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priority. BACKGROUND OF THE INVENTION Semiconductor companies
test components to ensure that the components operate  properly. The
test data not only determine whether the components function properly,
but  also may indicate deficiencies in the manufacturing process.
Accordingly, many  semiconductor companies analyze the collected data
from several different components to  identify and correct problems. For
example, the company may gather test data for multiple  chips on each
wafer among several different lots. Test data may come from a variety of
sources, such as parametric electrical testing, optical inspection, scanning
electron  microscopy, energy dispersive x-ray spectroscopy, and focused
ion beam processes for defect  analysis and fault isolation. This data may
be analyzed to identify common deficiencies or  patterns of defects or
identify parts that may exhibit quality and performance issues and to
identify or classify user-defined "good parts". Steps may then be taken to
correct the  problems. Testing is typically performed before device
packaging (at wafer level) as well as  upon completion of assembly (final
test). 2 Express Mail Label No. ER 503482291 US  Docket No. TALIII6 



Gathering and analyzing test data is expensive and time consuming.
Automatic testers  apply signals to the components and read the
corresponding output signals. The output  signals may be analyzed to
determine whether the component is operating properly. Each  tester
generates a large volume of data. For example, each tester may perform
200 tests on a  single component, and each of those tests may be
repeated 10 times. Consequently, a test of a  single component may yield
2000 results. Because each tester is testing 100 or more  components an
hour and several testers may be connected to the same server, the test
process  generates an enormous amount of data. The analysis of the
gathered data is also difficult. The volume of the data may demand
significant processing power and time. As a result, the data is not usually
analyzed at product  run time, but is instead typically analyzed between
test runs or in other batches. To alleviate  some of these burdens, some
companies only sample the data from the testers and discard the  rest.
Analyzing less than all of the data, however, ensures that the resulting
analysis cannot be  fully complete and accurate. As a result, sampling
degrades the complete understanding of  the test results. In addition, even
when the full set of test data generated by the tester is retained, the  sheer
volume of the test data presents difficulties in analyzing the data and
extracting  meaningful results. The data may contain significant
information about the devices, the  testing process, and the manufacturing
process that may be used to improve production,  reliability, and testing. In
view of the amount of data, however, isolating and presenting the
information to the user or another system is challenging. 3 Express Mail
Label No. ER 503482291 US  Docket No. TAI. 1116 BRIEF
DESCRIPTION OF THE DRAWINGS A more complete understanding of
the present invention may be derived by referring  



to the detailed description and the claims when considered in connection
with the following  illustrative figures, which may not be to scale. Like
reference numbers refer to similar  elements throughout the figures.
Figure 1 is a block diagram of a test system according to various aspects
of the present  invention and associated functional components; Figure 2
is a plot of test data for a test of multiple components; Figure 3 is a
diagram of a system for automatically selecting one or more outlier
identification algorithms. Figure 2 is a block diagram of elements for
operating the test  system; Figure 4 is a plot of test data having global
outliers and local outliers; Figure 5 is a diagram of a wafer and a sample
path followed by a test prober over the  wafer; Figure 6 is a diagram of
variations of test data as the prober follows the path; Figure 7 is a flow
diagram for identifying local outliers based on most recent test data;
Figure 8 is a diagram of a central component on a wafer and surrounding
bands of  components; Figure 9 is a diagram of potential filter types for
proximity analysis; Figure 10 is a flow diagram for identifying local outliers
using proximity analysis  Figure 1IA is a representation of a wafer having
multiple devices and a resistivity  profile for the wafer; Figure I IB is a
graph of resistance values for a population of resistors in the various
devices of the wafer of Figure 11 A; 4 Express Mail Label No. ER
503482291 US  Docket No. TAI. 1116 Figures 12A-B are general and
detailed plots, respectively, of raw test data and outlier  



detection triggers for the various devices of Figure 11A; Figure 13 is a flow
diagram of a composite analysis process according to various  aspects of
the present invention; Figure 14 is a diagram of a representative data
point location on three representative  wafers; Figures 15A-C are a flow
diagram and a chart relating to a cumulative squared  composite data
analysis process; Figure 16 is a diagram of an exclusion zone defined on
a wafer;  Figures 17A-B are a flow diagram of a proximity weighting
process; Figure 18 is a diagram of a set of data points subjects to
proximity weighting;  Figure 19 is a flow diagram of a cluster detection and
filtration process; Figure 20 is a diagram of a set of clusters on a wafer
subject to detection and filtration;  Figure 21 is a diagram of a set of data
points merged using an absolute merge process;  Figure 22 is a diagram
of a set of data points merged using an overlap merge process;  Figures
23 and 24 are diagrams of sets of data points merged using percentage
overlap  merge processes; Figure 25 is a diagram of a sectional
separation of a wafer; Figure 26 is a diagram of a wafer and a spatial
analysis window; and  Figure 27 is a flow diagram of a spatial analysis
process. Elements in the figures are illustrated for simplicity and clarity
and have not  necessarily been drawn to scale. For example, the
connections and steps performed by some  5 Express Mail Label No. ER
503482291 US  Docket No. TAI.1116 of the elements in the figures may
be exaggerated or omitted relative to other elements to help  to improve
understanding of embodiments of the present invention. 



DETAILED DESCRIPTION OF EXEMPLARY EMBODIMENTS The
present invention may be described in terms of functional block
components and  various process steps. Such functional blocks and steps
may be realized by any number of  hardware or software components
configured to perform the specified functions. For  example, the present
invention may employ various testers, processors, storage systems,
processes, and algorithms, e.g., statistical engines, memory elements,
signal processing  elements, logic elements, proximity analysis engines,
programs, and the like, which may carry  out a variety of functions under
the control of one or more testers, microprocessors, or other  control
devices. In addition, the present invention may be practiced in conjunction
with any  number of test environments, and each system described is
merely one exemplary application  for the invention. Further, the present
invention may employ any number of conventional  techniques for data
analysis, component interfacing, data processing, component handling,
and the like. Referring to Figure 1, a method and apparatus according to
various aspects of the  present invention operates in conjunction with a
test system 100 having a tester 102, such as  automatic test equipment
(ATE) for testing semiconductors. In the present embodiment, the  test
system 100 comprises the tester 102 and a computer system 108. The
test system 100  may be configured for testing any components 106, such
as semiconductor devices on a  wafer, circuit boards, packaged devices,
or other electrical or optical systems. In the present  embodiment, the
components 106 comprise multiple integrated circuit dies formed on a
wafer  6 Express Mail Label No. ER 503482291 US  Docket No. TA1.1116
or packaged integrated circuits or devices. The components 106 are
created using a  fabrication process, which may comprise any suitable
manufacturing process for creating the  components 106, and may include
a test process, which may comprise any suitable process for  



testing the operation of the components 106. The tester 102 suitably
comprises any test equipment that tests components 106 and  generates
output data relating to the testing, and may comprise multiple machines or
other  sources of data. The tester 102 may comprise a conventional
automatic tester and suitably  operates in conjunction with other
equipment for facilitating the testing. The tester 102 may  be selected and
configured according to the particular components 106 to be tested and/or
any  other appropriate criteria. The tester 102 may operate in conjunction
with the computer system 108 to, for  example, program the tester 102,
load and/or execute the test program, collect data, provide  instructions to
the tester 102, analyze test data, control tester parameters, and the like.
In the  present embodiment, the computer system 108 receives tester
data from the tester 102 and  performs various data analysis functions
independently of the tester 102. The computer  system 108 may comprise
a separate computer, such as a personal computer or workstation,
connected to or networked with the tester 102 to exchange signals with
the tester 102. In an  alternative embodiment, the computer system 108
may be omitted from or integrated into  other components of the test
system 100, and various functions may be performed by other
components, such as the tester 102 or elements connected to the
network. The test system 100 may include additional equipment to
facilitate testing of the  components 106. For example, the present test
system 100 includes a device interface 104,  like a conventional device
interface board and/or a device handler or prober, to handle the  7
Express Mail Label No. ER 503482291 US  Docket No. TAL1116
components 106 and provide an interface between the components 106
and the tester 102.  The test system 100 may include or be connected to
other components, equipment, software,  and the like to facilitate testing of
the components 106 according to the particular  



configuration, application, environment of the test system 100, or other
relevant factors. For  example, in the present embodiment, the test system
100 is connected to an appropriate  communication medium, such as a
local area network, intranet, or global network like the  intemet, to transmit
information to other systems, such as the remote server 116. The test
system 100 may include one or more testers 102 and one or more
computers  108. Further, the computer 108 may be separate from the
tester 102, or may be integrated into  the tester 102, for example utilizing
one or more processors, memories, clock circuits, and the  like of the
tester 102 itself. In addition, various functions may be performed by
different  computers. A test system 100 according to various aspects of
the present invention tests the  components 106 and provides enhanced
analysis and test results. For example, the enhanced  analysis may
identify incorrect, questionable, or unusual results. The test system 100
may  also analyze multiple sets of data, such as data taken from multiple
wafers and/or lots of  wafers, to generate composite data based on
multiple damsels. The operator, such as the  product engineer, test
engineer, manufacturing engineer, device engineer, or other personnel
using the test data and analyses, may then use the results to verify and/or
improve the test  system 100 and/or the fabrication system and classify
the components 106. The test system 100 commences a test run, for
example in conjunction with a  conventional series of tests, in accordance
with a test program. The. tester 102 suitably  executes the test program to
apply signals to the components 106 and read output test data  8 Express
Mail Label No. ER 503482291 US  Docket No. TAL1116 from the
components 106. The tester 102 may perform multiple tests on each
component 106  on a wafer or the wafer itself, and each test may be
repeated several times on the same  component 106. The tests may
comprise any appropriate tests, such as (but not limited to)  



continuity, supply current, leakage current, parametric static, parametric
dynamic, and  functional and stress tests. Test data from the tester 102 is
stored for quick access and  supplemental analysis as the test data is
acquired. The data may also be stored in a long-term  memory for
subsequent analysis and use. Each test generates at least one result for
at least one of the components. Referring to  Figure 2, an exemplary set
of test results for a single test of multiple components comprises a  first
set of test results having statistically similar values and a second set of
test results  characterized by values that stray from the first set. Each test
result may be compared to an  upper test limit and a lower test limit. If a
particular result for a component exceeds either  limit, the component may
be classified as a "bad part" or otherwise classified according to the  test
and/or the test result. Some of the test results in the second set that stray
from the first set may exceed the  control limits, while others do not. For
the present purposes, those test results that stray from  the first set but do
not exceed the control limits or otherwise fail to be detected are referred to
as "outliers". The outliers in the test results may be identified and
analyzed for any  appropriate purpose, such as to identify potentially
unreliable components. The outliers may  also be used to identify various
potential problems and/or improvements in the test and  manufacturing
processes. As the tester 102 generates the test results, the output test
data for each component,  test, and repetition is stored by the tester 102
in a tester data file. The output test data received  9 Express Mail Label
No. ER 503482291 US  Docket No. TAL 1116 from each component 106
is analyzed by the tester 102 to classify the performance of the
component 106, such as into a particular bin classification, for example by
comparison to the  upper and lower test limits, and the results of the
classification are also stored in the tester  



data file. The tester data file may include additional information as well,
such as logistics data  and test program identification data. The tester
data file is then provided to the computer 108  in an output file, such as a
standard tester data format (STDF) file, and stored in memory. The  tester
data file may also be stored in the storage system for longer term storage
for later  analysis. When the computer 108 receives the tester data file, it
analyzes the data to provide  enhanced output results. The computer 108
may provide any appropriate analysis of the tester  data to achieve any
suitable objective. For example, the computer 108 may implement a
statistical engine for analyzing the output test data, at run time or later,
and identifying data  and characteristics of the data of interest. The data
and characteristics identified may be  stored, while data that is not
identified may be retained, discarded, or otherwise disposed. The
computer 108 may perform additional analysis functions upon the
generated  statistics and the output test data, such as automatically
identifying and classifying outliers.  Analyzing each relevant datum
according to one or more selected algorithms suitably  identifies the
outliers. If a particular algorithm is inappropriate for a set of data, the
computer  108 may be configured to automatically select a different
algorithm. The computer 108 may operate in any suitable manner to
designate outliers, such as by  comparison to pre-selected or dynamic
values. For example, an outlier identification system  according to various
aspects of the present invention initially automatically calibrates its
sensitivity to outliers based on selected statistical relationships for each
relevant datum or  10 Express Mail Label No. ER 503482291 US  Docket
No. TAI.1116 other data. Some of these statistical relationships are then
compared to a threshold or other  reference point, such as the data mode,
mean, or median, or combinations thereof, to define  relative outlier
threshold limits. In the present embodiment, the statistical relationships
are  



scaled, for example by one, two, three, and six standard deviations of the
data, to define the  different outlier amplitudes. The output test data may
then be compared to the outlier  threshold limits to identify and classify the
output test data as outliers. The computer 108 stores the resulting
statistics and outliers in memory and identifiers,  such as the x-y wafer
map coordinates, associated with any such statistics and outliers.
Selected statistics, outliers, and/or failures may also trigger notification
events, such as  sending an electronic message to an operator, triggering
a light tower, stopping the tester 102,  or notifying a server. In the present
embodiment, the computer 108 includes a scaling element 110 and an
outlier classification engine 112. The scaling element 110 is configured to
dynamically scale  selected coefficients and other values according to the
output test data. The outlier  classification engine 112 is configured to
identify and/or classify the various outliers in the  data according to
selected algorithms. More particularly, the scaling element 110 of the
present embodiment suitably uses  various statistical relationships for
dynamically scaling outlier sensitivity. The scaling  coefficients are suitably
calculated by the scaling element and used to modify selected outlier
sensitivity values. Any appropriate criteria, such as suitable statistical
relationships, may be  used for scaling. The outlier classification engine
112 is suitably configured to identify and/or classify  the outliers in the
components 106, output test data, and/or analysis results according to
any  11 Express Mail Label No. ER 503482291 US  Docket No. TAL 1116
suitable algorithms. In addition, the outlier classification engine 112 may
be configured to  utilize multiple candidate outlier identification algorithms
and identify one or more algorithms  suited for identifying outliers in the
output test data. Different tests generate different  



population distributions, such that an outlier identification algorithm that is
appropriate for  one test may be inappropriate for another. The outlier
classification engine 112 is suitably  configured to differentiate between
different data populations and automatically select one or  more outlier
identification algorithms based on the data population type of the current
data.  The automatic selection may select from any appropriate set of
candidate outlier identification  algorithms, and may perform the selection
according to any suitable criteria and analysis. For example, referring to
Figure 3, the outlier classification engine 112 may be  configured to
automatically perform an outlier identification algorithm selection process.
The  outlier classification engine 112 suitably comprises a pre-processing
engine 310 and a  classification engine 312. The pre-processing engine
310 suitably generates data to facilitate  selection of the relevant outlier
identification algorithms. The classification engine 312  suitably selects
one or more relevant outlier identification algorithms and identifies the
outliers accordingly. The output test data, for example data taken from a
particular test, are initially  provided to the outlier classification engine 112
to analyze the output test data for  compatibility with various candidate
outlier identification algorithms. The data may be  analyzed in any suitable
manner to identify appropriate algorithms for identifying the outliers  in the
output test data. For example, in the present embodiment, the
pre-processing engine  310 receives the output test data and prepares the
available outlier identification algorithms,  such as by retrieving them from
an outlier identification algorithm library stored in memory.  12 Express
Mail Label No. ER 503482291 US  Docket No. TAL 1116 The
pre-processing engine 310 analyzes the output test data for outliers using
several of the  available algorithms. In the present embodiment, the
pre-processing engine 310 analyzes the  output test data using each of
the algorithms designated by the user, or another suitable  



selection of algorithms, to generate pre-processing data, such as outliers
as identified by all  algorithms and various descriptive statistics, such as
minimum, maximum, mean, median,  standard deviation, CPK, CPM, and
the like. The algorithms may be based on industry standard (e.g., IQR,
median +/- N*sigma,  etc.) and/or proprietary, custom, or user-defined
outlier identification techniques. The outlier  identification algorithm library
is suitably configurable by the user, for example to add,  remove, or edit
outlier identification algorithms, for example according to the particular
products under test or the characteristics of the tests to be performed.
Different algorithms  may be appropriate for different statistical population
types, such as normal, logarithmic  normal, bimodal, clamped, or low CPK
data populations. The candidate outlier identification  algorithms may
comprise any suitable algorithms for various types and distributions of
data,  such as inter-quartile range (IQR) normal distribution, 3 sigma; IQR
normal distribution, 6  sigma; IQR log normal, 3 sigma; IQR log normal, 6
sigma; bimodal algorithms; clamped  algorithms; low capability algorithms;
custom algorithms based on 3-, 6-, or n-sigma; and  proprietary algorithms
having various sensitivities. The pre-processing engine 310 may also
analyze the test data to generate characteristics relating to the output test
data. For example,  the pre-processing engine 310 may calculate various
statistical properties of the output test  data. The pre-processing algorithm
results are suitably dynamically selected for outlier  detection. In the
present embodiment, the outlier classification engine 112 analyzes the
test  13 Express Mail Label No. ER 503482291 US  Docket No. TAL 1116
results to identify the most useful or applicable outlier identification
algorithms. The data  from the selected outlier identification algorithms
may be retained, while the remaining data is  discarded. For example, in
the present embodiment, the classification engine 312 receives the  



results of the pre-processing analysis generated by each of the available
outlier identification  algorithms. The classification engine 312 analyzes
the pre-processing data according to any  suitable criteria, such as
predetermined and/or user-defined recipe-driven rules to determine
whether the pre-processing data satisfy various criteria. The rules may be
any appropriate rules, for example employing statistical ratios or  values,
such as comparing statistics, like minimum, maximum, mean, median,
standard  deviation, CPK, and CPM, to various thresholds or other criteria.
For example, the  classification engine 312 may skip the outlier detection
process under certain circumstances,  such as having too few test results
or a too narrow or a bimodal distribution among the test  results. The rules
may be pre-selected and/or may be adjusted or added by the user to
accommodate specific conditions of the products and test environment.
Further, the  classification engine 31.2 may be configured to apply a
particular algorithm to a certain type of  test, for example when the results
of the test are known to have a particular distribution.  Other rules may
determine whether a particular test is applicable. For example, the
classification engine 312 may compare the CPK to a threshold. If the CPK
is below the  threshold, then the IQR normal outlier identification algorithm
may be used. In the present  system, results from an algorithm satisfying
a rule are used for outlier identification. Other  algorithm results for that
test are suitably ignored. The outlier classification engine 112 may also
identify and classify selected outliers  and components 106 according to
the output test results and the information generated by the  14 Express
Mail Label No, ER 503482291 US  Docket No. TAL 1116 computer 108.
For example, the outlier classification engine 112 is suitably configured to
classify the components 106 into critical/marginal/good part categories, for
example in  conjunction with user-defined criteria; user-defined good/bad
spatial patterns recognition;  



classification of pertinent data for tester data compression; test setup
in-situ sensitivity  qualifications and analysis; tester yield leveling analysis;
dynamic wafer map and/or test strip  mapping for part dispositions and
dynamic retest; or test program optimization analyses. The  outlier
classification engine 112 may classify data in accordance with
conventional SPC  control rules, such as Western Electric rules or Nelson
rules, to characterize the data. The outlier classification engine 112
suitably classifies the data using a selected set of  classification limit
calculation methods. Any appropriate classification methods may be used
to characterize the data according to the needs of the operator. The
present outlier  classification engine 112, for example, classifies outliers
by comparing the output test data to  selected thresholds, such as values
corresponding to one, two, three, and six statistically  scaled standard
deviations from a threshold, such as the data mean, mode, and/or
median. The  identification of outliers in this manner tends to normalize
any identified outliers for any test  regardless of datum amplitude and
relative noise. The outlier classification engine 112 analyzes and
correlates the normalized outliers  and/or the raw data points based on
user-defined rules. The outlier classification engine 112  suitably performs
the classification according to each test, which may be performed
independently of data from other tests or in conjunction with such data
from other tests. Any  suitable criteria may be used for classifying the
components based on test failures and outliers,  such as: FAIL if the part
fails at least on one test.  15  Express Mail Label No. ER 503482291 US
Docket No. TAI. 1116 CRITICAL if at least one test has been identified to
have a LARGE outlier or at least  two MEDIUM outliers on two different
tests for the otherwise passing part. MARGINAL if at least one test has
been identified to have a MEDIUM outlier or at  



least four SMALL outliers on four different tests for the otherwise passing
part. SMALL if at least one test has been identified to have a SMALL
outlier for the  otherwise passing part. PASS without any SMALL,
MEDIUM, or LARGE outlier for the otherwise passing  part. Criteria for
small, medium, and large outliers may be selected according to any
suitable criteria, such as thresholds based on the test limits and/or
characteristics of the data.  The outlier classification engine 112 may also
be configured to identify local or "hidden" outliers in the data, which are
inconsistent data points within a local group of data,  but do not cross the
thresholds defining the "global" outlier boundaries of the main  population.
Referring to Figure 4, a global outlier lies outside the data distribution of
the  main data population. Local outliers, however, do not lie outside the
data distribution of the  main data population, but may deviate significantly
from a smaller local population of data  points, such as a temporally or
spatially local population. For example, referring to Figure 5, the tester
generates data by testing various  components on the wafer sequentially.
The tester moves the prober from component to  component,
accumulating test data for each component. Due to variations in the
manufacturing process and materials and the testing process, the test
data may vary regularly  as the prober traverses the wafer (Figure 6). Data
points 610 lying well outside the variations  are ordinarily classified as
global outliers. Data points 604 within or slightly beyond the  16 Express
Mail Label No. ER 503482291 US  Docket No. TAL 1116 variations
ordinarily escape classification as a global outlier, even if the data points
604  significantly differ from the data points for spatially nearby or
corresponding components. The outlier classification engine 112 may be
configured to identify such local outliers  



604 according to any suitable mechanism or process. The data may be
analyzed as the data is  generated or after the analysis is completed and
the data stored. Further, the data may be pre- processed, such as by
removing global outliers and/or data for components classified as  failures,
or normalizing data across various sections of the wafer, such as the
sections shown  in Figure 25. In addition, the data may be normalized to
address differences in data that may  be generated due to known causes.
For example, if the test data was generated using multi- site testing in
which multiple resources test wafers or components simultaneously,
variations  in the data may be induced due to disparities in the resources.
For multi-site testing, the data  may be analyzed for local outliers for all of
the site, for each site independently, and/or for all  normalized sites. The
test data may comprise any type of test data, such as bin results or
parametric testing data. In the present embodiment, the local outliers 604
are identified at run  time, and the outlier classification engine 112 is
integrated into the test program executed by  the tester 102. In one
embodiment, as parametric data is processed, the outlier classification
engine  112 may calculate local outlier thresholds for a local data set,
such as a selected number of  most recently generated data. The data to
be analyzed may comprise any suitable data, such  as preceding data
points, subsequent data points, both preceding and subsequent data
points,  temporally related data points, or spatially related data points. In
addition, the number of data  points in the local data set may be selected
according to any suitable criteria, such as using a  pre-selected number of
data points or selecting the number of data points according to various  17
Express Mail Label No. ER 503482291 US  Docket No. TAL 1116 criteria,
such as the variability or noisiness of the data. If the data is noisy, the
number of data  points may be automatically adjusted, for example by
increasing the number of data points in  the local data set to reduce the
effects of the noise. The local outlier thresholds may be  



dynamically re-calculated with accumulation of new parametric data, for
example by using a  first-in, first-out (FIFO) calculation. The parametric
data for the components in the area may  then be compared to the
thresholds to identify local outliers. For example, referring to Figures 7A-B,
the outlier classification engine 112 sets the  size of the local data set
(708), such as by retrieving a pre-selected size from memory,  requesting
a selection from the operator, or calculating an appropriate size according
to a  suitable algorithm, such as according to the type of data,
components, or noisiness of the data.  After selecting the size, the outlier
classification engine 112 populates the data set with data  730. The test
data 730 may be stored in a buffer, such as a FIFO register. Empty
locations in  the buffer, such as empty data points corresponding to
nonexistent data, failures, or global  outliers, may be ignored or populated
with initial data (710), such as preselected data,  idealized data, or
average data for the remaining data in the buffer. The data 730 in the
buffer are then used to calculate upper and lower local outlier  thresholds
732A, B (712). The upper and lower local outlier thresholds 732A, B may
be  calculated using any suitable technique, such as calculating standard
deviations from the  average of the preceding component values, ranges
of component values, or other appropriate  method. For example, the
outlier classification engine 112 may calculate a smoothed value  734 or a
statistical value based on multiple points in the local data set, such as a
mean,  median, or mode for the local data set. In the present embodiment,
the upper and lower local  outlier thresholds are calculated according to
the following equations: 18 Express Mail Label No. ER 503482291 U5
Docket No. TAL1116 UpperThreshold = smooth _ data + threshold *
IQRd"o  LowerThreshold = smooth data - threshold * IQR,,a where
UpperThreshold is the upper local outlier thresholds, LowerThreshold is
the lower local  



outlier thresholds, smooth-data is the value based on multiple points in the
local data set (in  the present embodiment the median value), threshold is
a constant, such as a user-selected  constant, and IQRaa,a is the
inter-quartile range of the data in the local data set. The threshold  value
may have an y suitable value, for example between about 1.5 and 3.0.
The test data for the current component is then compared to the upper
and lower local  outlier thresholds (714). If the current data exceeds either
threshold, the component is  designated as a local outlier (716). The
locations of the local outliers are stored for reporting  or other use. The
local outliers may also be further processed, such as for classification
based  on magnitude or other suitable processing. The local data set may
also be processed for any other suitable information. For  example, the
outlier classification engine 112 may analyze the data to identify relative
maxima and minima, such as within the overall data set or smaller
portions of the data set  (718). In various situations, the relative maxima
and minima may not be suitable candidates  for classification as local
outliers. Consequently, the outlier classification engine 112 may be
configured to identify the relative maxima and minima and rule them as
ineligible for  designation as local outliers. The outlier classification engine
112 may identify the relative maxima and minima in  any suitable manner.
For example, in the present embodiment, the outlier classification  engine
112 selects a portion of the data set, such as a set that is smaller or larger
than the local  data set, such as one quarter or one fifth of the local data
set nearest the current data point, or  the entire data set. The data in the
selected portion of the local data set is then analyzed for  19 Express Mail
Label No. ER 503482291 US  Docket No. TAI.1116 maxima and minima,
for example by searching for the highest and lowest values in the  portion
of the data set and/or a slope in the smoothed data changing between
positive and  



negative. The buffer contents are then updated to add the test value for a
new component and  remove the oldest test data (720). The process
repeats until all of the data in the data set, such  as the data for all
components on the wafer, have been processed (722). In an alternative
embodiment, local outliers may be identified using a proximity  analysis.
The proximity analysis identifies local outliers by comparing parametric or
other  data for individual components to local outlier thresholds calculated
using data for spatially  related components. The proximity analysis may
also be weighted, for example according to  the distance between a
central component and a nearby component. Proximity analysis may  be
performed by any appropriate system, such as a dedicated proximity
analysis engine or a  proximity analysis engine associated with another
task, like a proximity analysis engine used  for generating composite
masks based on multiple datasets as described below. For example, the
computer 108 may be configured to identify local outliers by  identifying
outliers within subsets of the overall dataset, such as within data for a
selected  group of components on a particular wafer. In one embodiment,
referring to Figures 26 and  27, the computer 108 may establish a window
2610 of a selected size that may be used to  select multiple components
on a wafer 2612. The window 2610 comprises a perimeter  defining a
spatial area of interest, such as a subset of the components on the wafer
2612. The  size of the window 2610 may be selected or adjusted
according to any suitable criteria, such  as the type of test or component
or the desired sensitivity of the outlier analysis (2710). The  shape of the
window may likewise be selected according to any appropriate criteria,
such as  20 Express Mail Label No. ER 503482291 US  Docket No_
TAL1116 the spatial area of interest (2712). For example, if the area of
interest does not facilitate the  use of a rectangular window, such as near
the curved edges of the wafer 2612, an alternative  



shape may be selected for the window 2610 to accommodate the relevant
area of the wafer  2612. The window 2610 is then applied to various areas
of the wafer 2612 (2714), and local  outliers are identified among the data
for components within the window 2610. For example,  the window 2610
may be initially applied to a start area, such as the upper left section of the
wafer 2612. Because the upper left area of the wafer does not exhibit a
rectangular array of  components, an alternative window shape may be
used to select a set of components. Data for  the components within the
window are then retrieved from memory and analyzed for outliers,  for
example using only the data for components within the window (2716). In
the present  embodiment, the data for the components has already been
processed to remove selected data,  such as global outliers and failures
that have already been identified. Any suitable outlier  detection system or
approach may be used to identify the local outliers. Locations of  identified
local outliers are stored, along with any other relevant information. After
identification of the local outliers, the window may be moved to a next
location.  For example, the window may be moved laterally one column to
the right (2718). The local  outlier identification process is then repeated
for the components within the window at the  new location. This process
repeats as until the window reaches the right side of the wafer  (2720).
The window may then be moved down by one row (2722), and the
process repeats.  This process may be repeated until the window has
been applied to the entire wafer (2724).  Upon completion, information
relating to the identified local outliers may be provided as  output or further
analyzed, for example for further classification (2726). 21 Express Mail
Label No. ER 503482291 US  Docket No. TAL1116 In an alternative or
supplementary embodiment, the computer 108 may perform a  proximity
analysis for each component on the wafer. Referring to Figure 8, for each



component on the wafer, the proximity analysis system may analyze data
associated with  surrounding components. The number of components or
distance from the central component  808 may be selected according to
any suitable criteria. Similarly, the type of pattern may also  be selected
(see Figure 9), either according to a pre-selected type, an operator
designation, or  an automatic selection process, for example according to
the area around the central  component (e.g., edge, empty spaces, or
possible sampling). In the present embodiment, the  system selects a
pattern having at least eight components. The present embodiment
analyzes consecutive surrounding bands 810, 812, 814 of  components.
The number of bands of components may be any appropriate number,
such as  between one to ten bands. Data for components in the first band
810 are analyzed to establish  a high and a low threshold according to any
suitable criteria or technique. High and low  thresholds are similarly
determined for any additional bands. Thresholds derived from bands  812,
814 that are farther from the central component maybe assigned lower
weights, and the  thresholds may then be combined to generate local
outlier thresholds. The datum for the  central component 808 is then
compared to the local outlier thresholds to determine whether  the datum
is a local outlier. More particularly, referring to Figure 10, a process for
identifying local outliers begins  by selecting a component for analysis and
identifying the surrounding components (1010).  The test data for the
surrounding components may then be designated to calculate the local
outlier thresholds. In the present system, the test data for the first band of
components,  comprising eight components, are used to calculate the
local outlier thresholds (1012). Local  22 Express Mail Label No. ER
503482291 US  Docket No. TAI. 1116 outlier thresholds are also
calculated for the remaining bands of components 812, 814 (1014).
Outlier thresholds may be calculated in any suitable manner, such as
according to the average  



test values and standard deviations from the average for each band of
components. In some cases, the surrounding bands 810, 812, 814 may
not include complete data  sets. For example, components near the edge
of the wafer may not have components in  locations that make up the
surrounding bands. Similarly, if the data set has been processed to
remove data for components that have already been classified as failures
or outliers, the  surrounding bands lack data for those components. In one
embodiment, the missing data is  ignored, and the process continues
using the data that is available. In other embodiments, the  data is
replaced with substitute data For example, the missing data may be
replaced with  idealized data representing ideal values for such
components, or with data based on other  components on the wafer, such
as components in surrounding bands around the missing data  or
components in corresponding positions on other wafers in the lot. When
each band of components has been analyzed to generate local outlier
thresholds,  combined local outlier thresholds may be calculated based on
the initial local outlier  thresholds calculated for each band (1016). The
combined local outlier thresholds may be  calculated in any suitable
manner. In the present embodiment, the outlier classification engine  112
assigns weights to each of the initial thresholds according to the distance
of the  corresponding band from the central component 808. Thus, initial
outlier thresholds for the  first band 810 may be accorded greater weight
than the thresholds for the second band 812,  and the thresholds for the
second band may be accorded more weight than those of the third  band
814. 23 Express Mail Label No. ER 503482291 US  Docket No. TAL 1116
Upon calculation of the combined local outlier thresholds, the test datum
for the  central component is compared to the combined thresholds
(1020). If the datum exceeds a  combined threshold, the relevant datum is
designated as a local outlier (1022). The process  



may be repeated for each datum in the data set (1024). In addition, local
outliers may be  classified, such as according to the magnitude of their
difference from the proximate test  results. For example, in the present
embodiment, outliers are classified as small, medium, or  large. The
distinctions between each classification may be selected using any
suitable criteria,  such as a number of standard deviations from the
threshold. In another embodiment, the outlier classification engine 112
may initially assess  whether to perform local outlier detection. The outlier
classification engine 112 may assess  whether to perform local outlier
detection according to any suitable criteria, such as according  to
statistical calculations relating to various portions of the data set. The
outlier classification  engine 112 may be configured to identify signatures,
site-to-site, section-to-section and wafer- to-wafer variations. For example,
referring to Figure 25, the wafer 2612 may be partitioned into selected
areas, such as four corner sections 1-4, a center section 5, and a whole
wafer section 0. The  outlier classification engine 112 may calculate
various values for the various sections to  identify differences, such as
may be due to multi-site probing, and facilitate normalization of  the data.
The various values may comprise any suitable information relating to the
data in the  sections, such as: site-IQR-Error="MaxRawlQR/MinRawIQR"
site-LQ-Error="RawLQ_Range/MaxRawlQR"
site-UQ-Error="RawUQ_Range/MaxRawlQR" 24 Express Mail Label No.
ER 503482291 US  Docket No. TAL1116 The values may be compared to
one or more thresholds and, if one or more thresholds  are exceeded, the
outlier classification engine 112 may proceed with or forego local outlier
detection. For example: 



if the site-IQR-Error is exceeds the threshold, then the local outlier
detection  techniques may not be effective; if statistics of sections 0-5 are
similar, then the local outlier detection process may be  omitted; if
statistics of section 1-4 are similar but differ from the statistics of sections
0 and 5,  then the local outlier detection process may proceed; and if
statistics of sections 1-4 vary, then the local outlier detection process may
proceed.  The local outlier detection processes may be applied to the
various sections, for  example by using a global outlier detection process
on only one section at a time. The computer 108 maybe configured to
perform additional analysis of the output test  data and the information
generated by the computer 108. For example, the computer 108 may
identify tests having high incidences of failure or outliers, such as by
comparing the total or  average number of failures, outliers, or outliers in a
particular classification to one or more  threshold values. The computer
108 may also provide identification of critical, marginal, and good parts  for
global outliers and/or local outliers as defined by sensitivity parameters in
a recipe  configuration file. Part identification may provide
disposition/classification before packaging  and/or shipping the part that
may represent a reliability risk, and/or test time reduction through
dynamic probe mapping of bad and good parts during wafer probe.
Identification of these  parts may be represented and output in any
appropriate manner, for example as good and bad  25 Express Mail Label
No. ER 503482291 US  Docket No. TAL 1116 parts on a dynamically
generated prober control map (for dynamic mapping), a wafer map  used
for offline inking equipment, a test strip map for strip testing at final test, a
results file,  and/or a database results table. 



Supplemental data analysis at the cell controller level tends to increase
quality control  at the probe, and thus final test yields. In addition, quality
issues may be identified at product  run time, not later. Furthermore, the
supplemental data analysis and signature analysis tends  to improve the
quality of data provided to the downstream and offline analysis tools, as
well  as test engineers or other personnel, by identifying global and/or
local outliers. Referring now to Figures 11A-B, an array of semiconductor
devices are positioned on  a wafer. In this wafer, the general resistivity of
resistor components in the semiconductor  devices varies across the
wafer, for example due to uneven deposition of material or treatment  of
the wafer. The resistance of any particular component, however, maybe
within the control  limits of the test. For example, the target resistance of a
particular resistor component may be  10000 +/- 10%. Near the ends of
the wafer, the resistances of most of the resistors approach,  but do not
exceed, the normal distribution range of 9005 and 11000. Components on
the wafer may include defects, for example due to a contaminant or
imperfection in the fabrication process. The defect may increase the
resistance of resistors  located near the low-resistivity edge of the wafer to
10800. The resistance is well over the  10000 expected for a device near
the middle of the wafer, but is still within the normal  distribution range.
Referring to Figures 12A-B, the raw test data for each component may be
plotted. The  test data exhibits considerable variation, due in part to the
varying resistivity among  components on the wafer as the prober indexes
across rows or columns of devices. The  26 Express Mail Label No. ER
503482291 US  Docket No. TAL1116 devices affected by the defect are
not easily identifiable based on visual examination of the  test data or
comparison to the test limits. When the test data is processed according
to various aspects of the present invention,  



the devices affected by the defect may be associated with outliers in the
test data. The test  data is largely confined to a certain range of values.
The data associated with the defects,  however, is unlike the data for the
surrounding components. Accordingly, the data illustrates  the departure
from the values associated with the surrounding devices without the
defect. The  outlier classification engine 112 may identify and classify the
outliers according to the  magnitude of the departure of the outlier data
from the surrounding data. The computer 108 collects data from the test
system 100, suitably at run time, and  provides an output report to a
printer, database, operator interface, or other desired  destination. Any
form, such as graphical, numerical, textual, printed, or electronic form,
may  be used to present the output report for use or subsequent analysis.
The computer 108 may  provide any selected content, including selected
output test data from the tester 102 and  results of the supplementary data
analysis. In the present embodiment, the computer 108 suitably provides
a selection of data  from the output test data specified by the operator as
well as supplemental data at product run  time. The computer 108 may
also be configured to include information relating to the  outliers, or other
information generated or identified by the supplementary data analysis
element. If so configured, the identifiers, such as x-y coordinates, for each
of the outliers are  assembled as well. The coordinates for the
operator-selected components and the outliers are  merged into an output
report, which in the current embodiment is in the format of the native
tester data output format. Merging resulting data into the output report
facilitates compression  27 Express Mail Label No. ER 503482291 US
Docket No. TAL1116 of the original data into summary statistics and
critical raw data values into a smaller native  tester data file, reducing data
storage requirements without compromising data integrity for  subsequent
customer analysis. 



The retrieved information is then suitably stored. The report may be
prepared in any  appropriate format or manner. In the present
embodiment, the output report suitably includes  a dynamic datalog having
a wafer map indicating the selected components on the wafer and  their
classification. Further, the computer 108 may superimpose wafer map
data  corresponding to outliers on the wafer map of the preselected
components. Additionally, the  output element may include only the
outliers from the wafer map or batch as the sampled  output. The output
report may also include a series of graphical representations of the data to
highlight the occurrence of outliers and correlations in the data. The output
report may be provided in any suitable manner, for example output to a
local workstation, sent to a server, activation of an alarm, or any other
appropriate manner. In  one embodiment, the output report may be
provided off-line such that the output does not  affect the operation of the
system or transfer to the main server. In this configuration, the  computer
108 copies data files, performs the analysis, and generates results, for
example for  demonstration or verification purposes. In addition to the
supplementary analysis of the data on each wafer, a testing system  100
according to various aspects of the present invention may also perform
composite  analysis of the data and generate additional data to identify
patterns and trends over multiple  datasets, such as using multiple wafers
and/or lots. Composite analysis is suitably performed  to identify selected
characteristics, such as patterns or irregularities, among multiple datasets.
28 Express Mail Label No, ER 503482291 US  Docket No. TAL11I6 For
example, multiple datasets may be analyzed for common characteristics
that may  represent patterns, trends, or irregularities over two or more
datasets. The composite analysis may comprise any appropriate analysis
for analyzing test data  for common characteristics among the datasets,
and may be implemented in any suitable  



manner. For example, in the present testing system 100, the computer
108 performs  composite analysis of data derived from multiple wafers
and/or lots. The test data for each  wafer, lot, or other grouping forms a
dataset. The composite analysis process is suitably  implemented as a
software module operating on the computer 108. The composite analysis
process may be implemented, however, in any appropriate configuration,
such as in a  hardware solution or a combined hardware and software
solution. Further, the composite  analysis process may be executed on the
test system computer 108 or a remote computer, such  as an independent
workstation or a third party's separate computer system. The composite
analysis may be performed at run time, following the generation of one or
more complete  datasets, or upon a collection of data generated well
before the composite analysis, including  historical data. The composite
analysis may use any data from two or more datasets. Composite
analysis can receive several sets of input data, including raw data and
filtered or smoothed  data, for each dataset, such as by executing multiple
configurations through the classification  engine. Once received, the input
data is suitably filtered using a series of user-defined rules,  which can be
defined as mathematical expressions, formulas, or any other criteria. The
data is  then analyzed to identify patterns or irregularities in the data. The
composite data may also be  merged into other data, such as the raw data
or analyzed data, to generate an enhanced overall  dataset. The
composite analysis may then provide an appropriate output report that
may be  29 Express Mail Label No. ER 503482291 US  Docket No, TAL
1116 used to improve the test process. For example, the output report
may provide information  relating to issues in a manufacturing and/or
testing process. In the present system, the computer 108 analyzes sets of
wafer data in conjunction  with user expressions or other suitable
processes and a spatial analysis to build and establish  



composite maps that illustrate significant patterns or trends. Composite
analysis can receive  several different datasets and/or composite maps for
any one set of wafers by executing  multiple user configurations on the set
of wafers. Referring to Figure 13, in the present embodiment operating in
the semiconductor  testing environment, the computer 108 receives data
from multiple datasets, such as the data  from multiple wafers or lots
(1310). The data may comprise any suitable data for analysis,  such as
raw data, filtered data to remove global and/or local outliers, smoothed
data, historical  data from prior test runs, or data received from the tester
at run time. In the present  embodiment, the computer 108 receives raw
data and filtered data at run time. The filtered  data may comprise any
suitable data for analysis, such as smoothed data and/or signature
analysis data. In the present embodiment, the computer 108 receives the
raw dataset and  supplementary data, such as the smoothed data,
identification of failures, identification of  global and local outliers,
signature analysis data, and/or other data. After receiving the raw data
and the supplementary data, the computer 108 generates  composite data
for analysis (1312). The composite data comprises data representative of
information from more than one dataset. For example, the composite data
may comprise  summary information relating to the number of failures
and/or outliers for a particular test  occurring for corresponding test data in
different datasets, such as data for components at  identical or similar
positions on different wafers or in different lots. The composite data may,
30 Express Mail Label No. ER 503482291 US  Docket No. TAI. 1116
however, comprise any appropriate data, such as data relating to areas
having concentrations  of outliers or failures, wafer locations generating a
significant number of outliers or failures.  or other data derived from two or
more datasets. The composite data is suitably generated by comparing
data from the various datasets  



to identify patterns and irregularities among the datasets. For example,
the composite data  may be generated by an analysis engine configured
to provide and analyze the composite data  according to any suitable
algorithm or process. In the present embodiment, the composite  analysis
element 214 includes a proximity engine configured to generate one or
more  composite masks based on the datasets. The composite analysis
element 214 may also  process the composite mask data, for example to
refine or emphasize information in the  composite mask data. In the
present embodiment, the proximity engine receives multiple datasets,
either  through a file, memory structure, database, or other data store,
performs a spatial analysis on  those datasets (1320), and outputs the
results in the form of a composite mask. The proximity  engine may
generate the composite mask data, such as a composite image for an
overall  dataset, according to any appropriate process or technique using
any appropriate methods. In  particular, the proximity engine suitably
merges the composite data with original data (1322)  and generates an
output report for use by the user or another system (1324). The proximity
engine may also be configured to refine or enhance the composite mask
data for analysis, such  as by spatial analysis, analyzing the data for
recurring characteristics in the datasets, or  removing data that does not
meet selected criteria. In the present embodiment, the proximity engine
performs composite mask generation  1312, and may also be configured
to determine exclusion areas 1314, perform proximity  31 Express Mail
Label No. ER 503482291 US  Docket No. TAI. 1116 weighting 1316, and
detect and filter clusters 1318. The proximity engine may also provide
proximity adjustment or other operations using user-defined rules, criteria,
thresholds, and  precedence. The result of the analysis is a composite
mask of the inputted datasets that  illustrates spatial trends and/or
patterns found throughout the datasets given. The proximity  



engine can utilize any appropriate output method or medium, including
memory structures,  databases, other applications, and file-based data
stores such as text files or XML files in  which to output the composite
mask. The proximity engine may use any appropriate technique to
generate the composite  mask data, including cumulative squared
methods, N-points formulas, Western Electrical  rules, or other user
defined criteria or rules. In the present embodiment, composite mask data
may be considered as an overall encompassing or "stacked" view of
multiple datasets. The  present proximity engine collects and analyzes
data for corresponding data from multiple  datasets to identify potential
relationships or common characteristics in the data for the  particular set
of corresponding data. The data analyzed may be any appropriate data,
including the raw data, smoothed data, signature analysis data, and/or
any other suitable data. In the present embodiment, the proximity engine
analyzes data for corresponding  locations on multiple wafers. Referring to
Figure 14, each wafer has devices in corresponding  locations that may be
designated using an appropriate identification system, such as an x, y
coordinate system. Thus, the proximity engine compares data for devices
at corresponding  locations or data points, such as location 10, 12 as
shown in Figure 14, to identify patterns in  the composite set of data. The
proximity engine of the present embodiment uses at least one of two
different  techniques for generating the composite mask data, a
cumulative squared method and a  32 Express Mail Label No. ER
503482291 US  Docket No, TAL 1116 formula-based method. The
proximity engine suitably identifies data of interest by comparing  the data
to selected or calculated thresholds. In one embodiment, the proximity
engine  compares the data points at corresponding locations on the
various wafers and/or lots to  thresholds to determine whether the data
indicate potential patterns across the datasets. The  



proximity engine compares each datum to one or more thresholds, each
of which may be  selected in any appropriate manner, such as a
predefined value, a value calculated based on  the current data, or a value
calculated from historical data. For example, a first embodiment of the
present proximity engine implements a  cumulative squared method to
compare the data to thresholds. In particular, referring to  Figures 15A-C,
the proximity engine suitably selects a first data point (1512) in a first
dataset  (1510), such as a result for a particular test for a particular device
on a particular wafer in a  particular lot, and compares the data point value
to a count threshold (1514). The threshold  may comprise any suitable
value, and any type of threshold, such as a range, a lower limit, an  upper
limit, and the like, and may be selected according to any appropriate
criteria. If the data  point value exceeds the threshold, i.e., is lower than
the threshold, higher than the threshold,  within the threshold limits, or
whatever the particular qualifying relationship may be, an  absolute
counter is incremented (1516) to generate a summary value
corresponding to the data  point. The data point value is also compared to
a cumulative value threshold (1518). If the  data point value exceeds the
cumulative value threshold, the data point value is added to a  cumulative
value for the data point (1520) to generate another summary value for the
data  point. The proximity engine repeats the process for every
corresponding data point (1522) in  every relevant dataset (1524), such as
every wafer in the lot or other selected group of wafers.  33 Express Mail
Label No. ER 503482291 US  Docket No. TAI- 1116 Any other desired
tests or comparisons may be performed as well for the data points and
datasets. When all of the relevant data points in the population have been
processed, the  proximity engine may calculate values based on the
selected data, such as data exceeding  



particular thresholds. For example, the proximity engine may calculate
overall cumulative  thresholds for each set of corresponding data based
on the cumulative value for the relevant  data point (1526). The overall
cumulative threshold may be calculated in any appropriate  manner to
identify desired or relevant characteristics, such as to identify sets of
corresponding  data points that bear a relationship to a threshold. For
example, the overall cumulative  threshold (Limit) may be defined
according to the following equation: Limit = Average + (ScaleFactor *
Standard Deviation 2)  (Max - Min) where Average is the mean value of
the data in the composite population of data, Scale  Factor is a value or
variable selected to adjust the sensitivity of the cumulative squared
method, Standard Deviation is the standard deviation of data point values
in the composite  population of data, and (Max - Min) is the difference
between the highest and lowest data  point values in the complete
population of data. Generally, the overall cumulative threshold is  defined
to establish a comparison value for identifying data points of interest in the
particular  data set. Upon calculation of the overall cumulative threshold,
the proximity engine determines  whether to designate each data point for
inclusion in the composite data, for example by  34 Express Mail Label
No, ER 503482291 US  Docket No. TALI 116 comparing the count and
cumulative values to thresholds. The proximity engine of the  present
embodiment suitably selects a first data point (1528), squares the total
cumulative  value for the data point (1530), and compares the squared
cumulative value for the data point  to the dynamically generated overall
cumulative threshold (1532). If the squared cumulative  value exceeds the
overall cumulative threshold, then the data point is designated for
inclusion  in the composite data (1534). 



The absolute counter value for the data point may also be compared to an
overall count  threshold (1536), such as a pre-selected threshold or a
calculated threshold based on, for  example, a percentage of the number
of wafers or other datasets in the population. If the  absolute counter value
exceeds the overall count threshold, then the data point may again be
designated for inclusion in the composite data (1538). The process is
suitably performed for  each data point (1540). The proximity engine may
also generate the composite mask data using other  additional or
alternative techniques. The present proximity engine may also utilize a
formula- based system for generating the composite mask data. A
formula-based system according to  various aspects of the present
invention uses variables and formulas, or expressions, to define  a
composite wafer mask. For example, in an exemplary formula-based
system, one or more variables may be  user-defined according to any
suitable criteria. The variables are suitably defined for each  data point in
the relevant group. For example, the proximity engine may analyze each
value  in the data population for the particular data point, for example to
calculate a value for the  data point or count the number of times a
calculation provides a particular result. The  variables may be calculated
for each data point in the dataset for each defined variable. 35 Express
Mail Label No. ER 503482291 US  Docket No. TAL 1116 After calculating
the variables, the data points may be analyzed, such as to determine
whether the data point meets the user-defined criteria. For example, a
user-defined formula  may be resolved using the calculated variable
values, and if the formula equates to a particular  value or range of values,
the data point may be designated for inclusion in the composite mask
data. Thus, the proximity engine may generate a set of composite mask
data according to  



any suitable process or technique. The resulting composite mask data
comprises a set of data  that corresponds to the results of the data
population for each data point. Consequently,  characteristics for the data
point may be identified over multiple datasets. For example, in the
present embodiment, the composite mask data may illustrate particular
device locations that  share characteristics on multiple wafers, such as
widely variable test results or high failure  rates. Such information may
indicate issues or characteristics in the manufacturing or design  process,
and thus may be used to improve and control manufacturing and testing.
The composite mask data may also be analyzed to generate additional
information.  For example, the composite mask data may be analyzed to
illustrate spatial trends and/or  patterns in the datasets and/or identify or
filter significant patterns, such as filtering to reduce  clutter from relatively
isolated data points, enhancing or refining areas having particular
characteristics, or filtering data having known characteristics. The
composite mask data of the  present embodiment, for example, may be
subjected to spatial analyses to smooth the  composite mask data and
complete patterns in the composite mask data. Selected exclusion  zones
may receive particular treatment, such that composite mask data may be
removed,  ignored, enhanced, accorded lower significance, or otherwise
distinguished from other  36 Express Mail Label No. ER 503482291 US
Docket No. TAI.1116 composite mask data. A cluster detection process
may also remove or downgrade the  importance of data point clusters that
are relatively insignificant or unreliable. In the present embodiment, the
proximity engine may be configured to identify  particular designated
zones in the composite mask data such that data points from the
designated zones are accorded particular designated treatment or ignored
in various analyses.  For example, referring to Figure 16, the proximity
engine may establish an exclusion zone at a  selected location on the
wafers, such as individual devices, groups of devices, or a band of  



devices around the perimeter of the wafer. The exclusion zone may
provide a mechanism to  exclude certain data points from affecting other
data points in proximity analysis and/or  weighting. The data points are
designated as excluded in any suitable manner, such as by  assigning
values that are out of the range of subsequent processes. The relevant
zone may be identified in any suitable manner. For example, excluded
data points may be designated using a file listing of device identifications
or coordinates, such  as x,y coordinates, selecting a particular width of
band around the perimeter, or other suitable  process for defining a
relevant zone in the composite data. In the present embodiment, the
proximity engine may define a band of excluded devices on a wafer using
a simple calculation  that causes the proximity engine to ignore or
otherwise specially treat data points within a user  defined range of the
edge of the data set. For example, all devices within this range, or listed
in the file, are then subject to selected exclusion criteria. If the exclusion
criteria are met, the  data points in the exclusion zone or the devices
meeting the exclusion criteria are excluded  from one or more analyses.
The proximity engine of the present embodiment is suitably configured to
perform  additional analyses upon the composite mask data. The
additional analyses may be  37 Express Mail Label No. ER 503482291 US
Docket No. TAS.1116 configured for any appropriate purpose, such as to
enhance desired data, remove unwanted  data, or identify selected
characteristics in the composite mask data. For example, the  proximity
engine is suitably configured to perform a proximity weighting process,
such as  based on a point weighting system, to smooth and complete
patterns in the composite mask  data. Referring to Figures 17A-B and 18,
the present proximity engine searches through all  data points in the
dataset. The proximity engine selects a first point (1710) and checks the  



value of the data point against a criterion, such as a threshold or a range
of values (1712).  When a data point is found that exceeds the selected
threshold or is within the selected range,  the proximity engine searches
data points surrounding the main data point for values (1714).  The
number of data points around the main data point may be any selected
number, and may  be selected according to any suitable criteria. The
proximity engine searches the surrounding data points for data points
exceeding  an influence value or satisfying another suitable criterion
indicating that the data point should  be accorded weight (1716). If the
data point exceeds the influence value, the proximity  engine suitably
assigns a weight to the main data point according to the values of the
surrounding data points. In addition, the proximity engine may adjust the
weight according to  the relative position of the surrounding datapoint. For
example, the amount of weight  accorded to a surrounding data point can
be determined according to whether the surrounding  data point is
adjacent (1718) or diagonal (1720) to the main data point. The total weight
may  also be adjusted if the data point is on the edge of the wafer (1722).
When all surrounding  data points around the main data point have been
checked (1724), the main data point is  assigned an overall weight, for
example by adding the weight factors from the surrounding  38 Express
Mail Label No. ER 503482291 US  Docket No. TAI.1116 data points. The
weight for the main data point may then be compared to a threshold, such
as  a user defined threshold (1726). If the weight meets or exceeds the
threshold, the data point is  so designated (1728). The composite mask
data may also be further analyzed to filter data. For example, in  the
present embodiment, the proximity engine may be configured to identify,
and suitably  remove, groups of data points that are smaller than
a_threshold, such as a user-specified  threshold. 



Referring to Figures 19 and 20, the proximity engine of the present
embodiment may  be configured to define the groups, size them, and
remove smaller groups. To define the  groups, the proximity engine
searches through every data point in the composite mask data for  a data
point satisfying a criterion. For example, the data points in the composite
mask data  may be separated into ranges of values and assigned index
numbers. The proximity engine  begins by searching the composite mask
data for a data point matching a certain index (1910).  Upon encountering
a data point meeting designated index (1912), the proximity engine
designates the found point as the main data point and initiates a recursive
program that  searches in all directions from the main data point for other
data points that are in the same  index, or alternatively, have substantially
the same value, also exceed the threshold, or meet  other desired criteria
(1914). As an example of a recursive function in the present embodiment,
the proximity  engine may begin searching for data points having a certain
value, for instance five. If a. data  point with a value of five is found, the
recursive program searches all data points around the  main device until it
finds another data point with the value of five. If another qualifying data
point is found, the recursive program selects the encountered data point
as the main data point  39 Express Mail Label No. ER 503482291 US
Docket No. TAL1116 and repeats the process. Thus, the recursive
process analyzes and marks all data points having  matching values that
are adjacent or diagonal to each other and thus form a group. When the
recursive program has found all devices in a group having a certain value,
the group is  assigned a unique group index and the proximity engine
again searches through the entire  composite mask data. When all of the
data values have been searched, the composite mask  data is fully
separated into groups of contiguous data points having the same group
index. The proximity engine may determine the size of each group. For
example, the  



proximity engine may count the number of data points in the group (1916).
The proximity  engine may then compare the number of data points in
each group to a threshold and remove  groups that do not meet the
threshold (1918). The groups may be removed from the grouping  analysis
in any suitable manner (1920), such as by resetting the index value for the
relevant  group to a default value. For example, if the threshold number of
data points is five, the  proximity engine changes the group index number
for every group having fewer than five data  points to a default value.
Consequently, the only groups that remain classified with different  group
indices are those having five or more data points. The proximity engine
may perform any appropriate additional operations to generate  and refine
the composite mask data. For example, the composite mask data,
including the  results of the additional filtering, processing, and analyzing
of the original composite mask  data, may be used to provide information
relating to the multiple datasets and the original  source of the data, such
as the devices on the wafers or the fabrication process. The data may  be
provided to the user or otherwise used in any suitable manner. For
example, the data may  be provided to another system for further analysis
or combination with other data, such as  executing user-defined rules
combined with a merging operation on the composite mask data,  40
Express Mail Label No. ER 503482291 US  Docket No. TAI. 1I16 the raw
data, and any other appropriate data to produce a data set that represents
trends and  patterns in the raw data. Further, the data may be provided to
a user via an appropriate output  system, such as a printer or visual
interface. In the present embodiment, for example, the composite mask
data is combined with  other data and provided to the user for review. The
composite mask data may be combined  with any other appropriate data
in any suitable manner. For example, the composite mask  data may be
merged with signature data, the raw data, hardware bin data, software bin
data,  



and/or other composite data. The merging of the datasets may be
performed in any suitable  manner, such as using various user-defined
rules including expressions, thresholds, and  precedence. In the present
system, the computer 108 performs the merging process using an
appropriate process to merge the composite mask data with an original
map of composite data,  such as a map of composite raw data, composite
signature data, or composite bin data. For  example, referring to Figure
21, the composite analysis element 214 may merge the composite  mask
data with the original individual wafer data using an absolute merge
system in which the  composite mask data is fully merged with the original
data map. Consequently, the composite  mask data is merged with the
original data map regardless of overlap or encompassment of  existing
patterns. If only one composite mask illustrates a pattern out of multiple
composite  masks, the pattern is included in the overall composite mask.
Alternatively, the composite analysis element 214 may merge the data in
conjunction  with additional analysis. The composite analysis element 214
may filter data that may be  irrelevant or insignificant. For example,
referring to Figure 22, the composite analysis  element 214 may merge
only data in the composite mask data that overlaps data in the  41
Express Mail Label No. ER 503482291 US  Docket No. TAL1116 original
data map or in another composite mask, which tends to emphasize
potentially related  information. The composite analysis element 214 may
alternatively evaluate the composite mask  data and the original data to
determine whether a particular threshold number, percentage, or  other
value of data points overlap between maps. Depending on the
configuration, the data  merged may only include areas where data points,
in this case corresponding to devices,  overlapped sufficiently between the
composite mask data and the original data to meet the  



required threshold value for overlapping data points. Referring to Figure
23, the composite  analysis element 214 may be configured to include
only composite data patterns that overlap  to a sufficient degree with
tester bin failures, i.e., failed devices, in the original data, such as  50% of
the composite data overlapping with tester bin failure data. Thus, if less
than the  minimum amount of composite data overlaps with the original
data, the composite data  pattern may be ignored. Similarly, referring to
Figure 24, the composite analysis element 214  may compare two
different sets of composite data, such as data from two different recipes,
and determine whether the overlap between the two recipes satisfies
selected criteria. Only  the data that overlaps and/or satisfies the minimum
criteria is merged. The merged data may be provided for output to the
user or other system. The merged  data may be passed as input to
another process, such as a production error identification  process or a
large trend identification process. The merged data may also be outputted
in any  assortment or format, such as memory structures, database tables,
flat text files, or XML files. In the present embodiment, the merged data
and/or wafer maps are provided to an ink  map generation engine. The ink
map engine produces maps for offline inking equipment. In  addition to
offline inking maps, the merged data results may be utilized in generating
binning  42 Express Mail Label No. ER 503482291 US  Docket No. TAL
1116 results for inkless assembly of parts, or any other process or
application that utilizes these  types of results. The particular
implementations shown and described are merely illustrative of the
invention and its best mode and are not intended to otherwise limit the
scope of the present  invention in any way. For the sake of brevity,
conventional signal processing, data  transmission, and other functional
aspects of the systems (and components of the individual  operating
components of the systems) may not be described in detail. Furthermore,
the  



connecting lines shown in the various figures are intended to represent
exemplary functional  relationships and/or physical couplings between the
various elements. Many alternative or  additional functional relationships
or physical connections may be present in a practical  system. The
present invention has been described above with reference to a preferred
embodiment. Changes and modifications may be made, however, without
departing from the  scope of the present invention. These and other
changes or modifications are intended to be  included within the scope of
the present invention, as expressed in the following claims. 43 Express
Mail Label No. ER 503482291 US  Docket No. TAI. 1116 MCSLLP
CLAIMS 1. A test system, comprising: a tester configured to test a set of
components on an individual substrate and  5 generate test data for the
set of components; and a local outlier identification system responsive to
the tester and configured to:  select a data subset corresponding to a
spatially-related subgroup of  components on the individual substrate from
the test data; and automatically identify local outliers in the data subset.
10 2. A test system, comprising: a tester configured to test components on
a selected wafer and generate  corresponding test data; a local outlier
identification system responsive to the tester and configured to:  15 select
test data for a spatially-related subgroup of components on the  selected
wafer; and 



identify local outliers in the selected test data. 3. A test data analysis
system for analyzing test data for a set of components  20 fabricated and
tested using a fabrication process, comprising: a memory for storing the
test data; and a local outlier identification system having access to the
memory and configured  to: select a portion of the test data corresponding
to a group of spatially- 25 related components on a single substrate
comprising fewer than all of the  components on the substrate; and
identify local outliers in the selected portion. 4. A computer-implemented
method for testing components on a selected substrate  30 fabricated and
tested according to a fabrication process, comprising: obtaining test data
for the components;  44 MCSLLP  selecting a subset of the test data
corresponding to a spatially-related subgroup of components on the
selected substrate, wherein the subgroup comprises fewer than all  of the
components on the substrate; automatically identifying local outliers in the
selected subset of test data; and  5 storing information identifying the
outliers in a computer readable medium.  5. A computer-readable medium
storing instructions executable by a computer, wherein the instructions
cause the computer to execute a method for analyzing  test data
comprising: 10 obtaining test data for the components on a selected
substrate; selecting a portion of the test data corresponding to
geographically-related  components on the selected substrate, wherein
the selected portion corresponds to fewer  



than all of the components on the selected substrate; and identifying a
local outlier in the selected portion of the test data.  15 6. The test system
of claim 1, wherein the local outlier identification system is  configured to
normalize the test data. 7. The test system of claim 1, wherein the local
outlier identification system is  20 configured to identify the local outliers
according to a local median and a local  interquartile range of the data
subset. 8. The test system of claim 1, wherein the local outlier
identification system is  configured to select the data subset according to a
spatial pattern. 25 9. The test system of claim 8, wherein the local outlier
identification. system is  configured to automatically adjust at least one of
a size and a shape of the spatial  pattern. 30 10. The test system of claim
8, wherein: the spatial pattern defines a central component; and  45
MCSLLP  the local outlier identification system is configured to identify the
local outliers in the data subset by comparing the test data for the central
component to a  threshold value derived from a median value for the test
data for the non-central  components in the data subset. 5 11. The test
system of claim 1, wherein the local outlier identification system is
configured to automatically select an outlier identification algorithm for
identifying the  local outliers from a plurality of candidate outlier
identification algorithms. 



10 12. The test system of claim 1, wherein the local outlier identification
system is  configured to assign a category to a selected component
according to at least one of a  magnitude and a number of at least one of
one or more global outliers and one or more  local outliers identified in the
test data for the component. 15 13. The test system of claim 2, wherein
the local outlier identification system is  configured to normalize the test
data. 14. The test system of claim 2, wherein the local outlier identification
system is  configured to identify the local outliers according to a local
median and a local 20 interquartile range of the selected data. 15. The
test system of claim 2, wherein the local outlier identification system is
configured to select the selected data according to a spatial pattern. 25
16. The test system of claim 15, wherein the local outlier identification
system is  configured to automatically adjust at least one of a size and a
shape of the spatial  pattern. 17. The test system of claim 15, wherein: 30
the spatial pattern defines a central component; and the local outlier
identification system is configured to identify the local outliers  in the
selected data by comparing the test data for the central component to a
46 MCSLLP  threshold value derived from a median value for the test data
for the non-central components in the selected data. 18. The test system
of claim 2, wherein the local outlier identification system is 5 configured to
automatically select an outlier identification algorithm for identifying the
local outliers from a plurality of candidate outlier identification algorithms.
19. The test system of claim 2, wherein the local outlier identification
system is  



configured to assign a category to a selected component according to at
least one of a  10 magnitude and a number of at least one of one or more
global outliers and one or more  local outliers identified in the test data for
the component. 20. The test data analysis system of claim 3, wherein the
local outlier identification  system is configured to normalize the test data.
15 21. The test data analysis system of claim 3, wherein the local outlier
identification  system is configured to identify the local outliers according
to a local median and a  local interquartile range of the portion of the test
data. 20 22. The test data analysis system of claim 3, wherein the local
outlier identification  system is configured to select the portion of the test
data according to a spatial pattern.  23. The test data analysis system of
claim 22, wherein the local outlier identification  system is configured to
automatically adjust at least one of a size and a shape of the 25 spatial
pattern. 24. The test data analysis system of claim 22, wherein:  the
spatial pattern defines a central component; and the local outlier
identification system is configured to identify the local outliers  30 in the
portion of the test data by comparing the test data for the central
component to a threshold value derived from a median value for the test
data for  the non-central components in the portion of the test data. 47
MCSLLP  25. The test data analysis system of claim 3, wherein the local
outlier identification system is configured to automatically select an outlier
identification algorithm for  identifying the local outliers from a plurality of
candidate outlier identification  algorithms. 



5 26. The test data analysis system of claim 3, wherein the local outlier
identification  system is configured to assign a category to a selected
component according to at least  one of a magnitude and a number of at
least one of one or more global outliers and one  or more local outliers
identified in the test data for the component. 10 27. The
computer-implemented method of claim 4, further comprising normalizing
the test data. 28. The computer-implemented method of claim 4, wherein
identifying the local 15 outliers comprises determining a local outlier
threshold according to a local median and  a local interquartile range of
the data subset. 29. The computer-implemented method of claim 4,
wherein selecting the subset  comprises selecting the data subset
according to a spatial pattern. 20 30. The computer-implemented method
of claim 29, wherein selecting the subset  further comprises automatically
adjusting at least one of a size and a shape of the spatial  pattern. 25 31.
The computer-implemented method of claim 29, wherein:  the spatial
pattern defines a central component; and identifying the local outliers in
the data subset comprises comparing the test data  for the central
component to a threshold value derived from a median value for  the test
data for the non-central components in the data subset. 30 48 MCSLLP
32. The computer-implemented method of claim 4. further comprising
automatically 



selecting an outlier identification algorithm for identifying the local outliers
from a  plurality of candidate outlier identification algorithms. 5 33. The
computer-implemented method of claim 4, further comprising assigning a
category to a selected component according to at least one of a
magnitude and a number  of at least one of one or more global outliers
and one or more local outliers identified in  the test data for the
component. 10 34. The computer-readable medium storing instructions of
claim 5, the method  further comprising the step of normalizing the test
data. 35. The computer-readable medium storing instructions of claim 5,
wherein  identifying the local outlier comprises determining a local outlier
threshold according to  15 a local median and a local interquartile range of
the portion of the test data. 36. The computer-readable medium storing
instructions of claim 5, wherein  selecting the portion of the test data
comprises selecting the portion of the test data  according to a spatial
pattern. 20 37. The computer-readable medium storing instructions of
claim 36, wherein  selecting the portion of the test data further comprises
automatically adjusting at least  one of a size and a shape of the spatial
pattern. 25 38. The computer-readable medium storing instructions of
claim 36, wherein:  the spatial pattern defines a central component; and
identifying the local outlier in the portion of the test data comprises
comparing  the test data for the central component to a threshold value
derived from a  median value for the test data for the non-central
components in the portion of  30 the test data. 49 MCSLLP  



39, The computer-readable medium storing instructions of claim 5, the
method further comprising automatically selecting an outlier identification
algorithm for  identifying the local outlier from a plurality of candidate
outlier identification  algorithms. 5 40. The computer-readable medium
storing instructions of claim 5, the method  further comprising assigning a
category to a selected component according to at least  one of a
magnitude and a number of at least one of one or more global outliers and
one  or more local outliers identified in the test data for the component. 50 


