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New products are sometimes screened in the factory before shipment to the

field. We show how to use failure data from one of these screens to predict early field

reliability. These reliability predictions are more economical and timely than reliability

estimates that wait for data from field tracking studies. Further, these predictions are

continuously responsive to the changes in reliability that frequently occur during the

manufacture of a new product, and therefore can form the basis of a rapid-feedback

system for manufacturing process control.
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Introduction and Summary

Knowledge of early-field reliability is critical in evaluating the performance of

a new product. This knowledge is usually obtained from data collected in field tracking

studies. Although these studies often do provide good information on early-field

reliability they have some inherent drawbacks. They are not only costly but often yield

information that is untimely. For example, a product could be in the field several

months before a statistically sound measure of early-field reliability is available.

In this paper, we describe a procedure for predicting early-field reliability using

data from a complex factory screen. The procedure reduces the need for field tracking.

Further, the timeliness of the reliability information provided by the procedure makes it

an effective tool for process control, that is, corrective action on the process would be

taken if the predictions indicate a sudden decrease in early-field reliability. While we

develop the procedure for one particular screen the methods used in deriving the model

and in estimating the model parameters is general and can be use for other complex

factory screens.

In Figures 3 to 5, the predictions of the first month failure rate using our

technique are compared with estimates calculated from field data. Note especially

Figure 5, which compares factory screening estimates with field estimates for the

2096A model by quarters. The factory screening estimates predict a sharp rise in first

month failures. This prediction was borne out when a reliability audit showed that the

reliability was below normal. Further, this problem continued until it was detected by

the audit. Had the factory screening estimates been in use the problem would have

been detected much earlier.
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The Reliability Screening Process

We discuss the system-level screen used by the product. Three tests -- oven,

burn-in, and system -- are applied in series to the newly manufactured product. The

oven test  is intended to verify product operation in a worst case ambient temperature,

130º F for 36 hours. As a result, it identifies temperature sensitive devices and infant

mortality problems. The burn-in test simulates field-use conditions through two days

of power cycling (5 hours “On” / 1 hour “Off”) at normal ambient temperature. During

these two tests, the product is in self-test mode. The computer-controlled system test,

conducted after the burn-in test assures that the product functions before shipment from

the factory. Product that fails a test is repaired and repeats at least some part of the test

during which the failure was observed. See Figure 6 for more detail.

Description of the Data Collection

During the oven and burn-in test the product is in the self-test mode. In this

mode, visual failure indications are provided. The exact time of failure is not recorded

by the test personnel. Instead, the approach is to divide time into a number of time

intervals and record the number of failures in each interval.

The 36-hours oven test, for example, is broken into nine four-hour monitoring

intervals. Similarly, the two-day burn-in is broken into eight five-hour intervals that

coincide with the “on” portion of the power cycle. Although, the system test takes

approximately 15 minutes to conduct, items may be queued in an operating condition

for several hours before being tested. The monitoring interval for this test is assumed to

be four hours in duration since most items spend at least this time operating in the

queue.
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Physical Consideration in Modeling the Reliability Screen

The knowledge gained from the reliability screening program for the product

gives us reason to expect that the failure data shows the effect of:

• DOAs (Dead-On-Arrivals), e.g., failures related to handling and electrostatic shock

damage (ESD)

• Thermally sensitive devices which fail because they cannot tolerate the oven

ambient temperature

• Undetected oven and burn-in failures resulting from the limitations of the self-test

mode in detecting failures

• Acceleration of the aging process because of the increase in chemical reaction rates

at elevated temperatures

DOAs may be the result of damage produced by ESD and physical mishandling

and are not related to operating time. These types of damage are likely to occur when

the product is physically moved from one test area to another, for example, from the

burn-in area to the system test area.

In Figure 1, the estimated failure rate, ˆ λ (t)of the 2224A model is graphed
1

.

                                          
1 The estimate of instantaneous failure rate, ˆ λ (t)  per 1000 hours is in interval i, equal
to:

Fi

Ni ∆ti

 

 
 

 

 
 × 1000

where Fi  = number of failures in interval i
Ni  = test population at the beginning of interval i
∆ti = time length of ith interval
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These data come from a reliability screen of approximately 3200 items. Note

that the failure rate in the first oven interval is significantly higher than in all other

oven intervals. An initially high failure rate is also present in burn-in and in the system

test. Some part of these high failure rates is attributable to the presence of DOAs. It is

important to separate these failures from the time-related failures.

Some temperature sensitive devices cannot tolerate the oven steady-state

temperature. Since this steady-state temperature is reached during the first oven

interval these devices fail in this interval. Like DOAs, these failures are not related to

operating time.

The self-test, conducted during oven and burn-in, does not completely test all

the internal circuitry of the equipment. This is in contrast to the computer-controlled

system test that is nearly 100% effective. It is likely, therefore, that the significantly

high failure rate at the system test is largely the result of undetected prior failures

occurring during the oven and burn-in tests.

Because the equipment operates in the oven at an elevated temperature,

acceleration of the aging process must be considered. This effect is usually modeled by

the Arrhenius relation (Nelson, 1990). However, this relation is primarily applicable to

semiconductor devices.  It is not clear how much acceleration is experienced by a

system composed not only of devices, but also of printed wire boards, interface

connectors, sockets, hard wire, etc. Hence, we are not justified in assuming that oven

acceleration of a system satisfies the Arrhenius relation, but instead we should estimate

this acceleration from the data.
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Screening Process Model

If the power is “On” in a failed product most of the internal circuitry of the

product continues to be exercised. Hence, by operating time we mean time under

power. In particular the model assumes that the equipment:

• does not age or fail during the “Off” part of the power cycle

• ages even after failure as long as it is under power.

So we assume, for example, that after an item goes through a 5 hour “On”/ 1

hour “Off” power cycle it ages exactly five hours even if it failed during the interval.

Let k and h be respectively the number of oven and burn-in intervals.

For i = 1, 2, ..., k let ti  be the oven operating time by the end of the ith oven

interval. For i = 1, 2, ..., h let si  be the burn-in operating time by the end of the ith

burn-in interval. We note that tk  and sh  are respectively the total operating time of an

item in the oven and burn-in. Let r be the duration of the system test2.

The model assumes that the high temperature in the oven accelerates the aging

process. In particular, it assumes that there is an acceleration factor, A, so that after ti

hours in the oven the equipment is actually Ati  hours old. We note that as a

consequence of this acceleration, an item after si  hours of burn-in has an effective age

of Atk + si  hours, and after system test an effective age of rsAt hk ++  hours. (See

Figure 2.) Since, in general, the value of the A will not be equal to 1, we distinguish

throughout between age and operating time.

                                          
2 In our application of the model we have: k  = 9, h  = 8, )36,...,8,4(),...,,( 921 =ttt ,
(s1 ,s2 ,... ,s8 ) = (5,10, ...,40) , and r = 4.
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The model postulates that an item can fail for any one of four independent reasons.

In particular, it assumes that:

• Each item receives a shock in the first oven interval which causes failure with

probability p1. This shock is associated with DOAs and thermal sensitivities. We

note that p 1 = 1 − p1 is the probability of surviving the oven shock.

• Each item receives a second shock in the first burn-in interval which causes failure

with probability p2 . This shock is associated with burn-in DOAs. We note that

p 2 = 1 − p2  is the probability of surviving the burn-in shock.

• Each item receives a third and final shock at the system test which causes failure

with probability p3 . This shock is associated with system test DOAs. We note that

p 3 = 1− p3  is the probability of surviving the system test shock.

• Each item is subjected to a continuous stress that causes the item to fail by age t

with probability G(t). In our application G(t) is assumed to be a two parameter

Weibull, i.e.,

G(t) = 1 − exp − tβ

α
 

 
 

 

 
 

 

 
 

 

 
  for t • 0 where α > 0 , and β > 0.

We note that G ( t) = 1− G(t) is the probability of surviving this stress pass age t.

The model assumes that the system test can detect failures with probability 1.

Effectively, we define a failure as a malfunction of the equipment that can be detected

by the system test. Any malfunction that cannot be detected by the system test is not

treated as a failure in the model. This is not a serious limitation since the system test is

very thorough. (The system test checks 93-95% of the circuitry of the equipment.)
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The self-test, as previously discussed, is not as effective as the system test. The

model, therefore, assumes that the self-test detects failures with probability p. Since

the model considers the system test to be perfect, those failures that escape detection

by the self-test are assumed to be eventually detected by the system test. Of course this

detection occurs in the system test interval and not in the period that the failure actually

happened.

Probabilities of Failure Detection

We present formulas for the probabilities of an item having a failure detected

during a given interval. These formulas express the probabilities in terms of the

parameters of the model, namely, βα ,,,,, 321 pppp  and A. First, we need some

notation.

For i=1, 2, …,  k  let Qi  be the probability that the failure of the item is

detected in the ith oven interval. For i = k + 1, k + 2 ,…, k + h, let Qi  be the probability

that the failure of the item is detected during the (i-k)th burn-in interval. For i=k+h+1 ,

let Qi  be the probability that the failure of the item is detected in the system test.

For i = k + h  + 2, let Qi  be the probability that the equipment survives the screen. For

convenience, we refer to Qi  as the detection probability in the i-th interval.

If Qi  , i=1,  2, … , k+h+2  is calculated under the assumption that

p1 = p2 = p3 = 0 and p = 1, we write Qi
s
 for Qi .  For i = 1 , 2, …, k + h + 2,  Qi

s
 is

the probability of failure (detection) in the ith interval when there are no shocks and all

failures are detected when they occur. We call Qi
s
, i = 1, 2,…,k + h + 2 the time-

dependent probabilities.
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Result 1, below, expresses the detection probabilities, Qi , as a function of the

time dependent probabilities, Qi
s
,the shock probabilities p1, p2 , p3 , and the self-test

detection probability, p. Result 2 expresses the time dependent probabilities, Qi
s
, as a

function of A and G. Recall that G is in turn is a function of the parametersα and β .

Result 1. We have:

Q1 = p 1 − p 1 1 − Q1
s( ){ }

Qi = pp 1Qi
s
 for  i = 2 ,3, ... , k

Qk+1 = pp 1 Qk+1
s + p2 Qi

s

i=k+2

k+h+2

∑
 
 
 

 
 
 

Qk+i = pp 1 p 2Qk+i
s

 for i = 2, 3 , ... ,h

Qk+h +1 = 1 − p + pp 1 p 2 Qk+h+1
s + Qk+h+2

s{ }− p 1 p 2 p 3Qk +h+2
s

Qk+h +2 = p 1 p 2 p 3Qk+h +2
s
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Result 2. We have:

Q1
s =1 − G ( At1 )

Qi
s = G (Ati−1 ) − G ( Ati )  for i = 2 , 3, …,k

Qk+i
s = G ( Atk + si−1 ) − G ( Atk + si )  for i = 2, 3, … h

Qk+h +1
s = G (Atk + sh ) − G ( Atk + sh + r )

Qk+h +2
s = G (Atk + sh + r)

where G is given by

G(t) = 1 − exp − tβ

α
 

 
 

 

 
 

 

 
 

 

 
  for t • 0 where α > 0 , and β > 0.

The derivation of Results 1 and 2 are straightforward and are left to the reader.

Log-Likelihood Function

Suppose we screen a number of items. Further suppose:

• One detects ni  failures in the ith oven test interval, i=1, 2, … , k

• One detects nk+ i  failures in the ith burn-in test interval, i=1, 2, …, h

• One detects nk+ h+1  failures in the system test, and

• nk+h+2  items survive the screen with no failures detected.

Then the log-likelihood function, log L, for these observations is given by:

log L = ni
i =1

k+h+2

∑ logQi .

The maximum likelihood estimates (MLEs) of the parameters of the model are

those values of α , β , A, p1, p2 , p3 , and p that maximize the log-likelihood for the
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observed data ni , i=1, 2, ... , k+h+2. (See Crowder, Kimber, Smith, and Sweeting,

1991).  We denote the MLEs of α ,β , A, p1, p2 , p3, p  by ˆ α , ˆ β , ˆ A , ˆ p 1, ˆ p 2 , ˆ p 3, ˆ p .

Field Reliability During the First Month

The main objective of the methodology here is to provide an estimate of the

average failure rate, R, of the product during the first month of operation. This number

is given by:

R = R( A,α ,β) = G (Atk + sh + r ) − G (Atk + sh + r + 730.4)
G (Atk + sh + r )

where 730.4 is the number of hours in one month.

The MLE of R is ˆ R = R( ˆ A , ˆ α , ˆ β ) .  This formula was used to calculate for

each quarters the “circle” estimates in Figures 3, 4 and 5.

 Using the Delta Method (See Crowder, Kimber, Smith, and Sweeting, 1991)

we get that ̂  R  is approximately normal with mean R(A,α ,β )  and approximated

variance of

Var( ˆ R ) =

∂R
∂α

 
 
  

 
 

2

Var( ˆ α ) + ∂R
∂β

 
 
 

 
 
 

2

Var( ˆ β ) + ∂R
∂A

 
 
  

 
 

2

Var( ˆ A ) +

2
∂R
∂A

∂R
∂α

cov( ˆ A , ˆ α ) + 2
∂R
∂A

∂R
∂β

cov( ˆ A , ˆ β ) +

2
∂R
∂α

∂R
∂β

cov( ˆ α , ˆ β )

 

 

 
 
 
 
 
 
 
 

 

 

 
 
 
 
 
 
 
 

A= ˆ A ,α = ˆ α ,β= ˆ β 
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This result can be used to give approximate 90% confidence bounds for R using

the formula )ˆ(645.1ˆ RVarR ± . This formula was used to calculate for each quarter the

confidence bounds around the “circle” estimates in Figures 3, 4, and 5.

Optimization Technique

The MLEs of α ,β , A, p1, p2 , p3, p , that is, ˆ α , ˆ β , ˆ A , ˆ p 1, ˆ p 2 , ˆ p 3, ˆ p , are those

values that maximize the log-likelihood function.  Because of the number of

parameters in the log-likelihood function a direct attempt to use a Modified Newton-

Raphson (MNR) method in which derivatives are calculated numerically failed to find

the maximum of the log-likelihood. Test of the MNR Method with simulated data

revealed that a large discrepancy often existed between the MNR estimates and the

values of the parameters used to drive the simulation. This is a result of the flatness of

the log-likelihood function. Moreover, because of this flatness no general optimization

algorithm is likely to be successful in finding the maximum of the log-likelihood

function. As a result a tailored optimization algorithm had to be developed.

Test of the MNR algorithm with simulated data revealed that it is capable of

doing the following:

• Accurate estimation of the stress parameters, α , β , and A when p = 1 and

p1, p2 , p3  are equal to zero.  This correspond to the case where the self-test is

100% accurate and there are no shocks.

• Accurate estimation of the shock parameters p1, p2 , p3 , and detection probability,

p,  for fixed values of α , β , and A.
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Using these capabilities of the MNR an iterative procedure was developed to

optimize the log-likelihood function. This procedure is accurate in finding the values at

which the log-likelihood achieves its maximum, that is, the values of the MLEs.

Recall that we let Qi
s
 denote the probability of an item failing in the ith interval

when p1 = p2 = p3 = 0 and p = 1. We can use Result 1 to derive the following

result:

Result 3. We have:

Q1
s =1 − 1 − Q1

p

 
 
 

 
 
 p 1

 
 
 

 
 
 

Qi
s = Q1 pp 1  for i = 2, ... , k

Qk+1
s = Qk+1 − p2 p − Qj

j =1

k+1

∑
 

 
 

 

 
 

 
 
 

  

 
 
 

  
pp 1

Qk+i
s = Qk+i pp 1 p 2  for  i = 1, 2, ... , h

Qk+h +2
s = Qk+h+2 p 1 p 2 p 3

Qk+h +1
s = 1 − Qi

s

i=1

k+h

∑ − Qk+h+2
s

.

Let ˜ P = (p1, p2 , p3 , p) . Then for each value of ˜ P  the equations in Result 3

define a transformation of the vector ˜ Q = (Q1 ,Q2 ,...,Qk+h +2 )  into the vector

˜ Q s = (Q1
s ,Q2

s ,... ,Qk+h+2
s ) .  Denote this transformation by T ˜ P  so that

˜ Q s = T ˜ P (
˜ Q ) .

Let N = ni
i=1

k+h+2

∑ be the total number of items being screened and



14

ˆ Q i = ni N , i=1,2, ... , k+h+2 be the observed proportion of failures detected in the ith

interval. Let ˆ Q = ( ˆ Q 1 , ˆ Q 2 ,..., ˆ Q k+h +2 ) . For each value of ˜ P = (p1, p2 , p3 , p)  the

vector )ˆ(~ QT
P

 is an estimate of the proportions of the failures due to the time dependent

causes. Let ),...,,(~
221 ++= hknnnn . Define the function S( ˜ n , ˜ Q )  by

i

hk

i
i QnQnS log)

~
,~(

2

1
∑

++

=

=

The algorithm proceed as follows:

Step 1. Make an initial guess about the value of the vector of the parameters

˜ P = (p1, p2 , p3 , p) .

Step 2. With the value of ˜ P = (p1, p2 , p3 , p)  fixed in the previous step find

the value of α , β , and A  that maximizes the function

)
~

),ˆ(( ~
s

P
QQNTS

Here ˜ Q s = (Q1
s ,Q2

s ,... ,Qk+h+2
s )  is given by Result 2. Use the MNR method

for this step.

Step 3. With the values of α , β , and A given by Step 2 find the value of the

parameters ),,,(
~

321 ppppP =  which maximizes S( ˜ n , ˜ Q )  where ˜ Q  is given by

Results 1 and 2. Use the MNR method for this step.

Step 4. Repeat Steps 2 and 3 until convergence.

This algorithm was tested on a number of simulated data items and always

converged to the correct parameter values.
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Results and Discussion

The predicted first-month failure rate estimates where compared with estimates

of this failure rate obtained from field tracking studies. The field tracking study

estimate (field estimate) of the first-month failure rate (denoted by ˆ λ ) was calculated

as the number  of non-DOA failures in the first 30 days divided by the total observed

operating time in the first 30 days.

We assumed an exponential distribution during the first month to calculate the

standard error of this estimate:  
ˆ λ 

r  where r is the number of non-DOA failures in the

first 30 days. Using this standard errors we calculated the approximate 90% confidence

intervals in Figures 3, 4, and 5 (i.e, the intervals with triangles in the middle.)

Further, we calculated the failure rate using a Reliability Block Diagram (RBD)

model found in a predecessors of Klinger, D. J., Nakada, Y., and Menendez, M. A.

(1990), namely, the Reliability Information Notebook. This model provides first month

failure rate estimates for a system by summing the failure rates of the individual

components. These RBD predictions are denoted by horizontal lines in figures 3, 4,

and 5.

Several observations can be made about the results in figures 3 to 5:

• In all cases, the predicted failure rate is higher than the RBD prediction. We believe

that this is to be expected since the RBD model does not adequately take into

consideration non-component failures. (About 30 of the failures observed in the

screen were not component related.)

• In all but one case the predicted failure rate is higher than the field estimate of the

failure rate. This may be the result of a larger proportion of the circuitry being
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exercised by the system test than by field operation. Further, there could be an

underreporting of the field failures.

• The confidence intervals based on the factory screen are narrower than the

corresponding intervals obtained from the field data.

Note especially Figure 5, which compares factory screening estimates with field

estimates for the 2096A model by quarters. The fourth quarter factory screening

estimate is made using only December data. It predicts a sharp rise in first month

failures. This prediction was borne out when a reliability audit showed that the

reliability was below normal. Further, this problem continued until it was detected by

the audit. Had the factory screening estimates been in use the problem would have

been detected much earlier.

As we have seen when new products are screened in the factory the failure data

collected in the screen can be use to predict changes in early field reliability. This

predictions are more timely than estimates obtained from field tracking studies and

thus can form the basis of a rapid-feedback process control system. The statistical and

optimization techniques we employed - though developed for a particular factory

screen - can be adapted to other complex screens.
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FIGURE 3. Point estimates of the first month failure rate with 90%
confidence bounds are shown for model 2024A. The circles
correspond to estimates from factory data and the triangles to
estimates from field data. A theoretical Reliability Block Diagram
(RBD) prediction based on part data is also provided. The numbers
along the bottom indicate the size of the factory and field samples,
and explain the extreme width of  the confidence bands for the third
and fourth quarter field estimates.
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FIGURE 4. Point estimates of the first month failure rate with
90% confidence bounds are shown for model 2048A. The circles
correspond to estimates from factory data and the triangles to
estimates from field data. A theoretical Reliability Block Diagram
(RBD) prediction based on part data is also provided. The
numbers along the bottom indicate the size of the factory and
field samples.
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FIGURE 5. Point estimates of the first month failure rate with 90%
confidence bounds are shown for model 2096A. The circles
correspond to estimates from factory data and the triangles to
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(RBD) prediction based on part data is also provided. The numbers
along the bottom indicate the size of the field samples. The fourth
quarter factory estimate is based solely on December data as data
for October and November were unavailable.



23

TEST

PASS

PASS

FAIL

FAIL

FAIL

REPAIR

REPAIR

OVEN TEST

BURN-IN
  TEST

SYSTEM
   TEST

TEST CONDITIONS

36 HRS OPERATION
130 F
LAST 4 HRS. ERROR FREE

48 HRS. POWER CYCLE
5 ‘ON’/1 ‘OFF’
FAILURE FREE OPERATION
ROOM TEMPERATURE

COMPUTER CONTROLLED

ROOM TEMPERATURE
100% COMPREHENSIVE

SHIP TO FIELD

FIGURE 6. Reliability Screening Process and Test Conditions.  (Sets
with intermittent failure symptoms are returned to the oven after
repair. The entire sequence is then repeated.)


