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Abstract—Bearings usually operate under harsh conditions

which result in a dynamic behavior generating non-stationary Prognostic

vibration signals and overwhelmed by noise. Therefore, bearing

fault diagnosis and prognosis become difficult since the purpose is

to extract robust features able to detect the appearance of faults,

monitoring the degradation of health state and to predict the Data driven Hybrid Physics based
remaining useful life (RUL) of bearing. The aim of this paper, is approach approach approach

to propose a method for bearing faults feature-extraction using
adaptive neuro fuzzy inference system (ANFIS) and autogram
analysis. First, times domain features are applied for the raw
vibration signal. Then, the selected features are computed to
will be analyzed as one of the characteristics that describes
the degradation of state system. After that, the curve fitting
(smoothing) is applied to normalize the amplitude of the irregular
values relatively to others feature values. The calculated value of
acquired signal cannot be smoothed or calculated three or more
times, hence ANFIS intervenes for modeling the transfer from
an indeterminate input to a more relevant value for monitoring
the fault evolution. Then, the output of ANFIS estimates the
days of acquisition and predict the RUL of bearing. Finally, the
autogram analysis is used to identify the degraded element in
the bearing.

Index Terms—Time domain features (TDFs),Features extrac-
tion, Prognostic and health management (PHM), Adaptive neuro
fuzzy inference system (ANFIS), Autogram analysis.

1. INTRODUCTION

Prognostic and health management (PHM) is one of the
research challenges of the last decades, the main objective
of the prognosis is to provide information and making good
decisions which is based on estimation of Remaining useful
life (RUL) [1] . Contrary to the diagnosis, the prognosis
is introduced to estimate the future state of the monitored
component [2], [3]. This type of research allows us to avoid
un-programmed failures and to predict the time of machine
availability . For this purpose it is necessary to accurately
estimate the RUL prediction . This challenge requires reliable
approaches when designing prediction models. In the literature
,it appears that the prediction methods generally differ by
the type of application , while the used tools depend mainly
on the nature of the data and the available knowledge .
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Fig. 1. Prognostic approaches.

Also, these methods and tools can be grouped in a limited
number of approaches. The following classification tends to
gain consensus within the PHM community (Fig. 1).

Data-driven approaches are based on statistical features
and machine learning techniques [4] such as:Artificial Neu-
ral Network (ANN) [5]-[7],Fuzzy logic System (FLS) [8],
[9], Adaptive Neuro Fuzzy Inference System (ANFIS) [10],
[11].It does not require a physical model of the system: these
techniques are very successful in fault detection, classification
and RUL estimation [12]. Physics based approach relies exten-
sively on physical knowledge of the system, which requires the
implementation of mathematical models describing the physics
of the component in order to assess its current and future
health. The performance of this type of model depends on the
ability to describe the physical model to accurately represent
failure and degradation phenomena [13], [14]. Cubillo details
more this part [15]. Hybrid approach combines different types
of models, where this approach integrates physical model and
data-based methods, to obtain a more robust health assessment
. A hybrid prognostic method implemented a physical model
and a data-driven approach. When a physical model can be
established, a data-oriented approach is used to estimate and
predict the un-observable parameters of the model. In such
cases, the data-oriented tool is generally used to estimate and
predict unexplained the un-modelled phenomena [16].
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In recent years, much effort has been devoted to the

development of regression-based methods for predecting the
RUL of rotating machines. Li et al [17] have improved the
performance of the classical exponential regression model and
have applied the improved regression model to vibration data
collected from the bearings to RUL prediction. Sutrisno and
his collaborators [18] studied the accuracy of predicted RUL
using three different techniques ; They compared the Bayesian
Monte Carlo method with the moving average of spectral
Kurtosis, support vector regression (SVR) and an algorithm
for detecting anomalies as a function of their performance
in estimating the RUL of a ball bearing. Loukopoulos et
al [19] investigated the performance of different machine
learning methods: linear,polynomial and K-Nearest Neighbors
regression. The obtained results show that methods based on
the weighted mean predicted RUL of each individual method
offers greater predictive accuracy.
In this paper, we present a method to estimate the RUL
of bearing using Adaptive Neuro Fuzzy Inference System
(ANFIS) for modelling the undetermined feature inputs and
the Autogram analysis for detecting the degraded element in
bearing (Fault-localization ). The monitoring is based on data
acquisition using sensors and the calculated value from the
sensors must be processed to detect faults or predict the health
state of bearing. The aim of this study is to know how to
switch from a calculated value from a vibration signal to more
interesting information for fault detection and prediction .

II. TIME DOMAIN FEATURES (TDFS)

Many researchers have focused on extracting features from
vibration signal where the vibration analysis is the most useful
technique of data acquisition because vibration signals carry
the relevant dynamic information of the rotating machines
[20]. Time Domain Characteristics (TDF) are calculated from
the raw signals if the collected data from sensors are not
largely affected by noisehowever, if the signal is affected
it must first proceed through the filtering step. We present
some of the most commonly used health indicators (HI) for
monitoring the rotated systems based on vibration signal:
kurtosis(Xqr), root mean square (X,.,s), standard devia-
tion (Xgq), variance (Xyqr), entropy (Xent).etc. It has been
demonstrated that these features are sensitive to one or more
faults and contribute in describing the state of machine [21].
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where, ¢ is the sample of signal x, N:is the length of x,
Xomean: mean of x and X,.,,,s: RMS of x.
III. TECHNIQUES OF SIGNAL PROCESSING

Frequency domain methods offer the possibility of isolating
specific frequency components related to specific machine
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component faults. The limitations of these conventional meth-
ods appear when analyzing the non-stationary vibrations sig-
nals generated by faults having low energy and overwhelmed
by a large amount of noise. To deal with these problems,
time-frequency (TF) analysis techniques have been devel-
oped. Empirical Mode Decomposition (EMD) [22], Empirical
Wavelet Transform (EWT) [23] etc. In the last decade, the
wavelet transform has drawn a lot attention and it could
overcome the classical TF tools. It has many application in
rotating machines diagnosis such the work of YAN Rugiang
et al [24]. The high-frequency band is not divided when the
modulation of the information of a machine fault exists. Thus,
the wavelet packet transform (WPT) is proposed. It provides a
complete level by level TF decomposition of signal. It may not
only supply richer information but also supply more promise
frequency localization information. Nevertheless, the WT or
even WPT cannot give an effective information due to the
lack of adaptability [25], [26]. The Kurtogram analysis is
powerful tool in bearing fault detection [27] by determining
the most impulsive frequency-band. The FK has the ability
to detect fault frequencies from the non-stationary signal and
in strong gaussian noise. Many researchers observed that FK
is less successful in non-gaussian noise (low Signal to Noise
Ratio (SNR)) and they are investigated to develop the FK to
overcom difficulties of detection in this several condition .The
improved FK called Autogram analysis which is developed by
Moshrefzadeh al [28] confirms the advantages of analysis in
bearing and also in gears systems [28], [29].

IV. MATHEMATICAL BACKGROUND
A. Autogram analysis

The Autogram is an improved method of Fast Kurtogram
(FK), where the FK is effective tool and especially in detecting
faults of bearings by determining the impulsive frequency
band. FK can detect and localize fault from non-stationary
signal and even strong gaussian noise, but its effectiveness
is limited in cases where the signal is affected by non-
Gaussian noise. To overcome the limitations of FK, a new
technique based on Auto-correlation (AC) is introduced ti find
suitable band-pass for demodulation where the corresponding
procedure are described as follows:

(i) the original signal is divided in different frequency bands
using Maximal Overlap Discrete Wavelet Packet Trans-
form (MODWPT) which eliminates the down-sampling
part in Discrete Wavelet Packet Transform (DWPT) [21]
[30].

Application of squared envelope on the resulting nodes
from MODWPT , the aim of this part is to better
visualize the amplitude modulation in the nodes.
Integrate the advantage of auto-covariance periodicity
function that can charactirizes the second order of vi-
bration signal cyclo-stationarity . The AC is calculated
from the squared envelope.A modified version of the
kurtosis is proposed to quantify the impulsivity of the
AC for each nodes [28].

(ii)

(iii)
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(iv) Calculate the kurtosis of the resulting AC and select
band-pass that contains the highest kurtosis value of
nodes.

(v) Compute the fourier transform to extract fault charac-
teristics from squared envelope .

B. Adaptive neuro inference system (ANFIS)

The ANFIS system is combined between the artificial
neural network (ANN) and fuzzy logic system (FLS), it
takes the advantages of these two techniques to have a good
decision of input or data set, this decision is automatic and
hybrid to determine the situation or severity or location
of a defect in rotating machines as in fault diagnosis, we
hope that this decision will be approximate to the human
decision. ANFIS system is integrated in Takagi Segueno
model fuzzy logic where the gradient descent and the
least squares method are used determine the consequent
parameters. ANFIS has an architecture of five layers which
contains nodes. To better understand the functionality of
this system we give this example of two inputs and one output.

Input x Input y

Ay By
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Fig. 2. degree membership of inputs

{

O1; = pai(x)

Og; = ppi(x) 3

Layer 1 Layer 2

Fig. 3. ANFIS architecture.

o Layerl: the input layer contains nodes which generate
membership grade of inputs, these nodes are adaptive.

o Layer2: this fixed nodes will multiplies the two grades
of membership (A,B) of the two inputs.

pai(x) * ppi(y) , 1=1,2 4
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o Layer3: layer will normalize the strength of a rule which
are the consequent of the second layer.

Layer4: this layer is linear, the input of his adaptive nodes
are multiplied by which is a first order polynomial with
the parameters(p;, g;,7; , so the output of this layer is
given by:

®)

Layer5: the last layer performs the summation of
incoming signals (inputs of layer or the outputs of recent
layer) , where the output is given as follows:

Zﬁ*fi
f:ZWi*fi :722101_

V. EXPERIMENTAL RESULT AND DISCUSSION

w; * fi =W; x (pax + qiy + 1i)

for i=1,2 (6)

A. Experiment data acquisition

Vibration data was collected using the Green Power Moni-
toring System from a high-speed shaft bearing mounted inside
a 2 MW wind turbine. The vibration measurement was col-
lected from 50 consecutive days using accelerometers which
are positioned radially on the bearing support ring [31].The
speed of input shaft bearing was 1800 rpm which is equal to
30 hz where the sampled frequency is 97656 Hz for 6 s .

Blade
Brake Coupling
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Rotor Bearing
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]
-

Fig. 4. Experimental test-bed.

B. The proposed approach

In this section,we present the procedure of the proposed
a method for RUL estimation based on feature extraction
using adaptive neuro fuzzy inference system (ANFIS) and
fault identification using autogram analysis.The collected sig-
nals are grouped in order to visualize the amplitude varia-
tion(Amplitude modulation) caused by the fault evolution in
bearing (Fig.7).

In the first step, time domain features(TDFs) are applied
to extract reliable characteristics that can monitoring the
evolution of fault in ball bearing which are acquired during 50
days of acquisition. Figure 8 presents the evolution of scalar
indicators: Standard deviation(std), peaktopeak (P2P), Entropy
log energy(En-log-en) and kurtosis (KUR) .The degradation
of state is observed from these indicators; especially in KUR,
stability is observed in the first 26 days, but after these days
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Fig. 6. Acquired vibration signals of 50 days .

it is unstable, which makes difficult to assess the fault bearing
degradation .
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Fig. 7. Evolution of TDFs.

Most research uses the smoothing function to stabilize
health indicators (HI) and to normalize unregulated values in
the set of vector points .So to enhance and to construct more
reliable features ,the extracted characteristics are smoothed
by the given equation :

Y(2) = (y(1) +¥(2) +y(3))/3 ©)
Y(n) = (n—i)+...+y(n)+...+y(n+i)/L

Fig. 8. Evolution of Smoothed-TDFs.

where Y is the smoothed value,y is kurtosis value, L is the
total number of series-value and ¢ is the iteration number it’s
defined in [1 to L].

Figure 8 shows the evolution of the smoothed characteristics
where the smoothed kurtosis indicator (Sm-KUR) presents an
appreciable input vector where degradation is really observed.
Thus, the smoothed KUR characteristic describes the health
state of bearing and the RUL is estimated according to the
selected indicator.

In this study, the measured Kurtosis value from vibration
signal cannot be smoothed and we have no information on the
passage from a point to a smoothed value. This is why ANFIS
was introduced to give a more accurate model, especially in
areas of fluctuation that can cause incorrect results. The first
model presents a learning system for the transfer of the normal
kurtosis value to a smoothed value and the second ANFIS
converts the smoothed-kur to the estimated RUL.

Testing output
T T T

Estimated output

20

RUL(days)

mse=7.1962

10 I L L L I L " s "
0 5 10 15 20 25 30 35 40 5 50
Samples

Fig. 9. Predicted RUL on tested data.
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Figure 9 shows the results of the RUL estimation of each
tested samples over 50 days. The training system is learned by
ANFIS using the proposed method and the output is the result
tested samples.The result of proposed approach is compared
to other techniques by calculating the root mean squared error
(RMSE) of output as it is presented in Eq.8:

1
RMSE :\/N x abs ((predictedRUL — Target))  (8)

According to the presented results in the Table.1 , it can
be concluded that the proposed approach provides a more
accurate RUL estimation and confirms its effectiveness in
predicting the life time of ball bearings.

TABLE I
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Methods RMSE
Proposed approach 6.4652
Polynomial regression ~ 29.94.2
K.Abid [32] 16.484
sk-mean exp model [32] 22.214

C. degraded element in bearing using Autogram analysis

This part identify the degraded component in bearing using
Autogram analysis, a comparison with FK analysis is intro-
duced to validate the effectiveness of the proposed method.
First, we present the result of FK of 15,30 and 45th day of
acquisition. The resulting frequencies are referred to the fault
frequencies given in the Table 2.

TABLE II
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Type of fault faults frequencies
Inner-race fault (IR) 9.47.f,
Outer-race (OR) 6.72.fr
Rolling-element (B) 1.435. f,
Cage fault (CG) 0.42.f,

The results of Kurtogram and Autogram are described in
Table 3 . Kmax of the three days in FK didn’t indicate the
presence of fault , but on the other side, the autogram has
an acceptable and logical indication when its Kmax value
progresses. Figure 10 and Figure 11 show the spectrum of
the resulting band-pass (selected band) using kurtogram and
Autogram analysis respectively ; where the kurtogram failed
to extract fault frequency, however the Autogram detects
the appearance of new frequencies in the 30 and 45 days
which really means that these frequencies correspond to fault
frequency of degraded element in bearing (Fir= 283.8 hz)

TABLE III
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Day of acquisition  Parameters FK Autogram
Level 1 7
15t By (h2) 24414 381.4688
fe(hz) 12207 1716.6094
Kimaz 0.1 2.1
Level 6 5
30" Bu (hz) 762.9375 1525.875
fe(hz) 11825.5313 12969.9375
Level 7 4
45th Buw(hz) 381.4688 3051.75
fe(hz) 11253.328 1068.125
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Fig. 10. Spectrum of resulting band with FK .

and to rotation frequency (Fr= 30 hz).Based on the spectrum
analysis, the autogram gives satisfactory results by detecting
the degraded element in the bearing.

VI. CONCLUSION

This paper presents a data-based prognostic method using
vibration signal acquired from a wind turbine gearbox. The
approach addresses to bearing prognosis by predicting the
RUL of high speed shaft bearing, that is based on feature
extraction (kurtosis indicator). ANFIS is used to model the
non-linear degradation function and to predict the life of the
rotating components. the analysis is structured in two parts:
the first one is based on feature extraction for fault health
assessment and the second using autogram technique for fault

Authorized licensed use limited to: Consortium - Algeria (CERIST). Downloaded on January 21,2021 at 07:51:02 UTC from IEEE Xplore. Restrictions apply.



T T T
4 |
3k | | 4
= l |
e, l h |
|
3L I I I 1 J
0 100 200 300 400 500 600
Frequency (Hz)
8
6 . (s
Pl 2
= i
= 4r ¥
2
L0
ol
0 100 200 300 400 500 600
Frequency (Hz)
8 7
T, | < r
< 6 i <3,
s 4
%
4
2
[ L |
0 100 200 300 400 500 600

Frequency (Hz)

Fig. 11. Spectrum of resulting band with Autogram.

identification and localization.The obtained experiment results
show the the efficiency of proposed approach. In the coming
challenges, it is hoped to introduce the autogram analysis as
a diagnostic and prognostic tool to improve the adaptation of
the approach to problems that will be encountered in future
research.

(1]

(3]

(4]

(5]

(71

(8]

(91
[10]

REFERENCES

Racha Khelif, Simon Malinowski, Brigitte Chebel-Morello, and Noured-
dine Zerhouni. Rul prediction based on a new similarity-instance based
approach. In 2014 IEEE 23rd International Symposium on Industrial
Electronics (ISIE), pages 2463-2468. IEEE, 2014.

ISO. Condition monitoring and diagnostics of machines prognostics
partl: General guidelines, 2004.

Y Li, TR Kurfess, and SY Liang. Stochastic prognostics for rolling ele-
ment bearings. Mechanical Systems and Signal Processing, 14(5):747—
762, 2000.

Faris Elasha, Suliman Shanbr, Xiaochuan Li, and David Mba. Prognosis
of a wind turbine gearbox bearing using supervised machine learning.
Sensors, 19(14):3092, 2019.

Adel Afia, Chemseddine Rahmoune, Djamel Benazzouz, Boualem
Merainani, and Semcheddine Fedala. New gear fault diagnosis method
based on modwpt and neural network for feature extraction and classi-
fication. Journal of Testing and Evaluation, 49(2), 2019.

Mohamed Zair, Chemseddine Rahmoune, and Djamel Benazzouz. Multi-
fault diagnosis of rolling bearing using fuzzy entropy of empirical mode
decomposition, principal component analysis, and som neural network.
Proceedings of the Institution of Mechanical Engineers, Part C: Journal
of Mechanical Engineering Science, 233(9):3317-3328, 2019.
Boualem Merainani, Chemseddine Rahmoune, Djamel Benazzouz, and
Belkacem Ould-Bouamama. A novel gearbox fault feature extraction
and classification using hilbert empirical wavelet transform, singular
value decomposition, and som neural network. Journal of Vibration
and Control, 24(12):2512-2531, 2018.

Fawzi Gougam, Chemseddine Rahmoune, Djamel Benazzouz, and
Boualem Merainani. Bearing fault diagnosis based on feature extraction
of empirical wavelet transform (ewt) and fuzzy logic system (fls) under
variable operating conditions. Journal of Vibroengineering, 21(6):1636—
1650, 2019.

Lotfi A Zadeh. Fuzzy logic. Computer, 21(4):83-93, 1988.

J-SR Jang. Anfis: adaptive-network-based fuzzy inference system. /IEEE
transactions on systems, man, and cybernetics, 23(3):665-685, 1993.

205

[11]

[12]

[13]

[14

[15]

[16]

[17

[18]

[19

[20]

[21]

[22]

[23

[24]

[25]

[26

[27]

[28]

[29]

[30]

Victor H Quej, Javier Almorox, Javier A Arnaldo, and Laurel Saito.
Anfis, svm and ann soft-computing techniques to estimate daily global
solar radiation in a warm sub-humid environment. Journal of Atmo-
spheric and Solar-Terrestrial Physics, 155:62-70, 2017.

Kamal Medjaher, Diego Alejandro Tobon-Mejia, and Noureddine Zer-
houni. Remaining useful life estimation of critical components with
application to bearings. IEEE Transactions on Reliability, 61(2):292—
302, 2012.

Charles H Oppenheimer and Kenneth A Loparo. Physically based
diagnosis and prognosis of cracked rotor shafts. In Component and
Systems Diagnostics, Prognostics, and Health Management II, volume
4733, pages 122-132. International Society for Optics and Photonics,
2002.

Bhaskar Saha and Kai Goebel. Model adaptation for prognostics in a
particle filtering framework. International Journal of Prognostics and
Health Management, 2:61, 2011.

Adrian Cubillo, Suresh Perinpanayagam, and Manuel Esperon-Miguez.
A review of physics-based models in prognostics: Application to gears
and bearings of rotating machinery. Advances in Mechanical Engineer-
ing, 8(8):1687814016664660, 2016.

Shen Yin and Xiangping Zhu. Intelligent particle filter and its application
to fault detection of nonlinear system. IEEE Transactions on Industrial
Electronics, 62(6):3852-3861, 2015.

Naipeng Li, Yaguo Lei, Jing Lin, and Steven X Ding. An improved
exponential model for predicting remaining useful life of rolling element
bearings. [EEE Transactions on Industrial Electronics, 62(12):7762—
7773, 2015.

Edwin Sutrisno, Hyunseok Oh, Arvind Sai Sarathi Vasan, and Michael
Pecht. Estimation of remaining useful life of ball bearings using data
driven methodologies. In 2012 IEEE Conference on Prognostics and
Health Management, pages 1-7. IEEE, 2012.

Panagiotis Loukopoulos, George Zolkiewski, Ian Bennett, Suresh Sam-
path, Pericles Pilidis, X Li, and David Mba. Abrupt fault remaining use-
ful life estimation using measurements from a reciprocating compressor
valve failure. Mechanical Systems and Signal Processing, 121:359-372,
2019.

Sadok Sassi, Bechir Badri, and Marc Thomas. Talaf and thikat as
innovative time domain indicators for tracking ball bearings. In Proceed-
ings of the 24nd Seminar on machinery vibration, Canadian Machinery
Vibration Association, éditeur M. Thomas, Montréal, Canada, pages
404-419, 2006.

B Samanta and KR Al-Balushi. Artificial neural network based fault
diagnostics of rolling element bearings using time-domain features.
Mechanical systems and signal processing, 17(2):317-328, 2003.
Hafida Mahgoun, Fakher Chaari, Ahmed Felkaoui, and Mohamed Had-
dar. L-kurtosis and improved complete ensemble emd in early fault
detection under variable load and speed. In International Conference on
Acoustics and Vibration, pages 3—-15. Springer, 2018.

Shishir Maheshwari, Ram Bilas Pachori, and U Rajendra Acharya.
Automated diagnosis of glaucoma using empirical wavelet transform
and correntropy features extracted from fundus images. IEEE journal
of biomedical and health informatics, 21(3):803-813, 2016.

Rugiang Yan, Robert X Gao, and Xuefeng Chen. Wavelets for fault
diagnosis of rotary machines: A review with applications. Signal
processing, 96:1-15, 2014.

Szi-Wen Chen and Yuan-Ho Chen. Hardware design and implementation
of a wavelet de-noising procedure for medical signal preprocessing.
Sensors, 15(10):26396-26414, 2015.

Jian-Hua Zhong, Pak Kin Wong, and Zhi-Xin Yang. Simultaneous-fault
diagnosis of gearboxes using probabilistic committee machine. Sensors,
16(2):185, 2016.

Chemseddine Rahmoune and Djamel Benazzouz. Monitoring gear fault
by using motor current signature analysis and fast kurtogram method.
International Review of Electrical Engineering (IREE), 8(2):616-625,
2013.

Ali Moshrefzadeh and Alessandro Fasana. The autogram: An effective
approach for selecting the optimal demodulation band in rolling ele-
ment bearings diagnosis. Mechanical Systems and Signal Processing,
105:294-318, 2018.

Adel Afia, Chemseddine Rahmoune, and Djamel Benazzouz. Gear
fault diagnosis using autogram analysis. Advances in Mechanical
Engineering, 10(12):1687814018812534, 2018.

Denis Keuton Alves, Flavio B Costa, Ricardo Licio de Araujo Ribeiro,
Cecilio Martins de Sousa Neto, and Thiago de Oliveira Alves Rocha.

Authorized licensed use limited to: Consortium - Algeria (CERIST). Downloaded on January 21,2021 at 07:51:02 UTC from IEEE Xplore. Restrictions apply.



Real-time power measurement using the maximal overlap discrete

wavelet-packet transform. IEEE Transactions on Industrial Electronics,

64(4):3177-3187, 2016.

Eric Bechhoefer, Brandon Van Hecke, and David He. Processing for

improved spectral analysis. In Annual conference of the prognostics

and health management society, pages 14—17, 2013.

[32] Koceila Abid, Moamar Sayed-Mouchaweh, and Laurence Cornez.
Adaptive data-driven approach for fault prognostics based on normal
conditions-application to shaft bearings of wind turbine.

[31

206

Authorized licensed use limited to: Consortium - Algeria (CERIST). Downloaded on January 21,2021 at 07:51:02 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


