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Abstract. There are various techniques for simulating crowds, however, in most
cases the quality of the simulation is measured by examining its “look-and-feel”.
Even if the aggregate movement of the crowd looks natural from afar, the behav-
iors of individuals might look odd when examined more closely. In this paper
we present a data-driven approach for evaluating the behaviors of individuals
within a simulated crowd. Each decision of an individual agent is expressed as a
state-action pair, which stores a representation of the characteristics being eval-
uated and the factors that influence it. Based on video footage of a real crowd,
a database of state-action examples is generated. Using a similarity measure, the
queries are matched with the database of examples. The degree of similarity can
be interpreted as the level of “naturalness” of the behavior. Essentially, this sort
of evaluation offers an objective answer to the question of how similar are the
simulated behaviors compared to real ones. By changing the input video we can
change the context of evaluation.

1 Introduction

The simulation of computer generated crowds has progressed in leaps and bounds from
its conception more than two decades ago. In films, computer games and other virtual
world applications we have seen simulations of every type of crowd imaginable, from
flocks of dinosaurs to plain everyday pedestrians. Despite the fact that these crowds
differ in size, behavior and method of simulation, the common goal remains the same;
to simulate the most naturally looking crowd possible.

Different types of crowds may present different types of natural behaviors. Pedes-
trians do not behave nor look like people playing sports. How would one know if the
simulation looks natural? The only means for evaluating the results of a simulation so
far were subjective, e.g. looking at it and deciding whether it “looks natural”. In general,
this is a valid approach for the global “look-and-feel” of the simulation.

A crowd is defined by a large number of simulated individuals. In order to assess a
simulated crowd’s quality in full, it must be examined in detail, since a single individual
whose behavior deviates from some “regular” or “normal” pattern may hinder the quality
of the entire simulation. Even a human paying close attention to a simulation will find it
difficult to measure the quality of all individual behaviors at all times. And so the need
for an effective automatic measure becomes a necessity. Evaluating individual behaviors
also depends on one’s interpretation of the basic notion of how people behave. Moreover,
multiple interpretations are valid, and different people may choose to focus on different
aspects of the same behavior. How can we define what is “normal” or “natural”?
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Fig. 1. Overview of context dependant evaluation: a specific context is defined by an input video.
The video is analyzed and a database of examples is created. For a given simulation, each indi-
vidual trajectory is analyzed and compared to the “normal” behaviors defined by the examples
in the database. The results provide an evaluation score from 0 to 100 for each individual at any
time (the numbers above each individual).

In this paper we utilize a data-driven approach to assess individual behaviors within
crowds. The example set, which represents individual behaviors that are considered
“normal”, defines the context for the evaluation. The example set is created by exam-
ining videos of real crowds and analyzing the individual trajectories and the attributes
that describe the conditions under which they occurred. During an evaluation, a sim-
ilar analysis is applied to the simulated trajectories, which results in a set of queries
that are compared to the example set. The similarity between a query and the examples
provides the grading for the simulated individual’s behavior in a specific point in space
and time. Such an evaluation validates “natural” behaviors and points out potentially
“curious” ones within a context (see Figure 1). For instance, different types of crowds
can be evaluated using different videos of crowds of a similar nature. By evaluating the
behavior of individuals within the crowd, specific moments in time and space can be
automatically identified as problematic and possibly corrected. Finally, considering the
comparisons as a whole, yields a global evaluation, which reflects on the overall quality
of the simulation.

Our main contribution is a data driven approach for evaluating simulated crowds
based on videos of real crowds. We present results on evaluating individual behaviors
within crowds for short-term intervals, although long term ones could also be evaluated
using a different measure. We use different videos and different types of simulations
and show examples of how “curious” behaviors could be found automatically.

2 Previous Work

Simulating crowds is a challenge that has been examined in such diverse fields as
computer graphics, civil engineering, sociology and robotics. The literature is rich
with a variety of different approaches, all trying to simulate a natural looking crowd,
[11, 18].
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Considering the diversity of the methods, particularly the ones for simulating pedes-
trian crowds, emphasizes the complexity of the question “what makes a crowd seem nat-
ural?” For example, some works try to minimize the amount of effort required to reach a
goal, [7, 17], which originates from the notion that people are individuals that have a goal
and will try to follow an “optimal” path to reach it while maintaining their speed. Other
works, such as [2, 5, 19], try to simulate the flow of the crowd and pay less attention to
the correctness of individual trajectories. Different works focus on different aspects of
crowds. All claim to simulate natural looking crowds, and to some degree they are all
correct. It is unclear which attributes are more important when behavior is concerned
and since the common evaluation method is subjective, then all opinions are valid.

Although some earlier works did try to assess the quality of individual trajectories,
such as [15], only recently have people begun to pay attention to the evaluation of com-
plex multi-character environments. Ennis et al. [3] evaluate the plausibility of pedestrian
formations. They manually reconstruct crowd formations from annotated photographs,
modify the positions and orientations of the people and perform a perceptual evaluation
of the modified static images through user experiments. It would be difficult to extend
their results to animated crowds. Singh et al. [16] gain insight into the quality of a sim-
ulator using predefined test scenarios and a measure that assigns a numerical value to
the average number of collisions and the time and effort required for the agents to reach
their goal. Pelechano et al. [12] explore the egocentric features that a crowd simulator
should have in order to achieve high levels of presence and thus be used as a framework
for validating simulated crowd behaviors. Paris et al. [10] use motion capture data of
interactions between pedestrians for two ends. First, they analyze the data and learn
parameters for more accurate collision avoiding maneuvers. Second, they validate the
results by visually comparing simulated results to the captured ones.

Data-driven techniques have been used to simulate crowds. In the work of Lee et
al. [8], state-action examples are obtained from crowd videos. The state of an agent
includes the position and movement of nearby agents, its own motion, and certain envi-
ronmental features. The action is a two-dimensional vector corresponding to the agent’s
resulting speed and direction. In the work of Lerner et al. [9] the state stores a similar
set of attributes, only at greater detail. The action is a trajectory segment that can be
concatenated to a simulated agent’s trajectory.

In the vision community there are many works for clustering and classifying trajec-
tories, some also detect abnormal ones [1, 4, 6, 13, 14]. There are several significant
conceptual differences between these works and ours. First, they usually do not trans-
fer the information learned about the trajectories from one scenario to another. Second,
these works, for the most part, focus on the global characteristics of the trajectories,
rather than the details. Therefore, they usually classify them as a whole, rather then
evaluate the quality of trajectory segments. Last, the trajectories are usually considered
on their own without accounting for the stimuli that may have influenced them.

3 Overview

The underlying concept of most crowd simulators can be described by the state-action
paradigm. For each simulated individual (subject person) in a specific point in time and
space, a state S is defined as a set of potentially influential attributes, such as the person’s
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position, speed and the direction and position of nearby individuals. Some function is
then used to compare this state to predefined states, either explicitly or implicitly (e.g.
a set of rules), and an action A is chosen and assigned to the subject person. The action
can be, for example, a velocity vector or a trajectory segment.

An evaluator can be described in similar terms, aside from two key differences. First,
in an evaluation process all of the state attributes, such as the full trajectories of the
individuals, are known. This allows for a more accurate definition of the “natural” action
that should be performed. Second, an evaluation requires a comparison between the
action that should have been performed and the one that actually was performed, thus
determining its quality.

An evaluation measure requires the definition of the state attributes S, the action
representation A, and a similarity function between state-action pairs. The state S should
include all of the attributes that potentially affect a person’s decision to choose an action.
For example, in the short-term measure we propose, we defined the state as the densities
of the people in different regions surrounding the subject person. The action A is defined
as the subject person’s positions along a two second long trajectory interval.

In a preprocessing stage, the individuals observed in one or more input videos are
tracked, their trajectories are analyzed and examples of state-action pairs are created.
During an evaluation, the simulated trajectories are analyzed in a similar manner and
query state-action pairs are defined. For each query, we search for the most similar
examples in the example set using a similarity function. This is a two stage process.
First, a set of examples whose states best match the query state are found. Then, their
actions are compared. Our distance measure uses a normalized combination of both the
state and action distances, in order to account for the cases where close matches for the
state cannot be found. This two-stage process assures a context dependent evaluation of
individual decisions, where the similarity to the closest example defines the quality of
the decision embodied by the query (Figure 1).

4 Example Set and Simulations

To define a specific context for an evaluation we require a video of a crowd of a similar
nature. The video should be shot from an elevated position and have a clear view of
the crowd below. We implemented a simple manual tracker which requires only a few
clicks of the mouse in order to track a person’s trajectory. Different types of crowds are
represented by different input videos (see Figure 2).

An example is defined from each time step along every trajectory of the input. We
exclude only the trajectory parts in which the state and action cannot be fully defined.
When adding the examples to a database, we use a greedy algorithm to cluster the
examples and remove redundant ones.

We shot several videos of different crowds, Figure 2, according to which we built
two databases. The first was created from two videos of a sparse crowd, whose com-
bined length is 12 minutes and contains 343 trajectories. The second was created from
a 3.5 minute long video of a dense crowd, which contains 434 trajectories. In our un-
optimized implementation the time required to preprocess a sparse database was under
an hour, while for a dense database over an hour. An average of about 1KB of data was
stored per example.
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Fig. 2. Sample frames from two input videos used to define example databases. One for dense
crowds and one for sparse ones. The trajectories of people (some are shown in red) were tracked
manually before analysis.

To illustrate the versatility of our evaluation, we implemented two types of sim-
ulations. A simple rule-based simulation, where the agents maintain their speed and
direction and perform only gradual turns trying to minimize collisions and an example-
based simulation [9], which consists of agents walking on their own or in small groups.
In this simulation the agents usually walk along relatively smooth trajectories, however,
abrupt changes in speed or direction do appear.

5 Evaluation of Short Term Decisions

A person constantly makes short-term decisions. These are the decisions that cause him
to stop, turn, slow down or speed up. These decisions are not influenced by some global
objective, but rather by the local conditions surrounding the person. The impact of these
decisions is immediate and short lived. Their effects can be found in short segments of
a person’s trajectory.

We define a measure, which we term the density measure, whose state attributes
consist of samples of the local densities of the people surrounding the subject person.
The action is defined as a two second long trajectory segment. One second before and
one second after the current position. The segment is aligned such that the position and
orientation of the subject person in the middle of the segment is aligned with the origin
of a global coordinate system.

To define the state we divide the area surrounding the subject person into regions,
Figure 3, and for each region store samples of the number of people that appear in it
over a short time. This yields a compact representation of the local changes in densities
in the vicinity of the subject person. The motivation for using this state definition stems
from the common belief that people’s reactions are influenced by the density of the
people in their immediate vicinity. We define a similarity function between a query
state-action pair and an example pair. The function measures the similarity between the
actions (differences in positions along the trajectories) and the distance between the
states (differences in densities for the surrounding regions).
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Fig. 3. In the density measure the state is composed of samples of the number of people in each
one of the regions surrounding the subject person. Five samples in different times are used.

Fig. 4. A few examples from the evaluation of a crowd simulation using a sparse crowd video
input and the density measure. The short-term decisions that did not find an appropriate match in
the database are marked in red.

6 Results

In one of our experiments we used the database created by videos of a sparse crowd
as input and evaluated the different crowds using the density measure. Results of eval-
uating an example-based simulation appear in Figure 4. The percentages represent the
quality of the matches that were found. Zero percent means that no match was found
and a hundred percent means that a perfect match was found. Low quality matches are
highlighted in red. A close inspection of the evaluation results shows that, for the most
part, low quality matches correspond to "curious" behaviors, traffic congestion, colli-
sions or near misses. In Figure 4 center, the agent that received a 20% similarity value
stopped walking abruptly and the four others marked in red, either walked towards an
imminent collision or performed "conspicuous" evasive manoeuvres. The same can be
said for most of the highlighted agents in Figure 4 left and right.

Figure 5 shows a quantitative comparison between the evaluation of the example-
based simulation, the rule-based simulation and a real sparse crowd different from the
input data. The columns represent ranges of similarity values (or evaluation scores), and
the height of each column the relative number of queries which received a value in the
range.

As can be seen, the real data received significantly better scores than the simulation.
However, the example-based simulation which is collision free, contains interactions
between the individuals and seems similar in nature to the input video, found a greater
number of high quality matches compared to the rule-based simulation.
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Fig. 5. A quantitative comparison between the distribution of evaluation scores when evaluat-
ing the example-based simulation, rule-based simulation and real data against the sparse crowd
database. The horizontal axis represents the match values and the vertical axis the relative number
of matched queries.

The most noticeable “curious” short-term decisions either involve collisions or evasive
maneuvers whose goal is to avoid collisions. The method finds these and other “curious”
behaviors, since similar examples were not found. On the other hand, in some cases the
agents involved in collisions or near misses were deemed “natural”. The reason is that a
similar example where one person walked very close to another person was found in the
database. Finding or not finding matches does not unequivocally mean that the behaviors
are “natural” or “curious”, but rather it raises the probability of them being so.

The time required to evaluate a crowd varies depending on the size of the database
and the size of the simulated crowd. The simulations presented here were several min-
utes in length and contained a few dozen people in them. In our un-optimized imple-
mentation evaluating their short-term decisions required between 5 and 20 minutes.
Using dedicated data structures to optimize the search for the best matching examples
can significantly reduce the processing time.

7 Conclusions

We have presented a data-driven approach for evaluating individual behaviors in a
crowd simulation. Such an approach gives the evaluation a context and a goal, since
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it changes the fundamental question from “how natural is this crowd?” to the relatively
simpler one of “how does it compare to this real crowd?”. Using our method as a post
processing stage for a simulation, it can focus the viewer’s attention on the potentially
“curious” behaviors in time and space, hence reducing the effort needed for evaluation.
Another significant advantage of the data-driven model is the simplicity by which the
model can be changed. Changing the type of crowd which appears in the input video
effectively changes the behavior model without the need to modify the evaluation appli-
cation. Finally, this technique is not limited to evaluating crowds generated by a specific
simulator, but rather evaluates the trajectories regardless of their source, therefore it can
also be used to locate potentially “curious” behaviors in real crowds.

One disadvantage of our model is the need to obtain the right video and to track
individual trajectories in it. To the best of our knowledge, to date there are no adequate
automatic trackers that can accurately track people in a crowd. We used manual track-
ing, which is a tedious job. However, each video requires processing only once and can
be used any number of times. Another limitation of the data-driven approach is the fact
that if a matching example was not found in the example set it does not necessarily
indicate that the behavior is “curious”. It could indeed be a natural behavior which was
simply not observed in the input video.

References

[1] Brand, M., Kettnaker, V.: Discovery and segmentation of activities in video. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence 22(8), 844–851 (2000)

[2] Chenney, S.: Flow tiles. In: Proceedings of the 2004 ACM SIGGRAPH/Eurographics sym-
posium on Computer animation, pp. 233–242. Eurographics Association Aire-la-Ville,
Switzerland (2004)

[3] Ennis, C., Peters, C., O’Sullivan, C.: Perceptual evaluation of position and orientation con-
text rules for pedestrian formations. In: Proceedings of the 5th symposium on Applied
perception in graphics and visualization, USA, pp. 75–82. ACM New York, NY (2008)

[4] Hu, W., Xiao, X., Fu, Z., Xie, D., Tan, T., Maybank, S.: A system for learning statistical
motion patterns. IEEE Transactions on Pattern Analysis and Machine Intelligence 28(9),
1450–1464 (2006)

[5] Hughes, R.L.: The Flow of Human Crowds. Annual Review of Fluid Mechanics 35, 169–
182 (2003)

[6] Johnson, N., Hogg, D.: Learning the distribution of object trajectories for event recognition.
In: BMVC 1995: Proceedings of the 6th British conference on Machine vision, Surrey, UK,
vol. 2, pp. 583–592. BMVA Press (1995)

[7] Lamarche, F., Donikian, S.: Crowd of virtual humans: a new approach for real time nav-
igation in complex and structured environments. Comput. Graph. Forum 23(3), 509–518
(2004)

[8] Lee, K.H., Choi, M.G., Hong, Q., Lee, J.: Group behavior from video: a data-driven ap-
proach to crowd simulation. In: Proceedings of the 2007 ACM SIGGRAPH/Eurographics
symposium on Computer animation, pp. 109–118 (2007)

[9] Lerner, A., Chrysanthou, Y., Lischinski, D.: Crowds by Example. Computer Graphics Fo-
rum 26(3), 655–664 (2007)

[10] Paris, S., Pettre, J., Donikian, S.: Pedestrian Reactive Navigation for Crowd Simulation: a
Predictive Approach. Computer Graphics Forum 26(3), 665–674 (2007)



Data Driven Evaluation of Crowds 83

[11] Pelechano, N., Allbeck, J., Badler, N.: Virtual Crowds: Methods, Simulation, and Control.
Synthesis Lectures on Computer Graphics and Animation. Morgan & Claypool Publishers,
San Francisco (2008)

[12] Pelechano, N., Stocker, C., Allbeck, J., Badler, N.: Being a part of the crowd: towards vali-
dating VR crowds using presence. In: Proceedings of the 7th international joint conference
on Autonomous agents and multiagent systems, International Foundation for Autonomous
Agents and Multiagent Systems Richland, SC, vol. 1, pp. 136–142 (2008)

[13] Porikli, F.: Trajectory distance metric using hidden markov model based representation. In:
IEEE European Conference on Computer Vision, PETS Workshop (2004)

[14] Porikli, F., Haga, T.: Event detection by eigenvector decomposition using object and frame
features. In: CVPRW 2004: Proceedings of the, Conference on Computer Vision and Pat-
tern Recognition Workshop (CVPRW 2004), vol. 7, p. 114. IEEE Computer Society Press,
Los Alamitos (2004)

[15] Reitsma, P.S.A., Pollard, N.S.: Evaluating motion graphs for character navigation. In: Pro-
ceedings of the 2004 ACM SIGGRAPH/Eurographics symposium on Computer animation,
pp. 89–98. Eurographics Association Aire-la-Ville, Switzerland (2004)

[16] Singh, S., Naik, M., Kapadia, M., Faloutsos, P., Reinman, G.: Watch Out! A Framework
for Evaluating Steering Behaviors. In: Egges, A., Kamphuis, A., Overmars, M. (eds.) MIG
2008. LNCS, vol. 5277, p. 200. Springer, Heidelberg (2008)

[17] Sud, A., Andersen, E., Curtis, S., Lin, M., Manocha, D.: Realtime path planning for virtual
agents in dynamic environments. In: Proc. of IEEE VR (2007)

[18] Thalmann, D., Musse, S.R.: Crowd Simulation. Springer, Heidelberg (2007)
[19] Treuille, A., Cooper, S., Popovic, Z.: Continuum crowds. ACM Trans. Graph. 25(3), 1160–

1168 (2006)


	Data Driven Evaluation of Crowds
	Introduction
	Previous Work
	Overview
	Example Set and Simulations
	Evaluation of Short Term Decisions
	Results
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /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 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /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 600
  /MonoImageMinResolutionPolicy /Warning
  /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

  /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 <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




