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Abstract

We propose methods for segmenting a motion sequence
into motion primitives, taking into account temporal con-
straints (continuity along the time axis). In the proposed
methods, dynamic programming (DP) is used on a motion
feature sequence to allow for the effects of these constraints
on the results of the segmentation. The methods do not re-
quire such a running window along the time axis, as is typ-
ical for the usual methods, and thus they can be applied
to the segmentation of transient motions. The results of
comparative experiments using several motion features and
segmentation methods on weightlifting motion data demon-
strate the effectiveness of the proposed methods.

1. Introduction

The analysis of human motion in a video sequence has
become an important topic in computer vision. This task
involves many computer vision problems, such as recogni-
tion [4] and segmentation [11]. Motion recognition in par-
ticular has been the primary concern of many researchers in
the area. In the early years, studies for the recognition of
gestures and other simple actions were carried out by ap-
plying specific object models in a carefully controlled envi-
ronment for capturing images [10]. In recent years, many
researchers have studied the recognition of more detailed
motions, such as human gait [5], from natural motion im-
ages captured outdoors without assuming object models [4].
Note that only predefined motions are considered for the
recognition task.

This paper addresses the problem of segmentation of
motion sequences without any specific prior knowledge of
types of motion or models. On the basis of the motion fea-
tures, a sequence can be divided into several short subse-
quences (segments) for which all motions (restricted to such
a subsequence) are identical in a sense and do not include
sudden changes. Segmentation is useful for many appli-
cations, such as the creation of a summary of a long mo-
tion sequence to facilitate browsing, or the content-based
compression of motion images. For sports science in par-

ticular, segmentation is effective for analyzing detailed mo-
tions. The motions of a sports player ordinarily consist of
several phases to accomplish a specific task, such as lifting
a heavy weight. These phases are required to be automat-
ically segmented, in order to check the form of the play-
ers and to analyze any deficiencies. On the other hand, for
video sequences, methods for cutting scenes have also been
studied [2]. Those detect boundary points at which sev-
eral kinds of camera break, i.e. video editing, occur. Scene
cuts are different from the segmentation studied in this pa-
per which is based on information contained in the motion
itself, not on video editing.

Motion segmentation can be approached in either a top-
down or bottom-up way [8]. In the top-down approach, hu-
man activities are segmented according to human seman-
tics, where boundary points can differ from person to per-
son. In the bottom-up approach, a motion sequence is seg-
mented based only on the motion information itself without
reference to top-down semantics. For example, “walking”
is a top-down segmented activity consisting of the motion
of two legs which can be analyzed in a bottom-up fash-
ion. Top-down activities are composed of bottom-up mo-
tion primitives, and the particular way of combining motion
primitives to define a top-down activity depends on a user
and a task. In this paper, we focus on the bottom-up ap-
proach to segmentation.

There are several studies related to segmentation. Rui
and Anandan [8] applied the frame difference method1 or
the AR model to motion features based on optical flow.
In [11], statistical motion features based on spatio-temporal
gradients were extracted and then clustered using the Spec-
tral Clustering method [6]. Janus and Nakamura [3] em-
ployed HMM with motion capture data. Though these
studies utilized a running window along the time axis, its
effect on performance was hardly discussed in those pa-
pers. We now consider the toy example of the smooth one-
dimensional sequence shown in Fig. 1. The result of frame
difference is shown in Fig. 1(b). Since the method of frame
difference focuses only on the local (adjacent) data, it can-

1Frame difference examines differences between adjacent features as
well as frames.

978-1-4244-2154-1/08/$25.00 c©2008 IE



(a) (b)
Figure 1. Toy example: (a) one-dimensional sequence with seg-
mentation results from the proposed method (1) and Spectral Clus-
tering (2). Both black and white indicate segments (and so forth).
(b) The result of frame difference.

not deal with such a continuous sequence which does not
include any local sudden changes. Moreover, it is intrinsi-
cally difficult to determine a threshold for detecting change
points. As shown in Fig. 1(a), the clustering method cannot
be successfully applied because it utilizes individual fea-
tures, disregarding the continuity of the time series and re-
sulting in an identical cluster for the same motions at dis-
tinct time which should be different segments (Fig. 1(a-2)).
If the method of a running time window with appropriate
time length were applied, it might be successful, as in [11].
The appropriate time length, however, is difficult to deter-
mine without any prior knowledge about the motion. Be-
sides the approach utilizing a running window would be
effective for segmenting cyclic or repeated motions, but it
would be likely to fail in the case of transient motion, since
it blurs discrimination at boundary points.

In this paper, we propose methods for bottom-up seg-
mentation of motion images. Under weak assumptions and
not requiring specific models of motion, dynamic program-
ming is employed to naturally incorporate the property of
time sequencing, i.e. the continuity of time series. The
methods optimize segmentations based on the global con-
sistency of segments; this approach is different from one
that employs local decisions, such as the frame difference
method. In addition, the proposed methods do not require a
window running along the time axis, as is typical in ordinary
methods, and thus they are applicable to the segmentation
of transient motion.

2. Proposed Method

Standard clustering methods used for motion image seg-
mentation occasionally yield intermittent results, as shown
in Fig. 1(a-2). In motion images, successive data samples
are likely to form a segment and thus segment labels as-
signed to each sample should be smooth (consistent with
respect to adjacency) along the time axis. In this paper, we
apply dynamic programming (DP) in order to incorporate

the continuity of time-series data.
Given motion feature vectors X = {xt ∈ RD|t =

1, · · · , L}, segmentation can be formulated in terms of the
following optimization problem:

min
b0,··· ,bN

E(L,N) =
N−1∑
i=0

G(bi, bi+1)

s.t. bi ∈ {0, · · · , L}, b0 = 0, bi < bi+1, bN = L, (1)

where N is the number of segments, i-th segment ranges
over [bi−1+1, bi], G(a, b) is the cost of the segment [a+1, b],
and E(l, n) is the total cost of n segments over the interval
[1, l]. Eq.(1) can be solved by dynamic programming (DP)
using the following recurrence formula:

E(l, n) = min
k<l

E(k, n − 1) + G(k, l). (2)

DP has several advantages for segmenting motion images:
Firstly, by defining segment-wise costs, temporal continu-
ity is naturally incorporated. The method can avoid inter-
mittent segmentation and possibly yield a smoothed result.
Secondly, the constraint on segment lengths can be easily
incorporated into the optimization problem (Eq.(1)) by

G(k, l) = ∞ if |l−k| < Lmin or |l−k| > Lmax, (3)

where Lmin, Lmax are minimum and maximum lengths of
segments, respectively. This is practically useful and re-
duces the computational cost of Eq.(1) from O(NL) to
O(N(Lmax − Lmin)). Thirdly, the method does not re-
quire a running time window along time axis, unlike other
methods [11, 3]. As mentioned before, a running window
smoothes out discontinuities at boundary points and besides
determination of the window length is intrinsically difficult.
Fourthly, in contrast to the frame difference method, seg-
mentation by DP is based on the global consistency, which
is helpful for robustness of the method with respect to noise.

We propose three versions of the method by defining the
segment cost G in three ways: two are based on statistics of
data and the third is based on affinities between data pairs.

2.1. Statistics Based Cost

The segment cost is defined on the basis of statistics
of motion feature vectors within the segments. It is ex-
pected that such vectors have small variance within each
segment. From this viewpoint, we can employ the Fisher
discriminant criterion: the variance within segments, σ2

W ,
is to be minimized, while that between segments, σ2

B , is
to be maximized. Since the total variance σ2

T is constant,
minimization of σ2

W is equivalent to maximization of σ2
B

(σ2
T = σ2

W + σ2
B = const). The variance between segments

is described as follows:

σ2
B =

N∑
i=1

pi||µi − µT ||2 =
N∑

i=1

pi||µi||2 − ||µT ||2,



where µT ,µi are the mean vectors for the whole segment
and the i-th segment, respectively, and pi is the probability
of the i-th segment. Since ||µT ||2 is given and constant, the
segment cost is defined as

G(a, b) = −p[a+1,b]

∣∣∣
∣∣∣

b∑
j=a+1

p[a+1,b](xj)xj

∣∣∣
∣∣∣
2

, (4)

where p[a+1,b], p[a+1,b](x) are the probability of the seg-
ment [a + 1, b] and the probability that the sample x is in
the segment, respectively. We call this Fisher DP (F-DP),
a natural extension of [7] to motion feature vectors.

On the other hand, in the case that the sample vectors
consistently, e.g. linearly, vary throughout the segment,
simply minimizing the variance within segments is not suf-
ficient to deal with such the variation. Therefore, the seg-
ment cost is considered to be defined by the least square
error in the linear approximation of the sample vectors. The
linear approximation and segment cost are given by

xt =mt + c=[m, c][t, 1]′=A[t, 1]′, t ∈ [a + 1, b]

A =
( b∑

t=a+1

p(xt)xt[t, 1]
)( b∑

t=a+1

p(xt)[t, 1]′[t, 1]
)−1

G(a, b)=
b∑

t=a+1

p(xt)||xt − A[t, 1]′||2, (5)

where p(x) is the sample probability. We call this Linear
DP (L-DP). This has more degrees of freedom than F-DP
which is the special case of L-DP (m = 0). We simply
apply a linear approximation in order to avoid over fitting
by a polynomial approximation.

In the two proposed methods above, sample probabili-
ties are taken into account. These are interpreted as sample
weights wt(

∑
t wt =1) in the time series:

p(xt) = wt, p[a+1,b] =
b∑

t=a+1

wt, p[a+1,b](xt) =
wt

p[a+1,b]
.

Usually the samples are equally weighted (wt = 1/L). In
the case that we have prior knowledge about the segmenta-
tion, such as key frames, the weights at those frames could
be more highly assigned.

The only parameter in DP is the number of segments,
N . Through the process of calculating Eq.(2), the results of
∀n ≤ N segments are also obtained. Thus, it is sufficient
to obtain results for a large number N and then automati-
cally select the optimal one from those results. We propose
the measure for evaluating segmentation results by focusing
on differences between adjacent pair-wise segments. In F-
DP, adjacent segments are evaluated by the pair-wise Fisher
criterion:

ηF (n) =
1

n − 1

n−1∑
i=1

σi,i+1
B

σi,i+1
W

.

L-DP utilizes the differences in the approximated linear
forms between adjacent segments:

ηL(n) =
1

n − 1

n−1∑
i=1

||µi+1 − µi||2 + ||mi+1 − mi||2
ε2i + ε2i+1

,

where ε2i is the least square error in the segment i. These
measures penalize the cuts between flat segments. The seg-
mentation result of the highest score is considered to be op-
timal (n∗=arg max2≤n≤N η(n)).

2.2. Affinity Based Cost

Affinities (or similarities) between samples have been
utilized in Spectral Clustering [6] and Affinity Propaga-
tion [1]. The segment cost is defined based on these affini-
ties. Similarly to minimization of σ2

W in F-DP, the samples
in each segment are expected to have strong affinities each
other. The segment cost is defined as

G(a, b) = −
b∑

t=a+1

si∗t, i∗ = arg max
a<i≤b

b∑
t=a+1

sit, (6)

where sit is the affinity between samples i and t. G is the
summation of affinities between all samples t and the rep-
resentative sample i∗ in the segment. We call this Affinity
DP (A-DP). It is the same formulation as Affinity Propa-
gation (AP) [1]. AP optimizes the cost by Belief Propa-
gation and tends to be trapped in local minima, whereas
a global minimum is obtained by DP in this paper. The
evaluation measure for determining the optimal number
of segments is directly given by the (negative) total cost
(ηA(n) =−E(L, n)). Note that the computational cost for
calculating all G defined in Eq.(6) is O(L3) while that of
F/L-DP in Eq.(4,5) is O(L2).

Here, self-affinities stt play different roles from the other
affinities between samples. The bigger the self-affinity is,
the more likely the sample becomes the representative. This
can be interpreted as the sample weight (importance), which
could be larger at key frames. The total cost can then be
decomposed as follows:

E(L, n) =−
n∑

i=1

bi+1∑
t=bi+1

si∗t =−
n∑

i=1

bi+1∑
t=bi+1,t�=i∗

si∗t−
n∑

i=1

si∗i∗ .

The second term on the right hand side is the sum of self-
affinities at the representative samples. Thus, the sum
and/or the scale of self-affinities may affect the total cost
(or ηA), i.e. the optimal number of segments. The self-
similarities are usually set to 0.

3. Experiment

The proposed methods are applied to segmentation of
motion image sequences for sports motion analysis. The



performances are compared with those of the other segmen-
tation methods by using several motion features.

3.1. Motion Features

We employ two kinds of motion features: Cubic Higher-
order Local Auto-Correlation (CHLAC) [5] and the gradi-
ent histogram (GH) [11]. These view-based motion features
are derived from the statistics of object motions without any
prior knowledge. CHLAC is a histogram of local configura-
tion patterns (auto-correlations) of moving points found by
frame difference. It extracts features not only of velocity but
also of acceleration, and it has been successfully applied to
motion recognition [5]. GH is a concatenated histogram of
absolute component values of normalized spatio-temporal
gradients. It captures only the velocity without respect to its
directional sign. Thus, CHLAC may extract more detailed
motion features than GH.

For comparison, the minimum time length T of a run-
ning window is set to 4 frames in both CHLAC and GH. In
order to calculate affinities in A-DP and Spectral Cluster-
ing, Euclidean distance is used in CHLAC whereas the χ2

distance [11] is used in GH.

3.2. Segmentation methods

We apply two other segmentation methods for compari-
son. One is a linear filter (LF) method including frame dif-
ference and the AR model. Suppose we have time windows
of length T . Then the linear filter a ∈ RT is calculated by

min
a

∑
t

||Xta||2, s.t.||a|| = 1 ∴
∑

t

X ′
tXta = λmina,

where Xt = [xt, · · · ,xt+T−1]. The filter a is determined
so as to possibly decrease the norm of output vectors Xta.
It is the eigenvector associated with the minimum eigen-
value. The boundary point is detected by thresholding the
filter response values ||Xta||. The appropriate threshold
value is determined by hand in this experiment.

The other is the Spectral Clustering (SC) method [6],
successfully applied with GH motion features in [11] for
clustering of cyclic motions. The motion features are cal-
culated from the frames within the running time windows.
Segments are detected by clustering the motion features into
k clusters, say k=10 in the experiment.

The proposed methods are applied with the maximum
number of segments, N = 20. Then, the segmentation re-
sults with the highest evaluation score are shown.

3.3. Motion Images

The subject for this experiment is weightlifting. It is a
sport involving dynamic motion using full body kinemat-
ics, and athletes’ motions transit through several phases to
finally lift up the heavy barbell [9]. Since these phases are

difficult to segment even by hand, automatic segmentation
of transient motion is a challenging task but quite useful
for analyzing the motion to improve athletes’ performances.
On the other hand, the segmentation of motion sequences
has been traditionally applied to cyclic motions, such as
repeated gestures, and the boundary points have been eas-
ily determined. We captured motion images of two kinds
of weightlifting, the “clean and jerk” and the “snatch,” as
performed by members of the Japanese National Women
Weightlifting team. It should be noted that the environment
for capturing images is an actual practice scene at a training
camp, not a carefully controlled environment designed for
this study, and thus background noise derived from other
moving persons is found in the images.

3.4. Segmentation Result

Since we do not have definitive prior knowledge about
the boundary points, the segmentation results are evaluated
a posteriori in terms of their appearances. For the “clean
and jerk” motion sequence, the combination of F-DP and
CHLAC yields quite a favorable result, as shown in Fig. 2.
The important phases, clean, jerk and hold, are detected. In
the clean phase, it is noteworthy that the first and second
pulls (2,3)2 are separately detected, even though the bound-
ary point between these pulls, i.e. the moment of maximum
acceleration of the pull motion, is not apparent. In the jerk
phase, the making ready motion (crouch (12)) is detected
before the split jerk (13) segment. The resulting segments
may appear to be too detailed; for example, first and sec-
ond stand up (6,7) and jump up and down (8,9) might be
merged into stand up and jump, respectively, by human ob-
servers. The proposed method, however, detects bottom-up
segments that are motion primitives. How to merge them
depends on the application tasks or users, which is out of
the scope of this paper. By comparing to this most favor-
able result, which is shown with the caption of “optimal”
in all figures, all segmentation methods and motion features
are comparatively studied below.

When applying GH features with running windows of
various time lengths T , the segmentation results are shown
in Fig. 3. Linear Filter (LF) hardly distinguishes the clean
phase in which the important motions of first, second pull
are performed (Fig. 3(a)). For Spectral Clustering (SC) in
Fig. 3(b), the sequence is evenly over-segmented and the
boundary points seem less meaningful even when a larger
time interval T is taken. As shown in Fig. 3(c), with F-DP,
the clean phase is detected but the other segments are not so
meaningful. The result of L-DP is similar to that of F-DP
except that the clean phase is not detected. On the other
hand, A-DP produces a somewhat similar segmentation re-
sult to the most favorable one. This is due to a difference

2For the Italic name and the numbers in parentheses, refer to the caption
of Fig. 2.



1 2 3 4 5 6

7 8 9 10 11 12

13 14 15 16 17
Figure 2. The most favorable segmentation result for the “clean and jerk” obtained by F-DP with Lmin =10, N =20 and CHLAC features
where 17 motion primitives are detected. The numbers indicate segmented motion primitives: (1) lift off (2) first pull (3) second pull (4)
drop under the bar to catch (5) small bounce (6) first stand up (fast) (7) second stand up (slow) (8) jump up (9) jump down (10) recover
balance (11) hold (12) crouch (13) split jerk (14) catch the barbell over the head (15) lift up (16) hold (17) throw away the barbell.

(a) Linear Filter (b) Spectral Clustering (c) Proposed Method
Figure 3. The segmentation results when GH features are applied. In (a), (b), T denotes the time length of the running window. In (c), the
numbers in parentheses are optimal numbers of segments which are obtained based on the evaluation criteria (ηF , ηL, ηA).

of the metric for features; namely, A-DP makes use of the
χ2 distance whereas F/L-DP utilizes Euclidean distances.
A-DP can be seen to be effective compared to SC which
also makes use of the χ2 distance. Totally, favorable results
are not obtained by using GH features. Since GH features
describe motion characteristics in a simple way without a
directional sign, it is difficult to capture detailed character-
istics of weightlifting motion which is based mainly on ver-
tical movements only.

In the case of CHLAC features, the results of all methods
are improved (Fig. 4). LF with T =32 (Fig. 4(a)) roughly
segments the clean phase and detects both the end of the
second pull (3) and the start of first stand up (6). The points
detected, however, are not quite correct due to smoothing of
the sequence arising from running windows. In Fig. 4(b),
some of the boundary points from SC with T=32 are some-
what close to those in the most favorable result, though

some meaningless boundaries still remain due to over seg-
mentation. As shown in the bottom three results of Fig. 4(c),
the proposed methods detect the key phases, clean, jerk, and
hold. However, they also detect some segments that are too
short, especially within throw away (17) which contains ex-
treme motions of the thrown barbell. We limit the segment
length to Lmin=10 in Eq.(3), so as to detect somewhat long
and meaningful segments. Then the results are improved
and all segments are meaningful as shown in the top three
results of Fig. 4(c). The result of A-DP is favorable and
quite similar to that of F-DP (the most favorable one) ex-
cept that a few segments are missed: the first pull (2) and
the stand up (6,7). Note that the segmentation result of A-
DP with the fourth score (16 segments) is almost the same
as the most favorable result. On the other hand, L-DP yields
a slightly inferior result: the second pull (3) is missed and
the cycle within the small bounce (5) is overly segmented.



(a) Linear Filter (b) Spectral Clustering (c) Proposed Method
Figure 4. The results when CHLAC features are applied. In the top three results of (c), the constraint of Lmin =10 in Eq.(3) is applied.

1 2 3 4 5 6 7 8
Figure 5. The segmentation results for the “snatch”: (1) lift off (2) first pull (3) second pull (4) drop under the bar to catch (5) small bounce
(6) stand and lift up (7) hold (8) throw away the barbell. The motion primitives are similar to those in “clean and jerk” (Fig. 2).

Fig. 5 shows the experimental results for the “snatch”
weightlifting motion using CHLAC and the proposed meth-
ods. The “snatch” consists of motion phases similar to those
for the “clean and jerk” and the segmented motion primi-
tives in Fig. 5 are also similar to those in Fig. 2. The mo-
tion images contain more noise caused by background per-
sons moving around. In F-DP, the result of the first score is
slightly affected by the background noise, whereas that of
the fourth score yields the most favorable result. A-DP of
the first score also produces the most favorable result.

In summary, the combination of F/A-DP and CHLAC
is the best; in terms of computational cost, F-DP may be
better than A-DP. It is found that the simple segmentation
method, which has few degrees of freedom, is suitable for
the detailed motion features extracted by CHLAC. F/A-DP
imposes the simple assumption, whereas L-DP has more de-
grees of freedom, producing unfavorable results.

4. Conclusion

We have proposed methods for segmenting motion im-
ages by using dynamic programming. The methods can
incorporate temporal continuity and optimize the segmen-
tation based on the global consistency of segments. In ad-
dition, the methods do not require a running window along
the time axis. The proposed methods with CHLAC motion
features were applied to two kinds of weightlifting motion
sequences, the “clean and jerk” and the “snatch”, and pro-
duced favorable results compared to other methods.

References

[1] B. J. Frey and D. Dueck. Clustering by passing messages
between data points. Science, 315(5814):972–976, 2007. 3

[2] U. Gargi, R. Kasturi, and S. Antani. Performance charac-
terization and comparison of video indexing algorithms. In
CVPR, 1998. 1

[3] B. Janus and Y. Nakamura. Unsupervised probabilistic seg-
mentation of motion data for mimesis modeling. In Interna-
tional Conference on Advanced Robotics, 2005. 1, 2

[4] H. Jhuang, T. Serre, L. Wolf, and T. Poggio. A biologically
inspired system for action recognition. In ICCV, 2007. 1

[5] T. Kobayashi and N. Otsu. A three-way auto-correlation
based approach to human identification by gait. In IEEE
Workshop on Visual Surveillance, 2006. 1, 4

[6] A. Ng, M. Jordan, and Y. Weiss. On spectral clustering:
Analysis and an algorithms. Advances in Neural Informa-
tion Processing Systems, 14, 2001. 1, 3, 4

[7] N. Otsu. Discriminant and least squares threshold selection.
In ICPR, 1978. 3

[8] Y. Rui and P. Anandan. Segmenting visual actions based on
spatio-temporal motion patterns. In CVPR, 2000. 1

[9] B. K. Schilling, M. H. Stone, H. S. O’bryant, A. C. Fry, R. H.
Coglianese, and K. C. Pierce. Snatch technique of collegiate
national level weightlifters. Journal of Strength and Condi-
tioning Research, 16(4):551–555, 2002. 4

[10] A. D. Wilson and A. F. Bobick. Parametric hidden markov
models for gesture recognition. Pattern Analysis and Ma-
chine Intelligence, 21:884–900, 1999. 1

[11] L. Zelnik-Manor and M. Irani. Event-based analysis of
video. In CVPR, 2001. 1, 2, 4



<<
  /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 /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /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 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile 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 [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


