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ABSTRACT

Given the exponential growth of videos published on the
Internet, mechanisms for clustering, searching, and brows-
ing large numbers of videos have become a major research
area. More importantly, there is a demand for event de-
tectors that go beyond the simple finding of objects but
rather detect more abstract concepts, such as “feeding an
animal” or a “wedding ceremony”. This article presents an
approach for event classification that enables searching for
arbitrary events, including more abstract concepts, in found
video collections based on the analysis of the audio track.
The approach does not rely on speech processing, and is
language-indepent, instead it generates models for a set of
example query videos using a mixture of two types of audio
features: Linear-Frequency Cepstral Coefficients and Modu-
lation Spectrogram Features. This approach can be used in
complement with video analysis and requires no domain spe-
cific tagging. Application of the approach to the TRECVid
MED 2011 development set, which consists of more than
4000 random “wild” videos from the Internet, has shown a
detection accuracy of 64 % including those videos which do
not contain an audio track.

Categories and Subject Descriptors

H5.5 [Information Interfaces and Presentation]: Sound
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cessing; H3.1 [Information Storage and Retrieval]: In-
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1. INTRODUCTION

Data-driven event classification can be considered more
flexible than symbolic or semi-symbolic approaches that re-
quire manual crafting of event descriptions. In most cases,
symbolic event descriptions also require manual tagging of
vast amounts of training data (e.g., in platforms like La-
belMe [5]) in order to learn how to detect the elements found
in a symbolic event description.

Consider for instance a description of a wedding, one event
class found in the TRECVid MED 2011 data set. A simple
description would probably include a couple (two people — in
most cases one male “groom” and one female “bride”) being
wed by a third person (priest or official) in the presence of
an audience (group of people watching). In order to enable
a system to search for the elements of this description in a
video, it must first be able to detect elements fitting the con-
cept of bride, groom, priest, etc. This in turn requires these
concepts to be somehow modeled in the system, usually re-
quiring a vast amount of manual tagging. The situation is
aggravated by the fact that tagging is mostly domain spe-
cific. Hence a new kind of event description often requires
a significant amount of manual tagging in order to be us-
able for a search query. This problem can also arise within
descriptions of the same event as a single concept might be
represented by two or three different topics (e.g. Surfing,
skateboarding and skiing all are classified as board tricks).

Another drawback of using manual event descriptions is
that they are designed by humans but are to be used by
computer algorithms. The point in making this distinction
is that computer algorithms might work in a way that funda-
mentally differs from the way that human perception works.
Hence two video or, for that matter, two audio files mthat
look alike to a human might be rated as completely differ-



ent by an algorithm. The same holds true in the opposite
case, as two video or audio files rated by an algorithm as
similar might show different concepts to a human. How-
ever, as the actual search is conducted by a computer, the
feature values that discriminate events best in a computer
algorithm should be focused on. An important advantage
of data-driven approaches in this context is that multiple
examples for one event class are fed into a system and that
the algorithm filters out those features that best discrim-
inate the instances with respect to the given classes, thus
in a way translating the human concept into a specification
that can be interpreted by a machine. One should keep in
mind, however, that this translation just coincides with con-
cepts as represented by the training data. So selection of the
training data is crucial. Selecting the right training data still
requires less effort than does hand coding event descriptions
since hand coding involves coding at multiple levels starting
at the semantic level down to connecting semantic concepts
with feature level concepts. While these arguments speak
in favor of data-driven approaches for event detection, their
applicability still has to be proven. Moreover, current com-
putational constraints make it difficult to extract and com-
pare visual features for 25 frames or more per second in a
selection of thousands of high definition videos.

This article describes the first approach of acoustic data-
driven event detection for large scale retrieval tested on the
TRECVid MED 2011 development data set. While ap-
proaches for earlier TRECVid challenges have in some in-
stances used speech recognition or detection of preselected
audio sub-concepts (see Section 2), audio features have never
been used for TRECVid in a purely data-driven way. The
results presented in this paper show that learning based on
arbitrary low level audio features can be used to detect high
level concepts like those given in TRECVid MED 2011. This
insight is not only valuable in itself, it also suggests a role
for low level audio features as an option in multimodal con-
cept detection thus augmenting present concept detection
systems. The paper is organized as follows. Section 2 gives
an overview of related work in both the field of acoustic and
visual multimedia analysis as well as multimedia event de-
tection. Section 3 discusses the TRECVid MED 2011 data
set before Section 4 describes the algorithms employed. An
evaluation of the approach is presented in Section 5 before
Section 6 concludes the paper with a discussion of evaluation
results as well as future work.

2. RELATED WORK

There is a wealth of related work in multimedia content
analysis, especially video analysis. A comprehensive descrip-
tion of the related work would easily exceed the page limits
of this paper. Therefore, we concentrate on surveying only
parts of the most relevant work. Very few papers take into
account audio, and most importantly most work concen-
trates on finding small events or objects rather than entire
concepts. Very good summaries are provided by a 2006 ar-
ticle by Lew, Sebe, Djeraba, and Jain [6] and a 2009 article
by Snoek and Worring [12]. In [9], for example, the authors
present a content-adaptive audio texture based method to
segment video into audio scenes. A similar idea using a dif-
ferent approach was proposed in [1], where an unsupervised
method for repeated sequence detection in TV broadcast
streams was presented. The approaches would be very in-
teresting to try on the data we used. However, the work

20

mainly concentrates on scene transition markers and thus
works mostly for professionally produced content. In [6] the
possibilities of using multimodal analysis including audio are
emphasized as a major research challenge.

The TRECVid evaluation [6], organized on a year-by-year
basis by the US National Institute of Standards and Tech-
nologies (NIST), investigates mostly visual event detection
on broadcast videos [8]. The task is to detect concepts like
“a person applauding” or “a person riding a bicycle”. How-
ever, while approaches for earlier TRECVid challenges have
in some instances used speech recognition, audio has mostly
been ignored, with the exception of the detection of prese-
lected audio sub-concepts such as “outdoor urban”, “outdoor
rural” or “indoor quiet” described in [4]. Many visual meth-
ods developed in the community are related to the research
presented here and could be used to complement it. The
Informedia project’s [15] basic goal is to achieve machine
understanding of video and film media, including all aspects
of search, retrieval, visualization and secularization in both
contemporaneous and archival content collections. How-
ever, again, audio is not explored beyond speech recognition.
TRECVid’s counterpart, the NIST Rich Transcription (RT)
[7] evaluation, focuses on acoustic methods for transcribing
multimedia content. The evaluation is currently focusing on
meeting data, but previous evaluations included broadcast
news from radio and television.

3. DATA SET

The TRECVid 2011 MED dataset is different from the
original TRECVid dataset. The MED dataset is comprised
of “found videos”, i.e. consumer-produced videos downloaded
from various social networking sites. Most videos are very
short (a couple of minutes) and not produced professionally.
The query sets (so-called event kits) are comprised of fifteen
categories, which we used for training our system, with only
five of those categories available for testing purposes during
our study. The event kits consist of a total of 2040 videos
and the test set of a total of 4251 videos. The five event cat-
egories which are available in the test set are “attempting a
board trick”, “feeding an animal”, “landing a fish”, “wedding
ceremony”, and “working on a woodworking project”; the re-
mainder of the videos in the test set are random videos not
belonging to any of the event categories.

The number of videos in each category for train and test
is available in Table 1. The contents of these videos is highly
variant, for example, the concept “attempting a board trick”
includes people skateboarding, snowboarding and surfing,
while the “wedding ceremony” varies from a traditional catholic
mass, to a Hindi ceremony, to home-made music videos.

4. SYSTEM OVERVIEW

Our system is derived from a GMM-UBM speaker recog-
nition system [10] using C0-C19 Linear Frequency Cepstral
Coeflicients (LFCC) features with 25 ms windows and 10 ms
stepsize, along with deltas and double-deltas (60 dimensions
total) as well as Modulation Spectrogram (MSG) features.

Mel Frequency Cepstral Coefficents (MFCCs), which are a
representation of the short-term power spectrum of a sound,
based on a linear cosine transform of a log power spectrum
on a nonlinear Mel scale of frequency, are commonly used
as features in speech recognition systems. LFCCs use the
same transformation, except for the Mel scale. For event



Table 1: Number and Types of Videos in Training
and Testset.

Category | Description Train Data | Test Data
E001 Board Trick 160 111
E002 Feeding Animal 160 111
E003 Landing Fish 122 86
E004 ‘Wedding 128 88
E005 Woodworking 142 100
E006 Birthday Party 173 0
E007 Changing Tire 110 0
E008 Flash Mob 173 0
E009 Vehicle Unstuck 131 0
EO010 Grooming animal 136 0
EO011 Make a Sandwich 111 0
E012 Parade 134 0
E013 Parkour 108 0
E014 Repair Appliance 123 0
EO015 Sewing 116 0
Other Random other N/A 3755

classification we have found that using LFCCs gives simlar
results and therefore Mel scaling is not needed. The Modu-
lation Spectrogram provides an alternative and complemen-
tary representation of the speech signal with a focus on tem-
poral structure [14] as it represents a filtered version of the
spectrogram of a sound signal. The spectrogram of the sig-
nal is computed using an FFT with a step size of 10 ms and
an analysis window of 25 ms. In contrast to LFCC features,
where for each frame the DCT coefficients of the log-FFT
amplitudes are computed, MSG analyzes the spectrogram
using 18 bands from 0 to 8 KHz, filtering the resulting 18
temporal signals with two different filters in the Hz range: a
0-8 Hz filter and an 8-16 Hz filter. For each frame, the MSG
features capture the low-pass and band-pass behavior of the
spectrogram of the signal within each of the 18 subbands,
resulting in a total of 36 features per frame. In contrast to
LFCCs, the modulation spectrogram provides information
about longer temporal phenomena as it uses 0.21 seconds
of analysis to extract the features. Thus, we expect that,
jointly with LFCCs, this representation of the spectrum of
the signal will be richer and perform better. We normalize
all features per file by the mean and standard deviation of
that file. Audio files with features for which this normal-
ization method produces poor feature values (i.e. having
a low standard deviation may produce extraordinarily high
feature values) are ignored. The GMM-UBM system is a
widely-used approach to speaker recognition, and is easy to
implement. Specifically, for each audio track, a set of fea-
tures is extracted and one Gaussian Mixture Model (GMM)
is trained for each acoustic event, using features from all its
videos. In other words, several hours of videos are trained
into one GMM, disregarding the underlying sub-event struc-
ture of the audio. Since the models therefore represent an
entire event kit and not only an atomic event, we call them
“super-models”. To increase the salience of event specific fea-
ture values, we apply a MAP (maximum a posteriori) adap-
tation from a universal background GMM model (UBM),
which is trained using LFCC/MSG features from all audio of
all acoustic events in the training set (i.e. event-independent
audio) [10]. For testing, the log-likelihood of LFCC and
MSG features from each test audio are computed using the
pre-trained GMM models of each acoustic event. Figure 1
illustrates the GMM-UBM system.
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Figure 1: Simplified overview of GMM-UBM acous-
tic event detection system.

In order to combine LFCC features and MSG features on
the model level, separate GMM-UBM systems are trained
for LFCC and MSG. Scores from both systems are then com-
bined to compute the overall score. The scores are weighted
with the heuristically determined factors 6 for LFCC and 31
for MSG. A total of 128 mixtures are used for each GMM
in the MSG system and a total of 1024 mixtures are used
in the LFCC system. A likelihood score for each test audio
as a match to each of the acoustic events is obtained as fol-
lows: Scores for which the acoustic event of the test video
matches the event of the GMM model are known as true trial
scores; scores for which the acoustic events do not match are
known as false trial scores. During scoring, a threshold is
established for distinguishing the true trial scores from the
false trial scores. The system performance is based on EER,
which is the false alarm rate (percentage of false trial scores
above the threshold) and miss rate (percentage of true trial
scores below the threshold) at a threshold where the two
rates are equal. Since TRECVid MED 2011 simulates a re-
trieval task from wild videos in the Internet, the assumption
is that high miss rates can be tolerated in favor of low false
alarm probabilities. Therefore the benchmark compares the
number of misses at a given false alarm rate of 6%. The
percentage of misses at a given false alarm rate is computed
in a similar fashion to EER. A measure of accuracy can
also be obtained by assigning to each test audio the event
model with the highest score, and determining whether the
assigned event model represents the actual event of the test
audio.

The open-source ALIZE speaker recognition system im-
plementation is used [2], and the 60-dimensional LFCC fea-
tures as well as the 36-dimensional MSG features are ob-
tained via HTK [3]. The experimental setup is designed to
account for the influence of priors and data sparsity, as prac-
ticed in the US National Institute of Standards and Tech-
nology’s (NIST) speaker recognition evaluations for many
years [13].
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Figure 2: Confusion Matrix for EO01-E005 as de-
scribed in Section 5.

S. EXPERIMENTAL RESULTS

The experiments were conducted using the 4251 videos of
the TRECVid MED 2011 open development set described
in the previous section and using the system described in
Section 4. A total 94 videos do not contain a soundtrack
which are classified as “other”. Since all of these files were
actually part of the “other” category, they did not have any
impact on the result. At a fixed false-alarm rate of 6 %, an
unweighted model combination (weighting 1:1) results in a
miss probability of 80.8 %. With a heuristically determined
weighting of 6:31, a miss probability of 79.4 % was achieved.
This is equivalent to an Equal Error Rate of 36 %. In the
computation of the miss rate, a number of 8 files from the
target set for which no features could be generated in a way
they were usable for the system is also accounted for. These
video files contained a soundtrack but had no audible sound.

It should be noted that this value was achieved with audio
analysis only, so combination with visual features is expected
to increase the overall performance. The audio based con-
cept detection worked best on E001 and E005, the “board
trick” and the “woodworking” scenario. Above the threshold
score, the system correctly identified 30 videos for E001, 6
for E002, 7 for E004 and 24 for E005. Figure 5 shows the
confusion matrix without the 6 % threshold thus showing
the winning classifier for all events, even if the winning clas-
sifier’s score was below the threshold. The DET curve for
the evaluation run is depicted in Figure 5. The DET curve
shows the relation of miss probability and false alarm prob-
ability for the experimental run. Both training and testing
on over 6000 videos could be finished in about 10 hours on
an 8-core commodity PC.

5.1 Analysis

Our system achieves the most promising results in the
“attempting a board trick” and “working on a woodwork-
ing project” categories. Therefore, we decided to perform
a more in-depth human analysis of these videos, with the
hope of understanding what allowed the system to distin-
guish them. The five most common acoustic events in the
“attempting a board trick” category according to human an-
notators were: Post-production music, speech, thumps (of a
board landing on a surface), skateboard wheels on concrete,
and slow motion distortion. A human analysis of the suc-
cessfully categorized and miscategorized “board trick” videos
revealed that the great majority of successfully categorized
videos contained high tempo post-production music, and the
majority of miscategorized videos had virtually no music
at all. The sounds most commonly associated with board
tricks (by humans) seem to have little bearing on successful
categorization by our system. Similarly, in the “Woodwork-
ing” category our top-five acoustic events were as follows:

99 T T T T T T T T T T

Miss probability {in %}

1 i i i i i i i i

1 2 5 10 20 40 60 80 g0 85 98 99
False Alarm probability {in %}

Figure 3: DET curve of results as described in Sec-
tion 5.

Speech, Knife Scraping, Power Lathe, Hammer, and Table
Saw. Speech was by far the most common sound in these
videos, occurring in approximately 2/3 of the videos which
we studied. Woodworking videos often have an individual
clearly speaking to the camera, explaining technique. Our
analysis of successfully classified videos suggests that the
system is detecting speech of this type, as most of them
have this layout. The actual sounds of woodworking seem
to have little weight in our current system’s classification of
this type of video. An analysis of the top-ten videos classi-
fied as woodworking from the “other” category showed rather
unsurprising results based upon our previous analysis: they
were mostly “instructional” videos in which speakers used
an instructional voice, consisting of a single person speaking
directly to the camera. A few amusing outliers occurred,
notably HV(C328564, which was of people breaking wooden
boards in a karate class, which one could argue is actually
“woodworking” (albeit unusual). Overall, however, we inter-
pret this as further indication that machines find other fea-
tures discriminative than humans, which is again supporting
the hypothesis for a data-driven approach.

5.2 Limits of the Approach

One shortcoming of the data-driven approach is that it
is hard to explain why a video was classified as belonging
to a certain event class and why another was not. It might
for instance also be possible that the system is trained on
too much noise i.e., it is overfitted to the current training
set. Even though this is mitigated by training a background
model, there is no way to analyze which sub-classes of sounds
are learned by the system. While this fact is to a degree
based on the nature of data-driven concept detection, the
authors plan to address it in future extensions, for example
by exploring the possibility of combining sub-event detection
with the proposed approach. Another shortcoming that is
shared with most other approaches is parameter sensitivity.



For example, initially, LFCC features from 280 files were
not usable by the system. A later analysis has shown that
LFCC features were generated using a 300 Hz low pass filter
and a 3000 Hz high pass filter, a standard setting for many
acoustic recognition tasks. After changing the high pass
filter to 6000 Hz the number of unusable feature files dropped
to 7 files. First experiments with LFCC in the new frequency
range (tested with 128 Gaussians) have also indicated that
using this broader range of frequency improves detection
results. A simple 1:1 combination of the broader frequency
LFCC and MSG has resulted in a miss probability of 78.4 %
at a false alarm rate of 6%. Note that the discussion of
positively identified files in the previous section does not
take this extended frequency range into account. We assume
that the modification has also changed the type of sounds
that are detected.

6. CONCLUSION

The two obvious media that can assist in video event de-
tection are the visual and acoustic modalities. Traditional
vision-based methods, however, mostly rely on analysis tech-
niques that involve object recognition. This fact makes vi-
sual approaches highly domain dependent as the trained
classifiers need to be trained based on human annotation.
This is impractical with ever-changing sample queries over
found consumer-produced data. Data-driven approaches for
image analysis, such as “bag of words” approaches are highly
computationally inefficient as they require the analysis of
two to three orders of magnitude more data than audio-
based analysis techniques'. Therefore, in order to explore
the applicability of data-driven approaches to event detec-
tion, the approach presented in this paper is based on audio
features only. The features used are LFCC and MSG. They
are combined on a model level to combine the classification
strengths of both features. The evaluation discussed in this
paper has shown that a purely data driven approach for
video concept detection can yield results that are compa-
rable to visual approaches. Application of the approach to
the TRECVid MED 2011 development set, which consists of
more than 4000 random “wild” videos from the Internet, has
shown a detection accuracy of 64 % which includes videos
that do not contain an audio track. This is even more sur-
prising as these results have been achieved with a purely
acoustic approach and the challenge calls for multimodal
approaches. The system presented in this paper is designed
to be part of a multimodal event detection framework that
will incorporate visual concept detection, OCR, audio tran-
scripts and semantic analysis. It is expected that the combi-
nation of these different kinds of classifiers will lead to even
better results.

Future work will include experiments with other feature
sets and different frequency ranges. We also plan to ad-
dress the fact that different classifiers perform differently on
an event-class by event-class basis. In order to tackle the
shortcoming that results can not be explained intuitively to
the user, we explore the use of higher level audio features
such as described in [11].

'Remember that content analysis is usually performed by
extracting features from raw, i.e. uncompressed, video. A
second of mono audio sampled at 44.1 kHz with 16 bit res-
olution is 88 kB while a second of low-resolution video, say
(320 x 240 RGB-pixels at 25 frames per second) is 5.76 MB.

23

7. ACKNOWLEDGMENTS

This work has been supported by the Intelligence Ad-
vanced Research Projects Activity (IARPA) via Department
of Interior National Business Center contract number D11-
PC20066. The U.S. Government is authorized to reproduce
and distribute reprints for Governmental purposes notwith-
standing any copyright annotation thereon. The views and
conclusions contained herein are those of the authors and
should not be interpreted as necessarily representing the of-
ficial policies or endorsements, either expressed or implied,
of TARPA, DOI/NBC, or the U.S. Government.

8. REFERENCES

[1] S. Berrani, G. Manson, and P. Lechat. A
non-supervised approach for repeated sequence
detection in TV broadcast streams. Signal Processing:
Image Communication, 23(7):525-537, 2008.

[2] J.-F. Bonastre, F. Wils, and S. Meignier. Alize, a free
toolkit for speaker recognition. In ICASSP’05, IEEE,
Philadelphia, PA (USA), March, 22 2005.

[3] Hmm toolkit (htk). http://htk.eng.cam.ac.uk.

[4] Y.-G. Jiang, X. Zeng, G. Ye, S. Bhattacharya, D. Ellis,

M. Shah, and S.-F. Chang. Columbia-ucf trecvid2010
multimedia event detection: Combining multiple
modalities, contextual concepts, and temporal
matching. In NIST TRECVID Workshop, 2010.
[5] LABELME. http://labelme.csail.mit.edu/.
[6] M. S. Lew, N. Sebe, C. Djeraba, and R. Jain.
Content-based multimedia information retrieval: State
of the art and challenges. ACM Trans. Multimedia
Comput. Commaun. Appl., 2(1):1-19, 2006.
NIST Rich Transcription evaluation.
http://www.itl.nist.gov/iad/mig//tests/rt.
NIST TRECVid evaluation.
http://www-nlpir.nist.gov/projects/trecvid/.
F. Niu, N. Goela, A. Divakaran, and
M. Abdel-Mottaleb. Audio scene segmentation for
video with generic content. In Proceedings of SPIE,
volume 6820, page 68200S, 2008.
D. A. Reynolds, T. F. Quatieri, and R. B. Dunn.
Speaker verification using adapted gaussian mixture
models. In Digital Signal Processing, page 2000, 2000.
P. Sidiropoulos, V. Mezaris, I. Kompatsiaris,
H. Meinedo, M. Bugalho, and I. Trancoso. On the use
of audio events for improving video scene
segmentation. In WIAMIS 2010, pages 1 —4, 2010.
C. G. M. Snoek and M. Worring. Concept-based video
retrieval. Foundamental Trends in Information
Retrieval, 2(4):215-322, 2009.
Nist speaker recognition evaluation.
http://www.itl.nist.gov/iad/mig/tests/sre.
O. Vinyals and G. Friedland. Modulation spectrogram
features for speaker diarization. In Proceedings of the
9th International Conference of the ISCA, pages
630-633. Interspeech 2008, 2008.
H. Wactlar, T. Kanade, M. Smith, and S. Stevens.
Intelligent access to digital video: Informedia project.
Computer, 29(5):46-52, 1996.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /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
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /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 [
    /PDFX1a:2003
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. 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 Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




