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Artificial Intelligence Tools to Forecast Ocean Waves in Real Time
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Abstract: Prediction of wind generated ocean waves over short lead times of the order of some hours or days is helpful in
carrying out any operation in the sea such as repairs of structures or laying of submarine pipelines. This paper discusses an
application of different artificial intelligent tools for this purpose. The physical domain where the wave forecasting is
made belongs to the western part of the Indian coastline in Arabian Sea. The tools used are artificial neural networks, ge-
netic programming and model trees. Station specific forecasts are made at those locations where wave data are continu-
ously observed. A time series forecasting scheme is employed. Based on a sequence of preceding observations forecasts
are made over lead times of 3 hr to 72 hr. Large differences in the accuracy of the forecasts were not seen when alternative
forecasting tools were employed and hence the user is free to use any one of them as per her convenience and confidence.
A graphical user interface has been developed that operates on the received wave height data from the field and produces
the forecasts and further makes them accessible to any user located anywhere in the world.

INTRODUCTION

Since recent past countries such as USA, Canada, Austra-
lia and India have implemented elaborate in-situ ocean data
collection programs. Under these programs data of ocean
related parameters including significant wave heights, zero
cross wave periods and wind speed are measured at regular
intervals — typically 1 or 3 hours - through instruments such
as floating wave rider buoys and transmitted to the users
through a web based data dissemination scheme. In India the
National Institute of Ocean Technology (NIOT) located at
Chennai practices such data collection in a big scale. The
present work deals with wave measurements made by NIOT
at three locations in the Arabian Sea area. (Fig. 1). It at-
tempts to provide real time forecasts of significant wave
heights at these stations by considering this exercise as a
time series forecasting problem and based on three alterna-
tive artificial intelligence techniques, namely, artificial neu-
ral network (ANN), genetic programming (GP) and model
trees (MT). Different tools are employed to see if better re-
sults are possible by adoption of a different learning scheme.

The observations of wave heights considered in this work
were made at the locations code named DS1 (15.326° N
69.371° E), SW2 (18.595° N 71.031° E), and, SW4 (12.932°
N 74.716° E) off the western Indian coast shown in Fig. (1).
Information on the underlying data collection program could
be seen on the website [1]. The 3-hourly significant wave
height data ranging from 3 to 7 years (1998 to 2004) were
used. The location DS1 is in very deep water (3800 m) while
the stations SW2 and SW4 are in 80 m and 24 m water
depths, respectively.

Past works that incorporate the use of ANN to make on-
line prediction of waves include [2, 3, and 4]. However
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effect of using the techniques of GP and MT for this task has
not been reported so far. The need to explore usefulness of
alternative approaches nonetheless exists in view of the
highly random nature of wave occurrences and resulting in-
ability to obtain entirely satisfactory predictions.
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Fig. (1). Buoy locations in the Arabian Sea.
ANN MODELS

A typical artificial neural network (exemplified in Fig.
(2)) consists of an interconnection of computational elements
called neurons. Each neuron basically carries out the task of
combining the input, determining its strength by comparing
the combination with a bias (or alternatively passing it
through a non-linear transfer function) and firing out the
result in proportion to such a strength. Mathematically,

0=1/(1+¢%) (1)
where, S = (X; Wy + X, Wy + X3 W3 +...... )+0 2)

In which, O = output from a neuron; x;, Xp,..... = input
values; Wy, Wo,....... = weights along the linkages connecting

two neurons that indicate strength of the connections; 6 =
bias value. Equation (1) indicates a transfer function of sig-
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moid nature, commonly used, although there are other forms
available, like sinusoidal, Gaussian, hyperbolic tangent. Ref-
erence may be made to text books [5, 6 and 7] to understand
the theoretical details of the working of a neural network,
while a review of the ANN applications to ocean engineering
in general can be seen [8]. A majority of the applications
made in ocean engineering so far have involved a feed for-
ward type of the network as against the feedback or recurrent
one. A feed forward multi-layer network would consist of an
input layer, one or more hidden layers and an output layer of
neurons as shown in the Fig. (2).

Feed Forward

Bias

Fig. (2). A Feed forward network.
GENETIC PROGRAMMING

The GP is modeled out of the process of evolution occur-
ring in nature, where the species survive following the prin-
ciple of ‘survival of the fittest’. It essentially transforms one
population of individuals into another one in an iterative
manner by following the natural genetic operations like re-
production, mutation and cross-over. Unlike the more widely
known genetic algorithm (GA), its solution is a computer
program or an equation as against a set of numbers in the
GA. Koza [9] explains various concepts related to GP. In GP
a random population of individuals - equations or computer
programs - is created, the fitness of individuals is evaluated
and then the ‘parents’ are selected out of these individuals.
The parents are then made to yield ‘offsprings’ by following
the process of reproduction, mutation and cross-over. The
creation of offsprings continues in an iterative manner till a
specified number of offsprings in a generation are produced
and further till another specified number of generations is
created. The most-fit offspring at the end of all this process
is the solution of the problem.

Applications of GP in ocean engineering are difficult to
find, although the same in civil engineering related to water
flows started around 5 to 6 years ago. The tool of GP has
been used for a variety of purposes like pattern recognition,
classification and regression. Unlike the other soft comput-
ing tool of ANN, GP applications in water are restricted to
relatively fewer areas and include rainfall-runoff modeling
[10, 11], estimation of settling velocities of faccal pellet [12],
modeling of risks in water supply [13], evaluation of ocean
component concentration from sunlight reflectance or lumi-
nance values [14]. Most recently, usefulness of GP for in-
filling missing values in given wave height time series is
reported in [15, 16].
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MODEL TREES

In a model tree the computational process is represented
by a tree structure consisting of a root node (decision box)
branching out to numerous other nodes and leaves (Fig. 3).
The entire input or parameter domain is divided into sub-
domains and a multivariate linear regression model is devel-
oped for each sub-domain. It therefore considers a piecewise
linear model to approximate a given nonlinear relationship
between a dependent variable and corresponding independ-
ent variables. Depending on considerations like a domain
splitting criterion there are alternative algorithms to build a
model tree. Out of these the M5 algorithm of Quinlan [17]
used in this work is popular [18]. It is as follows:

Let N = total number of training examples. Typically a
set of all independent variable values together with corre-
sponding dependent variable values would form a training
example. Using some dividing or splitting criterion N is di-
vided into many sub-domains. For every sub-domain an er-
ror measure is selected to decide if further division is neces-
sary. In the M5 algorithm the error criterion is standard de-
viation (SD) of the class value reaching a node (decision
box). The splitting stops when the class values of all collec-
tions in a sub-domain do not vary much (typically by 5 %),
i.e., all samples have the same classification or when very
few collections result. The splits are most of the times so
large that an overfitting might happen, in which generaliza-
tion does not take place and instead individual training pat-
terns only are learnt. To overcome this, pruning of the struc-
ture is done by say merging together a few lower sub-regions
producing similar models. There is also a possibility that the
above pruned structure might have large discontinuities be-
tween neighboring models, especially when the training ex-
amples are less. Therefore a smoothing is done by revising
nearby equations such that their output becomes closer to
each other [19].

<=3.15 >3.15
—

O,

< 2/.36 >2{6 <=2.18 >2.18

8] (i

<3367 75356 <=3.59 >3.59

@ @
2987 Nop.08 <178 “>1.75
as]  [Lme]  [LM7]

Fig. (3). A Model Tree (Hs, Hg, Hyo, Hyg : wave heights at preced-
ing time t-3, t-6, t-12 and t-24 respectively; LM1,LM2...LM7 are
different linear regression models. Typical linear regression models
can be seen in Appendix II).

An advantage of MT over other data mining approaches
like the ANN or program based GP is that its outcome is
understandable and can be easily applied by another user.
However it is to be noted that being a piecewise linear model
it is not purely non-linear like ANN or GP.
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APPLICATION OF Al MODELS

For developing the ANN usual 3-layer feed forward
back-propagation type neural networks were considered.
Various input — output combinations were tried to train the
network. It was found that the input comprising of four une-
qually spaced preceding values of the significant wave
height, Hs, (i.e., Hs, pertaining to 3", 6, 12™ and 24™ hour
backwards) and the output consisting of the forecasted Hs
value for the lead time of 3, 6, 12, 24, 48 and 72 hr —one at a
time — constituted the best network architecture [4]. The
number of hidden neurons was of the order of 4 to 5 for
various networks. The transfer function for the hidden layer
was ‘logsig’ while the same for the output layer was ‘pure-
lin> for all the networks. The data were divided into two
parts, with the first 60% portion used for training and the
remaining one employed for testing the network. Out of a
variety of training schemes attempted with a view to impart
the best possible training, the algorithm of Levernberg- Mar-
quardt gave most satisfactory results. Details on this training
algorithm may be seen in [20].

The weight and bias matrices of the trained network were
retained for testing the network. The prediction accuracy of
the networks was judged by calculating the correlation coef-
ficient, R, between the predicted and observed wave heights
at these locations along with wave height time series plots
and accompanying scatter plots. Additionally the error
measures of root mean square error (RMSE) and mean abso-
lute error (MAE) were also used to confirm the findings.

It was found that the measurements involved consider-
able amount of missing information. For the duration of 3 to
7 years considered for the analysis the gaps were 19% at
DS1, 15% at SW2 and 2% at SW4 and ranged from a few
hours to a few months at a time. Such lack of continuity in
the observations had caused problems in network training
due to which lower accuracies were realized. The gaps were
filled up by a spatial correlation with adjacent buoys if they
were longer and by temporal correlation with the preceding
observations of the same time series if these were smaller in
length. The details of the methods used to fill in the gaps in
data can be seen in authors’ previous work [21].

Figs. (4) and (5) show, for location SW2 examples of
comparison between observed significant wave heights and
their predictions over time step of 24 hr through the scatter
and time series plot for the testing data. Table 1 shows a
similar comparison through the error measure of correlation
coefficients for all the locations for the testing data. Al-
though the accuracy of predictions decreased with the fore-
cast lead times the figures and this table show a satisfactory
work done.

Forecasts over the lead time up to 24 hr were indeed very
satisfactory in terms of the correlation coefficient while the
same over the subsequent higher prediction interval of 48 hr
and 72 hr were also acceptable as can be seen in the Table 1.

Advanced artificial neural networks like radial basis
function and ANFIS (Adaptive Neuro Fuzzy Inference Sys-
tem) were also employed for the forecasting purpose. But no
improvement was seen in large lead time forecasting using
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these networks. The results were more or less similar to that
of the feed forward network involved earlier.
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Fig. (4). Scatter Plot between observed and ANN-predicted wave
heights for 24-hr lead time (Station SW2).
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Fig. (5). Time series plot between observed and ANN-predicted
wave heights for 24-hr lead time (Station SW2).

Table1l. ANN Testing Performance in Terms of Error Statis-
tics
3“hr |6"hr| 12" hr | 24" hr | 48" hr | 72" hr
R 0.99 | 0.98 0.97 0.95 0.89 0.85
Station

Ds1 |RMSE(m) | 0.19 | 022 | 0.28 0.36 0.50 0.60

MAE(m) | 0.12 | 0.14 | 0.18 0.23 0.31 0.37

R 098 | 097 | 096 | 094 | 091 | 0588
Sg,t\i,‘f RMSE(m) | 0.12 | 0.14 | 018 | 019 | 049 | 052
MAE (m) | 0.08 | 009 | 0.11 | 013 | 071 | 0.19

R 098 | 097 | 096 | 094 | 089 | 0.85

Sg,t\i,‘;n RMSE(m) | 021 | 023 | 026 | 033 | 046 | 052

MAE(m) | 0.15 | 0.17 | 0.19 0.24 0.33 0.38

The techniques of GP and MT were later employed to
make predictions of significant wave heights in an exactly
similar way to that of the earlier ANN. This was done to see
how these alternatives, which are relatively new in ocean
applications, work in comparison with the ANN. Tables 2
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and 3 shows the error measures for all the locations for the
testing data for GP and MT respectively. Figs. (6-9) indicate
scatter plot and time series plots of GP and MT models for
SW2 location at lead time of 24 hr while Figs. (10-12) show
an inter-comparison between the ANN, MT and GP models
through the various error measures of R, RMSE and MAE
for locations: DS1, SW4 and SW2 respectively. Appendix I
and II give calibrated GP and MT programs as examples for
a lead time of 24 hr at station SW4

Table2. GP Testing Performance in Terms of Error Statis-
tics
3“hr |6"hr 12" hr | 24" hr | 48" hr | 72" hr
R 0.99 | 0.98 | 0.96 0.94 0.85 0.84
Station
DS1 | RMSE(m) | 0.17 | 022 | 031 | 039 | 0.57 0.61
MAE(m) | 0.12 | 0.14 | 0.17 0.23 0.34 0.39
R 098 | 0.97 | 0.96 0.94 0.90 0.87
Station
SW4 RMSE(m) | 0.12 | 0.14 | 0.16 0.19 0.25 0.28
MAE (m) | 0.08 | 0.10 | 0.11 0.13 0.17 0.20
R 098 | 0.97 | 0.96 0.94 0.88 0.84
Station
SW2 RMSE(m) | 0.20 | 0.23 | 0.28 0.24 0.48 0.55
MAE(m) | 0.15 | 0.17 | 0.20 0.16 0.34 0.40
Table3. MT Testing Performance in Terms of Error Statis-
tics
3“hr |6"hr 12" hr | 24" hr | 48" hr | 72"hr
R 0.99 | 098 | 0.97 0.95 091 0.87
Station
DS1 | RMSE(m) | 0.19 | 021 | 025 | 035 | 045 0.54
MAE(m) | 0.11 | 0.13 | 0.16 0.21 0.29 0.35
R 098 | 0.97 | 0.96 0.95 0.90 0.88
Station
SW4 RMSE(m) | 0.12 | 0.14 | 0.16 0.19 0.26 0.52
MAE (m) | 0.09 | 0.10 | 0.11 0.13 0.17 0.19
R 098 | 0.98 | 0.97 0.95 0.89 0.85
Station
SW2 RMSE(m) | 0.18 | 0.21 | 0.25 0.33 0.47 0.52
MAE(m) | 0.11 | 0.14 | 0.16 0.21 0.30 0.38

These figures clearly indicate that the values of R are
high enough and those of RMSE and MAE are sufficiently
low to view the results as acceptable predictions. It is how-
ever recognized that these accuracies are possible in the pre-
sent moderate environment where the target waves were less
than around 6 m and 2.5 m for the offshore and coastal sta-
tions respectively. Most importantly a large difference in the
results across the prediction tools employed was not seen
and hence it is felt that the choice of one particular method
might be guided by the user’s convenience and confidence in
the technique rather than its technological superiority.
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Fig. (6). Scatter Plot between observed and MT- predicted wave
heights for 24-hr lead time (Station SW2).

24th hr Time series plot (SW2)
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Fig. (7). Time series plot between observed and MT-predicted wave
heights for 24-hr lead time (Station SW2).
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Fig. (8). Scatter Plot between observed and GP-predicted wave
heights for 24-hr lead time (Station SW2).

GUI FOR REAL TIME WAVE FORECASTING

The techniques developed to carry out real time forecast-
ing of significant wave heights as described in preceding
sections can be put into practice for the benefit of users
through a Graphical User Interface (GUI). This section de-
scribes the development of such GUI as well as its imple-
mentation over the observation stations. The buoy data in the
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Fig. (9). Time series plot between observed and GP-predicted wave
heights for 24-hr lead time (Station SW2).

form of 3-hourly values of Hs are routinely collected and
transmitted to a web based server at NIOT, India through a
satellite transceiver. These measurements form the input for
operating on the GUI. The data are processed in the program
itself and the model for the forecast is run. These models are
based on the selected form of the ANN architecture for dif-
ferent time intervals. The GUI integrates all models for dif-
ferent stations and gives forecast for any of the selected loca-
tion. A help file is also designed for the user to help in GUI
implementation. The forecasts are displayed in the GUI win-
dow along with the plot of observed and predicted signifi-
cant wave heights over the next 72 hrs. The GUI can also
save and print the plots along with the numerical values. The
development of the GUI including the data processing is
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done under the Matlab environment. The values of fore-
casted significant heights can be saved so that the trend can
be reviewed from time to time. The plots and numerical val-
ues can be printed to maintain past records. The computa-
tional time to execute the GUI interface for a station is
19.129 sec. The GUI provides a logical and integrated inter-
face to the user in an easy-to-use style. The operation of the
GUI by any registered user will be as follows:

Open Matlab window and set the "current Directory" to
the folder where GUI files are saved.

1. Type "INDIA" in the command window to run the
GUL. (Fig. 13)
2. Click on the selected station whose forecast you want

to see. (Fig. 13)

3. Load the data (XLS format) by clicking on the com-
mand "LOAD"(Fig. 14). Thereafter run the program
(click on "RUN") to get forecasts at the selected sta-
tion over a period of the next 24 hrs.

4. Click on "Save PLOT" (Fig. 14) to save the plot of
the forecasted values over a period of subsequent 24-
hr (as dotted line) as well as observed values over the
preceding 24 hrs period (full line).

5. Click on command "Save"(Fig 14). This will save the
forecasts values in the XLS format which can be ap-
pended after every run. Also "PRINT" command is
there to print the plot and values as seen in the GUI
window.

The GUI includes intelligent software. It has the provi-
sion to take care of missing values in data. If a value at the
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Fig. (10). Comparison between ANN, MT and GP error results for station DS1.
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Fig. (11). Comparison between ANN, MT and GP error results for station SW4.
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Fig. (12). Comparison between ANN, MT and GP error results for station SW2.

current time step is not recorded, such wave height is imme-
diately evaluated using the temporal regression based on
univariate time series analysis for each of the stations and
thereafter used for the forecasting purpose. If the missing
values exceed a period of two weeks then the same are calcu-
lated through a separate ANN that performs spatial mapping.
Although at present the GUI shown in Fig (13) has been

developed only for three stations, namely SW2, SW4 and
DSI, it can be easily extended to cover any other buoy sta-
tions as desired.

CLOSURE

The present study involves confirmation of accuracy of
the predictions through comparison with actual wave height
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Fig. (13). Front page of the GUI displaying stations for online forecast.
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Fig. (14). GUI window for station DS1 after using the LOAD and RUN options.

observations. It would be of interest to know in future how Similarly the current work does not include comparison
these predictions compare with those of numerical models with stochastic models such as AR, ARMA, ARIMA since
such as WAM and SWAN. past studies [22] have discussed this issue and have com-

mented on usefulness of methods like ANN accordingly.
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CONCLUSION

The preceding sections addressed the problem of real
time forecasting of waves for warning times up to 72 hours
at three locations along the Indian coastline using alternative
techniques of ANN, GP and MT. The models have been
calibrated after experimenting with innumerable input-output
combinations and ANN training algorithms. A simple feed
forward type of network trained using an appropriate training
scheme was found to be sufficient for this work involving
auto-regressive ANN’s.

The missing values in the wave height time series were
filled up using temporal as well as spatial correlation ap-
proaches.

Both MT and GP results were competitive with that of
the ANN forecasts and hence the choice of a model should
depend on the convenience of the user.

The selected tools were able to forecast satisfactorily
even up to a high lead time of 72 hrs. It is however recog-
nized that these accuracies are possible in the present moder-
ate environment where the target waves were less than
around 6 m and 2.5 m for the offshore and coastal stations
respectively.

A graphical user interface was developed for the benefit
of any user to obtain the forecasts at any of the locations
considered through a web based operation. The software
takes care of missing values in an intelligent manner. Al-
though the current GUI caters to only three stations along the
west coast of India, it can be easily extended to cover addi-
tional data buoy stations.

ACKNOWLEDGEMENTS

Authors thank Naval Research Board, India for providing
financial support. Thanks are also due to Dr K Premkumar
and Dr G Latha of NIOT, Chennai for sparing data and for
fruitful technical discussions. The help of Dr S N Londhe
was crucial in developing the GUI.

REFERENCES
[1 http://www.niot.res.in/ndbp/bm.pdf [March 1, 2007].
[2] M.C. Deo and C.S. Naidu, “Real time wave forecasting using neu-

ral networks”, Ocean Engineering, vol. 26, pp. 191-203, 1999.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]
(21]

[22]

Jain and Deo

O. Makarynskyy, “Improving wave predictions with artificial neu-
ral networks”, Ocean Engineering, vol. 31, pp. 709-724, 2004.

P. Jain and M.C. Deo, “Large lead time forecasts of significant
waves on real time basis using ANN”, Coastal Engineering Jour-
nal, World Scientific, 2008 (accepted CEJ-06010-21)

B. Kosko, Neural networks and fuzzy systems. Prentice Hall, 1992.
P.D. Wasserman, Advanced methods in neural computing. Van
nostrand Reinhold, New York, 1993.

K.K. Wu, Neural networks and simulation methods. Marcel
Decker, New York,1994.

P. Jain and M.C. Deo, “Neural networks in Ocean Engineering”,
International Journal of Ships and Offshore Structures, vol.1, pp.
25-35,2006.

Koza. Genetic Programming-On the programming of computers by
means of natural selection. MIT Press, 1992.

J.P. Drecourt, “Application of neural networks and genetic pro-
gramming to rainfall runoff modeling”, Danish Hydraulic Institute
(Hydro-Informatics Technologies), HIT, 1999, June, D2K-0699-1.
P.A. Whigham and P.F. Crapper, “Modeling Rainfall-Runoff using
genetic programming”, Mathematical and Computer Modeling
Canberra, Australia, vol. 33, pp. 707-721, 2001.

V. Babovic, R. Kanizares, H.R. Jenson and A. Klinting, “Neural
networks as routine for error updating of numerical models”, Jour-
nal of Hydraulic Engineering, ASCE, vol. 127, pp. 184-193, 2004.
V. Babovic, J.P. Drecourt, M. Keijzer and P.F. Hansen, “A data
mining approach to modeling of water supply assets”, Urban
Water, vol. 4, pp. 401-414, 2002.

C. Fonlupt, “Solving the ocean color problem using genetic pro-
gramming”, Journal of Applied Soft Computing, vol.1, pp. 63-72,
2001.

R. Kalra and M.C. Deo, “Genetic Programming to retrieve missing
information in wave records along the west coast of India”, Applied
Ocean Research, Elsevier, in print, paper no. APOR-D-07-
00029R2. 2008.

K. Ustoorikar and M.C. Deo, “Filling up gaps in wave data with
genetic programming”, Marine Structures, Elsevier, 2008;
doi:10.1016/j.marstruc.2007.12.001.

J.R. Quinlan, “Learning with continuous classes”, Proc. of Austra-
lian Joint Conf. on Al, World Scientific, Singapore, 1992, pp. 343-
348.

D.P. Solomatine and Y. Xue, “MS5 model trees compared to neural
networks, application of flood forecasting in the upper reach of the
Huai River in China”, ASCE Journal of Hydrologic Engineering,
vol. 9, pp. 491-501, 2004.

I.H. Witten and E. Frank, “Data mining, practical machine learn-
ing tools and techniques with java implementations”, Morgan
Kaufmann, Los Altos, CA, 2000.

S. Haykin, Neural networks: A comprehensive foundation. Pren-
tice-Hall, Englewood Cliffs, NJ, 1999.

P. Jain and M.C. Deo, “Real time wave forecasts off western Indian
coast” Applied Ocean Research, Elsevier, vol. 29, pp. 72-79, 2007.
J.D. Agrawal and M.C. Deo, “Online wave prediction”, Marine
Structures, Elsevier, Oxford, UK, vol. 15, pp. 57-74, 2002.

Received: March 26, 2008

© Jain and Deo; Licensee Bentham Open.

Revised: May 13, 2008

Accepted: July 29, 2008

This is an open access article licensed under the terms of the Creative Commons Attribution Non-Commercial License (http:/creativecommons.org/licenses/by-
nc/3.0/) which permits unrestricted, non-commercial use, distribution and reproduction in any medium, provided the work is properly cited.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /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 false
  /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 true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 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
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /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
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


