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Robust Gaussian Kalman Filter With
Outlier Detection

Hongwei Wang , Student Member, IEEE, Hongbin Li , Senior Member, IEEE, Jun Fang, and Heping Wang

Abstract—We consider the nonlinear robust filtering problem
where the measurements are partially disturbed by outliers. A new
robust Kalman filter based on a detect-and-reject idea is developed.
To identify and exclude outliers automatically, each measurement
is assigned an indicator variable, which is modeled by a beta-
Bernoulli prior. The mean-field variational Bayesian method is then
utilized to estimate the state of interest as well as the indicator in an
iterative manner at each time instant. Simulation results reveal that
the proposed algorithm outperforms several recent robust solutions
with higher computational efficiency and better accuracy.

Index Terms—beta-Bernoulli distribution, outlier detection, Ro-
bust Kalman filtering, state-space modeling.

I. INTRODUCTION

DYNAMIC state space models (SSMs) have been widely
used for target tracking, navigation, adaptive control, and

many other applications. State estimation for SSMs is a fun-
damental problem. One seminal state estimation solution is the
Kalman filter (KF) [1], which offers optimal estimation for linear
SSMs with Gaussian process and measurement noises. Several
suboptimal extensions were also presented for nonlinear SSMs
under the Gaussian assumptions [2].

The performance of the KF and its suboptimal extensions may
potentially degrade in the presence of outliers, which are fre-
quently encountered in practical applications. The main reason
for such degradation is that these methods were derived from the
minimum mean square error criterion, which is sensitive to out-
liers [3]. A considerable amount of efforts have been devoted to
improving the robustness of the filtering algorithms. One com-
mon strategy is robust statistics, especially M-estimation [4], [5].

Manuscript received May 20, 2018; revised June 19, 2018; accepted June
22, 2018. Date of publication June 27, 2018; date of current version July 11,
2018. This work was supported by the China Scholarship Council and the
National Natural Science Foundation of China under Grant 61473227, Grant
11472222, and Grant U1530154. The work of H. Li was supported in part by
the National Science Foundation under Grant ECCS-1609393 and in part by the
Air Force Office of Scientific Research under Grant FA9550-16-1-0243. The
associate editor coordinating the review of this manuscript and approving it for
publication was Prof. Woon-Seng Gan. (Corresponding author: Hongbin Li.)

H. Wang is with the School of Aeronautics, Northwestern Polytechnical
University, Xi’an 710072, China, and also with the Department of Electrical and
Computer Engineering, Stevens Institute of Technology, Hoboken, NJ 07030
USA (e-mail:,tianhangxinxiang@163.com).

H. Li is with the Department of Electrical and Computer Engineering, Stevens
Institute of Technology, Hoboken, NJ 07030 USA (e-mail:,hli@stevens.edu).

J. Fang is with the National Key Laboratory of Science and Technology on
Communications, University of Electronic Science and Technology of China,
Chengdu 611731, China (e-mail:,JunFang@uestc.edu.cn).

H. Wang is with the School of Aeronautics, Northwestern Polytechnical
University, Xi’an 710072, China (e-mail:,wangheping@nwpu.edu.cn).

Color versions of one or more of the figures in this letter are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/LSP.2018.2851156

In this approach, robust filters were constructed by recasting the
KF as a linear regression. This type of robust filters were also
extended via the nonlinear regression method [6]. Another pop-
ular family of solutions was based on heavy-tailed noise mod-
els. In [7]–[9], Student’s t-distribution or Laplace distribution
was utilized to model outlier-contaminated measurement noises.
Other approaches for robust filtering, e.g., the H∞ filter [10] and
the sequential Monte-Carlo sampling/particle filter [11], were
also studied.

The aforementioned robust solutions are all compensation-
based strategies, that is, the outlier is considered as an inaccurate
measurement which may contain some information of the latent
state. In real applications, however, an outlier may directly come
from clutter and should be discarded since it carries useless
information. In such a case, the compensation-based strategies
may degrade, especially for scenarios where the process of the
states is well modeled.

In this letter, we derive a new robust KF which automati-
cally identifies and excludes outliers in measurements. Such a
detect-and-reject approach was recently introduced for principal
component analysis and compressive sensing [12]–[14]. Specif-
ically, we employ a probabilistic framework involving a binary
indicator variable for each measurement to identify whether it
is a nominal observation or an outlier. The indicator variable
is modeled by a beta-Bernoulli hierarchical prior. A mean-field
variational Bayesian (VB) inference method is employed to find
the approximate posterior distributions of the indicator and the
state of interest. During the review process of this letter, it was
brought to our attention an extended KF based on detect-and-
reject that was presented in [15]. The method employs a proba-
bility of outlier computed from the residual (difference between
the measurement and one-step prediction), which is suitable for
long-term estimation and low occurrence rate of outliers.

II. PROBLEM FORMULATION

Consider a nonlinear discrete-time system described by the
following SSM:

xt = f(xt−1) + ut−1 (1)

yt = h(xt) + vt (2)

where xt ∈ �n is the state of interest at time instant t; yt ∈ �m

is a measurement with respect to xt ; f(·) and h(·) are some
known nonlinear functions, denoting the state evolution and
observation procedure, respectively; ut−1 ∈ �n and vt ∈ �m

are zero-mean Gaussian vectors with covariance Qt−1 and Rt ,
representing the process noise and measurement noise. ut−1 and
vt are assumed to be mutually independent and both are also
uncorrelated to the initial state x0 , which has a known Gaussian
prior distribution p(x0) = N (x̂0 ,P 0).
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Fig. 1. Graphical model for the outlier-detecting SSM.

In real applications, the measurement may be disturbed by
some outliers. In order to detect the outliers, we employ the
beta-Bernoulli distribution which has been successfully used to
identify outliers for various applications [12]–[14]. Specifically,
we introduce a binary indicator variable zt for the measurement
yt to indicate whether it is an outlier or not. More precisely, zt =
1 means that yt is a nominal measurement (i.e., regular outlier-
free measurement), while zt = 0 indicates yt is an outlier. The
measurement likelihood conditional on its indicator and the state
can be formulated as

p(yt |xt , zt) = N (h(xt),Rt)zt . (3)

Clearly, for zt = 1, (3) is a standard Gaussian distribution,
whereas for zt = 0, (3) reduces to a constant. In the latter case,
yt is effectively marked as an outlier and cannot contribute to
the estimation process since its distribution is independent of
observation. Furthermore, we impose a beta-Bernoulli hierar-
chical prior [16] to the indicator. Specifically, zt is a Bernoulli
variable controlled by πt

p(zt |πt) = πzt
t (1 − πt)(1−zt ) (4)

while πt is a beta distribution parameterized by e0 and f0

p(πt) =
πe0 −1

t (1 − πt)f0 −1

B(e0 , f0)
(5)

where B(·, ·) is the beta function. Altogether, the resulting graph-
ical model is illustrated as in Fig. 1.

The objective of this work is to present a new framework for
robust Kalman filtering to provide effective state estimation as
well as outlier detection. The proposed framework is integrated
with the Gaussian approximation filter, resulting in a class of
outlier-detecting KF solutions.

III. VB INFERENCE

In this section, we develop a robust Gaussian approximation
KF via statistical inference over the aforementioned graphical
model. Let us denote all latent variables by Θt = {xt , πt , zt}
for brevity. According to Bayes’ law, the posterior distribution
conditioned on the observations y1:t is

p(Θt |y1:t) =
p(Θt ,y1:t)

p(y1:t)
. (6)

However, the posterior distribution is intractable since p(y1:t)
is in general hard to compute. Therefore, some approximation
methods should be employed. Here, we utilize the VB approach
to provide an approximation of the posterior density. A primary
reason for resorting to the VB approach is its computational
efficiency. A close examination of the proposed graphical model

in (3)–(5) and Fig. 1 reveals the conjugacy between the priors
and likelihoods, which facilitates the derivation of efficient VB
inference algorithms.

Specifically, a tractable distribution q(Θt) is carefully chosen
to approximate the posterior distribution p(Θt |y1:t). This is
realized by minimizing the Kullback–Leibler divergence (KLD)
between q(Θt) and p(Θt |y1:t)

D(p‖q) =
∫

q(Θt) log
q(Θt)

p(Θt |y1:t)
dΘt (7)

(6)
=
∫

q(Θt) log
q(Θt)

p(Θt ,y1:t)
dΘt + log p(y1:t). (8)

It is still hard to find q(Θt) by directly minimizing (8). For sim-
plicity, we apply the mean-field approximation, which impose
a factorized form for q(Θt) [17]

q(Θt) = q(xt)q(zt)q(πt). (9)

According to the update rule of the VB method, each vari-
ational distribution can be updated in the following alternating
fashion [17]:

q(xt) ∝ exp 〈ln p(xt , zt , πt ,y1:t)〉q(zt )q(πt ) (10)

q(zt) ∝ exp 〈ln p(xt , zt , πt ,y1:t)〉q(xt )q(πt ) (11)

q(πt) ∝ exp 〈ln p(xt , zt , πt ,y1:t)〉q(xt )q(zt ) (12)

where 〈g(x)〉q(x) denotes the expectation of g(x) over the dis-
tribution of q(x). p(xt , zt , πt ,y1:t) is the full distribution of the
SSM, given by

p(xt , zt , πt ,y1:t) ∝ p(xt |y1:t−1)p(yt |xt , zt)p(zt |πt)p(πt).
(13)

In the KF framework, the first term p(xt |y1:t−1) on the right-
hand side of (13) is the predictive density, which can be approx-
imated by a Gaussian density p(xt|t−1)∼N (x̂t|t−1 ,P t|t−1)
since the process noise is Gaussian [2]

x̂t|t−1 =
∫

f(xt−1)p(xk−1|k−1)dxt−1 (14)

P t|t−1 =
∫ (

f(xt−1) − x̂t|t−1
) (

f(xt−1) − x̂t|t−1
)T

× p(xk−1|k−1)dxt−1 + Qt−1 (15)

where p(xk−1|k−1) ∼ N (x̂t−1|t−1 ,P t−1|t−1) is the optimally
approximated posterior distribution at the last time instant.

A. Update of q(xt)

Keeping the terms that only depend on xt , we have

q(xt) ∝ exp
(
ln p(xt |y1:t−1) + 〈ln p(yt |xt , zt)〉q(zt )

)
. (16)

Furthermore, (16) can be expressed as

q(xt) ∝ exp

(
− 1

2
‖xt − x̂t|t−1‖2

P −1
t |t−1

− 〈zt〉
2

‖yt − h(xt)‖2
R−1

t

)
(17)

where 〈zt〉 is the expectation of zt . It is easy to illustrate
that q(xt) is a Gaussian distribution N (x̂t|t ,P t|t). The mean
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and covariance of this Gaussian distribution can be found in
the Kalman-filtering framework with a modified measurement
covariance R̄t = Rt/〈zt〉, namely

x̂t|t = x̂t|t−1 + Kt(yt − ŷt|t−1) (18)

P t|t = P t|t−1 − Kt(St + R̄t)KT
t (19)

Kt = Ct(St + R̄t)−1 (20)

where

ŷt|t−1 =
∫

h(xt)p(x̂t|t−1)dxt (21)

St =
∫ (

h(xt)−yt|t−1
) (

h(xt) − yt|t−1
)T

p(x̂t|t−1)dxt

(22)

Ct =
∫ (

xt − x̂t|t−1
) (

h(xt) − yt|t−1
)T

p(x̂t|t−1)dxt .

(23)

When 〈zt〉 is close to 0, say, 〈zt〉 ≤ 1 × 10−10 , we can treat
the measurement as an outlier, which does not contain any use-
ful information. In such a case, we ignore the measurement and
simply update q(xt) ∼ N (x̂t|t ,P t|t) by the predicted distribu-
tion p(x̂t|t−1), i.e.,

x̂t|t = x̂t|t−1 (24)

P t|t = P t|t−1 . (25)

B. Update of q(zt)

The variational distribution of q(zt) can be obtained as

q(zt) ∝ exp 〈ln p(yt |xt , zt) + ln p(zt |πt)〉q(xt )q(πt )

∝ exp{−0.5zt tr(BtR
−1
t )

+ zt〈ln πt〉 + (1 − zt) 〈ln (1 − πt)〉} (26)

where Bt =
∫

(yt−h(xt))(yt−h(xt))T q(xt)dxt . Clearly, zt

is a Bernoulli parameter with

P (zt = 1) = Ae〈ln πt 〉−0.5tr(Bt R
−1
t ) (27)

P (zt = 0) = Ae〈ln (1−πt )〉 (28)

where A is a normalizing constant to ensure P (zt = 1) +
P (zt = 0) = 1, and

〈ln πt〉 = Ψ(et) − Ψ(et + ft + 1) (29)

〈ln (1 − πt)〉 = Ψ(ft + 1) − Ψ(et + ft + 1) (30)

where Ψ(·) is the digamma function [16]. Hence the expectation
of zt can be updated as

〈zt〉 =
P (zt = 1)

P (zt = 1) + P (zt = 0)
. (31)

C. Update of q(πt)

Dropping off the terms in (12) that do not depend on πt , we
have

q(πt) ∝ exp 〈ln p(zt |πt) + ln p(πt)〉q(xt )q(zt )

∝ exp {et ln πt + ft ln (1 − πt)} (32)

Algorithm 1: Robust KF with outlier detection.
Input: y1:T , x̂0 , P 0 , Q1:T , R1:T .
Output: x̂t|t and P t|t for t = 1 : T .
for t = 1, . . . , T do

Update x̂t|t−1 and P t|t−1 via (14) and (15);
Initialize i = 0, e0 , f0 and zi

t = 1;
repeat i = 1, . . .

Update {x̂i+1
t|t ,P i+1

t|t } via {(18), (19)} or {(24), (25)};

Update zi+1
t = 〈zt〉 via (31);

Update ei+1
t and fi+1

t via (33) and (34);
Compute τ = ‖x̂i+1

t|t − x̂i
t|t‖/‖x̂i

t|t‖
i = i + 1;

until τ ≤ 10−6

x̂t|t = x̂i−1
t|t and P t|t = P i−1

t|t ;
end for

where

et = e0 + 〈zt〉 (33)

ft = f0 + 1 − 〈zt〉. (34)

It can be verified that q(πt) is a beta distribution, i.e.,

q(πt) = Beta (et , ft) (35)

For clarity, the resulting robust KF with outlier detection is
summarized in Algorithm 1.

IV. SIMULATION RESULTS

We consider the problem of tracking a maneuvering tar-
get [18] to illustrate the performance of the proposed algorithm
in the presence of measurement outliers. In the simulation, the
Gaussian integrals in Algorithm 1 are approximately evaluated
by the cubature rule [19], and the resulting method is referred
as outlier-detecting cubature KF (OD-CKF). The beta-Bernoulli
parameters are set as e0 = 0.9 and f0 = 0.1. We found that the
proposed algorithm is insensitive to these parameters as long
as e0 is larger than f0 such that the prior mean of πt , which is
e0/(e0 + f0), is close to 1. The latter condition is due to the fact
that outliers are rare and the probability of observing a nominal
measurement is close to 1 in general.

For comparison, we also consider the conventional cubature
KF (CKF) [19] and several robust solutions, including the In-
stitute of Geodesy and Geophysics based cubature information
filter (IGG-CIF) [5], [20], Huber-based cubature information
filter (Huber-CIF) [5], Hampel-based cubature information fil-
ter (Hampel-CIF) [5], and Student’s t-based robust cubature KF
(STU-CKF) [18]. The design parameters of these filters are set
as recommended in the original literature.

The dynamics of the maneuvering target with an unknown
turning rate are modeled as [18]

xt+1 =

⎛
⎜⎜⎜⎜⎜⎜⎝

1 sin (ωt Δt)
ωt

0 cos (ωt Δt)−1
ωt

0
0 cos (ωtΔt) 0 − sin (ωtΔt) 0

0 1−cos (ωt Δt)
ωt

1 sin (ωt Δt)
ωt

0
0 sin (ωtΔt) 0 cos (ωtΔt) 0
0 0 0 0 1

⎞
⎟⎟⎟⎟⎟⎟⎠

xt + ut

(36)

where the state xt is defined as [at, ȧt , bt , ḃt , ωt ]T , containing
the two-dimensional location (at, bt) and the corresponding ve-
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Fig. 2. TRMSE of position versus iterations.

locities (ȧt , ḃt) as well as the turning rate ωt , Δt is the sampling
time, and ut is a white Gaussian noise with covariance Qt scaled
by q1 and q2

Qt =

⎛
⎝

q1M 0 0
0 q1M 0
0 0 q2

⎞
⎠, M =

(
Δt3/3 Δt2/2
Δt2/2 Δt

)

(37)

The measurement obtained by an active radar is

yt+1 =
(

rt+1

θt+1

)
=

( √
a2

t+1 + b2
t+1

atan2(bt+1 , at+1)

)
+ vt+1 (38)

where atan2 is the four-quadrant inverse tangent function and
vt+1 is the measurement noise. In order to describe the heavy-
tailed property of vt+1 caused by measurement outliers, we
utilize the Gaussian mixture model [9]

vt+1 = (1 − λ)N (0,Rt+1) + λN (0, αRt+1) (39)

where λ is the contamination ratio to indicate the probability
of outlier and α is a scale factor indicating the power of the
contaminating noise compared with the nominal noise.

In the simulation, we set the initial conditions as fol-
lows: Sampling time Δt = 1; q1 = 0.1 and q2 = 1.75 ×
10−4 ; the initial state x0 follows N (x̂0|0 ,P 0|0) with
x̂0|0 = [−10 000; 10; 5000;−5;−0.053] and P 0|0 = Qt ; Rt =
diag(502 , 1.6 × 10−3). For fair comparison, we implement L =
1000 independent Monte-Carlo runs and in each run T = 100
noisy measurements are collected. The time-averaged root mean
square error (TRMSE) and implementation time (IT) are used
as performance metrics. The TRMSE of the position estimate is
defined as

TRMSEpos =
1
T

T∑
t=1

√√√√ 1
L

L∑
i=1

(
(ai

t − âi
t)2 + (bi

t − b̂i
t)2
)

(40)

where (ai
t , b

i
t) and (âi

t , b̂
i
t), respectively, are the true and esti-

mated state component at time t in the ith Monte-Carlo run. In
this simulation, we omit the TRMSE of the velocity, which has
a similar pattern as that of the position TRMSE.

Fig. 2 shows the position TRMSE of our algorithm versus the
number of VB iterations when λ = 0.2 and α = 100. It is seen
that the proposed algorithm needs only two or three iterations to
converge. In the following, we use three iterations as a default
value for the proposed algorithm.

Fig. 3. TRMSEs of position in different scenarios. (a) Varying contamination
ratio when α = 300. (b) Varying contamination strength when λ = 0.2.

TABLE I
IMPLEMENTATION TIME (IT)

In Fig. 3(a) and (b), we show the position TRMSEs for the
robust filters. We do not include the CKF, since its perfor-
mance degrades considerably in these scenarios with outliers.
The TRMSEs of position when α = 300 and λ varies from 0 to
0.5 as shown in Fig. 3(a). Although robust filters have increas-
ing TRMSEs, the Huber-CIF rises more significantly than the
others. Among the robust filters, the proposed OD-CKF has the
lowest TRMSE for all contamination ratios. The Hampel-CIF
(on lower λ) and STU-CKF (on larger λ) are the closest, but their
TRMSEs are still about 8%–10% larger. In Fig. 3(b), we show
the position TRMSEs versus the contamination level α while
λ is fixed at 0.2. It is seen that all robust filters are relatively
insensitive to the contamination strength. Again, our algorithm
achieves the lowest TRMSE.

The ITs of different algorithms are shown in Table I. It is
seen that the ITs of the robust filters are larger than that of the
CKF. All robust filters have similar computational complexity
since they utilize the framework of CKF (or CIF) with modified
measurement update strategies which lead to some differences
in ITs. It is noted that our method is not the most computation-
ally intensive one, but yields consistently the best estimation
accuracy among all robust filters in consideration.

V. CONCLUSION

We proposed a new unified framework for robust Kalman
filtering with outlier detection. The proposed approach employs
an indicator variable with a beta-Bernoulli prior. A mean-field
VB method was applied to find the approximate posterior
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distributions of the state of interest as well as the indicator. It is
noteworthy that although in the simulation part, our algorithm
was implemented in conjunction with the CKF, it is straight-
forward to extend the framework to use with other nonlinear
Gaussian approximation filters as discussed in, e.g., [2].
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[18] R. Piché, S. Särkkä, and J. Hartikainen, “Recursive outlier-robust filtering
and smoothing for nonlinear systems using the multivariate Student-t
distribution,” in IEEE Int. Workshop Mach. Learn. Signal Process., 2012,
pp. 1–6.

[19] I. Arasaratnam and S. Haykin, “Cubature Kalman filters,” IEEE Trans.
Autom. Cont., vol. 54, no. 6, pp. 1254–1269, Jun. 2009.

[20] H. Wu, S. Chen, B. Yang, and K. Chen, “Robust derivative-free cuba-
ture Kalman filter for bearings-only tracking,” J. Guid., Control Dynam.,
vol. 39, no. 8, pp. 1866–1871, 2016.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /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 true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 1.50000
  /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 "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


