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The current development in sensor technology combined with improvements in systems for collecting, storing and
analyzing large amounts of data, often associated with the term Industry 4.0, offers the opportunity to identify a
larger proportion of faults before they turn into failures. A more proactive maintenance strategy has the potential to
reduce maintenance costs by allowing maintenance organizations to focus resources on the right equipment at the
right time, and to improve safety and availability by reducing the level of unplanned corrective maintenance. This
paper explores the possibilities for predictive maintenance on a set of centrifugal pumps used at an offshore oil
platform. As a basis for the analysis, sensor data and maintenance records for 15 centrifugal pumps collected over
a period of four years is used. The data is split into a training and a test dataset. Causal tree diagnostic modelling is
used to establish the link between failure mode and symptoms for one selected fault, impeller damage. Remaining
useful life predictions (RUL) for impeller damage is developed based on a stochastic approach. The paper ends with
a discussion of how the insights from the analysis can be used to improve maintenance performance.
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1. Introduction

In this paper the possibilities for predictive
maintenance based on data from online
monitoring is explored on a set of fixed speed
centrifugal pumps installed on an offshore oil
platform. The oil platform in question has an
extensive system for online monitoring and is
because of this considered as a good candidate for
trying to apply predictive maintenance in practice.

In the next section of this paper theory related to
Industry 4.0 and predictive maintenance is
presented. In section three the example used in
this paper is presented, followed by the result in
section four. The paper ends with a discussion and
conclusion in section five and six.

2. Industry 4.0 and Predictive Maintenance

2.1 Industry 4.0

The recent development in sensor technology and
systems for collecting, storing and analyzing large
amounts of data has the potential to bring big
changes across business functions and industry
sectors (Porter and Heppelmann 2015). When it
comes to maintenance in the era of Industry 4.0, it
is often predictive maintenance (PdM) that is

highlighted as an application that can have a big
impact (STAUFEN.AG 2019).

The falling cost of online monitoring has made
it possible to monitor not only a handful of
carefully selected critical equipment, but to
monitor parameters throughout the whole process
(Schuh et al. 2017, 16). In the offshore oil and gas
industry this is an important technology in order
to make remote-operated, unmanned production
facilities possible. This can bring considerable
savings in operating cost, but also in capital cost
because platforms without living quarters can be
made simpler and lighter, compared to manned
installation (Offshore-technology 2019).

The disadvantage with unmanned platforms is
that it will take longer time and cost more to
mobilize for active maintenance. This calls for
predictive maintenance in order to keep the
number of visits to the platform at a minimum
while at the same time obtaining acceptable
availability.

2.2 Predictive maintenance (PdM)

PdM is in CEN 13306:2017 defined as
“condition-based maintenance carried out
following a forecast derived from repeated
analysis or known characteristics and evaluation
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of the significant parameters of the degradation of
the item” (CEN 2017).

Prognostics is a corresponding term that is used
in the ISO standards, and is defined as “analysis
of the symptoms of faults to predict future
condition and residual life within design
parameters” (ISO 2012b).

According to ISO 13381-1:2015 “The goal of
prognostics is to provide the user with the
capability to predict remaining useful life (RUL)
with a satisfactory level of confidence” (ISO
2015,4). RUL is in the same standard defined as
“remaining time before system health falls below
a defined failure threshold”.

The terms fault and failure will in this paper be
used in line with ISO 13372:2012. Fault is in this
standard defined as the “condition of a machine
that occurs when one of its components or
assemblies degrades or exhibits abnormal
behavior, which may lead to the failure of the
machine”. While failure is defined as
“termination of the ability of an item to perform a
required function” (ISO 2012b). However, in
practice often machines are shut down at a more
conservative level than the level where failure is
expected to occur, in order to avoid the hazards
often associated with failures. This level will then
be the defined failure threshold (ISO 2015, 7).

PdM can offer value compared with a more
traditional CBM approach where one wait for
measured condition to reach a defined level
before active maintenance is executed. This is
because PdM with RUL-predictions allow for
longer mobilization times for spares and
maintenance. This can bring considerable savings
in remote locations like offshore oil platforms.
Another advantage is that it can allow for
grouping of maintenance jobs in a way that
improve both availability and maintenance cost.

But for predictive maintenance to be possible
one need a good overview of the relevant failure
modes and one must have the capability to
observe the progression of these failure modes. In
addition, the rate of degradation or the PF-interval
must have a level of consistency so that
predictions can be made with a reasonable level
of accuracy (ISO 2015).

Failure mode is here understood as the
“observable manifestation of a system fault” (ISO
2012b) and PF-interval is the time from a fault is
observable to failure occur (Rausand and Heyland
2004, 395).

2.3 Failure modelling
In order to make a RUL-prediction a model of the
degradation until failure has to be made.
According to ISO 13381-1:2015, failure modeling
can be grouped into five different approaches:
physics-based; statistical (or stochastic); heuristic
(or knowledge based); data-driven; or hybrid
modeling, which is a combination of the
approaches above (ISO 2015,19).

In this paper a stochastic approach will be used
to estimate the RUL.

3. Example from an Offshore Oil Platform

All the data in this section is collected from an
offshore oil platform located on the Norwegian
Continental Shelf (NCS).

The oil platform is continuously manned with
internal  maintenance personnel that are
responsible for the daily maintenance, while
contracted personnel and specialist are used for
overhauls and modifications. A technical support
organization located onshore supports the
offshore organization with maintenance planning
and advise.

There is a total of 22 fixed speed centrifugal
pumps installed at the platform. Seven of the
pumps have however seen very little use (less than
one month) and have been excluded from further
study.

For the 15 remaining pumps, sensor data from
the four first years of production has been
collected together with the maintenance records.

For the sensor data only one data point has been
collected for each day (at 00:00:00). This has been
considered as a high enough sampling rate for this
application.

The data has been split into two datasets where
the first three years has been labeled as the
training dataset. This dataset has then been
explored for possible faults where predictive
maintenance can be used. The remaining one year
of data has been labeled the test dataset. This
dataset has been saved for validation of possible
findings from the training dataset.

14 of the pumps are set up with two pumps in
parallel, but only one pump running at the time.
The remaining 15" pump has no redundancy. All
pumps have sensors that measure pressure before
and after the pump in addition to flow. Some of
the pumps are fitted with additional sensors like
temperature sensors. In total data from 123
sensors that monitor different aspects related to
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the operation condition and performance of the 15
pumps has been collected.

To assist in the monitoring of the health of the
pumps an asset monitoring software is used to
present the sensor readings to the maintenance
personnel. In addition, several health indicators
are calculated as well. Among these are: Net
Positive Suction Head deviation (NPSHd), pump
efficiency and head deviation.

A set of symptoms of faults are defined for the
pumps and warning, and alarm limits are set for
all these symptoms.

3.1 Maintenance records
The maintenance records for the 15 pumps
contains 248 corrective maintenance (CM) and
preventive maintenance (PM) workorders in the
time period of the training dataset. 21 of these
workorders are corrective maintenance according
to CEN 13306:2017 definition (“maintenance
carried out after fault recognition and intended to
restore an item into a state in which it can perform
a required function”) (CEN 2017). Workorders
not related to active maintenance on physical
parts (like software changes) has been excluded.
Grouped by the fault that caused the workorder
to be initiated the list look like this:

Damaged seals (10)
Bearing damage (3)

Oil leakage (3)

Impeller damage (2)
External shock (2)

Sealing medium leakage (1)

Some of the faults in this list are clearly not
possible to predict given the available data. One
example is faults caused by external shock, where
one of the workorders for instance was caused by
someone stepping on a delicate part of the pump.
Another is the category “bearing damage” given
that vibration monitoring, or data from other
sensors directed at bearings not have been
collected.

The faults labelled oil leakage and sealing
medium leakage has all been discovered by visual
inspection before the faults have shown up in the
sensor data. Visual inspection has also been used
to discover nine of the ten instances of damaged
seals. One of the instances of damaged seals was
however discovered by online condition
monitoring, but the time from observable fault to
failure was only three days. For faults with this

short PF-interval, predictive maintenance offers
little practical advantage over CBM.

This leaves only the faults related to impeller
damage as a good candidate for predictive
maintenance in this dataset.

3.2 Impeller damage
The remainder of this section will focus on
impeller damage.

To get a better understanding of this fault a
causal three diagnostic model has been made. See
figure 1 below.

Pump Pump
operating right operating left
of BEP of BEP
NPSHd < Suction Discharge
Alarm limit recirculation recirculation
\ J |
¢ Temperature
Cavitation increase
root cause I
Impeller erosion Impeller
corrosion
consequential
failure mode Impeller
damage

Fig. 1. Causal three diagnostic model based on (ISO
2012a). The causal links from root cause to symptom
are based on Karassik and McGuire (1998). BEP = Best
Efficiency Point. NPSHd = Net Positive Suction Head
deviation.

From figure 1 one can see that head deviation is
a symptom that one can expect as a result of the
selected fault. Head deviation is here defined as:

M

100 *(Heade— Headg)

Head ., = Hoad,

The expected value of the head (Head,) is based
on the head-flow curve provided by the pump
manufacturer. The value of the actual head
(Head,) is calculated based on the measured
pressure before and after the pump. This is then
converted into head based on the specific gravity
of the pumping medium and adjusted based on
coefficients for the system friction. These
coefficients have been provided by the operator of
the oil platform.
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Both the two instances of impeller damage
listed above are from two pumps that are installed
in parallel and perform the same function. These
pumps will be called the A and B pump. In
addition, there is a third workorder (at the B
pump), that was initiated because of an oil
leakage, where a new impeller has been installed
in the training data time period. Figure 2 a and b
below shows the trend of the head deviation.
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Fig. 2 a and b. The two figures above show how the
degradation develop over time for the two pumps.
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Fig. 3. The separate degradation paths in the training
data split into separate lines. The dashed lines indicate
the warning level of degradation and the defined failure
threshold set by the operator of the oil platform.

In figure 3 one can see that the head deviation
starts at different levels for the different
degradation paths. This is most likely because not
all the parts that has been subject to wear, like for
instance impeller casing, has been replaced in the
repairs.

Traning data
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Fig 4. The change in head deviation from one sample to
the next compared to the normal distribution.

The histogram in figure 4 show the change in
head deviation from one sample to the next
(Aheadsey). The mean is 0.049 and standard
deviation is 0.804. The histogram appears similar
to the normal distribution. However, based on
D'Agostino's K-squared test the null hypothesis
that the sample comes from a normal distribution
is rejected with p-value 3*1073%,

Below in figure 5 is a plot of the test data. We
will only use the degradation path that goes past
the warning level in our testing.

Test data
20 fe———————— e ————————————
15 —M "
: * :
;;I <l o | — PumpA-3
] N PUMpB-4
e T o —— PUMPpA-2
0 -M Warning level
=== Failure level
_5 - : ; . I -
0 50 100 150 200 250

Operating time [days]
Fig. 5. The test data.
4. Prognosis for Impeller Damage

Based on the trend in head deviation and the fact
that the pumps are running at flow of only 20 to
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30 % of BEP the diagnostic model in figure 1
indicate that the pumps are subject to cavitation.

Closer inspection of one of the impellers
removed from the pumps show damage to the
outside of the impeller vanes and on the inside of
the impeller inlet. Something that reinforces the
assumption that the root cause of the impeller
erosion is discharge and suction recirculation
(Karassik and McGuire 1998,567).

After the diagnosis the next step in prognostics
is to make a RUL-prediction.

4.1 Predicting remaining useful life (RUL)

In this section a stochastic approach based on the
Inverse Gaussian distribution (IG) is used to
predict RUL.

1G is a probability distribution that can be used
to model the first passage time of a Wiener
process. For a process to be a Wiener process each
increment has to be independent and the
difference between each consecutive step has to
be normally distributed (Chhikara and Folks
1989, 23).

As shown in the previous section the
requirement of normal distribution is not fulfilled
in this example. But according to Chhikara and
Folks: “[a]lthoug it is appealing to base the use of
the IG distribution upon an underlying Wiener
process, it is not at all critical”. They make a
comparison with the normal distribution which
has become “acceptable to use (...) to describe all
sorts of data” and that “[t]he situation with the IG
distribution seems to be similar” (Chhikara and
Folks 1989, 159-160).

We then formulate the degradation process as a
Wiener process in line with Zhang et al. (2018):

X(t) = xo+ vt+ oB(t) 2

Where xj is the level of degradation at =0, v is
the drift parameter and o is the diffusion
coefficient. Further on x; is the level of
degradation at time t and 7'is the first passage time
of the failure threshold (L).

Because we have no degradation path in the test
dataset that goes all the way to the failure
threshold (20%), we will instead use the 10%
warning level as our L when predicting the RUL
in this paper.

Next we assume that 7 can be modelled by the
Inverse Gaussian (IG) distribution with mean u
and shape 4 (Rausand and Heyland 2004,p 50):

T ~1G(pe, Ae) (3)

Where p, = (L —x.)/v and A, = (L —x)?%/
a2

In order to validate how well the IG distribution
fits our data we have done a Monte Carlo (MC)
simulation with 10* runs. The MC has been done
by drawing random samples of Ax, from the
training dataset and counting the number of draws
until Y} Ax, > L.

In figure 6 a and b below the Probability Density
Function (PDF) and Cumulative Density Function
(CDF) of the IG distribution is compared with
histograms based on the MC simulation. The MC
simulation seems to fit reasonably well with the
IG distribution. Something that reinforces the
assumption that the IG distribution can be used in
this case.

However, one weakness of using the MC
simulation for validation in this case is that both
the MC simulation and the IG distribution have
the assumption that the degradation is happening
in independent steps.
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Fig. 6 a and b. Comparison of the PDF of the IG
distribution (dashed line) and the MC simulation
(histogram). Both are based on the training dataset.
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The average RUL in the training data, and
expected value based on the IG (E[T]) is 206 days.
But based on the CDF of our IG-model, at this
time the pump will already have failed in 69 % of
the cases.

Because the cost associated with doing
maintenance to late is often much higher than the
other way around a more conservative
measurement for the RUL prediction will
normally be sensible to use.

This can be optimized if one knows the expected
cost of PM and CM. But because we don’t have
access to this data, we have chosen the 10"
percentile when estimating RUL. We then get
RUL(IG,10) = 40 days at xy = 0.

The corresponding RUL based on the MC is
RUL(MC,10) = 44 days, a 10% deviation against
the IG.

4.2 RUL prediction based on training data
In the first approach for predicting RUL
(RULtrain) we assume that v and o are constant,
and the parameters for Wiener process will be
based on the training data (Vyyqin = AX¢rqn and
Otrain = SA‘((train))-

Next we calculate the parameters for the IG:
te = (L = x)/Verain and 4 = (L — xt)z/o-tz‘rain'

In figure 7 it is visualized how RULtrain at the
median and 10" percentile perform against the
actual RUL (RULa) as the degradation
approaches L. RULa for the one degradation path
that reaches 10% deviation in the test dataset is
121 days with xp = 0,33.

RUL prediction |, based on training data
120 4

10

RULtrain_50 i
. ’
| = RULtrain_10 -

100 ohia I,'.':J ke .
= 801 -
5 6 8
S 601 ]
- o

o
= | + 4 5
= 40 4 o
(=]
20 F2
0

[+]

T T T I-
0 20 40 60 80 100 120

Operating time [days]
Fig. 7. Predicted RUL at the 10™ percentile and median
(RULtrain_10 and RULtrain 50) compared to the
actual RUL (RULa), as RULa goes to 0 in the test
degradation path. The degradation path is shown on the
right y-axis.

As one can see from the plot in figure 7 the
median RUL prediction (RULtrain_50) is within
+/- 20 days of RULa throughout the degradation
path. The RUL prediction at the 10" percentile is
however much lower than RULa. This gives that
if one chooses this as the measure for when to
mobilize for active maintenance, the decision to
mobilize will be made much earlier than is needed
in the specific example in figure 7.

4.3 RUL prediction with Bayesian inference

In this section we open for the possibility that v
and o can change with new degradation paths.
One rationale for this can be that for every repair,
small differences in how the pumps are
reassembled together with the state of parts that
have not been repaired can affect the subsequent
performance and degradation of the pumps.

If this assumption is true, we can never know the
actual v and o when predicting RUL for a future
degradation path. One way to meet this challenge
is to use Bayesian inference to update our
prediction as data from the current degradation
path becomes available.

In this paper we will perform the analysis first
assuming that drift is unknown and that the
diffusion coefficient is fixed, and then the other
way around. Both these assumptions are
admittingly not very realistic, but they simplify
the problem of finding the posterior for the
unknown parameters and make it possible find
analytical solutions.

4.3.1 Assuming v unknown and o fixed

In this approach we will use vy = Y v;/N as our
prior estimate for the drift, with precision 5 =
1/ s,f(i). Where v; is the drift for the i-th
degradation path and N is the number of
degradation paths in the training dataset.

We will use the degradation path in our test
dataset to update our posterior distribution as the
data becomes available. The estimate of the drift
parameter based on the test data at time t will then
be: Ax, with precision 77 =1/ 53,

Based on Cowles (2013, 87) the posterior
distribution for the drift at time 7 (v{) can be found
with the following expression:

t‘r?Axt+ ‘r% i) 1
24 .2
tt +15

vi|x ~ N(

) C))

! trerro
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Based on Eq. (4) we can find the expected value
and 95% credible interval for the posterior of the
drift. We then update the mean for our IG
distribution: pg, = (L —y,)/vi. We keep the
same shape parameter as in the previous
approach: A = (L — y02/0% gin-

As we can see from the graphs in figure 8§ the
RUL prediction at the 10" percentile is almost the
same whether v is based on the training data or the
posterior from Eq. (4).

The reason for this is that the variance in the
different trends of the degradation paths in the
training dataset is so much smaller than the
variance of Ax in the test degradation path.

RUL prediction Il, unknown v

200
— RULa

o RUL B 10

150 —— RULB 50
==+ RULtrain_10

RULtrain_50

RUL [days]
(=
(=]
=]
1

b -

0 20 40 60 80 100 1:'20
Operating time [days]

Fig. 8. The solid lines are the actual RUL (RULa) and

RUL prediction based on Bayesian inference

(RUL B 10 and RUL_B 50) with shaded regions for

the 95% credible interval for v. The dashed lines are the

RUL predictions based on the training data.

4.3.2 Assuming v fixed and ¢ unknown
In this approach we assume that the trend in the
Wiener process is constant and the diffusion
coefficient is changing. Based on Cowles (2013,
98) the posterior distribution for the precision of
a normal distribution (z°) can be expressed as:
2

?lx ~ Gamma(a+,f+2) (5
We estimate the a and S parameters for the
gamma distribution for 7’ based on the following
formulas:

y=lm(3EI, ) - 25 () (©)
 3-r+J(y-3)*+24y %)

12y

aN

ﬁ - Z?’:1xi (8)

Where 77 in Eq. (6) is the precision of the i-th
degradation path, and N is the number of
degradation paths in the training dataset. Based on
Eq. (6 —8) we get o = 8.3 and f# = 3.7. Based on
this we can estimate expected value and 95%
credible interval for 62 = 1/t2. We then use this
to update the shape parameter for the IG
distribution Agy = (L —yp)?/(c?), while the
mean is kept the same: y; = (L — X¢) /Virain-

RUL prediction lll, unknown o
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— RULa

ol RUL B_10

150 1 — RUL B 50
==+ RULtrain_10

RULtrain_50

RUL [days]
[
(=]
=1
1

0 20 4I0 60 80 100 120
Operating time [days]
Fig. 9. RUL prediction based on Bayesian inference
with 95% credible interval for o (solid lines with shaded
region). The dashed lines are RUL the predictions
based on training data.

Of cause a more realistic assumption would be
to assume both v and ¢ as unknown at the same
time. This is something that can be pursued in
future work either by numerical integration or by
using the Markov chain Monte Carlo method
(Cowles 2013).

But the calculations in the two previous sub-
section demonstrate that the uncertainties in v and
o have a considerable impact on the RUL-
prediction.

5. Discussion

As presented in the introduction and section two,
there are high expectations to the possibilities of
PdM in relation to the fourth industrial revolution.
However as seen in this paper there are several
challenges related to successful employment of
PdM.

One challenge met in this paper was that few of
the faults of the pumps in question was observable
with the available sensor data.
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One possible solution to this challenge is to
install more sensors. In order to find out what
sensors to install and data to collect a method
called Failure Mode and Symptoms Analysis
(FMSA) can be used. This method offers a
systematic approach to ensure that the installed
sensors can monitor the relevant failure modes
(ISO 2012a).

Another challenge met in this paper was that
because of the limited time period and number of
equipment in the dataset the number of identified
faults was few. This contributes to the large
uncertainty in the predicted RUL.

One possible approach to face this challenge is
to get a bigger dataset in order to get better
predictions. This could be in partnership with the
equipment manufacturers or other operators of
similar equipment.

The challenges related to  successful
implementation of predictive maintenance has
also been recognized in a survey of 323 German
companies in 2019. According to the consulting
firm Staufen: “companies have extensive
experience with wear and tear on their machines
as well as suitable on-site maintenance intervals,
making the added value of predictive maintenance
lower than is often asserted.” (STAUFEN.AG
2019).

6. Conclusion

Given the complexity of implementing predictive
maintenance the added value of this in traditional
plants like the oil platform in this paper is
probably limited.

However, in other settings where cost and/or
mobilization time for active maintenance are
considerable larger the kind of RUL prediction
done in this paper can be an important
contribution.

As pointed out in section two unmanned
offshore platforms can offer considerable savings
in terms of investment and operating cost, and
unmanned solutions can be a necessity in order to
make some marginal offshore oilfield in remote
locations profitable.

But in order to secure the profitability of such a
solution predictive maintenance with accurate
RUL-predictions will be crucial in order to
achieve acceptable availability and maintenance
cost.

Acknowledgement

This research is a part of BRU21 — NTNU Research and
Innovation Program on Digital and Automation

Solutions for the Oil and Gas Industry
(www.ntnu.edu/bru21).

References

CEN. 2017. Maintenance  terminology. = EN
13306:2017.

Chhikara, Raj S., and J. Leroy Folks. 1989. The inverse
Gaussian distribution : theory, methodology, and
applications. New York: Marcel Dekker.

Cowles, Mary Kathryn. 2013. Applied Bayesian
Statistics: With R and OpenBUGS Examples. New
York, NY: Springer New York.

ISO. 2012a. Condition monitoring and diagnostics of
machines — Data interpretation and diagnostics
techniques — Part 1: General guidelines. 1SO
13379-1:2012.

---. 2012b. Condition monitoring and diagnostics of
machines — Vocabulary 1SO 13372:2012.

---. 2015. Condition monitoring and diagnostics of

machines — Prognostics — Part 1: General
guidelines. ISO 13381-1:2015.
Karassik, Igor, and J. Terry McGuire. 1998.

Centrifugal Pumps. New York, NY: Springer.

Offshore-technology. 2019. "Inside the first fully
automated offshore platform." Accessed Jan. 7,
2019. https://www.offshore-
technology.com/features/inside-the-first-fully-
automated-offshore-platform/.

Porter, Michael, and James Heppelmann. 2015. "How
Smart, Connected Products are Transforming
Companies." Harvard Business Review 93 (10): 97-
114.

Rausand, Marvin, and Arnljot Hoyland. 2004. System
reliability theory : models, statistical methods, and
applications. 2nd ed. Hoboken, N.J: Wiley-
Interscience.

Schuh, Giinther, Reiner Anderl, Jirgen Gausemeier,
Michael ten Hompel, and Wolfgang Wahlster, eds.
2017. Industrie 4.0 Maturity Index Managing the
Digital Transformation of Companies (acatech
STUDY). Munich: Herbert Utz Verlag.

STAUFEN.AG. 2019. GERMAN INDUSTRY 4.0
INDEX 2019. STAUFEN.AG and
STAUFEN.digital neonex GmbH (Kongen,
Germany).

Zhang, Z., X. Si, C. Hu, and Y. Lei. 2018. "Degradation
data analysis and remaining useful life estimation: A
review on  Wiener-process-based  methods."
European Journal of Operational Research 271 (3):
775-796.

3430




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /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
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /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 true
  /GrayImageDownsampleType /Bicubic
  /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 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 <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /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 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


