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In this paper, we develop a new technique, to the best of our knowledge, of grating characterization based on two
separate steps. First, an artificial neural network (ANN) is implemented in a classifier mode to identify the shape
of the geometrical profile from a measured optical signature. Then, a second ANN is used in a regression mode
to determine the geometrical parameters corresponding to the selected geometrical model. The advantage of
this approach is highlighted by discussions and studies involving the error criterion that is used widely in scat-
terometry. In addition, experimental tests are provided on diffraction grating structures with a period of 500 and
750 nm. ©2021Optical Society of America

https://doi.org/10.1364/AO.432987

1. INTRODUCTION

The size reduction of electronic chips in processors and sensors
has enabled the development of many applications in the fields
of telecommunications, electronics, and optics. Manufacturing
of these miniaturized electronic components requires fast and
accurate characterization tools. Conventional techniques such
as atomic force microscopy (AFM) and scanning electron
microscopy (SEM) have shown their limitations in resolution,
and some are even destructive. The classical technique based on
the resolution of an inverse scattering problem has been highly
developed to reduce these restrictions [1]. Scatterometry is a
fast, accurate, and non-destructive technique. It operates in two
stages: the measurement of optical signatures and treatment.
The optical signature is mainly obtained by a reflectometer [2]
or an ellipsometer [3]. The treatment of the optical signature can
be solved by different methods, such as classical optimization
[4], a metaheuristic technique [5], a library search [6], or an
artificial neural network (ANN) [7]. Many works have demon-
strated the effectiveness of the latter and its significant resistance
to noise measurement [8].

Solving the inverse problem in scatterometry requires essen-
tial prior knowledge of the geometrical shape of the structure
to be tested. The initial condition involves fixing the profile
shape of the structure throughout the entire characterization
process. The deviation of an actual shape from the expected one
is a well-known problem giving rise to greater or less significant
characterization errors. Thus, different works have examined

the incidence of different defects of profile shape occurring
throughout the fabrication process. In [9], the authors imple-
ment a generic profile to adjust the deviation from the nominal
shape as closely as possible. However, the number of geometrical
parameters is significantly increased, leading to a more complex
inverse problem to solve. In [10], a new approach to character-
izing a complex profile by a combination of several geometrical
profiles was introduced, and this technique requires separate
characterizations with all available shapes.

In addition, different works have demonstrated the ability to
identify a particular defect on a manufactured sample from the
treatment of the optical signature. In [8], the authors demon-
strate the ability of a neural network to detect a residual layer
considered to be a mask defect in lithography from an ellipso-
metric signature. In [11], we implement a self-organizing map
(SOM) to detect a residual layer under the mask during a pho-
tolithographic process. These theoretical works require further
experimental validations. In [12,13], the authors combine a
support vector machine method with a library search to identify
the deviation of the geometrical profile from a trapezoidal one.

In this paper, a solution is proposed to unambiguously vali-
date the fixed shape during a complete characterization process,
fully achieved using neural networks. We suggest an ANN
to identify the shape of the geometrical profile from a fixed
optical signature. Then, a second ANN is used to extract the
geometrical parameters corresponding to the structure from the
same previous measurement. This paper is organized as follows.
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Section 2 introduces the context of ellipsometric scatterometry.
It briefly describes the principle of ellipsometric measurement,
the numerical simulation of the optical signatures, and the
structure of the actual samples used in this work. The mod-
els of the different geometrical profiles used are also defined.
Section 3 describes the operation mode of a classical ANN used
in scatterometry. It also provides its performances in charac-
terization. Then, a classifier based on a particular ANN is used
to identify the geometrical profile of the structure in Section 4.
Experimental results are supplied to investigate the effectiveness
of the method in real conditions. Finally, Section 5 presents the
results of a complete characterization method.

2. CONTEXT OF THE STUDY

A. Measurement of the Optical Signature

In ellipsometric scatterometry, the optical signature is based
on the measurement of the conventional angles ψ and 1 for
different wavelengths for a fixed structure. The determination

Fig. 1. Geometrical structure of grating used in the study.

of ellipsometric angles is detailed in [14]. In this work, a phase
modulator spectroscopic ellipsometer is employed. It mea-
sures the intensities Is and Ic depending on these ellipsometric
angles by

I s = sin 2ψ sin1, (1)

I c = sin 2ψ cos1. (2)

Thus, the optical signature is subsequently defined by the
intensities Is and Ic , measured for a fixed range of wavelengths.

To train the ANNs used in this paper, large sets of theoretical
samples included in a fixed range of corresponding parameters
were generated. Corresponding optical signatures (Is and Ic )
were simulated via the multilayer modal method by Fourier
expansion [15] on a wavelength spectrum ranging from 278
to 1771 nm, in a step of 19.7 nm (i.e., 152 values) with an
incidence angle of 70◦. Gaussian noise corresponding to the
disturbance of an experimental measurement (3σ = 0.01) was
hence introduced. Studied gratings are composed of a fixed resist
layer deposited on a bottom anti-reflective coating (BARC)
(DUV30) based on a silicon dioxide (SiO2) layer, all placed on
silicon substrate (Fig. 1). The layer of BARC is added to mini-
mize the intensity of reflected light from the silicon substrate.
The BARC and SiO2 thicknesses are 49 and 50 nm, respectively.

Gratings called E1, E2, E3, and E4, respectively, are manu-
factured to experimentally validate this study. Figure 2 depicts a
cross-sectional SEM image of each sample.

Fig. 2. Cross-sectional SEM view of resist gratings E1, E2, E3, and E4.
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Fig. 3. Geometrical parameters of theoretical profiles widely used
in scatterometry: (a) rectangular, (b) trapezoidal, and (c) rectangular
rounded at the top.

B. Definition of the Geometrical Profiles

A set of profiles widely used in scatterometry is defined in the
following to best adjust the actual form of the experimental
samples. The rectangular shape [Fig. 3(a)] defined by two
parameters is the simplest. It is usually considered as the
expected profile. The other profiles represent different types
of defects. The popular symmetric trapezoidal shape involving
three parameters [Fig. 3(b)] is usually employed in scatterom-
etry to include a particular deviation from the rectangular one.
Finally, the rectangular shape rounded at the top implies an
additional parameter rh [Fig. 3(c)]. However, it is replaced by
the following normalized coefficient δ (0< δ < 1) to ensure a
fixed variation range:

δ =
2 ∗ rh

C Dh
. (3)

3. CLASSICAL CHARACTERIZATION

A. ANN Applied in the Regression Mode

In scatterometry, the geometrical parameters corresponding to a
fixed shape can be estimated by an ANN operating in the regres-
sion mode. Hence, it is possible to learn the relationship from a
correlated dataset {X , Y }. In our case, X = {x1, x2, . . . , xM}

represents the geometrical parameters defining the profile shape
of the sample, and Y = {y1, y2, . . . , yn} gives its corresponding
optical signature. The training is performed with respect to fixed
conditions such as experimental configurations of measurement
or assigned profile shape. Then, the ANN can predict outputs
(i.e., the geometrical parameters X ) from a new input Y (i.e., the
optical signature), resolving the inverse scattering problem in
the specified requirements.

In our work, a multilayer perceptron (MLP) (Fig. 4) is imple-
mented. It is composed of interconnected neurons distributed
into three layers. The neurons are connected from inputs to
outputs. Each connection is assigned with synaptic weights. The
coefficient w j ,i links the connection between the i th element
of the input vector and the j th neurons of the hidden layer, and
zm, j defines the connection between the j th hidden neuron and
the mth output neuron. The states p j and s m of neurons j and
m are calculated using the following equations:

p j = f

(
n∑

i=0

w j ,i y i

)
, (4)

s m = g

 N∑
j=0

zm, j p j

 ,with y0 = 1, (5)

Fig. 4. Architecture of a multilayer perceptron. Inputs are the
optical signatures of the sample, and outputs correspond to estimated
geometrical parameters of the structure.

where f and g are the activation functions of the neurons in the
hidden layer and the output one, respectively, defined as

f (x )=
1

1+ e−x
, (6)

g (x )= x . (7)

The implemented ANN regression operates with supervised
training. This process consists og adjusting the weightsw j ,i and
zm, j to minimize the squared error e between the targets values
X and the estimated ones S = {s 1, s 2, . . . , s M} for a particular
set of samples of the training corpus.

The final performance is evaluated using the root mean
square error calculated on each output s m (E m

rmse) on a particular
simulated dataset (ntest), not included in the training corpus:

E m
rmse =

√√√√ 1

ntest

ntest∑
k=1

(s k
m − x k

m)
2
, (8)

where k represents the number of samples.
Differently implemented MLP are nominated as follows:

MLP_R1 for the determination of a rectangular profile,
MLP_R2 for the trapezoidal one, and MLP_R3 for the rect-
angular one rounded at the top. Each MLP contains an optimal
number of hidden neurons supplied by preliminary results.
For example, the MLP_R3 contains 15 neurons in the hidden
layer. Each corresponding geometrical parameter ranges in the
domains indicated in Table 1. In addition, each MLP is trained
on 3000 datasets with the following repartition: 70% (2100) for
training, 15% (450) for validation, and 15% (450) for test.

The performances of the MLPs [Eq. (8)] were systematically
calculated from 450 random samples included in the training
set but not used for the learning phase. Results are outlined in
Table 2.

Table 1. Geometrical Parameter Ranges for the
MLP_R1, MLP_R2, and MLP_R3 Training

MLP_R1 MLP_R2 MLP_R3

150 nm<CD<

250 nm
5 nm< b1 <

30 nm130 nm< b2 <

220 nm

0.1< δ < 1120 nm<

CDh < 250 nm

250 nm< h<
420 nm

250 nm< h< 420 nm 250 nm< h< 420 nm
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Table 2. Performances of the Differently Trained
MLPs: MLP_R1, MLP_R2, and MLP_R3

MLP_R1 MLP_R2 MLP_R3

ECD
rms = 0.03 nm Eb1

rms = 0.18 nm Eδrms = 0.01
Eh

rms = 0.03 nm Eb2
rms = 0.30 nm ECDh

rms = 0.66 nm
Eh

rms = 0.22 nm Eh
rms = 0.40 nm

B. Experimental Results of the ANN Applied in
Regression

In this section, the experimental sample E1 depicted in
Section 2.A is characterized by the ANN detailed previously.
The measured optical signature of the sample E1 (Fig. 2) is
provided to different MLPs to achieve characterization. Table 3
presents the corresponding results.

The quality of the characterization is popularly evaluated
using the mean square error (E Is ,Ic ) [6,9,10,16] on optical sig-
natures calculated between the measured intensities (Imeasured)
and the simulated ones from the S results of the ANN (Isimulated):

E I s ,I c =

√√√√ 1

Nm

Nm∑
i=1

(Imeasured − Isimulated)
2, (9)

where Nm represents the number of measures potentially differ-
ent from n.

First, different ANNs provide geometrical parameters
included in the training ranges except for MLP_R2 and
MLP_R3 (b1 and δ are relatively close to the limit of the range).
Second, the errors E Is ,Ic of the different ANNs are small but
nearly identical. Unlike microscopic methods, the results pro-
vide no reliable information on shape discrimination. The
value of the errors E Is ,Ic is clearly insufficient to validate results.

We also note that the optical signatures calculated from different
ANNs estimations are confused and are close to the measured
optical signature (Fig. 5). Hence, in this configuration, the
bijectivity is not ensured.

We propose a solution involving the implementation of an
ANN in the classifier mode to provide additional information
to remove this ambiguity. Thus, another ANN is considered to
identify the geometrical profile, thus allowing the prior one to
determine the corresponding geometrical parameters.

4. GEOMETRICAL PROFILE IDENTIFICATION

A. ANN in the Classifier Mode

An ANN can be implemented as a classifier. In this case, each
geometrical shape corresponds to a class. The optical signature
of the sample to be tested is provided as input. The ANN identi-
fies one of the M classes by a binary vector C = {c 1, c 2, . . . , c M}

instead of S. Hence, the value of c i represents the probability
for the sample structure to belong to the i th class. The training
corpus is composed of the pair {Y , C}, where Y represents the
optical signature detailed in Section 2.A, and C represents the
binary vector corresponding to the class of a fixed geometrical
profile. The architecture of the ANN operating as a classifier is
the same as that previously mentioned in Section 3.A, except for
the activation function of output neurons:

g (x )= f (x )=
1

1+ e−x
. (10)

B. On/Off Classification

In this section, an ANN classifier named MLP_C is presented.
It operates in two classes. It allows a particular geometrical

Table 3. Results of the Real Sample ANN Characterization

MLP MLP_R1 MLP_R2 MLP_R3 SEM

Geometrical parameters CD= 214.04± 0.03 nm b1 = 3.91± 0.18 nm δ = 0.09 CDSEM = 211 nm
h= 295.49± 0.03 nm b2 = 205.59± 0.30 nm CDh = 212.1± 0.66 nm hSEM = 313 nm

h= 299.6± 0.22 nm h= 298.93± 0.40 nm
Quality of characterization EIs,Ic = 0.059 EIs,Ic = 0.059 EIs,Ic = 0.056

Fig. 5. Representation of the measured optical signature (Is and Ic) of sample E1 and of simulated samples from estimated parameters using differ-
ent ANNs.
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Table 4. Confusion Matrix of the MLP_C Focused to
Detect the Particular Rectangular Profile Noted as C1

Real Class

C1 C2 Precision

Predicted class C1 450 28 94.1
C2 0 422 100%

Sensitivity 100% 93.8% Accuracy: 96.9%

profile to be detected from the measured optical signatures.
For example, class C1 is identified as the targeted rectangular
profiles. Class C2 will then contain all other shapes (in our cases,
trapezoidal and rectangular ones rounded at the top). As previ-
ously mentioned, it is important tto notice the ANN classifier
estimates a probability as output. Then the experimenter can
fix a threshold to assign the class of the sample. In this study, it
is automatically fixed at 50%, but it can be adjusted to optimize
performances.

Hence, for any given sample, the following four results are
possible:

• True positive (TP): the sample belongs to class C1, and the
estimation of the classifier is correct.

• False negative (FN): the sample belongs to class C1, and
the classifier identifies the class C2.

• False positive (FP): the sample belongs to class C2, and the
estimation of the classifier is wrongly assigning the sample to
class C1.

• True negative (TN): the sample is class C2,, and the classi-
fier does not make mistakes.

These results are usually collected to a confusion matrix.
The more diagonal the matrix is, the better the classifier per-
forms. The following three criteria are used to measure the
performance:

• The ability of the classifier to correctly identify class C1 is

Precision=
TP

TP+ FP
. (11)

• The ability to perform a correct classification for all
samples in class C1 is

Sensitivity=
TP

TP+ FN
. (12)

• The overall rate of correct classifications is

Accuracy=
TN+TP

TP+TN+ FP+ FN
. (13)

To identify geometrical profiles corresponding to samples E1

and E2, an ANN is implemented. It is composed of 20 hidden
layer neurons. The variation domains defined in Table 1 are
used. Classifier MLP_C is trained globally on 6000 samples
(3000 for each class C1 and C2). The performance of this classi-
fier is estimated on 900 random samples included in the training
set, but not used for the learning phase. Results are given in
Table 4.

MLP_C shows an accuracy of 96.9%. Specifically, the preci-
sion for C2 class is 100%, while the sensitivity for the C1 class is
100% Thus, only 28 non-rectangular profiles are misclassified
as C1, representing 3% of the entire test corpus. Moreover, all
these particular profiles are rectangular rounded at the top. This
finding highlights a significant sensitivity of class C1 to profiles
with low rounding at the top. The corresponding outputs of the
MPL_C are represented in Table 5. The geometrical deviation
Egeo between each misclassified profile h(x ) and the associated
rectangular deviation l(x ) are calculated by

Egeo =

∫ T

0
|h(x )− l(x )|dx . (14)

The largest geometrical deviation calculated is 361.42 nm2

(optical signature S24 in Table 5). This value represents only
0.42% of the entire grating area. Hence, all cases considered in
Table 5 are very close to a rectangular profile. Figure 6 shows
the value of each raw output s1 according to the associated
geometrical deviation Egeo.

A significant correlation between the output s1 and the
geometrical deviation can be noted.

1. Experimental Result ofMLP_C

The measured optical signatures of samples E1 and E2 (Fig. 2)
are then introduced to the previously trained MLP_C. Table 6
shows the output results. Both samples are clearly identified as
class C2.

Table 5. Details of the ANN Row Outputs (s1 for C1 Class and s2 for C2 Class) Concerning the Set of Misclassified
Profiles Supplemented by the Calculated Geometrical Deviation Egeo

Misclassified Signatures S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

s1 0.92 0.86 0.86 0.83 0.72 0.95 0.96 0.76 0.57 0.8
s2 0.08 0.14 0.14 0.17 0.28 0.05 0.04 0.24 0.43 0.2
Geometrical deviation (nm2) 56.14 192.01 104.86 63.35 49.97 66.41 116.81 62.66 247.51 61.7

Misclassified signatures S11 S12 S13 S14 S15 S16 S17 S18 S19 S20

s1 0.59 0.75 0.88 0.9 0.52 0.81 0.75 0.69 0.83 0.83
s2 0.41 0.25 0.12 0.1 0.48 0.19 0.25 031 0.17 0.17
Geometrical deviation (nm2) 240.34 37.31 66.61 49.61 238.03 97.09 94.14 134.25 141.67 164.67

Misclassified signatures S21 S22 S23 S24 S25 S26 S27 S28

s1 0.92 0.72 0.72 0.63 0.93 0.93 0.62 0.62
s2 0.08 0.28 0.28 0.37 0.07 0.07 0.38 0.38
Geometrical deviation (nm2) 74.38 123.11 123.66 361.42 100.15 92.12 267.75 63



7934 Vol. 60, No. 26 / 10 September 2021 / Applied Optics Research Article

Fig. 6. Representation of the variation of raw output s1 of MLP_C for misclassified samples according to the associated geometrical deviation.

Table 6. Output Results of the MLP_C Corresponding
to Samples E1 and E2

a

Optical Signatures s1 s2

Sample E1 0.00 1.00
Sample E2 0.00 1.00

aClass C1 corresponds to the rectangular profiles, and class C2 includes all the
others.

Table 7. Geometrical Parameter Ranges for Different
Profile Shapes Belonging to Classes C1, C2, and C3

C1 C2 C3

320 nm<CD<

380 nm
10 nm< b1 < 60 nm 0.1< δ < 1

500 nm< h<
580 nm

260 nm< b2 < 320 nm 320 nm<CDh <

380 nm
500 nm< h< 580 nm 500 nm< h<

580 nm

C. Identification of the Profile Type

In this part, an ANN classifier named MLP_P operating on
three classes is presented. It can identify a particular geometrical
profile among a limited number of possibilities. In our tests,
class C1 remains the rectangular profile, while classes C2 and
C3 correspond, respectively, to the trapezoidal profile and the
rectangular one rounded at the top. Each geometrical parameter
ranges in the domains indicated in Table 7.

Classifier MLP_P is trained globally with 9000 samples
(3000 rectangular, 3000 trapezoidal, and 3000 rectangular
rounded at top). Reparation is 70% for training, 15% for
validation, and 15 % for test.

The MLP_P performance is calculated from a set of 1350
random samples included in the dataset but not used for the
training phase. The ANN is composed of 25 hidden layer
neurons. The result is given in Table 8.

Classifier MLP_P provides excellent global performance
with an accuracy of 98.6%. It guarantees maximum precision
for classes C2 and C3 and maximum sensitivity for classes C1

and C2. All rectangular and trapezoidal profiles are correctly
classified. Only 19 rectangular profiles rounded at the top

Table 8. Confusion Matrix of the MLP_P Focused to
Identify a Particular Geometrical Profile

a

Real Class

C1 C2 C3 Precision

Predicted class C1 450 0 19 95.9%
C2 0 450 0 100%
C3 0 0 431 100%

Sensitivity 100% 100% 95.8% Accuracy: 98.6%
aClass C1 corresponds to the rectangular profiles, and Classes C2 and C3

correspond, respectively, to the trapezoidal profile and the rectangular profile
rounded at the top.

Table 9. Raw Output Results of the MLP_P for
Samples E1, E2, E3, and E4

Optical Signatures s1 s2 s3

Sample E1 0.00 0.00 1.00
Sample E2 0.00 0.00 1.00
Sample E3 0.00 0.00 1.00
Sample E4 0.56 0.00 0.44

are misclassified in C1. This confirms the previous conclu-
sion regarding the sensibility of this profile compared to the
rectangular one (Section 4.B).

1. Experimental Results ofMLP_P

The optical signatures measured for samples E1, E2, E3, and
E4 (Fig. 2) are provided as inputs of classifier MLP_P to ensure
experimental validation. The output results are summarized in
Table 9.

The MLP_P unambiguously identifies samples E1, E2, and
E3 as class C3. This third output of the MLP_P benefits from
a precision of 100%. Let us consider the results concerning
sample E1 in Section 3.B. The profile shape is clearly defined by
the MLP_P. Hence, the MLP_R3 should be selected (Table 3). In
this case, this is validated by the weak value of E rmse.

In contrast, the result of sample E4 classification is more
ambivalent. Indeed, the classifier indicates a slight preference for
the rectangular profile to the disadvantage of the rounded one at
the top. This conforms totally to the SEM image of sample E4,
which shows a rectangular shape slightly distorted at the top.
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Table 10. Results of ANN Characterization of Samples E2, E3, and E4 Operating in the Regression Mode for a
Profile Shape Fixed by Previous Classifiers C1 and C3

MLP_R1 MLP_R3

Samples
Geometrical
Parameters

Quality of
Characterization

Geometrical
Parameters

Quality of
Characterization SEM Parameters

E2 δ = 0.97± 0.01
CD= 209.61± 0.66 nm
h= 383.05± 0.40 nm

EIs,Ic= 0.12
EgeoSEM_MLPR3=

5230.4 nm2

δSEM= 0.63
CDSEM= 217 nm
hSEM= 383 nm

E3 δ = 0.32± 0.01
CD= 365.88± 0.66 nm
h= 537.41± 0.40 nm

EIs,Ic= 0.16
EgeoSEM_MLPR3=

1.474e4 nm2

δSEM= 0.24
CDSEM= 344 nm
hSEM= 527 nm

E4 CD= 246.44± 0.03 nm
h= 559.48± 0.03 nm

EIs,Ic= 0.16
EgeoSEM_MLPR1=

597.23 nm2

δ = 0.09± 0.01
CD= 245.76± 0.66 nm
h= 556.76± 0.40 nm

EIs,Ic= 0.16
EgeoSEM_MLPR3=

1251.4 nm2

CDSEM= 237 nm
hSEM= 562 nm

5. COMPLETE CHARACTERIZATION

The profile shape estimated by the classifier can then be used
to carry out the characterization reducing the impact of a fixed
erroneous profile shape. For example, samples E2 and E3 have
been clearly identified by the MLP_P as a rectangular profile
rounded at the top. Thus, an ANN operating with a fixed shape
(similar to MLP_R1 in Section 3) is trained. Sample E4 seems
to be at the boundary between the rectangular profile and the
rectangular one that is rounded at the top. The MLP_R1 and
MLP_R3 are employed. The measured optical signature of sam-
ples E2, E3, and E4 are provided to the inputs of these ANNs for
characterization. The results are given in Table 10.

The MLP_R3 estimates geometrical parameters ranked into
the training range. The error E Is ,Ic calculated between the
measured and simulated optical signature is added to provide
additional information. The estimated radius at the top is
significantly large. This is consistent with the SEM image of
samples E2 and E3 (Fig. 2).

Regarding sample E4, the geometrical parameters estimated
by MLP_R1 and MLP_R3 are of the same order of size. The one
rounded at the top estimated by MLP_R3 is very low and seems
close to a rectangular profile. Indeed, the geometrical deviation
Egeo calculated between the profile estimated by MLP_R3 and
the best fit, i.e., the rectangular profile with no roundness, is
52.49 nm2. This represents only 0.03% of the entire grating
area. This result is very low compared to the deviation result in
Table 5. Finally, the profiles estimated by MLP_R1 and MLP_R3

are depicted in Fig. 7. The profiles estimated are very close.
This emphasizes the results of the MLP_P (Table 9) regarding
sample E4.

In addition, geometrical parameters were roughly extracted
from SEM measurements and compared to those estimated by
MLP_R1 and MLP_R3, as reported in Table 10. We notice the
geometrical deviation calculated between the MLP_R3 profile,
and the SEM of sample E4 is 1251.4 nm2. This seems higher,
but it represents only 0.91% of the entire grating area. We
think this deviation is because of the SEM scale and resolution
influence on extracted parameters.

0 50 100 150 200 250 300 350 400 450 500

Distance (nm)

0

100

200

300

400

500

600

H
ei

gh
t (

nm
)

Estimation of MLP
R
1

Estimation of MLP
R
3

Fig. 7. Representations of the geometrical profiles obtained
using different E4 sample characterizations: MLP_R1 (fine lines) and
MLP_R3 (dashed lines).

6. CONCLUSION

In this study, we demonstrated the common mean square errors
E Is ,Ic on the optical signature calculated for the reconstructed 
profile a re c learly not sufficient to  va lidate the quality of  the 
characterization. Thus, a method based on a classifier i s pro-
posed to supply additional information. An ANN is aimed to 
collect qualitative information about the profile shape o f the 
structure to be tested from a measured optical signature. This 
information is then used to reduce ambiguity on the fixed geo-
metrical hypothesis during the characterization process. In our 
work, the extraction of the geometrical parameters is achieved 
by an ANN, but the method can be used for other techniques 
used in scatterometry. The method validation is demonstrated 
on samples with specific d efects o ccurring t hroughout the 
manufacturing process. Moreover, the classifier can also be used 
efficiently alone to identify a perfect shape or a targeted structure 
during different stages of the manufacturing process.
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