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ABSTRACT

Two-phase flow regime prediction is of great importance
for designing evaporators and condensers because the influence
of the heat transfer coefficients is strongly related to the flow
regimes. These flow regimes are often presented using flow
pattern maps. As most flow pattern maps are based on visual
observation, they lack objectively defined flow regime
transition criteria. In order to add flow characteristics to the
transitions boundaries, a sensor was developed which measures
the capacitance of the two-phase flow. Due to the difference in
dielectric constant of liquid and vapour and the dependency on
the capacitance to the internal distribution of liquid and vapour
in the cross-section of the tube, the sensor is able to
characterize two-phase flow regimes. A large number of
experiments was done with air-water flow. The setup was able
to cover three main flow regimes for horizontal flow in a 9 mm
tube, namely stratified, annular and intermittent flow. A
multivariate analysis was performed to find characteristic signal
parameters. The average signal value, together with the
variance and a high frequency contribution factor were found
suitable. These parameters were used as input features for the
k-means clustering method, which groups the sensor data into a
given number of classes. The influence of the weight
parameters of the features was mapped, as well as the influence
of the distance function. A comparison between the visual
classification based on high speed camera images and the
cluster classification shows a remarkable agreement.
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INTRODUCTION

Upon the design of in-tube evaporators used in refrigeration
and air-conditioning, one has to deal with the complex
phenomena of two-phase flow during the phase change of the
refrigerant from liquid to vapour. To accurately predict the heat
transfer and pressure drop, the flow phenomena should be
incorporated in the design models. Traditionally, this is
achieved by classifying two-phase flows into flow regimes:
stratified flow, annular flow, etc. These classifications are
mainly based on visualisations (with or without use of high
speed cameras). But visual observations are inherently
subjective and do not provide quantitative information such as
typical frequencies or local vapour concentration.

Many types of flow pattern maps indicate the occurrence of
typical flow regimes in a specific coordinate system (superficial
velocities or G-x, etc.). Attempts were made to create transition
boundaries between these regimes based on theoretical
assumptions [1-2]. But due to wide transition areas, these
boundaries differ strongly between maps. More recently, this
problem was approached in a probabilistic way. Rather than
purely classifying a flow in a specific regime, the flow can be
conceived as a combination of different flow regimes. The
importance of each of the acting forces can be better described,
especially in the transition areas and the chaotic flow types
such as intermittent flows. Nino et al. [3] introduced the
probabilistic approach in multiport microchannels. Jassim and
Newell [4] applied probabilistic flow regime mapping to
predict pressure drop and void fraction in microchannels. van
Rooyen et al. [5] used the same approach for intermittent flows
during condensation in macroscale tubes.

Signal analysis can learn a lot about the subtle differences
in flow phenomena and makes it possible to build quantifying
classifiers or probabilistic data. In this study, a capacitance
sensor was developed and tested with air-water flow. The
sensor signals were analysed and three signal features were



chosen to build up a horizontal two-phase flow classifier
without any subjective visual decisions. Probabilistic data was
added to better describe the transition zones.

EXPERIMENTAL DATA
Capacitance Probe [6]

The capacitance probe has a concave electrode
configuration. A single pair of sensing electrodes is sided by
two pairs of guarding electrodes, one upstream and one
downstream. To acquire (quasi)-local two-phase flow data, the
electrode width is equal to the diameter of the tube. The output
of the probe is a voltage signal proportional to the capacitance
of the momentary two-phase mixture between the sensing
electrodes. The electronic transducer used to convert the
electric capacitance to a voltage signal is based on the
charge/discharge principle.

Experimental data acquisition

The sensor was used for horizontal air-water flow in a small
diameter tube of 9 mm L.D. The output voltage signal of the
capacitance probe is made dimensionless according to Eq. (1).
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A series of 202 sensor signals was gathered, changing the
mass velocities of air and water. Each signal was classified into
one of three flow regimes: stratified flow (25 points),
intermittent flow (116 points) and annular flow (61 points). By
using this three-category classification a distinction can be
made between stratified and non-stratified flows as well as a
distinction between the ring-shaped annular flows and the more
complex flow structures of intermittent flows. Stratified flow
can have a smooth as well as a wavy interface. Intermittent
flow can be slug flow, plug flow, elongated bubble flow etc.
All two-phase flows considered as intermittent flow have an
irregular or aperiodic flow structure and are therefore grouped
together. Visual classification is difficult and subjective in
nature, despite the use of high speed camera images. Therefore
sensor signals analysis can provide more quantitative and
objective criteria.

Feature selection

From each sensor signal, several statistical parameters were
mined. A first group consists of the statistical moments of the
sensor signal, i.e. the average value (M1), the variance (M2),
the skewness (M3) and the kurtosis (M4). These parameters
determine the shape of the probability density function (PDF)
of a signal and represent information of the signal in the
amplitude domain. A second group consists of parameters from
the frequency domain. The sensor signal is first transformed
using a fast Fourier algorithm and a power spectral distribution
(PSD) is calculated. Based on this PSD, the contributions of
different bandwidths can be added to define a frequency
parameter.

The statistical parameters of the data points were
investigated for their ability of flow regime identification. The
average value (AVG) and the variance (M2) of the signal
amplitude together with a high frequency contribution factor

(HFCF) were found to be most suitable for this purpose. The
HFCF is the addition of the power spectrum contributions
starting from 10Hz up to 100Hz divided by the addition of all
contributions up to 250Hz. Annular flows typically have a high
HFCF and low to intermediate values of AVG and M2.
Stratified flows have low to intermediate values of AVG, but
only low values of M2. The HFCF is spread over the full range
because both smooth and wavy stratified flows are present.
Intermittent flows have intermediate to high values of AVG and
M2 and low to intermediate values of HFCF.

DATA PROCESSING

The three sensor signal features (AVG, M2 and HFCF) are
used to build an objective flow regime classifier and additional
probabilistic flow regime information. Any visual training input
is excluded, in contrast with other statistical models where
visual input is required to determine signals of typical flow
regimes. The k-means algorithm groups the data into subgroups
of similar signals.

K-means clustering algorithm [7]

The K-means clustering algorithm is an wunsupervised
learning or learning without a teacher method. The goal of
such a method is to deduce properties from a dataset, without
the help of a supervisor or teacher providing correct answers
for each observation. In the case of two-phase flow
identification, no visual decisions are needed.

Clustering analysis tries to group a collection of objects into
subsets or clusters such that those within each cluster are more
closely related to one another than objects assigned to different
clusters. Fundamental to the clustering technique is the choice
of the dissimilarity measure between two objects, often called
distance function and the choice of the input features. In this
application the input features are the sensor signal parameters
AVG, M2 and HFCF. By far the most common choice of the
feature distance is the Squared or Euclidian distance D(j,j’)
between two objects:

D(j,J) =W, - (AVG, = AVG ) +wy, - (M2, —M2 )
+ Wyrep - (HFCF, — HFCF,)?

with W, + Wy, + Wyper =1 2)

This is a weighted average of the feature distances. Each
observation is iteratively assigned to one cluster based on a
minimization of a loss function. Each of the weight parameters,
Wy, can be chosen to set the relative importance of the features
upon the degree of similarity of the objects. The relative
importance of each feature is proportional to its variance over
the data set [7]. Setting wy=1/(2-vary) will cause each of the
features to equally influence the overall dissimilarity between
pairs of objects. Although it may seem reasonable to do so, it
can be highly counterproductive as well. If the goal is to divide
the data into groups of similar objects, all features may not
contribute equally to the notion of dissimilarity between
objects. Some feature value differences may reflect greater
actual object dissimilarity. Variables that are more relevant in



separating the groups should of course be assigned a higher
influence in defining object dissimilarity.

Generalizing data and creation of transition boundaries

The output of the clustering algorithm is a centroid ¢;, for
every cluster, together with the distance d;; from each data point
to every centroid. The data set is thus divided into the chosen
number of clusters, based on the minimum distance to
centroids. These distances can now be used to create
probabilistic data.

A centroid can be considered as typical or characteristic for
the specific cluster. In this application, the two-phase flow
corresponding with the cluster centroid is regarded as typical
for that flow regime. This makes the distance in the feature
space, from a data point to a centroid, dj, a measure of
similarity between the flow regime of that data point and that of
the centroid. When using Eq. (3), the distances are transformed
into flow regime probabilities, p;. The sum of the probabilities
over the number of clusters is of course 100% and the centroids
it selves has 100% probability of the corresponding flow
regime.

B 1/d,
Py= g
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> 1/d,
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The distance data, as well as the probability data is scattered
data. To obtain continuous data in a flow pattern map, the
Support Vector Regression (SVR) technique [8-9] is applied.
This regression technique creates a regression surface, P, for
every cluster through the scattered distance data. Such a surface
is visualized in Figure 1. The regression errors were minimized
through a grid search of the SVR parameters.

The final step in defining flow regime transition boundaries
is applying a maximum probability criterion to the SVR

, with NC the number of clusters 3)

surfaces. This means that the flow regime boundaries are found
at the intersection of the 2 surfaces with the highest probability.
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Figure 1 SVR surface with scatter probability data

In Figure 2, a flow chart is shown of the full data processing
procedure. The probe signals and corresponding mass fluxes
are fed from the database. A feature selection is done to extract
the main flow characteristics from the signals into three
features. The clustering algorithm divides the data set into
clusters, finds cluster specific centroids c¢; and calculates the
distances dj between the centroids and all data points. At
probability level the distances are transformed into probabilities
pi- A regression is made to generalize the probabilities to
smooth functions Pj(Gyuer,Gair)- Finally at classification level,
boundaries Bj are found at the intersections of the probability
functions P;. These boundaries separate zones on a Gyater-Gair
map which can be compared to visual flow pattern
classification or theoretical prediction methods.

Figure 3 shows the results of a test case, which divides the
full data set in three clusters. The Euclidian distance function
was used and the selected input feature matrix was [ = [AVG,
M2, HFCF] with all weight parameters set to one. The solid
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Figure 2 Flowchart of the data processing



lines are the boundaries B;;:. Only a few data points are located
at the wrong site of the boundaries because of the smoothing
characteristic of the SVR regression.
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Figure 3 Clustermap with cluster classification data
(* = cluster 1 — A = cluster 2 — o = cluster 3)
and regression surface intersection boundaries

RESULTS

Comparison of cluster classification with visual
classification and Taitel-Dukler map
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Figure 4 Flow Map with cluster boundaries (solid), Taitel-
Dukler boundaries (dash-dot) and visual classification data
(0 = stratified — o = intermittent — 0 = annular)

In Figure 4, the cluster boundaries of the test case are
compared with the visual classification data. There is a good
agreement between the traditional visual classification (into
stratified-intermittent-annular flow) and the boundaries found
by the clustering algorithm based on the sensor signal
parameters. Zone 3 almost fully coincides with the annular flow
regime area. The boundary between zone 1 and zone 2 is
similar in shape to the transition from stratified to intermittent
flow but occurs at higher water mass fluxes. However, during

the visual classification of stratified flows no slugs were
allowed at all. This was very strictly imposed even when there
occurred only one slug every few seconds. The cluster
algorithm does not penalize that strict on slugs at very low
frequency. This may explain the discrepancy in location of the
boundary. The clustering flow map is also compared with the
theoretical flow map of Taitel and Dukler [1-2,10]. Transition
lines are drawn for a 9 mm tube at atmospheric conditions of
air and water (Line A = stratified/non-stratified boundary, line
B = modified intermittent-stratified boundary [10], line C =
smooth stratified / stratified-wavy boundary and line D =
annular-intermittent boundary). There is a remarkable
agreement in location and orientation of the cluster boundaries
and Taitel-Dukler boundaries. The boundary between zone 2
and zone 3 fully coincides with the theoretical boundary
between annular flow and intermittent flow. This proves the
proper selection of the input features.

Probabilistic map for horizontal two-phase flow
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Figure 5 Probabilistic flow regime map:
cluster boundaries (solid), probabilities P (contour)
and Taitel-Dukler boundaries (dash-dot)

In Figure 5, the probability surfaces and cluster boundaries
are shown in a contour plot together with the Taitel-Dukler
boundaries. The centres of the flow regimes are clearly visible.
The iso-probability lines quantify the width of the transition
zones. A more gradual transition exists between zone 1 and
zone 2 compared to the transition between zone 1 and zone 3.
At the crossing of the three intersection lines a wide area exist
where the two-phase flows are very chaotic. These flows have
characteristics of all other types of flow. Purely classifying the
flow into one of the typical flow regimes does not make a lot of
sense in that area. This probabilistic technique makes it
possible to appropriately combine all typical flow regime
characteristics.

Influence of input features

The input features provide the cluster algorithm with the
necessary flow regime data and therefore have a major
influence up on the final probabilistic map. In Figure 6, the



result of the data processing technique is shown when
individual input features are applied. It is very unlikely that a
single parameter can separate signals into three meaningful
classes. Therefore a 2-cluster classification was executed.

The algorithm divides the signal data in two groups with a
diagonal boundary when only AVG is applied. The AVG is a
measure of the void fraction and is therefore influenced by both
air and water mass fluxes. Using this parameter, the model can
separate signals with corresponding low void fractions from
signals with corresponding high void fractions. When time-
averaged void fraction is an important parameter for the desired
flow classification, the corresponding weight parameter should
be set high.
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Figure 6 Influence of input features: visual scatter data and
cluster boundaries of individual features
(0 = stratified — o = intermittent — o = annular)
(dashed -- = AVG, solid = M2, dash-dot = HFCF)

Using only the M2 as input feature, a rather vertical
boundary is found occurring at intermediate water mass flux
(70-200 kg/m?s). From the multivariate analysis used for the
signal feature selection, it became clear that the variance has
potential to separate stratified flows from intermittent flows.
The boundary found here does not fully coincide with the
visual stratified-intermittent flow transition, but is located at
higher mass fluxes. A single slug every few seconds causes a
second but small peak in the PDF at high V*. Because the
second peak is small, it only has a limited influence on M2.
Therefore some slow slug flows are clustered together with the
stratified flows. Applying the HFCF as input feature, a quasi-
horizontal boundary is found. This line coincides with the
visual transition from annular to intermittent flow. The HFCF
can also separate stratified flows from stratified wavy flows. As
during the visual classification no distinction was made
between these two flow types, the boundary tears across the
stratified flow area.

Influence of weight parameters

To compare the influence of more than one feature when
using the Euclidian distance function, the weights should be set
equal to wy=1/(2-vary). The data set was first column-wise

normalized so each feature is mapped to a [-1,1] space. Then,
the variances and the corresponding weight parameters for
equal influence of each feature were calculated (Table 1).

Using these weight parameters, the influence of the AVG is
enhanced. According to the input feature analysis, this should
result in more diagonal boundaries. The result of using equally
weighted input features is shown in Figure 7. The expected
trend is confirmed. The similarity with the Taitel-Dukler
boundaries however is not improved, on the contrary.

Table 1 Variances and weight parameters by feature
Feature Variance w,=1/(2-vary)

AVG 0.1726 2.897
M2 0.3922 1.275
HFCF 0.2834 1.764
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Figure 7 Probabilistic flow regime map with equally weighted
input features cluster boundaries (solid), probabilities P
(contour) and Taitel-Dukler boundaries (dash-dot)

Influence of distance function and number of clusters
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Figure 8 Flow Map with visual classification data
(0 = stratified — o = intermittent — & = annular)
and cluster boundaries of different distance functions
(black = Euclidian; blue = cityblock; red = cosine)



In the clustering theory, the choice of the degree of
similarity between object is important. In Figure 8, a
comparison is shown between the commonly used Euclidian
distance function and with two other functions: the city block
distance and the cosine distance. The input matrix was the
normalized feature matrix without weight parameters. The
boundaries found with the two other distance functions are
comparable with the boundaries found with the Euclidian
distance function. Therefore, only the Euclidian distance
function will be further used. When increasing the number of
clusters, the clustering method still groups the measurement
points in separable areas of the flow map and the intersection of
the regression surfaces agree well with this grouping. This can
be an interesting characteristic.

Applicability and generalization of the method in future
work

The probability map technique can now be used for
combining heat transfer or pressure drop correlations of
different flow regimes in a probabilistic way. In this paper, the
probabilistic method is applied to only three main flow regimes
at adiabatic conditions of air-water. The probabilistic map can
be expanded to other flow regimes that are not covered in the
currently used database, such as bubbly flow, since the number
of clusters (and so the number of flow regimes) can be chosen.
For optimizing the results, the weight parameters of the
algorithm can be fitted to the given data set.

Two-phase flow in evaporators and condensers occurs
under diabatic conditions. In diabatic flow maps, additional
flow regimes occur such as dryout and mist flow. Typical
diabatic flow maps are those by Kattan et al. [11] and updates.
More recently Cheng et al. [12] developed a diabatic map for
CO, which intrinsically relates various flow regimes to the
corresponding heat transfer mechanisms and therefore is also a
kind of objective flow map. Crucial for successfully applying
the method under other conditions, the sensor signals must
contain typical and detectable changes in flow regime
characteristics. Incorporating other flow regimes means that the
sensor signals of these additional regimes must be separable
from each of the already incorporated flow regimes. If the
sensor fails to do so, the algorithm will not be able to cluster
the data correctly. The typical flow regime characteristics
should be reflected in the selected signal features that are
provided as input to the k-means clustering algorithm. Provided
this condition is achieved, the method itself is not limited to
any working condition or application specific flow regime. So
the method can be applied and generalized for diabatic
conditions, different fluids and different tube diameters (even
microchannels).

In future work, this method will be applied to diabatic
refrigerant flows to add probabilistic data to the current diabatic
two-phase flow maps and combine flow regime specific
correlations in a probabilistic way.

CONCLUSIONS

In this study the signals of a capacitance sensor were
analysed and processed to build a horizontal two-phase flow
classifier without any subjective visual decisions. The k-means

clustering algorithm was applied together with the Support
Vector Regression technique to create flow regime transition
boundaries. As input features, the AVG, M2 and HFCF were
used and a three category classification was chosen. A
remarkable agreement with visual observations and Taitel-
Dukler boundaries was found. A probabilistic flow map was
constructed to be able to quantify the transition areas. This
makes it possible to combine flow regime dependent
correlations in a probabilistic way in the two-phase flow
models for heat transfer and pressure drop.

ACKNOWLEDGMENTS

The authors would like to express gratitude to the BOF fund
(B/06634) of the Ghent University - UGent which provided
support for this study.

REFERENCES

[1] Taitel, Y. and Dukler, A.E., Model for Predicting Flow Regime
Transitions in Horizontal and near Horizontal Gas-Liquid Flow,
Aiche Journal, Vol. 22, 1976, pp. 47-55

[2] Barnea, D., A Unified Model for Predicting Flow-Pattern
Transitions for the Whole Range of Pipe Inclinations, International
Journal of Multiphase Flow, Vol. 13, 1987, pp. 1-12

[3] Nino, V.G., Hrnjak, P.S. and Newell, T.A., Two-phase flow
visualization of R134A in a multiport microchannel tube, Heat
Transfer Engineering, Vol. 24, 2003, pp. 41-52

[4] Jassim, E.W. and Newell, T.A., Prediction of two-phase pressure
drop and void fraction in microchannels using probabilistic flow
regime mapping, International Journal of Heat and Mass Transfer,
Vol. 49, 2006, pp. 2446-2457

[5] van Rooyen, E., Christians, M., Liebenberg, L. and Meyer, J.P.,
Optical measurement technique for predicting time-fractions in two-
phase flow, 5" International Conference on Heat Transfer, Fluid
Mechanics, and Thermodynamics (HEFAT), Sun City, South Africa,
July Ist-4th, 2007

[6] Caniére, H., T’Joen, C., Willockx, A., De Paepe, M., Christians,
M., van Rooyen, E., Liebenberg, L. and Meyer, J.P., Horizontal two-
phase flow characterization for small diameter tubes with a
capacitance sensor, Measurement Science & Technology, Vol. 18,
2007, pp. 2898-2906

[7] Hastie, T., Tibshirani, R. and Friedman, J., The elements of
statistical learning: Data mining, inference and prediction. 2001,
Springer, New York, USA

[8] Scholkopf B. and Smola A., Learning with Kernels: Support
Vector Machines, Regularization, Optimization, and Beyond, MIT
Press, Cambridge, MA, USA, 2002

[9] Chang, C.C. and Lin, C.J., LIBSVM: a library for support vector
machines. 2001, Software available at:
http://www.csie.ntu.edu.tw/~cjlin/libsvm

[10] Barnea, D., Luninski, Y. and Taitel, Y., Flow Pattern in
Horizontal and Vertical 2 Phase Flow in Small Diameter Pipes,
Canadian Journal of Chemical Engineering, Vol. 61, 1983, pp. 617-
620

[11] Kattan, N., Thome, J.R. and Favrat, D., Flow boiling in horizontal
tubes: Part 1 — Development of a Diabatic Two-Phase Flow Pattern
Map, ASME — Journal of Heat Transfer, Vol. 120, 1998, pp.140-165

[12] Cheng , L.X., Ribatski, G., Wojtan, L. and Thome, J.R., New
flow boiling heat transfer model and flow pattern map for carbon
dioxide evaporating inside horizontal tubes, International Journal of
Heat and Mass Transfer, Vol. 49, 2006, pp 4082-4094



http://www.csie.ntu.edu.tw/~cjlin/libsvm


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


