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Abstract 

A spatial pattern recognition algorithm is proposed to 
determine root causes of defects on semiconductor wafers 
by visually identifying regional defect point set patterns. 
The algorithm classifies defects into either random patterns 
or regional patterns. Four different types of regional pat- 
terns are identified: rings, blobs, lines and arcs. Ring and 
blob patterns are detected by template matching techniques, 
while line and arc patterns are detected by utilizing their 
geometric properties. 

The proposed algorithm was evaluated using 193 sample 
wafers with regional defect patterns. 182 of the samples 
(94.3%) were processed correctly. Processing time for a 
wafer containing 10,000 defect points was 6 sec using the 
pentiumm IV 1.4 GHz microprocessor. 

1 Introduction 

High-speed and high-sensitivity visual inspection tools 
are currently in practical use for semiconductor wafer in- 
spection for defects. Defects detected are then analysed 
visually during a defect review. This review step is impor- 
tant for determining the types of defects that have occurred 

difficult to determine the optimum pixel size for various 
point set densities. A method to extract regional defect 
patterns as a cluster by applying robust estimation has been 
reported [5 ] .  However, it is difficult to apply this method 
practically because of the long computational times in- 
volved. 

The present authors have developed a spatial pattern 
recognition algorithm for practical use in semiconductor 
fabrication processes. This algorithm distinguishes regional 
defect patterns from random patterns. Figure 1 shows ex- 
amples of maps of detected defects (wafer maps) to be 
analyzed. Taking into account variations in regional defects 
patterns and semiconductor fabrication process mecha- 
nisms, four major defect pattern classes have been chosen 
for examination; ring, blob, line and arc. For detection of 
ring and blob patterns, the proposed algorithm creates a 
"density image" with an optimized pixel size and applies 
template-matching techniques to the binarized density im- 
age. For line and arc patterns, variations in shape and 
location are so large that template-matching techniques are 
impractical from a computational cost point of view. 
Therefore, geometric properties are utilized in order to 
identify line and arc patterns efficiently. 

and analyzing the root causes of critical defects. In practice, 
defect reviews are performed using scanning electron mi- 
croscopy. . , -:.&- 

Since the number of defects identified increases as pat- 
tern dimensions decrease, it becomes impractical to review 
all detected defects within a given length of time. This 
problem can be addressed to some extent by classifying Figure 1 Maps of distrbuted defects points 
defects as either "regional defects" or "random defects" 
based on spatial distributions of defects on the wafer [I]. 2 Ring and Blob Pattern Detection 
This makes it possible to characterize defect occurrence of 
an entire wafer in a statistical manner by reviewing a small 
number of defect samples chosen from each defect class. 

Furthermore, in many cases it is possible to determine 
the root cause of defects from regional defect patterns, as 
regional defects are strongly related to process abnormali- 
ties. It is well known that serious process abnormalities, 
such as mechanical scratching, wafer-edge film exfoliation 
and tool-triggered contamination, produce characteristic 
spatial defect patterns. 

A method to extract regional defect patterns from defect 
distribution maps using image processing has been pro- 
posed [2,3,4]. A problem with this method is that it is 

2.1 Voronoi Diagram 
The ring and blob pattern detection algorithm is based 

on an analysis of point set densities. Voronoi diagrams are 
applied to calculate densities at each point. The Voronoi 
diagram is defined as follows. 

For n pointsp, = (xi, yi) in a plane, the tile V(pi) of point 
pi is defined as the set 

V(P~) a {P = (x,Y) I ~ ( P , P ~ )  < d(p,pj) ,Vj * ii)...(l) 
where d@gi) is the Euclidean distance between points p 
and pi. The diagram consisting of all V@,) is called the Vo- 
ronoi diagram. Point pi is called the generator of tile V(pi). 
Figure 2 shows an example of a Voronoi diagram. Each 
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boundary between 2 tiles is a segment of the perpendicular . 2.3 Pattern Identification Using Template Matching 
bisector of the generators of the tiles. Patterns are identified by matching the binarized density 

Local density D@i) of point Pi is given by image against a set of templates. To avoid a blowout in 

D(P') - $(Y(p;)) .(2) computational time caused by a large number of templates, 
templates are resolved into a set of smaller components of 

where S(V(pi)) is area of the tile V(pi). common basic shapes. Sets of common basic shapes are 
provided for both ring and blob type patterns. riqm Figure 4 shows the method used to construct a set of ba- 
sic shapes for ring type templates. Basic shapes are 
generated by dividing a circle into N rings of concentric 
circles (division A) and dividing the same circle into M 
fans (division B). Templates are produced by combination 
of division A and division B shapes. The total number of 

/ templates C(NJl) is then given by 

Figure 2 An example of aVoronoi diagram C(N,M) = N(N * b ( ~  +1)+1}---(4) 
2 

2.2 Pattern Extraction 
In order to meaningfully visualize a wafer for the pur- 

pose of regional defect classification, the density image 
that expresses the distribution of the point densities over 
the wafer is created. Optimization of pixel size is essential 
for correctly extracting and identifying regional defect pat- 
terns. 

Figure 3 shows a schematic of the ring and blob pattern 
detection algorithm. After local densities D(pi) have been 
defined by a Voronoi diagram, a histogram of point densi- 
ties is calculated to determine the modal density value 
Dmode . Pixel size of the density image is then set to be 

Pixel size = ,/;"Dmode . . . (3) 

where n is an arbitrary number. Thus a higher density point 
set produces a smaller pixel size. 

The pixel value is defined as the number of defect points 
falling within the pixel. However, in cases where many 
points are concentrated within a few pixels, the levels of 
other pixels are depressed when the pixel set is normalized 
to achieve a maximum pixel value, such as 255. 

To reduce this undesirable effect, every point is 
weighted in proportion to the square of the nearest 
neighbor distance. 

Regional defect patterns are then extracted by binarizing 
the density image in a statistical manner. 
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Figure 3 Algorithm for ring and blob pattern detection 

In our study, N is set to 10 and M is set to 8, giving a to- 
tal of 3135 template variations. 
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Figure 4 Construction of templates 

The matching score Sk of the k-th template is calculated 
by 

Sk = ~ a j k ' s i  ...(5) . 
I 

where i is the index of the i-th basic sha e s is the match- I), ing score of the i-th basic shape, and ai  is set to 1 when 
the i-th basic shape is part of the k-th template or set to -1 
otherwise. The score si is defined as the total number of 
matched pixels minus the total number of unmatched pix- 
els, with all si obtained by a single image scan. This 
enables fast template matching. Figure 5 shows computa- 
tional times of this method compared to a conventional 
method for various image sizes. The conventional method 
calculates a matching score each time for all templates. 
The conventional method does not include template gen- 
eration time, while our method does. It can be seen that 
computational time does not increase significantly with 
image size when our method is used, with computational 
time dropping to 25% of that of the conventional method in 
the case of a 32x32 image. 

Next, the matched template region is checked to see if it 
is actually a random pattern instead. Such template 
matches need to be rejected. Density contrast C is used to 
check for this condition, and is defined as 

where q, (q,) is the number of pixels within (outside of) 



the template pattern, & (pb) is the average pixel value 
within (outside of) the template pattern and a, (ab) is the 
standard deviation of pixel value across pixels within (out- 
side of) the template pattern. Template patterns are rejected 
if density contrast is lower than a predefined threshold. 
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Figure 5 Comparison of computational times of 
different template matching methods 

3 Arc Pattern Detection 

Geometric properties are used to efficiently identify line 
and arc patterns. The Hough transformation is used to 
identify line patterns, while arc patterns are identified by 
forming a voting image from geometrical parameters of 
possible arcs. 

Figure 6 shows the arc pattern detection algorithm. The 
proposed algorithm is comprised of two steps; the first step 
calculates the center of the arc and the second step deter- 
mines the arc bounds. 

In the first step, the geometric property that the perpen- 
dicular bisector of two arbitrary points of an arc crosses the 
center of curvature of the arc is utilized. Perpendicular bi- 
sectors of all sets of two arbitrary defect points are drawn 
onto a voting image V. The center of the arc is then set to 
be the peak in the voting image V. To reduce processing 
time, the number of points that contribute to voting is ad- 
justed to be less than 500. To achieve reliable detection, the 
voting contribution of a certain pair of points is determined 
by the following rules. 
(1) If the nearest neighbor distance of a given point is more 

than dm, the contribution is set to 0, because isolated 
points cannot be a part of a defect pattern. 

(2) If all of the neighbor distances of a point are less than 
dmi,, the contribution is set to 0 in order to exclude ex- 
tremely concentrated defects. 

(3) Otherwise, the contribution w is calculated from 

w = exp(-(d -d,)'/ko2)...(7) 

where d is the distance between two points and d,, , a  
and k are control parameters. The purpose of this equa- 
tion is to depress the contribution when the distance d is 
too short or too long, because the error of the slope of 
the perpendicular bisector is large when the distance d 
is too short, and it is less likely that two points exist on 
the same arc when the distance d is too long. 

Values of the parameters dm,, dm,, d,, , a, and k are de- 
termined by trial and error. 

In the second step, coordinates of all defects are trans- 
formed into polar coordinates with origin at the center of 
curvature of the arc. Consequently, the arc pattern on the 
wafer is transformed into a horizontal line in the image T 
expressed in polar coordinates. This transformation makes 

arc defect detection much easier. To determine arc parame- 
ters, the following procedure is used 
(1) The peak position R is detected by projecting the point 

data in polar coordinates onto the radial (r) axis. 
(2) The bounds of the interval ro=R in the image T are 

found by searching for a roof-edge along the angular 
( 8 ) direction. 

(3) The longest roof-edge [el,&] is extracted. The arc pat- 
tern in the wafer is identified by transforming the 
roof-edge, i.e. section [01,02], back into Cartesian coor- 
dinates. 
The above procedure is applied repeatedly until no 

more roof-edges can be found. 
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Figure 6 Algorithm for arc pattern detecion 

4 Evaluation 

The proposed algorithm was tested using 193 test sam- 
ples. Examples of correct identification of ring and blob 
patterns are shown in Figure 7. It is shown that correct de- 
tection is done without regards to density variations. 
Examples of correct identification of arc patterns are 
shown in Figure 8. The performance of this pattern detec- 
tion algorithm is detailed in Table 1. Accuracy varied from 
87.5% to 100% depending on the pattern class. The total 
accuracy was 94.3%. 

As Figure 7 shows, ring and blob patterns shown in (a) 
and (b) both have high densities, the ring pattern shown in 
(c) has a low density and the blob pattern shown in (d) 
shows a low contrast pattern. In other words, various den- 
sities and contrasts can be found in a single pattern class. 
The line and arc patterns have specifically identified geo- 
metric properties, while blob and ring patterns allow for 
density variations and pattern contrast variations. 

The accuracy of the blob and ring detection algorithm 
was tested against wafers obtained in a real semiconductor 
process. The evaluation was done using 111 sample wafers 
with ring and blob patterns flagged for scrutiny with re- 
spect to process anomalies. 110 of the samples (99.1%) 
were processed correctly. 

The processing time for a wafer containing 10,000 defect 
points was 6 sec using the pentiumTM IV 1.4 GHz micro- 
processor. 



Detected regional patterns reveal useful information re- 
Wafer Maa lated to the root causes of wafer defects. Thus, small 
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number of defect samples chosen from every regional pat- 
tern is enough to characterize defect occurrence by defect 
review. Consquently, this algorithm could be applied to 
effective defect review and analysis that would aid in a 
more reliable determination of the root causes of wafer 
defects. 
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5 Conclusion 

A spatial pattern recognition algorithm was proposed to 
determine root causes of semiconductor wafer defects from 
visually recognized regional defect point set patterns of the 
wafers. The algorithm classifies defects into either random 
patterns or regional patterns. The regional patterns include 
rings, blobs, lines and arcs. Ring and blob patterns are 
identified by template matching techniques. Line and arc 
patterns are identified by utilizing geometric properties of 
these shapes. 

The proposed algorithm was evaluated using 193 sample 
wafers with regional defect patterns. 182 of the samples 
(94.3%) were processed correctly. Furthermore, the blob 
and ring pattern detection algorithm was tested against 
various defect density and pattern contrast conditions by 
selecting wafers flagged for scrutiny with respect to proc- 
ess anomalies. The test was performed on 111 sample 
wafers, and correctly processed 110 samples (99.1%). 

The processing time for a wafer containing 10,000 de- 
fect points was 6 sec using the pentiumTM IV 1.4 GHz 
microprocessor. This execution time is fast enough to apply 
to a real production line. 




