated into the utilization-
to-failure module of our reliability modeling
framework. We also obtain the maintenance data
from the Los Alamos National Laboratory (LANL);
the LANL data represents failure rates of a high-
performance computing system. The Google data
is more recent than the LANL data in the context
of storage systems.

� Second, integrating Google’s disk failure data into
our model offers a general idea on how disk utili-
zation can affect the lifetime of energy-efficient
storage systems.

� Third, the failure dataset from Google represents sig-
nificant trends of the relationship between failure
rates and disk utilizations. For example, a pro-
nounced trend is that disk-failure rate goes up when
the disk utilization increases from medium to high.

� Fourth, the failure-rate trend of disks is changing
when the disks are aging and; therefore, we incorpo-
rate disk ages as an important parameter into the
disk failure-rate model.

In what follows, we give an example of a failure-rate
model for three-year old disks. Failure-rate models of disks
that are not three-year old (e.g., one-year, or five-year old)
can be built in the same manner. The baseline value (i.e.,
Rbase in (3) of AFR for a disk can be calculated from the disk’s
utilization. Fig. 2 shows disk utilization impacts on disk
annual failure rate. Fig. 3 reveals the annual failure rate of
three-year old disks as a function of disk utilization. The data
in Fig. 2 is extrapolated from the disk-failure data offered by
Google [23]. The curve plotted in Fig. 3 can be expressed as a
utilization-reliability function described as (1) below:

F ðu; 3Þ ¼ 4:167e�7u4 � 7:5e�5u3 þ 5:968e�3u2

� 2:575e�1uþ 9:3;
ð1Þ

where F ðuÞ represents the AFR value as a function of a cer-
tain disk utilization u. With (1) in place, one can readily
derive annual failure rate of a disk if its age and utilization
are given. For example, for a 3-year old disk with 50 percent
utilization (i.e., u ¼ 50%), we can obtain the AFR value of
this disk as RðuÞ ¼ 4:8%. Fig. 3 suggests that unlike the con-
clusions drawn in a previous study (see [35]), a low disk uti-
lization does not necessarily lead to low AFR. For instance,
given a three-year old disk, the AFR value under 30 percent
utilization is even higher than AFR under 80 percent
utilization.

3.3 Impacts of Temperature on Disk Annual
Failure Rate

Temperature is often considered as the most important
environmental factor affecting disk reliability. Field failure
data of disks in a Google data center (see Fig. 4) shows that
in most cases when temperatures are higher than 35�C,
increasing temperatures lead to an increase in disk annual
failure rates. On the other hand, Fig. 4 indicates that in the
low and middle temperature ranges, the failure rates
decreases when temperature increases [23].

Growing evidence shows that disk reliability should
reflect disk drives operating under environmental condi-
tions like temperature [9]. Since temperature (e.g., mea-
sured 1/2’’ from the case) apparently affect disk
reliability, the temperature can be considered as a multi-
plier (hereinafter referred to as temperature factor) to
baseline failure rates where environmental factors are
integrated [9]. Given a temperature, one must decide the

Fig. 2. Utilization affects disk annual failure rate (AFR) (Data by Goo-
gle [23]).

Fig. 3. Impacts of disk utilization on annual failure rate (AFR).

348 IEEE TRANSACTIONS ON DEPENDABLE AND SECURE COMPUTING, VOL. 11, NO. 4, JULY/AUGUST 2014



corresponding temperature factor (see t in (3)) that can be
multiplied to the base failure rates. Using Google’s disk-
failure data plotted in Fig. 4, we consider temperature fac-
tors under various temperature ranges for disks with dif-
ferent ages. More specifically, Fig. 4 shows annual failure
rates of disks whose ages are from three-month to four-
year old. For disk drives whose ages fall in each age
range, we model the temperature factor as a function of
drive temperature. Thus, six temperature-factor functions
must be derived.

Now we explain how to determine a temperature factor
for each temperature under each age range. Let us choose
25�C as the base temperature value, because room tempera-
tures of data centers in many cases are set as 25�C controlled
by cooling systems. Thus, the temperature factor is 1 when
temperature is set to the base temperature (25�C). Let RT

denote the average value of AFR at temperature T . For
example, R25 represents disk’s AFR when the temperature
is set to 25�C. We model the temperature factor t as a ratio
between RT and R25 (i.e., RT=R25) under the condition that
t is larger than or equal to 25�C. When t exceeds 45�C, the
temperature factor becomes a constant (i.e., t ¼ 15=5 ¼ 3,
see also Fig. 5). Note that Fig. 5 is derived from the Google’s
disk failure data. Due to space limit, we only show how
temperature affects the temperature factor of a three-year
old disk in Fig. 4. Note that the temperature-factor functions
for disks in other age ranges can be modeled in a similar
way. Fig. 5 shows the temperature-factor function derived
from Fig. 4 for three-year old disks. We can observe from
Fig. 4 that AFRs increase to 215 percent of the base value
when the temperature is between 40 to 45�C.

3.4 Power-State Transition Frequency

To conserve energy in single disks, power management
policies turn idle disks from the active state into standby.
The disk power-state transition frequency (or frequency
for short) is often measured as the number of power-state
transitions (i.e., from active to standby or vice versa) per
month. The reliability of an individual disk is affected by
power-state transitions and; therefore, the increase in fail-
ure rate as a function of power-state transition frequency
has to be added to a baseline failure rate (see (3) in Sec-
tion 3.5). We define an increase in AFR due to power-state

transitions as power-state transition frequency adder (fre-
quency adder for short). The frequency adder is modeled
by combining the disk spindle start/stop failure rate add-
ers described by IDEMA [35] and the PRESS model [43].
Again, we focus on three-year old disk drives. Fig. 6 dem-
onstrates frequency-adder values as a function of power-
state transition frequency. Data plotted in Fig. 6 shows
that high frequency leads to a high frequency adder to be
added into the base AFR value. We used the quadratic
curve fitting technique to model the frequency adder
function (see (2)) plotted in Fig. 6.

F ðvÞ ¼ 1:51e�6v2 � 1:09e�5vþ 1:39e�2; v 2 ½0; 500�; (2)

where v is a power-state transition frequency, F ðvÞ repre-
sents an adder to the base AFR value. For example, when
the transition frequency is 300 per month, the AFR value
becomes 0.13 percent (see Fig. 6), which is higher than its
corresponding baseline AFR value.

3.5 Single Disk Reliability Rate

Single-disk reliability can not be accurately described by
one valued parameter, because the disk drive reliability
is affected by multiple factors (see Sections 3.2, 3.3, and
3.4). Though recent studies attempted to consider multi-
ple reliability factors (see, for example, PRESS [43]), few
of prior studies investigated the details of combining the
multiple reliability factors. We model the single-disk
reliability in terms of annual failure rate (AFR) in the

Fig. 5. Correlations between temperature and temperature factor.

Fig. 6. Impacts of power-state transition frequency on frequency adder
for three-year-old hard disks.

Fig. 4. Average drive temperature affects annual failure rate (AFR) (Data
by Google [23]).
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following three steps. We first compute a baseline AFR
as a function of disk utilization. We then use tempera-
ture factor as a multiplier to the baseline AFR. Finally,
we add a power-state transition frequency adder to the
baseline value of AFR. Hence, the failure rate R of an
individual disk can be expressed as

F ¼ a� Fbase � t þ b� Ffreq; (3)

where Fbase is the baseline failure rate derived from disk uti-
lization (see Section 3.2), t is the temperature factor (or tem-
perature multiplier described in Section 3.3), Ffreq is the
power-state transition frequency adder to the base AFR (see
Section 3.4), and a and b are two coefficients for the value of
reliability F . If reliability F is more sensitive to frequency
than to utilization and temperature, then b must be greater
than a. Otherwise, b is smaller than a. In either case, a and
b can be readily set in accordance with F ’s sensitivities to
utilization, temperature, and frequency. In our experiments,
we assume that all the three reliability-related factors are
equally important (i.e., a ¼ b ¼ 1). Ideally, extensive field
tests allow us to analyze and test the two coefficients.

Calculating the correlation coefficients a and b is
out the scope of this study. Nevertheless, we may apply
the linear regression analysis to compute the two coeffi-
cients from field test samples under various conditions.
Equation (3) represents an appropriate reliability model
because of the following four rationales. First, existing
studies show that both power-state transition frequency
and temperatures have a negative influence on the reli-
ability of storage systems, indicating that a and b are
greater than or equal to 1. Second, although the values of
a and b do affects the accuracy of the reliability model, a

and b will not change general trends described by (3).
Thus, setting a and b to 1 makes (3) demonstrate the gen-
eral trends of the reliability model. Third, (3) illustrates a
consistent relationship between annual failure rate and
the three major factors (i.e., disk utilization, power-state
transition frequency and temperature presented in Sec-
tion 4.1). Last, our approach is a heuristic way to model
reliability of energy-efficient storage systems. Depending
upon the availability of field test data offered by disk ven-
dors, in near future we will adjust a and b to improve the
quality of the proposed reliability model.

Equation (3) enables us to analyze a disk’s reliability in
turns of annual failure rate (AFR). Fig. 7 shows the AFR val-
ues of a three-year-old disk when its utilization is in the
range between 20 and 80 percent, the power-state transition
frequency is 250 and 350 no./month, and temperature is 35
and 40�C. We observe from Fig. 7 that unlike temperature,
the frequency adder in (3) has marginal impact on disk fail-
ure rate, because the transition frequency is relatively low
(e.g., 300 per month; about 10 times per day). It is expected
that when transition frequency is extremely high, AFR will
become more sensitive to frequency than to temperature. A
second reason is that the b value in (3) equals to the a value;
however, in real-world scenarios, b might be greater than
that a. Furthermore, a data center’s cooling systems can
keep the space at a desired low temperature (e.g., 25 to
35�C); hence, the value t is kept less than 1.5 or even less
than 1. In our future study, we will further investigate tem-
perature impacts [14] on AFR of storage systems.

4 RELIABILITY MODELS FOR MAID AND PDC

In this section, we develop two reliability models for MAID
and PDC, which are two well-designed energy-efficient
storage systems. System reliability is derived from disk uti-
lization and power-state transition frequency. We show
how to estimate the disk utilization (see Sections 4.1.2 and
4.2.2) and the power-state transition frequency (see Sec-
tions 4.1.3 and 4.2.3). Finally, we show how to use these two
models to evaluate the impact of file access rates on annual
failure rate of MAID and PDC (see Section 4.4).

4.1 Modeling Reliability of MAID

4.1.1 Overview of MAID

The Massive Arrays of Idle Disks technique or MAID devel-
oped by Colarelli and Grunwald aims to reduce energy con-
sumption of large disk arrays while maintaining acceptable
I/O performance [7]. MAID relies on data temporal locality
to place replicas of active files on a subset of cache disks,
thereby allowing other disks to spin down. Fig. 8 shows
that MAID maintains two types of disks—cache disks and
data disks. Popular files are copied from data disks into
cache disks, where the LRU policy is implemented to man-
age data replacement in cache disks. Replaced data is dis-
carded by a cache disk if the data is clean; dirty data has to
be written back to the corresponding data disk. Note that
the overhead of writing dirty data back to corresponding
data disks has impacts on both energy efficiency and reli-
ability of cache and data disks. For simplicity, we ignore the
impact of LRU on failure rates of disks in the MAID system.

Fig. 7. Annual failure rate of a three-year-old hard disk as a function of
disk utilization, power-state transition frequency, and temperature.

Fig. 8. The MAID system structure.
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In other words, we focus on reliability of the MAID system
dealing with read-only requests issued from read-intensive
applications. We emphasize the impact of reads on the reli-
ability of MAID, because there exists a wide range of read-
intensive applications such as decision support systems,
data mining, and web servers [1], [25], [38]. In our future
work (see Section 7, we plan to extend our models to study
the impact of writes on the reliability of MAID.

To prevent cache disk from being overly loaded, MAID
avoids copying data to cache disks that have reached their
maximum bandwidth. Three components integrated in the
MAID model include: 1) power management policy, by
using which drives that have not seen any requests for a
specified period are spun down to sleep, or an adaptive
spin-down to active; 2) data layout, which is either linear,
with successive blocks being placed on the same drive, or
striped across multiple drives; and 3) cache, which indicates
the number of drives of the array which will be used for
cache [7].

4.1.2 Modeling Disk Utilization in MAID

Recall that the annual failure rate of each disk can be
calculated using disk age, utilization, operating tempera-
ture as well as power-state transition frequency. To
model reliability of a disk array equipped with MAID,
we have to first address the issue of modeling disk utili-
zation used to calculate base annual failure rates. In this
subsection, we develop a utilization model capturing
behaviors of a MAID-based disk array. The utilization
model takes file access patterns as an input and calcu-
lates the utilization of each disk in the disk array.

Disk utilization is computed as the fraction of active
time of a disk drive out of its total powered-on-time. Now
we describe a generic way of modeling the utilization of a
disk drive. Let us consider a sequence of I/O accesses with
N I/O phases. We denote Ti as the length or duration of
the ith I/O phase. Without loss of generality, we assume
that a file access pattern in an I/O phase remains
unchanged. The file access pattern, however, may vary in
different phases. The relative length or weight of the ith
phase is expressed as Wi ¼ Ti=T where T ¼

PN
i¼1 Ti is the

total length of all the I/O phases. Suppose the utilization of
a disk in the ith phase is ri, we can write the overall utiliza-
tion r of the disk as the weighted sum of the utilization in
all the I/O phases. Thus, we have

r ¼
XN

i¼1

ðWi � riÞ ¼
XN

i¼1

Ti
T
� ri

� �

: (4)

Let Fi ¼ ðfi1; fi2; . . . ; finiÞ be a set of ni files residing in the
disk in the ith phase. The utilization ri (see (4)) of the disk in
phase i is contributed by I/O accesses to each file in set Fi.
Thus, ri in (4) can be written as

ri ¼
Xni

j¼1

ð�ij � sijÞ; (5)

where �ij is the file access rate of file fij in Fi and sij is the
mean service time of file fij. Note that I/O accesses to each

file in set Fi are modeled as a Poisson process; file access
rate and service time in each phase i are given a priori. We
assume that there are n hard drives with k phases. In the lth
phase, let fijl be the jth file on the ith disk, where
i 2 ð1; 2; . . . ; nÞ, j 2 ð1; 2; . . . ;miÞ, l 2 ð1; 2; . . . kÞ. We have:

f1l ¼ f11l; f12l; . . . ; f1m1l

�
;

�

f2l ¼ f21l; f22l; . . . ; f2m2l

�
;

�

..

.

fnl ¼ fn1l; fn2l; . . . fnmnlg;f
ð6Þ

where mi is the number of files on the ith disk and fil is the
total files on the same disk. Since frequently accessed files
are duplicated to cache disks, we model below an updated
file placement after copying the frequently accessed files.

f
0
1l ¼ ff 011l; f

0
12l; . . . ; f 0

1m0
1
l

�
;

f
0
2l ¼

�
f 021l; f

0
22l; . . . ; f 0

2m0
2
l

�
;

..

.

f
0
nl ¼

�
f 0n1l; f

0
n2l; . . . ; f 0

nm0nl

�
;

ð7Þ

where m0i is the number of the files on the ith disk, f 0ijl is the
jth file at the lth phase and f

0
il is the set of files on the same

disk after the files are copied. We can calculate the utiliza-
tion for jth file in the lth phase on the ith disk as

rijl ¼ �ijl � sijl: (8)

We assume that ri1l � ri2l � � � � � rim1l
, meaning that

files are placed in a descending order of utilization. After
the frequently accessed files are copied to the cache disks,
we denote the updated utilization contributed by files
including copied ones as r0i1l � r0i2l � � � � � r0im1l

. It is intui-
tive that the utilization of disk i should be smaller than 1.
When a disk reaches its maximum utilization, the disk also
reaches its maximum bandwidth denoted as Bi. Regardless
of cache disks or data disks, we express the utilization for
ith disk in phase l as

r0il ¼
TIO þ Tcopy

T

¼
X

j2F 0
il

�ijl � sijl þ
Tcopy
T

¼
Xm
0
i

j¼1

r0ijl þ
Tcopy
T

;

ð9Þ

where T is the time interval of the lth I/O phase and Tcopy is
the time spent in moving popular data from data disks into
cache disks. The first and second items on the bottom-line
on the right-hand side of (9) are the utilizations caused by
accessing files and duplicating files from data disks to cache
disks, respectively.

Since files on cache disks are duplicated from data disks,
frequently accessed files must be copied from data disks
and written down to cache disks. As such, we must consider
disk utilization incurred by the data duplication process. To
quantify utilization overhead caused by data replicas, we
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define a set FM out
il of files copied from the ith data disk to

cache disks in phase l. Similarly, we define a set FM in
il of

files copied to the ith cache disk from data disks in phase l.
At the lth phase, the file fijl, which is the jth file on the ith

disk will be copied out of the data disk if its utilization rijl is
higher than ri1l, which is the highest utilization held by file
fi1l. For all files to be copied out on the ith disk can be
expressed as

fM out
il ¼ 81 	 jf 	 m0i; 9r0ijl > ri1lg: (10)

With respect to the ith data disk, the utilization r0il�data in
phase l is the sum of utilization caused by accessing files on
the data disk and reading files to be duplicated to cache
disks. Thus, r0il�data can be written as

r0il�data ¼
Xm
0
i

j¼1

r0ijl þ
P

j2FM out
il

tijl

T
; (11)

where the first and second items on the right-hand side of
(11) are the utilizations of accessing files and reading files
from the data disk to make replicas on cache disks,
respectively.

When it comes to the ith cache disk, the utilization
r0il�cache in phase l is the sum of utilization contributed by
accessed files and written file replicas to cache disks. Thus,
r0il�data can be written as

r0il�cache ¼
Xm
0
i

j¼1

r0ijl þ
P

j2FM in
il

tijl

T
; (12)

where the first and second items on the right-hand side of
(12) are the utilizations of accessing files and writing files to
the cache disk to make replicas, respectively.

4.1.3 Modeling Power-State Transition Frequency

for MAID

Equation 3 in Section 3.5 shows that the power-state transi-
tion frequency adder is an important factor to model disk
annual failure rate. The number of power-state transitions
largely depends on I/O workload conditions in addition to
the behaviors of MAID. In this subsection, we derive the
number of power-state transitions from file access patterns.

We define the TBE as the disk break-even time - the mini-
mum idle time required to compensate the cost of entering
the disk standby mode (TBE values are usually anywhere
between 10 to 15 seconds). Given file access patterns of the
ith phase for a disk, we need to calculate the number vi of
idle periods that are larger than the break-even time TBE .
The number of power-state transitions during phase i is 2vi,
because there is a spin-down at the beginning of each large
idle time and a spin-up by the end of the idle time. For an
access pattern with N I/O phases, the total number of
power-state transitions v (see (2)) is expressed as

v ¼ 2�
XN

i¼1

vi: (13)

We model a workload condition where I/O burstiness
can be leveraged by the dynamic power management policy
to turn idle disks into the standby mode to save energy. To

model I/O burstiness, we assume the first I/O requests of
files within an access phase are arriving in a short period of
time, within which disks are too busy to be switched into
standby. After the period of high I/O load, there is an
increasing number of opportunities to place disks into the
standby mode. This workload model allows MAID to
achieve high energy efficiency at the cost of disk reliability,
because the workload model leads to a large number of
power-state transitions.

To conduct a stress test on reliability of MAID, we
assume that the first requests of files on a disk arrive at the
same time. For the first few time units, the workloads are so
high that no data disks can be turned into standby. As the
I/O load is descreasing, some data disks may be switched
to standby when idle time intervals are larger than TBE. In
this workload model, MAID can achieve the best energy
efficiency with the worst reliability in terms of the number
of power-state transitions.

Let us model power-state transition frequency for a sin-
gle disk. Assume that the hith file (hi is placed in an
descending order from mi, hi 2 ðmi;mi�1; . . . ; 2; 1Þ) on the
ith disk at the lth phase is the dividing point of the request
access rate. Given a file whose index is larger than hi, the fil-
e’s access rate �ijl enables the disk to be turned in standby
because idle times are larger than break-even time TBE.
Hence, we have

1

�i1
�
Xhi

j¼1

1

�ijl
> TBE

1

�i1
�
Xhi�1

j¼1

1

�ijl
< TBE;

8
>>>>><

>>>>>:

(14)

where 1
�i1

is the interval time of the first file on the ith disk.
The number of the spin ups/downs is 2ðT � �i1l � T � �ihilÞ.
Cache disks in MAID are very unlikely to be switched into
the standby mode. Since cache disks store replicas, any fail-
ure in the cache disks has no impact on data loss. Only fail-
ures in data disks affect the reliability of disk arrays.

4.2 Modeling Reliability of PDC

4.2.1 Overview of PDC

The Popular Data Concentration technique or PDC pro-
posed by Pinheiro and Bianchini migrates frequently
accessed data to a subset of disks in a disk array [20]. Fig. 9
demonstrates the basic idea behind PDC: the most popular
files are stored in the far left disk, while the least popular
files are stored in the far right disk. PDC can rely on file
popularity and migration to conserve energy in disk arrays,

Fig. 9. The PDC system structure.
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because several network servers exhibit I/O loads with
highly skewed data access patterns. The migrations of
popular files to a subset of disks can skew disk I/O load
towards this subset, offering other disk more opportuni-
ties to be switched to standby to conserve energy. To void
performance degradation of disks storing popular data,
PDC aims at migrating data onto a disk until its load is
approaching the maximum bandwidth of the disk.

The main difference between MAID and PDC is that
MAID makes data replicas on cache disks, whereas PDC
lays data out across disk arrays without generating any rep-
licas. If one of the cache disks fails in MAID, files residing in
the failed cache disks can be found in the corresponding data
disks. In contrast, any failed disk in PDC can inevitably lead
to data loss. Although PDC tends to have lower reliability
than MAID, PDC does not need to trade disk capacity for
improved energy efficiency and I/O performance.

4.2.2 Modeling Disk Utilization in PDC

Since frequently accessed files are periodically migrated to a
subset of disks in a disk array, we have to take into account
disk utilization incurred by file migrations. Hence, the ith
disk’s utilization r0il during phase l is computed as the sum
of the utilization contributed by accessing files residing in
disk i and the utilization introduced by migrating files to/
from disk i. Thus, we can express utilization r0il as:

r0il ¼
TIO þ Tmigration

T

¼
X

j2F 0
il

�ijl � sijl þ
Tmigration

T

¼
Xm
0
i

j¼1

r0ijl þ
Tmigration

T

where T is the time interval of I/O phase l and Tmigration is
the time spent in migrating popular data to hot disks and
migrating non-popular data to cold disk. The first and sec-
ond items on the bottom-line on the right-hand side of (15)
are the utilizations caused by accessing files and duplicating
files from data disks to cache disks, respectively.

To quantify utilization introduced by the file migration
process (see the second item on the bottom-line on the
right-hand side of (15)), we define two set of files for the ith
disk in the lth I/O phase. The first set FM out

il contains all the
files migrated from disk i to other disks during the lth
phase. Similarly, the second set FM in

il consists of files
migrated from other disks to disk i in phase l.

Now we can formally express the utilization of disk i
in phase l using the two file sets FM out

il and FM in
il . Thus,

we have:

r0il ¼
Xm
0
i

j¼1

r0ijl þ
P

j2FM
il

sijl

Tl
(16)

where the second item on the right-hand side of (16) is the
utilization incurred by 1) migrating files in set fM out

il from
disk i to other disks and 2) migrating files in set fM in

il from
other disks to disk i during phase l. We agree with the
reviewer. The reworded Theorem has been included to the
revised paper.

4.2.3 Modeling Power-State Transition Frequency

for PDC

We used the same way described in Section 4.1.3 to model
power-state transition frequency for PDC. The transition
frequency plays a critical role in modeling reliability,
because the frequency adder to base AFRs is derived from
the transition frequency measured in terms of the number
of spin-ups and spin-downs per month. Unlike MAID, PDC
allows each disk to receive migrated data from other disks.
In light of PDC, disks storing the most popular files are
most likely to be kept in the active mode.

4.3 Reliability of PDC and MAID

Let RiðtÞ be the reliability of a single disk system. RiðtÞ is the
probability that disk i functions at time t > 0. Statistical
analysis of failed disks shows that reliability RiðtÞ can be
approximated by the following expression:

RiðtÞ ¼ e�Fi
t; (17)

where Fi is the failure rate of disk i. Thus, the mean time to
disk failure is 1=Fi [37]. Note that Fi can be derived from (3).

Given reliability RiðtÞ of the ith disk in the PDC system,
we can derive the reliability RPDCðtÞ of PDC as a product of
the reliability of all the N disks in the system:

RPDCðtÞ ¼
YN

t¼1

RiðtÞ: (18)

Let C be the number of cache disks in the MAID sys-
tem. The reliability RPDCðtÞ of MAID can be expressed
as a product of the reliability of all the N � C data disks.
Thus, we have:

RMAIDðtÞ ¼
YN�C

t¼1

RiðtÞ: (19)

4.4 Reliability Evaluation

4.4.1 Experimental Setup

We developed a simulator in which the two reliability mod-
els for MAID and PDC were implemented. Table 1 shows
the configuration parameters of MAID and PDC. Let us
evaluate the reliability of the MAID system with two differ-
ent configurations. In the first configuration, existing data
disks are used as cache disks. For example, in the first
MAID system (see MAID-1 in Table 1), there are five cache
disks and 20 data disks. In the second configuration, extra
cache disks are added to a disk array to cache frequently

TABLE 1
Configurations of the MAID and PDC Systems
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accessed data. For example, in the second MAID system,
(see MAID-2 in Table 1), there are five cache disks and
15 data disks. For the case of PDC, we set the number of
disks to 20. Thus, the MAID-1 and PDC systems contains
the 20 disks; whereas the MAID-2 system consists of five
extra cache disks in addition to 20 data disks (i.e., 25 disks
in total). The file access rate is in the range from 0 to 5 
 105

no./month, which represent a wide range of read-intensive
applications. The operating temperature is set to 35�C. The
simulated disks are West Digital hard drives, the parame-
ters of which can be found in Table 2.

4.4.2 Disk Utilization

We first investigate the impacts of file access rate on utiliza-
tion of MAID and PDC. Fig. 10 shows that when the average
file access rate increases, the utilizations of PDC, MAID-1,
and MAID-2 increase accordingly. Compared with the uti-
lizations of MAID-1 and MAID-2, the utilization of PDC is a
whole lot more sensitive to the file access rate.

The utilization of PDC is significantly higher than those
of MAID-1 and MAID-2. For example, when the average file
access rate is 5 
 105 no./month, the utilizations of PDC,
MAID-1, and MAID-2 are approaching to 90, 48, and 40 per-
cent, respectively. PDC has high utilization, because disks
in PDC spend noticeable amount of time in migrating data
among the disks. Increasing the file access rate leads to an
increase in the number of migrated files among the disks,
thereby giving rise to an increased utilization due to file
migrations. Unlike PDC, MAID simply needs to make repli-
cas on cache disks without migrating the replicas back from
the cache disks to data disks.

Under low I/O load levels, the utilizations of MAID-1
and MAID-2 are very close to each other. When I/O load
becomes relatively high, the utilization of MAID-1 is
slightly higher than that of MAID-2. This is mainly because
the capacity of MAID-2 is larger than that of MAID-1.

4.4.3 Annual Failure Rate

Fig. 11 illustrates the AFRs) of MAID-1, MAID-2, and PDC.
Results plotted in Fig. 11 show that AFR of PDC keeps
increasing from 5.6 to 8.3 percent when the file access rate is
larger than 150. We attribute this trend to high disk utiliza-
tion due to data migrations. More interestingly, if the file
access rate is lower than 15 
 104, AFR of PDC slightly
reduces from 5.9 to 5.6 percent when the access rate is
increased from 5 
 104 to 15 
 104 no./month. This result can
be explained by the nature of the utilization function that is
concave rather than linear. The concave nature of the utili-
zation function is consistent with the empirical results
reported in [23]. When the file access rate is 15 
 104, the
disk utilization is approximately 50 percent, which is the
turning point of the utilization function.

Unlike PDC’s AFR, the AFRs of MAID-1 and MAID-2
continue decreasing from 6.3 to 5.8 percent with the increas-
ing file access rate. This declining trend might be explained
by two reasons. First, increasing the file access rates reduces
the number of power-state transitions. Second, the range of
the disk utilization is close to 40 percent, which is in the
declining part of the curve.

4.4.4 Heavy I/O Load

Now we conduct a stress test by considering heavy I/O
load levels. Let us further increase the average file access
rate from 5 
 105 to 1 
 106 no./month. Interestingly, we
observe from experimental results that the utilization
trends and AFR trends of PDC and MAID plotted in
Figs. 12 and 13 are different from the trends of utilization
and AFR plotted in Figs. 10 and 11. More specifically,
Fig. 12 shows that the utilization of PDC is saturated at
the level of 90 percent after the average file access rate
exceeds 5 
 105 no./month. In contrast, the utilizations of
both MAID-1 and MAID2 continue increasing with an
increase in the average file access rate. Regardless of the
value of access rate, the growing trends in utilization are
consistantly true for MAID-1 and MAID-2 even when
the access rate is larger than 5 
 105 no./month. The
PDC’s utilization almost becomes a constant when the

Fig. 11. Impacts of file access rate on annual failure rate (AFR) of
PDC, MAID-1, and MAID-2. Access rate varies from 1 
 104 to
50 
 105 no./month.

Fig. 10. Impacts of file access rate on disk utilization. Access rate varies
from 1 
 104 to 5 
 105 no./month.

TABLE 2
West Digital HDD Property for Simulator
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access rate is larger than 5 
 105 no./month, because the
high access rate can easily saturate the bandwidth of
disks storing popular files. After the hot disks are satu-
rated, the utilization caused by file migrations is signifi-
cantly decreasing as the number of file migrations drops.
When the access rate approaches 1 
 106, the utilization
of MAID-1 becomes significantly higher than that of
MAID-2. The utilization of MAID-1 grows faster than
that of MAID-2, because MAID-2 has more data disks
than MAID-1.

Figs. 13 shows the AFRs of PDC and MAID-1/MAID-2
as functions of file access rate when temperature is set to
35�C. The first observation drawn drawn from Figs. 13 is
that the AFR value of PDC only slightly increases after
the average file access rate exceeds 500 per month. PDC’s
AFR grows very slowly under high I/O load because
the utilizations of disks in PDC are almost saturated at
the level of 90 percent when the access rate is higher than
500. More importantly, the second observation concluded
from Figs. 13 is that when the access rate is higher than
7 
 105 no./month, AFR of MAID-1 is higher than that of
MAID-2. The main reason is that MAID-2 has five more
data disks compare to MAID-1 which ensures that the uti-
lization MAID-2 will be lower than MAID-1. The utiliaz-
tion of MAID-1 keeps rising up over 60 percent (see
Fig. 12) when access rate is higher than 7 
 105 no./month
while at the same time the utilization of MAID-2 is
around 50 percent which lies in the lowest point of the
AFR-Utilization curve shown in Fig. 3.

5 MODEL VALIDATION

5.1 The Validation Techniques

It is reasonable to use MINT to compare the reliability
performance of different energy-efficient storage systems,
because the reliability models of the MAID and PDC stor-
age systems use the same experimental data. It is chal-
lenging to validate the accuracy of the MINT modeling
framework, since we are unable to watch MAID and PDC
running for a couple of decades. One way to address this
problem is to maintain and monitor a large number of
MAID and PDC systems for a short period of time (e.g., 5
to 10 years). If one can watch the MAID and PDC systems

over their entire service life, failure-rate data will be col-
lected to validate reliability models. Even if we can test
MAID and PDC with 100 disks for five years, the sample
size is still considered small.

To address this validation problem, we verify MINT
using the combination of the following two validation tech-
niques [28], which are practical approaches to verification
and validation of models.

� Event Validity. Events of occurrences of the model are
compared to those of the real storage system to
determine if they are similar. For example, in our
validation process, we compared the file access rates
in a real-world file system.

� Historical Data Validation. We first used part of the
historical file access data (i.e., file I/O traces) for
building our models. Then, we relied on the remain-
ing data to test the models.

Recall that MINT consists of two major components—the
utilization model (see Sections 4.1.2 and 4.2.2) and the fail-
ure-rate model. The utilization model estimates disk utiliza-
tion of the MAID and PDC systems based on I/O access
rates. The failure-rate model relies on real world failure
data (see [23]) to predict the failure rate of a disk from its
utilization.

To validate MINT, we need to validate the utilization
model and the failure-rate model. The failure-rate model
is derived from Google’s dataset [23]; the justifications of
this approach can be found in Sections 3.2 and 3.5. We
used the existing failure-rate data obtained from a recent
study [23]; the data have been validated and are accurate.
The failure-rate model is a plugin of the MINT frame-
work. Any future improved failure-rate model can be
readily incorporated into MINT to boost accuracy of
MINT. In this section, we pay particular attention to the
validation of the utilization model.

We performed the following six steps repeatedly to vali-
date the utilization model described in Sections 4.1.2 and 4.2.2.

� Step 1. We made use of the real-world I/O trace (i.e.,
Berkeley web trace) to derive file access rates.

� Step 2. The file access rates are applied to our utiliza-
tion model to estimate disk utilizations of the MAID
and PDC storage systems.

Fig. 12. Impacts of file access rate on disk utilization under heavy I/O
loads. Access rate varies from 1 
 104 to 1 
 106 no./month.

Fig. 13. Annual failure rate (AFR) of PDC, MAID-1/MAID-2 under heavy
I/O loads. Access rate varies from 10 to 1 
 106 no./month.
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� Step 3. We implemented a trace replay tool, which
captures the rapid evolution of web server
workloads.

� Step 4. We developed the simple MAID and PDC
systems that handle I/O requests created by the
trace reply tool.

� Step 5. The utilizations of disks in the MAID and
PDC storage systems are measured.

� Step 6. We compare the measured disk utilizations
from the two real storage systems (see Step 5)
with the disk utilizations derived from our mod-
els (see Step 2).

5.2 Berkeley Web Trace Replay

The Berkeley Web Trace [1] used in the model validation
procedure was collected from a web server for an online
library project from 22 January to 23 February, 1997. The
Berkeley Web Trace data represents intensive I/O activi-
ties of a real-world system, for which MAID and PDC can
conserve energy. Because I/O access rates in this study
are measured in term of number I/O per/month or no./
month, we decided to replay a one-month trace contain-
ing 33 trace files and 25,205,132 I/O requests. Among
all the requests, 24,481,520 are file accesses requesting
302,519 web files. The trace replay period is 1,631,753 sec-
onds or 453.3 hours.

Before applying file access rates into the utilization mod-
els presented in Sections 4.1.2 and 4.2.2, we performed an
analysis on file access rates of the web traces. The goal of
this analysis is to determine the access rate of each web file
accessed over the one month period. Table 3 summarizes
the distribution of file access rates of the 12,304,467 web files
recorded in the 33 traces. Table 3 indicates that a vast major-
ity (i.e., more than 61 percent) of web files were accessed
less than ten times within a month. However, there are a
few web files that were accessed for more than 1,000 times
over a one-month period. The analysis result shows that the
highest file access rate is 3180697 no./month.

Fig. 14 shows the files accesses distribution pattern using
a bar chart. The distribution pattern suggests that when the
access rate increases, the number of files that have such
access rate decreases dramatically.

5.3 Experimental Result

Since the Utilization-AFR model, which transfers the utiliza-
tion of systems to reliability, is employing the same date
from the validated Google report, we only show the valida-
tion of Access Rate-Utilization model in this subsection.

Fig. 15 indicates the utilization comparison between the
MINT model and Berkeley Web Trace-driven simulation. In

order to make a clearer comparison between the MINT
model and the trace-driven simulation, we divided the utili-
zation comparison of PDC, MAID-1 and MAID-2 separately
(as shown in Figs. 16, 17 and 18). The results plotted in
the figures confirm that the utilization curves obtained from
the MINT model and the simulator follow a similar trend.
The difference between the simulation results and modeling
data is around 10 percent. The simulated utilization is
slightly higher than that generated by the model, because
the simulator doesn’t take into account disk rotational delay
and seek time.

After validating the Access Rate-Utilization sub-model,
we further present the comparison results of Access Rate-
AFR between the MINT model and the simulation. We are
able to build up a Utilization-AFR sub-model of our own
and insert it to our MINT model. However, due to the lack
of maintenance date recently, how to validate the sub-
model becomes a hard issue to deal with. Instead, we are
using the validated data published by Google [23] in this
part. Once we get more updated data in the future, such
sub-model could be re-modified.

Figs. 19, 20, and 21 show the impacts of file access rate on
AFR. Even thought the trends of Access Rate-Utilization
sub-model appeared similar between the model and the
simulation (as shown in Figs. 16, 17 and 18), there are
noticeable differences between them when we discussed

Fig. 15. Impacts of file access rate on disk utilization. Access rate varies
from 10 to 64 
 104 no./month.

Fig. 14. The file access rate distribution of the one-month Berkeley web
trace. Access Rate ranges from 1 to 4:5 
 104 no./month

TABLE 3
File Access Rates of the One-Month Web Trace
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the AFR issue. Recall that the average difference between
the simulation results and the modeling results in terms of
utilization is below 10 percent. The model is 10 percent less
sensitive to utilization than the simulation does. According
to Fig. 3, the average difference between the simulated reli-
ability and the analytical reliability is also below 10 percent.

6 RELATED WORK

Energy-efficient parallel disk systems. Hard disk drives (HDD)
are made up of various electrical, electronic, and mechanical

components [45]. An array of techniques were developed to
save energy in single HDDs. Energy dissipation in disk
drives can be reduced at the I/O level (e.g., dynamic power
management [8], [17], [38] and multi-speed disks [12]), the
operating system level (e.g., power-aware caching/pre-
fetching [48], [34]), and the application level (e.g., software
DMP [33] and cooperative I/O [41]).

Existing energy-saving techniques for parallel disk sys-
tems often rely on one of the two basic ideas - power man-
agement and workload skew. Power management schemes
conserve energy by turning disks into standby after a period

Fig. 18. Impacts of file access rate on disk utilization (MAID2). Access
rate varies from 10 to 64 
 104 no./month.

Fig. 17. Impacts of file access rate on disk utilization (MAID1). Access
rate varies from 10 to 64 
 104 no./month.

Fig. 16. Impacts of file access rate on disk utilization (PDC). Access rate
varies from 10 to 64 
 104 no./month.

Fig. 20. Impacts of file access rate on AFR (MAID1). Access rate varies
from 10 to 64 
 104 no./month.

Fig. 19. Impacts of file access rate on AFR (PDC). Access rate varies
from 10 to 64 
 104 no./month.

Fig. 21. Impacts of file access rate on AFR (MAID2). Access rate varies
from 10 to 64 
 104 no./month.
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of idle time. Although multi-speed disks are not widely
adopted in storage systems, power management has been
successfully extended to address the energy-saving issues
in multi-speed disks [12], [11], [16]. The basic idea of work-
load skew is to concentrate I/O workloads from a large
number of parallel disks into a small subset of disks allow-
ing other disks to be placed in the standby mode [20], [7],
[27], [21].

Reliability impacts of power management on disks. Recent
studies show that both power management and workload
skew schemes inherently impose adverse reliability impacts
on disk systems [3], [43]. For example, the power manage-
ment schemes are likely to result in a huge number of disk
spin-downs and spin-ups that can significantly reduce the
lifespan of hard disks.

The workload skew techniques dynamically migrates
frequently accessed data to a subset of disks [26], [18],
which inherently have higher risk of breaking down than
other disks usually being kept standby. Disks storing popu-
lar data tend to have high failure rates due to extremely
unbalanced workload. Thus, the popular data disks have a
strong likelihood to become reliability bottleneck. The
design of our MINT is orthogonal to the aforementioned
energy saving studies, because MINT is focused on reliabil-
ity impacts of the power management and workload skew
schemes in parallel disks.

Reliability models of disk systems. A malfunction of any
components in a hard disk drive could lead to a failure of
the disk. Reliability—one of the key characteristics of
disks—can be measured in terms of mean-time-between-
failure (MTBF). Disk manufacturers usually investigate
MTBFs of disks either by laboratory testing or mathematical
moedling. Although disk drive manufacturers claim that
MTBF of most disks is more than 1 million hours [31], users
have experienced a much lower MTBF from their field data
[9]. More importantly, it is challenging to measure MTBF
because of a wide range of contributing factors including
disk age, utilization, temperature, and power-state transi-
tion frequency [9].

A handful of reliability models have been successfully
developed for storage systems. For example, Pâris et al.
investigated an approach to computing both average failure
rate and mean time to failure in distributed storage systems
[19]; Elerath and Pecht proposed a flexible model for esti-
mating reliability of RAID storage [10]; Xin et al. developed
a model to study disk infant mortality [44]; and Rao et al.
used Markov models to determine MTTDL [24]. Unlike
these reliability models tailored for conventional parallel
and distributed disk systems, our MINT model pays special
attention to reliability of parallel disk systems coupled with
energy-saving mechanisms.

Model validations. Model validation is a process of
improving levels of confidence [30]. Major approaches to
validating models include historical methods and extreme
condition tests. For example, Brown and Ochoa validated
their reliability models of distributions systems using his-
torical results [4]. In the second approach, model structures
and outputs should be plausible for any extreme and
unlikely combination of levels of factors in a system as well
as comparison to other models [29]. We developed a trace-
driven simulator using the Berkeley Web Trace [1] as a

reference model with which our MINT model is compared.
The Web trace is used to drive the simulator, because we
focus on read-intensive applications [25].

7 CONCLUSION

In recognition that there is a lack of models designed to
evaluate reliability of energy-efficient disk systems, we pro-
pose a new modeling framework called MINT to measure
the reliability of parallel disk systems equipped with reli-
ability-affecting energy conservation techniques. We first
developed models to study the impacts of disk utilization
and power-state transition frequency on reliability of each
disk in a parallel disk system. We then derived the reliabil-
ity of an individual disk from its utilization, age, tempera-
ture, and power-state transitions. Finally, we applied the
MINT framework to investigate the reliability of parallel
disks coupled with the MAID technique and the PDC tech-
nique. Compared our MINT reliability framework with
other existing models, MINT has the following advantages:

� MINT captures the behaviors of PDC and MAID in
terms of data movement and migration as well as
power-state transitions.

� MINT seamlessly integrates multiple reliability-
affecting factors into a coherent form.

� MINT can be used to evaluate the system-level reli-
ability of an energy-efficient parallel disk system.

To address the issue of model validation, we developed a
trace-drive simulator as a control group. The results
obtained from the simulator driven by the Berkeley Web
trace are compared to those provided by our MINT model.
The validation results indicate that MINT exhibits a similar
trend as that of the simulator driven by a real-world trace.

We have identified the following future directions of this
research. First, the reliability models presented in this paper
are focused on read-intensive I/O activities. We will extend
the MINT modeling framework to investigate mixed read/
write workloads. Second, we will investigate a fundamental
way of making tradeoffs between reliability and energy-
efficiency in the context of energy-efficient parallel disks. A
tradeoff curve will be used as a unified framework to justify
circumstances under which it is worth trading reliability for
high energy efficiency in parallel disks. Third, we will
develop a Weibull-Distribution based model to enhance our
MINT’s Utilizaiton-AFR sub-model and to make our MINT
represent more general situation.

Last, we will collaborate with disk vendors to collect field
test data, which will be applied to tune the a and b parame-
ters to further improve the accuracy of the MINT model.
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