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Abstract—A novel method for estimation and optimizing
structural parameters of coupled-line bandpass filters (BPFs)
using transformer-based estimator (TBE) and multilayer percep-
tron (MLP) is proposed. Once trained, the TBE can quickly
obtain the predicted values of the BPF structural parame-
ters from desired S-parameters, while the trained MLP can
replace the time-consuming electromagnetic (EM) simulation
process, and establish the mapping from structural parameters
to S-parameters. In order to obtain the optimal structural
parameters, the trained MLP is combined with genetic algorithm
(GA) for fast optimization. To demonstrate the effectiveness of
the proposed method, a BPF using three pairs of coupled-line
microstrip structure is designed and fabricated. The experimental
results demonstrate that the proposed method can quickly and
accurately obtain the optimal structural parameters from the
desired frequency response of the coupled-line BPF.

Index Terms—Bandpass filters, genetic algorithm, multilayer
perceptron, structural parameters, transformer.

I. INTRODUCTION

BANDPASS filters (BPFs) with excellent frequency
response characteristics are extensively used in mod-

ern radio frequency and wireless communication systems.
Among various types of BPFs, the coupled-line microstrip
structure is a good candidate due to its compact size and
ease of fabrication [1]. In the traditional approach, the design
of coupled-line BPF heavily relies on deriving impedance
equations and simulating circuit models using electromagnetic
(EM) simulation software. However, this method is highly
dependent on the designers’ expertise, and optimizing the
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structural parameters is time-consuming and energy-intensive,
even with the aid of optimization algorithms available in EM
simulation software.

In recent years, deep learning has emerged a powerful alter-
native to traditional EM modeling in the design of microwave
components. This is primarily due to its exceptional data pro-
cessing capabilities. Consequently, there has been significant
research on investigating the applications of neural networks
(NNs) in microwave components [2], [3], [4], [5]. For instance,
a modified NN learning process is utilized for the microwave
circuit design [6], instead of employing conventional solution-
searching optimization. Moreover, to enhance optimization
speed and accuracy, a combination of NN and filter coupling
matrix has been investigated for filter design [7], [8]. In [9]
and [10], an NN inverse modeling technique is proposed in
order to solve the non-uniqueness issue of input-output rela-
tionship. Additionally, the work presented in [11] introduces
a novel adjoint NN technique based on sensitivity analysis
to generate accurate parametric models with minimal training
data. A unique eigenmode-based NN approach is suggested
in [12] as an alternative to traditional structural adjustment and
optimization design process. Furthermore, a deep NN model
capable of solving higher-dimensional microwave modeling
problems is proposed in [13]. The relationship between cou-
pling matrix and structural parameters can be expressed when
utilizing a deep Q-network [14].

The above-mentioned NN models for the design of BPFs
mostly use multilayer NN architectures to establish the
mapping between the BPF’s coupling matrix and structural
parameters. However, extracting the coupling matrix during
the filter design process is relatively complicated, while
obtaining S-parameters from ideal circuit of the coupled-line
BPF is simple and straightforward. Therefore, it is valuable to
investigate the relationship between S-parameters and struc-
tural parameters of BPFs using NN models, enabling fast and
accurate optimization to realize the final filter design.

In this brief, a new method using two deep NNs simul-
taneously is proposed for structural parameters optimization
and automatic adjustment of BPFs. Compared to the 3-layer
NN models in [7] and [9], our proposed deep NNs possess
higher accuracy when processing high-dimensional data. The
first NN, i.e., transformer-based estimator (TBE), is utilized
to establish a mapping from S-parameters to structural param-
eters, which facilitates estimating the predicted values of
the structural parameters on the frequency response of ideal
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Fig. 1. Schematic of TBE and MLP architecture for coupled-line BPF design.

circuit. The second NN, i.e., multilayer perceptron (MLP),
is then employed to establish a mapping from structural
parameters to S-parameters. By integrating the MLP with the
genetic algorithm (GA), the optimal structural parameters can
be obtained. To demonstrate the effectiveness and accuracy
of the proposed idea, a coupled-line BPF is designed and
fabricated, whose simulation and measurement are in good
agreement.

II. BPF STRUCTURAL PARAMETER OPTIMIZATION

The proposed TBE and MLP architecture is shown in Fig. 1,
where the TBE consists of transformer encoder and fully-
connected layer. The transformer encoder contains a stack of
N identical layers, and each layer has two sub-layers, where
the first sub-layer is a multi-head attention and the second one
is a simple fully-connected feed-forward network [15]. The
multi-head attention includes several attention layers running
in parallel, and the output matrix of an attention layer is as
follows [15],

Attention(Q, K, V) = softmax

(
QKT

√
dk

)
V (1)

where Q, K, and V are the matrices of query, keys, and
values, respectively. They are obtained by applying a linear
transformation to the input of self-attention. The dk is the
dimension of matrices Q and K. We calculate the dot products
of the matrix Q with matrix KT , divide each entry of matrix
by

√
dk, and apply a softmax function to obtain the weight

values of all matrix entries, where the softmax function serves
to compress the values in each row of a matrix into the
interval [0, 1], guaranteeing that the sum of these values in
any given row equals 1. This normalization process transforms
raw scores into probability distributions, where each matrix
entry represents the likelihood or confidence associated with
a specific entry in the row. Then, these weights are multiplied
with matrix V to obtain the attention coefficient. Finally,
the corresponding multi-head attention output matrix can be
described as,

headi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(2a)

MultiHead(Q, K, V) = Concat(head1, . . . , headi, . . . , headM)WL

(2b)

where WQ
i , WK

i , and WV
i are weight matrices for matrices

Q, K, and V, respectively. There are M heads for multi-head
attention, where the headi represents the ith head attention.
The data from input is passed through computations involving
M attention layers, leading to the generation of M output
matrices. These matrices are then concatenated together and
passed through a linear layer to generate the final output,
where the WL is weight matrix for linear layer. The feed-
forward network is composed of two fully-connected layers,
where the first layer utilizes the Gaussian error linear units
(GELU) [16] as an activation function and the second layer
does not have the activation function. The input data passes
through the transformer encoder without any change in its
dimension, resulting in identical dimension to the output
data. By adding a fully-connected layer, we can reduce
the dimension of output data generated by the transformer
encoder. Through the function of the above layers, the TBE
finally realizes the mapping from S-parameters to structural
parameters.

The MLP is composed of seven fully-connected layers,
including an input layer, an output layer, and five hidden
layers. The activation function used for each hidden layer is
rectified linear unit (ReLU). The relationship between the input
and output of the MLP can be expressed by the following
equation,

yk =
N5∑

i5=1

wN5
i5

max

⎛
⎝0,

N4∑
i4=1

w4
i4 max

⎛
⎝0,

N3∑
i3=1

w3
i3 max

⎛
⎝0,

N2∑
i2=1

w2
i2 max

⎛
⎝0,

N1∑
i1=1

w1
i1 max

⎛
⎝0,

N0∑
i0=1

w0
i0 xi + b0

i0

⎞
⎠

+ b1
i1

⎞
⎠ + b2

i2

⎞
⎠ + b3

i3

⎞
⎠ + b4

i4

⎞
⎠ + b5

i5 (3)

where yk is the output of the kth (k=1, 2, . . . , N6) neuron in
the output layer, xi is the input of the ith (i=1, 2, . . . , N0)

neuron in the input layer. The N0, N1, N2, N3, N4 and N5 are
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Fig. 2. (a) MSE curves of TBE and MLP. (b) MSE distributions of testing
samples.

the number of neurons in the input layer and the five hidden
layers, respectively, and N6 is the number of neurons in the
output layer. w0

i0
, w1

i1
, w2

i2
, w3

i3
, w4

i4
, w5

i5
and b0

i0
, b1

i1
, b2

i2
, b3

i3
, b4

i4
,

b5
i5

are the weights and bias of each layer, respectively. The
MLP can establish the mapping from structural parameters to
S-parameters, which is utilized to replace the complicated EM
simulation process.

Firstly, the performance of TBE is evaluated and compared
with that of classical MLP in predicting structural parameters.
The mean square error (MSE) loss function is utilized to
calculate the error (loss values) between the predicted results
and the actual values. This loss function can be represented
by the following equation,

MSE
(
y′, y

) = 1

n

n∑
i=1

(
y′

i − yi

)2 (4)

where n is the number of samples, y′ is the predicted results by
the model, and y is the desired values. As shown in Fig. 2(a),
the MSE using TBE (N = 3 and M = 8) is 0.97 × 10–2,
much smaller than that using classical MLP with seven layers
(numbers of neurons from the input layer to the output layer:
N0 = 200, N1 = 800, N2 = 1200, N3 = 800, N4 = 400, N5
= 200, and N6 = 6) in the testing dataset. The histogram of
MSE count distributions in Fig. 2(b) illustrates that the TBE
supports more testing samples with a lower MSE than the
MLP. This implies the higher prediction accuracy in predicting
structural parameters can be obtained using TBE.

Subsequently, the proposed TBE and MLP are utilized to
estimate and optimize the structural parameters of a coupled-
line BPF. The procedure for estimating and optimizing is as
follows.

1) The EM simulation software is used for coupled-line
BPF modeling (see layout in Fig. 1). By adjusting the struc-
ture of the BPF within a certain range, the corresponding
S-parameters are obtained through EM simulation. Each group
of structural parameters and corresponding S-parameters is
taken as a group of data to form a dataset.

2) The TBE (i.e., left side of Fig. 1) and MLP (i.e., right
side of Fig. 1) are trained and validated with identical training
dataset and testing dataset. The distinction of the trained data
between TBE and MLP lies in their different input and output.
The TBE takes S-parameters (S[S1, S2, S3,· · ·,S200]) as the
input and then produces structural parameters (G[L1, L2, S1,
S2, W1, W2]), where these S-parameters are obtained from
the magnitude values (unit: dB) of S11 parameters across 200
frequency points, sampled within the frequency range from
0.02 to 4 GHz with increments of 0.02 GHz. In contrast,
the MLP takes structural parameters as input and produces
S-parameters. During the training and testing process, the
MSE loss function is utilized to calculate the error between
the predicted results and the real values. Then, the Adam
optimizer [17] is applied to update the weights and bias of
TBE and MLP in the training process.

3) Before commencing the training process of the NN
models, it is vital to set the essential parameters such as
batch size, learning rate, and the number of training iterations.
Subsequently, the TBE and MLP are trained until the loss
values reach the designated threshold on the training dataset
or until the specified number of training iterations is attained,
thereby saving the models. The trained models can then be
utilized to make predictions on structural parameters and
S-parameters accordingly.

4) By inputting the desired S-parameters into the trained
TBE, one group of structural parameters is obtained from the
output. These predicted structural parameters are then fed into
the trained MLP to predict the S-parameters. The objective
function F of GA is determined by calculating the mean
absolute error (MAE) between the predicted S-parameters and
the desired S-parameters. The function F can be expressed as
follows,

F
(
s, s′) = 1

m

m∑
i

|si − s′
i| (5)

where the multidimensional vector s and s′ are the desired
S-parameters and the predicted S-parameters, respectively, and
the m is the element number of each vector.

5) The predicted values of the structural parameters are
obtained from the TBE, and they are utilized as the starting
points. These values are disturbed to generate population
samples. Then, the fitness value of individual in the population
is calculated based on the objective function F of GA.
The individual with the smallest fitness value is selected
for crossover, mutation, and recombination, resulting in the
generation of new individual in the population. The new
individual will inherit the excellent features but with better
performance than the previous generation. In each iteration of
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TABLE I
RANGES FOR THE STRUCTURAL PARAMETERS

TABLE II
NUMBER OF NEURONS IN EACH LAYER OF THE MLP MODEL

the GA, the trained MLP is invoked to obtain the predicted
values of S-parameters until the objective function F reaches
the set threshold, and finally the obtained structural parameters
will be the optimal structural parameters.

III. EXAMPLE OF BPF DESIGN

To validate the proposed method, a BPF using three pairs of
coupled-lines is designed and the specifications are as follows:
Center frequency f0 = 2 GHz, bandwidth of 1.73 ∼ 2.27 GHz,
and return loss (RL) of over 20 dB within passband. The
experimental environment is AMD Ryzen 7 3700X 8-Core
Processor at 3.59 GHz, 16 GB memory, Windows 10 operating
system, PyCharm for running the NN models and GA, and
HFSS for EM simulation.

The layout of the BPF is shown in Fig. 1, where the diame-
ter of two vias is both 0.6 mm. Due to the structure symmetry,
the two horizontal pairs of coupled-lines have the identical
length, width and gap. There are several structural parameters
that need to be estimated and optimized: the lengths of
coupled-lines L1 and L2, the gaps of coupled-lines S1 and S2,
and the widths of coupled-lines W1 and W2. The values of the
coupled-line BPF structural parameters are adjusted using the
EM simulation software to obtain corresponding S-parameters,
i.e., the Step 1) of the optimization procedure in Section II. The
ranges for all structural parameters are indicated in Table I.

The number of neurons in each layer of the MLP model
is shown in Table II, where the dimensions of the input
and output data determine the numbers of neurons in input
and output layers, while the numbers of neurons in hidden
layers are obtained from experiments. According to the Steps
2) and 3) of the optimization procedure, the batch size is
set to 32 and the learning rate is set to 0.00001. The TBE
and MLP are trained on the training dataset for 1000 and
1500 times, respectively. During the training process, the
operating frequency and bandwidth of BPF are not the features
captured by NN, so the training process is still valid if the
operating frequency or bandwidth is changed. To demonstrate
the predictive accuracy of the TBE and MLP, the models are
validated using the test dataset. The average error value of
the TBE is 0.97%, and the average error value of the MLP is
3.37%.

According to the Step 4) of the optimization procedure,
the desired S-parameters (obtained from the ideal circuit of
the coupled-line BPF using ADS software) are placed into the

TABLE III
PREDICTED AND OPTIMAL VALUES OF THE STRUCTURAL PARAMETERS

Fig. 3. Comparisons among the desired S-parameter, predicted S-parameter
and optimized S-parameter.

TBE to obtain the predicted structural parameters, i.e., pre-
dicted values shown in Table III. They are then applied to the
coupled-line BPF, and the S-parameters obtained through EM
simulations (i.e., predicted S-parameters) are compared with
the desired S-parameters, as shown in Fig. 3. It is observed
that the S-parameter curve obtained by EM simulations has a
certain frequency offset with the desired S-parameter curve,
and one transmission pole is missing within the passband.
Therefore, further optimization through MLP using GA is
needed to improve the performance of the coupled-line BPF.

According to the Step 5) of the optimization procedure,
the initial sample number of GA is set as 200, which is
obtained by changing ±10% on the basis of the predicted
values from TBE. After 100 iterations of GA, the optimized
structural parameters are obtained, i.e., optimal values shown
in Table III. Subsequently, these optimized structural param-
eters are applied to the physical coupled-line BPF, and the
corresponding S-parameter results are shown in Fig. 3. As
can be seen, the optimized S-parameter curve is in good
agreement with the desired counterpart. Furthermore, the
proposed method can be also employed for the optimization
of the BPF with higher order.

To prove that the desired S-parameter curve in Fig. 3 is
not a special case for the proposed MLP using GA, 1000
new samples with different data are extracted by adding noise
(i.e., perturbation) to the desired S-parameter curve and then
placed into the traditional MLP and the MLP using GA,
respectively, for comparison. The corresponding MAEs are
obtained, 3.73% for the traditional MLP and 1.78% for the
MLP using GA. Obviously, the MAE of the MLP using GA
is much lower than that of the traditional MLP, indicating that
our proposed method has higher prediction accuracy.

The proposed method for training the NN and optimizing
structural parameters takes only 3 hours, much less time than
both of the HFSS optimization method and the method in [9],
which take 43 hours and 6 hours, respectively. It indicates that
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TABLE IV
ACCURACY COMPARISONS WITH SOME OTHER NN MODELS

Fig. 4. Photograph of the fabricated BPF.

Fig. 5. Simulated and measured results of the coupled-line BPF using
optimization method.

the proposed method possesses higher efficiency in optimizing
the structural parameters of the BPF. Furthermore, as com-
pared to other reported works, the proposed NN models exhibit
lower training and testing errors, as tabulated in Table IV.

For demonstration, a filter example is also fabricated on
a substrate with a relative permittivity of εr = 2.65 and a
thickness of h = 1 mm, whose photograph is displayed in
Fig. 4. Fig. 5 presents a performance comparison of frequency
responses between the EM simulation by HFSS software
and the measurement by vector network analyzer. As can
be seen, the measured bandwidth is 1.86 ∼ 2.28 GHz with
center frequency at 2.07 GHz. Within the passband, the RL
is greater than 25 dB. The measured results satisfy the design
specifications, with a slight deviation that may be due to the
fabrication tolerance.

IV. CONCLUSION

This brief proposes a method for estimating and optimizing
the structural parameters of coupled-line BPFs. The trained
TBE can quickly predict the values of structural parameters
from the S-parameters of coupled-line BPF ideal circuit.
This is because the TBE captures the intricate relationship
among the parameters of coupled-line BPFs, which are often
nonlinear and complex. For the trained MLP, it can achieve fast

prediction of the S-parameters from the structural parameters.
Based on the predicted values of the structural parameters
using the TBE, the GA is utilized to invoke the MLP for
optimizing these structural parameters, ultimately obtaining
the optimal ones. To verify the proposed method, a BPF
using three pairs of coupled-lines is designed and its struc-
tural parameters are successfully estimated and optimized
using the proposed TBE and MLP. Finally, the optimized
structural parameters are applied to the coupled-line BPF,
and the corresponding filter prototype is fabricated, whose
measured results are in good agreement with the design
specifications.

REFERENCES

[1] K. D. Xu, D. Li, and Y. Liu, “High-selectivity wideband bandpass filter
using simple coupled lines with multiple transmission poles and zeros,”
IEEE Microw. Wireless Compon. Lett., vol. 29, no. 2, pp. 107–109,
Feb. 2019.

[2] Q.-J. Zhang, K. C. Gupta, and V. K. Devabhaktuni, “Artificial neural
network for RF and microwave design—From theory to practice,” IEEE
Trans. Microw. Theory Techn., vol. 51, no. 4, pp. 1339–1350, Apr. 2003.

[3] J. E. Rayas-Sánchez, “EM-based optimization of microwave circuits
using artificial neural networks: The state-of-the-art,” IEEE Trans.
Microw. Theory Techn., vol. 52, no. 1, pp. 420–435, Jan. 2004.

[4] W. Liu, W. Na, L. Zhu, and Q.-J. Zhang, “A review of neural network
based techniques for nonlinear microwave device modeling,” in Proc.
IEEE MTT-S Int. Conf. Numer. Electrom. Multiphys. Model. Optim.
(NEMO)., Beijing, China, 2016, pp. 1–2.

[5] J. Jin, F. Feng, and Q.-J. Zhang, “An overview of neural network
techniques for microwave inverse modeling,” in Proc. IEEE Int. Symp.
Radio Freq. Integr. Techn., Hualien, Taiwan, 2021, pp. 1–2.

[6] M. M. Vai, S. Wu, B. Li, and S. Prasad, “Reverse modeling of microwave
circuits with bidirectional neural network models,” IEEE Trans. Microw.
Theory Techn., vol. 46, no. 10, pp. 1492–1494, Oct. 1998.

[7] Y. Wang, M. Yu, H. Kabir, and Q. J. Zhang, “Effective design of cross-
coupled filter using neural networks and coupling matrix,” in Proc.
IEEE MTT-S Int. Microw. Symp. Dig., San Francisco, CA, USA, 2006,
pp. 1431–1434.

[8] J.-J. Sun, X. Yu, and S. Sun, “Coupling matrix extraction for microwave
filter design using neural networks,” in Proc. IEEE Int. Conf. Comput.
Elect., Chengdu, China, 2018, pp. 1–2.

[9] H. Kabir, Y. Wang, M. Yu, and Q.-J. Zhang, “Neural network inverse
modeling and applications to microwave filter design,” IEEE Trans.
Microw. Theory Techn., vol. 56, no. 4, pp. 867–879, Apr. 2008.

[10] C. Zhang, J. Jin, W. Na, Q.-J. Zhang, and M. Yu, “Multivalued
neural network inverse modeling and applications to microwave filters,”
IEEE Trans. Microw. Theory Techn., vol. 66, no. 8, pp. 3781–3797,
Aug. 2018.

[11] S. A. Sadrossadat, Y. Cao, and Q.-J. Zhang, “Parametric modeling of
microwave passive components using sensitivity-analysis-based adjoint
neural-network technique,” IEEE Trans. Microw. Theory Techn., vol. 61,
no. 5, pp. 1733–1747, May 2013.

[12] M. Ohira, A. Yamashita, Z. Ma, and X. Wang, “A novel eigenmode-
based neural network for fully automated microstrip bandpass filter
design,” in Proc. IEEE MTT-S Int. Microw. Symp., Honololu, HI, USA,
2017, pp. 1628–1631.

[13] J. Jin, C. Zhang, F. Feng, W. Na, J. Ma, and Q.-J. Zhang,
“Deep neural network technique for high-dimensional microwave
modeling and applications to parameter extraction of microwave filters,”
IEEE Trans. Microw. Theory Techn., vol. 67, no. 10, pp. 4140–4155,
Oct. 2019.

[14] M. Ohira, K. Takano, and Z. Ma, “A novel deep-Q-network-
based fine-tuning approach for planar bandpass filter design,”
IEEE Microw. Wireless Compon. Lett., vol. 31, no. 6, pp. 638–641,
Jun. 2021.

[15] A. Vaswani et al., “Attention is all you need,” 2017, arXiv:1706.03762v5.
[16] D. Hendrycks and K. Gimpel, “Gaussian error linear units (GELUs),”

2020, arXiv:1606.08415v4.
[17] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”

in Proc. Int. Conf. Learn. Represent. (ICLR), San Diego, CA, USA,
2015, p. 13.

Authorized licensed use limited to: TOHOKU UNIVERSITY. Downloaded on July 23,2025 at 05:39:09 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


