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Abstract—Although the kriged Kalman filter (KKF) has well-
documented merits for prediction of spatial-temporal processes,
its performance degrades in the presence of outliers due to
anomalous events, or measurement equipment failures. This
paper proposes a robust KKF model that explicitly accounts for
presence of measurement outliers. Exploiting outlier sparsity, a
novel /;-regularized estimator that jointly predicts the spatial-
temporal process at unmonitored locations, while identifying
measurement outliers is put forth. Numerical tests are con-
ducted on a synthetic Internet protocol (IP) network, and real
transformer load data. Test results corroborate the effectiveness
of the novel estimator in joint spatial prediction and outlier
identification.

Index terms— Robust estimation, kriging, Kalman filter,
sparsity, IP path delay monitoring.

I. INTRODUCTION

The kriged Kalman filter (KKF) has been shown useful
for prediction of spatial-temporal processes arising in settings
as diverse as environmetrics [1], [2], path delay monitoring
in IP networks [10], and spectrum sensing [9]. It combines
the merits of the Kalman filter (KF), the “work-horse” for
state estimation and prediction in dynamic processes, as well
as kriging [3], a linear spatial interpolation technique whose
origins can be traced back to the mining community. Al-
though the KKF is provably optimal when noise terms are
Gaussian, due to its reliance on a squared-error risk function,
its predictive performance degrades when contaminated with
outliers. Outliers deviate significantly from nominal models
for spatial-temporal processes, and typically arise as a result
of anomalous events, or failure of measurement equipment
e.g., faulty sensors in environmental monitoring applications.

Several approaches have been proposed for developing KF
estimators that are robust to outliers in measurements, the state
model, or both [5], [7]. Although these can be deployed for
robustification of the Kalman step in the KKF, a systematic
approach for jointly robustifying both the Kalman and kriging
steps has not been investigated. The present paper extends
the benefits of these prior robust estimators to the KKF, by
deriving an estimator that reliably identifies both the locations
and values of measurement outliers.

This work explicitly models outliers by introducing an addi-
tive vector in the KKF measurement equation. The crux of the

The work of B. Baingana and G. B. Giannakis was supported by NSF grants
1343248, 1423316, 1442686, 1508993, 1509040, and grant ARO W911NF-
15-1-0492. The work of E. Dall’Anese was supported by the Laboratory
Directed Research and Development Program at the National Renewable
Energy Laboratory.

978-1-4673-8576-3/15/$31.00 ©2015 IEEE

1525

proposed approach lies in recognizing that the outlier vector
is inherently sparse; that is, non-zero entries only exist at
indices corresponding to outlier-contaminated measurements.
Capitalizing on this prior knowledge, a link is drawn with ¢;-
minimization approaches, that have recently been advocated
for sparsity-promoting regularized estimators. This approach
lies within the broader context of recently proposed robust
models that exploit sparsity to facilitate outlier-rejection in
canonical learning and estimation tasks; see e.g., [5], [6].
The robust KKF developed here extends the benefits of this
framework to prediction of spatial-temporal processes, espe-
cially in scenarios where the measurement process is known
to be prone to outlier contamination.

The rest of this paper is organized as follows. The ro-
bust KKF model is presented, and a formal statement of
the problem is given in Section II. Section III derives a
novel estimator that capitalizes on outlier sparsity. Practical
applications involving path delay monitoring for IP networks,
and spatial prediction of transformer loads in energy grids are
identified in Section I'V. Results of numerical tests conducted
on synthetic IP path delay data, and real transformer load
data are presented in Section V, while conclusions and future
directions are given in Section VI

II. MODEL AND PROBLEM STATEMENT

Consider a  spatial-temporal — process with  states
{x(t) e RM}thl evolving over time intervals ¢ = 1,...,T,
as follows

x(t) = Hx(t — 1) + n(t) (D)

where the noise 7(t) is assumed O-mean Gaussian with
covariance matrix C,, i.e., n(t) ~ N(0,C,). Suppose the
process is observed at K spatial locations {sj },_, per interval
t, and each observation y(sy,t) admits the following KKF
measurement model [1],

y(slmt) = N(Skat) + V(Slcat) + e(sk:t)v k= 1a .- 'aK- (2)

The so-termed trend in (2) admits the following linear model,

M
///(Sk'at) = Z am(sk)l'm(t) (3)

m=1
with {a,,,L(sk)}i\f:l denoting spatially-varying coefficients.
Small-scale spatial variations are captured by the term v(sy, t)
whose values are correlated in space, while measurement noise
is captured through €(sg,t), and it is assumed spatially and
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temporally white. The KKF predicts values {y(sy, t)},fj,‘{] 41
at J unobserved locations {sk}fjlgﬂ fort = 1,...,T by:
1) estimating the state %(¢) during each time interval via
ordinary Kalman filtering (KF) equations; and 2) predicting
{g}(sk,t)}kK:IgH in a “kriging” step that essentially boils
down to linear minimum mean square estimation (LMMSE).

The present paper proposes an outlier-aware measurement
model by augmenting (2) with the outlier term o(sy, ), that
is,

y(sk,t) = p(sk, t) + v(sk, t) + €(sk, t) + o(sk, t) (4

for k =1,..., K. Critical to the success of the novel approach
is recognizing that o(sg, t) # 0 only if y(sg, t) is contaminated
by an outlier.

Let yo(t) := [y(s1,t),...,y(sk,t)]T € RE collect mea-
surements at the /X observed locations. Similarly, let the K x 1
vectors o(t), v(t) and €(¢) collect outliers at time ¢, the
spatially correlated noise component, and measurement noise,
respectively. Equation (2) can now be written in vector form
as

T

Yo(t) = Aox(t) +v(t) + €(t) + o(t) )
where A, := [a"(s1),...,a"(sx)]" and the M x 1 vec-
tor af(sy) = [ai(sk),...,an(sg)]” € R. In addition,

let C, and C. respectively denote the covariance matri-
ces of v(t), €(t). Furthermore, define the M x J ma-
trix A, = [a'(sgsi1),...,a' (sgys)]", and y,(t) =
[y(sgi1,t), .., y(sx1s,t)]T € R’ whose entries correspond
to instances of the unmonitored spatial-temporal process at
time ¢.

Given {yo(t)}thl, H, A, A, C,, C., and C,, the goal of
the robust KKF is to optimally identify the measurement out-
liers {o(t)}thl, while predicting the values of the unobserved

process {y.(t)};_,.

III. EXPLOITING OUTLIER SPARSITY

Assume o(t) is known, and denote the outlier-compensated
measurements by ¥,(t) := y,(t) — o(¢), then the KF step
recursively estimates the state per ¢ as

x(t) =Hx(t— 1)+ K(t)[¥.(t) — A Hx(t — 1)] (6)
with error covariance matrix

= E{(x(t) —x()(x(t) = x(t)) " }
= I-K@®HA,)HM({-1DH" +C,). (1)

M(t)

Correspondingly, the Kalman gain matrix K(¢) turns out to be

K(t) = (HM(t—1)H'" +C,)A(C, +C.
+ALHM(t - 1H' +C,JA))L  (®)
The “kriging” step leverages LMMSE, predicting the sequence
{yu(t)}i—; via

Vult) = AuX(t) + AuCLAT ST (F,(t) — AoX(t))  (9)

per t, with ¥ := A,C, A +C.. Rearranging (6) by collecting
the coefficients of x(t — 1) yields

x(t) = K(t)yo(t) + {H - K(H)AH}x(t —1)  (10)
which upon substitution into (9), one obtains
vut) = {(A,—-A,CLA/ZTAK()
+A,C A S y,(1)
+{(A, —A,C,LA/Z7A))
(H-K(t)AH)}x(t —1). (11)
Note that (11) can be conveniently written as
yu(t) = B(t)yo(t) + D(t)f{(t - 1) (12)

where B(t) := A, (I-C, A/ =7 1A,))K(t)+A,C, A/ XL,
D) = A,I-C,A/E7'A,)F(t), and F(t) := H —
K(t)A,H. Initializing %(0) = 0, {yu(t)}le can be esti-
mated entirely from outlier-compensated measurements, thus
eliminating the intermediate step of determining {fc(t)}tT:l.
For example,

$.(1) = BL7,(1)

$.2) = B(2)7,(2) + D)K(1)3(1

.3) = B(3)7,(3) + DB)K(2)7,(2
+DE)F)K(1)7,(1)- (13)

for t = 1,2, 3. In general, setting X(0) = 0, one can write (12)
in matrix-vector form as

Yu = P1rY¥o (14)

where §, = [§7 (L)..... 90 (D)) 7. and §, := [ ().,

yJ(T)]". Matrix ®7 is determined recursively per ¢ as
_[ 0o @
P, — B W, } (15)
where @1 = B(1), ¥, := [¥;1,...,¥;; 1], and
ri—1
W, =D() |[[F(- i)} K(t —1). (16)
i=1

Letting 0 := [0 " (1),...,0" (T)]" denote the sparse KT x 1
outlier vector, substituting y, =y, — o into (14) leads to

Py, = yu + Pro. an

Exploiting the sparsity inherent to o, one can recover the
unknowns y,, and o in (17), by solving a sparsity-promoting
regularized least-squares problem. Indeed, this is tantamount
to solving the following batch optimization problem

(P0) argmin %”%yo —Ju—Brol2+ Aol (18)
Yu,0

where the sparsity-promoting penalty is only applied with

respect to o, with the sparsity-controlling regularization pa-

rameter A > 0. (PO) can be efficiently solved using several

off-the-shelf solvers, and details are omitted in the present
paper for brevity.
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IV. APPLICATIONS

This section highlights two motivating practical applications
for prediction of spatial-temporal processes, using outlier-
contaminated observations.

A. Packet delay prediction in IP networks

Monitoring end-to-end packet delays in IP networks is
crucial for operators to assess network health, diagnose faults,
and plan for future upgrades. However, this is quite costly
as it amounts to monitoring every end-to-end path in the
network. In this case monitoring only a fraction of paths,
and predicting delays on the remainder is well motivated; see
e.g., [8], [10]. Consider a directed IP network encoded by
the graph G = (V, &), where V and £ respectively denote
constituent node and link sets. Let P denote the set of end-to-
end paths, and define the corresponding cardinalities V' = |V,
L = |€], and P = |P|. Define the binary routing matrix
R € {0, 1} with entry (i, /)

if path.z contains link j (19)
otherwise.

Let z;(t) denote the queuing delay on link [ at time ¢, and col-
lect per-link queuing delays into x(t) := [z1(t),...,z1(2)]T.
Temporal random fluctuations observed in queueing delays
of typical networks can be captured via a random walk
model [10], that is,

x(t) = x(t — 1) + n(t).

Define K(t) := [r1(t),...,kr(t)]T where ;(t) captures the
propagation delay along link /. Actual path delays sum up their
constituent link delays, as encoded by R, leading to

y(t) = R(x(t) + k(1))

where y(t) = [1(t),...,yp(t)]", and 7,(t) denotes the
actual packet delay incurred by path p.

Suppose P, consists of the set of monitored paths, partition
y(t) and R as y(t) = [y (£), 57 ()], and R = [R ,R]]T
respectively. Entries of y,(¢) (resp. rows of R,) are indexed
by P,, while those of y,(t) (resp. rows of R,) are indexed
by P\ P,. Accounting for outliers, the observed path delay
measurements adhere to the measurement model in (5),

(20)

2n

Vo(t) = Rox(t) + v(t) + €(t) + o(t)

where v(t) = R,k(t), and y,(t) = Rox(t) + v(t). Unmoni-
tored path delay predictions {y, ()}~ ; and outlier estimates
{o(t)}1_, can be obtained by solving (PO) upon setting H = I
and A, = R,.

(22)

B. Load prediction in power grids

Modern power grids are equipped with meters that peri-
odically record electric power consumption at specific points
within the system, e.g., consumer premises and substa-
tions [11]. These measurements constitute the so-termed load
curve data, and are critical assets for facilitating operational
decisions in the envisioned smart grid system. However,

Fig. 1. Synthetic IP network with L = 15, and P = 56.

exhaustive monitoring of loads at all locations is a costly
proposition that may not be practical for most operators. It is
then of interest to monitor the load profiles at a few optimally
selected points, and then make predictions about profiles at
unmonitored locations. This approach hinges in an intrinsic
correlation in the load consumption of households in both
spatial and temporal domains. It should be also pointed out
that inferring missing data from a sub-set of measurements is
critical in order to gain full visibility of the power system state
in case of communication failures of the advance metering
infrastructure (AMI) [12]. In this context, it is important to
“cleanse” the data of measurement outliers that are often
attributed to unscheduled maintenance, leading to shutdown
of heavy industrial loads, weather constraints, holidays, and
major sporting events, to name a few [13].

Consider a power grid comprising L distribution transform-
ers, each serving a residential neighborhood (i.e., a group
of households). Let x(t) := [z1(t),...,2.(t)]" collect the
transformer-specific load profile. Assume that x(¢) adheres
to the random walk model (21). Most distribution systems
serve relatively homogenous regions with customers exhibiting
similar energy consumption patterns. Letting p(¢) capture the
contribution of this correlated spatial variability, then one can
model the total transformer load per ¢ as

z(t) = x(t) + p(t).

Acquiring load measurements on a few transformers is tanta-
mount to selecting entries of z(t). Let the selection matrix S
comprise rows of the identity matrix I corresponding to indices
of selected entries in z(t). Incorporating measurement noise
and outliers, one obtains the following observation model:

Yo(t) S (x(t) + u(t)) + €(t) + o(t)
= Sx(t) + v(t) +elt) + o(t).

(23)

(24)

Similarly, load predictions and outlier estimates can be ob-
tained by solving (PO) with H =1 and A, = S.

V. NUMERICAL TESTS

A. Synthetic IP delay data

The robust KKF was tested on a synthetic network com-
prising 8 nodes and 15 directed links; see Figure 1. End-
to-end paths (P = 56) were identified using shortest-path
criteria, and R was accordingly constructed. Synthetic link
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Robust KKF

Actual

time

Fig. 2. Heatmaps depicting both the observed delays (paths 1 to 5) and the
predicted delays on unobserved paths (paths 6 to 56) as well as the corruptive
effect of measurement outliers on KKF-based predictions.

outliers

[—e estimated outliers

——© actual outliers l

Fig. 3. Actual and estimated outliers with A = 2.25.

delays (in milliseconds) were generated over 7' = 100 time

slots via (20), with n(t) ~ N(0,071) and o, = 0.02. To

generate path delays, C, was set to RTR/max[R"R];;,
i,

and v(t) ~ N(0,C,). Using the criterion in [S], 10 paths
were selected, and R was partitioned into R, and R,,.With
€(t) ~ N(0,021) and o = 0.01, 10 outliers at known
locations were added to the observed path measurements.
Estimates of outlier locations and magnitudes were obtained
via the robust KKF. Upon removal of the identified outliers,
the ordinary KKF was run on the cleansed data to obtain more
accurate predictions.

Figure 2 compares prediction results from both the outlier-
agnostic KKF, and those obtained after outlier rejection with
the robust KKF (A = 2.25). In this case, predictions by
the outlier-agnostic KKF are severely hurt by presence of
outliers. As demonstrated in the plots, presence of outliers

—4— Ground truth
‘O KKF
Robust KKF

mean path delay

Fig. 4. Mean predicted delays on unmonitored paths, highlighting the adverse
effect of outliers on the plain KKF.

o

200 400 600 800

Tx. index
N =
o

-

Tx. index

Outliers

Fig. 5. Actual standardized loads (top) on unmonitored transformers, pre-
dicted transformer loads (middle), and identified outliers (bottom).

severely distorts the predictive performance of KKF, while
cleansing the data with the developed robust KKF leads to
predictions closely reflecting actual path delays. Figure 3 plots
outliers identified by the robust KKF against the ground-truth.
Remarkably, with A\ = 2.25, the robust estimator is able to
successfully identify all known outliers.

Network operators are often interested in aggregate metrics
e.g., network-wide mean path delay. Figure 4 plots the mean
predicted path delays over unmonitored paths per ¢, compared
with the ground-truth averages. Clearly, predictions from the
robust KKF were more reliable in tracking the actual mean
path delay, as compared to the outlier-agnostic KKF, whose
profile exhibits spikes due to the presence of outliers.

B. Transformer load data

Real load data were measured from seven distribution trans-
formers located in Anatolia, California, over a 7-day period
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in August 2012 [14]. With each transformer serving 10 — 12
houses, measurements were acquired every 5 seconds. For
this experiment, five of the transformers were designated for
load monitoring, and predictions were made for the remaining
unmonitored transformers. First, the load data were standard-
ized, and then empirical Bayesian estimates for the covariance
matrices C, and C, were evaluated along the guidelines
in [9]. This was accomplished by setting C. = 1073L.
Figure 5 plots heatmaps of predicted loads on the unmoni-
tored transformers, as well as the identified measurement out-
liers with A = 0.015. The load predictions give a reasonably
accurate depiction of the true unmonitored loads. Moreover,
it turns out that identified outliers coincide with significant
spikes in the load data for the 5 monitored transformers.

VI. CONCLUSIONS AND FUTURE WORK

This paper developed a robust KKF for spatial-temporal pre-
diction, when the process measurements obtained at monitored
locations are contaminated by outliers. Leveraging sparsity
inherent to measurement outliers, a batch ¢;-norm regularized
least-squares estimator was put forth. Building upon standard
KKEF recursions, it turns out that the resulting optimization
problem is convex, and can be readily solved by standard
off-the-shelf solvers. Experiments on synthetic IP path delays,
and transformer load data corroborated the effectiveness of
the advocated approach. This work opens up a number of
directions for future research. Recognizing the limitations of
batch estimators, an online robust KKF that is capable of
operating in real-time streaming settings will be developed.
Furthermore, a more efficient weighted least-squares estimator
that incorporates “kriging” error covariance information will
be derived.

REFERENCES

[1] N. Cressie and C. K. Wikle, “Space—time Kalman filter,” Encyclopedia
of Envirometrics, vol. 4, pp. 2045-2049, 2002.

[2] K. V. Mardia, C. Goodall, E. J. Redfern, and F. J. Alonso, “The kriged
Kalman filter,” 7est, vol. 7, pp. 217-282, Dec. 1998.

[3] N. Cressie, “The origins of kriging,” Mathematical Geology, vol. 22,
no. 3, pp. 239-252, 1990.

[4] T. Hastie, R. Tibshirani, and J. H. Friedman, The Elements of Statistical
Learning, 2nd ed., Springer, 2009.

[5] S. Farahmand, D. Angelosante, and G. B. Giannakis, “Doubly robust
Kalman smoothing by exploiting outlier sparsity,” Proc. of Asilomar
Conference on Signals, Systems, and Computers, Pacific Grove, CA,
Nov. 2010.

[6] G. B. Giannakis, G. Mateos, S. Farahmand, V. Kekatos, and H. Zhu,
“USPACOR: Universal sparsity-controlling outlier rejection,” Proc. of
ICASSP, Prague, Czech Rep., May 2011.

[7]1 C. Masreliez, and R. Martin, “Robust Bayesian estimation for the linear
model and robustifying the Kalman filter,” IEEE Trans. on Automatic
Control, vol. 22, pp. 361-371, Jun. 1977.

[8] D. B. Chua, E. D. Kolaczyk, and M. Crovella, “Network kriging,” IEEE
Journal on Selec. Areas in Communications, vol. 24, pp. 2263-2272,
Dec. 2006.

[9] S.-J. Kim, E. Dall’Anese, and G. B. Giannakis, “Cooperative spectrum

sensing for cognitive radios using kriged Kalman filtering,” IEEE J. of

Sel. Topics in Sig. Proc., vol. 5, no. 1, pp. 24-36, Feb. 2011.

K. Rajawat, E. Dall’Anese, and G. B. Giannakis, “Dynamic network

delay cartography,” IEEE Trans. on Information Theory, vol. 60, no. 5,

pp. 2910-2920, May 2014.

[11] W. H. Kersting, Distribution System Modeling and Analysis.

Boca Raton, FL: CRC Press, 2007.

[10]

2nd ed.,

[12] W. Wang, Y. Xu, and M. Khanna, “A survey on the communication
architectures in smart grid,” Computer Networks, Volume 55, Issue 15,
Oct. 2011.

[13] J. Chen, W. Li, A. Lau, J. Cao, and K. Wang, “Automated Load Curve
Data Cleansing in Power Systems,” IEEE Transactions on Smart Grid,
vol. 1, n. 2, 2010.

[14] J. Bank and J. Hambrick, “Development of a high resolution, real
time, distribution-level metering system and associated visualization
modeling, and data analysis functions,” National Renewable Energy
Laboratory, Tech. Rep. NREL/TP-5500-56610, May 2013.

1529




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


