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Abstract 

Particle filtering algorithm has been applied to various fields due to its capacity to handle nonlinear/non-Gaussian 
dynamic problems. One crucial issue in particle filtering is the selection of the proposal distribution that generates the 
particles. In this paper, we give a novel strategy for selecting proposal distribution. Firstly, divide-conquer strategy is 
used, in which the particles used are divided into several parts. Afterward, different parts of particles are drawn from 
different proposal distributions. People can flexibly adjust how many of the particles drawn from specific proposal 
distributions according to their idiographic requirements. We provide simulation results that show its efficiency and 
performance.  
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1. Introduction  

As is known to all, most important real world 
applications are nonlinear and/or non-Gaussian. 
Nonlinear filtering problems exist in many fields 
including statistical signal processing, bio-statistics,  
economics, and engineering such as communications, 
radar tracking, sonar ranging, target tracking, car 
positioning, robot localization, and so on [1]. There are a 
variety of solutions for these problems, among which the 
extended Kalman filter (EKF) is well known. This kind of 
filters is based on linearizing technique that linearize the 
process model and measurement model by using Taylor 
series expansions. However, it is likely to diverge when 
the linearizing approximation methods give poor 
representations of the nonlinear functions. 

The unscented Kalman filter (UKF) is another kind of 
interesting solutions, which is founded on the fact that it 
is easier to approximate a Gaussian distribution than it is 
to approximate an arbitrary nonlinear function [12][15]. 
Unlike the EKF, the UKF does not use the approximated 
models of the nonlinear process and the observation, but 
approximates the distribution of the state random variable 
by using a set of samples. It is shown that the UKF can 
acquire more accurate estimation results than the EKF can, 
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but might lead to notable errors for non-Gaussian 
distributions. 

In recent years, particle filters have drawn much 
attention in adaptive processing of nonlinear and non-
Gaussian problems. It has been proved that the 
performance of particle filter is much better than 
traditional nonlinear filtering methods, such as the EKF, 
UKF, etc. [2][3]. 

The basic idea of particle filtering algorithm is to 
represent the required probability density function (PDF) 
by a set of random samples with associated weights. In 
the past decades, this method has been applied with great 
success to a variety of nonlinear/non-Gaussian filtering 
problems that was raised in communication fields, such as 
channel equalization [4], problems in MIMO wireless 
communication [5][6], phase tracking [7], problems in 
digital communication [19] etc. In addition, it is also 
widely used in vision tracking [3], robot localization [8-
10], positioning and navigating [11], and so on.  

A key issue in particle filtering algorithm is the 
selection of the proposal distribution which is generally 
hard to design. There are many proposal distributions 
proposed in the literature, among which the EKF [12][13] 
and the UKF [15] are well-known, as well as the 
transition prior [16]. Using EKF and UKF as proposal 
distributions, we get the Extended Kalman Particle Filter 
(EKPF) and the Unscented Particle Filter (UPF) [12][15], 
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respectively. The famous CONDENSATION algorithm 
uses transition prior as the proposal distribution [16]. But 
the EKPF can diverge for strong nonlinearity cases, while 
the UPF is not applicable to general non-Gaussian model 
and has very high time cost. The CONDENSATION 
algorithm does not use the latest incoming information 
which contains very valuable data. 

In order to solve the problems that are encountered by 
several existing particle filters, in this paper, we give a 
multi-proposal-distribution based particle filter, which is 
based on the EKF, UKF, and the transition prior. The 
particles used in the experiments are firstly divided into 
two parts, with one part (c percent) drawn from the EKF 
and UKF, another part (1-c percent) drawn from the 
transition prior. It gives not only higher accuracy but also 
lower time with proper choice of c. 

The remainder of the paper is organized as follows. In 
Section 2, we give a brief introduction of particle filtering 
algorithm. The multi-proposal-distribution based particle 
filter (MPD-PF) is given in Section 3. Section 4 shows 
the simulation results. Conclusions are drawn in Section 5. 

2. Particle Filtering 

We adopt the following dynamical models: 

),( 11 −−= kkkk vxfx    (1) 

),( kkkk uxhz =    (2) 

where xk∈
xnR denotes the system state at time k, and zk 

∈ znR denotes the observations at time k. The functions 

kf and kh are the system transition model function and 
measurement model function respectively. The noise 
processes are vk and uk, the process noise and 
measurement noise, respectively. 

According to the basic idea of particle filters, 
let N

i
i
k

i
k wx 1:0 },{ = denotes a random measure used to 

represent the posterior density function p(x0:k|z1:k). 
},...,0,{ :0 Nixi

k =  is a set of support particles with 
associated weights { i

kw , i=0,…,N}, and x0:k show the 
states up to time k. When N tends to the infinity, the 
posterior density function can be approximated by: 

∑
=

−≈
N

i

i
kk

i
kkk xxwzxp

1
:0:0:1:0 )()|( δ     (3) 

where δ(.) denotes the Dirac delta function. 

Many of the particle filters rely on the principle of 
importance sampling [17]. Because it is usually difficult 
to directly draw particles from the posterior density, we 
can generate particles from a proposal distribution density 

function q(), which is also known as an importance 
function, and the weights are assigned  according to: 

)(/)|( :1:0 ⋅= qzxpw kk
i
k   (4) 

So the choice of proposal distribution q(.) is of great 
importance. Assume the particles i

kx :0 are drawn from an 
importance density q(x0:k|z1:k). Considering the following 
factorization: 

)|(),|()|( 1:11:0:11:0:1:0 −−−= kkkkkkk zxqzxxqzxq   (5) 

Suppose we have gotten the approximation of the 
posterior distribution at time k-1, that is, p(x0:k-1|z1:k-1) can 
be represented by the particle set N

i
i
k

i
k wx 111:0 },{ =−− , which 

are drawn from i
kx 1:0 − ~ )|( 1:01:0 −− kk yxq . The particle 

weights are computed by using the formula: 
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In the following step, we aim to obtain N
i

i
k

i
k wx 1:0 },{ =  

using the new observation zk. So long as we get the 
particles i

kx  and augment them onto the old particle 
trajectory, the new trajectory can be acquired. The new 
particles are generated as follows: 
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The recursive equation for calculating weights can be 
obtained using Bayesian rules: 
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Generally, the generic particle filter uses the transition 
prior p(xk|xk-1)as the importance density function [12][16]. 
It has been proved that the proposal distribution 

),|(),|( :11:0:11:0 kkkkkk zxxpzxxq −− =  is optimal [12]. 

One of the drawbacks of particle filter is degeneracy 
problems. After several iterations, all but one particle 
would probably have negligible weights. In order to solve 
the problem, the resampling method is introduced [17], 
[18]. There are several resampling methods, such as 
systematic resampling, residual resmapling, etc. In this 
paper, the residual resampling method is used for all the 
experiments.  

The generic particle filtering algorithm can be shown 
as algorithm 1. 
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3. MPD-Based Particle Filter 

The particles used are firstly divided into two parts – c 
percent and 1-c percent. The MPD-PF first uses a mixed 
Kalman filter, which combines the UKF and the EKF, to 
draw c percent the particles. Afterwards, it uses its 
transition prior for another part – 1-c percent. Choice of c 
can affect the performance of the MPD-PF greatly. But 
one can choose it flexibly according to practical 
requirement.  

For the c percent particles, suppose we have obtained 
the estimates of the state and the corresponding 
covariance at time k-1, )(

1
i

kx − and )(
1

ˆ i
kP − . At the next time 

step k, the UKF is firstly used to update the particles. 

The sigma points used in this process are calculated 
using the equation (see [12]), 
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The particles are propagated into the future through 
the nonlinear models (equation (1) and (2)), 
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The predicted state and corresponding covariance can 
be obtained, 
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where )(m
jW  and )(c

jW  are weights of sigma points (see 

[12] and [14]), na=nx+nv+nu. And, the predicted 
measurement can be computed using, 
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If a new measurement zk is obtained, update the 
predicted estimates as follow, 
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where Kk is the Kalman gain, calculated with  
equation 1
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Here, we have obtained state and corresponding 
covariance estimates through UKF-update process. 
Consequently, we use the EKF to do the update process 
with the pre-computed state estimate 

ukf
i

kx )( as input. 

First, predict the state and covariance using the 
following, 
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The Kalman gain can be calculated, 
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So, the updated state and covariance estimates at time 
k are, 
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Algorithm 1: Generic Particle Filter 
Step 1. Initialization. k=0 

(1) FOR i=0, …, N 
Draw the states ix0  from the prior )( 0xp ; 

END FOR 
Step 2. FOR k=1, 2, … 

(1) FOR i=1,…,N 
Draw ),|(~ 1 k

i
k

i
k

i
k zxxqx − ; 

Assign the particle a weight according to 
Equ.(8); 

END FOR 
(2) FOR i=1,…,N  

Normalize the weights ∑ =
=

N

j
j

k
i
k

i
k www

1
/ ; 

END FOR 
(3) Resample 

 Eliminate the samples with low importance 
weights and multiply the samples with high 
importance weights, to obtain N random 
sample i

kx :0
which are approximately 

distributed according to )|( :1:0 kk zxp ; 

 FOR i=1, …, N, let i
kw =1/N, END FOR 

END FOR 
Step 3. k=k+1, goto Step2 or end executing. 
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where Q is process noise covariance and R is 
measurement noise covariance. F )(i

k , G )(i
k and H )(i

k , 

U )(i
k are the Jacobians of the process and measurement 

models, respectively. The estimates
ekf

i
kx )( and 

ukf
i

kP )(ˆ are 

the estimates to be computed at time k. 

For the other 1-c percent of the particles, we can 
directly compute the state estimates using the state 
transition model (2), 
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The MPD-PF algorithm can be shown as in Algorithm 
2. 

  Algorithm 2: The MPD-PF algorithm 
Step 1. Initialization: k=0 

(1) FOR i=1…N, draw the particles )(
0
ix  from the 

prior p(x0) and set:  
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 ENDFOR 
Step 2. FOR k=1,2,… 
(1). FOR i=1,…,cN, 

- Update the particles using the UKF, and obtain the 
state estimate ukf

i
kx )(  and covariance 

estimate ukf
i

kP )(ˆ . 

- Using the EKF to do the update process: 
 Let )(

1
i

kx − = ukf
i

kx )( , and compute one-step-ahead 

estimates of the state and the covariance with 
the equations (18-19). 

 Compute the updated state and covariance 
estimates with the equations (21-22). 

 Let ukf
i

k
i
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          //c percent particles are drawn here.

- Assign the particle a weight, i
kw according to Equ. 

(8). 
ENDFOR 

(2). FOR i=cN+1,…,N 
- Directly compute the state estimate using Equ. 

(23). 
- Draw )|(~ˆ )(

1
)(
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k
i
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//1-c percent particles are drawn here
-  Assign the particle a weight.  

(3). FOR i=1,…,N,  Normalize the weights,  

∑ =
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i
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ENDFOR 
(4). RESAMPLE: 

 Eliminate the samples with low importance 
weights and multiply the samples with high 
importance weights, to obtain N random 
samples i

kx :0  approximately distributed 
according to the posterior PDF p(x0:k|z1:k). 

 FOR i=1,…,N  let i
kw =1/N. ENDFOR 

Step 3. k=k+1, goto Step2 or end executing. 
 

4. Experimental Results 

In this section, we present the experimental results of 
the MPD-PF algorithm and compare the performance of 
several existing particle filtering algorithms. The system 
and the measurement models used in the experiment are: 

[ ] 115.0)1(04.0sin1 −− ++−+= kkk vxkx π  (24) 
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where vk denotes a Gamma random variable and )2,3(aζ  
modeling the process noise, and the measurement noise uk 
is drawn from a Gaussian distribution N(0,0.0001). 200 
particles are used and the process is repeated 100 times 
for time-steps k=1,..,60. The output of the algorithm is the 
mean of samples set which can be computed using (22): 
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The Mean Square Errors (MSE) of each run is defined 
as 
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The program run on a computer with CPU: Celeron 
2.66GHz and Memory: 1GB.  

If c is set to be 0.3, Figure 1 shows the comparison of 
the estimates to the system state generated from a single 
run of different particle filters. It is shown that the 
estimates of the PF and the EKPF bias the true state very 
large at some time steps, but the UPF and the MPD-PF 
can improve the performance. 

Figure 2 shows the comparison of the Root MSE of 
different particle filters generated over 100 runs. It is 
clearly shown that the MPD-PF gives the best 
performance compared to other particle filters, which also 
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can be seen in Table 1. Table 2 gives the average time of 
the UPF and the MPD-PF spent after 100 independent 
runs. The UPF spent longer running-time – 26.8 seconds, 
while the MPD-PF spent much shorter – 17.6 seconds. So, 
from Table I and II, we can clearly see that the MPD-PF 
gives us much higher accuracy with lower time cost, 
when the parameter c is set to be 0.3. 
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Figure 1. Estimates generated by different particle filters 

Table 1. The means and the variances of the MSE over 100 
independent runs (c=0.3). 

MSE Algorithm 
Mean variance 

PF 0.21374 0.052091 
EKPF 0.28551 0.02258 
UPF 0.054599 0.004701 
MPD-PF 0.016846 5.8999e-006 

 
Figure 3 shows changing trend of the MSE of different 

particle filters, while the value of parameter c is 
increasing. From this figure, we can see that MPD-PF 
gives the best performance whatever the value of c. As to 
executing time of the particle filters, Figure 4 gives the 
changing trend of the executing time of the particle filters, 
from which we can see that, when the value of parameter 
c is turning bigger, the time cost of MPD-PF is increasing 
at the same time. At the point of c=0.8, it exceeds the 
UPF. For users with different requirements, they can 
flexibly adjust the value of parameter c according to their 
practical needs. 

5. Conclusion 

In this paper, multi-proposal-distribution based 
particle filter is introduced. It first takes a divide-conquer 
strategy, which draws the required particles using 
different proposals, and can give a better performance 
than several particle filters. The simulation results show 
that it can give much higher accuracy than the other 
particle filters, especially that, it can save a lot of 
executing time. With proper choice of c, the MPD-PF can 
supply us a fast and efficient way in dealing with some 
nonlinear filtering problems in real world applications, 
such as signal processing problems and nonlinear 
situations raised in wireless communications, etc. For 
people with different practical requirements, they can 
flexibly adjust the value of parameter c in order to obtain 
ideal results. 

Table 2. The average time of UPF and MPD-PF used in the 
experiment 

Algorithm Time (seconds) 
UPF 26.8 
MPD-PF 16.62 
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Figure 2. Root MSE of different particle filters after 100 independent runs (c=0.3). 
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Figure 3. Changing trendline of MSE 
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Figure 4. Changing trendline of execution time. 

6. References 

[1] J. H. Kotecha and P. M. Djuric, “Gaussian Particle 
Filtering”, IEEE Transactions on signal processing. 
vol.51, no.10, 2003, pp. 2592-2601. 

[2] N.J. Gordon, D.J. Salmond, A.F.M. Smith, “Novel 
approach to nonlinear/non-Gaussian Bayesian state 
estimation”, IEE. proceedings-F, vol.140, no.2, 1993, 
pp.107-113 

[3] Rui Y, Chen Y., “Better proposal distributions: 
Object tracking using unscented particle filter”, 
IEEE Conf. on Computer Vision and Pattern 
Recognition, 2001, pp. 786−793. 

[4] H. Kamel, W. Badawy. “Adaptive equalization of a 
communication channel in a non-Gaussian noise 
environment”, Proc. of 3rd International IEEE-
NEWCAS Conference, Jun. 19-22 2005. pp.395-398 

[5] Y.M. Liang, H.W. Luo, X.X. Zhao, H.B. Zhang, 
C.G. Y. “Nonlinear Channel Estimation Based on 
Particle Filtering for MIMO-OFDM Systems”, Proc. 
of International Conference on Communications, 

Circuits and Systems, Vol. 1. Jun. 2006. pp.347-351. 

[6] S. Haykin, K. Huber, Zhe Chen. “Bayesian 
Sequential State Estimation for MIMO Wireless 
Communications”. Proc. of the IEEE. Vol. 92 Issue 
3. Mar. 2004. pp.439-454. 

[7] Anis Ziadi, Gerard Salut. “Non-overlapping 
deterministic Gaussian particles in maximum 
likelihood non-linear filtering- phase tracking 
application”. Proc. of International Symposium on 
Intelligent Signal Processing and Communication 
Systems. 2005. pp. 645-648 

[8] FANG Zheng, TONG Guo-Feng, XU Xin-He, “A 
Robust and Efficient Algorithm for Mobile Robot 
Localization”. ACTA Automatic Sinica, Vol. 33, 
NO. 1. Jan. 2007. pp. 48-53. 

[9] Cody Kwok, Dieter Fox, and Marina Meila, “Real-
Time Particle Filters”, Proceedings of the IEEE, 
vol.92, no. 3, Mar. 2004, pp.469-484. 

[10] Christian Plagemann, Dieter Fox, Wolfram Burgard, 
“Efficient Failure Detection on Mobile Robots 
Using Particle Filters with Gaussian Process 
Proposals”, proceedings of International Joint 
Conference on Artificial Intelligence, Hyderabad, 
India. Jan. 6-12, 2007. pp. 2185-2190. 

[11] F. Gustafsson, F. Gunnarsson, N. Bergman, U. 
Forssell, J. Jansson, R. Karlsson, J. Nordlund, 
“Particle filters for positioning, navigation, and 
tracking”, IEEE Transactions on Signal Processing, 
2002, pp.425−437. 

[12] Rudolph van der Merwe, Arnaud Doucet, Nando de 
Freitas, Eric Wan, “The unscented particle filter”, 
Technical report. Cambridge University. 
Engineering Department. 2000. 

[13] Greg Welch, Gary Bishop, “An Introduction to the 
Kalman Filter”, Technical Report, TR 95-041, 
University of North Carolina at Chapel Hill, 2004. 

[14] Simon J. Julier and Jeffrey K. Uhlmann, “Unscented 
Filtering and Nonlinear Estimation”, proceedings of 
the IEEE, vol. 92. no. 3, 2004, pp.401-422. 

[15] Eric A. Wan and Rudolph van der Merwe, “The 
Unscented Kalman Filter for Nonlinear Estimation”, 
proceedings of ASSPCC, 2000, pp.153-158. 

[16] Michael Isard, Andrew Blake, “Condensation – 
conditional density propagation for visual tracking”, 
International Journal of Computer Vision, 1998. pp. 
5~28 

[17] M. Sanjeev Arulampalam, Simon Maskell, N. 
Gordon and T. Clapp, “A tutorial on particle filters 
for On-line Nonlinear/Non-Gaussian Bayesian 
Tracking.” IEEE Transactions on signal processing, 
vol.50, no.2, 2002, pp.174-188. 



28                                                                              F.S. WANG  ET  AL.                                                                           
 

Copyright © 2008 SciRes.                                                              I. J. Communications, Network and System Sciences. 2008; 1:1-103 

[18] Arnaud Doucet, “On Sequential Simulation-Based 
Methods for Bayesian Filtering”, Technical report. 
Signal Processing Group, Department of 
Engineering, University of Cambridge, 1998. 

[19] Tanya Bertozzi, Didier Le Ruyet, Gilles Rigal and 
Han Vu-Thien, “On Particle Filtering for Digital 
Communications”, Proc. of 4th IEEE Workshop on 

Signal Processing Advances in Wireless 
Communications, 2003, pp570-574. 

 

 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee575284e8e9ad88d2891cf76845370524d6253537030028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f0030028fd94e9b8bbe7f6e89816c425d4c51655b574f533002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c9069752865bc9ad854c18cea76845370524d521753703002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f300290194e9b8a2d5b9a89816c425d4c51655b57578b3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




