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Quantifying the Value of Ownership of
Yield Analysis Technologies

Charles Weber, Vijay Sankaran, Kenneth W. Tobin,Member, IEEEand Gary Scher

Abstract—A model based on information theory, which team can thus develop true yield management capability by
allows yield managers to determine optimal portfolio of yield correlating data obtained from methods with short data cycles

analysis technologies for both the R&D and volume production y, 1,56 extracted from methods with longer ones. Once defect
environments, is presented. The information extraction per

experimentation cycle and information extraction per unit time ~databases become large enough, signals from short-cycle
serve as benchmarking metrics for yield learning. They enable methods can foreshadow effects on final yield [8]-[14].
yield managers to make objective comparisons of apparently  Yield managers have a large but expensive arsenal of yield
unrelated technologies. Combinations of four yield analysis improvement tools and methods at their disposal, whose data
tools—electrical testing, automatic defect classification, spatial . .

cycles can vary by orders of magnitude. Different tools perform

signature analysis and wafer position analysis—are examined in ™ ; . - .
detail to determine the relative value of ownership of different different functions under different conditions, and some combi-

yield analysis technologies. nations of tools and methods work better than others do. Yield
Index Terms—Analysis, information theory, learning, manage- Managers need to know which combination of tools works the
ment, ownership, value, yield. most effectively and the most cost-effectively, in order to max-

imize the profitability of their operations. Yield managers re-
quire metrics that allow them to assess the value of apparently
unrelated options. In layman’s terms, they need to effectively
OST-OF-OWNERSHIP models, which have been cusompare apples and oranges.
tomized for the semiconductor industry over the last 15 This paper uses a model based on information theory in an
years [1]-[6], give managers a very good idea of the true cagtempt to create an objective method of comparing technology
of technologies. However, managers of integrated circuits alsptions for yield analysis. The information extraction per ex-
need to assess the value of ownership (MVoO) of technologiperimentation cycle and information extraction per unit time
in order to make optimal decisions on which technologies &erve as benchmarking metrics for yield learning. Combinations
purchase or develop. of four yield analysis technologies—electrical testing (ET), au-
Manufacturers of integrated circuits invest billions of doltomatic defect classification (ADC), spatial signature analysis
lars in process equipment, and they are interested in obtain{8BA) and wafer position analysis (WPA)—are examined in de-
as rapid a return on their investment as possible. Rapid yie#il to determine an optimal yield management strategy for both
learning is thus becoming an increasingly important source thie R&D and volume production environments.
competitive advantage. The sooner a potentially lucrative cir-
cuit yields, the sooner the manufacturer can generate a revenue II. CONVERTING DATA INTO KNOWLEDGE

stream. Conversely, rapid identification of the cause of yield IossYielol learning characterizes the radical experience curves

can rgstore arevenue stream and prevent the destruction of B1%he semiconductor industry, where enormous investments
terAaI n _proce;ss [73’. [S]Ih h hat sh , he d fneed to be recovered in a relatively short time [13], [14].
| series ? stu 'eT as s pvlvdn It at S or;en.mg t € de 8hkId learning is an iterative experimentation process, which is
earning cycles acce eratesf yie earn;)ng y mcreasmgl ePé'peated until all sources of yield loss are detected, identified
pegmelﬂt?“o” (;:apq(;lf[y. D € ects_ m|USt he dete_cted, an?élzaﬁgd eliminated, or until the cost of further experimentation
an elmlnalte wit mf |Incre|:(ij5|_ngy shorter tm:je PErodsyceeds the benefit of the knowledge gained [15], [16]. Yield
Consequently, successful yie |mprovement ten 'S to con @'Srning can be accelerated by shortening the experimentation
of a total systems approach that involves electrical testing, 1o o by making each experimentation cycle more effective.
defect inspection anith situ fault detection. A defect reduction ,q former option depends upon the engineering team’s ability
to reduce the design time of an experiment, the fabrication
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of the information source [17]-[20]. A source of information To adequately model the problem-localization process, one
reveals an amount of informatidi{ X;) whenever the source is has to define a discrete random varialilewhose discrete states
in stateX; [21]. I(X;) is, therefore, known as tleelf-informa- X represent the individual steps of the semiconductor process.

tion and is given by Problem localization consists of concentratiff X;)—the
probability that the root cause of the problem can be found
1(X;) = —log, P(X;) bits (1) in process stepX;—into fewer and fewer process steps. If

P(X;) concentrates into a distribution &f; that exhibits only
where P(X;) is the probability of occurrence of stafé;. In-  one peak, then the variance B X;) can be used as a metric
formation entropyis defined as expectation df{ X;), or the for the extent of problem localization. However, F(X;)
average amount of self-information per state [17]. It is given bxhibits multiple peaks, the variance B{X;) is not a good

the random variable metric for the extent of problem localization becau3ex;)
. can concentrate without causing a significant reduction in the

_ variance of P(X;). In contrast, information entro X;

H(X:) = (I(X,)) = 3 P(X) - (X)) (X:) P (X:)

is an excellent metric for the extent of problem localization
because it decreases as probability concentrates regardless of
__ ZP(Xi) ‘log, P(X;) bits/state @) the number of peaks in the probability distribution.
i—1 The advantages of entropy as a metric for problem localiza-
tion can be demonstrated in a modern semiconductor process,
Information entropy is at a maximum when all states afghich typically consists of 500 steps [24] terméd through
equiprobable orP(X;) = 1/m, a situation that reflects y_ , If we assume that prior to the application of a diagnostic
maximum ignorance about the information source. InformatiqBchnology the source of a fault is equally likely to reside in steps
entropy decreases from its maximum valuel¥s(;) concen-  x, . X,00, X300 and Xugo, and infinitesimally unlikely to
trates into fewer states, approaching zero as the probability@me from any other process step, th{iX 100) = P(X200) =
one state approaches unity, and the probability of all other stajegy , ) = P(X,00) = 0.25, and P(Xothe:) = 0. If problem
approach zero. In other words, information entropy approachgsivers conduct an experiment that eliminads, and Xs00
zero as information becomes knowledge. as possible sources of the fault, then the probability distribution
Therelative entropyof a probability distributionP(X;) with  concentrates t®(X100) = P(X400) = 0.5, andP(Xoiper) =
respect to a second probability distributiét{Y;) is given by (. As Table I illustrates, the variance of the distribution does

the Kullback—Leibler formula not decrease as probability concentrates (it actually increases
m slightly), whereas the information entropy does. Consequently,
P(X;) . .
Hp(x)p(vi) = ZP(XZ') -log, ——= bits/state (3) the variance does not accurately track the level of knowledge
i=1 P(Y;) regarding the location of the root cause, whereas information

entropy does.
where the sum covers all possible states of the system [22], an‘FbreF\)/)i/ous experience at solving problems of a certain kind
P(Y;) plays the role of a reference measure. The relative efs peen shown to determine strategies for subsequent problem
tropy can thus be used to compare the final state of an eXp%@Wing and experimentation [25], [26], implying that the
mentation cycle to the initial state or to benchmark the amoUifoblem-localization process does not necessarily start from
of information extraction performed by two different, pOSSib')équiprobabiIity between process steps. In many instances, the

unrelated processes. odds that the root cause of a problem can be associated with
a specific process step can and must be estimated from the
[l. PROBLEM LOCALIZATION outcome of previous experiments. For example, the probability

Localizing the root cause of a problem to a particular proceff@t high resistance in a metal-3 line width structure results
step or process technology constitutes the stated objectivell@fn metal-3 deposition or the lithography step that determines
yield analysis. It has also been shown to be most valuable stagetal-3 line width can in principle be estimated from a factory’s
of the problem-solving process. During problem localizatiofistorical records. If previous experiments have shown that the
problem solvers that specialize in yield analysis or proceBotolithographic step associated with metal-3 line width was
integration, execute a sequence of trial-and-error proceduré cause of high resistance in the line width structure in 90%
which concentrate the probability of finding the root cause offfevious occurrences the problem, and in the remaining 10% of
problem into fewer and fewer process steps. Once the oddsdfoccurrences the root cause of the problem not to be related
finding the root cause of a problem in a particular process stiplithography, then historical data contains enough information
are close to 100%, the yield analysis and process integratfor a problem solver to correctly identify the photolithography
specialists call in specialists in technologies associated with $iep associated with metal-3 as the culprit step in 90% of all
culprit process step to continue the problem-solving procegscurrences of the problem. The problem solvers in charge
[23]. of problem localization subsequently face the challenge of

L _ o , _ converting this information into knowledge by elevating the

The base of log?(X; ) determines the units of information. The bin&sy,, i — ) . .
P(X,) is given in “bits;" the decimalog ., P(X) is given in “hartleys”; and Probability of finding the problem’s root cause in a specific
the naturalog, P(X;) is expressed in “nats” [19]. process step to 100%. They begin the problem-localization
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TABLE | as benchmarking metrics for yield learning. Combinations of

INFORMATION ENTROPY, VARIANCE AND STANDARD DEVIATION BEFORE AND four yield analysis technologies—electrical testing (ET) au-
AFTER DIAGNOSTIC ACTIVITY . e . . . ! .

tomatic defect classification (ADC), spatial signature analysis

'"f°Z""t""°" Vari DS“"",“:?"’ (SSA) and wafer position analysis (WPA)—are examined in de-
—M(gig’per —a"a(':;gf =eviation (z’gf tail to determine an optimal yield management strategy for both
Units Process Process Process  the R&D and volume production environments.
Step) Steps)? Steps) ) . .
Numerical Value Before A. Electrical Testing and Wafer Position Data
Diagnostic Activity 2.000 16667 129

Numerical Value After Chips on product wafers are electrically tested for function-
Diagnostic Activity 1.000 22500 150  ality shortly after they emerge from the fabrication facility. The
wafers also typically contain microelectronic test structures in
e scribe line between the chips that may reveal characteristics
She fabrication process when subjected to a parametric test
[27]. Functional testing alone identifies defective chips, but both
functional and parametric testing of product wafers can localize
the source of an electrical fault to within a neighborhood of a

Semiconductor yield problems have the potential to indudéew process steps. In doing so they dramatically reduce the en-
severe losses. For example, if one process tool in a factorgpy of the information source. For example, if the fact of chip
disperses 100 defects with half a micrometer in diameter orflure were the only information available to a yield engineer,
product wafers, it can “kill” a significant portion of the 200the engineer would have a 1/5600.002 chance of identifying
chips wafers with a diameter of 200 millimeters typicallythe culprit process step in a process that consists of 500 such
contain. Let us assume that on average the tool kills 25 outsiéps. If, however, the engineer had access to the information
200 chips on every wafer, and that these chips are microptbat the NMOS transistor threshold voltage was out of specifi-
cessors that sell for $100 a piece. The tool will therefore causation, then the engineer could most likely use his/her expertise
$2500 of damage in the time that it takes to process one waterreduce the source of the electrical fault to a neighborhood
which may be as short as one minute. If the tool is situated about 20 process steps. Without access to the history of the
near the beginning of the line, it may damage wafers that wilrocess, the engineer would have to assume that each step has
take nearly two months to reach the end of the line, when thel/20= 0.05 chance of being the culprit. Assuming the poten-
problem is discovered. In the interim, the tool continues ftially relevant steps are numbered 151 through 170, then substi-
reduce the profit of the operation by $2500/minute, $150 0@0ting the aforementioned odds into Equation (3) yields
per hour or more than $2.5 million per day. If the problem is
discovered after the first damaged wafer exits the end of the Hpost|prE-TEST
line, more than $100 million will have been lost. S 0 = 0.05

Clearly, it is in every semiconductor manufacturer’s interest = Z 0-logs 5992 + Z 0.05 - logs 5.0z
to discover process excursions and tool contamination early, ’i:1500 =151
even if they do not actually impact the yield. The potential n Z 0-log, 0
damage is so great that the manufacturer needs to proactively e 2 0.002
respond to every defect S|gn§1I [23]. S(.emlc.:on.duct.or manu- — 4.64 bits/process step (4)
facturers have thus invested in expensive in-line inspection
tools, which detect contamination that may or may not cau®éth prior knowledge of the history of the process, the engineer
electrical faults within a few hours of critical process stepsould assess that some of the 20 candidate steps are more
Defect analysis tools and defect sourcing methods reduce likely to be the culprits than others are. The final entropy
data generated by inspection tools and point to the procegsthe 20 candidate steps would then be lower than what is
steps that are the likely culprits of potential yield loss. inferred by equiprobability, increasing the relative entropy of

In an economic environment governed by radical experienttee information extraction in equation (4) and the apparent
curves, the actual value of information extraction also dependslue of electrical parametric testing.
on the time required to reduce the data, or the length of theThe value of the analyses provided by functional testers can
experimentation cycle. A tool that identifies the source of dme assessed in the same manner. If the functional tester indicates
electrical fault with absolute certainty but requires the full VLSthat parameters pertaining to steliss; through X, are out
process to be completed may be less valuable than a tool thatobspec, then the root cause of the problem has been localized to
identify the source of a fault with significant probability withinthese steps, and the Kullback—Leibler formula yields the same
a few hours. value as equation (4) does.

In the following subsections, we assume that all combinationsAs mentioned previously, the information extraction rate is
of yield analysis technologies operate on the same semicdime more meaningful metric for the value of yield analysis tech-
ductor process, a modern ultra-large-scale integration (ULSidlogies. An engineer who had no access to a parametric tester
process that consists of 500 process steps. Under these circoodd, for example, have reduced the possible number of cul-
stances, the information extraction rates per experimentatiorit process steps from 500 to 20 by stripping back the wafer to
cycle and the information extraction rate per unit time can sertlee to the process layers that hosted the problem. However, this

process at low entropy, and they subsequently try to reduce EE
entropy to zero.

IV. THE VALUE OF YIELD ANALYSIS TECHNOLOGIES
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would have taken more than 100 times as long as localizing the

£

3 1.2
problem by a parametric tester, which could evaluate a waferin ' o ]
about an hour. (In addition, a whole wafer, possibly worth a few § % - | BET&WPA
thousand dollars, would have to be sacrificed for stripback.) A ¢ & 0.8
parametric tester can thus be assigned an information extraction § £ 06 ¢ BET Only
rate of about 5 bits/process step/hour, whereas stripback most s & 0.4
likely does not reduce data at a rate faster than 0.05 bits/process £ 8 o2 L
step/hour. Most engineers therefore value access to a parametric 8 © | EINo Info.
tester very highly. £ 0

1 101 201 301 401

Parametric testing is an extremely valuable tool for localizing Process Step Number

a problem, but by itself it can rarely be used to pinpoint the

source of an electrical fault to the actual process step. Howewvad, 1. Probability mass functions of fault sources. Three distributions are
randomizing and recording the wafer order prior to executirf§own-

every process step may yield enough information to identify the

culprit step precisely and rapidly [28], [29]. Data from paraentropy of multiple variables or sources serves as a metric for
metric testing is correlated to the wafer order at each procdébe assessment of the limitations. It is given by

step. Any correlation between an electrical parameter and wafer n m
order can potentially infer causality. (Hp(x,)).=— Z ZP(XU) -log, P(X;;) bits/state (5)
Reuvisiting the case of the out-of-spec threshold voltage of the ’ i=1i=1

NMOS transistor with access to wafer position data allows an .
engineer to reduce the entropy of the data source much furthieren represents the number of electrical parameters char-

than equation (4) would suggest. The wafer position data WOLﬂaterlze a process. The average information extraction, which is

identify a single process step, say threshold implantation, as Hﬁg_ful in the assessment of the value of short cycle experiments,
culprit of the electrical fault, effectively reducing the data fron® 9IVen by

equiprobability over 500 steps to virtual certainty. Following the 1™ P(Xi) ..

same line of reasoning pursued in deriving equation (4) results{il p(x.,)| P(v:)); = - Z Z P(X;;) - log, (Y-?) bits/state
an information extraction of 8.96 bits/process step for the com- j=1i=1 I

bined approach parametric tester/wafer position data approach, (6)

a significant improvement over what a parametric tester can do

by itself. Analysis of wafer position data also adds little time b orlthe purpose of _apalszgl the I|m|tat|or:1 S ar;d”v\?ll_u; of short
the information extraction process, which pegs the informati¢®©'® experiments, itis useful to assume thata fu process

extraction rate of the combined approach at about 8 bits/procé%gmken upinto five modules with afabr_ication.cycle of 10 days
step/hour. each; and that these modules are fabricated in parallel. Let us

Fig. 1 summarizes the effect of information extraction. Giveﬂlso assume that 100 electrical parameters (100 sources) char-
100). However, short cycle methods

no initial information, all process steps have the same chancefGieze this profceslsz = h | 4 h bl
being the source of the fault. Electrical parametric testing cof@nnot capture faults such as plasma damage w \€re a probiem
centrates the probability into 20 steps, increasing the inforn{A€" the end of the process affects a structure fabricated near the

tion content and reducing the information entropy in the proce ginning of the process. We, therefore, assume that 10 out of

Wafer position analysis pinpoints the process step and redu&QQ parameters would remain in a state of equ!prob_abnlty over
the information entropy to very low levels. 500 process steps. Substituting these assumptions into equation

(5) yields

B. Shortening the Data Cycle (Hp(xa); = —10(0.002) log,(0.002) — 90(0)

The daFa analy;is activity dgscribed in t.he prev.ious section is — 0.18 bits/process step @)
only one in a series of steps in the experimentation cycle [14].
The other steps have to be included to get a meaningful benglhich represents the lower limit of entropy that short cycle ex-
mark of yield management strategies. Thus the sum of the geriments can achieve by themselves. Experiments that cover
sign time, fabrication time and analysis time is the appropriatiee full VLSI process must thus be conducted, in order to guar-
denominator for information extraction, which slows down thantee problem localization.
learning rate over a full VLSI process cycle of about 50 days to The value of short-cycle experiments can be estimated by
(8.96 bits/process step)/(50 days)0.18 bits/process step/day.substituting the above conditions into equation (6). If 10 out of
At that learning rate, hundreds of millions of dollars could b&00 electrical parameters remain in a state of equiprobability
lost by the time the source of a problem has been identifieshd the other ninety parameters experience the previously calcu-
Semiconductor manufacturers have thus resorted to fabricatiagd information extraction of 8.96 bits/process step, then equa-
fractions of the process in parallel on test wafers in the manngn (6) yields
suggested in the introduction and in reference [30].

The limitations and the value of short-cycle methods have fbposT|PRE-SHORT CYCLE
be assessed according to how they extract information from a 10 x 0+ 90 x 8.96 )
whole gambit of variables (information sources). The expected = 100 = 8.06 bits/process step (8)
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Given an experimentation cycle of 10 days this translates irftr the specific case in Fig. 2 ADC points to only three defect
a learning rate of about 0.8 bits/process step/day, a marked sources out of the 10 under consideration. The classifier assigns
provement over the 0.18 bits/process step/day for the full VL80% of all defects to stefX 14, 20% to stepXios and 13%
process. However, electrically testing wafers that have been t@stepX;o7. The remaining probabilities of 0.027 per process
alized by the full process compensates for the limitations sfep come from misclassification or classification as unknown.
short-cycle experiments by capturing faults that short-cycle ekherefore, P(X104) = 0.4 + 0.027 = 0.427; P(X106) =
periments do not detect. The true information extraction for2 + 0.027 = 0.227; P(X;07) = 0.13 + 0.027 = 0.157; and
full-process experiments therefore equals the sum of the outg(tX101) = P(X102) = P(X103) = P(X105) = P(X108) =

of equation (4) plus the output of equation (7), which, wheR(X1q9) = P(X119) = 0.027. P(Y;) = 0.1 for all ten process

WPA is included, amounts to steps in question because initially the odds of the defects being
caused by any of the 10 sources are equal. Substituting these
Hpost|prE-TEST = 8.96 4 0.18 data into equation (3) gives the entropy reduction provided by

=9.14 bits per process step (9) this ADC classifier

Given an experimentation cycle of 50 days for a full VLSI Hpost||PRE-ADC

process, this quantity converts to a learning rate of slightly more = 0.427 - log, %7 4 0.227 - log, %227

than 0.18 bits per process step per day, which still compares +0.157 - log, 0.01.?7 +7 % 0.027 - log, %37
unfavorably to the learning rate for short-cycle experiments. — 0.91 bits per process step (10)

Short-cycle experiments are therefore considered valuable in

spite of their limitations. The experimentation cycle of for this process sequence, which

_ - o consists of 10 process steps, equals one day. Therefore, the
C. Automatic Defect Classification, Trainability and False learning rate provided by this ADC system is 0.91 bits per
Alarms process step per day.

The potentially dire consequences of not detecting an elec-Automatic Defect Classification is a “trainable” diagnostic
trical fault early during the process have motivated technolodggchnology: its classification accuracy increases with the cu-
managers in the semiconductor industry to introduce an inspstdlative number of observations of a specific defect type. For
tion step after about every ten process steps. During theseéwnample, if the ADC classifier made the categorization in (10)
spections optical imaging and light scattering tools find defecater viewing 1000 wafers of a certain type, then it is likely to
that could cause faults. Most of these tools have the capabiliiake more accurate classifications after having viewed 2000
to segment their imaging data to separate defects that have b&gfers. The percentage of defects that have been misclassified
added to the wafers from defects that were detected at previouslassified as unknown may shrink from 27% to 7%. Under
inspections. The inspection tools also transfer the coordinatbgse circumstances the probability of defect localization may
of the defects to defect review tools, which enable an engin@ancentrate td’(X04) = 0.5 4 0.007 = 0.507; P(X106) =
to classify the defects and identify their source. 0.25 +0.007 = 0.257; P(X197) = 0.18 + 0.007 = 0.187; and

ADC as applied in the semiconductor industry is the proceg¥ X101) = P(X102) = P(X103) = P(X105) = P(X108) =
of automatically categorizing wafer defects into one of multipl&(X109) = P(X110) = 0.007. The relative entropy of this con-
classes using data captured by wafer analysis instruments. Thgtration is given by
type of data that is used by the ADC algorithms varies with the

application. It could be optical microscope image data, scanning 2000'“'1000“Waf°r§ . 0257

electron microscope (SEM) image data, material composition = 0.507 - logy G357 + 0.257 - logy 5557

information (e.g., from SEM energy dispersive spectroscopy), + 0.187 - log, % + 7 % 0.007 - log, %

or confocal microscope image data. ADC compares the defect — 0.123 bits per process step (11)

image to a set of images of known defect types and attempts

to classify them into previously established categories. TheS®m this quantity we can infer a training rate of 0.123 bits

categories are typically associated with process steps throuyngin process step per 1000 wafers, which is likely to decrease

historical data. ADC therefore has an excellent chance of ideas classifications become increasingly accurate.

tifying the source of a fault-causing defect [31]. ADC can generate false alarms by spotting defects that do not
The phrase “excellent chance” implies finite odds of missause electrical faults. If the semiconductor manufacturer deems

classification or classification into a category called unknowit.desirable to identify the source of these false or “cosmetic” de-

These phenomena complicate the entropy picture by percdizets then the analysis expressed in equation (10) holds. How-

ably adding to the entropy of the source during the informatiaver, if the manufacturer only wants to identify the source of

extraction process. Fig. 2 illustrates this effect in a hypothékiller” defects, then an additional bucket for false defects needs

ical case where ADC identifies the culprit process step in 738 be created. If we assume that 25% of the defects in the above

of all attempts. The other 27% of all attempts either result Bmalysis are false in all categories, thefiX194) = 0.75%(0.4+

misclassification or classification as an unknown. In absence®f27) = 0.320; P(X19s) = 0.75 * (0.2 + 0.027) = 0.170;

a well-documented history of the process, misclassified or uR{ X197) = 0.75 * (0.13 4+ 0.027) = 0.118; and P(X101) =

classified defects have an equal chance of being generated{iX102) = P(X103) = P(X105) = P(X108) = P(X100) =

any of the 10 possible process steps. Let us also assume fh@X;;0) = 0.75 % 0.027 = 0.020; P(false) = 0.25. Under
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Fig. 2. Probability mass functions of an automatic defect classification.

these circumstances, the Kullback—Leibler formula yields an in-
formation extraction of

HposT|PRE-ADC
= 0.320 - log, 33204.0.170 - logy 270 4+0.118 - log, 118

0.075 0.075 B
+7 % 0.020 - log, F522 + 0.250 - log, 3223
= 0.68 bits per process step (12)

which translates into a learning rate of 0.68 bits per process step _ _ .
per day. The information extraction and its associated learnifd; 3: Various types of signatures found by SSA. Fig. 3(a)=(c) serve as

. . . mples of systematic clusters on a series of wafer maps. Each cluster is made
rate can be increased to the value given by (10) by reducing f many individual defects that are correlated to each other based on the

proportion of false counts to zero. manufacturing source [33].

D. Spatial Signature Analysis us also assume that SSA separates the 92 of these defects into 3

A spatial signature is defined as a population of defects tH3f9€ clusters such as the ones shown in Fig. 3, and only leaves
originates from a single manufacturing problem. Spatial sign8¢hind 8 isolated defects to classify. Thirty-five of the one-hun-
ture analysis is an artificial intelligence method that relies dif€d defects are assigned to st&pys; fifteen to Xo5; and
capturing operator experience through a teaching method to §RY-two t0 stepXzos. The remaining eight unclassified defects
ulate the human response to various manufacturing situatioh@y!d come from any step between and includiig, through
This has been successfully accomplished through the develdyg0- 2dding a 0.008 to the odds of a defect coming from each
ment and application of an image processing-based, fuzzy c/dshe 10 states. Thug(Xao1) = P(X202) = P(X204) =
sifier system. The technique uses data collected from currdnftX206) = P(Xo07) = P(X209) = P(X210) = 0.008;
in-line inspection tools to interpret and rapidly identify charl’ (X203) = (0.35 + 0.008) = 0.358; P(X205) = (0.15 +
acteristic patterns, or “signatures,” that are uniquely associafef’s) = 0'15_8; and P(X30s) = (0.42 + 0.008) = 0'4_28'_
with the manufacturing process. The SSA system then alefaen the relative entropy of this information extraction is given
fabrication engineers to probable yield-limiting conditions thaty
require attention, and uniquely assigns a signature to a single
process step even when multiple signatures overlap on a wafer
map [16], [32]-[35]. (See Fig. 3.)

Currently SSA does not by itself routinely assign the process +0.428 - logy %5 + 7 x 0.008 - log, %P1
step attributable to a defect, but a yield engineer with knowl- = 1.45 bits per process step (13)
edge of machine history and prior defect patterns can Iocaliz%
the defect with sufficient accuracy. Given a sufficiently Iarggl
database library of historical SSA images and a database IR day.
between the stored images and the process step that generated
them, there is in principle no reason why SSA could not make
the attribution to the process step automatically. Since SSA, likeTechnology managers in the semiconductor industry need
ADC, is a “trainable” diagnostic technology, the accuracy of thetrategies for yield management and fault reduction. Accel-
attribution would increases with the number of images in the rated yield learning gives competitive advantage in R&D
brary. The value of SSA is thus likely to increase over time. environment, which is characterized by radical experience

We can extend the argument of information entropy reductiaarves. Capital productivity generates competitive advantage
to the SSA approach as follows. We assume 100 defects havéhe production environment, where an undetected source of
been detected and that there are 10 possible sources of theselgetrical faults can cause enormous losses. The authors have
fects: Steps(yp; throughXs,(. Before applying SSA, the prob- identified the yield-learning rate as the key success metric for
ability P(Y;) of determining the source of any defectis 0.1. Letoth environments, and recognized it as a benchmark for the

Hpost|prE-SSA

= 0.158 - log, %28 + 0.358 - log, %258

ich corresponds to a learning rate of 1.45 bits per process step

V. SUMMARY AND DISCUSSION
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(a) Fig. 5. Inputs and output of a real-time value of ownership model.

1.20

1.00

~ thathave been fabricated on short cycle, even though a complete
(mmormaion | characterization of a full semiconductor process is no longer
possible under these conditions. Inspection-related technologies
“meimnaion like ADC and SSA have an even higher value due to their asso-
meammerse | Ciation with extremely short experimentation cycles. Fig. 4(b)
| B L shows that this picture changes dramatically if we model an
ET  ET+WPA ET+WPA  ADC ssA ~ early manufacturing environment, for which we assume that
(Shoreyee ADC and SSA localize only 10% of all faults because hitherto
(b) unobserved defect types have not been incorporated into defect
Fig. 4. Comparative information extraction rates, lengths of experimentatifipraries. In this case, the amount of entropy reduction for ADC
e e e il SSA i imited, th resicual entropy is very high, and the
expected credit for problem localization has to be given to tech-
nigues such as electrical testing and WPA, which do not depend
valuation of (sometimes unrelated) technologies. The autheis libraries of previously observed faults for their analysis.
defined the yield-learning rate as the ratio between the infor-Fig. 5 shows that data on cost of ownership must feed into any
mation extraction rate and the length of the experimentati@perationalizable Value-of-Ownership model. Cost-of-Owner-
cycle. The information extraction has also been quantified @hip models give managers a very good idea of the true cost of
using the Kullback-Leibler formula [equation (3)] for relativeyield analysis technologies, which unfortunately varies directly
information entropy, which enables estimation of the relativgith value. Estimates place the cost of ownership of defect
value of four technologies—electrical testing, wafer positiomspection and review with automatic defect classification at
data, automatic defect classification, and spatial signatwigyund $10 per wafer per inspection [36]. The cost of owner-
analysis. ship of electrical parametric testing including the associated
Technology managers in the semiconductor industry are nffta analysis varies significantly with sampling plan, but most
confronted with an either/or decision between these diagnossixperts believe it is nearly an order of magnitude less than that
technologies, because the aforementioned limitations of shast-defect inspection. The high cost test wafers limits the utility
cycle analysis practices, which extend to ADC and SSA, mapf short-cycle experiments. They are primarily conducted in
date diagnoses of wafers that have been exposed to the full URRID, but yield analysis experts have been known to utilize
process. Electrical testing on some level is a must, because #h®rt-cycle experiments on amd hoc basis to localize the
the only technology that identifies sophisticated faults that hamsot cause of yield problems in manufacturing [30].
roots in more than one process module. However, utilizing di- The information extraction rate also depends strongly on the
agnostic technologies that can identify sources of faults on sh@uer-specific) sampling plan, because a larger sample size gen-
notice is also extremely important, because it may help semic@mates lower uncertainty, higher information content and lower
ductor manufacturers avoid extremely high losses. Managétformation entropy. In addition, managers typically have ample
would thus like to know the optimal amount of resources to irhistorical data on the relative frequency of fault types that have
vest in each of the aforementioned technologies. They neeglagued their factories. Matching this knowledge to the value
Value-of-Ownership model. metrics established in this paper will allow technology mangers
Fig. 4 shows the results of a valuation effort for the aforde significantly improve upon the current level of cost/value
mentioned yield analysis technologies, which is based on thphopositions for yield management and fault reduction, and the
relative learning rates and includes their respective limitatiortechnologies described in this paper may enable them to achieve
Fig. 4(a) models a mature production environment, for which veevalue assessment in real time. For example, it is quite conceiv-
assume that short cycle experiments capture 90% of all faulible that an ADC system can estimate the damage done by a
whereas ADC and SSA only capture 80% of all faults. Analysiistribution of defects once it has localized the source of the de-
of the valuations indicates that electrical testing exhibits a vefgct type. The shop floor control system knows when the defect
high information extraction rate, especially when it is combinedistribution was generated and how many wafers have passed
with wafer position analysis. The value of electrical testing plubrough the culpable step since the appearance the defect dis-
WPA as expressed by the learning rate is increased dramaticélilgution. The shop floor control system can also absorb eco-
when these methods are used in conjunction to analyze wafeosnic data like the spot market price of the product chips. Itis
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0.40

Normalized Data
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thus quite conceivable that one day the shop floor control systema3]
will send a technology manager the following message.

“The inspection at step 256 has identified a defect distribution
that results from step 248. Machine #83 is the culprit. You havez4]
already lost $130k- $20k. You are continuing to lose money at
a rate of $25kt- $4.2k per hour. If you shut Machine #83 down,
you will only lose $11k+ $3.3k per hour until the machine is
back up. Your track record indicates that you would have lost2¢]
an additional $840kt: $90k, had you attempted to solve this
problem without me. Don’t you think my value significantly [27]
exceeds my cost?”

(25]

(28]

(29]
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REFERENCES

[31]
R. Leckie, “A model for analyzing test capacity, cost and productivity,”
in IEEE Int. Test Conf.1986, pp. 213-218.
R. Martinez, V. Czitrom, N. Pierce, and S. Srodes, “A methodology
for optimizing cost of ownership,” ifProc. SPIE vol. 1803, 1992, pp.
363-387.
J. Secrest and P. Burggraaf, “The reasoning behind cost of ownership,”
Semiconduct. IntMay 1993.
D. Dance and D. Jimenez, “Applications of cost of ownershigmi- [33]
conduct. Int, pp. 6-7, Sept. 1994.
L. Chao, D. Dance, and T. DiFloria, “Get a handle on your cost of test,”
Test and Measurement Worldp. 45-50, Apr. 1995. [34
E. Wang, M. Holtan, R. Akella, I. Emami, M. Mclintyre, D. Jensen,
and D. Fletcher, “Valuation of yield management investmentsrac.
IEEE/SEMI/ASMCCambridge, MA, 1997, pp. 1-7.
P. Silverman, “Capital productivity: Major challenge for the semicon- [35]
ductor industry,’Solid State Technolvol. 37, no. 3, p. 104, March 1994.
C. Weber, D. Jensen, and E. D. Hirleman, “What drives defect detection
technology?,"Micro, pp. 51-72, June 1998.
C. Stapper and R. Rosner, “Integrated circuit yield management andi36]
yield analysis: Development and implementatiof5EE Trans. Semi-
conduct. Manufactvol. 8, pp. 95-101, May 1995.
C. Weber, B. Moslehi, and M. Dutta, “An integrated framework for
yield management and defect/fault reductiolEEE Trans. Semicon-
duct. Manufact.vol. 8, no. 2, pp. 110-120, May 1995.
M. lansiti and J. West, “Technology integratiotjarvard Bus. Reypp.
69-79, May—June 1997.
D. Jensen, C. Gross, and D. Mehta, “New industry document explores
defect reduction technology challengelslicro, pp. 35-44, Jan. 1998.
C. Weber, “Accelerating three-dimensional experience curves in
integrated circuit process development,” Management of Technology
Master’s thesis, MIT, May 1996.
——, “Metrology-based control and profitability in the semiconductor
industry,” inProc. SPIE Conf. Metrology-Based Control in Micro-Man-
ufacturing San Jose, CA, Jan. 25, 2001, pp. 8-20.
S. H. Thomke, “Managing experimentation in the design of new prog
ucts,”Manage. Scj.vol. 44, no. 6, pp. 743-762, June 1998.
V. Sankaran, C. Weber, K. W. Tobin, and F. Lakhani, “Inspection i
semiconductor manufacturing,” iNebster's Encyclopedia of Electrical
and Electronics Engineering New York: Wiley, 1999, vol. 10, Pattern
Analysis and Machine Intelligence, pp. 242-262.
C. E. Shannon and W. Weavédihe Mathematical Theory of Communi-
cation Urbana, IL: Univ. of Illinois Press, 1949.
N. Abramson/)nformation Theory and Coding New York: McGraw-
Hill, 1963.
P. BeckmannProbability in Communication Engineering New York:

(1]

(2] (32]

(3]
(4]
(5]
(6]

(7]
(8]
9]

(10]

(11]
(12]

(13]

(14]

(15]

[16]

(17]
(18]

(19]

IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 15, NO. 4, NOVEMBER 2002

C. Weber, “Knowledge transfer and the limits to profitability: An empir-
ical study of problem-solving practices in semiconductor manufacturing
and process developmentEEE Trans. Semiconduct. Manufgotol.

15, pp. 420-426, Nov. 2002.

Semiconductor Industry Associatiodat. Technol. Roadmap for Semi-
conductors 1997.

J. Larkin, J. McDermott, D. P. Simon, and H. A. Simon, “Expert and
novice performance in solving physics problemSgi, vol. 208, pp.
1335-1342, 1980.

E. Von Hippel and M. Tyre, “How leaning by doing is done: Problem
identification in novel process equipmenfes. Policy vol. 24, pp.
1-12, 1995.

C. Alcorn, D. Dworak, N. Haddad, W. Henley, and P. Nixon, “Kerf test
structure designs for process and device characterizatBniidl State
Technol, pp. 229-235, May 1985.

G. Scher, D. Eaton, J. Sorensen, B. Fernelius, and J. Akers, “In-line sta-
tistical process control and feedback for VLSI integrated circuit man-
ufacturing,”|IEEE Trans. Comp., Hybrids Manufact. Technebl. 13,

no. 3, pp. 484-489, Sept. 1990.

G. Scher, “Wafer tracking comes of ageSemiconduct. Int.pp.
126-131, May 1991.

C. Weber, “A standardized method for CMOS unit process develop-
ment,” IEEE Trans. Semiconduct. Manufaotol. 5, pp. 94-100, May
1992.

M. H. Bennett, K. W. Tobin, and S. S. Gleason, “Automatic defect clas-
sification: Status and industry trends,”Roc. SPIE Metrology, Inspec-
tion, and Process Control for Microlithography JXol. 2439, San Jose,
CA, March 1995, p. 210.

K. W. Tobin, S. S. Gleason, F. Lakhani, and M. H. Bennett, “Automated
analysis for rapid defect sourcing and yield learning, Fuature Fab
International London, U.K.: Technology Publishing Ltd., 1997, vol.
1, p. 313.

S. S. Gleason, K. W. Tobin, and T. P. Karnowski, “An integrated spatial
signature analysis and automatic defect classification system,” in 191st
Meeting Electrochemical Society, Inc., May 1997.

] K. W. Tobin, S. S. Gleason, T. P. Karnowski, and M. H. Bennett, “An

image paradigm for semiconductor defect data reduction,” in SPIE’s
1996 Int. Symp. Microlithography, Santa Clara Convention Center,
Santa Clara, CA, March 10-15, 1996.

K. W. Tobin, T. P. Karnowski, and F. Lakhani, “Integrated applications
of inspection data in the semiconductor manufacturing environment,”
in Proc. SPIE Conf. Metrology-Based Control in Micro-Manufacturing
San Jose, CA, Jan. 25, 2001, pp. 31-40.

A. Shapiro, T. James, and B. Trafas, “Advanced inspection for
0.25¢:m-generation semiconductor manufacturing,” Rmoc. SPIE’s
22nd Annu. Int. Symp. Microlithographganta Clara, CA, 1997, pp.
445-451.

Charles Weberreceived the A.A. degree in physical
science from the American College of Switzerland in
1975; the B.S. degree in engineering physics from the
University of Colorado, Boulder, in 1978; the M.S.
degree in electrical engineering from the University
of California, Davis, in 1981; and the S.M. degree in
Management of Technology from the Massachusetts
Institute of Technology, Cambridge, in 1996.

He joined Hewlett-Packard Company as a process
engineer in an IC manufacturing facility. He subse-
quently transferred to HP’s IC process development

(20]
[21]

(22]

Harcourt, Brace & World, Inc., 1967.

T. M. Cover and J. A. Thomaglements of Information Theary New
York: Wiley, 1991.

R. V. L. Hartley, “Transmission of InformationBell Syst. Tech. Jvol.
31, pp. 751-763, 1928.

S. Kullback, Information Theory and Statistics New York: Dover,
1968.

center, working in electron beam lithography, parametric testing, microelec-
tronic test structures, clean room layout and yield management. From 1996 to
1998, he managed the defect detection project at SEMATECH, as an HP as-
signee. He is currently a doctoral candidate in Management of Technology at
MIT’s Sloan School of Management, and he has accepted a position as Assis-
tant Professor of Engineering and Technology Management at Portland State
University, Portland, OR.



WEBERet al. QUANTIFYING THE VALUE OF OWNERSHIP OF YIELD ANALYSIS TECHNOLOGIES

Vijay Sankaran received the M.S. degree in com- &§
puter-aided design from Southern lllinois University, 38
Edwardsville, IL, and the Ph.D. degree in intelligent
inspection systems for semiconductor manufacturin
from Rensselaer Polytechnic Institute, Troy, NY, in
1996.

From 1996 to 1999, he was the technical lead fo!
advanced inspection technologies at SEMATECH
In 1999, he co-chaired the international technology
roadmap development for defect reduction anc
served as Chair of the Consortium for Metrology of

419

Gary Scher received the S.B. and S.M. degrees
in physics from the Massachusetts Institute of
Technology, Cambridge, both in 1977, and the M.A.
degree in Russian studies and the Ph.D. degree in
physics, both from Harvard University, Cambridge,
MA, in 1980 and 1983, respectively.

He is President of Sleuthworks, Inc., a company
he co-founded in 1992 to provide implementation of
automated wafer-level tracking and data analysis in
the semiconductor industry. The work that led to the
formation of Sleuthworks was begun in 1983 as a

Semiconductor Nanodefects, which is based at Arizona State University. Siprecess and yield improvement engineer at Hewlett-Packard Company and con-

2000, he has founded two consecutive software startups is in architecturetfioued as manager of the Wafer Sleuth project at SEMATECH from 1989-1991.

collaborative process management, for which he acted as technical executigince then Sleuthworks has completed installation of Wafer Sleuth in 25 fabs
worldwide. He is the author of several papers on electronic behavior in dis-
ordered materials and articles related to yield improvement in semiconductor

manufacturing.
Kenneth W. Tobin, Jr. (M'99) received the B.S. 9

degree in physics, the M.S. in nuclear engineering,
both from Virginia Tech, Blacksburg, VA, in 1983
and 1984, respectively, and the Ph.D. degree in
nuclear engineering from the University of Virginia,
Charlottesville, VA, in 1987.

He leads the Image Science and Machine Vision
Group at the Oak Ridge National Laboratory. He has
authored and co-authored over ninety publications
and he currently holds four U.S. Patents in the areas
of computer vision and photonics.

Dr. Tobin is a Fellow of the International Society for Optical Engineering
(SPIE) where he is currently Chairman of the Conference on Process Charac-
terization and Diagnostics in IC Manufacturing. He was the first invited U.S.
organizer of the International Conference on Quality Control by Artificial Vi-
sion. He was the Tennessee Academy of Science’s Industrial Scientist of the
Year in 2001.




	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 


