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Hand Gesture Recognition Based on Multi-Classification Adaptive
Neuro-Fuzzy Inference System and pMMG
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Abstract— In this paper, a multi-classification adaptive neuro-
fuzzy inference system combining neural-network and a TSK
fuzzy system is proposed to recognize six commonly used
gestures. Several techniques including mini-batch gradient
descent with L2 regularization, DropRule and AdaBound are
integrated to improve the generalization ability of the system
and the efficiency of training. Numerical results show that the
average classification accuracy of the multiple classifier systems
is 95.12%, and this value is higher than some other multiple
classifier systems (CNN, LDA, etc.) using MMG signals as the
inputs for hand gesture recognition.

I. INTRODUCTION

The friendly human-machine interface is not only an
important bridge to realize the natural interaction between
patients and prosthetics, but also an important part of limb
regeneration [1]. The electromyogram (EMG) is extracted
directly from the skin surface and carries a large amount of
control information from motor neurons to muscles, which
is the most commonly used control signal source of human-
machine interface [2]. Studies have shown that there is a
causal relationship between muscle movements and EMG
signals. The generation of EMG signals is about tens of
milliseconds ahead of the occurrence of muscle movements.
Despite its advantages, there are also some deficiencies in
using EMG signals. For example, the amplitude of EMG
signal is typically in the range of submillivolts, making
it excessively sensitive to electrical noise. Besides, EMG
signals and other biomedical signals are unrepeatable and
random. More importantly, in order to reduce the influence of
noise, the processings of EMG signals are more complicated
compared with other biomedical signals, resulting in greater
delay, which easily makes the biggest advantage of EMG
gone. Since EMG is extracted directly from the skin surface,
EMG sensors are needed to be attached to the skin surface.
Therefore, EMG signals are also sensitive to other factors
such as skin dryness and muscle fatigue.

An alternative way to detect muscle activity is
mechanomyography (MMG), which measures mechanical vi-
brations during muscle contraction. Common ways to obtain
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MMG include accelerometers and microphones (by mea-
suring mechanical vibrations), more robust force-sensitive
force sensing resistors (FSRs) and air-bladder combined
air pressure sensors. Although MMG signals typically have
certain randomness, such randomness is generally relatively
weak, and MMG can overcome the disadvantages of the
sensitivity of EMG to electrical noise and skin humidity
well. Therefore, we MMG signals as the original signals for
gesture classification.

Adaptive neuro-fuzzy inference system (ANFIS), which
was first proposed by Jang et al [3], is often regarded as the
universal function approximator. It is obtained by embedding
the fuzzy reasoning system into the adaptive neural net-
work framework and iteratively updating parameters through
the least square estimate-gradient decent (LSE-GD) hybrid
learning method. Combining the learning and modeling
capabilities of neural networks with human knowledge (fuzzy
if then rules), ANFIS is able to approximate input-output
mappings effectively no matter they are linear or non-linear.
Such general approximator has been widely used in nonlinear
regression and system identification [4], [5].

Although ANFIS is a type of effective learning system,
it still has some shortcomings, such as weak generalization
ability, poor training effect for big data and low convergence
rate. In view of these shortcomings, MBGD-RDA algorithm
was proposed in [6] recently, so that the ANFIS can achieve
better generalization results and faster training speed in large
data training set. While only the regression performance of
MBGD-RDA was studied in [6] .

In this paper, we first proposed the MC ANFIS, that can
be used to solve multiple classification problems, then we
applied MBGD-RDA algorithm to MC ANFIS training pro-
cess and found this method performed very well on gesture
recognizing. Section II introduce generic ANFIS structure
and MBGD-RDA algorithm, then the MC ANFIS and the
learning algorithm are proposed in Section III. Section IV
presents the experimental results. Finally, several conclusions
are drawn in Section V.

II. MBGD-RDA ANFIS
This section introduces the structure of the generic ANFIS
architecture and MBGD-RDA algorithm.
A. Generic ANFIS Structure

Consider a fuzzy reasoning system with M inputs z;, zo,

-, 77 and one output f. Suppose each input is fuzzified
by R membership functions, where R is the size of the rule
base.
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Rulei: (i =1,2,--- ,R)
if Iy is Ai,l» ) is Ai,g, L is Ai,m then
fi=bi1x1 +bijaxa 4+ -+ bimaa + b1

A general structure of ANFIS is shown in the Fig.1. Each
square node represents an adaptive node while the circle
nodes represent fixed nodes in the figure.

Layer 2 Layer 3 Layer 4 Layer 5

XXy

Fig. 1. M-input-1-output ANFIS architecture with first-order Sugeno fuzzy
model and R rules.

Layer 1: each node in the Layer 1 is a square node with
node equation:

Oi,m = Anm(ajm) (D

where z,, is the m-th element of the input vector. A, ,,
stands for the membership grade of x,,. Gaussian function is
commonly used membership function with maximum being
1 and minimum being O:

Ap (@) = eap{—(F—Em) 2 @
Ar.m

where {a, m,Crm} is the parameter set. As the values of
these parameters change, so does the Gaussian function.
Thus, various forms of membership functions are presented
in linguistic label A, ,,. The parameters in this layer are

called premise parameters.
Layer 2: all nodes in this layer are circle nodes marked
II, that multiply the inputs as the firing strength of the rule.

O =w, =112 _, Ay (1) (3)

Layer 3: each node in this layer is a circle node marked
N. The r-th node calculates the ratio of r-th rule’s firing
strength to sum of the firing strength of all rules:

o= _wWr 4)

o}
R
MWy

r

where R is the scale of the rule base. The output stands for
the weighted activation of the r-th rule.

Layer 4: all nodes in this layer are square nodes with the
following functions:

Oﬁ = Wf7 = C‘)77'(2371:1137',7713;771 + bT',O) (5)

where @, is the output of the third layer. f, is the r-th rule
output and {b, ,,,} is the set of consequent parameters.
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Layer 5: a single node in this layer is a round node marked
., that calculates the sum of all input signals:
iy,
0% = S, f, = 2l (6)
X, Wy
For the regression part, the forward propagation comes to
an end. Because layer 5 returns one single real value, and that
is what we want in regression problem. As for classification,
we often need an operator to transform the real value to
integer, which stands for the class we finally get.

B. MBGD-RDA Algorithm

As mentioned in the introduction, MBGD-RDA is an
optimized algorithm for Takagi-Sugeno-Kang fuzzy system.
It integrates mini-batch gradient descent (MBGD) with reg-
ularization, DropRule and AdaBound algorithms to improve
the generalization ability of the system and the efficiency of
training.

In the back-propagation algorithm, gradient descent (GD)
algorithms are often used to update parameters. The GD al-
gorithms include three types: batch gradient descent (BGD),
which uses all data sets; stochastic gradient descent (SGD),
which uses a single random data; and MBGD, which uses a
randomly selected data batch. Compared with BGD, MBGD
is much more efficient in the case of larger batchsize and
multiple training times. Compared with SGD, MBGD is
better when the two algorithms share the same training time.

The training procedure of system parameters is to make
the system perform better in the testing set, which means
stronger generalization ability. Regularization is a common
generalization method, which makes some system parameters
close to zero by adding penalty items to the cost function to
prevent overfitting. The improved loss function L is given as
below:

A
L=1IL¢+ §zﬁzlznf‘{zlb3’m (7)

where Ly is the original cost function. A is the regularization
coefficient, and b, ,, is the consequent parameter. The effect
of regularization on the original system is that the gradient
of coefficient term is larger in the back propagation.

DropRule is a generic algorithm similar to DropOut and
DropConnect, which is widely used in deep learning. By
randomly discarding some neurons or the links between
neurons in the training process, we can prevent overfitting
and improve the generalization ability of the system. To our
knowledge, there have been already two types of DropRule
algorithms. In the first method, a set of random numbers in
the second layer of ANFIS is generated and compared with
the preset threshold, determining whether to activate the rule
or not. If none of rules is activated, all rules are considered
to be activated. Another method generates a set of random
numbers of Bernoulli distribution in the calculation of rule
output at the fourth layer of ANFIS to determine whether the
rule output is zero [7]. Both methods are able to improve the
generalization ability of the system. This paper mainly used
the first.
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Learning rate is very important during the training pro-
cedure. If the learning rate is too small or too large, the
convergence rate and training effect of system will not be
good. AdaBound [8] is an improved algorithm on Adam [9]
algorithm, which can adaptively change the learning rate, add
boundary restrictions on the basis of the adaptive learning
rate, and ensure that the learning rate can converge to a single
value after enough training.

In the beginning, the lower bound of learning rate tends
to zero. In order to improve learning efficiency, the adaptive
learning rate is the value between [ and u , which are the
lower and upper bound. With the increase of iteration times,
the lower and upper bounds of learning rate converge to the
preset learning rate «. In this way, the efficiency of updating
parameters is greatly improved, and when the learning rate
« is set appropriately, the system tends to be stable with the
increase of iterations.

ITI. MC ANFIS STRUCTURE

As mentioned in Section IL.A, the generic ANFIS archi-
tecture computes one single output, which is suitable for
binary classification. There are at least two typical ways to
extend this binary classifier to multiple classifier. One is to
design C?, classifiers between each kind of class, which is
called one against one (OAO). Another way is to design m
classifiers between one class to the others, which is called
one against all (OAA). However, in order to relabel the
data and generate networks, the OAA model require lots of
extra preprocessing. Besides, some categories could have the
same meaning. Therefore, training different networks may
lead to learning redundant rules and wasting CPU cycles
[7]. In order to overcome these shortcomings, we present an
extended architecture to do the multiple classification work
in the following. Fig. 2 is an illustration of the extended
architecture.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

x-

Xnr

Fig. 2. The architecture of MC ANFIS.

The first four layers of the system are the same as the
generic ANFIS structure shown in Section II. The fifth layer
is the weighted sum of all the weighted rule outputs. Suppose
there are P categories in total, then the weight is given by a
matrix V € REXP where R is the size of rule base. Then
we have

0> =% ,0} x vy

®)
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where v,, € V. The output of layer five are P real values.
Thus, by using the softmax function in the sixth layer, P
gestures can be classified. The output of softmax algorithm
0% € RP*! means the probability that the input belongs to
P categories, and the index of the maximum probability is
selected as the final output of the final classifier. For example,
suppose OY is the maximum of the layer six, then i is the
output category, that the input belongs to.

eacp(Og)

6 _ _
O =% = Sieap(0p) )
Output = index(maz(0°)) (10)

Up to now, forward propagation is all introduced, and
the necessary calculation formulas for back propagation are
given below.

Cross-entropy is one of the commonly used loss functions
in solving classification problems, and its output represents
the closeness of two distributions. Different from other loss
functions, cross entropy loss functions enable the gradient
not sensitive to the gradient of the sixth layer when it is
used with softmax algorithm. Select the cross entropy as
the loss function of the system and add the regular term
%Ef;lE%:le the loss function is

r,m>

A
E=-%Ft,In(y,) + 525?:12%:11)27,” (11)

where t, € {1,0}, stands for whether the input vector
belongs to the p-th class or not. y,, is the p-th output of the
layer 6 calculated from (9). A is the regularization coefficient.
R is the number of rules and M is the length of input
vector. In order to minimize FE, system parameters need to
be adjusted. According to the chain rule, the gradients of F
on system premise parameters are given as follows:

iy SE 605 60; 50% 503 607

r,m

P

1 ) 12
wr (1 — 0,
—25:17517(1 - OS)vrpfrAi

p OE 00500, 50} 503 607, 005,

P=1506 603 604 603 602, 60}, 6¢rm
SE 60},

60}, 6crm
250t (1 —

Acym =

T — Crm

(ar,m)2
(13)

Og)vrpfrwir(l - W77")

p OE 807480, 604 503 607, 00;,,

P=L508 605 602 503 602, 50}, Sar.m
SE 80},

5071-,77; 5a7',m

Aar,m =X

(z — CT,M)Z

_ P
= —25F t,(1— o

Og)vrpfrwir(l - W) 3
(14)
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Similarly, the gradients of consequent parameters can be
obtained.

SE 0608 603 s04

_ P p p T R M
Abr,m = Ep:1@@@m - Azr:12m:1br,m
=-2F t,(1-

ASE L SM b

6 -
O,) VrpWr T —

15)
508 503 504
Ab, o = EP:15£JJ 00,
’ P=2005 605 60} by (16)
= _E;I)D:ltp(l - Og)vrp‘*’i?'
508 605
Avpp = LE;‘% -
005 605 dvryp (17)

= _tp(l - Og)FTfr

The applying of MBGD-RDA algorithm to MC ANFIS is
given in Algorithm 1.

Algorithm 1 MC ANFIS Using MBGD-RDA Algorithm
Input: X:the set of training data;
Y :the set of training labels;
Npnae:the maximum times of iteration;
N,p:the size of mini-batch;
A:the regularization coefficient;
P:the threshold of DropRule;
A1, Ag: adaptive learning rate of AdaBound;
Output: c:the centers of Gauss membership functions;
a:the standard deviation of Gauss membership functions;
b:the consequent parameters of MC ANFIS;
V:the weight matrix of the fifth Layer;
1: Initialize c,a,b,V,Ac,Aa,Ab,Av;

2: repeat
3:  Randomly select N,,;, training examples from X
(MBGD);

Compute system Output < (1)(3)(4)(5)(8)(9)(10)
by using DropRule;
Compute Ac + (13);
Compute Aa + (14);
Compute Ab <+ (15,16) by using regularization;
Compute Av + (17);
update c,a,b,V by using AdaBound
4: until Iteration times > N, 4z
5: return c,a,b,V;

IV. EXPERIMENTS AND RESULTS

In this part, the MC ANFIS and OAA ANFIS models
were used to classify the six gestures use pressure-based
MMG (pMMG) data of four healthy adult males under two
learning algorithms, i.e. the MBGD-RDA and the conven-
tional batch gradient decent with regularization (BGD-R).
The performance was evaluated by the raw classification
accuracy (RCA) and average training time. It should be
pointed out that in order to reflect the training efficiency,

978-1-7281-6479-3/20/$31.00 ©2020 IEEE

this experiment was completed on a computer with 3.2GHz
Core 17 8700k CPU, and the training time of each model was
recorded in the experiment (excluding the time of pMMG
data processing).

A. pMMG data acquisition and preprocessing

The pMMG is obtained by using the device mentioned in
[10] , which is shown in Fig. 3. The assumptions of this kind
of device can be conclude as below.

o Muscles are rigid and attached to elastic tendons of
coefficient k.

o The total volume of each muscle remains the same.

o Each muscle is cylindrical in shape and has a uniform
cross-sectional area.

o The total cross-sectional area of the air-bladder and
muscles is constant.

e« The sacs do not move relative to the muscles, and the
total cross-sectional area of a group of air-bladder and
muscle groups does not change.

Based on the assumptions given above, a nearly linear

relationship between muscle strength and pressure changes
can be obtained.

Bluetooth
host

Monitor Two sides of PCB
ks

E‘ﬂ

Sarial Battery

port

Data bus

Bluetooth
receiver

Air-bladder

Arm band

Fig. 3. The device that collects pMMG signals.

In order to get more information of muscle activity corre-
sponding to the six gestures, we fixed the sensors with the
armband at the position of the forearm near the elbow joint,
as shown in Fig. 4. The names of the six main muscles

measured and the role of muscles in hand movement are
shown in TABLE 1.

Fig. 4.

location where air-bladder is fixed

We recruited four volunteers and collected training data
from them following the experimental paradigm. Firstly,
volunteers were required to relax for two seconds, and then
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performed each gesture in seven seconds. At the first five
seconds, volunteers performed the gesture movement with
maximum strength and kept still, then relax in the next two
seconds. The whole process was repeated five times, and the
gesture data in relax time were not collected. The pMMG
data collected in one process are shown in Fig. 5.
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Fig. 5. Original pMMG of six gestures. The data sampled from sensor
1 ~ 6 were recorded from top to bottom. the pMMG data of wrist flexion,
wrist extension, finger flexion, finger extension, turn left and turn right were
recorded from left to right.

The sampling rate of the sensor used in this experiment
is about 30Hz, and around 6000 pMMG data of six gestures
were collected as the original data in each of four volunteers.
After dimensionality reduction through PCA, 70% of the
processed data were randomly selected as the training set
and input to four kind of classifiers, and the rest of data
were used as the testing set to evaluate the classification
performance of the system.

B. Off-line classification experiment

In the experiment of OAA ANFIS using MBGD-RDA
algorithm, the label value was given as 1 or 0, while the
label value was given as 1,2, - -- 6 in the experiment of MC
ANFIS using MBGD-RDA algorithm. The loss function was
the cross-entropy function. Considering the influence of the
learning rate to the experiment, the learning rate o was set
as 0.1, 0.05 and 0.025. Batchsize was set as 64. Iteration
time was set as 200. Regularization coefficient \ was set as
0.05, and DropRule threshold P was set as 0.5. AdaBound
adaptive learning rate A\; = 0.9, Ay = 0.999. The results of

TABLE I
LOCATION AND ROLE OF THE SIX MUSCLES MEASURED

Location Name of muscle Role
1 Flexor carpi ulnaris Wrist flexion and ulnar deviation
2 Flexor digitorum Fingers flexion
3 Flexor carpi radials Wrist flexion and radial deviation
4 Extensor carpi radials | Wrist extension and radial deviation
5 Extensor digitorum Fingers extension
6 Extensor carpi ulnaris | Wrist extension and ulnar deviation

978-1-7281-6479-3/20/$31.00 ©2020 IEEE
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the training and testing classification accuracy curve of the
system are shown in Fig. 6.

The average RCA of four models’ testing set in five times
experiments and the average training time (ATT) is shown in
TABLE II. The result showed that, the MBGD-RDA applied
MC ANFIS had the minimum training time, and its training
results were superior at the same time.

TABLE 11
RCA AND ATT OF THE TESTING DATASETS USING DIFFERENT METHODS
AND LEARNING RATES

1 Average RCA
Method | ATT a=01[a=005] a=00%
MCZ2 61.8560 94.84% | 95.12% 91.32%
MC3 568.0859 | 85.13% | 86.82% 87.41%
OAA* 184.1379 | 97.78% | 98.02% 97.04%
OAA® | 1206.1000 | 97.33% | 93.84% 96.98%

The average training time.(unit: second)

MC ANFIS model using MBGD-RDA alorithm

MC ANFIS model using BGD-R alorithm

One Against All ANFIS using MBGD-RDA algorithm
One Against All ANFIS using BGD-R algorithm

TABLE III reports the average testing classification accu-
racy of several methods with MMG input. Overall OAA AN-
FIS MBGD-RDA achieved the best classification accuracy
compared with other methods. Though MC ANFIS MBGD-
RDA performed slight worse on classification accuracy than
OAA ANFIS MBGD-RDA, it takes almost 2 times shorter
time than the OAA ANFIS MBGD-RDA in training proce-
dure in average. Both of the two kinds of multi-classification
model performed better after using MBGD-RDA algorithm.

TABLE III
AVERAGE CLASSIFICATION ACCURACY OF SEVERAL METHODS WITH
MMG INPUT
Method Average RCA

MC ANFIS MBGD-RDA 95.12%

MC ANFIS BGD-R 87.41%

OAA ANFIS MBGD-RDA 98.04%

OAA ANFIS BGD-R 97.33%
CNN(convolutional neural network) [11] 94%

SVM(support vector machine) [12] 95.20%

BPNN(BP neural network) [13] 86.41%
LDA(linear discriminant analysis) [14] 92%

As can be seen from Fig. 6, under some model parameters,
the classification error rate of some testing sets is lower than
that of the training set, which is not common in general
classification problems.

V. CONCLUSIONS

The MC ANFIS we proposed can save a lot of time
and memory in the training procedural compared with OAA
model, while the optimization algorithm is needed to improve
classification accuracy. Both the training efficiency and the
RCA were improved a lot after using MBGD-RDA algo-
rithm. It is reasonable to say that MBGD-RDA is a reliable
learning algorithm in fuzzy inference system.
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Fig. 6. The five times experimental average training (solid lines) and testing (dashed lines) classification accuracy curves of four volunteers, and each kind
of color stands for a dataset collected from a volunteer. The plot shows the outputs of two method optimized by MBGD-RDA algorithm, at the learning

rate of 0.1, 0.05, 0.025, from left to right.

According to the assumptions of pMMG sensor, if the air-
bladder can cover the entire cross-sectional area of the arm
(in fact, the coverage rate is about 80%), and the width can
be narrow enough. Then whatever position the user wears
the device in the forearm, similar well-performed parameter
sets will be obtained.

In the future, if there is a major breakthrough in the study
of interval type-2 ANFIS, it will make a lot of sense to extend
MC ANFIS framework to MC IT2 ANFIS to improve the
robustness of the system. In practical application, the system
can be extended to medical treatment, AR and some other
fields that require gesture recognition technology.

ACKNOWLEDGMENT

This work was supported by the National Natural Science
Foundation of China under Grant U1913207, the Research
Fund of PLA of China (BWS17J024) and the Fundamen-
tal Research Funds for the Central Universities (HUST:
2019kfyRCPY, 2019kfyXKICO019).

REFERENCES

[1] E. Biddiss and T. Chau, “Upper-limb prosthetics: critical factors
in device abandonment,” American journal of physical medicine &
rehabilitation, vol. 86, no. 12, pp. 977-987, 2007.

[2] V. S. Ramachandran and W. Hirstein, “The perception of phantom
limbs. the do hebb lecture,” Brain: a journal of neurology, vol. 121,
no. 9, pp. 1603-1630, 1998.

[3] J.-S. Jang, “Anfis: adaptive-network-based fuzzy inference system,”
IEEE transactions on systems, man, and cybernetics, vol. 23, no. 3,
pp. 665-685, 1993.

[4] J.-S. Jang, “Input selection for anfis learning,” in Proceedings of IEEE
Sth International Fuzzy Systems, vol. 2, pp. 1493-1499, IEEE, 1996.

[5] M. Wei, B. Bai, A. H. Sung, Q. Liu, J. Wang, and M. E. Cather, “Pre-
dicting injection profiles using anfis,” Information Sciences, vol. 177,
no. 20, pp. 4445-4461, 2007.

978-1-7281-6479-3/20/$31.00 ©2020 IEEE 465

Authorized licensed use limited to: Huazhong University of Science and Technology. Downloaded on October 29,2020 at 05:08:35 UTC from IEEE Xplore. Restrictions apply.

[6]

[7]

[8]

[9]
[10]

(11]

[12]

[13]

[14]

D. Wu, Y. Yuan, J. Huang, and Y. Tan, “Optimize tsk fuzzy systems for
regression problems: Mini-batch gradient descent with regularization,
droprule and adabound (mbgd-rda),” IEEE Transactions on Fuzzy
Systems, 2019.

A. B. Khalifa and H. Frigui, “Mcmi-anfis: A robust multi class
multiple instance adaptive neuro-fuzzy inference system,” 2016 IEEE
International Conference on Fuzzy Systems (FUZZ-IEEE), Vancouver,
Canada, 2016, pp. 1991-1998.

L. Luo, Y. Xiong, Y. Liu, and X. Sun, “Adaptive gradient methods with
dynamic bound of learning rate,” arXiv preprint arXiv:1902.09843,
2019.

D. P. Kingma and J. Ba, “Adam: A method for stochastic optimiza-
tion,” arXiv preprint arXiv:1412.6980, 2014.

P-G. Jung, G. Lim, S. Kim, and K. Kong, “A wearable gesture recog-
nition device for detecting muscular activities based on air-pressure
sensors,” IEEE Transactions on Industrial Informatics, vol. 11, no. 2,
pp. 485-494, 2015.

Y. Ma, Y. Liu, R. Jin, X. Yuan, R. Sekha, S. Wilson, and
R. Vaidyanathan, “Hand gesture recognition with convolutional neu-
ral networks for the multimodal uav control,” 2017 Workshop on
Research, Education and Development of Unmanned Aerial Systems
(RED-UAS), Linkoping, Sweden, 2017, pp. 198-203.

H. Ding, Q. He, L. Zeng, Y. Zhou, M. Shen, and G. Dan, “Motion
intent recognition of individual fingers based on mechanomyogram,”
Pattern Recognition Letters, vol. 88, pp. 4148, 2017.

L. Cheng, J. Wang, C. Li, X. Zhan, C. Zhang, Z. Qi, and Z. Zhang,
“Classification of mmg signal based on emd,” Advanced Computa-
tional Methods in Life System Modeling and Simulation, Nanjing,
China, 2017, pp. 23-34.

P. B. Shull, S. Jiang, Y. Zhu, and X. Zhu, “Hand gesture recogni-
tion and finger angle estimation via wrist-worn modified barometric
pressure sensing,” IEEE Transactions on Neural Systems and Reha-
bilitation Engineering, vol. 27, no. 4, pp. 724-732, 2019.




<<
  /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 1.7
  /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 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


