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ABSTRACT

The Functions of Multiple Instances (FUMI) method for

learning target pattern and non-target patterns is introduced

and extended. The FUMI method differs significantly from

traditional supervised learning algorithms because only func-

tions of target patterns are available. Moreover, these func-

tions are likely to involve other non-target patterns. In this

paper, data points which are convex combinations of a target

prototype and several non-target prototypes are considered.

The Convex-FUMI (C-FUMI) method learns the target and

non-target patterns, the number of non-target patterns, and

the weights (or proportions) of all the prototypes for each

data point. For hyperspectral image analysis, the target and

non-target prototypes estimated using C-FUMI are the end-

members for the target material and non-target (background)

materials. For this method, training data need only binary

labels indicating whether a data point contains or does not

contain some proportion of the target endmember; the spe-

cific target proportions for the training data are not needed. In

this paper, the C-FUMI algorithm is extended to incorporate

weights for training data such that target and non-target train-

ing data sets are balanced (resulting in the Weighted C-FUMI

algorithm). After learning the target prototype using the

binary-labeled training data, target detection is performed on

test data. Results showing sub-pixel explosives detection and

sub-pixel target detection on simulated data are presented.

1. INTRODUCTION

The FUMI algorithm is a generalization of Multiple Instance

Learning (MIL) methods [1, 2, 3, 4, 5, 6]. In MIL, train-

ing data are divided into positive and negative “bags.” A bag

is defined to be a multi-set of data points. A positive bag

includes at least one target point. In each positive bag, the

exact number of data points belonging to the target class is

unknown. Negative bags are composed entirely of non-target

data points. The MIL methods are effective for learning target

concepts and developing classifiers for cases where accurate

sample-level labeled training data is unavailable.

The FUMI method can be related to the MIL framework

by treating each data point as being a function of a positive or

negative bag. FUMI learns target and non-target prototypes

given a set of data points that are some unknown function

of the target and non-target prototypes. Suppose there is a

given data set X = {x1,x2, ...,xN} where each data point is

some unknown function of prototypes, xi = f(Bi,Pi)where

Pi are the set of parameters for xi and Bi is the “bag” of

prototypes that contribute in a non-negligible way to the data

point xi. Each training point xi is given a binary label l(xi)
where l(xi) = 1 if bT ∈ Bi and l(xi) = 0 if bT /∈ Bi. After

learning the target prototype using the binary-labeled training

data, target detection can be performed on test data using the

following method.

In this paper, the specific case that is considered is that

each data point is assumed to be a convex combination of tar-

get and non-target prototypes, as shown in Equation 1 where

the set of prototypes, E, with non-zero weights for data points

xi define the bag Bi.

xi = piT eT +
M∑

k=1

pikek (1)

where xi is a data point, eT is the target prototype, ek is a

non-target prototype for k = 1, ...,M and pik is the weight

(or proportion value) of the kth prototype in data point i. The

proportions are constrained to sum-to-one and be greater than

zero.

piT +
M∑

k=1

pik = 1, piT ≥ 0, pik ≥ 0 (2)

Endmember detection and spectral unmixing are common

tasks in hyperspectral image (HSI) analysis [7]. Given an HSI

analysis task, the target and non-target prototypes estimated

using C-FUMI are the target and background endmembers.

If l(xi) = 1 then xi = piT eT +
∑M

k=1 pikek with piT >

0. If l(xi) = 0, then xi =
∑M

k=1 pikek. The exact propor-

tion values for the training data are not needed. Therefore,

C-FUMI [8] learns the spectral shape of a target endmember

given mixed training data without prior knowledge of the pro-

portions of the target in each positively-labeled training point.



In the following section, the Weighted C-FUMI algorithm is

developed. In addition to learning prototypes, the Weighted

C-FUMI algorithm learns the number of non-target endmem-

bers needed for a data set and determines the proportions of

endmembers for each data point. Experimental results, dis-

cussion and future work sections are found in Sections 3 and

4.

2. THE WEIGHTED C-FUMI ALGORITHM

The Weighted C-FUMI Algorithm is an extension of the

C-FUMI algorithm [8] which is, in turn, an extension of

the Sparsity Promoting Iterated Constrained Endmembers

(SPICE) algorithm [7]. In SPICE, endmembers and pro-

portions are iteratively updated by minimizing the objective

function in Equation 3 where γk = ΓPN
i=1 pik

using the propor-

tions from the previous iteration and Γ is a parameter used to

control the degree of sparsity. The first term of this objective

computes the squared error between the input data and the

estimate found using the current prototypes (or endmembers)

and proportions. The second term produces endmembers that

provide a tight fit around the data. The third term is a sparsity

promoting term used to determine M , the number of end-

members needed to describe the input data. This objective

is updated iteratively using alternating optimization on the

endmembers and proportions.

The SPICE algorithm is an unsupervised algorithm to

learn the proportions, the endmembers, and the number of

endmembers, M , for a given unlabeled dataset. The Weighted

C-FUMI (and C-FUMI) algorithm extends the SPICE algo-

rithm by using the labeled training points to learn and dis-

tinguish the specific target endmembers from the remaining

non-target background endmembers. The target endmem-

bers found can then be used for detection in test data. The

Weighted C-FUMI algorithm extends C-FUMI by incorpo-

rating weights in the first term of the objective function to

balance target and non-target training sets. Often, there are

many more non-target training pixels than target training pix-

els, to emphasize the target training data a weight is placed

on their error terms in the objective function to enhance their

contribution to the estimate of the target and background

endmembers.

For negatively labeled training data, the proportion value

associated with the target prototype is constrained to be zero.

Therefore, the objective function for Weighted C-FUMI can

be written as shown in Equation 4. The value for wl(xi) =

l(xi)
(

αNn

Nt

)
where Nn and Nt are the number of samples

with l(xi) = 0 and l(xi) = 1, respectively. Therefore, if the

parameter α is set to 1, then the weight on the target points is

scaled such that the collection of target points has the same in-

fluence on the first term as the collection of non-target training

points. Furthermore, α can be set to larger than 1 to empha-

size the importance of target training data over background

data.

The Weighted C-FUMI algorithm updates the target and

non-target endmembers, proportions, and number of end-

members by iteratively minimizing the objective function in

Equation 4. In order to update both target and non-target

endmembers, the proportions for all data points are held con-

stant and Equation 4 is minimized by setting the derivative

of the objective with respect to each endmember to zero

and solving for the endmember value. When updating pro-

portions, endmembers are held constant and Equation 4 is

minimized subject to the constraints in Equation 2. Since this

is a quadratic objective with linear constraints, a quadratic

programming step is used to update the proportions. The

sparsity promoting term (the 4th term in the objective) is

used to determine the number of non-target endmembers

needed. This term drives the proportions associated with un-

needed non-target endmembers to zero. Then, the unneeded

endmembers can be removed with no effect on the squared

error terms. The objective function is iteratively minimized

until some stopping criterion is reached such as convergence

or a maximum number of iterations.

After learning target and non-target prototypes, target de-

tection on test data can be carried out. Given the prototypes

and test data, the proportions for all the prototypes for the

given test data are computed by minimizing the residual sum

of squared errors,
∣∣∣∣∣∣(xi − piT eT −

∑M
k=1 pikek

)∣∣∣∣∣∣2
2

subject

to the constraints in Equation 2 using a quadratic program-

ming step. The proportion value for the target endmember is

used as the detection statistic.

3. EXPERIMENTAL RESULTS

Two experiments were performed. The first was performed

with real hyperspectral data for explosives detection and the

other with synthetic data. The latter data set was used to in-

vestigate accuracy and produced some interesting results for

further investigation. The first experiment was applied to dif-

ferential reflectometry hyperspectral data (with 512 spectral

bands ranging from 100 to 612 nm in wavelength) [9, 10] for

explosives detection. Figure 1 shows an example of the area

scanned by the differential reflectometer. Two data collec-

tions were conducted in which several spectra were collected

both with and without explosive material. The first run was

used as training data to estimate the target and background

endmembers and, then, the second run was used for testing

where the data was unmixed using the estimated target and

background endmembers. For training, target and non-target

spectra were identified by hand and assigned positive or neg-

ative labels. A “buffer” zone around the explosive material

was identified in the training and testing data in which the

pixels were not labeled target nor non-target to account for

any uncertainty in spectral collection locations. Weighted

C-FUMI was applied with the following parameter settings:



G = (1− μ)
N∑

i=1

∣∣∣∣∣
∣∣∣∣∣
(

xi −
M∑

k=1

pikek

)∣∣∣∣∣
∣∣∣∣∣
2

2

+
μ

2

M∑
k=1

M∑
j=1

||(ek − ej)||22 +
M∑

k=1

γk

N∑
i=1

pik (3)

F = (1−μ)
N∑

i=1

wl(xi)

∣∣∣∣∣
∣∣∣∣∣
(

xi − l(xi)piT eT −
M∑

k=1

pikek

)∣∣∣∣∣
∣∣∣∣∣
2

2

+
μ

2

M∑
k=1

M∑
j=1

||(ek − ej)||22+μ

M∑
k=1

||(eT − ek)||22+
M∑

k=1

γk

N∑
i=1

pik

(4)

μ = 1 × 10−4, Γ = 2, M = 9, and α = 2. After learning

the endmembers, the proportions for every data point in the

test data were computed; the proportion values on the target

endmember were compared to the labels for test data. Figure

2 shows the endmembers found by the Weighted C-FUMI al-

gorithm. Figure 3 shows histograms of proportions estimated

by Weighted C-FUMI on the target and non-target test data

for the target endmember. Using a threshold value of 0.4,

classification of all pixels containing explosive material are

correctly identified as containing target and none of the back-

ground pixels are incorrectly identified.

Fig. 1. Distribution of explosive material on cloth back-

ground. The black background to the side (and underneath)

the red cloth is a carbon-pad. The cloth is thin and the carbon-

pad can be easily seen through the cloth. The explosive ma-

terial is unevenly distributed on the cloth and, thus, the cloth

can often be seen through the explosive material. On either

side of the explosive material is pink Polytetrafluoroethylene

tape.

Weighted C-FUMI was run on simulated data to estimate

the capabilities of accurately detecting sub-pixel targets gen-

erated using random mixtures of three prototypes. The proto-

types used were selected from the ASTER spectral library.

Specifically, the Borate, Carbonate Burkeic, Chloride, and

Sulfate Anhydric spectra. Borate was labeled the target spec-

trum. Training data containing 50 target and 99 non-target

points were generated. The 50 target points were created by

generating mixtures of the four endmembers, including the

target endmember. The 99 non-target points were generated

using mixtures of the three non-target endmembers. Mixtures

were generated by drawing proportion values from Dirich-

let distributions with varying parameter values. Nine experi-

ments were conducted in which the Dirichlet parameters used

Fig. 2. Endmembers found using Weighted C-FUMI. Target

endmember is shown in bolded dark blue. It is a good repre-

sentative of known TNT (target material) signatures [10].

Fig. 3. Histograms of proportions estimated on test data for

the explosive material on (a - left) target and (b - right) non-

target test pixels. Using a threshold value of 0.4 for the target

proportion value, all target pixels can be correctly identified

without false alarms on the non-target test pixels.

to the draw the proportions for the target endmembers were

set to: (0.9, 0.025, 0.05, 0.025), (0.8, 0.1, 0.5, 0.5), (0.7,

0.15, 0.1, 0.05), (0.6, 0.1, 0.2, 0.1), (0.5, 0.2, 0.2, 0.1), (0.4,

0.3, 0.15, 0.15), (0.3, 0.7, 0, 0), (0.2, 0.4, 0.3, 0.1), and (0.1,

0.1, 0.1, 0.7), respectively. The Dirichlet parameters for the

three groups of background endmembers were set to (0 0.01

0.01 0.98), (0 0.05 0.9 0.05), and (0 0.8 0.1 0.1), respectively,

where the first value is the proportion on the target endmem-

ber and the next three value are the average proportion for



Fig. 4. Comparison of true and estimated target endmembers

found using the Weighted C-FUMI algorithm with target pro-

portions on the test pixels beginning at 0.9 and decreasing to

0.1 in nine experiments with 3 random intitializations. X-axis

is band number. Y-axis is normalized spectral response. Ex-

periments ranged from easy to extremely difficult (where the

target proportions for all the target pixels were close to a value

of only 0.1). All experiments contained 4 endmembers one of

which was the target endmember. The estimate for the tar-

get endmember from 3 runs is shown in blue. The true target

spectrum is shown in red. In 1st and 3rd plot, the estimated

endmember matches the true endmember extremely closely

and, thus, masks the true endmember spectral plot.

the background endmembers. Weighted C-FUMI was applied

to this training data with the following parameter settings:

μ = 1 × 10−4, Γ = 2, M = 9, and α = 2. The true and

estimated target endmembers for the range of target propor-

tion values in the training data are shown in Figure 4. Each

experiment was run multiple times; the figure displays the re-

sults of three runs with randomly generated data (ranging in

difficulty) and random initialization. As can be seen, the tar-

get endmember is closely approximated.

4. CONCLUSION AND FUTURE WORK

We are currently running additional experiments to detect ex-

plosives on varying background materials. Currently, a single

target endmember is found, current work includes detecting

multiple target materials. In many datasets, pixels are of-

ten associated with a small number of endmembers. Sparsity

promoting priors can be incorporated to encourage each data

point to have non-zero proportions associated with a small

number of endmembers. Also, for image data, spatial in-

formation may be incorporated to help improve results. Fi-

nally, investigations into methods to have the target endmem-

ber have as unique of a spectral shape from background end-

members as possible are being conducted. Non-linear meth-

ods will also be investigated.

5. REFERENCES

[1] T. G. Dietterich, R. H. Lathrop, and T. Lozano-

Perez, “Solving the multiple-instance problem with

axis-parallel rectangles,” Artificial Intelligence, vol. 89,

no. 1-2, pp. 31–17, 1997.

[2] O. Maron and T. Lozano-Perez, “A framework for

multiple-instance learning.,” Neural Information Pro-
cessing Systems, vol. 10, 1998.

[3] J. Bolton and P. Gader, “Multiple Instance Learning

for Hyperspectral Image Analysis,” IEEE International
Geoscience and Remote Sensing Symposium, 2010, (In

Press).

[4] Jeremy Bolton, Paul Gader, Hichem Frigui, and Pete

Torrione, “Random set framework for multiple instance

learning,” Information Sciences, vol. In Press, Corrected

Proof, pp. –, 2011.

[5] V.C. Raykar, B. Krishnapuram, J. Bi, M. Dundar, and

R.B. Rao, “Bayesian multiple instance learning: auto-

matic feature selection and inductive transfer,” in Pro-
ceedings of the 25th international conference on Ma-
chine learning. ACM New York, NY, USA, 2008, pp.

808–815.

[6] Q. Zhang and S.A. Goldman, “EM-DD: An improved

multiple-instance learning technique,” Advances in Neu-
ral Information Processing Systems, vol. 2, pp. 1073–

1080, 2002.

[7] A. Zare and P. Gader, “Sparsity promoting iterated

constrained endmember detection for hyperspectral im-

agery,” IEEE Geoscience and Remote Sensing Letters,

vol. 4, no. 3, pp. 446–450, July 2007.

[8] A. Zare and P. Gader, “Pattern recognition using func-

tions of multiple instances,” Proceedings of the Inter-
national Conference on Pattern Recognition, pp. 1092–

1095, Aug. 2010.

[9] A. M. Fuller, Investigation of select energetic materi-
als by differential reflection spectrometry, Ph.D. disser-

tation, University of Florida, Department of Materials

Science and Engineering, 2007.

[10] R. E. Hummel, A. M. Fuller, C. Schollhrn, and P. H.

Holloway, “Detection of explosive materials by differ-

ential reflection spectroscopy,” Applied Physics Letters,

vol. 88, no. 231903, pp. 898–910, June 2006.



<<
  /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 1
  /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
    /SABAEN44
    /SAKURAalp
    /Shruti
    /SimSun
    /STSong
    /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


