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Abstract—As directed self-assembly of block copolymers 

becomes an increasingly viable alternative to traditional optical 

lithography, it comes increasingly important to develop methods 

of characterizing the self-assembled structures for defects.  In the 

formation of two-hole contact pairs inside peanut-shaped 

topographical templates, the self-assembled structures can be 

divided into categories based on the number of holes in the 

structure and their position.  In this project, I present a method 

for characterizing the defects found in such templates from 

scanning electron microscope images.  This method uses 

multilevel thresholding to isolate the holes in the images to 

determine how many holes there are per peanut-shaped 

template, as well as the circular Hough transform to detect if the 

holes are correctly positioned.  Together, these techniques allow 

for accurate defect characterization that is robust to noise and 

varying template dimensions with minimal user interference. 
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I. INTRODUCTION 

As we approach the 14 nm technology node, the need for 
high resolution lithography is greater than ever.  While double 
patterning using 193 nm immersion lithography has been the 
standard since the 32 nm node [1], the implementation of 
multiple patterning beyond double patterning (e.g. quadruple 
patterning) presents mounting economic and physical barriers.  
In this light, it is increasingly necessary to explore alternative 
methods of lithography.  Among these, directed self-assembly 
(DSA) of block copolymers stands out as a low-cost and high-
throughput method for patterning sub-20 nm features in 
integrated circuits [2].  The method of block copolymer DSA 
most commonly used for contact and via patterning uses 
graphepitaxy with a PS-b-PMMA block copolymer.  In 
graphoepitaxy, small topological guiding templates are used to 
confine a porous self-assembled PS sheet such that small 
clusters of holes can be formed [3].  Studies have indicated that 
when patterning integrated circuits, one of the most essential 
guiding templates arises when two contact holes are positioned 
very closely and the templates for the two individual templates 
merge to form a peanut-shaped template [4].  Because of their 
prevalence in circuit layouts, it is very important to understand 
the defects that can arise in the self-assembly of these two-hole 
pairs.   

In this project, an image processing algorithm is 
implemented to quantify and categorize the defects shown in 
scanning electron microscope (SEM) images of the DSA 
structures in peanut-shaped templates.  This algorithm was 
implemented in MATLAB and can be broken into three main 
components: image acquisition, detection of the toolbar, 
detection of the peanut-shaped templates, detection of the self-
assembled holes, and defect characterization. 

II. SAMPLE PREPARATION & IMAGE AQUISITION 

A. Sample Preparation 

Templates were printed using electron-beam lithography 
(EBL) and dry etched to a depth of 50.  The general shape of 
these templates is given in Figure 1 below; the neck length was 
varied between 30 and 40 nm, and the neck width was varied 
between 8 and 32 nm. 

A 70:30 PS-b-PMMA block copolymer with a natural 
period of 40 nm was used to perform the DSA process.  The 
DSA process involved deposition of a 40 nm thick block 
copolymer film, followed by a 2-hour anneal at 185°C and 
development in UV radiation and acetic acid.  More details 
about this procedure can be found at [5]. 

Fig. 1. General shape of printed peanut-shaped templates. 

B. Image Aquisition 

An FEI Nova NanoSEM 450 was used to image the 
samples.  The images obtained were 203 x 203 dpi TIFF 
images, each of around 100 peanut-shaped templates.  A 
sample SEM image is given in Figure 2-a. 

III. DETECTION OF THE TOOLBAR 

When the SEM images are initially obtained, they have at 
the bottom a tool bar that extends across the image.  In this 
toolbar, information about the imaging conditions (e.g. 



magnification, beam voltage, spot size) is given.  Since this 
toolbar is black and white and thus has a higher contrast than 
the rest of the image, it interferes with thresholding.  Further, 
any important information given in the toolbar is made less 
readable by noise reduction algorithms.  For these reasons, this 
algorithm begins by removing the toolbar altogether and 
extracting from it the length of the scale bar.  

A. Toolbar Removal 

An SEM image with the standard toolbar is given in Figure 
2-a.  The first step to isolate the toolbar is binarizing the image 
using Otsu’s method [6] and to fill the black regions in the 
boxes in the toolbar using the method given by Soille [7], as 
shown in Figures 2-a and 2-b.  At this point, the image is 
mostly black and the toolbar that we wish to isolate is mostly 
white.  Thus, starting at the row above the black border at the 
bottom of the image, the number of black pixels is counted in 
each line until a majority black line is found.  At this point, the 
top of the toolbar has been reached and the toolbar can be 
removed, as shown in Figure 2-d. 

 

 

Fig. 2. Flow of the algorithm to remove the toolbar: (a) original SEM image, 

(b) binarization of the image, (c) filling in the black areas in the toolbar, (d) 

toolbar removal. 

B. Scale Bar Detection 

Once the toolbar is isolated from the rest of the image (see 
Figure 3-a), the scale bar must then be isolated from the rest of 
the toolbar.  The thick horizontal lines are first detected using 
image erosion and then dilation with a 2 x 20 pixel rectangular 
structuring element, as shown in Figure 3-b.  Next, the two 
halves of the scale bar are connected using a 2 x 100 pixel 
rectangular structuring element, as demonstrated in Figure 3-c.  
Following image binarization with Otsu’s method [6], there are 
only a few major white portions left, as detected through the 
method given by Haralick [8].  The length of these white areas 
are measured and the longest white area that does not stretch 
across the length of the image is detected to be the scale bar, as 
shown in Figure 3-d.  From this, we then know the how many 

pixels correspond to the known corresponding physical length 
of the scale bar (i.e. 500 nm). 

  

Fig. 3. Flow of the scale bar detection algorithm: (a) unprocessed toolbar, (b) 

detection of the horizontal lines in the toolbar, (c) closing the horizontal lines, 

(d) detection of the scale bar. 

IV. DETECTION OF THE PEANUT-SHAPED TEMPLATES 

After the successful removal of the toolbar, the peanut-
shaped templates can then be detected.  The reason for 
isolating the peanut-shaped templates is twofold.  First, this 
allows for easier hole detection at a later stage. Second, this 
allows for the salient features of the templates to be detected, 
such that it is possible to know if the holes are properly located 
inside the templates. 

A. Isolation of the Templates 

The background is initially isolated through binarization of 
the image using Otsu’s method.  As can be seen in Figure 4-b, 
this binarization leaves the inside of the peanut-shaped 
templates mostly white and the background mostly black.  The 
black portions in the middle of the template are then filled [7], 
leaving the insides of the templates completely white (see 
Figure 4-c). 

B. Noise Elimination and Smoothing of the Template Edges 

Although the templates themselves are at this point filled 
in, the background remains very noisy.  The noise is removed 
by eroding the image twice with a circular structuring element 
with a radius of 1 pixel and then dilating twice with the same 
element.  Next, the templates along the edges of the image are 
removed using the method given by Soille [7] and the edges of 
the remaining templates are smoothed by median filtering with 
a 10 x 10 pixel filter (see Figure 4-d).  At this point, any noise 
that has been interpreted as a template is removed by removing 
regions under 1000 pixels in area. Using this mask of 
smoothened templates, outlines of the templates are generated 
using the Sobel operator for edge detection as described in [9]. 

C. Indexing the Templates 

To allow for easy indexing of the individual templates, the 

white regions of the smoothened template mask are labeled 

using the method by Haralick [8].  A visualization of the 

indexing can be seen in Figure 4-e, where each template is 



assigned a different color based on its label. Based on the 

labeling, the total number of templates can also be found. 

 

 

Fig. 4. Flow of the peanut-shaped template detection algorithm: (a) 

unprocessed SEM image with the toolbar cropped out, (b) binarization of the 

SEM image, (c) filling of the black regions inside the templates, (d) noise 

reduction of the background and smoothing of the template edges, (e) 
indexing of the individual templates. 

V. DETECTION OF THE HOLES 

Once the peanut-shaped templates have been detected, the 
holes must also be detected.  Although the primary goal of 
detecting the holes is to determine the number of holes per 
template, it is also important to find the center and the radius of 
each hole. 

A. Isolation of the Holes 

The first step in isolating the holes is the use of Otsu’s 
method [6] for multilevel thresholding.  In this case, we want 
to focus only on the gray levels in the peanut-shaped templates, 
so we apply the previously created mask of the peanut-shaped 
templates to the original cropped SEM image.  As can be seen 
in Figure 5-a, each peanut-shaped template has approximately 
three gray levels inside: one medium level for the PS material 
filling the templates, one light level for the ring around the 
hole, and one dark level for the inside of the hole.  Since the 
black mask also counts as a fourth gray level, three thresholds 
were created such that the four gray levels would be separated.  
The results of this thresholding can be seen in Figure 5-b, 
where each threshold is represented by a different color. 

From this thresholding, the second lowest layer (the layer 
with the dark insides of the holes, referred to as the “hole 
layer”) and the highest layer (the layer with the light rings 
around the holes, referred to as the “ring layer”) were 
extracted.  As shown in Figure 5-c-i, the hole layer not only 
contains the dark area inside the holes, but also contains a dark 

outline of the peanut-shaped template, as well as a good deal of 
noise.  Because the patches of noise are commensurate in size 
to the actual holes, it is not easy to only use the hole layer to 
isolate the holes.  The ring layer, on the other hand, contains 
clear rings around the holes, as well as an outline of the peanut-
shaped template (see Figure 5-c-ii).  While there is no 
ambiguity in the ring layer about whether or not a hole exists, 
this layer does not resolve the gap between two holes placed 
close together. 

For this reason, this algorithm uses the hole layer to detect 
the holes themselves and the ring layer to filter out the noise in 
the hole layer.  To do this, the rings in the ring layer were 
isolated by eroding the template mask such that when it was 
applied to the ring layer, the outline of the peanut-shaped 
template would be removed and the rings would be left.  Next, 
the noise from the remainder of the ring layer was reduced by 
median filtering twice with a 2 x 2 pixel filter and the rings 
were closed by a circular structuring element with a 10 pixel 
radius.  The closed rings are then eroded by a circular 
structuring element with a 1-pixel radius and then dilated by a 
circular structuring element with a 5-pixel radius (see Figure 5-
d-ii).  The final dilation is performed with a larger structuring 
element such that any mismatch between the holes on the hole 
layer and the rings in the ring layer can be accounted for.  This 
hole mask developed from the ring layer is then applied to the 
ring layer that has been median filtered by a 2 x 2 filter.   

B. Noise Elimination from the Holes 

The final result, which contains only the inner areas of the 
actual holes, is then eroded and dilated by a circular structuring 
element with a 1-pixel radius and then median filtered to 
remove noise.  The end result can be seen in Figure 5-e.  
Finally, the edges of the holes are detected using the Sobel 
operator [9] and then filled again to be used as the final hole 
layout (see Figure 5-f and 5-g). 

 



Fig. 5. Flow of the hole detection algorithm: (a) masking of the image 

background, (b) thresholding the image into four level, each indicated by a 
different color, (c) unprocessed hole (i) and ring (ii) layers, (d) processed hole 

(i) and ring (ii) layers, (e) hole layer maksed by the processed ring mask, (f) 

edge detection of the holes, (g) final hole map 

VI. DEFECT AND HOLE CHARACTERIZATION 

With both a map of the templates and a map of the holes, it 
is now possible to count the number of holes in each template 
and to detect if the holes are in the correct location.  The types 
of defects that this algorithm looks for are peanuts with 0 holes, 
1 hole, 3 holes, and 2 holes that are in the wrong place 
(referred to as “2 non-ideal holes”). 

A. Isolating Individual Peanut-Shaped Templates 

The edges of the individual peanut-shaped templates are 
found by finding the minimum and maximum row and column 
occupied by the template in the indexed template mask.  Using 
these bounds, the edges of the template and the filled holes of 
the template are found (see Figure 6-a). 

B. Hole Detection and Characterization 

The number of holes in each template is found by labeling 
the white regions inside the hole map for the individual 
template.  The properties of the white regions, such as area, 
equivalent diameter, and centroid, are then extracted. 

If two holes are detected, it is then necessary to know if the 
two holes are located in the right place.  In the peanut-shaped 
templates, the desired location of the holes is in the center of 
the round portions of the template.  Thus, a circular Hough 
transform [10] is applied to the templates to detect the two 
circular portions of the templates.  In the event that more than 
two circles are detected, the circle with the lowest circle 
strength is discarded.  From the circular Hough transform, it is 
then possible to know the centers of the circular ends of the 
peanut-shaped templates (see Figure 6-b).  The distance 
between these centers and the centers of the detected holes is 
then calculated.  If this distance exceeds three quarters of the 
equivalent hole radius, then the hole is deemed to be in the 
wrong location.  If either of the holes is improperly placed, 
then the DSA pattern is categorized as 2 non-ideal holes. 

C. Manual Correction of the Defect Classification 

In the event that a given DSA structure is misclassified, 

there needs to be a mechanism by which the user can 

manually correct it.  For this reason, after the algorithm 

performs the initial defect characterization, the user is shown a 

clickable version of the SEM image with the templates 

outlined by colors corresponding to their defect type.  If the 

user determines that a DSA structure is improperly 

categorized, then he or she can click on the structure in the 

SEM image and a menu will pop up asking for the proper 

classification (see Figure 6-d).  Once the proper classification 

is clicked, the label associated with the clicked peanut-shaped 

template is determined and the classification of the DSA 

structure is adjusted accordingly.  This continues until the 

background of the image is clicked. 

 
Fig. 6. (a) Isolation of an individual template’s (i) image, (ii) outline, and 

(iii) the holes contained; (b) detection of the circular ends of the peanut-

shaped template and their centers, as marked by a red x; (c) menu for defect 

recategorization and visual categorization of the DSA structures according to 
defectivity, where light blue is no holes, green is one hole, red is three or more 

holes, yellow is two non-ideal holes, and dark blue is two good holes. 

VII. EXPERIMENTAL RESULTS & DISCUSSION 

This defect classification algorithm was tested SEM images 
with peanut-shaped templates of varying neck width and 
length.  In Figure 7, five of the test images and defectivity 
results are given; these five images represent the four extremes 
of the variation in neck width and length, as well as the middle 
case of these variations.  These tests indicate a very low error 
rate for hole detection, amounting to at most two holes per 
image (< 2%).  The main source of error that had to be 
manually corrected was the detection of 2 non-ideal hole 
defects, as the Hough transform of the template shape did not 
necessarily locate the centers of the ends of the peanut-shaped 
templates properly.  From examination of the Hough 
transform, it seems that this poor circle detection was due in 
large part to the inherently bumpy template edges.  For this 
type of defect, the error rate prior to manual correction varied 
greatly by image (min: 4%, max: 25%), but on average was 
16%.  Even so, we have observed that two human observers 
performing defect classification will also have a high error rate 
between their classifications of these 2 non-ideal hole or 2 
good hole DSA structures, due to subjectivity in what it means 
for the hole to be in the right place.  The hole radius 
distribution is given in Figure 7-f, the average of which is 7.8 
nm.  This coincides fairly well (7% difference) with the 
manually extracted average hole radius of 8.4 nm, especially 
considering the unclear bounds of the hole during manual 
extraction. 



VIII. CONCLUSION AND FUTURE WORK 

An image processing algorithm for defect characterization 

of DSA structures in peanut-shaped templates is demonstrated 

here.  The algorithm detects the number of holes per template 

and whether or not the templates are in the correct location.  

The algorithm is robust to noise and changes in template 

dimensions, especially with the manual correction that is 

allowed for when the initial algorithm has run.  While the 

error rate of hole detection is very low, the error rate of 

detecting if the holes are properly located remains fairly high, 

in large part due to inaccurate detection of the centers of the 

ends of the peanut-shaped templates.  For this reason, future 

work would largely focus on improving the detection of these 

centers, as well as making the algorithm more robust to 

varying contrast and brightness settings. 
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Fig. 7. Results of the image processing algorithm post-manual correction for varying neck dimensions: (a) 30 nm length and 8 nm width, (b) 30 nm length 

and 32 nm width, (c) 35 nm length and 16 nm width, (d) 40 nm length and 8 nm width, (e) 40 nm length and 32 nm width; (f) radius distribution of the holes. 


