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ABSTRACT

Redundancy based on a parity encoding has been proposed for insuring that disk arrays provide highly reliable
data. Parity-based redundancy will tolerate many independent and dependent disk failures (shared support
hardware) without on-line spare disks and many more such failures with on-line spare disks. This paper explores
the design of reliable, redundant disk arrays. In the context of a 70 disk strawman array, it presents and applies
analytic and simulation models for the time until dataislost. It shows how to balance requirements for high data
reliability against the overhead cost of redundant data, on-line spares, and on-site repair personnel in terms of an

array’ s architecture, its component reliabilities, and its repair policies.



Recent advances in computing speeds can be matched by the 1/0 performance afforded by parallelism in
striped disk arrays [12, 13, 24]. Arrays of small disks further utilize advances in the technology of the magnetic
recording industry to provide cost-effective I/0O systems based on disk striping [19]. But because arrays of small
disks contain many more components than do larger single disks, failure rates can be expected to rise. For most
users, increased failure rates are incompatible with secondary storage systems because secondary storage is

thought to be the stable part of a computer system — the part expected to survive periodic malfunctions.

In our information society, malfunctions in computational components threaten the process by which new
information is generated. But losses suffered by long-term storage components are even more debilitating
because these destroy assets. It is no surprise then that institutions often consider the reliability of long-term

storage crucial to their operation. Unfortunately, increasing reliability usually also increases cost.

The goal of this paper is to facilitate the cost-effective design of reliable secondary storage by developing
and applying analytic models of the reliability of redundant disk arrays employing ‘*N+1-parity’’ protection.
This form of protection maintains the parity of N data disks in a single parity disk (possibly distributed evenly
over al N+1 disks) that can be used to recover the contents of any single failed disk [19]. The models include a
wide spectrum of disk array designs so that individual designers will be able to characterize the reiability of the
system they want to build. We use Markov-model-solving software and simulation in this paper largely to vali-

date the analytic models we present.

In this paper we present and apply four models for the reliability of redundant disk arrays that correct all
single disk failures. The most fundamental model considers the effect of independent, random disk failures on an
array’s data lifetime. The lifetime of data in an array ends when afailed disk’s data is lost. This first reliability
model is based on a well-studied Markov model and yields a simple expression for reliability. A cost-effective
method for improving reliability by maintaining a small number of on-line spare disks is addressed in a second,
more complex model. It yields an analytic expression for reliability by solving separate submodels for data loss
derived from spare-pool exhaustion and concurrent, independent disk-failures. A third model uses similar
methods to address dependent disk failures induced by sharing interconnect, controller, cooling, and power-
supply hardware (collectively called support hardware). Although N+1-parity protection only insures the correc-
tion of asingle disk in a parity group, disk arrays can be organized so that each disk in a support-hardware group
is contained in a distinct parity group. In this way, dependent disk failures are tolerable because they affect at
most one disk per parity group. Finaly, the fourth model bounds the reliability of disk arrays that incorporate
on-line spare disks with dependent and independent disk failures. These bounds allow estimates of reliability
with no on-line spares and with sufficient on-line spares to provide one- and two-spare, support-hardware groups.

These four models show how disk arrays can provide high reliability with modest amounts of redundancy.



We use these models and simulations to explore the cost-reliability tradeoffs between arrays with different
levels of redundancy. Traditionally, redundancy has been provided by full duplication, or mirroring, without on-
line spares. Although this type of organization provides higher reliability than an N+1-parity organization of the
same user capacity without spares, the addition of a few spares reversesthis relationship. One of the most impor-
tant results of this paper, specific to the design of practical disk arrays, isthat an N+1-parity disk array with afew
gpares can yield greater reliability at lower cost than traditional mirrored disk arrays.

Throughout this paper differencesin reliability models will be exemplified by their effects on an array of 70
3Y2-inch disks. Table 1 shows that this disk array is selected to match the capacity of an IBM 3390 disk subsys-
tem with 70 IBM 0661 (Lightning) disks. Because the 3390 is IBM’s newest, largest, and most expensive disk
product, there is a lucrative market for a disk array that can exceed the performance and reliability of the IBM
3390 while matching its cost per megabyte.

Without redundancy, this example disk array unfortunately has virtually no chance of surviving three years
without data loss because of the aggregate failure rate of its large number of components. With as little as 10%
overhead for parity information, however, this disk array can be made about asreliable as asingle disk. Then, if
the failure of support hardware does not damage multiple disks simultaneously, the addition of a single on-line
spare disk yields a mean time to loss of data that is about 10 times larger than a single disk. With two on-line
spare disks, the mean time to loss of data in this disk array is marginally less than if it had an infinite number of
on-line spare disks, specificly, about a factor of 20 times larger than a single disk. Even if this disk array is sub-
ject to dependent disk failures, an orthogonal arrangement of parity groups and support hardware groups and a
single on-line spare disk yield about an 80% chance that data is not lost in 10 years. If thisis not satisfactorily
larger than the 56% chance that a single disk survives 10 years without data loss, raising the overhead for on-line
spares to 10% allows failed support hardware to be replaced immediately and delivers a 98.7% chance of surviv-

ing 10 years without data | oss.

A more thorough examination of these models and their impact on the design of disk arrays, as well as the
lifetime distributions of magnetic disks and the performance and encoding of redundant disk arrays, appears in
Gibson’ s dissertation [10].

1. Reliability Metric

The Reliability* of a system is defined for any target lifetime, t, as the probability that an individual system

1 The use of the term reliability as a mathematically defined metric and as an intuitive concept can lead to ambiguity.
We have chosen to follow the former convention and avoid the latter use.



survivesfor timet given that it isinitialy operational [27]:

R(t) = Prob(lifetime >t | initially fully operational ) . @
In stochastic terminology, R(t) = 1-F (t), where F is the cumulative distribution function (CDF) of system life-
times:

F(t) = Prob(lifetime <t | lifetime >0) = 1-R(t). 2
In this work, survival means al user data is available or recoverable, so the reliability at timet is the proportion

of systems that have not lost any user dataintimet.

Because a function can be a cumbersome metric, reliability is frequently quoted as a simple probability with
an implied time interval. For example, designers may be most interested in a system’'s one-year reliability
(R(1year)), or, for the pessimistic among us, the probability that it will survive the duration of its warranty.
Where we do not have a complete description of R(t) or where its presentation involves too much data, we use

estimates of the system’s 1-, 3-, and 10-year reliabilities.

Perhaps the most commonly encountered measure of a product’s reliability is its Mean Time To Failure,
MTTF, or its Mean Time Between Failures, MTBF. Unfortunately, this metric does not give much information
unless the lifetime distribution is known. Fortunately, our examination of 1350 5Ys-inch disks in the field for up
to 18 months shows little strong evidence against an exponential model for disk lifetimes [10], so the MTTF of a
disk drive may be assumed to imply a complete reliability function. Even without this assumption, our next sec-
tion will explain why it is reasonable to expect that the lifetimes of practical disk arrays will have an approxi-
mately exponential distribution [1], so that the equivalent metric, Mean Time To Data Loss, MTTDL, is aso a
complete description of adisk array’sreliability. Because the exponential lifetime distribution plays a prominent

role in this paper, we include a close examination of its characteristics.

Where lifetimes are distributed exponentially as random variables, R(t) has an exceptionally simple form

fully determined by the product’s mean lifetime, M :
Regp(t) = et™ | (3)
Figure 1 shows the reliability of a system with exponential lifetimes as a function of time, which is expressed asa
fraction of the system’s mean lifetime. Thereis a 10% chance that this system will have alifetime less than one-
tenth its mean lifetime, a 37% chance of surviving one mean lifetime, and only a 5% chance of surviving three

mean lifetimes.

Figure 2 shows the reliability over 1, 3, and 10 years for a system with exponential lifetimes as a function of
its mean lifetime. This figure underscores the attractiveness of extremely high mean lifetimes. Although it may
seem silly to spend time and money changing aMTTF from 6 years (50,000 hours) to 45 years (390,000 hours) or

95 years (830,000 hours) because most products are obsolete in less than 10 years, these changes increase the



probability of surviving the first 10 yearsfrom 0.17 to 0.80 or 0.90, respectively.

Exponential lifetimes admit a simple approximation, R(t) H1-t/M, aslong as the time period, t, is small
relative to the mean lifetime, M. Another useful way to look at this approximation is
Prob("death” beforet) = 1-R(t) B t/M (4)
which means that doubling the mean lifetime, M, halves the chance of ‘‘death’” in time periods, t, that are small
relativeto M.

The failure rate of alifetime with an exponential distribution is the reciprocal of mean lifetime, /M. Failure
rate is a metric often preferred over that of mean lifetime because of the R(t) B1 - t/M approximation. In this

work we will use whichever of these is most intuitive to the matter at hand.

2. Related Work

The reliability of computer systems is a widely researched field. But because our goals in this paper are
specific to the reliability of disk arrays only, we will not attempt a complete review of it here. An excellent treat-
ment of the field can be found in the book by Siewiorek and Swarz [27]. In addition to presenting design metho-
dologies and detailed case studies, this book contains a practical discussion of frequently used mathematical tech-
nigues including the basic ones we employ in this paper. Briefer treatments of the reliability of computer systems
can be found in AviZzienis's classic survey [2] and Nelson’s up-to-date overview [16]. More detailed understand-

ing of the modelling mathematics can be found in avariety of textbooks [4, 21, 28] and survey articles [8].

One result important to understanding the reliability of disk arrays relates to the distribution of the time until
failure of a system with redundant parts and dynamic repair. In this case, the system fails when too many com-
ponents fail before repair can be completed. Arthurs and Stuck develop intuition for this distribution in a paper
modelling the reliability of a machine with a single backup machine and a dedicated repairman [1]. They show
that the distribution of the time until both machines are concurrently being repaired approaches the exponential
distribution as the probability that one machine will fail before the other is repaired approaches zero. Moreover,
they show that this is true regardless of the distributions of the time until machine failure and of the time until
repair is complete. Their result can be generalized to apply to any system experiencing short periods (e.g. repair)

during which it is vulnerable to improbable events [29].

The result obtained by Arthurs and Stuck is important for our research because it is applicable to repairable,
redundant disk arrays. These systems suffer infrequent failures and can be repaired within a small number of
hours by replacing the failed component and recovering any affected data. With their result, we expect that the

time until a disk array suffers a failure causing some data to be unrecoverable — the time until dataloss — will be



approximately distributed as an exponential random variable. This approximation improves when repair is made
faster or failures occur less frequently. Although we have found evidence that this expectation is borne out by our

simulations, it should be remembered that our premise is not sensitive to the distributional assumptions we use.

The conventional method for constructing redundant disk systems is based on duplication [11]. The relia
bility of duplexed, or mirrored, systems and of the closely related Triple-Modular-Redundant (TMR) systems
have been well studied [27]. These are both special cases of the disk-array reliability model that we examine in
Section 4. Duplexed disks, however, double disk costs. But, by providing two copies from which to select the
closer copy, they can aso improve performance [5, 6, 7]. To extend these performance advantages, rather than to
enhance reliability, some researchers have suggested disk systems with more than two copies of every disk [5, 14]
and, although costly, this is available in Digital Equipment Corporation’s disk subsystem products [3]. Because
the cost of duplicating data is prohibitive for most systems, we will concentrate on the less expensive N+1-parity

encoding for redundancy in disk arrays.

In an early paper on repairable, redundant disk arrays, Park and Balasubramanian present an optimistic esti-
mate for the mean time until datais lost [18] — optimistic because their model underestimates the period of time
that adisk array is vulnerable during a disk repair. Section 4 examines a more appropriate model for N+1-parity
disk arrays that was first applied to disk arrays by Patterson, Gibson, and Katz [19]. Although Park and Balasu-
bramanian discuss both failures in the hardware that supports disks and the inclusion of on-line spare disks, they
do not model the effect these factors have on disk array reliability. Sections 5 and 6 in this paper do, however,
model the effects on reliability of each of these factors, respectively, and Section 7 examines their combined
effects. These sections show that although failures in disk-support hardware can drastically reduce the reliability
provided by redundant data, these effects can be substantially overcome. We have previously presented prelim-
inary [9] and exhaustive [10] analysis of these factors.

Ng has studied Section 4's model for reliability in a disk array and extensions for including on-line spare
disks[17]. By employing a Markov model simulation tool, he determined that there is little benefit from includ-
ing more than one spare disk in a disk array of asingle parity group of up to 32 disks. In Section 6, we present an

analytic model that substantiates and extends his result.

3. Toolsand Methods

In our quest to quantify reliability, we developed and used three different types of stochastic tools. The
most general tool is an event-driven ssimulator we wrote called RELI. RELI explicitly generates failure eventsin

a specified disk array from its installation until the first time afailed disk’ s data cannot be recovered. Each of the



durations from installation until data loss is a sample lifetime of the specified disk array. RELI samples enough
lifetimes to be able to estimate a reasonably narrow confidence interval for the expected lifetime of the specified
disk array.

The second tool we used was a software package called Sharpe that solves Markov models. (Sharpeis dis-
tributed by Duke University [22, 23].) It generates a cumulative distribution function for array lifetimes from a
completely specified Markov model. To provide results without the trouble of developing complex programs, our
final tools are fully-parameterized analytic expressions. These expressions can be evaluated with simple pro-

grams or hand-held calculators.

The greatest advantage of simulation is that it allows complexity to be modelled redlistically, although com-
plex simulators are vulnerable to lurking bugs. Markov models are well-understood (and the more widely-used
tool, Sharpe, can be expected to have fewer bugs), but the specification of a complex Markov model frequently
requires many arguable approximations, and its specification task is nearly as difficult as coding a simulator.
Furthermore, the solution of Markov models by atool such as Sharpe requires all parameters to be fully specified,
and it generates numeric results. For highly reliable designs, moreover, Sharpe’s genera solution technique
suffers from numerical approximation problems, and it becomes necessary to resort to separate solutions for each
point in time of interest. For these reasons we use Markov models mainly to explain and verify simulation and

analytic models.

In contrast to either Markov models or simulation models, analytic models offer smpler computation and
greater intuitiveness. Unfortunately, they offer point estimates only and usualy rely on arguable simplifications.
A major goal of this paper was the development of anaytic models to obtain these computational and intuitional
advantages, but we rely on more complex simulation models to support and extend assumptions in analytic

models.

4. Independent Disk Failures

Figure 3 shows the simplest model for single-erasure-correcting arrays of redundant disks. This three-state
Markov model has independent and exponential disk lifetimes and exponential repair durations. Thisis a specific
application of a well-understood model that has been featured in stochastic-process textbooks and which
exemplifies simple redundancy in a collection of identical, repairable equipment [4]. For this model the mean
time until agroup suffersdataloss, MTTDL , is

N(N+1)A2

The mean time until a group suffers data loss is ssimply the expected time beginning in state 0 and ending on the



transition into state 2 in Figure 3.

Because | = UMTTRg g is much larger than A = 1/MTTFg«, the reiability function, R(t), is well-
approximated by an exponential function, Ringep(t) = e MTTOL  with the same mean, MTTDL. Asto the value
of MTTDL, another approximation is appropriate. Because (2N +1)A = (2N+1)/MTTFgg should be much less
than YMTTR s« = M, the mean time until dataislost can be approximated as

_ u _  MTTFgs?
MTTDL Indep N (N +1)}\2 N (N +1)M-|_I-Rd|sk ) (6)

This simplification is pessimistic by less than 6% for a randomly selected collection of 94 parameter sets (sets of

valuesfor MTTFg«, MTTRy«, and N). Together, these two approximations are

Rindep(t) = €7t/MTTPb s @)

In practice, adisk array is composed of more than a single parity group. If each group fails independently,
the time until data lossin a multiple-group disk array is the time until the first component group fails. Given that
the lifetime of a single-erasure-correcting group can be modelled as an exponential random variable, the lifetime
of adisk array has the same distribution as the shortest lifetime of its component groups. Conveniently, one of
the properties of exponential random variables is that the minimum of multiple exponential random variables is
also an exponential random variable whose rate is the sum of the component groups rates. Hence, a disk array

composed of G single-erasure-correcting groups each containing N +1 disks has

2N+1)MTTF g MTTRgig +*MTTF g 2
MTTDL o = (CN+DA+ _ ( disk isk disk” 8
%P GN (N +1)A2 GN (N+1)MTTRyis ®
or
MTTFgig2
MTTDL jngep B H = disk , 9
"% = GN(N+)A2 ~ GN(N+L)MT TRy ©
and
Rindep(t) = e~MTTObme (10)

These last two expressions have previously been presented as amodel of the reliability of disk arrays[19]. These
expressions are optimistic because they neglect the dependent failure modes modelled in the next section.
Because they are optimistic, they are best used to demonstrate that a disk array design is at best unreliable rather
than to inspire confidence that a particular design is adequately reliable.

Figure 4 shows how 10-year reliability in arrays degrades with increasing numbers of disks and decreasing
parity overhead. In this figure a pessimistic value of 24 hours is used for mean disk repair time. This value
corresponds roughly to repairing a disk by first having a replacement disk shipped to you in the next day’s mail.
Small arrays attain high 10-year reliabilities with small overhead for redundant disks, but large arrays require a

large overhead to achieve a 10-year reliability much better than a single disk. By comparison, however, the 10-



year reliability of 10 data disks with no redundancy is less than 0.003; that is, there is a 0.3% chance that 10 disks
with exponential lifetimes having a mean of 150,000 hours will run for 10 years without any failure. Thereisvir-

tually no chance of 100 or 1000 of these disks surviving 10 years without loss of data.

5. Dependent Disk Failures

In the previous section we calculated the reliability of a disk array based on the optimistic assumption that
all failures are independent. However, most 1/O subsystems require support hardware that is shared by multiple
disks. For example, power supplies, cabling, cooling, and controllers are often shared across multiple disks. Fig-
ure 5 shows an example of such support hardware and their failure rates for commonly available components that
might be used in adisk array. This figure assumes that the disks that share cabling also share power and cooling.
We call such a configuration a string. Strings may fail if any of the support hardware fails, but, for purposes of
this analysis, not because of disk failures. String failures can render many disks unavailable. In these cases mul-
tiple disks cannot be said to fail in an independent manner. Since redundancy groups based on parity only

guarantee recovery of asingle disk failure, dependent disk failures may defeat our redundancy scheme.

String failures can severely limit the reliability of a disk array because each failure may render data unavail-

able for a sufficiently long period that this data is declared effectively lost.2 Assuming that the time until a string
fails is exponentially distributed, string failures cause the rate of data loss to be larger than that of the previous
section by up to the rate of string failures (Ggyring/MTTFring),

1 - G (N +1) (N +2) M-I—I—Rd|§( + Gstring (11)
MTTDLgaD (MTTFgis )? MTTFgying

where Ggring 1S the number of strings. String failures limit MTTDL to a maximum of MTTFgying/Getring , regard-

less of redundancy among the disks.

The standard approach for limiting loss of data caused by string failures is to duplicate power, cooling, and
controller components so that MTTFgying is maximized. Although full duplication substantially improves the
reliability of strings, it is an expensive solution that reduces the frequency of, but does not tolerate, string failures.

A more powerful solution capitalizes on the larger number of identical componentsin adisk array.

2 There are a variety of reasons for assuming that string failures ‘‘erase’’ the data on their disks. First of all, some
string failure, such as power failure, increase the probability that each disk will not restart when power is next applied. More
significantly, applications such as on-line transaction processing may stand to lose many times the value of their computer
systems when data is unavailable. However, in situations where string failures are non-threatening, the model in the next
section will be more appropriate.

10



With smaller and more numerous disks, an array is likely to contain a sufficient number of strings so that
parity groups can be organized with no more than one disk from each group on any one string. As shown in Fig-
ure 6, this orthogonal organization of strings and parity groups guarantees that a single string failure can be

endured as long as no other disk or string failure occurs before the string is repaired.

Repairing a failed string is more complex than repairing an independently failed disk. It involves a service
visit or replacement operation for the component of the string that failed and then the recovery of multiple disks.
This latter step may be necessary because the disks damaged or rendered unavailable by string failure have been
replaced during repair of the string. It may also be necessary because the contents of these disks have been out-
dated by changes applied to parity disks instead of to the unavailable string-failed disks. Because of the multiple

disk recovery step, the array may lose dataif other components fail before the slowest disk recovery is complete.

Modelling the reliability of an orthogonal disk array with dependent failures is more complex than the
independent disk-failures model of Section 4. Parity groups cannot be modelled individually because string
failures cause all groups to experience afailure simultaneously. We have developed a monolithic Markov model
for adisk array with G groups organized orthogonally. As before, this model yields disk array lifetime distribu-
tions that are well-modelled by exponential random variables with the appropriate mean lifetime. A complete
solution for this model’s reliability can be computed by standard Markov methods, but the computations depend
on G and require messy inverse Laplace transformations. What would be better, then, is a method for deriving

simpler estimates of MTTDL directly.

One approach to directly estimating MTTDL begins by recognizing that failures, particularly closely-spaced
double failures, arerarein rea disk arrays. Where failure events are rare, we assume that different types of data
loss are mutually exclusive and sum their rates. There are two sources of data loss in an orthogonal disk array:
component failures during the repair of a disk and component failures during the repair of a string. Figures 7a
and 7b describe relatively simple sub-models for these two sources of data loss, respectively. Considering each of
these cases separately, summing their easily computed contributions and inverting this sum, the mean time to data

IO$, M-I_I-DLOrthO’ iS
MTTFgig 2
GN (N +1)M-|_I—Rdisk
1+ag o 1+op @G +(1+0p /G)(0r/0rg +GN egy H(N +1)ESs)
1+(2N+1)egq +N €4 F ((N+1)/MTTFgying +H(2N +1)ess+GN ey )P (N +1)+W(N)
where W(g) =0rg + GNegq + 9 @egs
_ MTTFgig g = MTTRisk . MTTRyis
M-I_I-Fstring ’ MTrRstring 1 IVrl—erisk—recovery ’

Qg
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€4d = M-ITRdISk - MTI—Rstring MTI—Rstrlng and € < = MTTRdISk
M-I_erlsk ’ IVrl—n:string ’ M-I_erlsk ' MTrFstrlng ’
and @= %+%+%+ o +é , (12)

We have compared MTTDLgno given in Equation 12 to a numeric solution of our monolithic Markov

model across 87 randomly-selected parameter sets®. In fact, there is only one estimate with more than 4% error
and it has the unlikely combination of a 72-hour disk-repair time, and a two-hour string-repair time, with an
estimated disk-array lifetime of about 10,000 hours. Using MTTDLoyho 8S an estimate of the correct MTTDL
reliability can be modelled as

Rortno (t) = 7t /MTTPkom (13)

Although Equation 12 is accurate, it is certainly not simplel The values of €44, €, €, aNd €ys are
expected to be small because they are ratios of a mean repair duration to a mean time until failure. If each € is

assumed to be zero, MTTDLgrtho Simplifiesto
(MTTFgis)?
G (N+1) (N+2) MTTRgig

1, 14,02 @ . 1,y
(1+O(F(1+'GRd +ﬁ)"’k@ (O(Rd +ﬁ))

MTTDL "ortho = 14
However, this expression has a substantially larger relative error. For the same 87 parameter sets used to evaluate
MTTDLoyho , this expression differs from a numeric solution by more than 15% in 10 cases. While in some cases
the ssimplicity of this expression makes it preferrable to Equation 12, we will not use this estimate further. The
well-versed reader may note that an earlier version of this expression [25, 9] neglected to differentiate the disk-
repair time after a string repair from the isolated, independent disk-repair time.

We will now adapt the expression for MTTDLgyho, the mean lifetime of an orthogonal disk array, for a
more realistic, non-exponential disk-repair time composed of two parts. The first part of adisk repair processis a
fixed delivery time at the end of which the failed disk is replaced.* Following this replacement, the second part of

disk repair is an exponentia disk-recovery time. For example, if a particular parameter set in the last section had

an average disk-repair time of 24 hours, we might allocate 20 hours to a fixed-length delivery time and then set

8 To numericly solve Markov models, we use the Sharpe reliability and performance evaluation software package
developed at Duke University [23]. Originally, we selected at random 99 parameter sets, but Sharpe failed to evaluate 12 of
these sets because of they exceeded the program'’s limits on the number of statesin a Markov model.

4 calling afixed-length delivery time more redlistic is perhaps a poor choice of words; in fact, delivery does not take the
same amount of time on each occasion, but it is substantially less variable than an exponential random variable. Recovery,
on the other hand, will sometimes occur while the disk array isidle, and other times, it will occur during peak user load. If
user requests are given priority, then recovery time will be highly variable, a much better match to an exponential random
variable.

12



the average disk-recovery time to four hours. Our RELI simulator implements this split-phase repair process.
During a string repair all affected disks are replaced so that disk repair after string repair does not involve any
replacement-delivery time. The simulator also assumesthat if a disk fails while another failed disk’s replacement
is awaiting delivery, the second replacement can be added to the existing order and arrive with the first replace-
ment disk. This is a good model for replacements delivered by a repairperson because service personnel are
likely to bring a few extra disks when they visit customers. This optimization causes the average replacement-

delivery time experienced by afailed disk repair process to be shorter than the actual fixed-length delivery time.

To account for replacement-delivery times that are shortened because disk failures happen close together,
we examine each replacement delivery process. Most disk failures initiate an order for a replacement disk
because there is no outstanding order. During the fixed-length period, D, until a replacement arrives, each of the
other G (N +1)-1 disks may fail. Because each other disk fails independently with probability 1 — e PMTTFux the
expected number of additional failures is (G (N+1)-1)(1-e ®MT ) |f the number of disks in the array,
G(N+1), islarge relative to the number of disks expected to fail during a delivery, then subsequent failures form
a Poisson process, and their arrivals are uniformly distributed over the delivery period [20]. For this case the
average time a failed disk waits until it is replaced is half the actual fixed-length delivery time. Including the
delivery-initiating failure, the average delivery timeis

e = Expected total delivery time
Expected total failures

_ DHG(N+1)-1)(1-e ®MTFs)D /2
1+(G (N +1)-1)(1-e P /MTTFax)

Average delivery tim

(15

To incorporate these calculations into our estimate, MTTDLowne, given in Equation 12, we set
MTTRyisk-recovery t0 the mean disk-recovery time and set MTTRg s to the average delivery time plus the mean
disk-recovery time. Although there is wider variation between simulated and estimated MTTDL with this
modified repair time model than with an exponential repair time, in the vast majority of comparisons we found

differences of less than + 5%.

Applying the orthogonal estimate for the mean lifetime of a disk array to our strawman example, we show
the impact of string repair and disk delivery durations on data reliability in Figures 8a and 8b. These figures
demonstrate two significant characteristics of orthogonal disk arrays. First, average string repair as slow as two
weeks does not provide reliability at least as good as asingle disk. Second, even if string repair is relatively fast,
the delivery time of replacement disks must still be minimized to achieve high reliability. Fast repair processes
can be expensiveif they cal for immediate attention of qualified service personnel. A small pool of on-line spare
disks can effectively provide much faster repair without immediate attention from service personnel by reducing

disk-delivery time to zero in most cases. The next section estimates the effect of a pool of on-line spares on the
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reliability of adisk array when string failures do not affect the integrity of disks data. Then Section 7 estimates
the reliability of adisk array that has on-line spares when string failures do affect data integrity.

6. Independent Disk Failureswith On-line Spares

Figures 8a and 8b above suggest that on-line spare disks can significantly improve MTTDL and reliability.
In this section we reduce average disk-repair time by employing a pool of on-line spare disks, which is not a con-
tinuation of the model in the last section because we do not include the effects of dependent disk failures. The

combined effects of dependent disk failures and on-line spare disks are addressed in Section 7.

On-line spares reduce average disk-repair time because a failed disk can be replaced with a spare in the time
it takes to change the software mappings for the location of the failed-disk’s data. In this way disk-repair timeis
just the time it takes to recover a disk’s contents by reading all other disksin a group, computing the exclusive-or,
and writing these values to the recovering disk. Because there is no immediate need for a person to insert a new
disk to replace a failed one, not only is repair and recovery time reduced, but opportunities for human error are
eliminated. But, because on-line spares increase the cost of a disk array, their number will be limited, and disk

failures will occasionally be exposed to longer periods of repair when the spare pool is exhausted.

Our disk-array simulator can explicitly maintain a pool of spare disks. It uses a threshold parameter to
decide when to issue an order for disks to replace spares now acting in place of recently failed disks. It aso

delivers enough disks to completely replenish the spare pool whenever a replacement order isfilled.

In al disk arrays protected with N+1 parity, data will be lost whenever two disks in one group fail before
the first has been repaired. The state of the spare pool affects the repair rate, however. While there are spares,
repair is fast and loss of data is unlikely, but while there are no spares, repair is slow and loss of data is much
more likely. A complete Markov model for this involves a state for each combination of the number of groups
recovering and the number of spares available. Such a model has many transition rates, each of which offers an
opportunity for modelling error. Even with modern software tools that assist in the construction of a model, more
complex models require more specification and are more prone to error. Since closely-spaced double-disk
failures and spare-pool depletion are both likely to be rare events of relatively short duration, we expect the distri-
bution of time-to-data loss to be roughly exponential. With this expectation we can model reliability by estimat-
ing MTTDL . Since sources of data loss are rare, we estimate the reciprocal of MTTDL by separately modelling

each source of dataloss and summing their rates of loss:

1

= |ndependent disk—failure data—loss rate
MTI—DLIndepSpareﬁ P

14



+ Spares—-exhausted data—loss rate . (16)

The data-loss rate while on-line spares are available is given Equation 8 in Section 4 with MTTRy« Set to
the average time it takes to remap and recover afailed disk onto a spare one, MTTRyis—recovery . 10 estimate the
data-loss rate arising because the spare pool periodically empties, we treat each period between the refilling of the
spare pool as an independent opportunity to lose data and assume that data loss events occur at the end of one of
these periods.® Figure 9 shows an example of a sequence of three opportunities for losing data occur during ord-
ers. The time until data loss caused by spare-pool exhaustion will be a geometric random variable with mean
equal to the average time between spare-pool refilling divided by the probability of data loss during the delivery

of an order.

_ _ — _Probability of dataloss per order
Spares-exhaisted data-oss rate Average time between filled orders (17

Putting these terms together, the mean lifetime of a disk array suffering only independent disk failures and aug-
mented with an on-line spare pool is MTTDL ndepspares:
MTTDL ndepspares = (18)

1
GN (N+1)MTTRyis + P( data loss per order)
(2N +)MTTR g tMTTFgig IMTTF g Average time between filled orders

where MTTRgig isthe mean time for disk recovery excluding replacement-disk delivery time.

To compute the probability of data loss per order, we condition on the number of disk failures that occur
while an order is being delivered. This number has a binomial distribution based on the probability that a disk
will fail in the fixed-length delivery period. The result then follows because computing the probability of data
loss given a particular number of failures during an order is a smple matter of counting the number of
configurations that have more than one failure in at least one group. After these computations, the probability of

dataloss during an order becomes

G -1 .
P( dataloss per order) = 3 {G(N +1)+'q (1- e™AD)T+q e—)\D(G(N+1)—q){1_ @XN_H}J
q=2

T+q i=0 G(N+1)-i
G(N+1)

o5 [G(g ww} (1- e\D)T+a g-AD (G(N+1)-q) (19)
q=G+1

Finally, the average time between successive refillings of the spare pool is the time it takes to deliver
replacement disks plus the expected time for the failure of the number of disks required to diminish the spare pool

to its threshold. This latter is the expected time until the first S-T disks have failed beginning with G (N+1)+S

® This approximation is good as long as D, the delivery time, is small relative to the average time required for T+G
disksto fail, where T isthe order threshold and G isthe number of parity groups.
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operational disks.

. ) G(N+1)+S 1
Average time between filled orders=D + MTTFgi« > = (20)
j=G(N+1)+T+1 ]

We have compared this estimate of disk array mean lifetime, MTTDLngepspares, 10 Simulation-derived esti-
mates for a randomly selected collection of 100 parameter sets. This estimate was within = 5% in most cases and
within + 10% in all cases. These simulations also supported our expectation that disk-array lifetimes under this

model are also well-modelled with an exponential distribution.

Investigating the effects of spare disks on the mean lifetime of a disk array that does not suffer multiple
simultaneous disk failures, we apply MTTDL depspares t0 OUr strawvman example. Figures 10a and 10b show the
MTTDL and the 10-year reliability as a function of the size of an on-line spare pool. In this figure, replacement
disks are not ordered until all spares have been assigned to replace failed disks. This reorder policy will amortize
the cost of delivering a set of new spare disks over the number of disksin this set. This can yield substantial sav-

ings beause field-service visits may cost between one tenth and one half of the cost of adisk [17].

Although the improvement in MTTDL with increasing spare disks is much less with longer disk-delivery
times, the 10-year reliability exceeds 0.90 with only one spare disk even if the disk-delivery time is 336 hours
(two weeks)! If areplacement disk is ordered as soon as a disk fails instead of after the last spare is assigned to a
failure (not shown in Figure 10), then all three MTTDL curves achieve 29,000,000 hours with only four spare
disks, and all three reliability curves exceed 0.99 with only two spare disks!

Figure 11 depicts the relationship between the disk-delivery time, the replacement-order threshold, and the
maximum number of spares for our strawman disk array. Because an order delivery involves a person meddling
with the disk array, a high maximum number of spares and alow reorder threshold reduces the frequency that the
disk array is exposed to human error. However, alarge spare pool increases disk and support-hardware costs and
a low threshold requires faster disk delivery to avoid lowered reliability. This figure displays the maximum
number of hours that disk delivery can take without causing the 10-year reliability to drop under 0.995. With a
maximum of four spare disks in this array of 70 data disks, a disk delivery time of less than about 100 hours
allows this 10-year reliability goa to be met with minimal reorder threshold of zero. For less pressure on disk
delivery time, an reorder threshold of one is a good compromise between infrequent orders and inexpensive disk

delivery.

These figures show the substantial benefits provided by even a small pool of on-line spares. However, this
model fails to consider the negative consequences of string failures demonstrated in Section 5. The next section

addresses this problem.
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7. Dependent Disk Failureswith On-line Spares

This section examines disk array reliability under the influence of dependent disk failures and with the
benefit of on-line spare disks. Section 5 shows that dependent disk failures, although tolerable, can dramatically
reduce the reliability that would be expected from the same disk array suffering only independent failures. On the
other hand, Section 6 shows that a small number of on-line spares can dramatically improve the reliability of a
disk array suffering only independent disk failures. Naturally, we would like to use on-line spare disks to over-

come the limitations imposed by dependent disk failures.

By including on-line spare disks into an orthogonal array, a few new issues are introduced because on-line
disks must be attached to support hardware somewhere in the array. Figure 12 shows how an orthogonal array
with spare disks may surrender its orthogonality while waiting for recently failed disks to be replaced. A second
issue is the allocation of spare disks to strings. We may choose to allocate spare disks together in one string, as
we have done in Figure 12, or spread them out over strings that also contain data or parity disks. For a small
number of spares, these two choices yield comparable reliabilities. When the number of spares is equal to or
larger than the number of disks attached to a string, however, a string containing only spare disks effectively
replaces a failed string without disturbing the array’s orthogonality. In contrast, if on-line spare disks are alo-
cated one to each string then the failure of a string may negate orthogonality until the failed string is repaired and
its disks's contents recovered. Figure 13 shows an example where a string has failed in an orthogonal array with
spare disks allocated one to each string. In this case, there are enough spare disks to immediately replace the
failed string, but each spare is assigned into a parity group aready represented on the spare's string. Until the
failed string is repaired, a second string failure will cause data to be lost even if no recoveries are in progress.
Because of this increased vulnerability, we allocate spare disks to strings containing only spare disks for the rest
of this paper.

Once again, simulated lifetimes in arrays with on-line spares and string failures are well-modelled by an
exponential distribution. This means that a complete reliability model depends only on an estimate for mean
disk-array lifetime, MTTDL :

R(t) = e t/MTTDL (21)

A complete Markov model for dependent disk failures and on-line spare disks will have an enormous
number of states unless clever exploitation of model symmetries can be exploited. Where the state spaceislarge,

not only would the task of specifying transition rates be error-prone, but tools like Sharpe would be unable to

solve the models. For these reasons we do not present a complete Markov model.
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One alternative to developing a complete Markov modéd is to apply the approach used in Section 6. To do
this, we would need to compute the expected time between instances where the disk array is fully populated and
properly orthogonal and the probability that datais lost in each of these intervals. At thistime, we have not found
a model that accurately estimates the mean lifetime of a disk array for each configuration of the spare pool.
Instead, we describe the effect that on-line spare disks have on the mean lifetime of a disk array for particular
sizes of the spare disk pool. This model, albiet an incomplete one, describes the general form of the mean time

until dataislost as afunction of the number of spare disks.

By examining avariety of simulation results, we find that some configurations achieve their maximum mean
lifetime with only a few spares and other configurations do not approach their maximum mean lifetime until they
include many spares. However, increasing the number of spare disks beyond one string of spare disks does not
significantly improve mean lifetime. This observation, that one string populated with on-line spare disks appears
to be al that is needed to maximize the mean lifetime of a disk array, is the basis of this section’s model, and is
illustrated in Figure 14. It estimates MTTDL when there are zero, one, two, and an infinite number of strings
populated with on-line spare disks. In most cases, one string of spare disks yields as high an MTTDL as two
strings of spare disks, and in almost al cases two strings of spare disks yield as high an MTTDL as infinitely
many strings of spare disks.

7.1. Infinite Spares Bound

First, we present an upper bound on MTTDL (and, consequently, reliability) in adisk array that suffers both
independent disk failures and string failures but that has the benefit of on-line spare disks. This upper bound
models the case where there are infinitely many strings fully populated with spare disks. Asin Section 5, the
sources of data loss are secondary failures during an individual disk repair or an individual string repair. Because
concurrent double failures are rare, we separately model these two cases and estimate the overall rate at which
dataislost asthe sum of the rates of data loss arising from each of these component models. Figures 15a and 15b
show sub-models for data losses initiated by individual disk failures and individual string failures, respectively.
Applying the methods used in Section 4 and 5, a bound on the mean lifetime of adisk array of G parity groups,

each containing N +1 disks plus an infinite number of spare disks and strings, is:

MTTFgig 2
MTTDL nfinitespares = GN(N +1)M-|_erisk—recovery (22)
1+aE +_ Or(40p@/G)
1+(2N +1)€’dd +N €' 45 1+GNE'4q +(2N +1)8'd5
— MTerisk - M-l_erisk—recover T IVl-l—rF\’disk-recover
where ap = —— 9% g1 = Y, €gs = L
F 7 MTTFgring MTTFgis T MTTFging
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and @= T+7+§+ +6 )

Mean array lifetime closely approaches this bound with at most two strings of spare disks and more often with
only one string. The next sections present estimates of mean array lifetime with one and two strings of spare

disks and contrast these estimates to this infinite spare disks bound.

7.2. Oneand Two Strings of On-Line Spare Disks

Next, we present an estimate for the mean lifetime of an orthogonal disk array with one and two strings of
on-line spare disks. Once again we estimate the contribution to the overall rate at which data is lost from each
source of loss separately and then sum these estimates. In the case of one string of on-line spare disks, we con-
sider three submodels for data loss. the infinite-spare-disks model from Equation 22 in the last section, the
independent-disk-failures-with-spare-disks model from Equation 18 in Section 6, and a new model that accounts
for data losses triggered by the failure of one or two more strings during a string repair. The mean lifetime of an

orthogonal disk array with one string of spare disks, MTTDL onesparesring » 1S then:

1
MTTD LOneS)ar estring

= Infinite-spares data—loss rate + Spares—exhausted data—loss rate
+ 1Spare-string-repairing data—loss rate . (23)

Figure 16 describes the sub-model for the data-loss rate arising from additional string failures during string repair.
Using our methods for deriving the mean time until datais lost beginning with an extra string of spare disks, the
third component of the rate of datalossin this sectionis:

A1(A2Az+A3A4+A4D)
A1(A2+A3)+A3(A2+As+HU1)HUo(A 1 +A 4 +HU7)

C (N, (N#DA®) o N GN

1Spare-string—repairing data—loss rate =

MTTFring MTTFgring  © MTTFging  MTTFgs

A= (N+DS N5 1 2
MTTFging  MTTFgis

where Aq =

whereTtt;, i =1,2,..,G, isgiven by:

_[6e)| (N+)D _J&(e)| ~n+pD |
= (9] ey o aw ”W{é,m TTPa } | G

In this model we use two parameters, 6 and &', to approximate more complex interactions between string
failures and the replacement of failed data disks. The parameter o represents the probability that during the repair
of a string failure there are also failed and unspared disks on other unfailed strings. Similarily, the parameter &'

represents the expected number of these unspared failed disks when a second string fails during the repair of a
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first failed string. To estimate 6 and &', we have constructed a more complex Markov model whose state records
the number of failed and unspared disks during the repair of string failures and solved for the steady state proba-
bilities, 1t; [10]. Our solution assumes that the threshold for ordering replacement disks is one less than the max-
imum number of spares; that is, an order for areplacement isissued immediately after each failure (unlessthereis
already an outstanding order). In practise, this assumption may not always be desirable, but it is not unreasonable

because immediate reorder maximizes mean lifetime and reliability.

We have compared this model’ s estimates for mean time until data loss to estimates made by simulation and
found agreement up to the inherent variation of simulation sampling. As we have done in earlier sections, this
comparison is made for 100 parameter sets selected at random from a large set of conceivable values. The
selected parameter sets are not intended to represent typical choices; in fact, they are intended to stress reasonable
choices for parameters to test that the models are accurate for a range of choices from poor to good. Therefore,
we do not claim that for these 100 parameter sets the relative difference between the infinite-spares estimate for
MTTDL in Equation 22 and this single-string-of-spare-disks estimate is representative of their relative difference
in a set of good choices for disk array parameters. Nevertheless, Figure 17 shows their relative difference in this
collection of 100 parameter sets. The infinite-spares estimate is more than 10% larger than the single-string-of-
spare-disks estimate in 19 of the 100 parameter sets. This suggests that in some cases there is a potential for

significant benefit from more than one string of spare disks.

Finally, our model for mean time until dataislost in adisk array with two strings of on-line spare disksisa

straightforward extension of these calculations:

1

= Infinite-spares data—l oss rate + Spares—exhausted data—loss rate
MTTD I—TwoSpar esrings

+ 2Spare—string—-repairing data—loss rate . (25)

Applying the same methods,
2Spare—string—repairing data—loss rate = (26)

A1A2(AgAa+A A s+AH3)
A1 (A3+A4)+A4(A1+A2) (A3+A5) A 4(H1(Az+As)+Ho(A 1+U1)) HU3(A 1(A2+U2) FA5(A 1 +Ao+{1) ) HHa o3
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Again, this estimate for mean lifetime in a disk array with two strings of spare disks is in good agreement

with simulation’s estimates. Moreover, except for one of the 100 parameter sets evaluated, two strings of spare
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disks yields a mean lifetime within 1% of the mean lifetime in an array with an infinite number of spare disks and
strings. Even the one parameter set that has a relative difference larger than 1% only differs by 15%. Based on
the simulation results in this section and the last section, the mean lifetime of an array with an infinite number of
spare disks and strings is frequently achieved with one string of spare disks and is amost always achieved with
two strings of spare disks.

7.3. Designing Disk Arrayswith On-Line Sparesand String Failures

In this section we present analysis of four issues important to the design of our strawman disk array when it
employs on-line spare disks:
(1) using spare disks with large parity groups to achieve higher reliability than is provided by arrays with a
higher fraction of redundant disks,

(2) reducing disk-recovery time to dramatically improve mean disk-array lifetime in arrays with one or two

strings of on-line spare disks,
(3) determining limits on reliability benefits provided by adding redundancy to disk-support hardware, and

(4) examining reliability when strings of spare disks are partially populated and replacement-disk reordering is

not done immediately after each failure.

We evaluate the first three of these issues using the models developed in the last sections. Because the fourth of

these issues does not meet the assumptions of these models, we explore it with simulation results.

All four of these issues are explored using the context of the strawman disk array we introduced in Table 1
of the introduction to this paper. Unless we explicitly vary a parameter, our strawman disk array has seven parity
groups with 10 data disks and a parity disk in each. Each disk and each string has an expontentially distributed
lifetime with a mean of 150,000 hours. Disk recovery and string repair also have exponentially distribued dura-
tions with means one hour and 72 hours, respectively. Replacement-disk delivery time is the minimum of 72

hours or the time until an already ordered replacement disk arrives.

7.3.1. Higher Overhead for Redundancy May Not | mprove Reliability

More redundancy should yield higher reliability. For example, the simple disk array lifetime model givenin
Equations 8 and 9 of Section 4 shows that MTTDL is inversely proportional to the number of disks in a parity
group; larger parity groups have lower overhead and lower reliability. In this model, a disk array with mirrored
disks is more reliabile than a disk array with N+1-parity redundancy. But the array with mirroring contains up to

twice as many disks so its higher reliability is achieved at a substantial cost. This section shows that a disk array
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with N+1-parity redundancy and on-line spare disks can provide higher reliability at lower cost than a mirrored

disk array with the same amount of user data.

Figure 18 shows that our strawman disk array with on-line spare disks can achieve better reliability than a
comparable mirrored disk array. With only one string of spare disks, a N+1-parity disk array with a 72-hour
replacement-disk delivery time is more reliable than a mirrored disk array with either a 72- or an 18-hour
replacement-disk delivery time. Even if the mirrored disk’s replacement-disk delivery time is reduced to 4 hours
it is gtill less reliable than our strawman disk array with a 72 hour replacement-disk delivery time and one string
of spare disks unless mean string-repair time in both is less than seven hours. Additionally, our strawman disk
array with one string of spare disks, a 72 hour replacement-disk delivery time, and a 72 hour mean string-repair
time is as reliable as a mirrored disk array with a four hour replacement-disk delivery time and a 11 hour mean
string-repair time. Because reducing disk-replacement and string-repair time requires increased availability of
expensive human service, the cost advantage of our strawman disk array is even better than is suggested by the

comparison of its 84 disks to the mirrored disk array’s 140 disks!

The reliability advantages of N+1 parity are even better if two strings of spare disks are included. In this
case our strawman disk array still has a 91 disks to 140 disks cost advantage over the mirrored disk array and its
reliability is insensitive to mean string repair times as large as two weeks. Unless the mirrored disk array has a
replacement-disk delivery time of four hours or less and a mean string-repair time of less than seven hours, our

strawman disk array with a replacement-disk delivery time of 72 hours has better reliability.

Figure 18b shows the probability that these N+1-parity and mirrored disk arrays survive 10 years of opera-
tion without data loss. All configuration have a better than 75% chance of surviving 10 years and, if the mean
string-repair time is less than 37 hours, all configurations have a better than 90% chance of surviving 10 years.
These 10-year reliabilities are substantially higher than the 56% chance that a single disk with a 150,000 hour

mean lifetime survives 10 years.

Because four of the five configurations shown in Figure 18b have ailmost the same 10-year reliability, there
seems little reason other than cost to prefer one configuration over others. In particular, the relatively large differ-
ences in mean lifetime shown in Figure 18a do not appear in Figure 18b. These differences in mean lifetime are
significant, however, if we consider the fraction of disk arrays that suffer datalossin 10 years. Equation 4 in Sec-
tion 1 shows that doubling the mean lifetime of a disk array will halve the expected number of ‘‘angry’’ custo-
mers even though the probability that an individua disk array survives all 10 years without data loss is only
increased a small amount. For example, 2.2% of all mirrored disk arrays with a replacement-disk delivery time of
four hours and a mean string-repair time of 25 hours will lose data in 10 years, but only 1.0% of all N+1-parity

disk arrays with two strings of spare disks, a replacement-disk delivery time of 72 hours, and a mean string-repair
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time of 72 hours, will lose datain 10 years.

These figures show the superior reliability of N+1-parity disk arrays with spare disks in comparison to mir-
rored disk arrays without spare disks. This is a reasonable comparison because N+1-parity disk arrays are less
expensive than mirrored disk arrays even with spare disks. If comparable numbers of spare disks are added to

mirrored disk arrays, increasing the cost differential, then mirrored disks achieve superior reliability.

7.3.2. Higher Reliability Through Faster Disk Recovery

To recover the contents of afailed disk in an N+1-parity disk array, al remaining disks in the failed disk’s
parity group must be entirely read and the failed disk’ s replacement must be entirely written. Before a block can
be written to the failed disk’s replacement, the corresponding blocks from each of the rest of the disks in the par-
ity group must be have been read and their collective parity (exclusive-or) must be computed. This collective par-
ity is exactly the failed disk’s missing data, so the collective parity isthen written to the failed disk’ s replacement
disk.

If the array controller or host computer managing a failed disk’s recovery has sufficient control, transfer,
and exclusive-or bandwidth to read all remaining disks and write the replacement disk in parallel, afailed disk’'s
recovery can be completed in about six minutes [26]. This maximum recovery rate is rarely attained because
many systems are not designed with sufficient bandwidth. Even if high speed recovery is possible, it would block
all user accesses into the entire parity group for the duration of the recovery. In many computer systems, the una-
vailability of user data for many minutes or tens of minutes is tantamount to data loss because (1) the unavailable
data may be out-of-date before it again supports user accesses or (2) the financial penalties derived from stalling
accesses until recovery is complete are unacceptably high. Systems with these kind of high availability require-
ments may demand that user accesses be served during disk recovery. Thiswill cause afailed disk’s recovery be
slowed down. Because the failed disk’s data can be recovered block-by-block in any order, user accesses for any

datain the effected parity group can be serviced, albiet at reduced performance [15].

Figure 19 shows the effect of changing the mean disk-recovery time on the mean disk-array lifetime. |If
there are no sparesin an N+1-parity disk array, then the array’s vulnerability to data lossis largely determined by
replacement-disk delivery time. In this case, disk recovery can be slowed to one or four hours on average to
accomodate user accesses without significant effect on reliability. If, instead, there are two strings of spare disks
in the array, the array’s vulnerability to data loss is largely determined by disk-recovery time. In this case,
increasing the mean disk-recovery time by a factor of 10 from six minutes to an hour reduces mean lifetime by a
factor of 10 which, in turn, increases the expected fraction of disk arrays that will lose data by the same factor of

10. With just one string of spare disks this effect is less pronounced, but it is still important for high reliability to
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minimize disk-recovery time.

7.3.3. Higher Array Reliability Through Higher String Reliability

As we mentioned in Figure 5 of Section 5, the conventional approach for avoiding low reliability in disk-
support hardware is to employ more reliable, and more expensive, parts. For even higher string reliability, at
even higher costs, support-hardware components can be made redundant. Because the fraction of a disk array’s
cost that is attributable to support-hardwareis not likely to be large, it is reasonable to evaluate the contribution to

array reliability that results from increased string reliability via higher quality parts or redundancy.

Figure 20 shows the effect of varying string reliability on the mean lifetime of our strawman disk array. If
the unenhanced mean string lifetime is low — in this example, less than 100,000 hours — then doubling it doubles
the mean lifetime. This effect is more pronounced in arrays that have one or more strings of spare disks. When
mean string lifetime approaches or exceeds 1,000,000 hours, however, increasing it further provides little benefit
for array reliability. Unless the unenhanced string reliability is very low and the cost of increasing mean string
lifetime by afactor of 100 or 1,000 increases array cost by less than 10%, adding a string of spare disksis a more

effective method of increasing reiability than isincreasing mean string lifetime.

7.3.4. Partially Populated Spare Stringsand L ow Reorder Thresholds

In contrast to figures in the last three sections, this section presents simulation data instead of model esti-
mates. It investigates aspects of the reliability of our strawman disk array that do not meet the assumptions of our

models. In particular, this section explores two design alternatives:
(1) Oneor two extrastrings partially populated with spare disks are desirable because disks are expensive.

(2) A reorder threshold that does not cause an order to be issued immediately after every disk failure is desir-
able because it reduces the frequency that service personnel interacts with the disk array and because it

delays the purchase of new disks.

Figures 21a and 21b show simulated estimates of mean lifetime and 10-year reliability, respectively, for our
strawman disk array. Figure 21b shows that incorporating a single spare disk increases the chance that an indivi-
dual disk array will survive 10 years without data loss from 52% to 80% and that incorporating one string of spare
disks increases the chance of surviving 10 years without data loss to over 90% for all three reorder thresholds.
Toward the basic goal of providing better reliability than a single disk drive, which has a 56% chance of surviving
10 years without failure, these results indicate that a small pool of spare disks with any reorder threshold is all that

IS necessary.
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Figure 21a addresses high reliability in our strawman disk array. This figure shows that an immediate
reorder policy achieves maximum reliability levels with substantially fewer spare disks than the delayed reorder
policies. It aso shows that high reliability is not achieved with any less than a fully populated string of spare
disks.

Intuitively, we understand this figure by estimating the average number of spare disks in the spare pool.
Because replacement-disk delivery time is much shorter than the expected time until the next disk failure, the
average number of spare disks on hand is about half way between the maximum number of spare disks and one
more than the threshold. This means that with immediate reorder, the array can nearly aways immediately
replace all disks on afailed string. This also explains why a half-empty reorder policy achieves the reliability of
one string of spare disks with an immediate reorder policy once it has about one and a half strings of spare disks.
This intuition is not satisfactory for explaining the reliability of the empty reorder policy because it incorrectly
suggests that two strings of spare disks would be sufficient to achieve the reliability of one string of spare disks

with an immediate reorder policy, which isinaccurate.

The benefit of adelayed reorder policy is largely derived from areduction in the frequency that service per-
sonnel interacts with the disk array. The average rate of these interactions is the average rate of disk failures
divided by the number of disksthat must fail before replacement disks are reordered.

Average human interactions per hour = (27)

G(N+2)+(S+T+1)/2 1 + 1
S-T MTTFgs  MTTFgring

When our strawman disk array has one string of spare disks and an immediate reorder policy (S=7,T =6), thisrate
is 182/150,000. When it has one and a half strings of spare disks and a half empty reorder policy (S=11,T =6),
thisrate is 186/(5x150,000), nearly five times lower without loss of reliability! Finaly, when it has two strings of
gpare disks and an empty reorder policy (S=14,T =0), this rate is 184/(14x150,000), 14 times lower than when the
array has one string of spare disks and an immediate reorder policy. Unfortunately, the reliability of this third

caseis also substantialy lower.

The results in Figure 21a indicate that our strawman disk array needs at least one string of spare disks to
achieve high reliability. With four more spare disks and a policy of reordering spare disks when the pooal is half
empty, the frequency of human interaction with the array can be reduced by a factor of five without sacrificing
reliability.
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8. Summary and Conclusions

Throughout this paper we have used a strawman disk array to exemplify our models and explore array
design issues. Table 1 in this paper’sintroduction presents the strawman disk array as an attractive alternative to
IBM’stop-end disk subsystem, the IBM 3390. Table 2 summarizes estimates for the strawman disk array’s mean
time until datais lost and its 1-, 3-, and 10-year reliability that were presented in Sections 4, 5, 6, and 7. This
table shows that without redundancy the strawman disk array has virtually no chance of surviving three or more
years without data loss. This is the primary reason for including redundancy in adisk array. Table 2 also shows
that, in addition to overcoming this basic threat to data reliability, redundancy can provide high reliability with

low overhead costs.

In the data of Table 2, we have used 10% overhead for the parity redundancy. Thislevel of protection more
than compensates for threats to reliability from independent failures alone and nearly compensates for the threats
to reliability from independent and dependent disk failures without requiring on-line spare disks. If the only
threats to data reliability are from independent disk failures, high reliability is achieved with only one on-line
gpare disk. In this case two on-line spare disks are approximately as useful as an infinite number of on-line
spares. Where dependent disk failures aso threaten data reliability, Section 7.3.4 shows that just one on-line
spare disk achieves higher reliability than provided by a single disk and that high reliability is provided by one
string fully populated with on-line spare disks. In this case, two strings populated with on-line spare disks pro-
vides as high reliability as an infinite number of strings populated with on-line spare disks.

Section 7.3 examines the design of our strawman disk array in greater detail. It shows, in Section 7.3.1, that
with one string of on-line spare disks, the strawman disk array achieves higher reliability than a comparable col-
lection of mirrored disks at lower cost and with less expensive repair processes. Section 7.3.2 then looks at the
effect of varying disk recovery time that would result from varying the priority of recovery relative to normal user
accesses. It finds that without on-line spare disks, reliability is insensitive to changes in the disk recovery rate,
but with on-line spare disks, slowing the disk recovery rate substantially decreases the mean time until data is
lost. The next section, 7.3.3, shows that adding on-line spare disks is generally more effective for improving the
mean time until data is lost than is improving individual string reliability. Finaly, Section 7.3.4 examines the
possibility of reducing costs and opportunities for human error by delaying replacement-disk reordering until the
spare poal is haf full. It findsthat with one and half strings of on-line spare disks, the mean time until datais lost
in an array with a half full reorder policy is comparable to an array with an immediate reorder policy and one
string of on-line spare disks. This means that the frequency of replenishing the spare pool can be reduced by a

factor of five at a cost increase of less than 5% of the cost of the non-redundant array.
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The net implication of this paper’s reliability models is that, subject to our assumptions, our strawman disk

array can be made more reliable than amirrored IBM 3390 disk subsystem at a cost less than one IBM 3390!

To conclude, this paper evauates the reliability of disk arrays that employ N+1-parity redundancy to
tolerate catastrophic failures. Because arrays of small diameter disks contain many more components than the
large diameter disks they replace, their non-redundant reliability is unacceptably low. This is the primary need
for redundancy; to insure that disk arrays are at least as reliable as the single disks they replace. Secondarily,
many owners of computer systems have much higher reliability requirments for their storage systems. These cus-
tomers have traditionally doubled their expenditures for magnetic disks and duplicated all of their data. Redun-
dant disk arrays offer the opportunity to provide such customers the high reliability they seek at a much lower

COst.

In this paper we present models for disk array reliability and their implications for the design of these
arrays. These models are analytic expressions based on Markov models of each source of data loss. They
account for dependent disk failures, such as support-hardware failures that effect multiple disks, as well as
independent disk failures. They also incorporate the benefits of on-line spare disks. These models have been

validated against a detailed disk-array lifetime simulator for awide variety of parameter selections.

The models we present in this paper show that a redundant disk array can easily be designed to provide
higher reliability than a single disk. Moreover, with asmall overhead for parity and spare disks, a redundant disk
array can achieve very high reliability. For some configurations including our strawman configuration, a N+1-

parity disk array with on-line spare disks achieves higher reliability than the more expensive mirrored disk array.

As more and more reliability is required of more and more general purpose computer systems, reliability-
cost tradeoffs will become critical. The models and design implications developed in this paper will enable

secondary storage system designers to achieve reliability goals with cost-effective redundant disk array solutions.
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IBM IBM

Metric 3390 0661
Units 1 70
Formatted Data Capacity (MB) 22700 22400
Number of Actuators 12 70
Avg Access Time (msec) 19.7 19.8
Max 1/0g/Sec/Box 609 3535
Track Transfer Rate (MB/sec) 15.3 118.3

Table 1: Comparison of Strawman Disk Array to1BM 3390. Anarray of 70 IBM 0661 disksis used in this pa-
per to exemplify reliability models. This‘‘strawman’’ was selected to match the capacity of an IBM 3390 disk sub-
system, IBM’s high-end disk product. This table shows that the strawman array has superior throughput and com-
parable response time. Relative priceisnot asclear, but, using 1991 typical costs, 70 372-inch disks will cost a disk
array manufacturer about 22,400 MB x 2.5 $/MB = $56,000 whereas |IBM’ s best customers must pay almost three
times this price for an IBM 3390 and a portion of an IBM 3990 controller. Notice that this comparison neglects the
cost of an array controller and other array support hardware as well as the inflation from cost to price.
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Figure 1. Exponential Reliability versus Ratio of Timeto Mean Lifetime. Thisfigure showstherédliability of a
system with exponential lifetimes with time expressed as a multiple of the system’s mean lifetime, M. We have
marked a few interesting points; the system has a 90% chance of surviving 0.1 M, a 61% chance of surviving 0.5 M,
a 37% chance of surviving 1.0 M, a 14% chance of surviving 2.0 M, and a 5% chance of surviving 3.0 M. We have
also marked the median lifetime, the time yielding a 50% chance of survival, which is 0.69 M.
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Figure2: Exponential 1-, 3-, and 10-Year Reliabilitiesversus Mean Lifetime. Thisfigure showsthereliability of
a system with exponential lifetimes over 1, 3, and 10 years as a function of the system’s mean lifetime (in 1,000
hours, where there are 8,766 hoursin a year). The x-axis scaleislogarithmic. With a mean lifetime of 50,000
hours, the system has an 84% chance of surviving one year, a 59% chance of surviving three years, and a 17%
chance of surviving 10 years. |If the mean lifetime can be increased to 150,000 hours, the chance of surviving one
year risesto 94%, the chance of surviving three years rises to 84%, and the chance of surviving 10 yearsrisesto
56%. To achieve an 80% or 90% chance of surviving 10 years, the mean lifetime must exceed 390,000 hours or
830,000 hours, respectively.
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Figure 3: Data LossModéd for Independent Disk Failuresin a Single Parity Group. Asingle disk-array parity-
group of N +1 disks can be modelled by a three-state Markov model if disk lifetimes are exponential with mean
MTTFgs = /A and disk repairs are exponential with mean MTTRys = 1/U. The states are labeled with the
number of disk failures evidenced by the array. When there are no failures, the rate of failureis N +1 timesthe rate
of an individual disk failure, A\. When thereisonefailure, the rate of repair is |1 and the rate of a second failureis
NA. Once there are two concurrent failures, data has been lost, and there are no more transitions.
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Figure 4: Reliability versus Redundancy Overhead. Thisgraph showsthe trend for the 10-year reliability in a
disk array suffering only independent exponential failures when each disk has a mean lifetime of 150,000 hours and
it takes an average of 24 hoursto repair each disk failure. Three array sizes are shown: 10, 100, and 1000 data
disks per array. The size of a parity group, N+1, isrelated to the parity overhead expressed as a percent, O, by

N =100/0 Recall fromFigure 2 that a single disk with exponential lifetimes and a mean lifetime of 150,000 hours
has a 10-year reliability of 0.56 (dotted ling). Therefore, even a disk array with 1,000 data disks can be made more
reliable than a single disk at about 20% overhead!
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Figure5: Example of Support Hardware Shared by Multiple Disks. Disk subsystems are usually partitioned into
strings that share datapath cabling and controllers. Althoughiit is possible for different collections of disksto share
power supplies and cooling support, this figure shows an example of a single string where cabling, controller, power,
and cooling are all shared by the same disks. Sample component reliability figures are shown for a relatively low-
cost, SCH interface design [25]. Assuming that the support hardware’ s components have exponentially distributed
lifetimes, the overall failure rate of the non-disk portion of a string is the sum of its components’ failure rates. For
high data reliability it is essential that the external power grid be isolated from the system. Using this data and as-
suming (possibly battery-backed-up) power supplies uneffected by power grid irregularities, the mean time to failure
of a string is about 46,000 hours. This estimate can be easily increased by using more reliable and expensive parts
or by incorporating redundant support hardware components, but its low value relative to mean disk lifetimes sug-
gests that dependent disk failures can have a severe effect on reliability. Inthe rest of this paper we use a more rea-
sonable value of 150,000 hours as the mean time to string failure in our examples of a strawman disk array. The ef-
fect of varying string reliability is explored in Section 7.3.3.
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Figure 6: Orthogonal Organization of Parity and Support Hardware Groups. By organizing support-hardware
groups orthogonal to parity groups, the failure of a support-hardware group, or string, will destroy at most one disk
in each parity group. Snce parity-based redundancy schemes handle one failure per group, single-string failures
are survivable.
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Figures 7a and 7b: Submodelsfor Data Lossin Orthogonal Disk Arrays. The two sources of data lossin orthog-
onal disk arrays are failuresduring a disk repair and failures during a string repair. Figure 7a, on the left, shows
the sub-model for data lossin a single parity group caused by a second failure during a (non-string-failed) disk
repair. Each of the N+1 disksin a parity group fails independently with MTTFg4 = /Ay and is repaired with
MTTRgis« = Ulg. Whilea disk isbeing repaired, the failure of any of the other N disks or their strings causes data
loss. (Thismodel isthe same asthe model of Figure 3 with different transition rates.) Figure 7b, on the right, shows
the sub-model for data loss caused by a second failure during a string repair. Each of the N +1 stringsin the array
fails independently with MTTFging = 1/As and is repaired with MTTRgring = 1/is. During the repair of a string, the
failure of any of the other N strings or the remaining GN disks will cause data loss. Once a string is repaired, the
data on itsdisksisrecovered either because the repaired string has new disks or because user data has been updat-
ed for therepaired string’ s disks using the array’ s parity disks. The average recovery time of a disk after a string
repair, MTTRgisk-recovery = 1/Mar , May be less than the average disk repair time, MTTRy s = 1/l4, because the string
repair processis likely to include necessary disk replacements. While the disks of a recently-repaired string are re-
covering, the renewed failure of the same string reinitiates string repair. To avoid data loss after a string repair all
G disks must complete recovery; therefore, the transition rate to state NF is the reciprocal of the expected maximum
of G disk repairs, MTTRggiss = @lgr , Where @ = 1/1+1/2+...+1/G. The factor ¢ also modifies the rate of data loss
during string-induced disk recovery to account for the reduced vulnerability to other disk failures asindvidual
recoveries are completed.
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Figures 8a and 8b: Repair Durationsin Orthogonal Strawman. The MTTDL and 10-year reliability of our
strawman disk array are sensitive to their repair durations. Figure 8a shows MTTDL and Figure 8b shows 10-year
reliability as they are effected by both average string-repair time and replacement-disk delivery time. The strawman
disk array has an orthogonal organization of seven parity groups of 10 data disks plus a parity disk. Disksand
strings both have mean lifetimes of 150,000 hours. Average disk-recovery time, excluding replacement-delivery
time, isone hour.
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Figure 9: Example of Spare-Pool Depletion and Data L oss. Asdisks fail the number of spares decreases fromits
maximum, S, to a threshold, T, at which time an order for more sparesisissued. Orderstaketime D to be filled and
result in a completely refilled spare pool. Until the order isfilled disks may continue to fail. Additional failures con-
sume the remaining T spares and then expose the array to a high level of vulnerability. This figure shows three op-
portunities for data loss during three successive orders. The first does not empty the spare pool, the second empties
the spare pool then suffers and survives one additional failure, and the third suffers data loss because too many
failures occur before the order is delivered.
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Figures 10a and 10b: Evaluating Benefits of a Small Pool of Spare Disks. A small pool of spare disks alleviates
the effects of disk-delivery timein our strawman disk array if it is not subject to string failures. On the left, Figure
10a shows the MTTDL against the maximum (and initial) number of spare disks. On theright, Figure 10b showsthe
10-year reliability for the strawman disk array against the same metric. Recall that this array has seven parity
groups of 10 data disks and a parity disks. Each disk has a mean lifetime of 150,000 hours. When a disk failsand a
spareisavailable, disk recovery takes one hour on average. Replacement disks for the spare pool are ordered when
the last spareis assigned to replace a failed disk and are delivered in 24 hours (one day), 72 hours (three days) or
336 hours (two weeks).
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Figure 11: Pool Size, Reorder Threshold, versus Disk Delivery Time. This figure shows the maximum disk
delivery time that yields a 10-year reliability greater than or equal to 0.995 in our strawman disk array. Thisarray
has seven parity groups of 10 data disks and a parity disk. Each disk has a mean lifetime of 150,000 hoursand a
mean recovery time of 1 hour. A low threshold leads to less frequent orders. Although this requires faster disk
delivery or larger spare pools, it also reduces the frequency that error-prone humans tamper with the disk array.
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Figure 12: Two Failed and Spared Disks Example. This example of an orthogonal disk array has suffered two
disk failures at different timesin the same parity group (N+1=6). In this case the second failure did not happen until
after thefirst failure's assigned spare disk completed recovering thefirst failure's data. Because the two failure
recoveries did not overlap, the disk array remains operational without loss of data. Notice that the two assigned
spares are physically in the same string and logically in the same parity group. Until the failed disks are replaced
and rebuilt (by copying from their respective spare disks or by another recovery operation), thisarray is not orthog-
onal. Whileitisnot orthogonal, it is not protected against loss of data because the isolated failure of the string of
spares may erase two disksin one parity group. This period of vulnerability can be reduced, but not eliminated, by
manually removing the failed disks, moving two of the unassigned spare disks into the vacated positions, and copying
or recoverying the assigned spare disks' contents onto the correctly-located disks. This operation to reduce vulnera-
bility is an unnecessary, and possibly error-prone, human interaction with the disk array; we will not explore this
method further in this paper.
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Figure 13: String Failed and Spared Example. This example shows the effect on orthogonality of a string failure
when on-line spare disks are allocated one to a string (unlike the case shown in Figure 12). Although there are
enough sparesto replace all data and parity disks affected by this string failure, until the failed string is repaired
every other string has two disks that are logically in the same parity group.
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Figure 14: Generic Model for MTTDL. Thisfigure showsthe general form of this section’s simple model for the
MTTDL of a disk array that suffers string failures as well asindividual disk failures but has the benefit of on-line
spare disks. Thismodel estimates MTTDL when there are no on-line spare disks, when there is one string populated
with on-line spare disks, when there are two strings populated with on-line spare disks, and when there are an
infinite number of strings populated with on-line spare disks.

45



(N+DAq N(Ag+As) (N+DAs  NQAs+GAq/Q)
~_ ~_

udr Udr /(p

Figures 15a and 15b: Submodelsfor Orthogonal Disk Arrayswith Infinite Spares. These models are similar to
thosein Section 5, Figures 7a and 7b, which model data loss sources in an orthogonal array without on-line spare
disks. In both cases the two sources of data loss in orthogonal disk arrays are additional failures during a disk
repair and additional failures during a string repair. Figure 15a, on the left, isthe same as Figure 7a except that
disk replacement isimmediate, so disk repair requires recovery only. It showsthe submodel for datalossin a single
parity group caused by a second failure during a (non-string-failed) disk recovery. Each of the N+1 disksin a parity
group fails independently with MTTFgg = 1/Ag and isrecovered with MTTRyis—recovery = L/Hgr . While adisk is be-
ing repaired, the failure of any of the other N disks or their strings causes data loss. Thereare G instances of this
sub-model contributing to the overall data loss rate because there are G parity groupsin the disk array. Figure
15b, like Figure 7b, shows the submodel for data loss caused by a second failure during or soon after a string repair.
Because an infinite number of spare disks and strings are available, string replacement isimmediate. In thiscase
the only period of vulnerability is the time required to recover of each of the disks on the replaced string. This
means that after one of the N+1 strings, each with MTTFging = 1/As, fails, the array remains vulnerable to data loss
on the next failure until all G disks on the replacement string have recovered. Asin Figure 7b, the rate at which the
slowest of G disk recoveries takes to complete isthe reciprocal of the expected maximum of G disk recoveries,
MTTRGgiss = @Hgr , Where @ = 1/1+1/2+..+1/G. While at least one disk is still recovering, data will be lost with the
failure of any of the other N strings or the failure of any other disk in a parity group that is still recovering. The
average number of parity strings vulnerable while at least one disk is still recovering is G/.
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Figure 16: Submodel for Orthogonal Array with One String of Spares. When thereis only one string of spare
disks, not all string failureswill find a replacement string available immediately. This figure shows a Markov model
for data losses that occur while a failed string is forced to wait for a replacement string. While there is one spare
string available, state 1SS, each of the N+2 strings fails with MTTFging = 1/As and isrepaired or replaced with
MTTRsring = L/ls. If one of the remaining N +1 strings fails, it causes data |oss with probability & because individu-
al disk repairswerein progress. With probability 1-8, a second string failure while the first is being repaired is sur-
vived. Smilarily, data losses can be caused because other disks fail independently in any one of an average of &'
groups being repaired. While there are two strings being repaired, state —1SS, each at rate MTTRging = 1/ls, any
other string failure or individual disk failure on another string will cause data loss.
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Figure 17: MTTDL with One String of Spares. Thisfigure shows the relative difference between the estimate for
mean lifetime with one string of spare disks given in Equation 23 and the estimate for mean lifetime with an infinite
number of strings of spare disks given in Equation 22. Both figures employ the same 100 parameter sets selected at
random from a large collection of conceivable parameter sets. One parameter set is not included in thisfigure be-
cause itsrelative difference is 520%. This parameter set has unusually frequent and long string repairs. Itsvalues
are: three parity groups of 21 disks each, an MTTFgg of 100,000 hours, an MTTFging 0f 50,000 hours, an
MTTRYyisk-recovery Of 0.5 hours, an MTTRging Of 168 hours, and a replacement-disk delivery time of 8 hours.
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Figures 18a and 18b: N+1 Parity versus Mirrored Reliability. Figure 18a, on the left, and Figure 18b, on the
right, show the effect of string repair time and replacement-disk delivery time on mean lifetime and reliability,
respectively, in N+ 1-parity and mirrored disk arrays. Our strawman disk array contains seven parity groups each
with 10 data disks and a parity disk (7(10+ 1)). Each disk and each string has an exponentially distributed lifetime
with mean 150,000 hours and disk recovery time is exponentially distributed with mean one hour when a spare disk
isavailable. The figures show two examples of our strawman disk array: one with one string of spare disks (+7s)
and the other with two strings of spare disks (+14s). In both cases, replacement-disk delivery takes 72 hours
(D=72). A comparable mirrored disk array has 70 parity groups each with one data and one duplicate disk
(70(1+1)). Because each string contains seven disks, the mirrored disk array has 20 strings. These figures show
three examples of a comparable mirrored disk array with replacement-disk delivery times of (D=) 4, 18, and 72
hours. Inall arrays string-repair timeis exponentially distributed with its mean displayed on the x-axis.
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Figure 19: Disk Recovery Time versus On-line Spares. This figure shows the effect on the mean lifetime of an
N+ 1-parity disk array of faster disk recovery. Our strawman disk array usually assumes an average disk recovery
time of one hour. In thisfigure the disk recovery timeis varied from about six minutes to four hours. It presents

seven variations on our strawman disk array: arrays with zero, one, and two strings of spare disks are shown with
replacement-disk delivery times of 18 hours and 72 hours
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Figure 20: Diminishing Effect of More Reliable Stringson Array Reliability. Thisfigure shows the effect of
string reliability on the mean lifetime of our strawman disk array. Seven variations for the disk array are shown.
These are the same configurations presented in Figure 19 of the last section. In thisfigure, however, mean disk-
recovery timeis again fixed at one hour and mean string lifetime is varied instead. The dotted vertical line shows the
default mean string reliability in our strawman disk array.
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Figures 2la and 21b: Partially Populated Spare Strings and Low Reorder Thresholds. This figure shows simu-
lated mean lifetime, on the left in Figure 21a, and 10-year reliability, on the right in Figure 21b, for our strawman
disk array as a function of the maximum number of spare disks. When the maximum number of spare disksisless
than 7 or between 7 and 14, thereisa string partially populated with spare disks. Three variations are presented
based on the reorder threshold: first, a threshold of one less than the maximum number of spare disks (immediate
reorder), second, a threshold that isthe integer part of half of the maximum number of spare disks (half-empty
reorder), and third, a threshold of zero (empty reorder). Each estimated MTTDL generated by simulation is marked
by a vertical bar showing the 95% confidence interval. Note that these curves may not be strictly monotonic increas-
ing because of this variance in simulated estimates. Dotted lines show modelling estimates for zero, one, and two
strings of spare disks.
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RELIABILITY

(hours) 1year . 3 year . 10 year HEAD
No Redundancy
One Disk 150,000 0.94 0.84 0.56 0%
Seventy Disks 2,143 0.02 0.00 0.00 0%
Independent Disk Failures Only, (N+1 =11, D = 72, MTTRjis-recovery = 1)
0 Spares 411,444 0.98 0.94 0.81 10%
1 Spares, 0 Thresh. 12,734,300 0.9993 0.9979 0.9931 11%
2 Spares, 0 Thresh. 17,568,200 0.9995 0.9985 0.9950 13%
2 Spares, 1 Thresh. 28,758,300 0.9997 0.9990 0.9970 13%
0o Spares 29,224,900 0.9997 0.9991 0.9970 00
Independent and Dependent Disk Failures, (MTTFgying = 150,000, MTTRging = 72)
0 Spares 133,235 0.94 0.82 0.52 10%
7 Spares, 6 Thresh. 6,594,890 0.999 0.996 0.987 20%
14 Spares, 13 Thresh. 8,665,860 0.999 0.997 0.990 30%
oo Spares 8,673,790 0.999 0.997 0.990 00

Table2: Summary of Reliability Estimates for Strawman Disk Array. Thisfigure summarizes mean time until
data islost and reliability estimates from each of the models in this paper applied to our strawman disk array first
presented in Table 1 of the introduction to this paper. The last column shows the overhead cost of redundancy as a
percentage of the non-redundant disk array cost. Inthistable‘Spares isthe maximum number of spares and
‘Thresh.” isthereorder threshold. Thisdisk array has 70 data disks organized into an orthogonal array of seven
parity groups with 10 data disks and a parity disk in each group. Disks have exponentially distributed lifetimes with
a mean of 150,000 hours. Srings have exponentially distributed lifetimes with the same mean. Disk recoveries and

string repairs have exponentially distributed durations with means one hour and 72 hours, respectively.

Replacement-disk delivery time is the minimum of a fixed 72 hour period, D, or the time until an already issued ord-

er arrives.
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