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ABSTRACT

Images of semiconductor defects are maintained in semiconductor yield-management systems to help diagnose problems
that arise during the manufacturing process. A common problem in future systems is the number of images to maintain,
which is increasing at an alarming rate due to the growing use of in-line and off-lineimaging systems. A manufacturing-
specific content-based image retrieval system, or Automated Image Retrieval (AIR) system, was developed by ORNL in
coordination with International SEMATECH during 1998-1999. The system uses commercial databases to store image
information and uses a customized indexing technology to rapidly retrieve similar images based on visual content. In
addition to acting as a yield management tool based on storing and retrieving images, the system can be utilized as atool
for data management by helping determine when images are redundant in relation to previously stored data. Ideally this
information can be used to time-stamp the data for future purging based on a variety of ratings such as "long-term",
"mid-term", and "short-term". In some situations the feedback from the AIR system can even be used to omit the image
entirely based on pre-existing close matches. In this paper we explore techniques for using the AIR system to assist in
image data management. Experimental results are shown with simulated image data representing various degrees of
image clustering or redundancy, and manufacturing image data accumulated during earlier field-testing of the AIR
system at industry sites. Early results indicate substantial reductionsin the size of industry databases may be achievable
while continuing to maintain an adeguate representation and history of the manufacturing process. To reduce the
number of stored images, AIR technology can be used in place of, or as a guide for, the typical “store for N months and
purge” approach to image management. This approach will enhance the use of the image database, since the real

bottleneck in such a procedure is the need to sort such massive amounts of stored data as opposed to actual disk space.
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1. INTRODUCTION

Images of semiconductor defects are maintained in semiconductor yield-management systems to help diagnose problems
that arise during the manufacturing process. A common problem in future systems is the number of images to maintain,
which is increasing at an alarming rate due to the growing use of in-line and off-line imaging systems. Indeed, image
management in semiconductor yield management systems is a growing cause of concern since many facilities collect
3,000 to 5,000 images each week, with future estimates of 12,000 to 20,000 per week commonly given. The vast
majority of this data comes from instruments such as inspection tools (both in-line and off-lin€) including optical
mi croscopes, | aser-scattering systems, and SEMs[1].

A manufacturing-specific content-based image retrieval system, or Automated Image Retrieval (AIR) system, was
developed by Oak Ridge National Laboratory (ORNL) in coordination with International SEMATECH during 1998-
1999 [2]. The system uses commercial databases to store image information and uses a custom indexing technology to
rapidly retrieve similar images based on visual content. The system has been utilized in field-testing at various
International SEMATECH member companies during 2000, with a goal of demonstrating the premise that defect images
with similar appearance have similar manufacturing sources[3].

The AIR technology has been demonstrated through this field-testing to provide the end-user with an efficient meansfor
organizing pre-existing repositories of images and extracting useful information about historical process conditions that
can be used to address current process issues. Another aspect of the AIR technology that has been devel oped relates to
data management and intelligent data storage: specifically, minimize the number of data samples that must reside in the
Defect Management System (DMS) while adequately representing the manufacturing process for future problem
solving. Due to the rapid growth in the size of the fab image database and the high potential for redundancy, a method
has been designed to reduce this redundancy and enhance either, (1) the long-term storage of the most information-rich
image content (i.e., maintaining the same capacity but keeping selected data for a longer period of time), or (2) a



reduction in the size of the repository capacity which results in improved performance (i.e., storage and retrieval
efficiency) and reduced time for re-indexing. Based on these two criteria, an image data management method should
address the mitigation or elimination of redundant data in the DB, it should limit the number of entries to be maintained
by the AIR indexing structure, and tag each entry with alifetime for maintenance in the system based on a measure of
redundancy (for example, delete after 1 month, 6 months, never delete).

In this paper we explore techniques for using AlR-based intelligent data management (IDM) to eliminate redundant
images from an archive. We discuss our experimental configuration and the issues associated with performing such
experiments. We then show experimental results with two sets of data: first, with simulated image data representing
various degrees of known image clustering or redundancy, and second, with manufacturing image data accumulated
during earlier field-testing of the AIR system at industry sites. We conclude the paper with some observations and
summarize our results.

2. IMAGE RETRIEVAL SYSTEM

Figure 1 shows a schematic representation of the image indexing and query process[2]. Image indexing refersto the
preliminary organization of the image data that must be accomplished prior to image retrieval through the query process.
Our AIR software tool is an independent “engine” that works in conjunction with directories of imagefiles. The
indexing process begins by scanning all the available imagery in the database and building atable of image feature sets
(also known as feature vectors), where each row in the table corresponds to oneimage. Several feature vectors are
maintained for each image that describes independent characteristics of the scene. Once thetableis generated, an
indexing process takes place that organizes the datainto atree structure that allows for rapid retrieval of the imagery
during aquery. Boththe
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be used by the user to refine the search as represented by the relevance feedback block in the diagram. Thefinal resultis
adisplay of imagesthat are similar to the user’s query. These are displayed along with asimilarity metric that indicates
how close the results are to the original query image. Also associated with each retrieved image isalist of linked data



that ties the imagery to the fab. Thisdataincludes dates, lot numbers, wafer identification numbers, process layer,
tooling, etc.

All images submitted to AIR are separated into a defect and background. This separation is performed through the use
of existing defect masks generated by inspection tools or an automated defect segmentation process. In turn, four
descriptive areas characterize the defect: shape, size, color, and texture. Two descriptive areas characterize the
background: color and structure. These areas are used to categorize descriptive features that characterize the image
visually and what is most important about the image to the users. Furthermore, this allows the retrieval processto find
distinct combinations of characteristics; for example, it is possible to find certain defect types on different backgrounds,
or to focus the queries on particular aspects of the defect and background (for example, queries can be conducted that
ignore the defect color, the background color, the defect size and texture, etc.)

Another aspect of AIR that isimportant for the image management problem is the indexing tree structure. Figure 2
illustrates the indexing tree concept. The tree consists of decision points where different feature values are evaluated and
decisions are made based on the val ues of the query vector. The net result of this structure is shown in the second part of
the figure, where we see the partitioning of feature space by the decision treeinto bins. We use the Approximate

Nearest Neighbor algorithm [4] to assemble and query the binary decision tree. With the use of the ANN algorithm, an
approximation factor € can be utilized to trade-off query precision with speed. At the crudest, the ANN algorithm

simply returns every image in the same bin as the query image; at more refined levels, the algorithm examines

neighboring binsto find imagesthat are aslikely a close match asthose in the query image bin. Thereisaseparate
indexing tree for each area of interest. Inthe example below atwo-dimensional feature spaceisillustrated.
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Figure2 In AIR theimages are organized by binary decision treeswith an approximate nearest neighbor
algorithm used in sear ching.



3. AIR AND IMAGE MANAGEMENT

As mentioned, the motivation behind the development of the AIR system was the need to effectively use the large and
growing amounts of imagery obtained in semiconductor fabrication facilities. While the effectiveness of AIR in utilizing
the large amount of data has been demonstrated, we began investigating the capability of AIR to “prevent the problem”
in the first place: in addition to acting as a yield management tool based on storing and retrieving images, the AIR
system can be utilized as a tool for data management by helping determine when images are redundant in relation to
previously stored data. Ideally this information can be used to time-stamp the data for future purging based on avariety

of ratings such as "long-term", "mid-term", and "short-term". In some situations the feedback from the AIR system can
even be used to omit the image entirely based on pre-existing close matches.

We should point out that our objective is not to conserve memory on hard drives. Rather, we seek to show that, despite
the growing amount of available disk space, AIR technology can be used in place of, or asaguide for, the typical “store
for N months and purge” approach to image management. Reducing the amount of data saved has benefits in many
ways, in that the existing data is more valuable because it has met some criteria for keeping and also is easier to use.
Using the AIR approach will enhance the use of the image database, since the real bottleneck in such a procedure is the
need to sort such massive amounts of stored data as opposed to actual disk space

Figure 3 shows a block diagram of an AIR IDM system. A candidate defect image, along with associated non-defect
information (lot, layer, classification, etc) is submitted to the system as a query. We show the query with two
components. an image-based query (using AIR) and a non-image query (using a “Defect Redundancy Engine”, which
could be as simple as a database query against the fab data management system). The results of the image-based query
are fed to a “Redundancy Function”, which can use the following methods (or some other technique) that seek to
measure the similarity of the image to othersin the database, resulting in aredundancy measure.

Usethe statistics of the contents of theindexing tree bins
The bins shown in figure 2 are coarse approximations of the clusters of images in the database. A candidate
image can be evaluated by locating its bin then determining how similar it is to the other images. This could be
based on statistical measures like standard deviation or Euclidean distance measurements. We can take this
strategy one step further by using this evaluation with all the indexing treesin the system.

Useacriterion based on the closest returned images
Queries can be conducted and the returned images evaluated in terms of confidence measures based on the
Euclidean distances returned from the query. Images matched by several database images with a high
confidence measure can be rejected as redundant.

From this point, the final functional block — a Keep / Reject decision function —is employed to decide to store theimage
long-term or reject it as redundant. The decision function may include other data about the returned images from the
image-based query such astheir lot numbers or layers.

We should note that we do not show that there should be some strategy to keep ALL images for some length of time. In
addition, the system should also not be deployed at all until the image database reaches some level of maturity.
Ultimately, the method chosen must try to eliminate sample imagery that is redundant or contains little valuable
information for future diagnosis of problems. In this regard the last technique, combining a purely image-based method
with auxiliary wafer information, adds considerable value.
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Figure3 AIR intdligent data management system block diagram

4. EXPERIMENTAL CONFIGURATION

There are considerabl e difficultiesin determining techniques for evaluating the performance of AIR in eliminating
redundant imagery. The most daunting istrying to determine how an imageis redundant. Ideally, an image would be
deemed as redundant if other images in the database will allow the yield engineer to determine the root source of
problemsinthefab. Anideal trial of the AIR IDM system would be to employ two equally competent yield engineers
over aperiod of one year, allowing one to use the complete image database and the other an archive screened by an AIR
IDM system.

Unfortunately, such anideal test is not possible for economic reasons. Instead, we sought to show that reducing the size
of the database allowed us to achieve similar resultsto afull database. Thisisasimpletest that verifies the fundamental
premise of the work: AIR can be used in an IDM system to identify and eliminate redundancy inimagesthat aDM S
seeksto archive. Inour experiments, we did not seek to actually implement the IDM system shown in figure 3. Our
criterion for determining redundancy was analogous to using the returned image distances.

In our testing we used two sets of “images’. The first set was a simulated image set generated by computing random
values for image features. As explained in section 2, the AIR system works on image features — descriptive numbers
that seek to measure characteristics that people utilize when making visual comparisons. We generated the random
images by assigning a number of clusters with different mean valuesin multi-dimensional feature space, then assigning a
standard deviation for the cluster and computing random “images’. These random sets allowed us to study the problem
with aknown degree of redundancy, in that two images from the same cluster are regarded as redundant.

The second set consisted of data compiled during field-testing at a SEMATECH member company. Our tests were done
in an analogous fashion, but in this situation the number of clusters, or classes, was defined by the category of the data.
Each image had three different cluster IDs: the lot identification numbers (1,350 clusters), the layer identification
numbers (99 clusters), and the optical classification codes (144 clusters).

Our testing procedure is as follows. A database of 50,000 images (synthetic or actual) was obtained. We removed a
randomly selected sample set of 10,000 images to use solely as query images. We “seeded” the database with a set of
1,024 images. We then evaluated each remaining image as redundant with the 1,024 or not redundant. This redundancy



measure contained parameters to relax or tighten the “standard” for redundancy, effectively implementing the
redundancy function and decision function blocks of Figure 3. When all 40,000 images had been submitted and added
or rejected, we took the 10,000 held-out images and queried them against the database. The results of each query were
saved and compared to the classification of the held-out image (cluster number for simulated data, and lot / layer /
classification code for the field-test data) to obtain performance data. We then relaxed the redundancy parameters so
that more similar images were regarded as “less redundant” and performed the test again. This procedure was repeated
until al 40,000 images were added to the database. At that point we have a set of data showing performance at different
threshold levels, which we plotted as database size vs. performance.

5. EXPERIMENTAL RESULTS

Regarding the simulated data, a set of random feature vectors were generated as Gaussian clustersin feature space. The
selected parametersincluded: (1) the number of samples (i.e., feature vectors) in the dataset; (2) the number of samples
held out for k-NN testing; (3) the number of defined features per vector; (4) the number of defined classes (i.e., clusters);
(5) the class parameters including the class mean and standard deviation for each feature, and; (6) the size of theinitial
dataset to seed for the experiment.

An example of the results obtained for a dataset similar to the AIR field test data is shown in Figure 4. This figure
shows three curves that were generated for the test cases using 6, 24, and 36 length feature vectors respectively. The
size of the dataset was 50,000 data points (i.e., feature vectors), with 100 clusters and 10,000 held out (for a maximum
database size of 40,000). The xaxis in this figure represents the fraction of the database that passed the threshold test
described above. The y-axis is the performance measured after each pass through the data set with a given threshold
level. For this case, the performance measurement was “1-Nearest Neighbor” or 1-NN, which means we took the closest
returned image and used its classification as the “ estimated” class. Note for the most complex case, i.e., 100 clusters and
36 features per point, the system only required 37% of the original data points to achieve a maximum classification
performance. This verifies our assumptions regarding the mitigation of redundancy in the DB for a parametrically
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Figure 4 — Example showing data management resultsfor a smulated dataset of 50,000 points. Notefor
the most complex case with 36 featuresper point that only 37% of the DB isrequired to be maintained.



controlled simulation, i.e., the data generated and used in Fig. 4.

The experimental image set used a data set of 50,000 images chosen randomly from the field-test set of 62,594. The
fidd-test results showed that a 4-Nearest Neighbor (4-NN) comparison achieved an average performance of
approximately 60% when using the lot ID, layer ID, and optical classification as the cluster identifier. (For the 4-NN
measurement we took the four closest returned images and used their classifications as votes; the classification with the
most votes was deemed the estimated cluster class.)) For each result here, we normalized the 4NN performance
obtained with our growing database to show performance as a percent of “ideal” performance (i.e., the best performance
possible using AIR asacluster classifier.)

A plot of these results showing normalized 4-NN performance (chosen for comparison with field test results) is shownin
Fig. 5. Notethesimilar trend in the data curves as that of the simulated data shown in Fig. 4. Theinteresting point of
note regards the case of using Lot ID asthe 4-NN classification parameter. In this case there are 1,350 separate classes
of lotsthat residein the dataset. To achieve 90% performance of the system it isonly required that approximately 30%
of the original DB be maintained for indexing and retrieval. Theresult is either abroader representation of the
manufacturing datain the DB for the same availabl e capacity, or areduction in the amount of capacity that must be
maintained in the DB system. Regardless of the result, this data management approach representsthe first available
means to the semiconductor industry to estimate the redundancy in the continuous stream of data being captured by the
fab DM S and impose meaningful reductions based on visual similarity of images.
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Figure 5— Example showing data management resultsfor actual fabrication data collected during field-
testing. Notethesimilar trend in thereduction of thenumber of data pointsrequired to adequately
represent the manufacturing process.



6. CONCLUSION

This work did not explore all the possible ways that AIR could be used to manage and select images for retention. As
mentioned in the paper, there are many possible methods for computing the similarity value and the decision for adding
or rejecting an image. Indeed, a more complete case should also address additional image aspects such as the lot
number, any maintenance information associated with the image, etc. However, this work does illustrate our basic
premise: the AIR system can be used to remove redundancy in an image database and reduce the size of the image
database without hampering its ability to achieve defect identification goals. In the case of our experimental data, we
found that the database could be reduced to 30% of its intended size and achieve 90% of the same goals as the compl ete
system.

Further work in this area includes more elaborate functionality including the image similarity, non-image based
similarty (e.g., integrating results of queries on lot IDs, layers, etc.), and decision function structures. In addition, it
would be desirable to conduct further testing to validate the ideas and concepts of IDM as extended to real-life yield
analysis.
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