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Accurate, fast, and nondestructive reconstruction of the etched nanostructures is important for etching process con-
trol to achieve good fidelity, as well as high manufacturing yield. In this work, we have demonstrated the improved
deep-etched multilayer grating reconstruction by simultaneously considering the model error of nonuniform side-
wall angle (SWA) because of different etching anisotropies of various materials and by suppressing the abnormally
distributed measurement errors using a robust statistics based method in optical scatterometry. More specifically,
we introduce an additional parameter to perfect the profile model under measurement, and use a robust estimation
procedure at the end of each iteration of the Gauss–Newton (GN) method to obtain the more accurate parameter
departure vector. By applying the proposedmethods, more accurate reconstructed results can be achieved. © 2015
Optical Society of America
OCIS codes: (120.0120) Instrumentation, measurement, and metrology; (120.2130) Ellipsometry and polarimetry;

(290.3200) Inverse scattering; (050.1950) Diffraction gratings; (000.5490) Probability theory, stochastic processes,
and statistics.
http://dx.doi.org/10.1364/OL.40.000471

As a primary feature pattern transfer method in inte-
grated circuit (IC) manufacturing industry, etching
directly affects the profile of the transferred film pattern
[1,2]. To control the etching process for achievement of
good fidelity, as well as high manufacturing yield, accu-
rate, fast, and nondestructive reconstruction of the
etched nanostructure is highly desirable. Among all the
metrology techniques, the optics-based ones, such as
specular x-ray reflectivity (SXR) [3], critical dimension
small-angle x-ray scattering (CD-SAXS) [4] and ellipso-
metric scatterometry [5,6] are regarded as having the
potential to meet these demands. Moreover, optical scat-
terometry is relatively ideal because of its low cost, high
throughput, small hardware, and minimal sample
damage [7].
Optical scatterometry is a model-based technique, and

its success relies heavily on two main procedures in-
volved, namely, the forward modeling and the inverse
parameter extraction. For the forward modeling, no mat-
ter what kind of algorithm (such as the finite element
method (FEM) [8] or the rigorous coupled-wave analysis
(RCWA) [9–11]) is used, the parameterized profile model
can be regarded as the key and prerequisite for the
reconstruction of the measured nanostructure, since
the model errors [12–14] between the profile model
and the actual profile of the nanostructure directly affect
the final parameter extraction accuracy. Besides the
modeling errors, the inevitable measurement error is
another source that may reduce the parameter extraction
accuracy. If we know the statistical property of the mea-
surement errors exactly, we can use the maximum like-
lihood estimation (MLE) to accurately extract the
parameters. In particular, when the related inverse prob-
lem is discrete and the measurement errors are indepen-
dent and normally distributed [15,16], the least square

(LSQ) function based methods such as LSQ-based
Gauss–Newton (GN) algorithm can be used to extract
the parameters, and in this case, the least LSQ solution
is the same as the MLE solution [17]. However, as empha-
sized in [18–20], the measurement errors in optical
scatterometry are never normally distributed in consider-
ation of the multiple system error sources, such as the
finite bandwidth [21] and the collimation of the light
source [22]. The abnormally distributed measurement er-
rors will inevitably affect the parameter extraction accu-
racy when using the traditional LSQ-based methods.
Hence, in order to improve the measurement accuracy,
it is desirable to pick out the primary model error for the
perfection of the profile model, as well as developing ef-
ficient algorithm to suppress the abnormally distributed
measurement errors.

In this Letter, we will present the improved
reconstruction of a deep-etched multilayer grating by
perfecting its profile model via considering the model er-
ror of nonuniform side-wall angle (SWA) and by using the
principle of robust statistics to suppress the abnormally
distributed measurement errors in the measured
signature.

First we present the model error of nonuniform SWA
and its origin. The cross-section image of the deep-etched
multilayer grating obtained by transmission electron
microscopy (TEM) (TE20, TEM.FEI Co.) is presented
in Fig. 1, in which we can find that the sample consists
of Si, SiO2, and nitride Si3N4 trapezoidal gratings from
bottom to top. Figure 2(a) presents the etching for the
Si3N4 layer, as well as its underneath thermal thin SiO2
layer on a (100)-orientation single layer Si substrate in
the first half of the etching procedure by a reactive
ion etcher (KIYO, LAM Co.). In consideration of the ultra-
thin thickness of the SiO2 layer (about 10 nm), its SWA
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can be treated the same as that of the nitride layer, which
is represented by SWA1. With the pushing of the etching
procedure, the Si substrate is etched with an SWA repre-
sented by SWA2, as shown in Fig. 2(b). After removing
the ArF photoresist, we can obtain the deep-etched
multilayer grating. Traditionally, it is assumed that
SWA1 � SWA2, since both of them are achieved in the
same etching procedure, as shown in Fig. 2(c). However,
we should point out that each material presents a specific
anti-etching ability; hence, its etching anisotropy A [23],
which is defined as

A � Rvertical

Rlateral
; (1)

is also specific. Here Rvertical and Rlateral are the vertical
and lateral etch rates, respectively. It is, deservedly, to
deduce that the anisotropy is equivalent to the tangent
of the SWA of the trapezoidal profile, i.e.,
A � tan�SWA�. From the above discussion, it is valid
to add an additional model parameter, namely, the
SWA of Si grating represented by SWA2, on the basis

of the simple model presented in Fig. 2(c) (characterized
by D1, H1, H2, H3, SWA1 and pitch P), as shown in
Fig. 2(d). For simplicity, the models in Figs. 2(c) and
2(d) are labeled as Model A and Model B, respectively.

Besides the model error, the abnormally distributed
measurement errors will also reduce the measurement
accuracy of the LSQ-based method, as emphasized
above. To give a detailed explanation, we present
the commonly used LSQ-based GN algorithm below.
First, we formulate the inverse problem in optical
scatterometry as

x̂ � arg min
x∈Ω

f�y − f�x��Tw�y − f�x��g: (2)

The formulation on the right side of Eq. (2) is the
well-known LSQ function, which is used to quantify
the difference between the measured signature y and
the calculated signature f�x�. Here, x represents the
vector containing the parameters under measurement,
x̂ is the solution of the inverse problem, w is the weight
matrix, and Ω is the parameter domain. Then the GN
algorithm, whose key point is the following iterative
formulation:

Δx�i� � −�J�x�i��TwJ�x�i���−1J�x�i��TwΔy�i�; (3)

can be used to converge iteratively to the solution x̂, pro-
vided an appropriate initialization has been chosen. Here
the terms Δx�i�, J�x�i��, and Δy�i� represent the parameter
departure vector, the Jacobian, and the residual column
vector of the ith iterative step, respectively, and super-
script T represents the transpose. Since J�x�i�� and w
are constants in the current ith iteration as shown
in Eq. (3), the parameter departure vector Δx�i� is unique
determined by Δy�i�. In consideration of the fact
that Δy�i� contains the abnormal measurement errors,
after by multiplying the magnification coefficient
−�J�x�i��TwJ�x�i���−1J�x�i��Tw, the measurement errors
will inevitably deliver a bias to Δx�i�. To reduce the effect
of abnormally distributed measurement errors on the
extracted parameters, we propose to use a robust estima-
tion procedure,

Δx̂��i� � arg min
Δx��i�∈Ω�

(Xm
j�1

ρ�Δy�i�j � J�x�i��jΔx��i��
)

� arg min
Δx��i�∈Ω�

(Xm
j�1

ρ�r�i�j �
)
; (4)

to take the place of Eq. (3) for obtaining the more accu-
rate parameter departure vector Δx̂��i�. Here m, Δy�i�j ,
J�x�i��j , Ω�, and ρ represent the number of elements in
the measured signature, the jth element of Δy�i�, the
jth row of J�x�i��, the parameter domain of Δx��i�, and
a pre-defined robust objective function. The asterisk is
used to distinguish the result obtained by using the ro-
bust estimation from that obtained by Eq. (3). Equa-
tion (4) is referred to as an M-estimate that is usually
regarded as the most relevant class for model fitting
[24], and the solution of Eq. (4) is called an M-estimator.
According to the research achievement of Beaton and

Fig. 1. Cross-section TEM image of the investigated deep-
etched multilayer grating, which consists of Si, SiO2, and
Si3N4 trapezoidal gratings from bottom to top.

Fig. 2. Etching for (a) Si3N4∕SiO2 layers and (b) Si substrate in
one etching procedure, and the two possible profile models of
(c) uniform SWA and (d) nonuniform SWA after photoresist re-
moving, respectively.

472 OPTICS LETTERS / Vol. 40, No. 4 / February 15, 2015



Tukey [25], we can get the solution Δx̂��i� by choosing a
weight function ω�r�, which is defined as

ω
�
r�i�j

�
� ρ0

�
r�i�j

�
∕r�i�j ; (5)

where ρ0�r�i�j � denotes the derivative with respect to r�i�j .
Different weight functions present different abilities for
the suppressing of abnormally distributed measurement
errors. In this Letter, the weight function is chosen as

ω
�
r�i�j

�
�

8>><
>>:

cA
r�i�j

sin
r�i�j

cA
; jr�i�j j ≤ πcA

0; jr�i�j j > πcA

; (6)

where cA is a scale that is adjusted in each iteration. In
this work, cA is automatically selected using the follow-
ing equation:

cA � 1.4628 × MAD�r�i��; (7)

where MAD�r�i�� � median�jr�i� −medianjr�i�jj� [26], and
r�i� � �r�i�1 ; r�i�2 ;…; r�i�m �. The use of Eq. (6) indicates that
the weight of a specific data point is the function of
its ith calculated residual r�i�j , and if the absolute value

of r�i�j is larger than πcA, the weight is set as zero. After
defining the weight function, the iteratively reweighted
least squares (IRLSs) [27] can be applied to solve the
weighted least-square problem presented in Eq. (4). By
applying the above robust estimation, the more accurate
extracted parameters can be achieved. In the following
content we will experimentally demonstrate the im-
proved grating reconstruction with consideration of
the above profile modeling error and abnormally distrib-
uted measurement error. A house-built dual-rotating
compensator Mueller matrix ellipsometer (DRC-MME)
[28,29], together with an in-house optical modeling soft-
ware package based on RCWA [11], was used to recon-
struct the deep-etched multilayer grating as shown in
Fig. 1. The Mueller matrices (normalized to m11) were
measured at 601 points over wavelengths ranging from
200 to 800 nm with the incidence angle θ fixed at 55°.
We treated the azimuthal angle φ as a floating parameter
since, in our DRC-MME prototype there is no positioning
device on the rotating stage yet, and the zero angle can-
not be guaranteed accurately by the manual mode. The
pitch P is fixed at 154 nm for both Model A and Model B,
and the profile parameters, as well as the azimuthal
angle, φ are obtained using the traditional LSQ-based
GN method. The initial values of geometrical parameters
and azimuthal angle are chosen as the nominal ones and
zero, respectively. The extracted parameters for Model A
and Model B are presented in Table 1, in which we can
find that the values of D1,H1,H2,H3, and SWA1 given by
Model B are closer to the TEM measured ones than that
given by Model A.
Next we will demonstrate that the proposed robust es-

timation method can further improve the measurement
accuracy by suppressing the abnormally distributed mea-
surement errors in the measured signature on the basis of
the corrected profile model (Model B). First, we will

validate that some of the measurement errors in the
measured Mueller matrix of the deep-etched multilayer
grating are abnormally distributed. We calculate the
weighted fitting differences of the measured and best
fitted Mueller matrix elements, as shown in Fig. 3. Note
that, in practice, to accurately obtain the measurement
errors is impossible; thus the fitting differences between
the measured Mueller matrix and the best fitted one are a
compromise, but this compromise is still able to indi-
rectly reflect the actual statistics property of the mea-
surement errors in the measured signature. The best
fitted Mueller matrix elements are calculated from the
extracted parameters of Model B by the LSQ-based
GN method. As seen in Fig. 3, many data points are
obviously out of the range of −3 to 3, and a part of which
are even larger than 300. Moreover, we could also notice
that most of the large abnormally distributed data points
locate in the Mueller matrix elements of m12, m13, m14,
m21, m33, m34, m43, and m44.

We used the proposed robust estimation method to ex-
tract the parameters of Model B for the deep-etched mul-
tilayer grating, and presented the fitted results in Table 1.
As expected, nearly all of the fitted geometrical param-
eters obtained by robust estimation are closer to the TEM
measured ones than that obtained by the LSQ-based

Table 1. Comparison of Parameters Extracted from
MME and TEM Measurement

LSQ-Based GN

Parameter Model A Model B Robust Estimation TEM

D1 (nm) 65.52 74.63 75.32 75.01
H1 (nm) 127.21 132.45 135.51 135.6
H2 (nm) 26.44 13.44 9.12 9.92
H3 (nm) 123.32 130.67 132.79 134.29
SWA1 (°) 83.98 86.96 87.45 87.49
SWA2 (°) — 81.92 82.74 82.29
φ (°) −1.89 −1.99 −2.64 —

-400

0

400

200 400 600 800

Fig. 3. Weighted fitting differences of Mueller matrix ele-
ments. The Mueller matrix elements are normalized to m11.
The horizontal axes, varying from 200 to 800 nm with an incre-
ment of 1 nm, denote the wavelengths; the vertical axes, varying
from −400 to 400, denote the associate weighted fitting
differences.
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GN method. More specifically, we can find that the
parameters H1, H2, H3, and SWA1 obtained by robust re-
gression are 3.06, 4.32, 2.12 nm, and 0.49° closer to the
TEM measured values than that by the LSQ-based GN
method for Model B, respectively. The above results have
demonstrated that the measurement errors in the mea-
sured signature cannot be treated as normally distrib-
uted, and it is necessary to use the principle of robust
statistics to suppress the abnormally distributed mea-
sured errors.
In summary, we have demonstrated that, by consider-

ing the model error of nonuniform SWA, and by using the
principle of robust statistics, the profile reconstruction of
the deep-etched multilayer grating can be greatly
improved. More specifically, the model error is dealt with
by introducing an additional parameter SWA2 to perfect
the profile model, and the effect of abnormally distrib-
uted measured errors on the extracted parameters is
suppressed by using a robust estimation procedure to re-
place the traditional GN iteration procedure.
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