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TESTING OR FAULT-FINDING FOR
RELIABILITY GROWTH
A MISSILE DESTRUCTIVE-TEST EXAMPLE

D. P. GAVER
P. A.JACOBS

Department of Operations Research
Naval Postgraduate School
Monterey, CA 93943

ABSTRACT

A new piece of equipment has been purchased in a lot of size m.
Some of the items can be used in destructive testing before the item
IS put into use. Testing uncovers faults which can be removed from
the remaining pieces of equipment in the lot. If t < m pieces of
equipment are tested, then those that remain, my =m -1, have
reduced fault incidence and are more reliable than initially, but 7
may be too small to be useful, or than is desirable. In this paper
models are studied to address this question: given the lot size m,
how to optimize by choice of ¢ the effectiveness of the pieces of
equipment remaining after the test. The models used are simplistic
and illustrative; they can be straightforwardlyimproved.

Key words: Reliability growth; Bayesian sequential analysis; Poisson process;
destructive testing; how much testing is enough; operational testing

1 Problem Setting
A new piece of equipment has been produced, and is to be tested before being

put into use. An example is a military missile. Ultimate testing is done

destructively by firing shots. The objective is to send equipment to the field with



as few (design) faults as possible, so testing is focused on finding faults and

removing them; it will be assumed here that once a fault is discovered it can be

removed by change of design or componentry, and hence that a mode of failure

has been permanently removed from all remaining missiles. The problem: if

missiles are bought in lots of m, and ¢ ¢ m are tested, then those that remain, m; =

m —f, have reduced fault incidence and are more reliable (the lot or design has

experienced *‘reliabilitygrowth*), but m; may be too small to be useful, or than is

desirable.

We address two problems.

(a) Given the lot size, m, how to optimize the effectiveness or lethality of the

(b)

missiles remaining after #(< m) are tested by choice of f;

In the light of a testing program of length t, how does ¢ depend upon m;or
how does lot size affect the final product's qualify,where quality measures
the probability of overall success in use? This means that both reliability and
other suifabilifymeasures are combined with accuracy and target destination
probability and other effectiveness measures to obtain an overall success
probability when the missile is fired. The focus is entirely on maximizing
operational capability, given the lot size, m. Other calculations can be made to
address questions of final, after-test, missile adequacy to meet military needs
particularly when compared to alternative, e.g. currently employed, options.
The question o characterizing the uncertainty with which such a comparison

is made is not thoroughly addressed here.

Related issues arise in reliability growth testing; cf. Ascher and Feingold

(1984), Balaban (1978), Barlow and Scheuer (1966), Barr (1970), Bhattacharyya et

al. (1989), Calabriaet al. (1992), Fries (1993), Gross et al. (1968), Jayachadran ef al.

(1976), Mazzuchi et al. (1993), Olsen (1977), Pollock (1968), and Woods (1990).




However, in traditional reliability growth testing, there is no constraint on the

number of tests allowed.

2. Initial Mathematical Model

Suppose a missile design initially contains D potentialvbugs or faults. I
present, each of these independently inactivates a missile flight with probability
p, or does not operate detrimentally with probability 1 - p. It is a considerable
simplification to assume thatp is the same for all fault/bug types, and thatp does
not depend on flight time or other conditions, but this simplification allows a
quick initial evaluation. Note that if m missiles are built as described, never
tested but fired, then the number, So, of (later) successful flights is, given Dy,
distributed binomially with probability of success (1 - p)Po; consequently its

expectation is
E[SolDo] = Sm(l - P)Do ’ 2.1)

where s is the probability that a missile with no serious faults survives and

operates properly. Various other meaningful measures can also be evaluated.

21 Testing

Suppose ¢t missiles are test-fired. If some fail it is presumed that (a)the
particular faults causing failure are identifiable, and (b) that they are successfully
removed from the remaining missiles, leaving m -t as yet unfired and potentially
useful in actual operations. Furthermore, these are now more reliable, but there is
obviously a tradeoff involved in the choice o t. Thus after ¢ are tested (2.1) turns

into

ES,|D;] = s(m—t)(1-p)™ 2.2)



where D; is the number of potential faults remaining after ¢ test firings. It is
assumed that we are only removing single *‘root-cause faults' that can
themselves bring about missile failure, whereas there actually could be a
complicated interlocking sequence of fault failures, and a postmortem could
possibly identify them, leading to their simultaneous removal. This optimistic
situation is disregarded here. We also represent, in the parameter S, the influence
of non-removable faults: items that simply fail but cannot be design-rectified.
Existence of such can slow down the reliability growth process by stimulating
search for the unattainable. For the present this bit of realism is ignored, as is the
possibility that identification of a removable fault leads to replacement by an
item of higher p-value than that replaced! The present model is optimisticin that

a new item is essentially compatible with s, not changingitby much.

2.2 Property of a Test of Fixed Length, #

In order to choose the test period, t, one can compute the expected value of
those that survive later (active, combat) flights. This entails removal of the
condition on Dy in (2:2); one can then pick the t-value so as to maximize that
expectation. This is one answer to ""how much is enough testing'* in the present
context.

Suppose Dy bugs/faults are originally present and we ask how many are
present after time ¢. The probability that any one is still present is (1 - p)¢; by

independence Dy is binomial:

DO t k $ Dy—k
P{D, =KDy} = ( i J((1- pf) (1-a-p)') 2.3)
with generating function

E[z%|Dy :(z(l—p)‘ +(1 - (1—p)f))D°. 2.4)




In tum, the condition on Dg can be removed; if gD, (2) is the generating function

of Dy then o
Hz"]= gp,(1-(1-p)' (1-2)) (2.5)

In Subsection 2.3 we consider Poisson-seeded potential fau_ Its. In Subsections
2.5 and 2.6 we consider potential faults having a discrete uniform distribution

and a discrete uniform distributionwith a random range.

23 Potential Faults are Poisson-Seeded
If Dg is assumed Poisson with mean A then directly it is seen that Dy is Poisson

with mean A(1 - p)t, which has generating function
E[ZD f] = e—l(l—p)t (1-2) (2.6)

and (2.2), the expected number of successful missions after testing for time ¢
(where0<t<m):
i

E[S;] =s(m —t)e-4#(1-p) (2.7)

Thus if all parameters (excepts) are known, or estimated, we can discover the
value of ¢ =topt(m) that maximizes the expected number of missiles sent to the field
that will function properly in use. Thus we have an initial approach to a
particular problem of pre-determining test duration so as to "‘optimize' a
candidate measure of mission success.

Note that the distribution of Dy can be regarded as a Bayes prior on an
unknown parameter. Then the prior's parameter, A, can be obtained by
combining expert judgment and data on previous tested and fielded comparable
systems. This prior can be updated with each test episode using Bayesian

procedures. This approach is explored in Section 3.



2.4 A MexxMin Policy for Poisson-Seeded Faults
Suppose nature is malevolent and for any number of tests conducted will
choose p so as to minimize the expected number of successes after performing ¢

tests. Let s =1, and assume Dg is Poisson with mean A. Let

f(r) =InE[S;]
=In(m-t)-2(1 ~p)p.

(2.8)

Setting ‘—?;; f(p) =0 and solving for p results in the MINIMIZENY P, Pmin = 1/(1 + 9.

For this value of p

t Y1
Emin[St] =(m—t)exp{—l(m) 1+t (2.9)

A criterion to choose the number of missiles to test is to pick the number of tests,
t, that maximizes the above. We will call this policy the max-min policy. Such a
number must be found numerically; itis of interest to compare its implications to

those of other procedures.

2.5 Alternate Potential Fault-Seeding Distribution

It is plausible that if a system reaches later testing stages its propensity to
contain many faults is low. Perhaps it is a modification of a previous design (an
upgrade in military parlance) with only a few subsystems being candidates for
serious faults. In this case the Poisson model, which admits arbitrarily many
faults, might well be replaced by one that absolutely limits the number of active
faults, so we investigate one of the simplestalternatives: a discrete uniform for Do
over 0,1, 2, ..., d). Other features remain as before.

The generating function of the discrete uniform is

gD, (2)=—— D24 = (2.10)




)&+1

- |1-(1-(-p)
E[St]=s(m——t)&1 ( ( P (211)

f
1 (1-p)p

For numerical illustration we match means to that of the Poisson: d/2 =A; this
will not always be possible for small A since &/2 >1/2. To compare the expected
number of successful missions after testing using t missiles for the Poisson fault-

seeding model and the discrete uniform fault-seeding model first consider the

functions
o i 1faY
fE(d)=e—5a=’:1—Ea+§[—2—a] —} (212)
and ]
_ 1 |1-(1- d+1
fll(d)-a+1 ( aa) :]
___}_-l _E+1—ak ~+1
5*%“{ 2 )[ K ]H 213)
=1 _~+a2d(d3rl)'_ }

where a =(1 - p)fp. Thus, for a reasonably smalla = (1 - p)fp, the expected number
of successful missions after testing will be approximately the same for both
models. Examine the numerical examples to follow to see that choice of the

prior's specific form may be of secondary effect.




2.6 Second Alternative for Fault-Seeding: Discrete Uniform with Random
Range

Suppose the previous setup is generalized by letting d, the range of the
uniform, be another arbitrary discrete distribution, denoted {px; k =0, 1,2, ...},
e.g., but not necessarily Poisson. From (2.10) -

g 1 1 d+1
E|zPo)d =-.—-———(1- ) 2.14
[Z I ] d+11-z z ( )
SO

00 1- zk+1

E[ZD°]=1Ezk§0 k+1

P
1 - z
=;;;lj;ykpkdy—fo(y)kpkdy] (2.15)

- {foon)

where p(w) is the generating function of {px}.

If p(w) =e#1~w), Poisson, then we get

D =___El____ _ ,—u(1-2)
E[zP0] ﬂ(l_z)(l e ) (2.16)
Now introducez = 1- (1-p)ip as before:
t| = 1 ~up(1-p) ]
E|(1-p)P -————(l—e HAP ) (2.17)
| ] u1-p)'p

In order to match means it is easiest to calculate

E[DOI&] =df2 s u=2E[Dy]. (2.18)
Thus, substituting (2.18)into (2.17) for E[Dg] = 3/2 and lettinga = p(1 - p)t results
in

E[(l— p)Dt] - 31-(1 _ e'a“). (2.19)

a




Comparing (2.19) and (2.12), it is seen that the expected number of successful
missions after testing for the Poisson fault-testingmodel will be less than that for

the discrete uniform with Poisson random range.

27 Numerical Illustrations and Implications )

The meaning of (2.7) is revealed by studying some special cases. Figures 1-2
suggest that while the optimal value of test time certainly depends upon the
parameter values, which are unknown or must be estimated, the optimum values
remain in a relatively narrow range, at least over the range of parameter values
studied. For what seems to be plausible values the numbers proposed for test are
a smallish fraction of lot size, m. There is a helpful general insight: if p, the
probability of fault activation, is relatively large then a relatively small test tends
to remove many potential faults, leaving the field reliability high, whereas a
smaller p-value requires somewhat, but not substantially many, more, since
leaving low-probability offenders in place is relatively undamaging. The max-
min policy for A=5 and m =100 is to test 13 missiles with resulting expected
number of successes 75.9. The max-min policy for A=5 and m =500 is to test 29

missiles with resulting expected number of successes 442.5. Figures 1- 2 show

that the max-min policy is (not surprisingly) somewhat conservative.

3. Sequential Destructive Testing: Myopic Bayesian Updating

With the exception of the max-min analysis given in Section 24, the previous
analysis assumes that the design defectfailure probability, p, is known, or at least
that its value may be satisfactorilyapproximated off-line from data for analogous
systems, and then treated as "known"'. Suppose, however, that data are available
sequentially on the number of design defects that were revealed on an initial set

of te(1,2,...) test firings of the missile in question. We show that such data can



be used to provide a sequentially updated inference concerning p, and thus to
decide when further testing is not justified. In Subsection 3.2 we discuss a
criterion which compares the expected number of successes with the current
posterior distribution of p with that if we look forward to doing one more test. In
Subsection 3.3 we discuss the criterion which is to test until all remaining
(untested) missiles will be successfulwith a preselected probability. The problem
we discuss is related, but not identical to, much work on sequential samplingand
decision making. See in particular Chernoff and Ray (1965), and Chernoff (1966);
Yang et al. (1982)is also related.

The method described depends on these factors inherent in the basic model:
Dy =the initial number of design defects that exist in the missile system.
0 =the probability a fault causes a failurein a missile.

B; =the number of faults discovered by the first test. Assume all the faults
are repaired upon discovery.

As previously, let m be the total number of missiles.

Assume

P{31:bllDo=do,0:P}:(Z?)”"l(l—r)%"’l b1=0 ..dp; B

—A,d
P{Dy=dy}=% d:; Y, dy=0,1,... 3.2)
P{6 edp}=f(p)ip. (3.3)

Then

Wiplh [a-p)f e M)
b! (do—t)!

P{6 < dp, By = by, Dy = do} = f(p) dp. (34)

Let D; =Dg - By, the number of remaining faults; then from (3.4)it follows that

10




i ()" ~H-p) AP )

P{6edp,B; =b,D; =671}=f(P)e ! po
and
_ VA A1)
—_ - A1 .
Plodp By =gy =tr} =Kok #ap LEPL T 0
1 -1
where K(b;) =[ J f(P)e”’l"pb’dp] :
0
Similarly,
P{GEdp,Bl =b1,Bz =b2,...,Bk = bklﬁk =Ek}
o ap 00 gy [M1-P)P]”
_f(p)e Ap——l;l'T—e ( p)p—T X... (36)
-1 T k1%
e (A=) T A1)

where Dy =Dy —(B; *...1By) ,the number of remaining faults after k tests.

3.1 The Expected Number of Successesafter ¢ Tests
A missile is called a success if no faults occur during its launch or flight. Let
So =the number of successfulmissiles if no testing is done; (no faults are fixed).

Then

11




E[So] = E[E[So|Do. 6]

= m} 3 (1- p)foe —%d—of(p)dp

04dp=0 dO!
Le L [aa-p)o :
=m[ Ve ————-———[ P flp)dp
£d02=0 do! ) B.7)

1
=m e~ f(p)dp.
0
Suppose one test is done and By = by faults are discovered and repaired; let 1
be the number of successes in the remaining (m - 1) missiles.

1 oo _ o
e =]=(n-0] 50-pfee 00 EEPL iy

0dg=0
0 (3.38)

1
=(m ~1)[ e PP f(p)e P (3p) 1 dp.

0
Similarly, if & tests are conducted and B; faults are discovered and repaired on

the ith test, the expected number of successes in the remaining (m —k) missiles is

E[Sy[B; =by,..., By =by]

[0 (3.9)
= (m—K)[ e P PR, b (b, by )dp
0
where
f(p:by,...by)
k-1 16k
= flp)e™¥ G g [M-PP? sy [21-p)"]
: by! i
and

12




1 -1
K(bp...,m=[jf(p;b1,...,bk)dp}
L0

3.2 The Expected Number of Successes After Looking Forward to Doing One
More Test

Before any tests are conducted consider the expected number of successes if

one test were conducted. Let S be the number of successes using the remaining

(m =1) missiles. From (3.4)

e () & s - i
Efst 81 =0 <dp] = (n () )5 1t LN a0-n,

=0 (.10)
e (ap)°
=(m- 1)f(P)———,-,(!i'iexp{—l(1 - plpldp.
Thus,
I-J[Sl+ ;0e dp] = (m-1)f(p)exp{-A(1-p)p}dp (3.11)
1
E[Sf ] =(m- 1)'[ f(p)exp{-4(1- p)pldp. (3.12)
0

Suppose k tests have been done which resulted in B1 = by, ..., Bx =bx faults
being discovered and repaired. Consider the expected number of successesif one

more test were conducted. Let S§ be the number of remaining successes if

another test is conducted. From (3.6)it follows that

E[St:By =by,By =by,..., By =by,0 e dp]
i (3.13)
= (m~(k+1)f(p;by,.... b )dp exp{—/l(lw) p}

where

13



f(piby,-. B)

- L k-1 P (3.14)
=f (P)Me_l(l‘p)p ————-—-[A(l_p')p] 2 x...xe‘l(l‘r’)k_lp [/1(1 P )l p]
bl' b2. bk-

E[S¢[By =by,By =by,..., By = by -

1

(m—(k+1)f f(p;bpu-,bk)ekp{—l(l - p)kp}dp (B.15)
_ 0

1

[f(psbr,-... b )dp

0

A stopping rule might be to stop testing at tg tests where
L-F
tp = rnin{k : E[skps:1 =by,..., By =b]>E[S{[Bi =by,.... B¢ = bk]+C}

where C is a constant chosen by the analyst; possibly C =0. We will call this rule
the (myopic) Bayes rule.
3.3 The Probability of No Failure inthe Remaining Missile Firings After
Conducting t Tests
An alternative procedure is to test until all remaining (untested) missiles will
be successful with a preselected probability. After ¢ tests, 0 <t <m, the proba-
bility all the remaining missiles are successes is

k

PlSyy =mt}= T 07 M[(l-p)k]m_t

£=0 K (3.16)

= eXP{—ﬂ(l - P)t[l -(1- P)""t}}

ifp and A are known.

14




If 2 is known but p is not known, then

P{S — =m—t,Bl =b1/"°lBt =bt'Dt =k,0€dp}

k (3.17)
m—1) —{1-)t 1(1_’))1‘
=f(p;b1,b2...,bt)(1_p)k( t)e l(l P) [_kl_]_dp

where

b
_ip ()1 [M1-p)p]
by! by! ’ by!

f(p:b1,by..., b ) = f(pe

Thus,

P{Sm—-t = m—t,Bl =bll---,Bt =bt,9 Edp}

=f(p;by1,bs... exp{—/'], [1 ]} (3.18)

and

P{Sm—t =m—t]Bl =b1,...,Bt =bt}

- K} flp:by,- ..,bt)exp{-ﬂ.(l - p)t[l -(1- p)m_t]}dp (3.19)
1 ’ -1
where K = [ff(p;bl,...,bt)} :
0
A rule to stop testing may be to do ¢p tests where
tp =min{k: P{S,,_x =m—KBy =by,..., By =l } > a} (3.20)

where a=0.8, or 09, etc.

Numerical integration is required to carry out the above procedures, e.g. to
evaluate integrals in (3.8), (3.9), (3.12), (3.15) and elsewhere. We have used
Simpson's rule with up to 10th order difference correction for a step size h:0.0001

(cf.Hamming (1973))as implemented in A Graphical Statistical System, AGSS.

15



34 Numerical Examples

Figure 3 presents the expected number of successful missile flights after
having conducted t tests as a function of ¢ for a series of design fault discovery.
There are three faults. One fault is discovered at test 3; one at test 4 and one at
test 6; if-no tests are conducted, the number of faults discovered is 0. The prior
distribution of the number of faults at time 0 is assumed to be a Poisson
distribution with mean A =3. The prior distribution for the probability of fault
discovery, 6, is uniform over [0, 1]. The number of missiles in the lotm =25. The
solid line plots the expected number of successes with no additional tests, (3.7)-
(3.9).The dotted line plots the expected number of successesif one additional test
is considered (3.15). The dashed line plots the expected number df successes if a
fixed number of tests are conducted for 4 =3 and probability of discovery

having the prior distribution, that is, from (2.7),

E[S¢]=(m _t) Jl —p(1-p) f(p)dp. (3.21)
0

A criterion which maximizes the expected number of successes for a fixed
number of tests would stop testing after 4 tests. A criterion which stops testing
when doing one more test would not result in a larger expected number of
successes would also stop after test 4. Both criteria would miss the one fault that
does not appear until test 6. The max-min policy obtained using (2.9) for m =25
and A =3 would also test 4 missiles.

Figure 4 displaysplots of the probability that all (7 —# remaining missiles are
successes after conducting ¢ tests. There are 25 missiles initially. The prior
distribution of the initial number of faults is Poisson with mean 3. The prior
distribution for the discovery probability is uniform over [0, 1]. The solid line

displays the probability of all remaining missiles being successes as a function of

16




the number of tests using the same fault discovery series and (3.19) using the
posterior distribution of the discovery probability. The dotted line is the
probability of all remaining missiles being successes as a function of the number
of tests using the prior distribution of the discovery probability (fixed number of
tests)

1 -4(1-p) [1-(1-

P{s; =m—t}=£e

Consider the decision rule to test until the probability that all remaining

i ]f(p)dp. (3.22)

missiles are successes is at least y for y= 0.8. For the uniform prior, the fixed
number of tests calculation would test 6. The Bayes calculation would test 12.
Both criteria recommend a larger number of tests than the expected number of

successes criteria.

4. Discussion

Our model directly addresses a real challenge faced by the testing
community: to test efficiently with operational needs in mind. The present
formulation is limited and simplified, but suggests the kinds of results to be
expected, and that can be practically obtained. In particular the max-min
approach (Sec. 2.4) provides a conservative assessment of a defensible
conservative number of tests that one might consider making. This approach is
quite robust to aspects of the model formulation (it actually accommodates
different fault failure probabilities). The sequential myopic Bayes approach
(Sec. 3) justifies adjustment of test effort to actual data obtained; it probably
requires further detailed developmentbeforebeing practically applicable, but the

needed modifications are understood, and are being made.

17



Implementation of the present approach requires a certain amount of
computing, all within the range of desktop PCs or laptops. It is likely that user-

friendly spreadsheet realizations of the current software can be developed.

5. Acknowledgments -
We are indebted to the Navy’s COMOPTEVFOR, to DoD’s DOT&E, and to

the Naval Postgraduate School for supportand encouragement.

References

Ascher, H., and Feingold, H., Repairable Systems Reliability: Modeling, Inference,
Misconceptions and Their Causes, Lecture Notes in Statistics, 7, Marcel Dekker,

New York, 1984.

Balaban, H. S., “Reliability Growth Models,” Journal o Environmental Sciences, 21,
11-18 (Jan/Feb 1978).

Barlow, R. E, and Scheuer, E. M., ”Reliability Growth During a Development
Testing Program,” Technometrics, 8, 53-60 (Feb 1966).

Barr, D. R., “A Class of General Reliability Growth Models,”” Operations Research,
18, 52-65 (1970).

Bhattacharyya, G. K, Fries, A., and Johnson, R. A., *Troperties of Continuous
Analog Estimators for a Discrete Reliability-Growth Model,” IEEE
Transactionson Reliability, 38,373-378 (Aug 1989).

Calabria, R., Guida, M., and Pulcini, G,, ”A Bayes Procedure for Estimation of
Current System Reliability,” IEEE Transactionson Reliability, 41,616-621 (Dec

1992).

Chernoff, H. and Ray, S.N., ”A Bayes Sequential Sampling Inspection Plan,”
Annals of Mathematical Statistics, Vol. 36, No. 5, October 1965.

18




Chernoff, H., ”"Sequential Models for Clinical Trials,” Proceedings o the Fifth
Berkeley Symposium on Mathematical Statistics and Probability, University of
California Press, Berkeley, CA, 1966.

Fries, A, "Discrete Reliability-Growth Models Based on a Learning-Curve
Property,” IEEE Transactionson Reliability,42,303-306 (Jun 1993).

Gross, A.J, and Kamins, M., "Reliability Assessment in the Presence of
Reliability Growth,” Annals of Assurance Sciences: 1968 Symposium on
Reliability, 406-416 (1968).

Hamming, R. W., Numerical Methods for Scientists and Engineers, McGraw-Hill,
New York, 1973.

IBM Corporation. A Graphical Statistical System (AGSS).

Jayachadran, T, and Moore, L. R, "A Comparison of Reliability Growth
Models,” IEEE Transactionson Reliability,R-25, 49-51 (Apr 1976).

Mazzuchi, T.A., and Soyer, R, "A Bayes Method for Assessing Product-
Reliability During Development Testing,” IEEE Transactions on Reliability,
42,503-510 (Sep 1993).

Olsen, D. E.,, "Estimating Reliability Growth,” IEEE Transactions on Reliability,
R-26, 50-53 (Apr 1977).

Pollock, S. M., A Bayesian Reliability Growth Model,” IEEE Transactions on
Reliability, R-17, 187-198 (Dec 1968).

Woods, W. M., "The Effect of Discounting Failures and Weighting Data on the
Accuracy of Some Reliability Growth Models,” Proceedings of the Annual
Reliability and Maintainability Symposium, Los Angeles, CA, Institute of
Electrical and Electronics Engineers, Inc., 200-204 (1990).

Yang, M. C., Wackerly, D. D., and Rosalsky, A, “Optimal stopping rules in
proofreading,” J. Appl. Prob. 19,723-729 (1982).

19



02
T 2m3rg

1S31 NI a3sn ¥3gnNN

001 08 09 . O 0¢ 0

S ——-

NIN—XVW:HSYd—100

SL'=d*HSVQ S
§'=d:10d .

§Z'=4:aI0S St

S=NV1 -001=S3TISSIN 40 YIGNNN TV1OL
WVT NVEN ™1M SITNV4 40 ¥3gWNN NOSSIOd

SITSSIN ONIN VNZY N S2SS300NS 40 YIgNNN 2 vy IAY

0)4 0c
d3GNNN JOVHIAV

09

08




AVERAGE NUMBER

AVERAGE NUMBER OF SUCCESSES IN REMAINING MISSILES

POISSON NUMBER OF FAULTS WITH M
TOTAL NUMBER OF MISSIEES=:

(@]
O —
Te)}
H
'
o l
ol|l- t:
0
[
)
- 1 SOLID:P=.25
¥ DOT:P=.5
ol i DASH:P=.75
ol DOT—DASt' MAX=MIN
o
i RN
f B0
I 8%
(@) :
(@)
ol
i
i
ol i
O |-
i
j
i
i
o




16

12

NUMBER OF FAULTS =3, BINOMIAL DISCOVERY P=.3
BETA A=l B=I PRIOR FOR P;FAULTS PRIOR POISSON 3

..

SOLID=E[NO. SUCCESSESINO MORE TESTING] ™
DOT=E[NO.SUCCESSES|ONE MORE TEST] N
DASH=E[NO. SUCCESSES] FOR FIXED NO TRIALS ® 2

I DOT—DASH=MAX MIN
_ V=NO. FAULTS DISCOVERED

Figure 3
82

vV V v :
vV v V ‘v v VgV viv v vV vi1v V VYV VIVE
3 5 10 15 20

NUMBER OF TESTS




€T
¥ om31g

S1S4dl 40 ¥3IENNN
0¢ Gl Ol q 0

' ¢ : : ' ' | v T T ! T “ “ r+ +
| P
! L _
d34¥3A00SIA S1INV4 40 "ON=+ . B
S1S31 40 "ON Q3XI4 ¥04 (SIYNTV4 ON)d=10d ! Lo
(S1S3L 3YOW ONISIYNTIV4 ON)d=aros _ N n
Y |
N
I
F .
........................... m |
+ + + -

¢ NOSSIOd d0Idd LNV4 'd 804 HOI¥d =8 L=V vi3g
¢'=d AY3IA0OSIA W AON g ‘©=SI17INV4 40 d39GNNN

ALY

0

90

8'0

0L




DISTRIBUTION LIST

Research Office (Code 09)
Naval Postgraduate School
Monterey, CA 93943-5000

Dudley Knox Library (Code013) -

Naval Postgraduate School
Monterey, CA 93943-5002

Defense Technical Information Center
8725 JohnJ. Kingman Rd., STE 0944
Ft. Belvoir, VA 22060-6218

Therese Bilodeau
Dept of Operations Research
Naval Postgraduate School
Monterey, CA 93943-5000

Prof. Donald P. Gaver (CodeOR/Gv)
Naval Postgraduate School
Monterey, CA 93943-5000

Prof. Patricia A. Jacobs (CodeOR/Jc)
Naval Postgraduate School
Monterey, CA 93943-5000

Dr.Ernest Seglie
Science Director, DOT&E
3E318 Pentagon
Washington, DC 20301-1700

Dr. J. Abrahams
Code 111,Room 607

Mathematical Sciences Division, Office of Naval Research
800 North Quincy Street

Arlington, VA  22217-5000

Prof. D. R. Barr
Dept. of SystemsEngineering
US. Military Academy
West Point, NY 10996

IMF. KKEVIN BECKEN ...eureuseesressenssessessenssessenssesssssessssssesssssssssessssssessssssssssssssssessssssesssssssssesssssseases
Tandem Computers

3642 Springbrook Ave.

SanJose, CA 95148

24



12.

13.

14.

15.

16.

17.

18.

19.

Dr. David Brillinger

Statistics Dept.
University of California
Berkeley, CA 94720

Center for Naval Analyses

4401 Ford Avenue
Alexandria, VA 22302-0268

Prof. H. Chernoff

Department of Statistics
Harvard University
1Oxford Street
Cambridge, MA (02138

Prof. John Copas

Dept. of Statistics
University of Warwick
Coventry CV47AL
ENGLAND

Prof. Sr David Cox

Nuffield College
Oxford OXIINF
ENGLAND

Prof. H. G.Daellenbach

Dept. of Operations Research
University of Canterbury
Christchurch

NEW ZEALAND

Dr. Siddhartha Dalal

Director, Statsand Econometrics
Bellcore

445 South Street

Morristown, NJ 08817

Dr. Bruce W. Fowler .....ccoeeeun... '

Technical Director, US Army
Attn: AM S MI-RD-AC
Redstone Arsenal, AL 35898-5242

Prof. Linda V. Green

Graduate School of Business
Columbia University
New York, NY 10027

25




22.

23.

2.

Prof. BEINAIG HAITIS ceceieiecereceecsssssssssssssssssssssmsssssssasssssssssssssssssssssssssassssssmsmsssasasasssssassssnes

Dept. of Statistics
University of Wisconsin
610 Walnut Street
Madison, WI 53706

Dr. Arthur Fries ...

Institute for Defense Analysis
1800 North Beauregard
Alexandria, VA 22311

COLRS. Miller

Institute for Defense Analysis
1800 North Beauregard
Alexandria, VA 22311

DTG (0T =1 =] o

Bellcore
445 South Street
Morris Township, N] 07962-1910

Prof. GUY LatouChe .oeessesseessessesssessensseases

University Libre Bruxelles
C.p. 212,Blvd. De Triomphe
Bruxelles B-1050
BELGIUM

D] G AN A I 1YY - [

Dept. of Mathematics
University of Birmingham
P.O. Box 363
Birmingham B152TT
ENGLAND

Prof.J. Lehoczky

Department of Statistics
Carnegie-Mellon University
Pittsburgh, PA 15213

Prof. M. Mazumdar ..............

Dept. of Industrial Engineering
University of Pittsburgh
Pittsburgh, PA 15235

26



28.

29.

30.

3L

32.

Dr. V. Ramaswami

MRE 20Q-358

Bell CommunicationsResearch Inc.
445 South Street

Morristown, NJ 07960

Dr. Rhonda Righter

Dept. of Decision & Info. Sciences
Santa Clara University
SantaClara, CA 95118

Dr. JohnE. Rolph

Informationand Operations Management
Univ. of Southern California

School of Business Administration

Los Angeles, CA 90089-1421

Prof. Frank SAamaniego ..........c.cveerieeeeciirsemiimnemmesimissssisisssssssssssssssssssssssssssessssscess

Statistics Department
University of California
Davis, CA 95616

PrOF. L.C. TNOIMAS cveeerercersrssssssmsmsssssssssesssssssssssssssssssssssssssssssasssssassssssssssssssssssssssssasssssssnsssses

Department of Business Studies
William Robertson Building

50 George Square

Edinburgh EHS 9]Y
SCOTLAND

27




