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Abstract

An important issue in electron-beam (e-beam) lithography is to minimize the critical di-
mension (CD) error and line edge roughness (LER). This dissertation presents a method to
measure the CD and LER from scanning electron microscope (SEM) images, two methods to
estimate the CD and LER, i.e., modeling the e-beam lithographic process and utilizing a neu-
ral network (NN), and the minimization results obtained based on the estimation. The 3-D
modeling is also applied to SEM images from the massively-parallel e-beam system (MPES).

A common approach to the measurement of CD and LER from SEM images is to em-
ploy image processing techniques to detect feature boundaries from which the CD and LER are
computed. SEM images usually contain a significant level of noise which affects the accuracy
of measured CD and LER. This requires reducing the noise level by a certain type of low-pass
filter before detecting feature boundaries. However, a low-pass filter also tends to destroy the
boundary detail. Therefore, a careful selection of low-pass filter is necessary in order to achieve
the high accuracy of CD and LER measurements. In this dissertation, a practical method to de-
sign a Gaussian filter for reducing the noise level in SEM images is developed. The method
utilizes the information extracted from a given SEM image in adaptively determining the sharp-
ness and size of a Gaussian filter.

Computational lithography is typically based on a model representing the lithographic
process where a typical model consists of three components, i.e., line spread function (LSF),
conversion formula (exposure-to-developing rate conversion), and noise process (exposure fluc-
tuation). In a previous study, a practical approach to modeling the e-beam lithographic process
by deriving the three components directly from SEM images was proposed. However, a 2-D
model of a substrate system was employed, i.e., the exposure variation along the resist-depth
dimension was not considered. In this dissertation, the possibility of improving the accuracy

of modeling using a 3-D model is investigated. The 3-D model is iteratively determined by
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modeling the estimated CD based on the model to those measured in SEM images. This dis-
sertation describes the 3-D modeling approach and new optimization procedures, and discusses
in detail the results from an extensive simulation for an accuracy analysis of the 3-D modeling
approach.

The 3-D modeling involves several parameters to be determined and tends to require a
long computation time. The possibility of improving the accuracy and efficiency of the CD and
LER estimation using a NN is investigated. In the NN-based estimation, the explicit modeling
of the e-beam lithographic process can be avoided. This dissertation describes the method of
estimating the CD and LER using a NN, including the issues of training, tuning, and sample
reduction, and presents results obtained through an extensive simulation.

The accuracy of the 3-D modeling is further verified through the proximity effect correc-
tion. A dose modification with the reduction of the feature width is performed utilizing the
modeled LSF and noise. The CD error and LER are considered for the performance analysis.

The 3-D modeling is extended and applied to SEM images from the MPES deriving the

PSF and the noise. The accuracy is verified by estimating the CD and LER for different doses.
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Chapter 1

Introduction

Electron beam (e-beam) lithography is a technique widely employed in pattern transfer
onto resist [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]. However, two of the main issues which limit the
minimum feature size and maximum feature density achievable by e-beam lithography are the
proximity effect and line edge roughness (LER) [11, 12, 13, 14, 15]. The minimization of
proximity effect and LER often requires an accurate estimation of critical dimension (CD) and
LER. The focus of this dissertation is on the estimation of CD and LER using a computational
method of e-beam lithographic process, derived from experimental results. The CD and LER
are to be measured from scanning electron microscope (SEM) images and are used to model

the e-beam lithographic procedure.

1.1 Problem De nition

Design of a noise Iter for SEM images

The delity of transferred patterns is often examined through SEM imaging [16, 17]. Fea-
ture boundaries in SEM images are determined, from which metrics such as CD and LER are
computed [18, 19]. As the feature size continues to decrease, it has become even more impor-
tant to be able to measure the CD and LER accurately from SEM images [20, 21]. A small
error in determining feature boundaries can lead to a signi cant deviation of the CD and LER
from the actual values.

Atypical approach to determining feature boundaries in an SEM image is to employ image
processing techniques such as edge detection or modeling. What makes the image processing
non-trivial is the noise contained in SEM images [22]. A standard procedure is to apply a noise-

reduction lter, e.g., low-pass lter, to SEM images before further processing. It is common
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that the noise level is signi cant and varies with SEM image. Also, the type of noise may be
different for a different image or a different location within an image. Therefore, it is not opti-
mal to use a xed lter in general. In this dissertation, the issue of designing a noise-reduction

Iter, taking the characteristics of noise into account, is addressed.

3-D modeling of electron-beam lithographic process from SEM images

Various methods have been developed in order to correct the proximity effect and reduce
the LER, employing analytic, simulation or experimental approaches [23, 24, 25, 26]. In the
computational lithography, such efforts are based on a model representing the lithographic pro-
cess where a typical model consists of three components, i.e., the point spread function (PSF,
equivalent to the line spread function, LSF), conversion formula (exposure-to-developing rate
conversion), and noise process (exposure uctuation). This model may be derived from SEM

images.

Accurate estimation of critical dimension and line edge roughness using a neural network

An essential step in the computational lithography is to estimate the CD and LER. One
may utilize an e-beam lithographic model to do the estimation through the exposure computa-
tion and resist-development simulation. To avoid the need for an explicit model of the e-beam
lithographic process, one may employ a neural network (NN) for the task of estimating the CD

and LER.

Application to massively-parallel e-beam system

The massively-parallel e-beam system (MPES), like the single beam system, suffers from
the proximity effect because of electrons scattering in the resist. An effective method is de-
sired to correct the proximity effect utilizing the information extracted from the SEM images

obtained from the MPES.

1.2 Review

Design of a noise Iter for SEM images



In the previous work [27], a xed lter was employed to reduce the noise level in pro-
cessing SEM images. That is, the image-dependent noise characteristics such as the noise level
were not considered. Therefore, the subsequent detection of feature boundaries may not be al-
ways suf ciently accurate. Another method to detect feature boundaries with or without noise

ltering is to rely on edge modeling, i.e., tting the brightness distribution over a feature bound-
ary to a model function. The effectiveness of this approach was well demonstrated using the
Gaussian function as a model function through an elaborated investigation [28]. Nevertheless,
it is worthwhile to point out the sensitivity of the method to the shape of brightness distribution.
When the bright distribution has a signi cantly different shape from the model function, this
can lead to a substantial error in the detected feature boundaries. Also, in their study, it appears

that only the “simple noise” was considered in the accuracy analysis.

3-D modeling of electron-beam lithographic process from SEM images

In a study of Lee et al. [29], a practical approach to modeling the e-beam lithographic pro-
cess by deriving the three components directly from SEM images was proposed. Based on the
critical information extracted from SEM images, the modeling process derives the three com-
ponents through iterations. However, a 2-D model was employed, i.e., the exposure variation
along the resist-depth dimension was not considered. Since the dependency of the exposure
energy deposited on the resist layer is ignored, such modeling approach is likely to lead to in-

accurate results, especially for a thick resist, or a low beam energy.

Accurate estimation of critical dimension and line edge roughness using a neural network
In a previous study [29], a 2-D modeling approach was proposed to model the e-beam
lithographic process with three components, i.e., LSF, conversion formula and noise process.
The CD and LER measured from SEM images are utilized in this approach, minimizing
the modeling error through iterations. Then, the process model is employed in estimating the
CD and LER for a given pattern. However, this modeling approach involves several parameters

to derive (model) and tends to require a long computation time. Also, the estimation errors



were substantial in some cases, e.g., thick resist and low beam energy.

Application to massively-parallel e-beam system
Massively-parallel e-beam systems were developed recently to improve the writing through-
put by using a large number of beams [30, 31, 32, 33]. But, no modeling of the e-beam litho-

graphic process using SEM images obtained from the MPES was attempted.

1.3 Motivations and Objectives

Design of a noise Iter for SEM images
For the accurate measurement of CD and LER, a noise Iter which takes into account the
SEM-image-dependent characteristics of noise is desired. A practical method to design such a

Iter is to be developed.

3-D modeling of electron-beam lithographic process from SEM images
The previous 2-D modeling approach does not consider the exposure variation along the
depth dimension of resist and therefore may lead to an inaccurate estimation of CD and LER.

A modeling method considering the layer-dependent exposure needs to be developed.

Accurate estimation of critical dimension and line edge roughness using a neural network

The modeling of the e-beam lithographic process and subsequent estimation of CD and
LER require an explicit model and are computationally expensive. A neural network can be
employed for the estimation, which does not involve the explicit model and is faster once

trained.

Application to massively-parallel e-beam system
In order to further verify the accuracy of the 3-D modeling of the e-beam lithographic
process, the SEM images from a MPES may be employed for the modeling and estimation.

The CD error in the estimation can be used to evaluate the modeling accuracy.



1.4 Approach

Design of a noise Iter for SEM images

A practical method for designing a Gaussian Iter adaptive to the noise characteristics of
each SEM image is described. In the method, the noise characteristics are extracted from the
frequency-domain representation of SEM image, and the sharpness (standard deviation) and
size of Gaussian lter are determined based on a certain measure derived from the characteris-

tics.

3-D modeling of electron-beam lithographic process from SEM images

This study attempts to improve the modeling accuracy by taking into account the exposure
dependency on the resist layer, i.e., a 3-D modeling approach. A 3-D model enables a more
realistic representation of exposure distribution in the resist and in turn allows one to obtain a
more accurate remaining resist pro le through the resist-development simulation [34]. There-
fore, it is more likely to derive a more realistic model of e-beam lithographic process by the
3-D approach. Also, the modeling procedures are simpli ed and optimized in order to reduce

the computational complexity without sacri cing the accuracy of modeling.

Accurate estimation of critical dimension and line edge roughness using a neural network

The possibility of improving the estimation accuracy of CD and LER in the e-beam litho-
graphic process using a neural network is investigated. The use of a NN for the estimation of
CD and LER makes unnecessary an explicit modeling of the e-beam lithographic process. A
NN is trained by a number of samples obtained from the e-beam lithographic process and the
trained NN is used in estimating the CD and LER, given a set of the e-beam lithographic pa-

rameters, i.e., the resist thickness, beam energy, beam diameter, linewidth and normalized dose.

Application to massively-parallel e-beam system
The 3-D modeling is tested with SEM images obtained from a MPES. The modeling pro-

cedures are adjusted to improve the convergence and accuracy.



1.5 Organization of Dissertation

The rest of this dissertation is organized as follows:

» Chapter 2 describes a practical method for designing a Gaussian Iter adaptive to the
noise characteristics of each SEM image, to obtain the accurate measurement of CD and

LER from SEM images.

» Chapter 3 describes the 3-D modeling procedures guided by the simulated annealing
(SA) to derive the components of the e-beam lithographic process and to obtain a more

accurate remaining resist pro le.

» Chapter 4 describes a neural network approach to estimating the CD and LER based on

the results from the e-beam lithographic process.

» Chapter 5 describes the veri cation through the proximity effect correction (PEC) using

the modeling results to obtain the minimized CD error and LER.

» Chapter 6 describes the application of the 3-D modeling approach to the MPES, including

the modeling and estimation using the SEM images.

» Chapter 7 provides concluding remarks of this dissertation.



Chapter 2
Design of a Noise Filter for SEM Images

In this chapter, a practical method for designing a Gaussian Iter adaptive to the noise
characteristics of each SEM image is described. In the method, the noise characteristics are
extracted from the frequency-domain representation of an SEM image, and the sharpness (stan-
dard deviation) and size of Gaussian Iter are determined based on a certain measure derived

from the characteristics.

2.1 Noise Filtering

SEM images inherently contain a signi cant level of noise as shown in Fig. 2.1. Therefore,
it is unavoidable to reduce the noise level before any image processing technique for detecting
feature boundaries can be applied. The noise ltering greatly affects the accuracy of detected
feature boundaries. That is, an inappropriate level of noise lItering can cause a signi cant error
in the measured CD and LER as illustrated in Fig. 2.2 where a simulated SEM image with the
known CD and LER is employed. An under- ltering leads to a rougher detected boundary than
the actual one such that the measured LER, for example, is 31% larger than the actual LER
(see Fig. 2.2(a)). On the other hand, an over- Itering makes the detected boundary smoother
than the actual, leading to a negative error (-24%) in the measured LER (see Fig. 2.2(b)) for a
line/space (L/S) pattern.

A 2-D Gaussian lter is selected for noise ltering in this study, for its applicability and
controllability. The level of noise ltering can be adjusted by controlling the sharpness and size
of a Gaussian lter. In the 2-D Gaussian function given in Eq. 2.1 and illustrated in Fig. 2.3,
the sharpness is determined by the standard deviatiorhe larger the is, the higher level

of noise ltering is achieved, i.e., the noise is Itered more, but more blurring occurs. On the
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Figure 2.1: An example of SEM image of a L/S pattern and (b) brightness distribution along
the line A-A%in the SEM image in (a).

(@) (b)

Figure 2.2: Edge detection results following (a) under- Itering and (b) over- Itering of noise.



other hand, for a smaller, the noise is ltered less. Given g the lIter sizeWs (see Fig. 2.3)
determines the domain over which the lItering is carried out for each pixel. A laMetiends

to reduce the noise level more, but also blur the image more.

X2+y

e 27 (2.1)

9xy) = 5—

Figure 2.3: A 2-D Gaussian lter of siZé/s W with the standard deviation of.

The objective of the proposed method for designing the Gaussian lter is to determine the
Iter parameters, andWs, which minimize the differences between the measured and actual
CDs and LERs. The determination of the two parameters is guided by the characteristics of a

given SEM image, in particular, the signal and noise characteristics.

2.2 Filter Design

The objective of noise ltering is to reduce the noise as much as possible while keeping
the signal (feature boundaries) as much as possible. However, in general, reducing the noise
also reduces the signal, and therefore the level of noise Itering must be properly selected such
that the accuracy of boundary detection is suf ciently high. In the case of a Gaussian lter, the

level of noise ltering can be controlled by the two parameters of ltegndWs. In particular,



() (b)
Figure 2.4: (a) SEM imagex;y) of size 1024 1024 and (b) the frequency-domain represen-
tationjl (u; v)j plotted in the logarithmic scale.
the proposed design method determineandW; using a metric which quanti es the relative
signal level after ltering. For evaluating the metric, the frequency-domain representations of
signal and noise are employed. However, the signal and noise are not readily separable in an
image. Therefore, given an SEM image, they are estimated in the frequency domain.

Leti(x;y) represent the brightness distribution in an SEM image of Bize M. The
frequency-domain representatidr{u; v), is obtained through the 2-D discrete Fourier trans-
form (just “Fourier transform” hereafter) as in Eq. 2.2.

XX 1. 2 (ux+vy)
I (u;v) = i(x;y)e ! W (2.2)
x=0 y=0

An SEM image and the corresponding Fourier transform are shown in Fig. 2.4. The
jl (u;v)j shows different behaviors along thheandv dimensions. This is due to the fact that
lines are vertically oriented and the noise is more spatially-correlated ir theection than
in they direction. It should be noted thafu; v) includes both the signal and noise. In order
to estimate the noise, “ at regions” (i.e., excluding boundary regions) are extracted from the
SEM image, to generate an image of “sampled” noise as shown in Fig. 2.5(a). The sampled
noise contains the noise and DC biases where the DC biases come from the different brightness

levels of the inside and outside of a feature. The DC bias is removed from each at region to
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Figure 2.5: (a) Generation of sampled norge; y) (before the DC is removed) and (b) the
frequency-domain representatipgi(u; v)j in the logarithmic scale.
leave only the noise. The sampled noise consisting of the extracted at regions is smaller than
the corresponding SEM image at least in one dimension, M in the case of a L/S pattern
wherem < M (see Fig. 2.5(a). The zero-padding is done to the sampled noise to make its
sizeM M. The sampled noise after the DC removal and zero-padding is denotect ly).
The frequency-domain representatiom@x; y) can be obtained through the Fourier transform.
However, due to the fact that the size of sampled noise before the zero-padding is smaller than
that of the SEM image, a scaling on the Fourier transform result makes it comparhfleup.
Let N (u; v) denote the scaled Fourier transformngk; y), which can be expressed as in Eq.
2.3. _

N (u;v) = %M 7 npyge 15 (23)

x=0 y=0
In Fig. 2.5(b), the plot ofN (u; v)j is provided. Itis seen th@N (u; v)j does not vary with

v while it does signi cantly withu. As pointed out earlier, this is due to the larger spatial cor-
relation of noise in the& direction, which is related to the scanning direction of electron beam,
contributing to the higher amplitudes of low frequency components. This may suggest the use
of an anisotropic Iter. However, in this study, the isotropic (radially symmetric) Gaussian |-
ter is adopted (i) for the simplicity, (ii) since a pattern may include both vertical and horizontal

boundaries of features, and (iii) the scanning direction can be in either direction.

11



The Fourier transform of a Gaussian function is also of Gaussian in the frequency domain.

Let% denote the Fourier transform B(u; v) which may be expressed as in Eq. 2.4.

1 U§+f2\/

e
2
2 f

2

G(u;v) = (2.4)

where ; is the standard deviation &(u; v) in the frequency domain, to be referred to as
cut-off frequency
The proposed method for designing a Gaussian Iter determines the cut-off frequency
¢ from which the spatial-domain Gaussian lter can be derived. d_de ne total image
intensityto beP Mt P Mo il (u; v)jG(u; v), which is the sum of all frequency components
in an SEM image ltered by the Gaussian lIter. Similarligtal noise intensitys de ned as

Mot MO YIN(U; v)jG(u; v), which is the sum of all frequency components in the sampled

noise ltered by the Gaussian Iter. Thenotal signal intensitynay be approximated to be
i ﬁ”zolp Mo til (U v)iG(u; v) i E”:olp Mo LN (U; V)iG(u; v).

In Fig. 2.6, the total signal intensity and total noise intensity are plotted as functions of
for a typical SEM image. When the cut-off frequengyis very small (approaching to a zero),
the total signal intensity is greater than the total noise intensity unless the noise is dominant.
As ; increases, both the total signal intensity and total noise intensity monotonically decrease
sinceG(u; V) is a normalized Gaussian. But, the total signal intensity decreases faster since
the signal is normally band-limited. Therefore, the total signal and noise intensities intersect at
a certain ¢. In the proposed method; at whichintensity ratiode ned in Eq. 2.5 becomes
1.0 is used in designing the Gaussian lter. The rationale behind this selection of the cut-off
frequency is to reduce the noise level as much as possible under the condition that the signal
level is not less than the noise level.

Pwm iPwm 1, , Pw 1Pwm 1. _
ity ratio= _u=0_v=o 11 (i V)JG(U;v) W weo IN(UW)G(U;v)
Intensity ratio= —=2 0 (;.M lF(M | us0__v=0
w0 v=o IN(UIV)IG(U;V)

(2.5)

2 J—
In the continuous case, the Fourier transforneof z is given as 2 2e 2 *(f ), That

is, the standard deviation in the spatial domainjs related to the standard deviation in the

12



Figure 2.6: The total signal and noise intensities as functions of the cut-off frequeméyhe
Gaussian lter. In designing the Gaussian Iter, at which the two intensities become equal
(marked by “+”) is used.

frequency domain, s, as2 ¢ = 1. But, in the discrete case, the relationship becomes

2 ¢ = M whereM is the size of an image. Therefore, the standard deviation of Gaussian

lter in the spatial domain can be derived from the cut-off frequency as in Eq. 2.6.

M
=5 (2.6)

The size of Gaussian lteWVs, is determined such that most of the signi cant portion of
Gaussian function is included. In this stuéy; is set to6 (note that the distance from the
Iter center of to the Iter boundary i3 ) asin Eq. 2.7. AB a Gaussian function decreases
to 1.11% of the peak value.

Ws =6 (2.7)

A digital Iter is normally symmetric and thereforé is rounded up to the closest odd
integer. It should be clear that the Gaussian Iter speci ed bgndW; adapts itself to each

individual SEM image according to the signal and noise levels in the image.
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2.3 Detection of Feature Boundaries

In the remaining resist pro le, the boundary of a feature is de ned by a surrounding side-
wall which is brighter than other regions in the (secondary-electron) SEM image (see Fig. 2.7).
A band of white region appears along the feature boundary, and both sides of the band, i.e.,
inner andouterboundaries, are detected in this study. These boundaries are where the spatial
change of image brightness is largest [35]. That is, the gradient of image brightness is either
locally maximum or minimum at the boundaries (see Fig. 2.8). In the case of a L/S pattern,
starting from the outside of a line, the rst 4 maximum and minimum gradients correspond to

outer, inner, inner and outer edges (boundaries), respectively (refer to Fig. 2.7).

Figure 2.7: Each boundary of a feature (line) is characterized by a bright band, and both edges
of the band region are detected resulting in inner and outer edges.

The designed Gaussian lter is applied to SEM images to reduce the noise level. Then,
feature boundaries are detected by nding the local maximum and minimum of brightness gra-
dientin the ltered image. A standard edge detector such as Sobel operator can be employed to
compute the gradient of the brightness distribution. The Sobel operator for vertical boundaries

(as in the SEM images in this study) is shown below.
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The search of the maximum and minimum gradients is carried out row-by-row (for vertical
lines). In order to guide the searching, an edge region is de ned around each peak in the ltered
SEM image as shown in Fig. 2.9. Then, the maximum and minimum gradients are searched

within edge regions.

Figure 2.8: Maximum and minimum brightness gradients correspond to (inner and outer) edge
locations.

Though detecting the inner and outer boundaries (edges) is considered in this study, one
may want to nd the boundary where the brightness is highest, i.e. peaks (see Fig. 2.9). The
brightness peaks, which are normally between the inner and outer boundaries, may be searched
within edge regions following the noise lItering (without computing the brightness gradient).

Or, the peak detection can be done readily by locating the zero-crossings in the brightness
gradient (refer to Fig. 2.8). Note that the brightness peak is where the brightness gradient

changes its sign, from negative to positive or positive to negative.
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Figure 2.9: Edge regions are de ned around peaks and the maximum and minimum gradients
are found within edge regions.

2.4 Results and Discussion

For analyzing the effectiveness of a Gaussian lter designed by the proposed method,
“reference (SEM) images” are generated from real SEM images. Feature boundaries in each
reference image and therefore the CD and LER are known. To reference images, a spatially
correlated noise rather than a simple noise such as shot (salt-and-pepper) noise is added to test
the lIter for realistic cases. The noise level in each reference image is varied for a thorough
analysis. One of the four reference images used in this study is shown in Fig. 2.10, and the
known CDs and LERs for the reference images are provided in Table 2.1.

After the noise ltering and boundary detection, the inner and outer linewidths are mea-
sured from the detected inner and outer edges, respectively (refer to Fig. 2.7). Then, the CD
is computed as the average of the inner and outer linewidths, and the LER is quanti ed as the
standard deviation of edge location, i.e., 1L.ER, considering both inner and outer edges. The
accuracy of measurement, i.e., detecting feature boundaries using the Gaussian lter designed
by the proposed method is analyzed using the CD and LER deviations de ned in Eg. 2.8 and
Eq. 2.9:
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Figure 2.10: An example of reference SEM image where the same noise level as in the corre-
sponding original SEM image is added.

| Reference Image LER (nm) | CD (nm) |

Ref. Image 1 5.51 116.38
Ref. Image 2 3.42 128.15
Ref. Image 3 2.93 133.74
Ref. Image 4 2.71 144.50

Table 2.1: The known CD and LER in the four reference images generated from SEM images
obtained with four different doses where the target CD is 120 nm.

LERm LERk

= 0,
LER Dev 'ER. 100% (2.8)
CDm CD
CDDev= ——" ~=K 100% (2.9)
CDy

whereLER ,, andLER ¢ are the measured and known LERSs, respectively,@Gidg, and
CDy the measured and known CDs, respectively.

In each reference image, four different noise levels are considered in order to test the
adaptability of the Gaussian Iter designed by the proposed method. Téwed W; of the
designed Gaussian Iter, CD and LER measured, and percent CD and LER deviations for each

noise level are provided for the four reference images in Tables 2.2-2.5.
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Ref. Image 1
SNR (dB) Ws (nm) | (nm) | LER (nm)| CD (nm) | LER Dev (%)| CD Dev (%)
13.2 35.25 5.60 5.59 116.26 151 -0.11
16.0 26.79 4.03 5.76 116.33 4.61 -0.05
20.0 18.33 2.64 5.81 116.33 5.57 -0.04
27.9 9.87 1.21 5.60 116.41 1.73 0.02

Table 2.2: The CD and LER measured from the reference image 1, and the deviations from
the known CD and LER, are provided with the SNR level varied from 13.2 dB to 27.9 dB. The
Iter parameters {Vs and ) are also included in each case.

Ref. Image 2
SNR (dB) Ws (nm) | (nm) | LER (nm)| CD (nm) | LER Dev (%)| CD Dev (%)
13.2 46.53 7.41 3.38 128.11 -1.29 -0.03
16.0 32.43 5.34 3.55 128.17 3.71 0.02
20.1 21.15 3.48 3.70 128.11 8.27 -0.03
28.0 9.87 1.64 3.59 128.16 4.95 0.01

Table 2.3: The CD and LER measured from the reference image 2, and the deviations from
the known CD and LER, are provided with the SNR level varied from 13.2 dB to 28.0 dB. The
Iter parameters Vs and ) are also included in each case.

Ref. Image 3
SNR (dB) Ws (nm) | (nm) | LER (nm)| CD (nm) | LER Dev (%)| CD Dev (%)
13.8 46.53 7.41 2.89 133.66 -1.32 -0.06
16.5 32.43 5.34 3.07 133.74 4.95 0.00
20.6 21.15 3.48 3.19 133.77 8.86 0.02
28.5 9.87 1.64 3.09 133.76 5.67 0.01

Table 2.4: The CD and LER measured from the reference image 3, and the deviations from
the known CD and LER, are provided with the SNR level varied from 13.8 dB to 28.5 dB. The
Iter parameters Vs and ) are also included in each case.

Ref. Image 4
SNR (dB) Ws (nm) | (nm) | LER (nm) | CD (nm) | LER Dev (%)| CD Dev (%)
14.3 43.71 7.18 2.70 144.32 -0.38 -0.12
17.0 32.43 5.22 2.83 144.52 4.45 0.02
21.1 21.15 3.43 2.93 144.52 7.95 0.02
28.8 12.69 1.68 2.86 144.45 5.34 -0.03

Table 2.5: The CD and LER measured from the reference image 4, and the deviations from
the known CD and LER, are provided with the SNR level varied from 14.3 dB to 28.8 dB. The
Iter parameters Vs and ) are also included in each case.
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First, it can be seen from the tables that the Gaussian Iter designed by the proposed
method is effective in reducing the noise level and achieving the high accuracy in the measured
CD and LER in all cases. Speci cally, the average LER deviation is 4.4% and the maximum
LER deviation is 8.86%. The CD deviation is less than 1% in all cases. The reason for the
extremely small CD deviation is that the error in the detected edge location is not directly
re ected in the CD deviation (note that the CD depends on both left and right edges) and the
CD is averaged along the length dimension of feature (line). Second, one important observation
is that the high accuracy is achieved independent of the noise level. This well demonstrates the
good adaptability of the design method. As the SNR increases (i.e., the noise level decreases),
the decreases since the noise needs to be lItered less. Third, the LER deviation tends to be
smaller for a higher level of noise in some of the reference images and is negative in some of
the highest levels of noise. This might be due to the slight over- Itering by the Gaussian lter,
making the detected boundaries smoother.

It is worthwhile to point out that the LER deviation is caused by both the noise and lIter-
ing. The noise tends to make the measured LER increase. On the other hand, the ltering does
the opposite by reducing the high frequency components of LER. Depending on which effect
is more dominant, one may get an overestimation or underestimation of LER.

The proposed method is also applied to four real SEM images from which the reference
images are generated. These SEM images were obtained by using four different dose levels for
a L/S pattern (L=S=120 nm). A real SEM image is shown along with the detected boundaries
in Fig. 2.11. The Gaussian lter designed, and CD and LER measured are provided in Table
2.6. It is not possible to quantify the accuracy of the detected boundaries in these images
since the actual CD and LER are not known. However, it appears by visual inspection that the
detected boundaries are accurate. As the dose level increases, the measured CD becomes larger
as expected. Also, the measured LER is smaller for a higher dose level. This is consistent with
the well-known behavior of LER. A higher dose leads to a smaller relative stochastic uctuation
of exposure (energy deposited in the resist), which makes the LER smaller.

The overall procedure including the Iter design, boundary detection and computation of

CD and LER is computationally ef cient. It takes only a few seconds for an SEM image of
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Figure 2.11: (a) An example of real SEM image and (b) Feature boundaries detected in SEM
image in (a).

Original images
Ws (hm) | (nm) | LER (nm) [ CD (nm)
0.705 43.71 6.97 4.66 115.16
0.774 | 40.89 6.57 3.12 125.42
0.845 40.89 6.75 2.70 132.09
1.082 43.71 7.42 2.24 144.14
* Normalized Dose

Dose *

Table 2.6: The Iter parameters, and measured CD and LER for the SEM images obtained with
different normalized doses, 0.705, 0.774, 0.845 and 1.082.
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size1024 1024with 12 lines (24 edges per row) on a PC (Intel Xeon, 3.4 GHz, 8-G RAM).
It is worthwhile to point out that the computational requirement of an edge modeling approach
is much higher since each edge needs to be modeled individually through a time-consuming

error-minimization procedure.

2.5 Summary

A practical method to design a Gaussian Iter which plays a critical role in achieving a
high accuracy of detecting feature boundaries in SEM images is described. Given an SEM
image, the proposed method utilizes the frequency-domain representations of the signal and
noise estimated from the image in order to determine the shape (standard deviation) and size
of Gaussian lter. This allows to adaptively determine the level of Itering depending on the
relative noise level. Using a set of reference images for which the CD and LER are known, the
effectiveness of the Gaussian Iter designed by the proposed method has been veri ed. In all
cases considered, a high accuracy is achieved with the average LER deviation less than 5% and
the average CD deviation less than 1%. It is worthwhile to point out that the high accuracy is
achieved for various noise levels, which well demonstrates the good adaptability.

The proposed method is able to design an effective Iter without requiring a complicated
design procedure and is computationally ef cient. Therefore, it is believed that the proposed

design method has a good potential to be a useful tool.
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Chapter 3
3-D Modeling of Electron-Beam Lithographic Process from SEM Images

A 3-D modeling approach enables a more realistic representation of exposure distribution
in the resist and in turn allows one to obtain a more accurate remaining resist pro le through
the resist-development simulation [34]. In this chapter, the modeling procedures are described

and the results from an extensive simulation are presented.

3.1 2-D Modeling Approach

In our previous study [29], a 2-D resist model was employed in modeling the e-beam litho-
graphic process, i.e., the exposure variation along the resist-depth dimension was not taken into
account. The three components of e-beam lithographic process are modeled through iterations
by minimizing the modeling error, which consists of the modeling errors of the CD and LER.
The CD modeling error is de ned as the difference between the modeled CD and the CD mea-
sured in SEM images, and the LER modeling error as the difference between the modeled and
the measured LERs. An example of SEM image with the detected edges is shown in Fig. 3.1.
The CD and LER are measured from the detected inner and outer edges of a feature. In order
to make the convergence easier to achieve, the 2-D modeling is carried out in two steps, i.e.,
the linewidth (or CD) matching followed by the LER matching.

The deterministic line spread function, LSF instead of the PSF, is modeled since L/S pat-
terns are considered. In each iteration, the exposure distribution is computed from the stochastic
LSF and converted into the developing rate. Then, the remaining resist pro le is obtained from
the exposure distribution through the development simulation using the path-based method
[34]. From the remaining resist pro le, the CD and LER are computed from the feature bound-

aries. Then, the model is adjusted such that the modeling error is reduced.
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Figure 3.1: (a) An example of an SEM image in a L/S pattern and (b) detected boundaries
overlapped on an SEM image in (a). The inner and outer edges are used to calculate the CD
and LER.

The effectiveness of the 2-D modeling approach was well demonstrated for the case of
relatively thin resist and high beam energy in the previous study. However, this modeling relies
on a 2-D model, i.e., the exposure variation along the resist-depth dimension is not considered.
Therefore, when the exposure variation among layers in a resist is signi cant, such as for a
thicker resist, the 2-D modeling approach can lead to signi cant errors in modeling the e-beam
lithographic process. In order to reduce the modeling error, a more realistic model needs to be
employed. Hence, in the new approach, a 3-D model of resist layer is adopted and the modeling
procedures are also improved.

The improved procedures are applicable to the 2-D approach, too. In comparison with the

3-D approach in Sec. 3.3, the improved 2-D approach will be referred to.

3.2 3-D Modeling Approach

In the proposed modeling approach, a 3-D resist model of 5 layers (see Fig. 3.2) is em-
ployed so that the exposure variation along the depth dimension of resist is taken into account
in order to enhance the accuracy and applicability of modeling. An overview of the approach
is presented rst, and then the models and procedures involved in the modeling process are

described in detail.
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Figure 3.2: The resist model includes 5 resist layers, where the middle layer of the resist is
taken as the reference layer for the purpose of the 3-D modeling.

3.2.1 Overview

The goal of the modeling is to derive the LSF and noise models from experimental re-
sults such that the models can be used in the estimation and optimization for the same e-beam
lithographic process. The noise represents the stochastic uctuation of exposure. Through an
iterative procedure, the LSF and noise are modeled, being guided by CD measurements ob-
tained from SEM images. In order to keep the complexity of modeling low, the conversion
formula is xed. The overall ow of the modeling process is depicted in Fig. 3.3, where the
simulated annealing guides the iterations of modeling.

A set of parameters is used in representing each of LSF and noise models, and the iterative
modeling process is structured following the simulated annealing procedure. In each iteration,
(i) the model parameters are randomly perturbed (adjusted), (ii) the exposure distribution (of
each of the circuit patterns from which the CD measurements are taken) is computed using
the adjusted LSF and noise models, (iii) from the exposure distribution, the remaining resist
pro le is obtained through a resist-development simulation, (iv) the CD is measured from the
remaining resist pro le and the CD modeling error is computed. The steps from (i) to (iv) are
repeated for each of the CD measurements from SEM images. The change in the total CD
modeling error, i.e., cost function, determines the probability of accepting the adjusted models

of LSF and noise. The iteration continues until an acceptable modeling error is achieved.
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Figure 3.3: Overall ow of the modeling approach: the modeling is guided by simulated an-
nealing.

3.2.2 Exposure Distribution

In Fig. 3.4, the deterministic exposure distribution for a single line is plotted for 5 layers,
where the variation of the exposure distribution along the resist-depth dimension can be clearly
seen.

Since L/S patterns are considered in this study, the LSF, instead of PSF, is employed to
facilitate the modeling process. The stochastic LSF can be represented by the corresponding
deterministic LSF, denoted bgf 4(X; z), to which the noise is added. Therefore, the determin-
istic LSF and noise are modeled. Modeling the deterministic LSFs of 5 layers independently
would require a high complexity of computation and may not guarantee the convergence of
modeling. To reduce the complexity, the LSF at a reference layer is modeled and the LSFs at
other layers are derived from the LSF at the reference layer. This derivation is guided by the

layer-dependency ratiaR (x; z), de ned in Eq. 3.1.

LR(x Z) = Isf 4(X; 2)

—1sf g(x; Zo) 1)
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Figure 3.4: An example of average exposure distribution alonyg theection at different layers
from the PMMA/Si system: linewidth of 120 nm, resist thickness of 300 nm and beam energy
of 10 keV. The average exposure varies along resist-depth dimension.

wherelsf 4(x; z) andlsf 4(x; zo) are the deterministic LSFs at a layer and the reference layer,
respectively.

A number of instances of stochastic LSF are generated from a Monte Carlo simulation
(CASINO) and then the deterministic LSF for each layer is obtained by averaging the instances
for the layer [36]. Then, the LR can be computed from the deterministic LSFs. In Fig. 3.5,
an example of the LR obtained using the CASINO software is provided. In the modeling, the

stochastic LSF at a layer other than the reference layer is computed as in Eq. 3.2.

Isf (x;2) = Isf (X;z9) LR(X;2) (3.2)

3.2.3 Noise Model

The noise, i.e., exposure uctuation, tends to have the following characteristics: when
the exposure level, i.e., deterministic exposure, is higher, the absolute uctuation of exposure
is larger while the relative uctuation, de ned as the absolute uctuation normalized to the

average (deterministic) exposure, is smaller [29]. Noting that the deterministic exposure is
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Figure 3.5: An example of layer-dependency ratio: resist thickness of 200 nm, beam energy of
30 keV in PMMA/Si system.
highest at the centex(= 0) of LSF. The noiseg,(x), at the reference layee (= z)) is

modeled as in Eq. 3.3.
Isf a(X; Zo)

ST o(0; 20) (33)

e,(x)=rand g

whererand is a random number of the normal distributiNi{0; 1), ey is a noise level at
the center of LSF and is a parametelQ< < 1).
Through iterationsgy, and are to be estimated. Then, the stochastic exposure at the

reference layer is calculated as Eq. 3.4.

Isf (X; zo) = Isfa(X; Zo) + €n(X) (3.4)

To facilitate the modeling process, certain constraints to be imposed on the noise model
are derived from the data obtained by a Monte Carlo simulation.ed heust be withir2 18%

of the exposure level at the center (peak) of LSF, amdthe range of 0.3 - 0.7.

3.2.4 LSF Model

The computation of 3-D distribution of stochastic exposure starts from the deterministic

LSF at the reference layer as described above. In this study, the middle layer of resist is used
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as the reference layer. Therefore, the deterministic LSF at the middle layer is modeled. Since
an LSF is symmetric with respect to its centgr£ 0), only one sideX  0) needs to be
considered in the modeling.

In the previous study [29], the LSF was modeled point-by-point, which resulted in a high
complexity of modeling and made the convergence hard to achieve. In this study, the charac-
teristics of LSF are utilized to lower the complexity and also enable an easier convergence. A
typical LSF monotonically decreases as the distar¢cdrom the center increases. It varies
(decreases) fast whereis relatively small and very slow beyond a point, to be referred to
as turning point. Therefore, the deterministic LSF can be represented by two parts, i.e., the
fast-varying (“main lobe”) and slow-varying (“tail”) parts where the two parts are connected
through the turning point as illustrated in Fig. 3.6. The main lobe is modeled point-by-point
for suf cient exibility. On the other hand, the tail is modeled by an exponential function as in

Eq. 3.5, which involves only three parameters.

Isf4(x;20) = V; H* XV (3.5)

whereV, is the deterministic exposure at the turning poxatis the turning point andis
the base of exponential functiob € 1).

Since the domain of main lobe is much smaller than that of tail, the reduction of complexity
is signi cant.

In order to facilitate the modeling process and achieve a convergence to an acceptable LSF,
a few constraints, obtained from a Monte Carlo simulation, are imposed on the LSF, including
the shape of main lob&0Q 180%of the simulated LSF), the location of turning poiit (100
nm), the basé (0:96 0:99), and the ratio of the peak to the next poiqt {:25).

3.2.5 Cost Function

The cost function quanti es a modeling error and the iterative modeling process continues
until the (value of) cost function is reduced below an acceptable threshold. In the previous study

[29], both CD and LER modeling errors were included in the cost function. However, the LER
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Figure 3.6: lllustration of LSF adjustment: In an iteration, the length, location and scaling of
the perturbed section in the main lobe are randomly determined.

modeling error is excluded from the cost function in this study, to enable a lower complexity
of modeling leading to a faster and more stable convergence. The exposure uctuation (noise),
which causes the LER, affects the CD, i.e., a higher level of uctuation makes the CD larger.
Therefore, this new cost function takes into account the effect of noise and, therefore, can be
considered to re ect the LER modeling error indirectly.

The CD modeling error is de ned as the difference between the modeled and reference
CDs at a layer where the reference CD is de ned as the CD measured in the reference remaining
resist pro le. In the previous study, the CD modeling error was computed using the average of
the top and bottom CDs, i.e., the average of CDs at the top and bottom layers of resist. In this
study, in order to obtain a more realistic modeling result, the CD modeling error is evaluated at
each of the top and bottom layers. The cost functi@de ned as the average modeling error

in Eqg. 3.6.
1 X

N

JCDmi CDreri (3.6)

i=1
whereCD.,; andCD,; are theith modeled and reference CDs, respectivélyis the total

number of the top and bottom CDs from the SEM images.
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3.2.6 Simulated Annealing

The iterative modeling process is guided by the simulated annealing and the ow of mod-
eling is shown in Fig. 3.7. The modeling process consists of outer and inner loops. The outer
loop corresponds to the annealing temperature. The inner loop is nished after 3 successive
perturbations are rejected, or iterated up to 10 times to allow a suf cient annealing. In each
iteration, the deterministic LSF and noise are randomly perturbed. The stochastic exposure
distribution is computed using the stochastic LSF derived from the perturbed deterministic
LSF and noise. Through the resist-development simulation, the remaining resist pro le is ob-
tained, from which the modeled CD and subsequently CD modeling error are computed. This
process is repeated for each measurement of CD. Then, the cost function is evaluated and the
probability P of accepting the perturbed deterministic LSF and noise, is computed as in Eq.
3.7.

a

P=minflie "7'g (3.7)

where . is the modeling error (cost function) in the current iteratiqris the last accepted
modeling error, and is the annealing temperature.

The behavior oP (for > 0)is plotted in Fig. 3.8, where = . 4. The perturbed
deterministic LSF and noise are accepted with the probabilify.of his annealing process is
continued until the cost function goes below a threshold (0.01 nm) or the maximum number of

iterations allowed (or kK 0.01) is reached.

3.2.7 Initialization

The deterministic LSF and noise are initialized subject to the respective constraints (refer
to Sections 3.2.3 and 3.2.4): The initial deterministic LSF for the iterative modeling process
is obtained by randomly changing the LSF, up to 20%, used in generating the corresponding
reference resist pro les. The location of turning pokats initialized to the location where the

value of LSF is 1% of the peak, the bas® 0.97,e, to 8% of the peak of LSF, andto 0.5.
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Figure 3.7: The linewidth matching guided by SA is employed in the modeling process to
minimize the cost function. In each iteration, the perturbed LSF and noise parameters are
utilized going through the exposure and resist-development processes in order to compute the
cost function.

3.2.8 Perturbation

In each iteration, the deterministic LSF and noise are randomly perturbed with the follow-
ing guidelines.

A selected section of the main lobe is scaled up or down where the lo&fion S x;)
andlengthL(1 L 8) of the section are randomly decided. The perturbation ranges of the
scaling factor for the selected section of LSF, the laskthe exponential function for the tail
part, the noise leved, and for the noise are reduced from 150% (in the early stage) to 2% (in
the nal stage) of the allowed ranges mentioned in Fig. 3.2.4 through iterations. The location

Xt of the turning point is changed up tol nm in each iteration.
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Figure 3.8: The probability of acceptance decreases as the number of outer-loop iterations
increases (corresponding to the decrease of annealing temperature>o0.

3.3 Results and Discussion

3.3.1 Simulation

Reference resist pro les, for which the stochastic LSFs are known, are used in the mod-
eling. Note that, for arbitrary SEM images, the (true) LSF is not known and therefore the
accuracy of modeling can not be analyzed. Each reference resist pro le is obtained from the
respective stochastic LSF obtained from a Monte Carlo simulation for the substrate system con-
sisting of PMMA on Si. To analyze the versatility of the 3-D modeling, a number of reference
resist pro les are generated by varying lithographic and feature parameters. The beam energy
is varied from 10 to 50 keV, the resist thickness from 100 to 500 nm, the feature (line) width
from 20 to 120 nm, and 4 different dose levels are employed for each feature width.

The features with widths of 20, 60 and 120 nm are employed in the modeling. The pixel

sizes for exposure calculation and development simulation are 1 nm and 0.1 nm, respectively.

3.3.2 Modeling

The modeled deterministic LSFs are provided for varying resist thickness and beam energy

in Fig. 3.9 where each LSF is normalized by its total energy (exposure). It can be seen that the
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shape of LSF follows the expected general trend. The LSF is sharper for a higher beam energy
or a thinner resist. When the beam energy is higher, electrons are scattered less in the lateral
direction and deposit their energy mostly in a small area, leading to a sharper LSF. In the case
of a thinner resist, electrons still maintain a relatively higher energy when they arrive at the
substrate interface, i.e., there is a smaller (vertical) space through which they can be scattered
and therefore they have been scattered less reaching the interface. This results in a sharper LSF.
It is also observed that there is a smaller difference in the shape of LSF among different levels
of beam energy when the resist is thinner, but a larger difference for a thicker resist. These can
be understood through the same reasoning.

The accuracy of modeling has been analyzed in detail and the analysis results, i.e., average
modeling error (cost function), are provided in Tables 3.1-3.2. From the tables, it is seen that
the modeling error is much smaller for the 3-D modeling than for the 2-D modeling. Also, the
modeling error tends to become signi cantly larger as the resist thickness increases in the case
of 2-D modeling while it remains to be small. This well justi es the need to use the proposed

3-D modeling, compared to the 2-D modeling.

3.4 Summary

In this chapter, a practical approach to the 3-D modeling of the e-beam lithographic pro-
cess is described. Modeling the e-beam lithographic process based on the information extracted
from SEM images is a practical approach that has a potential to achieve high accuracy in the CD
estimation and correction. The 2-D modeling method previously developed does not consider
the exposure variation along the depth dimension of resist. This can result in lower accuracy
when the resist is thicker or the beam energy is lower. Hence, in this study, a 3-D approach
to the modeling has been investigated in order to develop a more general modeling method.
The layer dependency of exposure is expressed by the layer-dependency ratio with the LSF of
middle layer directly modeled. The iterative modeling process adopts the simulated annealing
to enhance the possibility of nding a good quality of solution (model). Through an extensive
simulation, the 3-D modeling has been tested for various combinations of resist thickness and

beam energy. The modeling errors (CD and LER) are substantially smaller than those by the

33



(@) (b)

(c) (d)

(e)

Figure 3.9: The deterministic LSFs from the 3-D modeling procedures for varying beam energy
from 10 to 50 keV and resist thickness of a) 100 nm; b) 200 nm; ¢) 300 nm; d) 400 nm and e)
500 nm.
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Thickness| Beam energy Modeling error
(nm) kev) | PP miayery | Xe(nm)| b
10 3D 0.33 0.0037| 0.517 35 0.965
2D 2.57 0.0070/| 0.519 20 0.977
20 3D 0.37 0.0038| 0.532 46 0.971
2D 1.07 0.0025| 0.543 28 0.970
100 30 3D 0.11 0.0023]| 0.463 91 0.976
2D 0.59 0.0018| 0.484 18 0.978
40 3D 0.06 0.0046| 0.505 14 0.961
2D 0.41 0.0013| 0.518 37 0.965
50 3D 0.09 0.0083| 0.522 21 0.970
2D 0.30 0.0013] 0.488 90 0.971
10 3D 2.74 0.0288| 0.519 18 0.961
2D 8.66 0.0203| 0.533 56 0.970
20 3D 0.97 0.0195| 0.520 29 0.969
2D 5.41 0.0064| 0.535 82 0.985
200 30 3D 0.53 0.0053| 0.544 26 0.966
2D 3.02 0.0057| 0.521 76 0.967
40 3D 0.17 0.0054| 0.526 22 0.970
2D 2.37 0.0052| 0.497 33 0.973
50 3D 0.12 0.0020| 0.507 86 0.988
2D 1.57 0.0023| 0.491 24 0.964
10 3D 1.14 0.0133] 0.534 64 0.962
2D 16.99 0.0138| 0.465 79 0.966
20 3D 0.34 0.0132| 0.560 58 0.964
2D 9.21 0.0106| 0.554 83 0.987
300 30 3D 0.94 0.0091| 0.505 34 0.974
2D 7.43 0.0108| 0.462 40 0.965
40 3D 0.14 0.0052| 0.515 48 0.962
2D 5.24 0.0064| 0.484 69 0.964
50 3D 1.83 0.0098| 0.464 16 0.964
2D 4,71 0.0053| 0.476 33 0.967

Table 3.1: The results from 2-D and 3-D modeling with resist thickness varied from 100 to 300
nm, and beam energy from 10 to 50 keV.
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Thickness| Beam energy Modeling error

(nm) (keV) SR (nm/layer) € Xe(nm) | b
10 3D 0.84 0.0140/| 0.506 77 0.987
2D 28.90 0.0153| 0.471 31 0.960
20 3D 0.71 0.0115]| 0.524 41 0.975
2D 15.98 0.0105| 0.553 31 0.960
400 30 3D 0.31 0.0093]| 0.482 56 0.960
2D 10.66 0.0255]| 0.523 55 0.961
40 3D 1.19 0.0098| 0.437 33 0.965
2D 8.33 0.0086| 0.502 45 0.966
50 3D 0.53 0.0046| 0.573 51 0.987
2D 6.40 0.0059| 0.532 60 0.966
10 3D 6.25 0.0167| 0.494 76 0.966
2D 41.03 0.0161| 0.514 77 0.967
20 3D 1.27 0.0128]| 0.455 32 0.960
2D 24.29 0.0163| 0.464 29 0.968
500 30 3D 0.64 0.0121| 0.552 61 0.964
2D 15.66 0.0085| 0.560 40 0.967
40 3D 4.26 0.0102| 0.474 18 0.962
2D 11.60 0.0188| 0.471 96 0.979
50 3D 2.03 0.0089| 0.539 95 0.969
2D 10.54 0.0082| 0.515 66 0.984

Table 3.2: The results from 2-D and 3-D modeling with resist thickness varied from 400 to 500
nm, and beam energy from 10 to 50 keV.
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2-D modeling in most cases and the shape of modeled LSF shows an expected dependency on

the resist thickness and beam energy.
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Chapter 4

Accurate Estimation of Critical Dimension and Line Edge Roughness Using a Neural Network

The use of a NN for the estimation of CD and LER makes unnecessary an explicit mod-
eling of the e-beam lithographic process. A NN is trained by data of a number of samples
obtained from the e-beam lithographic process and the trained NN is used in estimating the
CD and LER, given a set of the e-beam lithographic parameters, i.e., the resist thickness, beam
energy, beam diameter, linewidth and normalized dose. In this chapter, the procedures of train-
ing and tuning the NN are described and the estimation results obtained from the trained NN
through an extensive simulation are discussed. Also, the issue of reducing the training samples

is addressed to lower the computational complexity.

4.1 E-Beam Lithographic Process

A typical substrate system consists of a certain type of resist on top of the substrate. The
resist layer is exposed according to the dose distribution required for a circuit pattern to be
transferred. The exposure distribution in the resist; y; z), is related to the dose distribution,

d(x;y; 0), and the point spread functiopsf (x;y; z), through the convolution as in Eq. 4.1.

Z Z
e(x;y;z) = dix  x%y  y%0)psf(x%yS z)dxdy’ (4.1)

y0 X0

Then, the substrate system goes through a resist-development process and the transferred
pattern is obtained as the remaining resist pro le. The resist-development is governed by the
developing rate at each point of resist, which is determined by the exposure at the point. The
relationship between the exposure and the developing rate is often speci ed by a conversion

formula [34]. The contours (feature boundaries) of a remaining resist pro le at the top and the
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bottom layers are provided in Fig. 4.1 for a substrate system. From reference resist pro les
(equivalent to SEM images), the feature boundaries at the top and bottom are detected, and the
top and bottom CDs are determined, respectively. The CD is computed as the average of top
and bottom CDs. And the LER is computed as the standard deviation of the inner and outer

edge locations along the length dimension of a feature, i.e L.ER [29].

Figure 4.1: Contours of the remaining resist pro les at the top and bottom layers: substrate
system of PMMA on Si, resist thickness of 100 nm, beam energy of 10 keV, beam diameter of
10 nm, and normalized dose of 0.335.

In a previous study [29], this e-beam lithographic process was modeled explicitly by the
LSF, conversion formula, and exposure uctuation, to estimate the CD and LER in a given
pattern. An alternative approach, i.e., employing a NN, which avoids the explicit modeling
and therefore reduces the computational requirement is taken in this study. The weights of all
edges (links between neurons or nodes) in the NN may be considered to collectively model the
e-beam lithographic process and are determined to realize the behaviors of CD and LER.

Both CD and LER vary with e-beam lithographic parameters in general. For example, the
CD monotonically increases with the increment of dose as shown in Fig. 4.2(a). When the
dose is relatively low, the CD increases fast with the dose. However, once the CD reaches the
width of the exposed area, the rate of CD increase signi cantly drops as the dose continues to

increase. This is due to the fact that the exposure level decreases rapidly over the edge of the
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() (b)
Figure 4.2: The dependency of (a) CD and (b) LER on the dose for varying linewidth when the
development time is xed: substrate system of PMMA on Si, resist thickness of 100 nm, beam
energy of 10 keV, beam diameter of 10 nm, normalized dose of 0.335, exposure interval of 1
nm, and development time of 0.5 min.
exposed area. A similar dependency of LER on the dose can be seen in Fig. 4.2(b) except that
the LER decreases with the dose. As the dose increases, the relative uctuation of exposure
decreases and the edge location moves from the inside of a feature to the outside, both making

the LER smaller. Note that the absolute uctuation of exposure is much larger in the inside

than in the outside.

4.2 Estimation of CD and LER

The neural network employed for the estimation of the CD and LER in this study is a
multi-layer NN which is trained by the error back-propagation (EBP) algorithm with a set of
training samples. Each training sample is a known CD or LER for a combination of e-beam

lithographic parameters.

4.2.1 Structure of NN

The NN consists of an input layer, an output layer, and hidden layers between the input
and output layers as illustrated in Fig. 4.3. There are multiple nodes (neurons) in each layer

and every node in a layer is connected to all the nodes in the following layer. The output from
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P
nodej in a layer is expressed & = f ( iN=1 w; 1) wheref () is the activation function\ is
the number of inputs from the previous layer to npdg is theith input, i.e., the output from
nodei in the previous layer, ang; is the weight of the link (edge) between nadand node

j . In this study, the Sigmoid function(x) = —1~ is employed as the activation function.

1+e X

Figure 4.3: The illustration of a neural network with an input layer of 5 inputs (resist thick-
ness, beam energy, beam diameter, linewidth and normalized dgskidden layers witiN,
neurons each, and an output layer of 2 outputs (CD and LER).

Each training sample, which is an input vector of the NN, consists of e-beam lithographic
parameters, i.e., resist thickness, beam energy, beam diameter, linewidth and normalized dose,
and the output vector of the NN contains the CD and LER. For each training sample, the CD
and LER are known. From this point on, each element (i.e., e-beam lithographic parameter) of

the input vector is referred to as an input and, similarly, each element of the output vector as an

output.

4.2.2 Training with E-Beam Lithographic Samples

Through the input layer, each training sample is fed into the NN. After the forward calcu-
lation, the corresponding CD and LER become available at the output layer. Then, the training
errors (CD and LER) are computed, which are propagated backward through the layers to deter-
mine the amount of weight\; ) adjustment for every edge. This process of training is repeated

until the NN converges, e.g., the training errors no longer decrease. The edge weights may be
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Figure 4.4: The NN training process employs the EBP algorithm using a mini-batch. Each
mini-batch of samples is selected randomly in an iteration. The weights of nodes are updated
after the training on a mini-batch of samples is nished.

updated after each training sample or a batch of training samples. The overall ow of training

is shown in Fig. 4.4. The speci c issues involved in the training are discussed below.

4.2.2.1 Normalization of Inputs

The range of an input may vary signi cantly with input, e.g., resist thickness (nm) from
100 to 500, beam energy (keV) from 10 to 50, and normalized dose from 0.3 to 3.5. Therefore,
in order to have the same or similar range for all inputs in the NN, each input is normalized as
in Eq. 4.2.

o_ Xk E[Xdl
K

x0 = 2K Pk (4.2)
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wherexy is an inputx is the normalized element, afifx,] and are the mean and standard

deviation ofxy, respectively.

4.2.2.2 Initialization of Weights

The initial weights of edges may have a substantial effect on the convergence and error of
training. In order to avoid the saturation region (i.e., too small a derivative) of the activation
function, the combined inputP( N w;|;) to a node should not be too large. A reasonable
choice is to maintain the range of the normalized input. Note that the input normalized accord-
ing to Eq. 4.2 has the mean of 0 and the standard deviation of 1. The standard deviation of
the sum ofN uncorrelated samples of a random variablg ¥ times larger than the standard
deviation of the random variable. Hence, each weight may be initialized to a value selected

from the range of 1:Io N 1:p N ] whereN is the number of inputs to a node [37].

4.2.2.3 Gradient Descent Training

In the error back-propagation, the gradient descent training algorithm is employed [38].
The loss function consisting of the CD and LER training errors, i.e., half of the mean square
error, is employed and the weights are adjusted such that the cost function decreases most.

The amount of weight adjustment for the link between niottea layer and nodg in the

next layer is computed as in Eq. 4.3.
Wi = i I (43)

where is the learning rate; is the error at nodg, andl; is the input to nod¢ from nodei.
For an output nod¢ (a node in the output layer); is computed from the difference

between the outpud; and the known (target) outplif (CD or LER), as shown in Eq. 4.4.

=0 T) O 1 O) (4.4)
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For a hidden layer node(a node in a hidden layer) connected\taodes in the next layer;

is computed as in Eq. 4.5.

X
=0 1 G) Wik« (4.5)
k=1

That is, the error at nodeis derived from the errors at the nodes in the next layer.

4.2.2.4 Learning Rate

The learning rate sets the relative amount of weight adjustment that is allowed in each
weight update. A too large learning rate makes a weight change faster, but possibly oscillate
without converging. On the other hand, with a smaller learning rate, a weight tends to converge
to a stable value, but the training takes longer and may be possible to be trapped locally. In
the NN which generates normalized outputs, i.e., their absolute valiieas in this study, the
weight updates through the back-propagation can become so small that an effective training is
not possible, especially when the number of layers is large [39, 40]. Hence, a proper selection of
learning rate is necessary in such cases. In this implementation, the learning rate is determined

empirically.

4.2.2.5 Mini-batch

Updating weights for every training sample may cause them to oscillate, hampering their
convergence and leading to a relatively large training error. On the other hand, accumulating
weight changes for all training samples and re ecting the accumulated changes of weights in
one step tend to make the behaviors of weights more stable, but the convergence slower. A
reasonable approach to achieving an acceptable training error and speed would be to adopt the
concept of mini-batch, i.e., weights are updated after weight changes are accumulated for a
subset of training samples (a mini-batch).

The main purpose of employing a mini-batch in this application is to reduce the training
time without sacri cing the accuracy substantially [41]. As the mini-batch size increases, the

accuracy tends to improve, but the training time increases. Also, once the mini-batch size
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Figure 4.5: Process for estimating CD and LER with one forward calculation using the trained
NN.

reaches a certain level, the accuracy does not improve signi cantly. That is, there exists a
trade-off between the training accuracy and time.

Training samples may be stored in a speci c order, e.g., one of the lithographic parameters
is varied with the others xed. Taking mini-batches of training samples in such an order is
likely to follow a biased training path by the gradient-descent method, deviated from the path
leading to the minimal training error. To enhance the possibility of achieving the minimal error,

randomly-selected training samples are included in each mini-batch.

4.2.3 Estimation

Once the NN is trained, it is straightforward to use it for the estimation of CD and LER.
Given a speci cation of the lithographic parameters, the forward computation through the NN
is carried out and the estimated CD and LER become available at the output of NN without any

iteration as shown in the owchart in Fig. 4.5.

4.3 Results and Discussion

For training and testing the NN, remaining resist pro les for which the CD and LER

are known are employed. A number of such remaining resist pro les are generated through
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simulation for various combinations of the lithographic parameters. The CD and LER measured

from the reference remaining resist pro les are used as the training and test samples.

4.3.1 Reference Remaining Resist Pro les

In creating reference remaining resist pro les, each of the lithographic parameters is var-
ied: the resist thickness from 100 nm to 500 nm with an interval of 100 nm, the beam energy
from 10 keV to 50 keV with an interval of 10 keV, the beam diameter of 2 nm, 5 nm, 10 nm, 15
nm and 20 nm. The exposure distribution in the resist is computed using the point spread func-
tion generated by the software CASINO [36]. The substrate system is composed of PMMA on
Si. For each combination of the lithographic parameters, 50 instances of the 5-layer stochastic
PSF are generated. Then, a fast path-based method [34] for simulation of resist-development is
used to obtain the remaining resist pro le from which the CD and LER are computed.

A line feature is considered where the line-length is 2,000 nm and the linewidth is varied
from 50 nm to 150 nm with an interval of 10 nm. The dose is varied such that both under-
developed and over-developed remaining resist pro les are obtained in each case. In each
reference remaining resist pro le, the CD and LER are measured according to the edge location

de ned in Sec. 4.1 from a single line.

4.3.2 Training and Estimation Errors

The CD training error is de ned as the average difference between the trained CD (i.e.,
CD obtained after the training) and the known CD, and the CD estimation error as the average

difference between the estimated CD and known CD as in Eq. 4.6.

1 X
N

jCcD; CDj (4.6)
1

CD

whereN is the number of samples used in the training or estimatiip; is the trained or

estimated CD, an@D?is the known CD.
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The LER training and estimation errors are de ned similarly as in Eq. 4.7.

1 X o
LER — W jLER| LEle (47)
i=1

whereLER  is the trained or estimated LER, ah&R {is the known LER.
The percent training and estimation errors of the CD and LER are computed as in Eq. 4.8

and Eq. 4.9.

P
1 N
17N jcD;  CD
S N> b 1 100% 4.8
CD:p N Y ( . )
N iz CDf

Py .
L7 N JLER; LER]
LER®

100% (4.9)

LERp — P
i=1

Z|H

This is to obtain quanti cations of percent errors, not too sensitive to certain samples with

small CD or LER which may result in large errors.

4.3.3 Tuning of NN

To achieve the best performance in both accuracy and computation time, the structure and
parameters of NN need to be optimized. In the training of NN, the loss function is de ned as

in Eq. 4.10 [42].

'y X
loss = é( (CD; CD)*+ (LER; LERY? (4.10)

i=1 i=1

The size of mini-batch affects the performance of NN substantially. As shown in Fig.
4.6(a), the LER estimation error is around 10% for the mini-batch size of 5. For the mini-batch
size of 20 or larger, the LER estimation error is around 5% or less. On the other hand, the
computation time is longer for a larger size of mini-batch. For this application, it turns out
that the mini-batch size of 20 is a reasonable choice. The training takes about 50 hours on
the PC with Intel Core i5-4210U and 12 Gbytes RAM running at 2.4 GHz when the entire

4,096 samples are used as a batch, but about 500 seconds with the mini-batch of size 20. As
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Figure 4.6: LER estimation errors in the training process with varying (a) mini-batch size, (b)
learning rate, (c) number of nodes in a hidden layer, and (d) number of nodes in a hidden layer.
explained above, using a mini-batch reduces the training time greatly without sacri cing the
accuracy substantially.

The effect of the learning rate on the LER estimation error is shown in Fig. 4.6(b). Itis
seen that the LER estimation error is larger than 15% for the small learning rate of 0.025 and
decreases close to 5% as the learning rate increases to 1.0. A larger learning rate tends to make
the convergence faster, however, too large a learning rate such as 2.5 in Fig. 4.6(b) leads to the
divergence of the NN. Hence, in this study, the learning rate of 1.0 is used. Though there are
uctuations of the training error in the training process, this learning rate makes a fast training

and achieves smaller training/estimation errors for both CD and LER.
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The structure of NN may be characterized by the number of hidden lajgisagd the
number of nodes (neurons) per hidden layég X In Fig. 4.6(c), the dependency of the LER
estimation error ol is shown. The LER estimation error is as high as 70% when only a single
hidden layer is employed and decreases down to around $¥% excreases to 4. Adding more
hidden layers beyond 4 does not decrease the LER estimation error further. More nodes in each
hidden layer result in a smaller LER estimation error as can be seen in Fig. 4.6(d), but require a
longer computation time. The LER estimation error is around 13%lfor 20, and decreases

down to 5% ad\,, increases to 50.

4.3.4 Estimation of CD and LER

The optimized NN consists of 5 layers in total, i.e., 3 hidden layers, an input layer and
an output layer. There are 5 nodes in the input layer for the 5 lithographic parameters: resist
thickness, beam diameter, beam energy, linewidth, and dose. Each hidden layer is composed
of 50 nodes. The output layer has 2 nodes for the CD and LER. In the optimized NN, the
mini-batch size is set to 20 and the learning rate is set to 1.0. Each lithographic parameter is
sampled for the training and estimation as described in Section 4.3.1. In the optimized NN,
the linewidths and doses for the estimation are selected to be different from those used in the
training. The linewidth is varied from 50 nm to 150 nm with an interval of 20 nm for the
training, and from 60 nm to 140 nm with an interval of 20 nm for the estimation.

The optimized NN is trained with a subset of samples such that the training errors are
minimized, and the CD and LER are estimated for various combinations of the lithographic
parameters using the rest of the samples. The estimation errors are provided for various combi-
nations of resist thickness and beam energy in Table 4.1 where each error is the error averaged
over the other three lithographic parameters, i.e., beam diameter, linewidth and dose. The aver-
age CD and LER estimation errors for all the cases are 0.68% and 4.12%, respectively. It may
be said that the accuracy of estimation is high enough for the practical use. One observation
is that the largest estimation errors are obtained for the resist thickness of 500 nm and beam
energy of 10 keV. The thicker the resist is and the lower the beam energy is, the broader (less

sharp) the point spread function is. Hence, the exposure contrast over the feature boundary is
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smaller, which makes the location of the feature edge less stable. That is, the samples for the

estimation are likely less consistent with those for the training. This results in larger estimation

errors.

Resist Beam cb | cDp | LER | LERp
thickness (nm) energy (keV)| (hnm) | (%) | (nm) | (%)
10 0.41| 040 | 0.05| 4.39

20 0.58 | 0.57 | 0.07 | 5.87

100 30 0.45| 0.44 | 0.05| 4.16
40 0.39| 0.39 | 0.05| 4.09

50 0.58| 0.58 | 0.07| 4.73

10 0.65| 0.65 | 0.07 | 4.18

20 0.50| 0.50 | 0.04| 2.78

200 30 0.45| 0.45 | 0.07| 4.16
40 0.69| 0.67 | 0.08 | 5.11

50 0.62| 0.61 | 0.05| 3.27

10 0.62| 0.64 | 0.06 | 3.35

20 0.43| 0.42 | 0.07| 3.65

300 30 0.69| 0.68 | 0.10 | 4.86
40 0.40| 0.39 | 0.10| 5.08

50 0.61| 0.60 | 0.09 | 5.02

10 1.08| 1.15| 0.07 | 4.07

20 0.87| 0.92 | 0.10| 4.30

400 30 0.64 | 0.65 | 0.08 | 3.37
40 0.55| 0.55 | 0.07| 3.19

50 0.54| 0.54 | 0.09 | 4.50

10 1.79| 2.68 | 0.10 | 5.87

20 1.09| 1.58 | 0.08| 3.24

500 30 0.78 | 1.07 | 0.07 | 2.74
40 1.17| 1.55| 0.10| 4.30

50 0.89| 1.16 | 0.10 | 3.98

Table 4.1: CD and LER estimation errors in nm and percentage for varying resist thickness

and beam energy for the substrate system of PMMA on Si: Errors are averaged over the beam
diameters of 2, 5, 10, 15 and 20 nm, linewidths of 60, 80, 100, 120 and 140 nm, and normalized

doses.

4.4 Reduction of Training Samples

In general, using a larger number of training samples results in a smaller estimation error,
however, requires the preparation of more samples and a longer training time. Also, adding

more training samples beyond some point may not improve the estimation accuracy. Therefore,
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it is desirable to minimize the number of training samples without increasing the estimation
error signi cantly. For each lithographic parameter, the effect of reducing training samples
(from the training samples used to obtain the results in Sec. 4.3.4) on the estimation errors is
analyzed. The results are provided in Figs. 4.7(a)-4.7(e).

In Fig. 4.7(a), it is observed that when the number of training samples for the linewidth
is reduced to 3 from 6, the estimation errors, especially the CD estimation error, is increased
signi cantly. But, when 4 different linewidths are kept including the two linewidths at or close
to the two ends of the original range, the increase of the estimation errors is not signi cant.
Hence, the number of linewidths may be reduced to 4 at the expense of a minor increase in
the estimation errors. Both CD and LER vary with the dose rapidly when the dose level is
relatively low, however, changes vary slowly once the dose exceeds a certain level. Therefore,
as long as the dose is sampled suf ciently in the fast-varying region, a signi cant increase of
the estimation errors can be avoided as indicated in Fig. 4.7(b). Depending on the acceptable
accuracy of estimation, one may readily reduce the number of training samples down to 4.

The effect of the change in the beam diameter on the sharpness of PSF and in turn on the
CD and LER is smaller when the beam diameter is relatively large. Hence, removing one of
the large beam diameters does not increase the estimation errors much as shown in Fig. 4.7(c).

It is seen in Fig. 4.7(d) and Fig. 4.7(e) that the removal of any training sample for the
resist thickness and beam energy increases the estimation errors, the LER estimation error in
particular, signi cantly. Therefore, it is advisable to maintain the sampling intervals of 100 nm
and 10 keV for the resist thickness and beam energy, respectively, which are already suf ciently

coarse.

4.5 Summary

The line edge roughness becomes a more critical issue as the CD decreases down to
nanometers. An accurate estimation of CD and LER is an important task by itself and also
a necessary step toward the minimization of the proximity effect and LER in the e-beam lithog-
raphy. The estimation of the CD and LER for the e-beam lithographic process using a NN is

investigated.
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Figure 4.7: CD and LER estimation errors with a reduced number of training samples for (a)
linewidth, (b) normalized dose, (c) beam diameter, (d) resist thickness, and (e) beam energy.
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A number of remaining resist pro les are generated using the exposure and development
simulation programs and from each pro le, the CD and LER are measured. The NN is trained
and tuned by the measured CD and LER. Given a line feature with the speci cation of e-
beam lithographic parameters, the CD and LER are estimated by the NN. Through an extensive
performance analysis, it has been shown that, with proper network structure and training, the
NN can accurately estimate the CD and LER for wide ranges of the lithographic parameters.
Using a NN does not require a direct modeling of the e-beam lithographic process and therefore
avoids the involvement of the process components. Also, an addition or deletion of certain
lithographic parameter can be readily done in the training and estimation.

A large number of training samples is required for an acceptable estimation accuracy.
However, it has been shown that, for this application to the e-beam lithography, it is possible to
reduce the sample size substantially without degrading the accuracy much. As training samples
from experiments are accumulated, the accuracy of CD and LER estimation by a NN would be

improved.
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Chapter 5
Veri cation: Proximity Effect Correction

The accuracy of the modeling results in Chapter 3 is further veri ed through the proximity
effect correction. A dose modi cation with the reduction of the feature width is performed
based on the modeled LSF and noise. Then the CD error and LER are analyzed, and compared

with those by the 2-D approach.

5.1 Width Reduction

In this study, for the correction of the proximity effect, the width of a feature to be exposed
is reduced from the target (designed) widtth, by2 W where W is the width reduction on
each side of the feature as illustrated in Fig. 5.1, and the dose to be given to the reduced feature
width is computed such that the CD error is minimized through an iterative procedure shown

in Fig. 5.2).

Figure 5.1: The feature width is reduced byV each side and the dose is determined for the
reduced width.

When the CD error is minimized with W > 0, the boundary of a written feature would

be outside the exposed area. The LER tends to be much smaller outside than inside an exposed

54



Figure 5.2: The optimal dose is determined when the CD error (calculated with the modeled
LSF, noise parameters, and the reduced feature linewidth to be exposed) is below a threshold,
which is set to a small value.

area. This is due to the fact that the exposure level is lower and the absolute uctuation of
exposure is smaller in the unexposed area. Therefore, the reduction of feature width helps
achieving a smaller LER.

A proper W can be larger for a broader LSF, i.e., proportional to the standard deviation
of tted LSF from modeling. However, the width reduction also decreases the exposure contrast
over the feature boundary, which is not desirable from the viewpoint of process stability. Also,
when W is too large, an impractically high dose would be required or the feature may not

be developed to its full width. Hence, an upper limit ofV is necessary, and theW is
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determined empirically as in Eq. 5.1.
. 1
W = minfb2 + éc; 79 (5.1)
where is the standard deviation of the tted main lobe of the modeled deterministic LSF.

5.2 Dose Correction

With the reduced width of a feature, the optimal dose which minimizes the CD error is
derived iteratively using a bisection procedure. In this derivation, the modeled deterministic
LSF and noise are employed. The CD error is de ned as the difference between the target CD
and the average CD on the top and bottom layers.

In this study, the 3-D modeling is carried out for the reference cases for which the stochas-
tic LSFs are known (generated through a Monte Carlo simulation). In each case, the optimal
dose is used with the respective stochastic LSF to compute the exposure distribution and obtain

the CD and LER following the development simulation [34].

5.3 Results and Discussion

The results from the dose correction, i.e., the CD error and LER, are provided in Tables
5.1-5.5 for the linewidths of 40 nm and 70 nm. As in the modeling, various thicknesses of resist
and levels of beam energy are considered. Overall, itis seen that the CD error and LER achieved
by the 3-D model are signi cantly smaller than those by the 2-D model. The improvement by
the 3-D model is larger when the resist is thicker or the beam energy is lower. These are the
cases where the exposure distribution varies more with the resist layer and therefore the 3-D
model can describe the exposure distribution in the resist more accurately. Note that the 2-D
model does not take into account the layer-dependent exposure variation.

The optimal dose computed using the 2-D model is lower than that using the 3-D model as
can be seen in the tables. This makes the resist under-developed, especially at the bottom layer,
leading a negative CD error. In the cases where the resist is thick and the beam energy is low,

it can happen that the bottom layer is not developed at all, especially for a narrow feature. For
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a narrower feature, the exposure distribution is more layer-dependent. In such a case, the LER
cannot be evaluated properly from the remaining resist pro le (see “NA” in Tables 5.3-5.5).
This occurs in 11 cases of the 2-D results, compared to only one case of the 3-D results.

These veri cation results further con rm the advantages of and the need for the 3-D mod-

eling.

Target| Beam W Optimal CD error LER

width | energy| (nm) dose (nm) (nm)

(nm) | (keV) 3D\2D 3D \ 2D 3D \ 2D | 3D \ 2D
10 3 | 3 (0.438|0.414|-0.17|-1.96| 0.31| 0.49
20 3 | 2 10.825/0.731| -0.40| -1.00| 0.20| 0.49

40 30 2 | 2 [1.063|1.047|-0.03| -0.40| 0.23| 0.30
40 2 | 2 [1190| 1.167| 0.05 | -0.36| 0.20| 0.27
50 2 | 2 |1375|1.383|-0.42|-0.27| 0.27| 0.24
10 3 | 3 10.432|0.403|-0.01|-2.48| 0.35| 0.63
20 3 | 2 10.820| 0.726| -0.36| -1.22| 0.19| 0.55

70 30 2 | 2 [1061|1.047|-0.05|-0.38| 0.24| 0.30
40 2 | 2 [1.195|1.168| 0.16 | -0.29| 0.20| 0.27
50 2 | 2 (1392 1.379|-0.11|-0.31| 0.21| 0.25

Table 5.1: Estimation of the CD and LER through the PEC based on the 2-D and 3-D modeling
results for the resist thickness of 100 nm, and the target CDs of 40 nm and 70 nm.

5.4 Summary

The accuracy veri cation is realized through the proximity effect correction based on the
modeling results on substrate systems with varying resist thickness and beam energy. Accord-
ing to the comparison between the results of the 2-D and 3-D approaches, the 3-D approach
demonstrates a clear advantage over the 2-D approach in terms of the CD error and LER. And

this tendency becomes more obvious for a substrate system with a broader LSF.
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Target| Beam W Optimal CD error LER
width | energy| (nm) dose (nm) (nm)
(nm) | (keV) 3D\2D 3D \ 2D 3D \ 2D | 3D \ 2D
10 6 | 6 | 0.839]|0.743| 0.81 | -7.94| 0.34| 0.80
20 4 | 4 |1.330|1.209| 0.36 | -4.79| 0.21| 0.68
40 30 4 | 3 |1.854|1.690| -0.75| -2.51| 0.15| 0.50
40 3 | 3 (1979|1.871| 0.09|-1.82|0.14| 0.31
50 2 | 3 (2203|2.246| 0.01 | -1.15| 0.30| 0.17
10 6 | 6 |0.727| 0.702| -2.75| -5.69| 0.49| 0.65
20 4 4 | 1.275| 1.195| -0.57| -4.54| 0.26 | 0.68
70 30 4 | 3 ]1.819|1.675|-1.07| -3.12| 0.16| 0.62
40 3 | 3 ]1.950|1.861|-0.23| -2.05| 0.15| 0.35
50 2 | 3 ]2199|2.238| 0.03|-1.18| 0.31| 0.19

Table 5.2: Estimation of the CD and LER through the PEC based on the 2-D and 3-D modeling
results for the resist thickness of 200 nm, and the target CDs of 40 nm and 70 nm.

Target| Beam W Optimal CD error LER
width | energy| (nm) dose (nm) (nm)
(nm) | (keV) 3D\2D 3D \ 2D 3D \ 2D 3D \ 2D
10 7 | 7 |1.328| 1.078| 2.44 | -20.99| 0.65| NA
20 3 | 4 [1.690| 1.592| 1.77 | -10.34| 0.55| NA
40 30 4 | 3 ]2.328|2.213|-0.19| -2.40 | 0.31| 0.76
40 3 | 3 [2500|2416| 0.25| -3.22 | 0.28]| 0.88
50 4 | 4 |2953|2.839|-1.27| -3.53 | 0.20| 0.43
10 7 | 7 | 1.006| 0.929| -0.96| -16.43| 0.83| 1.74
20 3 | 4 |1583|1.553|-0.54| -5.83|0.76| 1.21
70 30 4 | 3 |2.247|2.167| -1.24| -3.04 | 0.34| 0.88
40 3 | 3 (2462|2.387|-0.18| -4.05 | 0.29| 0.99
50 4 | 4 |2.870| 2.815| -2.30| -3.72 | 0.24| 0.45

Table 5.3: Estimation of the CD and LER through the PEC in terms of the 2-D and 3-D mod-
eling results for the resist thickness of 300 nm, and the target CDs of 40 nm and 70 nm. “NA’
indicates that the resist is not fully developed.
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Target| Beam w Optimal CD error LER
width | energy| (nm) dose (nm) (nm)
(nm) | (keV) 3D\2D 3D \ 2D 3D \ 2D 3D \ 2D
10 7 7 | 2.021| 1.535| -0.01| -18.23| 1.05| NA
20 7 | 5 |2469] 2.072| 0.15 | -20.07| 0.49| NA
40 30 4 | 6 | 2.846| 2.795| -0.91| -17.45| 0.47 | NA
40 3 | 4 |3.065]2952| 1.73| -7.53 | 0.32| 1.39
50 4 | 3 |3555|3.378| -0.55| -6.24 | 0.26| 1.51
10 7 | 7 | 1.357| 1.196| 0.32 | -33.65| 0.96| NA
20 7 5 12.086|1.919|-0.17| -11.81| 0.45| 1.35
70 30 4 6 | 2.715| 2.665| -0.36| -7.79 | 0.42| 0.72
40 3 | 4 |2937|2.895|-0.16| -4.75 | 0.48| 0.83
50 4 | 3 |3.480| 3.346| -0.76| -4.70 | 0.28| 1.14

Table 5.4: Estimation of the CD and LER through the PEC based on the 2-D and 3-D modeling
results for the resist thickness of 400 nm, and the target CDs of 40 nm and 70 nm. “NA’
indicates that the resist is not fully developed.

Target| Beam w Optimal CD error LER
width | energy| (nm) dose (nm) (nm)
(nm) | (keV) 3D\2D 3D \ 2D 3D \ 2D 3D \ 2D
10 7 | 7 |2.859|1.534|-12.96| -16.61| NA | NA
20 7 | 7 13.282] 2959 3.14 | -20.29| 0.54| NA
40 30 6 | 5 [3.651] 3.258| -1.98 | -20.20| 0.57 | NA
40 6 | 6 | 3.906| 3.578| 1.69 | -5.57 | 0.29| NA
50 3 | 5 (4097|4031 1.13 | -9.66 | 0.37| 1.40
10 7 | 7 |1.792] 1.509| -5.32 | -30.81| 1.20| NA
20 7 | 7 |2513]2.352| 2.01 | -15.30| 0.54| 1.46
70 30 6 | 5 |3.227] 3.045| -0.28 | -13.18| 0.49| 1.70
40 6 | 6 |3.475]3.353| -1.83 | -7.75 | 0.40| 0.94
50 3 | 5 ]3916|3.873| -1.04 | -9.50 | 0.60| 1.19

Table 5.5: Estimation of the CD and LER through the PEC based on the 2-D and 3-D modeling
results for the resist thickness of 500 nm, and the target CDs of 40 nm and 70 nm. “NA’
indicates that the resist is not fully developed.
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Chapter 6

Application to Massively-Parallel E-Beam System

New e-beam lithography systems with a large number of beams, i.e., MPES, were recently
developed to improve writing throughput signi cantly. The 3-D modeling method is applied to

the MPES for veri cation with SEM images.

6.1 Massively-Parallel E-Beam System

The low throughput is a main drawback of the single-beam lithography system. Massively-
parallel e-beam system is one of the new technologies, which use a large array of beams si-
multaneously to increase the writing speed signi cantly [30, 31, 32, 33]. Fig. 6.1 shows the
principle of a mask exposure tool with a massively-parallel e-beam system using an aperture

plate system (APS) [31].

Figure 6.1: Principle of a massively-parallel e-beam system with an APS. Each of 512
apertures controls the availability of electrons within a certain size, 10 i@ nm or 20 nm

20 nm, onto the resist.
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In the current massively-parallel e-beam system, the size of each beam is relatively large,
compared to that in a single-beam system. Therefore, the energy deposition pro le due to a

beam is described by a transfer function (TF) rather than a PSF.

6.2 Modi cations of Modeling

To enable more general application of modeling and consider the characteristic of a MPES,

the 3-D modeling procedures described in Chapter 3 have been modi ed.

6.2.1 PSFandTF

The 1-D deterministic PSF, instead of LSF, is modeled at the middle layer of the resist.
Then, the TF is computed from the PSF. The main lobe of the 1-D PSF is guided by a Gaussian
curve since it typically follows the Gaussian shape. PSFs at other layers are derived from the
PSF at the middle layer.

The main lobe of PSF at each layer is tted to a Gaussian curve of which the standard
deviation is used to characterize the PSF. The ratio of standard deviation of PSF at a)layer (

to that of the reference layer (middle layer) is denoteddiyo (z) as in Eq. 6.1.

(2)
(20)

where (z) and (zo) are the standard deviations of PSFs at a laggafd reference layer,

ratio (z) =

(6.1)

respectively.
Similarly, the ratio of the amplitude of PSF at a layey {0 that of the reference layer is

denoted byatio 5 (z) asin Eg. 6.2.

A(2)
A(zo0)

ratioa(z) = (6.2)

whereA(z) andA(zp) are the amplitudes of PSFs at a lay®rdnd reference layer, respectively.
The amplitude and standard deviation of PSF at a lagecdn be derived aé(z) =
A(zo) ratioa(z) and (z) = (zo) ratio (z), respectively. Then, the main lobe of the 1-D

deterministic PSF at a layer) psf (x; z), can be expressed as in Eq. 6.3.
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psf(x;z) = A(z) exp(

whereR(x; z) is a random value allowing the deviation from a Gaussian function for a more

realistic PDF curve.

The 2-D PSF at a layer), psfap (X;Y; z), is derived by rotating the 1-D PSF around its
center. The deterministic TF at a laye),(T F(x;y; z), can be obtained from the convolution

between the 2-D PSF and the ideal THgea (X;Y), as in Eq. 6.4 and Eq. 6.5.

zZ Z
TF(Xy;2) = T Fidear (X x%y  yOpsfap (x4 y% z)dxUy° (6.4)

yo x

8

E 1 when & x
T Figeal (X; YY) =
0 otherwise

and

N

Nl
NI
<
N

(6.5)

where the beam size at the top surface of resiat isa.

6.2.2 Noise Model

To obtain the stochastic exposure, the noise (exposure uctuation) is added to the TF,

instead of LSF, for a MPES.

The stochastic TF at a layex)( T Fs(Xx;y; z), may be expressed as in Eg. 6.6.

TFs(X;y;2) = TE(X;Y;2) + e\ (X;Y; 2) (6.6)

wheree, (X;y; z) is the noise at a layeg].

The noise added on the TF is modeled as in Eq. 6.7.

en(X;y;z) = rand ey(2) % (6.7)

whereey(z) is the level of the exposure uctuatiomand is a random number of the
normal distributiorN (0; 1) andT F (0; 0; z) is the maximum value of the deterministic TF at a
layer @).
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The stochastic TF is employed to calculate the exposure distribution for a feature as in Eq.
6.8.

Z 7
e(x;y;2z) = dx  x%y y) TFs(x%y%z)dxdy’ (6.8)

yo X0

whered(x;y) represents the dose distribution given by all beams.

6.2.3 Cost Function and Constraints

From SEM images, the outer and inner boundaries of a feature may be detected as shown
in Chapter 2. However, without knowing the shape of sidewall, it is often uncertain that the
outer and inner boundaries actually correspond to the feature boundaries at the top and bottom
layers of resist, respectively. Alternatively, the feature boundaries may be de ned by the peak
brightness in the edge region (See Sec. 2.3). In this study, the CD measured from the peak-
based feature boundaries, which can be considered to be the middle CD (the CD at the middle

layer), is adopted in the formulation of cost function, as shown in Eq. 6.9.

=
%

=N jCD; CDj (6.9)

i=1
whereN is the number of middle CDs from SEM images, @B; andCD? are the modeled
and measured middle CDs, respectively.

While the inner CD may not be the bottom CD, it is clear that the latter can not be smaller
than the former. Hence, a constraint that the (modeled) bottom CD is not less than the inner
CD is applied to the modeling.

Also, a constraint on the total energy is added so that the exposure distribution inside the
feature is close to the middle section of the conversion formula. That is, in each iteration, the
2-D PSF is scaled such that the total energy of 2-D PSF does not change. Using a xed energy

of PSF facilitates the convergence of the modeling for consistent results.
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6.3 Results and Discussion

A L/S pattern was exposed by a MPES at Samsung, with the normalized dose ranged from
0.825 to 1.247 and developed to obtain a number of SEM images. Most of the lithographic
pattern parameters are con dential. Hence, based on the provided hints, it is assumed that the
resist thickness is 80 nm, both linewidth and space are 100 nm and the developing time is 30
seconds. The beam energy is known to be 50 keV.

SEM images are of 1024 1024 pixels and the size of a pixel is calculated as 0.5634 nm.

In each SEM image, 4 sidewalls of 2 complete line features are included (See Figs. 6.2 and

6.3).

6.3.1 Modeling

The SEM images with 3 different normalized doses employed for the modeling are shown
in Fig. 6.2, and the CD and LER measured from them in Table 6.1. It can be seen that the
middle and inner CDs increase with the normalized dose, while the LERs uctuate within a
small range (from 0.38 nm to 0.44 nm).

The modeling results are provided in Table 6.2. It can be seen that the modeled middle CDs
are closely matched with the ones measured from the SEM images and modeled middle LERs
are close to the measured ones. On the other hand, the modeled bottom CDs are larger than the
measured inner CDs. This is most probably due to the fact that the measured inner CD may
not be the actual bottom CD and the constraint on the bottom CD is applied in the modeling,
in addition to the inherent modeling error. The modeled bottom LER shows a larger variation
among the doses, compared to the measured inner LER. This may be explained similarly as for

the bottom/inner CDs.
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Table 6.1: CD and LER measured in SEM images from the MPES for modeling with varied

Normalized| Middle CD | Inner CD | Middle LER | Inner LER
dose (nm) (nm) (nm) (nm)
0.825 103.35 96.95 0.44 0.44
0.998 105.81 99.29 0.39 0.38
1.247 108.31 102.05 0.43 0.44

normalized doses.

Figure 6.2: SEM images from the MPES with normalized dose of (a) 0.825, (b) 0.998, and (c)

1.247.
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