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Abstract—The paper proposes a Quantum Probabilistic Power
Flow (QPPF) algorithm to achieve high-precision estimation of
voltage fluctuation and power flow distribution in renewable-
rich systems with reduced quantum hardware. Addressing the
complexity arising from high-dimensional statistical moments,
we propose a quantum-enhanced Three-Point Estimate Method.
This method achieves a quadratic speedup in the convergence of
statistical moment errors for renewable energy output, thereby
ensuring the accurate representation of statistical discretization.
With the dramatic increase in power flow analyses required by
discretized scenarios, we introduce a quantum parallel power
flow framework. By multiplexing power flow solutions into a
quantum circuit, it minimizes quantum processing unit calls and
hardware demands, while performing high-precision calculation
across power flows of varying scales in constant time, thereby
evaluating voltage and power flow distributions. Finally, we
employ the modified IEEE-14 and 3 systems to verify the
feasibility, accuracy and efficiency of the QPPF algorithm.

Index Terms—probabilistic power flow, point estimated method,
quantum computing, quantum power flow, renewable energy

1. INTRODUCTION

The increasing penetration of renewable energy sources,
such as wind and photovoltaic (PV), introduces significant
stochasticity and volatility into the system [1], shifting the
system’s operational paradigm from deterministic to stochastic
and imparting probabilistic characteristics to system state
variables, i.e., voltages and power flows. Probabilistic Power
Flow (PPF) has emerged as an essential tool for quantifying
the impact of these uncertainties on the system’s operational
state. By analyzing the statistical characteristics of the system
state variables, PPF is employed to assess potential operational
risks, such as voltage violations and power flow congestion.
However, in renewable-rich systems, the high dimensionality
of stochastic input variables causes the statistical analysis
required by PPF to inevitably face the curse of dimensionality.

Classical PPF can be classified as approximate, analytical,
and simulation-based methods. Among these, the Three-Point
Estimation Method (3PEM), a type of approximate method,
uses statistical moments to discretize continuous probability
distributions into a limited set of power flow scenarios [2].
The 3PEM offers a significant advantage by simultaneously
avoiding the extensive sampling burden of simulation methods
and the accuracy loss from linearization common in analytical
methods. However, the estimation accuracy of 3PEM relies on
high-precision statistical moments, the calculation of which
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requires large-scale sampling or high-dimensional integration
[3]. In renewable-rich systems, the high dimensionality of
stochastic input variables renders the calculation of statistical
moments computationally prohibitive. Fortunately, with the
principles of quantum computing [4], Quantum Monte Carlo
(QMC) simulation, designed for the accurate estimation of
expected values, reduces the computational complexity from
O(1/¢%) to O(1/e) relative to classical Monte Carlo (CMC) [5].
That is, QMC utilizes fewer quantum queries to estimate raw
moments with precision comparable to that of CMC, serving
as a basis for the high-precision derivation of central moments.
While the superiority of QMC has been demonstrated in other
fields [6], its potential for estimating high-dimensional
statistical moments in PPF analysis remains unexplored.

Another critical challenge is that numerous input variables
cause a surge in the power flow scenarios. Although the
required calculation is typically less than that of simulation-
based methods, the dimension-dependent characteristic causes
the efficiency advantage of 3PEM to diminish significantly.
Existing quantum solutions [7], termed Quantum Power Flow
(QPF), employ the HHL algorithm to calculate the correction
equation, promising an exponential reduction in computational
complexity on quantum computers. However, a key limitation
is that QPF algorithms solve only a single correction equation
within a single quantum circuit. The requirement to solve
multiple equations entails repetitive circuit reconstruction and
frequent queuing for cloud-based quantum access [8]. These
resource-intensive processes may introduce significant latency,
creating an additional efficiency bottleneck for PPF analysis.
Consequently, storing power flow equations in quantum
superposition and processing correction vectors in parallel via
a single quantum circuit are crucial for ensuring the PPF’s
computational advantage in renewable-rich systems, while
minimizing quantum resource requirements.

To this end, we propose a Quantum PPF (QPPF) method
to enhance both the accuracy of system state estimation and
overall computational efficiency, while reducing required
quantum resources. The main contributions are as follows:

1) We introduce a quantum-enhanced 3PEM to achieve a
quadratic speedup in statistical moment estimation, ensuring
accurate statistical discretization.

2) We propose a quantum parallel power flow framework
to evaluate system state, achieving constant time and reduced
quantum hardware under discrete scenarios of varying scales.

3) We illustrate the advantages of the proposed algorithm
mathematically, and validate them by numerical simulation.



II.  QUANTUM PROBABILISTIC POWER FLOW ALGORITHM

A. PPF Calculation Principles for Renewable-Rich Systems

The stochasticity of power systems mainly stems from the
fluctuations of wind and PV power, as considered in this
paper. To evaluate the impact of these uncertainties on power
flow and voltage distributions, the classical 3PEM operates
by leveraging the statistical moments of the input variables to
generate discrete scenarios and corresponding weights. This
process transforms the PPF problem into a limited number of
deterministic power flow calculations, whose results are then
synthesized through a weighted sum to accurately yield the
statistical moments of the output variables. Motivated by the
numerous uncertainties in renewable-rich systems, a QPPF
algorithm is proposed and illustrated in Fig. 1, which
provides a quantum solution for the escalating computational
burden of the high-dimensional statistical moment estimation
and power flow calculations. Principal steps are illustrated as:

1) Step 1: The probability distribution and its power
function are encoded into the quantum circuit using the
operations T and T so as to estimate the value E[P].

2) Step 2: The Grover operator G is designed and
operated to quadratically accelerate the estimation of E[P] in
accordance with Quantum Amplitude Estimation (QAE).

3) Step 3: The expected values (i.e., raw moments) are
used to calculate the central moments using the 3PEM. Then,
the discrete scenarios are generated for QPF calculations.

-- Random sampling --~ (- Wind power function - PV power function --

i o YT b
[ 1
i o % i i ; i 1 § i
(-1 ° °°, RS 13
B . ° b =9 -t !
HE L iiE iz -
i > B > i
i ___Samplenumber _ 1 T Windspeed 3 1_____ Solarirradiance __ 1
{/ 2" Samples {/ Normalization
ittt Quantum Monte Carlo simulation ----------------- \
1
12|00~ Model H Model H L oeee !
i '%— S probability expected !
i |0) | distribution | { renewable | L e :
1
b by Ty powerby || Amplify Amplify :
! ‘0>— T, H amplitude [ ==+ - amplitude [ Ancilla qubit -
Lo byG?> byG* 1
1
e [———— =
A IQFT !
<o =
Q QLI intum measurement
r Quantum output ~ Discrete scenario generation -—----- ‘| 727
! I Yo TTTT T T T AT 1 151
=) | 1S A0S iX=mrde ]
= : :E—': Variance 1 L FX, =i+ 60 :Q:Q:
12 ! :[>| Skewness /3 :[>'X ﬂ+§o‘l' g
:é i 171 Kurtosis 44 ! 20 ‘: | :&:
| ! Central moment qucrete qcenano. |O‘|

Quantum state” !

____________________________________ -

Fig. 1. Schematic dlagram of QPPF algorithm.

B. Problem Mapping of Statistical Moment Estimation

The process begins by discretizing the continuous variable
(e.g., wind speed and solar irradiances, characterized by the
Weibull and Beta distributions respectively) into 2" samples.
These samples are then mapped onto the 2" basis states of an
m-qubit register. An operation T is applied to the m-qubit
register to load the distribution, resulting in the quantum state,
which is illustrated in (1). This process encodes the uniform
probability distribution into the quantum state.
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where |w) is the state of the quantum system; |#) and \p; are
the basis state and its corresponding probability amplitude.

The power function P; is normalized and encoded onto an
ancilla qubit via the oracle operation T, shown in (2). This
operation maps the normalized values P;’ to the amplitude of
the ancilla qubit. As a result (3), the normalized expected
value is precisely equal to the probability of measuring the
ancilla in the |1) state. However, to achieve a target error ¢, a
naive estimation based on repeating (2) and measurement 2"
times requires a query complexity of O(1/e*). The QAE
algorithm can overcome the issue.
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C. Quantum-Enhanced Statistical Moment Estimation
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Using the Quantum Phase Estimation framework and the
Grover operator G, the QAE provides a potential quadratic
speedup for the expected value estimation. As a preliminary
step, equation (2) is written as (4). The Grover operator G is
formulated based on operations f; = (I - 2|0)(0]®*""*") and f; =
(I - 2|y Xw1]), as given by (5), which clearly reveals the
geometric essence of G: it performs a deterministic rotation
by an angle of 26 within the two-dimensional subspace
spanned by |w) and ). The QAE algorithm employs a total
of m + n qubits to estimate ¢ as an n-bit binary string

d14>...¢, by applying a sequence of powered Grover
operators. The value E[P] can be calculated using (6).
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where |wg) and |w) separately denote the states where the
ancilla qubit is measured as |0) and |1); 6 = arcsin(\p,) = 1g;
I is the identity operator; P, is the rated power.

The QAE introduces an approximation error for p,, arising
from using a finite n-qubit register to estimate the continuous
phase ¢. The complexity to achieve an estimation error &
scales as O(l/e), demonstrating a quadratic speedup over
CMC [6], providing essential support for the high-precision
calculation of central moments.

D. Generation of Discrete Power Flow Scenarios

For the input uncertainties X,, the discrete scenarios for
PPF analysis can be formulated as (7). The raw moments of
X,, estimated using the methods in Sections II-B and II-C, are
used to compute the standardized moments 4,, and weights
g, based on (8)-(9). Finally, the raw moment of the output
function can be calculated using (10) by performing
deterministic power flow calculations for each scenario X;,,.
With the high-precision estimation of central moments, the

PPF can be effectively applied to renewable-rich systems.
SRt=12,T (7
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X, =u+& 0 r=12,

ﬂm=E[(X,—E[x11)1}/<q>z =12,



a4 (6) =4 ©
E[F(X) |= X 35 0, [ £ (thoes X ootr) | (10)

where 4., u, &, and o, represent the standardized central
moment, mean, location and standard deviation, respectively.

III. PARALLEL IMPLEMENTATION FOR QPPF ALGORITHM

A. Quantum Power Flow under Discrete Scenarios

The power flow equations of each discrete scenario can be
formulated as (11)-(12), which are solved to quantify the
effects of uncertain variables from renewable energy sources
on voltage violation and power flow distribution. As detailed
in [9], these equations with the linear form Ax = b can be
solved with HHL algorithm, as illustrated in Fig. 2, offering
an exponential speedup over the conjugate gradient method.

AP/V? =-B’AS (11)
AQ/V?*=-B"AV (12)
where AP and AQ are imbalance vectors; AV and Ad are

correction vectors; V is voltage magnitude; B’ and B" are
constant matrices.
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Fig. 2. QPF calculation based on the HHL algorithm.

However, the numerous input variables of renewable-rich
systems cause a surge in power flow equations, as detailed in
(7)-(10). Applying the HHL algorithm sequentially to each
scenario necessitates repetitive circuit reconstruction and task
queuing for cloud-based quantum device access. This process
introduces a significant additional bottleneck, effectively
mitigating the theoretical advantage of HHL when scaled to
the complete PPF analysis. Then, we propose a quantum
parallel power flow framework to address the challenge.

B. Quantum Parallel Power Flow Framework

The fidelity of the HHL algorithm is primarily determined
by the size of the N-qubit register [10]. On the one hand, N
must be large enough to provide sufficient resolution for the
phases corresponding to the rescaled eigenvalues of matrix A,
where the necessary rescaling is determined by the spectral
radius. On the other hand, N must provide sufficient phase
estimation precision for small eigenvalues. This is essential to
prevent the controlled-rotation, dependent on the eigenvalue,
1/4;, from amplifying errors. Therefore, for linear equations
whose matrices share identical spectral properties, N is the
same, regardless of their dimensions.

As for the correction equation AP,,,/V,,,.2 =-B'Ad,, of X,,, a
key feature is that the matrix B’ and its spectral properties
remain constant. Leveraging this uniformity, the equations can
be expanded as formulated in (13) and then solved in parallel
through a single execution of HHL; and the quantum phase
estimation employs the same unitary operator U=e"' in
parallel. The amplitude of the (z, r)-th solution component in
this superposition is proportional to the relative norm
I, /|[p]| requiring a classical rescaling step to recover the
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actual numerical values from the measured quantum state.
This parallel formulation increases the problem’s
dimensionality without changing the spectral properties (e.g.,
the condition number x and the sparsity s) strategically.
Therefore, the number of qubits M increases to encode the
larger equation, but the number of qubits N does not need to
change to maintain the same level of fidelity ¢.

B’ Aé‘u APl,l/Vl,zl
- D= : (13)

B'||AS8, .| |AP, [V,
A’ %,—/ %,—/

The contributions of the proposed method are as follows: 1)
It introduces a novel quantum parallel power flow framework,
as compared with its classical counterpart in Fig. 3. While the
classical framework distributes tasks across multiple
processors to accelerate the solution of individual problems,
the proposed framework aggregates multiple power flow tasks
and processes them on a single quantum circuit using the HHL
algorithm. 2) The number of required qubits is reduced from
approximately TR‘(N + M + 1) to (N + M + 1 + log(TR)),
with the quantum gate count reduced by a comparable ratio. 3)
The number of QPU calls is reduced from 7R to 1. 4) The time
complexity is lowered from TR-O(log(ZM sSitch) to
0((10g(TR)+log(2M)) s2 x>c’). This approach is suitable for
the equation AQ,, ,/V,, =-B"AV,,.
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Fig. 3. Schematic diagram of quantum parallel power flow framework.

C. Overview of Quantum-Oriented Implementation Steps

The overview of the QPPF algorithm for renewable-rich
systems are shown in Algorithm 1, where QPU and CPU are
coordinated according to Fig. 1 and Fig. 3. Detailed steps are:

Algorithm 1: Quantum Probabilistic Power Flow

1 Input: Random power samples and uniform probability;
2 Calculate E[P], E[P?], E[P*] and E[P"] using QMC;
3 Generate discrete scenarios using (7)-(9);

4 Construct power flow equation using (11)-(13);

5 if max(Ad) >10° && max(AV) =10 then

6 Solve (13) using HHL algorithm;

7 Update bus voltages;

8 else

9 | Calculate the statistical information based on (10);
10 end if

11 Output: Voltage and power flow distribution.

1) Step 1: Generate discrete scenarios based on the
quantum-enhanced 3PEM. By repeatedly executing the
procedures described in Sections II-B and II-C, the expected



values are obtained via the QMC algorithm. Subsequently,
X, and q,, are calculated based on (7)-(9).

2) Step 2: Construct the superposition of multiple power
flows. The deterministic power flow equations are formulated
using (11)-(12), and the corresponding superposition equation
for the B' or B" matrices is generated respectively using (13),
to be solved via the HHL algorithm.

3) Step 3: Analysis of voltage fluctuation and power flow
distribution. The statistical moments of the output variables
are synthesized based on (10) and the HHL solution results.
Then, the impact of renewable energy sources on system
voltage fluctuation and power flow distribution is evaluated.

IV. NUMERICAL RESULTS

Numerical experiments are conducted on the IEEE 14-bus
system by integrating 20 MW wind farms at buses 3, 4, 9, and
13, and a 25 MW PV farm at bus 14. The values E[P] of the
wind farm and the photovoltaic farm are separately calculated
as 7.93 MW and 16.35 MW. The renewable penetration level
is set to an average of approximately 15% of the total system
load, peaking at around 40%. The hardware configuration
used to run the ideal quantum simulator consisted of an Intel
Core 15-14400 processor with 16 GB of RAM.

Through repeated experiments of the 20 MW wind farm,
the estimation error between QMC and CMC is compared
under an equivalent number of sample running. The results of
both algorithms converge on the theoretical value 7.93 MW.
As shown in Fig. 4, with a 2°-fold increase in the number of
sampling runs, the estimation error of the CMC simulation
decreases from 0.84 to 5.06x107, aligning perfectly with the
theoretical convergence rate O(1/¢%). In contrast, the error of
QMC decreases from 2.94x1072 to 1.20><10_6, which matches
or even exceeds the theoretical rate O(1/¢). QMC achieves a
quadratic acceleration in the estimation error convergence of
expected value, yielding a lower error under same number of
quantum queries. Notably, when the number of quantum
queries reaches 2“, the estimation error of QMC is entirely
below its theoretical upper bound of 4.88x10™*, which makes
n =11 as a robust parameter for QPPF analysis.
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For the variables following Weibull and Beta distributions,
the raw moments derived from the quantum-enhanced 3PEM
exhibit high consistency with theoretical values, with

computational errors for all orders suppressed to 10 or below.

As illustrated in Fig. 4, the error scaling of QMC maintains
N2 regardless of the moment’s dimensionality. In contrast,
for conventional methods such as trapezoidal integration, the
convergence rate deteriorates as dimensionality increases
under a fixed sample size. This confirms the efficacy of QMC
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in substituting high-dimensional integration for moment
calculation, ensuring the precise generation of representative
scenarios in (7) and the reliability of QPPF calculations in
power systems with high renewable energy penetration.

In accordance with Section II-D, 11 deterministic power
flow scenarios are derived from the discrete scenarios. To
solve (11) for each individual scenario, the HHL algorithm
requires N = 11 and M = 4 qubits per execution. When solving
11 scenarios in parallel as shown in Fig. 3(b), the eigenvalues
in (13) remain consistent with those in (11). However, while N
remains 11, the required number of qubits M increases to 8 to
accommodate the storage of the expanded eigenvectors. This
qubit configuration is equally applicable to the solution of (12).
The power flows are solved using both the sequential mode
and the quantum parallel mode, while Table I shows the
required quantum hardware. Fig. 5 illustrates that the results of
the parallel model are consistent with the classical method.
The parallel mode achieves a significant hardware saving,
reducing the quantum gate count by 90.50%, qubit count by
88.82% and the number of QPU calls by 90.83%. The results
of the parallel model are consistent with the classical power
flow method. These reductions confirm the advantages
described in Section I1I-B.

TABLE 1. COMPARISON OF REQUIRED QUANTUM HARDWARE
Qubit Quantum gate QPU calls
[9] 17792 7.05x10° 1112
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Fig. 5. Calculation error of the quantum parallel power flow.

Fig. 6 illustrates the quantum resources and computational
time required to solve power flow scenarios across different
group sizes. The number of quantum gates and qubits
increased by 3.15% and 14.71%, respectively. Leveraging the
superposition state of M-qubit registers, the qubit requirement
remains invariant when solving varying numbers of power
flow problems, with the time stabilizing at approximately 0.90
s (e.g., at a 37-qubit scale). This stability is further validated at
scales of 38 and 39 qubits. It should be noted that the quantum
simulator time is relatively long and is influenced by the
classical hardware configuration. Overall, taking (11) as an
example, which contains a matrix of dimension 13, the
increase in the M-qubit register capacity enables the solution
of (13) containing 2M1113 to 2M/13 equations in constant time.
Consequently, addressing the explosive growth of
computational demand in renewable-rich power systems, the
parallel method provides a quantum-perspective solution for
constant-time power flow analysis.
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Fig. 6. Computation overhead of the quantum parallel method.

Fig. 7 illustrates the voltage mean and standard deviation
for PQ buses. Voltage violations are observed at the majority
of PQ nodes. Bus 14, in particularly, stands out as the most
unstable point; its integrated 25 MW PV farm far surpasses its
native load, causing severe voltage variations from 1.044 to
1.060 p.u. as it oscillates between net-load and net-generation
states. Wind power injections at the neighboring Buses 9 and
13 create a regional high-voltage pocket (including Buses 7, 9,
10, 13, and 14). Reflecting the fluctuations of input variables,
the reverse power flow probabilities for branches 4-5, 3-4,
10-11, and 12-13 reach 100%, exhibiting a distinct outward
transmission characteristic. Furthermore, branches 7-8 and 9-
14 present reverse probabilities of 69.1% and 59.3%,
respectively, reflecting high uncertainty in power flow
directions. The low-impedance Branch 1-2 absorbs major
imbalances from Bus 3 and Bus 4, causing its flow to range
from 115.81 MW to 128.80 MW and resulting in a 100%
congestion probability. The above issues can be mitigated by
reducing the voltage set-points at Bus 6 and Bus 8, and by
upgrading the capacity of Branch 1-2.
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Fig. 7. Voltage mean and standard deviation of PQ buses.

The IEEE 3-bus system with the topology shown in [8] is
utilized to verify the performance of the proposed algorithm
on Origin Quantum’s noisy superconducting quantum
computer, with a wind variable incorporated into the model. A
total of 3 representative scenarios and 6 power flow equations
are generated. Notably, the eigenvalues of (11) and (12) are
both 1 and 2, implying that 6 power flow equations can be
solved via a single HHL execution. Due to the excessive
number of quantum gates required by the QMC under the n =
11, the proposed parallel computing mode is verified on the
quantum computer, with the quantum circuit design
referencing [10]. By streamlining processes such as task
queuing and data transmission, the total quantum calculation
time on the quantum computer is reduced from 1277.41s to
140.76s, improving efficiency by 88.98%, while maintaining
results consistent with the classical method. Quantum
hardware resource savings exceed 70% per single iteration.
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Furthermore, the parallel solving of power flow equations
across different scales maintains a nearly constant execution
time of 1.15-1.22s per iteration (excluding data transmission
factors). From a quantum computing perspective, these results
demonstrate that the proposed parallel computing mode can
significantly conserve quantum resources and solve multiple
power flow equations in constant time.

V. CONCLUSION

This paper proposes a QPPF algorithm for renewable-rich
systems that leverages quantum computing to enhance both
the accuracy of system state estimation and overall
computational efficiency. To verify the algorithm, simulations
are conducted on a noisy superconducting quantum computer
and an ideal simulator. Based on the numerical results, the
quantum-enhanced 3PEM achieves a quadratic speedup in the
convergence of the estimation error, accurately estimates the
central moments of renewable output, and precisely discretizes
the input probability distributions. Furthermore, considering
the ‘curse of dimensionality’ caused by numerous input
stochastic variables, the quantum parallel mode for multiple
power flows effectively mitigates the computational burden; it
greatly reduces quantum hardware requirements while
ensuring high-precision statistical results. The parallel
execution paradigm substantially mitigates task latency by
reducing task scheduling and minimizing cloud data transfer
overhead. Constrained by current quantum hardware
limitations, the scalability of this scheme to large-scale power
systems and its experimental validation on quantum
computers are left for future research.

REFERENCES

[1] M. M. R. Ahmed et al., “Mitigating Uncertainty Problems of
Renewable Energy Resources Through Efficient Integration of Hybrid
Solar PV/Wind Systems into Power Networks,” IEEE Access, vol. 12,
pp. 30311-30328, 2024.

[2] Y. Che, X. Chen, H. Lin, Y. Gao, X. Lyu, and Y. Chen, “Temporal
Impact of High-Speed Railway Traction Load on Grid Voltage
Considering the Uncertainty,” IEEE Trans. Transp. Electrific., vol. 10,
no. 4, pp. 9381-9395, Dec. 2024.

[3] G. Sun, S. Chen, Z. Wei, and S. Chen, “Multi-period integrated natural
gas and electric power system probabilistic optimal power flow
incorporating power-to-gas units,” J. Mod. Power Syst. Clean Energy,
vol. 5, no. 3, pp. 412-423, May 2017.

[4] Y. Xu, X. Han, Z. Xu, and Z. Li, “Quantum Computing for Facilitating
the Design and Operation of More Sustainable Power Systems:
Achieving Superior Performance Beyond Classical Computing
Through Quantum Properties,” IEEE Energy Sustain. Mag., vol. 1, no.
1, pp. 90-105, May 2025.

[5] X.Han, Z. Li, W. Gu, and M. Shahidehpour, “Quantum Computing for
Stochastic Economic Dispatch in Renewables-Rich Power Systems,”
IEEE Trans. Smart Grid, vol. 16, no. 5, pp. 4113-4127, Sept. 2025.

[6] T. Matsakos and S. Nield, “Quantum Monte Carlo simulations for
financial risk analytics: scenario generation for equity, rate, and credit
risk factors,” Quantum, vol. 8, 1306, Apr. 2024.

[71 Y. Zhou et al., “Quantum computing in power systems,” iEnergy, vol.
1, no. 2, pp. 170-187, June 2022.

[8] B. S@varsson, S. Chatzivasileiadis, H. J6hannsson, and J. @stergaard,
“Quantum computing for power flow algorithms: Testing on real
quantum computers,” arXiv preprint arXiv:2204.14028, 2022.

[9] Feng, Y. Zhou and P. Zhang, “Quantum Power Flow,” IEEE Trans.
Power Syst., vol. 36, no. 4, pp. 3810-3812, July 2021.

[10] A. W. Harrow, A. Hassidim, and S. Lloyd, “Quantum algorithm for
linear systems of equations,” Phys. Rev. Lett., vol. 103, no. 15, 150502,
Oct. 2009.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /OK
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00333
  /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 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00333
  /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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

  /CreateJDFFile false
  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (Use these settings to create PDF documents suitable for IEEE Xplore. Created 15 December 2003.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




