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Abstract. The EEG for use in augmented cognition produces large amounts of
compressible data from multiple electrodes mounted on the scalp. This huge
amount of data needs to be processed, stored and transmitted and consumes
large amounts of power. In turn this leads to physically large EEG units with
limited lifetimes which limit the ease of use, and robustness and reliability of
the recording. This work investigates the suitability of compressive sensing, a
recent development in compression theory, for providing online data reduction
to decrease the amount of system power required. System modeling which in-
corporates a review of state-of-the-art EEG suitable integrated circuits shows
that compressive sensing offers no benefits when using an EEG system with
only a few channels. It can, however, lead to significant power savings in situa-
tions where more than approximately 20 channels are required. This result
shows that the further investigation and optimization of compressive sensing
algorithms for EEG data is justified.

Keywords: Compressive Sensing, Electroencephalogram, Power efficient,
Wireless Systems.

1 Introduction

Augmented cognition systems which aim to close the loop on human-computer inter-
actions intrinsically require some form of physiological monitoring of the human. The
electroencephalogram (EEG), which places multiple recording electrodes on the head
and records the micro-Volt sized signals produced, is a popular choice for this. The
eventual level of end-user acceptance of augmented cognition technology will thus be
strongly dependent on the miniaturization of the EEG technology so that it is discrete,
comfortable and long-lasting. This last point is also an important factor in the design
of robust systems. For example, in the dismounted solider scenario the EEG equip-
ment may have to operate reliably over many days while the solider is out of contact
with friendly forces. Also, when using EEG devices with people with learning diffi-
culties, physically large systems requiring frequent battery changes could be a major
impediment to producing reliable and repeatable results.

It has been shown [1] that power consumption, and in turn the battery size, is the
major determining factor in the overall device size and system lifetime. For wireless

D.D. Schmorrow et al. (Eds.): Augmented Cognition, HCII 2009, LNAI 5638, pp. 319 2009.
© Springer-Verlag Berlin Heidelberg 2009



320 A.M. Abdulghani, A.J. Casson, and E. Rodriguez-Villegas

EEG systems (which are potentially more discrete and wearable) most of the system
power is consumed by the wireless transmitter, and thus it is desirable to compress the
raw EEG data in real-time on the wearable device, in order to reduce the amount of
data to transmit, and thus increase the operating lifetime or decrease the battery size.

This paper investigates applicability of compressive sensing, a recent development
in compression theory, for this online data compression. An overview of compressive
sensing theory is given in Section 2, but the work here assumes, based upon previous
studies with EEG data [2] as well as in applications such as MRI where compressive
sensing has been used very successfully [3], that compressive sensing can be used to
achieve an acceptable compression ratio and reconstruction error. Instead, the focus
here is on investigating the computational complexity of the method, and the implica-
tions of this for its implementation in an online, low power system.

Based upon the system modeling presented in Section 3, it is found that compres-
sive sensing is not a beneficial compression technique when applied to an EEG sys-
tem consisting of only a few channels, as commonly used in augmented cognition
systems. However, as more channels are used, and many systems may commonly use
128 or more channels, the compressive sensing scheme can lead to a significant re-
duction in the overall power consumption. These results are presented, and the impli-
cations discussed, in Section 4.

2 Compressive Sensing Overview

The concept of compressive sensing [4] and [5] is based on the fact that there is a
difference between the rate of change of a signal and the rate of information in the
signal. Traditional Nyquist sampling, putting the signal into the digital domain ready
for wireless transmission, is based on the former. The Nyquist theorem states that it is
necessary to sample the signal at a rate at least twice the maximum rate of change
present. A conventional compression algorithm would then be applied to all of these
samples taken to remove any redundancy present, giving a reduced number of bits
that represent the signal.

In contrast, compressive sensing exploits the information rate within a particular
signal. Redundancy in the signal is removed during the sampling process itself, lead-
ing to a lower effective sampling rate. Provided certain conditions are satisfied [5],
sampling at a sub-Nyquist rate the signal can still be accurately recovered.

To illustrate this, consider an EEG signal of interest x which is a vector of N digital
samples; i.e. x[n] where n =1, 2 ... N. Then assume that this signal can be represented
by a projection onto a different basis set:

N
x=Y s¥, orx="s (1)
i=1

where s is a Nx1 basis function vector and W is a NxN basis matrix. The matrix s can
be calculated from the inner product of x and ¥:

s, =(x,¥,). )
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For example, if ¥ is the Fourier basis set of complex exponential functions, s is the
Fourier transform of x and both s and x represent the signal equivalently, but in dif-
ferent domains. In compressive sensing ¥ is chosen so that s is sparse — a vector is K-
sparse if has K non-zero entries and the remaining N-K entries are all zero. s is thus a
more compact representation of the signal than the original x.

Similar to this projection, assume that x can be related to another signal y:

y =®x 3)
where y is a Mx1 vector and @ is a matrix of dimensions MxN where M<N. Thus:
y=0%¥s. 4)

Provided that @ is correctly chosen so that no significant information is lost during
the reduction in dimensionality, it is possible to use @ to sample the sparse signal s,
rather than the original signal x to give an output vector y which has only M entries
rather than the original N. If M<N data compression is thus achieved, and the signal y
would be transmitted from the portable EEG unit. It can be shown [5] that this tech-
nique is possible if @ and W are incoherent; that is if the elements of @ and ¥ have
low correlation.

Given a compressed measurement y at the receiver, the signal x can be recon-
structed by solving the L1 problem:

IS?S%INl”S”“ subjectto y, =(®D,,¥s) 5)

which finds the vector s with the lowest L1 norm that satisfies the observations made.
This is then easily converted back into x. In general, the L1 minimization problem is
non-trivial and computationally complex, but there is no need for this to run online in
the portable EEG unit. The EEG signal x will be sampled as signal y, and these
samples wirelessly transmitted to a base station which will then regenerate x from y
offline. The fact that compressive sensing based data compression has all of its com-
putational complexity in the backend, where power and size constraints are not as
stringent is a major factor motivating its investigation.

Previous work, [2], using Gaussian Random matrices with independent and identi-
cally distributed random variables or the Bernoulli matrix as the measurement matrix
@ has shown promising (although not conclusive) results on the application of com-
pressive sensing theory to EEG signals. However, the optimal choice of N and M,
which set the amount of data compression but also reconstruction error, and the
choice of optimization algorithm for the reconstruction are still open questions.

3 System Modeling and Feasibility Analysis Framework

The answering of these open questions is not the focus of this work. Before consider-
ing them it is instead essential to assess the feasibility of the overall scheme from the
power point of view: the aim of compression must be to reduce the system power
consumption so it is necessary to assess whether this is achievable. There is little
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practical point in optimizing the parameters identified above if this decrease is system
power is not achievable.

An investigation of this can be carried out by considering the simplified EEG sys-
tem model from Figure la. This incorporates an input instrumentation amplifier to
amplify the small EEG signals from the head, an analogue-to-digital converter (ADC)
to convert the EEG signals into the digital domain ready for transmission, and a
transmitter. Given this, the system power consumption for a C channel system (P,y,) is
given by:

Psys = C(PAmp + PADC + stR) (6)
where P, is the power consumption of block x from Figure 1a, f; is the ADC sampling
frequency, R the number of bits per sample and J the net transmission power per bit
such that Jf,R gives the transmitter power consumption. It is assumed that band-
limiting of the EEG signal is incorporated into the instrumentation amplifier.

Amp
> Elo—o
Transmitter }j/ E2 [ -

Amp
b
Reference Reference

E1

E2

a) A standard EEG unit. b) An EEG unit incorporating compres-
sive sensing.

Fig. 1. Simplified EEG system model to enable power modeling

For comparison, Figure 1b illustrates the necessary modifications required to in-
corporate compressive sensing into the EEG system. The compressive sensing is
implemented in the discrete domain and all that is required is a block to generate the
measurement matrix @ which would be used to select a random set of samples to
form y. Elements in @ form a pseudo-random sequence following a particular prob-
ability distribution.

Given this, the system power consumption per channel (P,y, .,) is now modified to:

P, . =C(P,, +Puc)+Pug+Posp+ P

M
Sys_cs Amp Sync + J(_ ’ Cst + Sj . (7)
N
Here the instrumentation amplifier and ADC power consumptions are unchanged, but
three extra terms representing the extra hardware required are also present: a random
number generator (Pgyg) is used to generate the @ matrix; a DSP or microcontroller
(Ppsp) is used to carry out the matrix multiplications from (4); and a synchronization
unit (Pgy,.) is used so that @ matrix does not need to be transmitted — it can be recon-
structed at the receiver based upon the known pseudo-random sequence and a seed.
Only one of each of these blocks is required regardless of the number of channels in
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the system. In addition to these blocks, the transmitter power consumption has
changed in a number of ways.

Firstly, the power required to transmit the number of data bits (CJf,R in (6)) has
been reduced by a factor of M/N. This corresponds to the compressive sampling in (3)
where there is a reduction in dimensionality between x and y. In addition, however, it
is necessary to also transmit S bits of extra data corresponding to the synchronization
required between the EEG unit and the receiver to regenerate the ® matrix. Again the
number of bits needed does not depend on the number of channels present as the same
@ matrix will be used for all channels.

To assess the feasibility of compressive sensing based systems in low power port-
able EEG equipment it is thus simply a matter of comparing (6) and (7) using realis-
tic, and state-of-the-art, figures. For this, five separate blocks need to be considered.
These are discussed in turn below and the end figures used, incorporating some
rounding and safety factors, are summarized in Table 3.

Instrumentation amplifier. The input amplifier is responsible for amplifying the
small EEG signals detected on the scalp (typically in the range 2 pV to 500 uV) so
that they match the input range of the analogue-to-digital converter. In addition it is
assumed that the signal is band-limited (to the approximate range 0.5 Hz to 70 Hz) in
this stage. The performance of a range of state-of-the-art integrated circuit EEG am-
plifiers is illustrated in Table 1.

Table 1. A comparison of state-of-the-art EEG suitable instrumentation amplifiers

Reference 6] [7] 8] [9] (o] | i | [12]
Gain [dB] 40 44 77 40 44 48 38
Bandwidth [Hz] 30 1000 600 500 200 100 | 200
Input referred
gcv";rel)‘;ff;‘gﬁ 1.6 1.5 0.26 10 13 | 059 | 0.89
[uVrms]
Process technol- 15 035 1 3 0.35 05 3
ogy [nm]
S“ppl[yvv](’“age 25 1 5 25 1 3 2
Power consump- 0.9 1.4 3,000 75 50 7 34

tion (PAm/)) [“W]

Analogue-to-digital converter. The ADC is responsible for digitizing the EEG ready
for transmission, and the core parameter of interest is the resolution which sets the
number of bits taken per sample and the end level of quantization noise. If any d.c.
offset in the EEG signal is removed by the instrumentation amplifier a resolution of
10-12 bits is generally sufficient for the clinical recording of the EEG [13]. Given
this, and the approximate 200 Hz sampling rate required, the performance of a selec-
tion of state-of-the-art ADCs is illustrated in Table 2. Thus, based upon Table 1 and
Table 2, an overall power consumption for the instrumentation amplifier and the ADC
of 2 uW is assumed to be reasonable.
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Table 2. A comparison of state-of-the-art ADCs with suitable resolutions and sampling rates

Reference [11] [14] [15] [16] [17] [18]
Resolution (R) [bits] 11 8 12 10 10 10
Sampling rate (f;) [kS/s] 8 1000 0.5 0.7 100 3.2
Process technology [pum] 0.5 0.18 0.18 0.8 0.09 0.5
Supply voltage [V] 3 0.6 1 2 0.65 1.2

Power Coniﬁnvaﬁon Papd) | 23 0.4 0.2 2.3 27 0.055

Random number generator. An example random number generator for use in gen-
erating the @ matrix is given in [19], and as [19] also contains a comparison with
other random number generators with respect to bit rates and power consumption, it is
taken to be representative. This operates at 5V on a 0.35 pm process consuming 2.9
pW for an output data rate of 500 bps.

Processor unit for matrix multiplications. The matrix multiplications to carry out
the compressive sensing will need to be implemented in either a dedicated digital
signal processing chip or a microcontroller. The overall power of this depends
strongly on the specifications of the model chosen for use. To be representative here,
the estimates are taken based upon the popular TI MSP430 family, although possibly
lower power dedicated components may be available.

In addition, the complexity of the multiplication operation depends on the size of
the matrix used. In general for an NxN matrix it is an O(N°) process [20]. In the case
for compressive sensing, however, where the @ matrix is MxAN this bound reduces to
O(M"*N) [21], significantly reducing the power required. Even so, based upon a @
resolution of 16 bits, for any reasonable M and N it is likely that the MSP430 will
have to be operated at the maximum clock frequency of 1 MHz, corresponding to an
active mode power consumption of approximately 352 uW [22]. It is unlikely that
portable EEG systems will be designed to have more than 64 channels, hence this
power rating is considered to be the worst case scenario for systems having 64 or
smaller number of channels.

Synchronization unit. For the purposes of the analysis here Pg,,. and S are assumed
to be negligible: they are essentially one time (start-up) operations that require the
generation and transmission of approximately 48 bits (16 to initiate the random num-
ber process and 32 for the synchronization with the receiver). Compared to a continu-
ous data rate in the range of kbps even for compressively sensed EEG this is deemed
negligible.

Transmitter. The figure for J, the net energy per bit transmitted is simply taken from
[23] which summaries the performance of several off-the-self transmitters finding that
50nJ/b is a conservative figure which should be readily achievable in most usage
situations, and 5nJ/b is a more speculative figure for what may be possible. In this
work this speculative 5SnJ/b figure is used.
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Table 3. Summary of the model parameters used and their justification

Parameter Symbol Value Reasoning
Front end power Papp + Papc 2 uW From Tables 1 and 2.
Random number generator

power Prye 3uWwW From [19].
Matrix multiplication power Ppsp 352 uW | From [22] and discussion above.
Seed and synchronization From discussion above assumed

Pgyne 0ouw lici
power negligible.
Transmitter energy required per 7 5nl/b From [28].

bit transmitted

The effect of this will be investi-
gated in Section 4.
Arbitrary choice to illustrate one

Net number of samples taken: M Variable

Compressive sensing frame N 750

size: performance point.
. . From standard EEG specifica-
Nyquist sampling frequency I 200 kS/s tions [13].
ADC sampling resolution R 16 bits Idealized value

Bits required to initialize ran- . .
From discussion above assumed

dom number process and syn- S 0 bit ..
. . . negligible
chronize with receiver
Number of channels in the . The effect of this will be investi-
C Variable . .
system gated in Section 4.

4 Results and Discussion

Given the figures from Table 3 the implications of (6) and (7) can be investigated.
Fig. 2 shows how the ratio M/N, which determines the amount of compression
achieved as well as the end reconstruction error, affects the system power. In Fig. 2, N
is arbitrarily set to 750 samples to limit the size of each matrix multiplication re-
quired. As may be expected, increasing M results in transmitting more data and so the
system power consumption increases. The overall power consumption is also seen to
be a strong function of the number of channels used.

This is illustrated more clearly in Fig. 3 which takes a compressive sensing operat-
ing point of M=80, N=750, and shows how the system power consumption varies with
the number of channels present when compressive sensing is and isn’t present. From
this it is seen that for this operating point a compressive sensing based system is only
feasible if more than 22 channels are to be present. When fewer channels than this are
needed it is preferable to simply transmit the raw data.

This potentially has significant implications for augmented cognition applications
of the EEG. For example, many augmented cognition applications such as [24] and
[25] are using in the region of six channels. If this is sufficient for use there is no
benefit to a compressive sensing based system, and optimizing the reconstruction
performance and answering the open questions about basis functions and similar is
not of practical interest at this time.
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Fig. 2. The trade-off between the number of measurement samples taken (M), the number of
channels used and the total system power consumption
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Fig. 3. The trade-off between the system power consumption and the number of channels (C)
used for M/N=80/750 illustrates that a compressive sensing based system is only feasible when
more than 22 channels are used

In contrast, there are other augmented cognition systems such as [26, 27] which are
using 128 or more channels for recording. In this situation the use of compressive
sensing is highly beneficial, with a reduction in system power consumption by
1.5mW being achievable for a 128 channel system. Using a conventional 30mWh
small coin cell battery this could increase operational lifetime from 13 hours to 36
hours. In turn this can lead to significant improvements in the reliability, robustness
and ease of use of systems allowing the accurate collection of physiological data.
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5 Conclusions

Online data compression can be of significant use in facilitating the operation of
portable EEG units from physically small batteries over a long period of time. In turn
this aids the reliability and robustness of the overall system as the device is easier to
use and more comfortable to wear. This paper has quantified the feasibility, from a
power point of view, of using compressive sensing in order to provide this online
data reduction.

Compressive sensing is a recent development in compression theory that states that
it is possible to effectively sample a signal at a sub-Nyquist rate and yet still be able to
accurately reconstruct the signal. Assuming that acceptable signal reconstruction is
possible, this paper has presented a system modeling framework that quantifies the
required power overhead for the compression system.

It was found that the feasibility of a compressive sensing based EEG system is a
strong function of the number of channels present in the system; no benefit is present
when less than 22 channels are needed (for the case considered here), but large power
savings can be made when high numbers of channels are present. The feasibility of a
compressive sensing based EEG system thus varies on an application-by-application
basis, and the framework presented here can be used to assess this.

Given this result, there are potential benefits to using a compressive sensing sys-
tem. Future work will thus focus on answering the many open questions still present:
for example what basis functions and compression ratios can be used to minimize the
reconstruction error.

References

1. Yates, D., Casson, A., Rodriguez-Villegas, E.: Low Power Technology for Wearable Cog-
nition Systems. In: 13th International Conference on Human-Computer Interaction, pp.
127-136 (2007)

2. Aviyente, S.: Compressive sampling Framework for EEG Compression. In: IEEE/SP 14th
Workshop on Statistical Signal Processing, pp. 181-184 (2007)

3. Lustig, M., Donoho, D., Santos, J., Pauly, J.: Compressive sampling MRI (A look at how
CS can improve on current imaging techniques). IEEE Signal Processing Magazine 25(2),
72-82 (2008)

4. Donoho, D.: Compressive sampling. IEEE Trans. Inform. Theory 52(4), 1289-1306 (2006)

5. Candes, J., Wakin, M.: People hearing without listening: an introduction to compressive
sampling. IEEE Signal Processing Magazine 25(2), 21-30 (2008)

6. Harrison, R., Charles, C.: A low-power low-noise CMOS amplifier for neural recording
applications. IEEE Journal of Solid State Circuits 38(6), 958-965 (2003)

7. Yates, D., Villegas-Rodriguez, E.: An ultra low power low noise chopper amplifier for
wireless EEG. In: The 49th IEEE Midwest Symposium on Circuits and Systems, pp. 449—
452 (2006)

8. Menolfi, C., Huang, Q.: A Fully Integrated, Untrimmed CMOS instrumentation amplifier
with sub microvolt offset. IEEE Journal of Solid State Circuits 34(3), 415-420 (1999)

9. Steyaert, M., Sansen, W., Zhongyuan, C.: A Micropower Low-noise monolithic instrumen-
tation amplifier for medical purposes. IEEE Journal of Solid State Circuits 22(6), 1163—
1168 (1987)



328

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

A.M. Abdulghani, A.J. Casson, and E. Rodriguez-Villegas

Wu, H., Xu, Y.: A Low-Voltage Low-Noise CMOS Instrumentation Amplifier for Portable
Medical Monitoring Systems. In: IEEE-NEWCAS, pp. 295-298 (2005)

Yazicioglu, R.F., Merken, P., Puers, R., Van Hoof, C.: A 200uW Eight-Channel EEG Ac-
quisition ASIC for Ambulatory EEG Systems. IEEE Journal of Solid State Circuits 43(12),
3025-3038 (2008)

Enz, C., Vittoz, E., Krummenacher, F.: A CMOS Chopper Amplifier. IEEE Journal of
Solid State Circuits 22(3), 335-342 (1987)

Nuwer, M., Combi, G., Emerson, R., Fuglsang-Frederiksen, A., Guérit, J., Hinrichs, H.,
Ikeda, A., Luccas, F., Rappelsburger, P.: ICFN standards for digital recording of clinical
EEG. Electroencephalography and Clinical Neurophysiology 106, 259-261 (1998)
Dlugosz, R., Gaudet, V., Iniewski, K.: Flexible Ultra Low Power Successive Approxima-
tion Analog-to-Digital Converter with Asynchronous Clock Generator. In: Canadian Con-
ference on Electrical and Computer Engineering, pp. 1649-1652 (2007)

Verma, N., Chandrakasan, A.: An ultra low energy 12-bit rate-resolution scalable SAR
ADC for wireless sensor nodes. IEEE Journal of Solid State Circuits 42(6), 1196-1205
(2007)

Bonlfini, G., Garbossa, C., Saletti, R.: A switched Opam-based 10-b integrated ADC for ul-
tra low power applications, VLSI-SOC (2003)

Gambini, S., Rabaey, J.: A 100KS/s 65dB DR 2 — 4 ADC with 0.65V supply voltage. In:
33rd European Solid State Circuits Conference, pp. 202-205 (2007)

Lépez-Morillo, E., Gonzalez-Carvajal, R., Galan, J., Ramirez-Angulo, J., Lopez-Martin,
A., Rodriguez-Villegas, E.: A Low-Voltage Low-Power QFG-based Sigma-Delta Modula-
tor for Electroencephalogram Applications. In: IEEE BioCAS, pp. 118-121 (2006)
Holleman, J., Otis, B., Bridges, S., Mitros, A., Diorio, C.: A 2.92uW Hardware Random
Number Generator. In: ESSCIRC Solid-State Circuits Conference, pp. 134--137 (2006)
Kakaradov, B.: Ultra-Fast Matrix Multiplication: An Empirical Analysis of Highly Opti-
mized Vector Algorithms. Stanford Undergraduate Research Journal 3, 33-36 (2004)
Beling, P., Megiddo, N.: Using fast matrix multiplication to find basic solutions. Theoreti-
cal Computer Science 205(1-2), 307-316 (1998)

Texas Instruments: MSP430 DataSheet,
http://focus.ti.com/lit/ds/symlink/msp430£f110la.pdf

XS110 UWB solution for media-rich wireless applications,
http://www.freescale.com/

Kahol, K., Smith, M., Mayes, S., Deka, M., Deka, V., Ferrara, J., Panchanathan, S.: The
Effect of Fatigue on Cognitive and Psychomotor Skills of Surgical Residents. In: 13th In-
ternational Conference on Human-Computer Interaction, pp. 304-313 (2007)

Stevens, R., Galloway, T., Berka, C.: Exploring Neural Trajectories of Scientific Problem
Solving Skill Acquisition. In: 13th International Conference on Human-Computer Interac-
tion, pp. 400—408 (2007)

Huang, R.-S., Jung, T.-P., Makeig, S.: Event-Related Brain Dynamics in Continuous Sus-
tained-Attention Tasks. In: 13th International Conference on Human-Computer Interac-
tion, pp. 65-74 (2007)

Van Orden, K., Viirre, E., Kobus, D.: Augmenting Task-Centered Design with Operator
State Assessment Technologies. In: 13th International Conference on Human-Computer
Interaction, pp. 212-219 (2007)



	Quantifying the Feasibility of Compressive Sensing in Portable Electroencephalography Systems
	Introduction
	Compressive Sensing Overview
	System Modeling and Feasibility Analysis Framework
	Results and Discussion
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Photoshop 4 Default CMYK)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /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 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /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 (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




