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An Artificial Neural Network (ANN) model has been designed for predicting the effects of alloying elements
(Fe, Si, Al, Mn) on the recrystallization behavior and microstructural changes of 70/30 brass. The model
introduced here considers the content of alloying elements, temperature, and time of recrystallization as
inputs while percent of recrystallization is presented as output. It is shown that the designed model is able to
predict the effect of alloying elements well. It is also shown that all alloying elements strongly affect the
recrytallization kinetics, and all slow down the recrystallization process. The effect of alloying elements on
the activation energy for recrystallization has also been investigated. The results show that Si is the element
which increases the activation energy.
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1. Introduction

Alloying elements and impurities may profoundly affect
microstructures of Cu and its alloys during annealing by
changing the recovery and recrystallization processes. For
example, it is well known that the additions of Fe and other
elements like Si to Cu-Zn alloys lead to grain refinement.
Moreover, it has been reported that Mn increases ductility,
while Si has an opposite effect and results in hardening (Ref 1).
So, it seems that understanding the effects of alloying elements
may help to control and produce the products with desired
properties at lower costs. For example, Oishi et al. developed a
new Cu alloy with fine recrystallized grains by investigating the
effect of Si and Co on the recrystallization behavior of
Cu-10%Zn alloy (Ref 2). They showed that while the addition
of silicon to Cu-10%Zn alloys increases the number of
nucleation sites, the addition of minute amounts of cobalt to
Cu-10%Zn-Si alloys inhibits grain growth (Ref 2).

More recently, Aghaie and Mohebati investigated the effect
of Si on recrystallization behavior of brass (Ref 1). They
utilized a thermo-mechanical treatment to improve the ductility
of 70/30 brass containing 0.35% iron as impurity. They showed
contrary to other reports, Si additions increase the grain size of
70/30 brass, and as a result, a superior ductility can be achieved
after thermo-mechanical treatment. They attributed the grain
coarsening effect to the shape and the nonuniform distribution
of Si precipitates (Ref 1).

From the above discussion, one could conclude that, from
an industrial point of view, investigations on the effect of
alloying elements on the final structure of alloys can be very
important. In this study, the effects of Si, Mn, and Al on the
recrystallization behavior of 70/30 brass in the presence of Fe
have been investigated. The 70/30 brass is predominantly used
for cartridge case production and has an outstanding record of
excellent formability coupled with high strength (Ref 1).
However, in the recycling process iron as an impurity may inter
the alloy and degrade the ductility and formability of the semi-
finished products (Ref 1). The aim of the study was to either
eliminate or reduce the detrimental effect of unavoidable Fe
impurity which enters the composition of brass from recycled
raw materials. However, the complexity of the effect of
alloying elements led to research on developing a new model
to predict the effect of alloying elements. There have been some
works regarding the modeling of recrystallization process.
Artificial Neural Network (ANN) modeling has proven to be a
powerful tool for modeling the final properties and microstruc-
tures of processed materials. For example, ANN has been
successfully used to predict the properties of dual phase steels
(Ref 3) as well as the bake hardenability and the microstructure
of processed materials (Ref 4-6). Moreover, it has been
successfully used to predict the effect of thermo-mechanical
processing on the forming limit diagram (FLD) of low carbon
steels (Ref 7). Therefore, the objective of this work is to
develop an ANN model to predict the effect of alloying
elements on the recrystallization behavior of 70/30 brass.

2. Artificial Neural Networks

The foundations of all ANN are the processing elements,
also called nodes or neurons that are interconnected and operate
in parallel (Ref 8). Although, there are different types of ANN,
feed-forward multilayer perceptron is probably the most widely
used due to its powerful modeling capability. It consists of three
layers: the input, the hidden, and the output layers. The input
layer contains the properly scaled input observables upon
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which the network is trained. The summation of the input times
weights is performed in each of the processing elements in the
hidden layer, and the output is sent to either another hidden
layer or directly to the output layer.

A neural network is not programed, but trained (Ref 8). The
algorithm used for supervised learning of the neural network in
this paper is based on the mostly used back-propagation
method. The back-propagation training algorithm is an iterative
gradient algorithm designed to minimize the main square
between the predicted output and desired output (Ref 9).

3. Experimental Work

3.1 Materials and Experimental Procedure

The elements Fe, Al, Mn, and Si were added to 70/30 brass
as the base in the electric furnace equipped with an inert-gas
atmosphere controlled system. The chemical compositions of
the prepared alloys obtained by spectrophotometery are pre-
sented in Table 1.

The melted alloys were cast in a copper mold as slabs of
10 cm9 5 cm9 0.56 cm in dimensions. Then, the cast slabs
were cold rolled with 65% reduction in thickness. The prepared
samples from cold-rolled slabs were isothermally annealed in a
salt bath at temperature of 400, 500, 600, and 700 �C for
different holding times including 5-259,200 s. At the end of
annealing time, specimens were immediately quenched in water
within 5 s. Annealed samples were subsequently mounted,
polished, electropolished, and electroetched. Microstructural
observations were performed by optical microscope and
quantitative measurements of recrystallization progress during
annealing were done by point counting method.

The results of experimental tests were divided into two
parts: the first part of data was used for neural network training
while the second part was used for network testing; about 210
data were used to train the network, while 30 data were used to
test the network. It should be mentioned that usually about 15%
of data are used to test the network (Ref 6). Therefore, we have
selected 30 data to test the network.

3.2 ANN Model

In this work, an ANN model has been developed to predict
the effect of alloying elements on the recrystallization of 70/30
brass. The input parameters of ANN model were considered as
the amount of alloying elements Fe (0.02-0.3), Si (0.001-0.75),
Al (0.0005-1) and Mn (0.00002-1), temperature (T) (400-
700 �C), and time of recrystallization (t) (5-259,200 s), while
the percent of recrystallization was considered as output.
However, before training the network Log (t) and T/800 were

considered as inputs instead of t and T, respectively, and then all
data were normalized between �1 and 1. To train the network,
back-propagation training algorithm was used. Different archi-
tectures of neural network (NN) were tested, and among them
the best one was selected. The fundamental characteristics of
the ANN model used in this study are listed in Table 2. This
table shows that only one hidden layer with as few as seven
neurons has been used. Such simple architecture may avoid the
designed neural network to be over-fitted. Moreover, to prevent
the over-fitting, the technique of early stopping was also used.

4. Results and Discussion

4.1 Microstructure

Figure 1 illustrates some representative microstructures at
different temperatures. The alloying elements have led to finer
microstructure and less sharpness in grain boundaries in all
cases. All alloying elements have retarded recrystallization
process and in majority of them after relatively long annealing
times, recrystallization has not reached completion especially at
lower temperatures.

Another point regarding the microstructures of annealed
samples is the presence of annealing twins. Annealing twins
normally develop in low stacking fault energy materials.
However, the mechanism which leads to the formation of twins
is not very well understood. One model proposed by Gleiter in
1969 assumes that twins are the results of growth accidents
leading to stacking faults, and growth accidents are presumed
to increase in frequently as boundary velocity during recrys-
tallization increases (Ref 10, 11).

Another recent theory suggests that since at low tempera-
tures the driving force for growth is low, twining may have
been necessary for the growth of grains to continue to complete
recrystallization at low temperatures (Ref 11). In other words,
when a grain appeared to stagnate in growth, it would often
twin and rapid growth would resume. Nevertheless, as the
temperatures used in this work are relatively high, it can be
concluded that the observed annealing twins are the results of
grain boundary accidents. Comparing recrystallized micro-
structures of different samples at high annealing temperatures
shows that grain growth is also slowed down by alloying
elements resulting in much finer microstructures than that of
sample 1 (brass).

4.2 Recrystallization Fraction

By way of example, Fig. 2 shows the recrystallized fraction
for samples 1-5 at temperatures of 500 �C.

As it can be seen from this figure, all alloying elements have
decreased the recrystallized fraction. Moreover, it seems that Si
is the element which mostly has decreased the recrystallized

Table 1 Chemical composition of brasses in this study

Sample
number

Chemical composition, wt.%

Zn Fe Si Al Mn Cu

1 (Brass) 29.89 0.02 0.001 0.002 0.001 Bal
2 (Fe) 30.25 0.30 0.0087 0.0056 0.00002 Bal
3 (Si) 29.74 0.30 0.75 0.0012 0.0003 Bal
4 (Al) 29.18 0.30 0.0042 1 0.0023 Bal
5 (Mn) 29.74 0.30 0.03 0.0005 0.75 Bal

Table 2 Features of the designed neural network in this
study

ANN characteristic Feature

Number of neurons in input layer 6
Number of neurons in hidden layer 7
Transfer function Sigmoid
Minimization algorithm Gradient
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fraction. The variation in recrystallized fraction depending on
the chemical composition shows that solute atoms interact with
the grain boundaries. If the size of a foreign atom and that
parent crystal are different, then there will be an elastic stress
field introduced into the lattice by each foreign atom. There-
fore, the different influence of each alloying element on the
activation energy, and recrystallized fraction, is probably due to
the different strain which each element produces on the lattice.

4.3 The Activation Energies

To quantitatively investigate the effect of alloying elements,
the amount of activation energy for different alloys could be
compared as the activation energy is the parameter most
sensitive to the chemical composition. To calculate the amount
of activation energy, the following relation could be used:

t0:5 ¼ A exp
Q

RT

� �
ðEq 1Þ

where t0.5 is the time required for 50% recrystallization, A is
the constant, Q the activation energy, T the absolute tempera-
ture, and R = 8.314 J mol�1 K�1. According to Eq 1, A and
Q could be calculated taking Ln (t0.5) as a function of 1/T.
Using the experimental data, the magnitude of t0.5 was calcu-
lated at different temperatures for alloys listed in Table 1. It
should be noted that when the exact times of t0.5 were not
clear, the ranges in which t0.5 occurs were selected. By way
of example, Fig. 3 shows the used curves for Br, Fe, and Si.
The amounts of calculated activation energies are listed in
Table 3. As seen from this table, Si is the element which has
increased the activation energy. Such difference in the effect

Fig. 1 Some representative microstructures after recrystallization. (a) Sample 1 (Brass)—T = 600 �C, t = 1800 s, (b) sample 1
(Brass)—T = 600 �C, t = 3600 s, (c) sample 2 (Fe)—T = 500 �C, t = 3600 s, (d) sample 3 (Si)—T = 500 �C, t = 3600 s, (e) sample 4
(Al)—T = 500 �C, t = 3600 s, (f) sample 5 (Mn)—T = 500 �C, t = 3600 s
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Fig. 2 Recrystallization fraction (Xa) plotted against time for samples. (a) Samples 1-2 at 500 �C and (b) samples 3-5 at 500 �C
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of alloying elements on activation energy may be attributed
to the difference of the elastic stress field introduced into the
lattice by each foreign atom.

4.4 Results of the ANN Model

The trained network was then used to compare the predicted
and measured values of recrystallized fraction. These compar-
isons are shown in Fig. 4. As it can be seen, there is a good
agreement between the experimental results and the prediction
of the model. This agreement indicates that the developed
model could be used to predict the recrystallization fraction of
70/30 brass. Figure 5 shows the recrystallized fraction obtained
by model for alloys listed in Table 1. As seen in Fig. 5, the

results of the model for different alloys show a trend similar to
the classical Avrami equation. This agreement again indicates
that the designed ANN model was able to learn the training data
set well.

5. Conclusion

In this study, an ANN has been designed for predicting the
effect of alloying elements on the recrystallization behavior of
70/30 brass. The comparison between the experimental results
and the results obtained by designed ANN model shows that
the model is able to predict the effect of alloying elements. All
alloying elements (Fe, Si, Mn, Al) have slowed down the
recrystallization kinetics and all have increased the activation
energy needed for recrystallization. Si is the element which
mostly increases the activation energy.

References

1. M. Aghaie Kh and A. Mohebati J, Thermomechanical Treatment of 70/
30 Brass Containing Iron Impurity, J. Mater. Sci., 2006, 41, p 7585–
7589

0

2

4

6

8

10

12

14

1 1.25 1.5

1/T (K × 103)

L
n 

(t
0.

5)

1 ( Brass)

2 (Fe)

3 (Si)

Fig. 3 The curves of Ln(t0.5) vs. 1/T for calculation the activation
energies

Table 3 Activation energies for alloys listed in Table 1

Q, J/mol 2Ln (A)

1 (Brass) 113241.3 13.027
2 (Fe) 174628.1 20.267
3 (Si) 248866.2 26.757
4 (Al) 161319.3-173322 17.577
5 (Mn) 186431.3-198434 20.796

0

25

50

75

100

125

0 25 50 75 100 125
Measured Values (%) 

Pr
ed

ic
te

d 
V

al
ue

s(
%

)

Fig. 4 Comparison between the results of the model and experi-
mental results, 15 tests data selected randomly from all of the data

0

20

40

60

80

100

Time (s)

R
ec

ry
st

al
liz

at
io

n 
(%

)

Brass

Fe

0

20

40

60

80

100

1 100 10000 1000000 1 100 10000 1000000

Time (s)

R
ec

ry
st

al
liz

at
io

n 
(%

)

Si

Al

Mn

Fig. 5 Recrystallization fraction curves obtained by designed ANN model for alloys listed in Table 1 at 550 �C

556—Volume 19(4) June 2010 Journal of Materials Engineering and Performance



2. K. Oishi, I. Sasaki, and J. Otani, Effect of Silicon Addition on Grain
Refinement of Copper Alloys, Matter. Lett., 2003, 57, p 2280–2286

3. A. Bahrami, S.H. Mousavi, and A. Ekrami, Prediction of Mechanical
Properties of DP Steels Using Neural Network Model, J. Alloy Compd.,
2005, 392, p 177–182

4. K. Dehghani and A. Shafiei, Predicting the Bake Hardenability of Steels
Using Neural Network Modeling,Matter Lett., 2008, 62, p 173–178

5. C. Capdevila, C. Garcia-Mateo, F.G. Caballero, and C. Garcl¢a de
Andre�s, Neural Network Analysis of the Influence of Processing on
Strength and Ductility of Automotive Low Carbon Sheet Steels, Comp.
Mater. Sci., 2006, 38, p 192–201

6. H.C. Qian, B. Xia, S.Z. Li, and W. Fagen, Fuzzy Neural Network
Modeling of Material Properties, J. Mater. Process. Tech., 2002, 122,
p 196–200

7. K. Dehghani, A. Shafiei M, and H. Naeimi, Effect of Thermomechan-
ical Processing on Forming Limit Diagrams Predicted by Neural
Networks, Mater. Manufact. Proc., 2008, 23, p 829–833

8. M.G. Smets and W.F.l. Bogaerts, SCC Analysis of Austenitic Stainless
Steels in Chloride-Bearing Water by Neural Network Techniques,
Corrosion, 1992, 48, p 618–623

9. M.S. Chun, J. Biglou, J.G. Lenard, and J.G. Kim, Using Neural
Networks to Predict Parameters in the Hot Working of Aluminum
Alloys, J. Mater. Process. Tech., 1998, 86, p 245–251

10. H. Gleiter, The Formation of Annealing Twins, Acta Metallurgica,
1969, 17, p 1421

11. D.P. Field, L.T. Bradford, M.M. Nowell, and T.M. Lillo, The Role of
Annealing Twins During Recrystallization of Cu, Acta. Matter., 2007,
55, p 4233

Journal of Materials Engineering and Performance Volume 19(4) June 2010—557


	An Investigation into the Effect of Alloying Elements on the Recrystallization Behavior of 70/30 Brass
	1. Introduction
	2. Artificial Neural Networks
	3. Experimental Work
	3.1 Materials and Experimental Procedure
	3.2 ANN Model

	4. Results and Discussion
	4.1 Microstructure
	4.2 Recrystallization Fraction
	4.3 The Activation Energies
	4.4 Results of the ANN Model

	5. Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


