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A B S T R A C T   

Optical scatterometry has been widely used for nanostructure metrology in integrated circuit (IC) given the fast, 
low-cost, non-contact, non-destructive, and in-line technique. Library search is a common solution for optical 
scatterometry, but the deterministic error in this method is hard to be eliminated due to the limitation of the grid 
interval in the spectral library. Another solution is the nonlinear regression algorithm, which faces difficulty in 
practical applications in meeting the in-line real-time requirements as it involves the time-consuming rigorous 
coupled-wave analysis (RCWA) calculations in the forward modeling. In this paper, we propose a combination of 
library search and Levenberg-Marquardt (LSLM) algorithm to solve the problem. We apply a presorted K- 
dimensional tree (KD-tree) algorithm to speed up searching the initial parameters in the spectral library and 
replace the time-consuming RCWA calculations with the Taylor expansion in the spectral library to compute the 
Jacobian matrix in the Levenberg-Marquardt (LM) procedure. Simulations and experiments demonstrate that the 
results in the proposed method are accurate, and in particular, the speed is much faster than that in previous 
methods.   

1. Introduction 

Metrology of the nanostructure morphology including film thickness, 
line width, line height, sidewall angle, etc. in semiconductor 
manufacturing plays a critical role in improving the quality and yield of 
the final semiconductor devices [1–3]. In contrast to the traditional 
methods such as atomic force microscope (AFM) [4], scanning electron 
microscope (SEM) [5], and transmission electron microscope (TEM) [6], 
the optical scatterometry, frequently referred to as optical critical 
dimension (OCD) metrology [7–9], has significant advantages due to the 
fast, low-cost, non-contact, non-destructive, and easily-integrated 
properties. There are two main procedures in optical scatterometry. In 
the first procedure, a parameterized forward model is established to 
calculate the optical spectrum from a corresponding diffractive structure 
through computational electromagnetic methods, including the 
finite-difference time-domain (FDTD) [10], finite element method 
(FEM) [11], and rigorous coupled-wave analysis (RCWA) [12–14]. The 
spectrum can be represented by reflectance, ellipsometric angles, Stokes 

vector elements, and Mueller matrix elements to collect the scattered 
light information from diffractive structure. The second step is to extract 
nanostructure parameters through matching the measured and theo-
retical spectrum, which is a typical inverse problem. 

One feasible method to solve the inverse problem in optical scat-
terometry is library search, in which a spectral library is generated to 
search the best match with the measurement spectrum [15,16]. It has 
been applied into semiconductor manufacturing and proved to be an 
effective approach to solve the inverse problem in optical scatterometry 
[17–19]. The K-dimensional tree (KD-tree) is a traditional searching 
algorithm establishing spectral trees to improve the speed in the library 
searching [20]. However, the large dimension K in wide range spectrum 
wavelength influences the speed of establishing the tree in the process of 
traversing along the data dimension in dividing sub dataset. Further-
more, as the number and range of nanostructure parameters increases, 
the storage of the spectral library and the searching time grow expo-
nentially. The deterministic error between the expected solution of in-
verse problem and the searched solution obtained by conventional 
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library search can not be eliminated due to the limitation of the grid 
interval. To address the problem, Chen et al. proposed two methods, 
fitting error interpolation based library search (FEI-LS) [21] and 
correction-based library search [22], to improve the accuracy in library 
searching. The FEI-LS interpolates on the fitting error between the 
measured spectra and the calculated spectra presorted in the library. In 
the correction-based library search method, the error is estimated from 
the linear model of the theoretical spectrum of the diffractive structure 
and applies the error to correct the searched solution. However, the 
systematical noise in spectra results in unstable solutions in the mea-
surement. Zhu et al. proposed a heuristic search and correction algo-
rithm, in which nanostructure parameters are extracted by 
Gauss-Newton iterations [23]. Both spectral library and Jacobian li-
brary are established to calculate the Jacobian matrix and update the 
step in each iteration. However, one issue of the heuristic search is that 
the initial parameter is in the neighborhood of the global solution. The 
time and storage of establishing library are also double of that in other 
library search methods. 

Another solution to the inverse problem is nonlinear regression [24, 
25]. Some nonlinear regression techniques, such as the 
Levenberg-Marquardt (LM) algorithm and its variants which combine 
with the artificial neural network (ANN) [26], have also been proposed. 
The LM algorithm is a classical optimization algorithm combining the 
gradient descent method with the Gauss Newton method [27,28]. The 
calculation of the Jacobian matrix plays an important role in the LM 
algorithm, which determines the convergence and the speed of the al-
gorithm. However, in optical scatterometry, the numerical calculation in 
the Jacobian matrix is time-consuming, since the complicated forward 
model will be solved repeatedly. In addition, random selection of initial 
value is likely to result in a local optimal solution, given that the LM 
algorithm is a locally convergent algorithm. Therefore, there remain 
some obstacles to employing the traditional parameter extraction 
methods in optical scatterometry. 

In this paper, we propose a combination of library search with LM 
algorithm (LSLM) to overcome the problems in previous methods. A 
spectral library is established through interval grid sampling, in which 
the initial parameters of the LM algorithm are selected corresponding to 
the best library spectrum matching with the measurement spectrum. In 
the process of matching, a presorted KD-tree algorithm is illustrated to 
speed up the library searching. Then, a LM algorithm is applied to match 
the measurement spectrum further and extract nanostructure parame-
ters. The Jacobian matrix in the LM algorithm is computed by the Taylor 
expansion at its neighborhood grid point in the spectral library instead 

of by the time-consuming RCWA calculation. The LSLM algorithm 
combines advantages of the library search with LM algorithm and 
overcomes their obstacles. The storage of the spectral library is down-
sized due to the large radius of convergence of the LM algorithm, and the 
result of the presorted KD-tree library search provides a reliable 
initialization to avoid locally optimal solutions, which are not globally 
optimal. The paper is organized as follows. Section 2 briefly introduces 
the theoretical overview of the LSLM method, followed by the presorted 
KD-tree in library search and the process of computing the Jacobian 
matrix in the LSLM. Section 3 provides the simulation results with the 
accuracy of the presorted KD-tree and LSLM method, then demonstrates 
the accuracy and searching efficiency of the proposed method by the 
experimental data compared with the LM method. Finally, some con-
clusions are provided in Section 4. 

2. Method 

2.1. Overview of the LSLM method 

The flowchart of the proposed LSLM method that extracts the 
nanostructure parameters from the measured spectrum is shown in 
Fig. 1. The measurement spectra are defined as a K-dimensional vector 
Yinput = [Y1,Y2,…,YK], and the nanostructure parameters as N-dimen-
sional vector X = [X1,X2,…,XN]. The forward model we select is a RCWA 
model in which the spectrum calculated from the parameter X is rep-
resented by f(X). The expected output of parameter X∗ is extracted 
through minimizing mean square error (MSE) between Yinput and f(X): 

X∗ = argminX

{
∑K

l=1
(Yl − fl(X))2

}

, f (X) = (fl(X))l=1,…,K (1) 

The Levenberg-Marquardt (LM) algorithm is a popular method to 
reduce the sum of the squares of the errors between spectrum Yinput and 
f(X) through a sequence of well-chosen updates at parameter X. How-
ever, the update step depends on the Jacobian matrix calculation, a 
time-consuming process based on the numerical derivative calculation 
by the RCWA model. As a variant of the LM algorithm, the LSLM method 
is proposed to speed up the calculation of Jacobian matrix from the 
prestored spectral library, which is established through the RCWA 
model with interval sampling of the structural parameters. Furthermore, 
the presorted KD-tree algorithm is applied in the LSLM method to speed 
up searching process and find initial input parameters. The procedure of 
the LSLM is described as follows. 

Fig. 1. Overview of the proposed LSLM method.  
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Step 1: Gain the initial parameter x(0) and its corresponding spec-
trum y(0) = f(x(0)) by presorted KD-tree library search, and update 
x(i) and y(i) in the ith iteration. 
Step 2: Calculate Jacobian matrix J(i) at x(i). At x(i) neighborhood 

grid point x(i)
′

in the spectral library, J(i) can be expressed by second- 

order Taylor expansion at x(i)
′

. 
Step 3: Update the next iteration parameter x(i+1). The update step 
can be calculated by its Jacobian matrix J(i). 
Step 4: Update the next iteration spectrum y(i+1). At x(i+1) neigh-

borhood grid point x(i+1)
′

in the spectral library, y(i+1) can be 
calculated approximately by second-order Taylor expansion at 

x(i+1)
′

. 
Step 5: Check the MSE between y(i+1) and the measurement spec-
trum Yinput. And output the result x(i+1) as X∗ directly if the error is 
smaller than acceptable error ε. Otherwise, update the spectrum 
y(i+2) and parameter x(i+2) for the next iteration, repeat step 2 to step 
4. 

The presorted KD-tree algorithm in library search and the process of 
Jacobian matrix calculation based on the spectral library in the LSLM 
method are detailed in the following. 

2.2. Presorted KD-tree algorithm in library search 

A presorted KD-tree is proposed to improve the efficiency of the 
spectral library search maintaining the accuracy. The input spectrum 
linput of the library search is the measurement spectrum Yinput , and the 
output spectrum loutput is the spectrum in the spectral library with the 
minimum Euclidean distance to the linput. The procedure of the presorted 
KD-tree searching is described in detail as follows: 

Step 1: Build the spectral library L = [l1, l2,…,lT] with the number of 
T spectra, each spectrum is represented by a K-dimensional vector. 

The spectral library can be represented by a T × K matrix, L =

⎡

⎢
⎢
⎣

l1, 1, l1, 2,…, l1, K
l2,1, l2, 2,…, l2, K

…
lT,1, lT,2,…, lT,K

⎤

⎥
⎥
⎦ In the presorted KD-tree, the spectral library L, 

which is regarded as the root node set L(1)
cur, is divided into the left 

child node set L(1)
left and the right child node set L(1)

right at the root node 
lp1 . The sub-process includes:  

(a) Select a random number k1 from the range 1 to K. The elements of 
all spectra at the k1 dimension can be presented as the list Lk1 =

[l1, k1 , l2, k1 , …, lT, k1 ]. The median spectrum of Lk1 is selected as 
the root node lp1 .  

(b) Divide each spectrum in L(1)
cur into L(1)

left at the root node lp1 if its 

value at the k1 dimension is larger than lp1 , k1 , otherwise into L(1)
right . 

Step 2: Construct the nth subtree root node lpn and its child nodes for 
the presorted KD-tree in the nth iteration. The child node sets L(n− 1)

left 

and L(n− 1)
right generated in the (n-1)th iteration are regarded as the new 

subtree root node set L(n)
cur respectively and divided to build the new 

subtree in the next iteration. The sub-process includes:  

(a) Select a random number kn from the range 1 to K. The elements of 
all spectra at the kn dimension can be presented as the list Lkn =

[l1, kn , l2, kn , …].  

(b) Select the median spectrum of Lkn as the nth subtree node lpn .  
(c) Divide each spectrum in L(n)

cur, into L(n)
left at the nth subtree root node 

lpn if its value at the kn dimension is larger than lpn , kn , otherwise 
into L(n)

right. 

Step 3: Establish the presorted KD-tree by repeating Step 2. The 
presorted KD-tree is constructed completely when the L(n)

cur is empty. 
Record all root and subtree root nodes list Pnode = [lp1 , lp2 , …] and the 
corresponding dimension in the list Knode= [k1, k2, …], which is 
beneficial to search the output spectrum in each node in the pre-
sorted KD-tree. 
Step 4: The searching process starts with comparing the element 
linput,k1 with the root node spectrum lp1 at the k1 dimension and then 
moves to its left or right child node according to the rules in Step2(c). 
Repeat the movement of linput and record each node it passes through 
until the leaf node lpM is reached. The track of linput is denoted as 
distance nodes list D = [ld1 , ld2 , …, ldM ] where M is the number of 
track nodes. 
Step 5: Calculate the Euclidean distance from D to the input spec-
trum linput, where the minimal distance is defined as the distance 
threshold εmin and the corresponding spectrum is the minimal dis-
tance node lmin, which are calculated in the formula (2) and (3). The 
symbol dm indicates the index of the element ldm of D. 

εmin = minm

(
∑K

j=1

(
linput,j − ldm ,j

)2

)

(2)  

lmin = argminm

(
∑K

j=1

(
linput,j − ldm ,j

)2

)

(3)   

Step 6: Find the optimal spectrum through backtracking search. 
Repeat the step 4 and step 5 with the child node of lmin as the root 
node to find a new minimal distance node lnew and calculate a new 
distance threshold εnew. If εnew≥εmin, output lmin as the optimal 
spectrum loutput . Otherwise reassign lmin = lnew and εmin = εnew, repeat 
the step 4 and step 5 until the minimum εmin and the output loutput =

lmin is found. 

2.3. Jacobian matrix calculation from the library in LM method 

To avoid the time-consuming forward modeling such as RCWA 
calculation, the Taylor expansion in the spectral library is applied to 
calculate the Jacobian Matrix in the LM procedure. With the structure 
parameters under measurement as an N-dimensional parameter x = [x1,

x2, …, xN], the update step step(i) for the x(i) in the ith iteration in the 
traditional LM method can be calculated by the formula: 

step(i) = −
(
J(i)T J(i) + λI

)− 1J(i)T ( y(i) − Yinput
)

(4)  

x(i+1) = x(i) + step(i) (5)  

where λ is an adjustable constant, I is the identity matrix, y(i) is the 
corresponding K-dimensional spectrum of x(i), Yinput is the K-dimensional 
measurement spectrum, and J(i) the K × N Jacobian matrix with respect 
to x(i). The Jacobian matrix J at x can be calculated by the partial de-
rivative: 

J =
∂f (x)

∂x
. (6) 

In the LSLM method, the second-order Taylor expansion at param-
eter x is applied in calculation of derivative. In the Taylor expansion, the 
neighborhood grid point x′ of x is searched in the spectral library, as x =
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x′

+ s where s is the departure vector from x′ to x. The spectrum y at 
parameter x is equal to 

yx = f (x) = f (x′

+ s)

≃ f (x′

) + sT∇f (x′

) +
1
2

sT∇2f (x′

)s
(7)  

where the derivative ∇f(x′

) and the second derivative ∇2f(x′

) at x′ in 
the spectral library can be calculated at neighborhood grid point of 
x′ and with grid distance Δh: 

∇f (x′

) ≈
f (x′

+ Δh) − f (x′

)

Δh
(8)  

∇2f (x′

) ≈
f (x′

+ 2Δh) + f (x′

) − 2 ∗ f (x′

+ Δh)
2(Δh)2 (9) 

Another Taylor expansion is applied to calculate the derivative 
∇f(x) at x. With an assumption of slight departure vector Δs from x′ to 
xs, the spectrum ys at parameter xs = x + Δs also can be calculated by 
the Taylor expansion: 

ys = f (x + s) = f (x′

+ s + s)

≃ f (x′

) + (s + s)T
∇f (x′

) +
1
2
(s + Δs)T

∇2f (x′

)(s + Δs)

= f (x′

) + sT∇f (x′

) +
1
2

sT∇2f (x′

)s + (Δs)T
∇f (x′

)

+
1
2
{

sT∇2f (x′

)Δs + (Δs)T
∇2f (x′

)s + (Δs)T
∇2f (x′

)Δs
}

(10) 

Based on Eqs. (7) and (10), the Jacobian matrix Jx at x can be 
expressed as: 

Jx = ∇f (x) =
f (x + s) − f (x)

s

=
(Δs)T

∇f (x′

) +
1
2
[
sT∇2f (x′

)Δs + (Δs)T
∇2f (x′

)s + (Δs)T
∇2f (x′

)Δs
]

s

≃ ∇f (x′

) + ∇2f (x′

)s
(11)  

where ∇f(x′

) and ∇2f(x′

) can be computed in Eqs. (8) and (9). The 
departure vector s and the neighborhood grid point x′ is searched in the 

spectral library, to calculate Jx in the LSLM method. 

3. Results 

3.1. Experimental setup 

A typical two-dimensional periodic structure is investigated, as 
shown in Fig. 2, to assess the theoretic feasibility of the proposed LSLM 
method. The sample consists of a tungsten (W) grating layer filled with 
silicon dioxide (SiO2), two silicon dioxide layers and one silicon nitride 
(SiN) layer deposited on a silicon (Si) substrate. Some structural pa-
rameters with little effect on the spectrum are fixed as nominal values 
given the complexity of the model and the efficiency of parameter 
extraction. Therefore, the profile of the structure is characterized as top 
critical dimension (TCD), bottom critical dimension (BCD), Tungsten 
thickness (Tt), top SiO2 layer thickness (St), bottom SiO2 layer thickness 
(BSt), SiN layer thickness (Nt) and period(pitch). Nominal dimensions of 
the testing sample are: TCD = 39 nm, BCD = 34 nm, Tt = 60 nm, St =
605 nm, BSt = 10 nm, Nt= 27.5 nm, pitch = 78 nm. The structural 
parameters of the investigated sample that need to be extracted include 
TCD, BCD, Tt, and St, while BSt, Nt, and pitch are fixed as their nominal 
values. 

An RCWA solver is developed to calculate spectra from parameter 
interval sampling grids and generate the spectral library. The Mueller 
matrix spectra are applied as optical signatures since they have sufficient 
information to map sensitive nanostructure measurements [29–31]. The 
ranges of the structural parameters TCD, BCD, Tt, and St are 32–46 nm, 
28–40 nm, 50m–70 nm, and 560nm–650 nm, respectively. The grid 
steps for TCD, BCD, Tt, and St are 1.4 nm, 1.2 nm, 2 nm, and 2.5 nm, 
respectively, given both accuracy and storage. The other measurement 
conditions are set as follows: the incidence angle is fixed at 65◦, spectral 
range is set to 280–800 nm with an interval of 5 nm. The total number of 
spectra in the spectral library is 49,247, which occupies 787 M space as a 
CSV file. Another 300 Mueller matrix spectra are randomly generated by 
the RCWA model within the range of the structural parameters as the 

Fig. 2. Schematic of the periodic nanostructure used in the simulations and 
experiments. 

Table 1 
Range of the spectral library.  

Parameter 
name 

Nominal 
dimensions 
(nm) 

Lower 
bound 
(nm) 

Upper 
Bound 
(nm) 

Step 
(nm) 

Grids 
number 

TCD 39 32 46 1.4 11 
BCD 34 28 40 1.2 11 
Tt 60 50 70 2 11 
St 605 560 650 2.5 37  

Fig. 3. Principle of the Mueller matrix ellipsometry.  
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test dataset to verify the performance of each algorithm. Details of the 
spectral library dataset are listed in Table 1. 

In order to further identify the robustness of the LSLM method in 
practical measurements, a dual-rotating compensator Mueller matrix 
ellipsometer (ME-L, Wuhan Eoptics Technology Co.) is employed to 
measure the Mueller matrix spectrum of the test wafer. The test wafer 
contains 91 dies with the same geometric structure shown in Fig. 2. The 
principle of Mueller matrix ellipsometry is demonstrated in Fig. 3. All 
experiments are performed on a computer workstation with an Intel 
Xeon(R) Silver 4210R @ 2.4 GHz central processing unit (CPU) and 
implemented by the programming language Python. 

The experiment can be divided into two parts. First, the initial 
spectrum and the corresponding parameters are searched by the pre-

sorted KD-tree algorithm and the brute searching method, a basic 
traversal method which directly searches all data in the dataset and 
outputs the spectrum with the minimum MSE. Both MSE and time cost of 
the searching results are compared to validate the accuracy and effi-
ciency. Then, the searching results are regarded as the initial parameters 
of the LM method and the LSLM method. The relative error and R2 of the 
parameters extracted from the two methods are compared, and the time 
cost of the parameter extraction is also considered. 

3.2. Simulation results 

The comparison between the two library serach methods is illus-
trated in Fig. 4. Fig. 4(a) demonstrates the results of the two search 

Fig. 4. (a) MSE and (b) time cost comparison between the presorted KD-tree searching and the brute force searching in the simulation data.  

Fig. 5. (a) MSE and (b) time comparison between the LM method and the LSLM method in the simulation data.  
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algorithms in the test dataset are the same, which ensures the accuracy 
of the presorted KD-tree algorithm. In the comparison of time, the pre-
sorted KD-tree algorithm takes a significant advantage to the brute force 
searching shown in Fig. 4(b). The average time consumption of the brute 
force searching is about 100 ms and the presorted KD-tree algorithm is 
less than 5 ms. It can be indicated that the presorted KD-tree algorithm 
saves lots of time in finding the initial parameter. 

The comparison of the result and time consumption between the LM 
method and the LSLM method is demonstrated in Fig. 5. Fig. 5(a) shows 
that the MSE of the LSLM method are from 1 × 10− 6 to 7 × 10− 6 in the 
test data, and those of the LM method are less than 1 × 10− 6. The dif-
ference of two methods is caused by many approximate calculations in 
the LSLM method. In the comparison of the time, the performance of the 

LSLM method is much better than the LM method, with its average time 
is 500 ms in the single sample test shown in Fig. 5(b). 

In the comparison of the extracted parameters, the relative error is 
defined to evaluate the difference of extracted parameters of two 
methods. The LSLM method results are denoted as yLSLM and LM method 
results are denoted as yLM, given by 

Relative error =
ABS(yLSLM − yLM)

yLM
× 100% (13) 

Another criterion is the correlation coefficients R2. In the simulation, 
the number of spectra n = 300, the definition of R2 is 

Fig. 6. (a)-(d) Relative errors of the extracted parameters TCD, BCD, Tt, and St in the simulation data.  

Fig. 7. (a)-(d) R2 of the extracted parameters TCD, BCD, Tt, and St in the simulation data.  
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R2 = 1 −

∑n
i=1( yLM − yLSLM)

2

∑n
i=1

(

yLM −

∑n

i=1
yLM

n

)2 (14) 

In Fig. 6, it is observed that the maximum relative errors of nano-
structure parameters between TCD, BCD, Tt, and St are less than 1%, 
1.6%, 2%, and 0.12%, respectively. The correlation coefficients R2 of 
TCD, BCD, Tt, and St are all higher than 0.99 in Fig. 7. The results of the 
relative error and R2 show that the parameters extracted by the two 
methods have very small errors with expected accuracy of the LSLM 
method. The comparison of the spectra corresponding to extracted 

parameters of the two methods is shown in Fig. 8, with an insignificant 
difference in each Mueller elements. 

3.3. Experimental results 

The result of both the presorted KD-tree searching algorithm and the 
brute force searching algorithm in the measurement dataset is shown in 
Fig. 9. Fig. 9(a) shows similar results as for the two search algorithms in 
the test dataset, with expected accuracy and robustness of the presorted 
KD-tree algorithm. In the comparison of time, the presorted KD-tree 
algorithm keeps its advantage to the brute force searching in Fig. 9(b). 

Fig. 8. Spectra comparison between the LSLM method and the LM method in the simulation data.  

Fig. 9. (a) MSE and (b) time cost comparison between the presorted KD-tree searching and the brute force searching in the measurement data.  
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The average time cost of the brute force searching is about 100 ms and 
that of the presorted KD-tree algorithm is less than 20 ms, which is 
higher than the time cost in simulation dataset in Fig. 5(b). The reason 
for this phenomenon is that the systematical noise in the measurement 
dataset prevents the fast convergence in the step 6 of Section 2.2, which 
leads to more backtracking steps and longer time cost in the presorted 
KD-tree algorithm. 

Different from the simulation results, the MSE of the LM method and 
the LSLM method in measurement dataset are almost identical in Fig. 10 
(a), and the MSE of spectra in measurement dataset increase from less 
than 10 × 10− 6 to more than 20 × 10− 6. There are also some differences 
between the time comparison results of the measurement dataset in 
Fig. 10(b) and the test dataset in Fig. 4(b). In contrast to a slight change 

in the LSLM method, the average cost for LM regression increases from 
1500 ms to about 6000 ms, which is caused by inevitable noise in 
measurement dataset. It can be indicated that the influence of noise has 
prevented the fast extraction of the LM method but has not disturbed the 
speed of the LSLM method. 

In the measurement dataset, the relative errors of parameters TCD, 
BCD, Tt, and St are less than 0.175%, 0.1%, 0.3%, and 0.02%, respec-
tively in Fig. 11. The smaller error in the measurement dataset than the 
test dataset indicates that the LM method and the LSLM method have a 
similar performance under noise. As can be observed, the R2 of pa-
rameters TCD, BCD, Tt, and St are 0.9994, 0.9990, 0.9993 and 1.0000, 
respectively. The result in Fig. 12 shows the correlation coefficients R2 in 
measurement dataset is higher than the test dataset. We compare 

Fig. 10. (a) MSE and (b) time cost comparison between the LM method and the LSLM method in the measurement data.  

Fig. 11. (a)-(d) Relative errors of the extracted parameters TCD, BCD, Tt, and St in the measurement data.  
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measurement dataset, spectra generated by the LM method and spectra 
generated by the LSLM method in Fig. 13. Although there is some error 
in the position of the peaks and valleys in the spectrum, the measured 
and the fitted spectra are highly consistent. 

Furthermore, the impact of the spectra library grid step sizes on the 
accuracy of the LSLM is explored. Another half size library that consists 
of 20 088 spectra is built, with the grid step sizes for TCD, BCD, Tt, and St 
are 2 nm, 1.5 nm, 2.5 nm, and 3 nm respectively. The ranges and steps of 
the half library are shown in Table 2. The MSE and time cost comparison 
between the half library and the original library is shown in Fig. 14. The 
results show that the half library speeds up the regression time, with a 
little higher MSE in the spectra calculation. The relative errors between 

Fig. 12. (a)-(d) R2 of the extracted parameters TCD, BCD, Tt, and St in the measurement data.  

Fig. 13. Spectra comparison between the LSLM method and the LM method in the measurement data.  

Table 2 
Range of the half library.  

Parameter 
name 

Nominal 
dimensions 
(nm) 

Lower 
bound 
(nm) 

Upper 
Bound 
(nm) 

Step 
(nm) 

Grids 
number 

TCD 39 32 46 2 8 
BCD 34 28 40 1.5 9 
Tt 60 50 70 2.5 9 
St 605 560 650 3 31  
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parameter extracted from the half library and the LM method are 
demonstrated in Fig. 15, with some measurement points are mis-
matched. The R2 of TCD, BCD and Tt decrease to 0.97, 0.97 and 0.93 
respectively in Fig. 16, which illustrate the influence of the grid step 
sizes on the parameter extraction results. 

4. Conclusion 

We have proposed in the paper a LSLM method for nanostructure 
parameter extraction to deal with the inverse problem in optical scat-
terometry. We speed up the process of searching initial input parameters 
by the presorted KD-tree in the LSLM algorithm. The time cost in 
searching each sample reduces from 100 ms to 5 ms, and the result of the 

spectrum MSE is the same as in the brute force search method. Then, the 
Taylor expansion is applied in the LSLM method to replace the time- 
consuming RCWA modeling to compute the Jacobian matrix in the 
process of LM, which saves the storage and time without sacrificing 
accuracy. The results of the simulations and experiments on a periodic 
grating have indicated the significant advantages of the proposed al-
gorithm. The compared results have demonstrated that the error in the 
LSLM method is as expected, and the time cost in one measurement 
sample extraction process reduces from 6000 ms to 500 ms. The grid 
step sizes of the spectral library LSLM method also play an important 
role, which influence the time cost and accuracy significantly. Thus, the 
LSLM algorithm may provide some potentials in semiconductor 
manufacturing, and a further study will be promising in our following 

Fig. 14. (a) MSE and (b) time cost comparison between the original library and the half library in the measurement data.  

Fig. 15. (a)-(d) Relative errors of the extracted parameters TCD, BCD, Tt, and St for the half library in the measurement data.  
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works. 
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