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Abstract: This paper describes an approach to incorporate a random field uncertainty in
level-set-based inverse lithography in a vector imaging model. It is expected that the approach
can improve the robustness of the photomask evaluated by MEEF.
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1. Introduction

Lithography is a key technique for the advancement of Moore’s law for reducing the scale of integrated circuits. As
the feature size of integrated circuits arrives 10nm and beyond, various technologies are exploited to further push
down the resolution limit of the lithographic system. Inverse lithography technology (ILT), which uses a pixel-based
representation of the mask to overcome the optical proximity effect, is a strong candidate to enable the extension of
Moore’s law.

A critical issue of ILT is the uncertainty of the photomask, which is usually unavoidable due to photomask fabri-
cation errors and representation inaccuracy. The uncertainty has a major impact on the lithography performance as
exploited by Sturtevant et al. and Rudolph et al [1, 2]. Recently, we have propose a random field method to describe
the shape uncertainty of the photomask and analyze its impact on the lithography imaging performance and the inverse
lithography algorithms [3,4]. An optimization algorithm is introduced to derive a mask which is robust to shape errors
with reduced mask error enhancement factor (MEEF) and improved critical dimension uniformity (CDU).

In this paper, we cast the optimization framework to a vector diffraction imaging model. The vector Hopkins model
is adapted to accounts for the polarized illumination source and can faithfully simulate the high numerical aperture
(NA) effect, which is ignored with a scalar imaging model. The mask optimization in inverse lithography is performed
with a level-set-based algorithm where the level-set function is updated to enhance the pattern fidelity of the printed
pattern and the target pattern. Simulation results show that the method is effective to improve the robustness of the
photomask to shape errors and reduce the MEEF in the vector model.

2. Forward lithographic model

The mainstream lithographic tools integrate an immersion imaging system with high NA. The imaging model of
the system is described with a partially coherently imaging system, and the high NA effect, reduction, should be
considered. For inverse lithography, an aerial imaging model with the Hopkins theory is preferred, and the aerial
image can be expressed as [5]

Ia(x,y) = ∑
k=x,y,z

∫
· · ·
∫ +∞

−∞

TCCk(f′, f′′;g′,g′′)O(f′,g′)O∗(f′′,g′′) (1)

e−i2π[( f ′− f ′′)x+(g′−g′′)y] d f ′ dg′ d f ′′ dg′′,

where O( f ,g) is the spectrum of a mask pattern U(x,y) with a thin mask approximation, and TCC is the transmission
cross coefficient. In the vector model, we define a TCC matrix integrating a transfer matrix M0, which can be used to
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describe the vector effect [6], and it is expressed as

TCCijk(f′, f′′;g′,g′′) =
∫∫ +∞

−∞

J( fc,gc)H( f ′+ fc,g′+gc)H∗( f ′′+ fc,g′′+gc)

M0ik( f ′+ fc,g′+gc)M∗0 jk( f ′′+ fc,g′′+gc)EiE∗j d fc dgc, (2)

where J( fc,gc) is the illumination intensity distribution of the extended source, Ei is the electric field of the exit pupil,
H( f ,g) is a pupil function, and the function can be used to represent the Jones matrix for a vector pupil.

After obtaining the TCC matrix, the sum of coherent system (SOCS) theory can be introduced, where the TCC
matrices are decomposed into kernels, to compute the aerial image [7]. For the convenience of TCC decomposition
and aerial image computation, we add the TCC matrices of each k component together as

TCCk(f′, f′′;g′,g′′) = ∑
i=x,y
j=x,y

TCCijk(f′, f′′;g′,g′′). (3)

To achieve the final output resist pattern, a sigmoid function is used to simulate the resist effect as shown in previous
work [4].

3. Robust level-set algorithm

In robust inverse lithography with random field uncertainty, we aim to minimize the following objective function [3,4]

µ
′
L {φ(x,y,θ)}=

P

∑
j=1

p j
(
φ j(x,y,θ)

)
L
{
T [φ j(x,y,θ)] , It(x,y)

}
, (4)

where φ j(x,y,θ) is a random field for the level-set function of the mask patterns with shape uncertainty, p j is the
statistical distribution of the random mask, and T [·] denotes the forward model transferring the mask pattern to the
resist one. For the level-set-based algorithm, a time-dependent model is introduced to update the level-set function to
minimize the cost function [8]

∂φ

∂ t
= |∇φ |~v(x,y), (5)

where ∇φ is the gradient of the level-set function, and~v(x,y) is a velocity defined for the level-set function update. In
inverse lithography, the velocity is defined as the negative derivative of the cost function

~v(x,y) =−∇µ
′
L {φ(x,y,θ)} , (6)

which is shown to be an effective method to minimize the cost function.

4. Simulations and Results

Simulation of inverse lithography is performed on a four bar mask pattern, whose line width is 45nm, and the simula-
tion range is 1500×1500nm on the wafer scale. The pixel size of the simulation is set as 3nm. The imaging system is
an ArF immersion system with a wavelength of 193nm and a TE polarized quasar illumination whose opening angle
is 45◦. The NA of the imaging system is 1.35. The aerial image is computed with the image model presented above.
To verify the accuracy of the model, we make comparison of image intensity obtained with our model and the the
one from Dr.LiTHO, which is widely used for lithographic simulation [9]. The maximum error of the image intensity
obtained with the above model is on the order of 10−3 under the same optical configuration and leads to negligible CD
difference, and thus the image model presented above is suitable for the lithographic simulation.

The simulation results are shown in Fig. 1, where the optimized mask pattern, the aerial image and the resist contours
with and without considering the shape uncertainty are shown in 1(a)- 1(d), and the measured MEEF values are shown
in 1(e). The MEEF are measured at the both the end and the center of the four bars of the mask pattern. Both the
optimized mask patterns shown in Fig. 1(a) and 1(c) can print resist pattern with high pattern fidelity to the target one.
At the same time, the MEEF values of the mask pattern in Fig. 1(c), which is obtained with considering the random
field shape uncertainty, are smaller than those for the mask obtained in the conventional mask optimization flow. The
results demonstrate that the incorporation of random field uncertainty is helpful to reduce the sensitivity of imaging
performance to mask errors in level-set-based inverse lithography in a vector imaging model.
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Fig. 1. Simulation results of inverse lithography on a four-bar mask pattern with a traditional ILT
and the one considering the shape uncertainty are shown in the upper and lower lows, respectively.
The inverse lithography is performed with a level-set-based algorithm (ILT), and the one with shape
uncertainty is performed with a minimax algorithm.
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