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Abstract—The task of tracking an object becomes tedious
when the object moves through a dynamic background and
the camera also has a random motion. This type of problem
has three main aspects - object detection, prediction of object
motion and compensation of the camera motion. In this paper,
we have developed three algorithms using three different object
detection algorithms, namely background subtraction, template
matching and Speeded Up Robust Features (SURF). Unscented
Kalman Filter (UKF) algorithm has been devised for the motion
prediction of the moving object as well as to compensate for
the camera movement. The proposed algorithms have been
validated through extensive simulations performed on several
video datasets and an analytical study has also been presented.
Through the simulation results, performance of the proposed
algorithms are compared.

Index Terms—Object tracking, Unscented Kalman Filter, back-
ground subtraction, template matching, SURF

I. INTRODUCTION

Tracking a moving object is an important aspect of com-

puter vision due to its applications in various fields ranging

from security and surveillance, video communication, traffic

control [1][2], medical imaging and human-machine interface.

The task of tracking moving objects is complex due to the

following reasons [3]: i) When computer vision is used, the

real 3D world gets projected into a 2D image, which causes

loss of some information, such as depth data etc. ii) Quality of

images taken are very crucial. Noisy images cause problem in

tracking the object. iii) Abrupt motion of objects. iv) Change

in orientation of the object and image. v) artial and complete

object occlusion. vi) Varying lighting conditions. vii) Camera

motion. viii) Requirements for real-time processing.

Moving object tracking using computer vision [4] has

attracted many researchers. Two popular methods of track-

ing moving object in dynamic background are Optical Flow

Method [5] and Global Motion Compensation (GMC) method

[6]. In mean-shift based object tracking [7], most probable

target position is found in the current frame. Another method

called ORB [8] is also used which is rotation invariant and

noise resistant. This is a very fast binary descriptor based

on BRIEF. This algorithm has been presented as an efficient

alternative to SURF algorithm. Some other methods are Ro-

bust fragments-based tracking using integral histogram [9],

Bayesian multiple-blob tracker (BraMBLe) [10].

The problem of tracking a moving object in dynamic

background is divided into three parts - object detection using

image processing algorithm, estimation of the object motion

and compensation of the camera motion. Various algorithms

are in use for object detection, namely, Mean based Back-

ground Subtraction, Template matching and SURF detection.

Kalman filter is highly useful to predict the future states of the

moving object using noisy data and the previous states, and

therefore found wide application in tracking a moving object in

dynamic background. We use Kalman filter for compensation

of camera motion too. The contributions of this paper are the
following:

(i) The future states of the moving object are predicted using

Unscented Kalman Filter (UKF) which does the object

tracking part.

(ii) In most of the real-time systems, a moving camera is

used to capture the video. In this paper, we model the

random camera motion using UKF and this motion has

been compensated.

(iii) For object detection, three methods have been imple-

mented - Mean based Background Subtraction, Template

matching and SURF detection, which gives rise to three

different algorithms for the whole process of tracking a

moving object in a dynamic background.

(iv) These three algorithms have been validated through

simulation results performed on standard video dataset.

(v) A detailed analysis of the proposed algorithms has also

been presented in this paper. Three videos with different

lighting conditions, camera motion and object orientation

have been considered. A thorough analysis has been

presented about which algorithm would perform the best

in a specific video.

(vi) A quantitative analysis is given on efficiency of the

proposed algorithms.

(vii) The algorithms work well in case some occlusion occurs

as the future states of the object are predicted using

Kalman filter algorithm.

The rest of the paper is organized as follows. Unscented

Kalman filter algorithm is explained in Section II. Section

III presents a detailed discussion of the object detection

algorithms. Object tracking problem using object detection and

motion prediction algorithms have been dealt with in Section
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IV. Simulation results, analytical discussions and comparative

study are presented in Section V. Finally, Section VI concludes

the paper.

II. UNSCENTED KALMAN FILTERING ALGORITHM

UKF uses the method of unscented transformation (UT) to

predict the future values using noisy measurement and past

data [11, 12] in case of non-linear dynamics where the sigma

points are chosen from the Gaussian distribution of each state

variable and each sigma point is given a weight [13].

UT calculates the statistics of a random variable which un-

dergoes a nonlinear transformation. Let us consider a random

variable x of dimension L, having mean X and covariance

Px, propagates through a nonlinear function y = g(x). To

calculate the statistics of y, a matrix χ is formed with 2L+1
sigma vectors χi having corresponding weights Wi, according

to the following relations:

χ0 = X

χi = X +
(√

(L+ λ)Px

)
i
, i = 1, · · · , L

χi = X −
(√

(L+ λ)Px

)
i−L

, i = L+ 1, · · · , 2L

W
(m)
0 =

λ

L+ λ

W
(c)
0 =

λ

L+ λ
+ (1− α2 + β)

W
(m)
i = W

(c)
i =

1

2(L+ λ)

(1)

where λ = α2(L + κ) − L is the parameter for scaling. α
depicts the sigma variance around X . It is usually confined to

a low positive value (e.g., 10−3). κ is the secondary scaling

parameter (usually confined to 0), β is used to incorporate

knowledge in priori of the distribution of x (for Gaussian

distribution, β = 2 is optimal). Sigma vectors propagate

through the nonlinear function

Yi = g(χi), i = 0, · · · , 2L (2)

Mean and error covariance of y are approximated as follows:

y0 ≈
2L∑
i=0

W
(m)
i Yi (3)

Py ≈
2L∑
i=0

W
(c)
i (Yi − y0)(Yi − y0)

T (4)

The UKF is demonstrated through Algorithm 1.

III. OBJECT DETECTION ALGORITHMS

There are various methods for detection of object in an

image. The methods which are interest to us discussed here.

A. Background Subtraction Using a Mean Filter
Background subtraction using mean filter is a broadly used

method to detect an object where the foreground of the image

is extracted from the whole image [15].

(i) The background image is estimated as the mean of

multiple image frames as the background image is more

likely to appear in the subsequent frames.

B(x, y, t) =
1

n

n−1∑
i=0

I(x, y, i) (13)

Algorithm 1 The Unscented Kalman Filter algorithm [14]

1: Initialization of estimated state vector and error covariance

matrix:

x̂0 = E[x0] = X

P0 = E[(x0 − x̂0)(x0 − x̂0)
T ]

x̂a
0 = E[xa] = [x̂T

0 0 0]T

P a
0 = E[(xa

0 − x̂a
0)(x

a
0 − x̂a

0)
T ] = diag(P0, Pv, Pn)

(5)

for k ∈ {1, · · · ,∞}
2: Calculate sigma points: The sigma points are so chosen

that higher order information is incorporated in them.

χa
k−1 =

[
x̂a
k−1 x̂a

k−1 ±
√

(L+ λ)P a
k−1

]
(6)

3: Time update step:

(i) The sigma points are redrawn as follows:

χx
k|k−1 = F [χx

k−1, χ
v
k−1] (7)

(ii) The predicted values of state vector and error covariance

matrix:

x̄k =

2L∑
i=0

W
(m)
i χx

i,k|k−1

P̄k =

2L∑
i=0

W
(c)
i [χx

i,k|k−1 − x̂k̄][χ
x
i,k|k−1 − x̂k̄]

T

(8)

(iii) The new sigma points are propagated through the

measurement model of the system:

Yk|k−1 = H
[
χx
k|k−1, χ

n
k−1

]

ȳk =

2L∑
i=0

W
(m)
i Yi,k|k−1

(9)

4: Measurement update step:

(i) The innovation covariance and cross covariance matri-

ces:

Pȳkȳk
=

2L∑
i=0

W
(c)
i [Yi,k|k−1 − ȳk][Yi,k|k−1 − ȳk]

T

Px̄kȳk
=

2L∑
i=0

W
(c)
i [χi,k|k−1 − x̄k][Yi,k|k−1 − ȳk]

T

(10)

(ii) The posteriori state vector and error covariance matrix

are updated as

x̂k = x̄k +K(yk − ȳk)

Pk = P̄k −KPȳkȳk
KT

(11)

where the gain is

K = Pxkyk
P−1
ȳkȳk

(12)

where, xa = [xT vTnT ]T , χa= [(χx)T (χv)T (χn)T ]T , λ =

composite scaling parameter, L = dimension of augmented

state, Pv = error covariance of process noise, Pn = error

covariance of measurement noise, Wi = weights
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where x and y correspond to the position of a particular

pixel in the input image I and n is the number of past

frames at tth time instant.

(ii) The absolute difference between the input image and

the background image is calculated and a threshold T
is applied to get the foreground image.

|I(x, y, t)−B(x, y, t)|> T (14)

Any blob that moves across the static background image
is isolated.

(iii) The blobs are sorted in order of size and the blob of

interest is selected to put a bounding box around it. The

largest blob is the object to be tracked.

This method is easy to implement, but doesn’t work well if

(i) background is dynamic.

(ii) the scene contains many slow moving objects.

(iii) general lighting condition changes with time.

Mean background models have high memory requirements

since we need to analyze multiple image frames at the same

time to get the extracted background image. Also, having a

global threshold for all pixels which is not a function of time

can lead to false detections in real world.

B. Template Matching
In template matching [16], one template image of the object

is procured and then using a correlation algorithm, position of

the object is found in the input image. One such correlation

algorithm is given below:

Algorithm 2 Correlation algorithm [17]

1: Depending on the image size, cross-correlation in the

spatial or the frequency domain is found out.

2: Local sums are calculated by pre-computing the running

sums.

3: Local sums are used to normalize the cross-correlation to

get correlation coefficients. The coefficient γ at (u, v) is

calculated using the following formula:

γ =

∑
x,y

[
f(x, y)− fu,v

] [
t(x− u, y − v)− t

]
{∑
x,y

[
f(x, y)− fu,v

]2 ∑
x,y

[
t(x− u, y − v)− t

]2}0.5
(15)

where f = input image, t = mean of the template and fu,v

= mean of f(x, y) under the template region.

This algorithm will output a matrix A that contains values

ranging from 0 to 1 which indicate the level of correlation

between the template and the image segment (of the same

size of the template) centered at each (x, y) position of the

input image. A threshold is applied to get rid of detections

that might vaguely resemble the object to be tracked.

Template matching is highly effective to track a particular

colored object. False detections are very common in cases

of poor lighting, occlusion and noise. Thus, we need many

template images to recognize the target object under diverse

conditions which leads to the algorithm having a high com-

putation time.

C. Speeded Up Robust Features
SURF [18] is a local feature detector and descriptor, partly

inspired by SIFT (Scale Invariant Feature Transform) [19] that

detects blob-like features. It is invariant of lighting, scaling,

partial occlusion, rotation and hence reliable. Steps [20] are:
(i) Interest point detection: The interest points in an image I

are found using a blob detector based on Hessian matrix

H(p, σ), as given below

H(p, σ) =

[
Lxx(p, σ) Lxy(p, σ)
Lyx(p, σ) Lyy(p, σ)

]
(16)

where p(x, y) represents a pixel at (x, y) and σ is

the scale. SURF makes use of the determinant of the

Hessian matrix to account for the interest points’ scale

and location.

(ii) Local neigborhood descriptor: The descriptor helps to

extract distinct and robust image features in terms of the

pixel intensity distribution around the points of interest.

Haar wavelet responses are used to obtain the orientation

of the interest points in x and y directions inside a

circular neighborhood of radius 6σ, where σ is the scale

at which the interest point was perceived.

(iii) Matching: Matching pairs can be established by com-

paring interest points and their description from two

different images.

SURF is comparatively fast and highly efficient to track ob-

ject irrespective of scale, orientation and background lighting.

IV. OBJECT TRACKING USING OBJECT DETECTION AND

MOTION PREDICTION ALGORITHMS

As discussed before, the problem of tracking a moving

object has three main aspects, object detection, prediction of

object movement and compensation for the camera movement.

Object detection is performed using the algorithms discussed

in Section 3. UKF is used for movement prediction of the

object and camera movement compensation.

Compensation for the camera movement
In most cases, the camera sensor is moving and thus the

camera movement has to be compensated. We can do this

either by increasing the dimensions of the state variable to

compensate image frame position and velocity with respect

to the object or by adding the velocity of the camera to the

kinematic equations incorporated to predict the future location

of the object. Both the algorithms perform efficiently.

(i) Increase state variables and include image width, height,

x velocity and y velocity as this corresponds to the

movements of the camera. This will help us reposition

the frame at every instant as per the camera movement.

f =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x(1) + x(3) ∗ dt+ ax

2 ∗ (dt2)
x(2) + x(4) ∗ dt+ ay

2 ∗ (dt2)
x(3) + ax ∗ dt
x(4) + ay ∗ dt
x(5) + x(7) ∗ dt
x(6) + x(8) ∗ dt

x(7)
x(8)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(17)
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where x(1) = x position of object, x(2) = y position of

object, x(3) = x coordinate of object velocity, x(4) =

y coordinate of object velocity, x(5) = width of image

frame, x(6) = height of image frame, x(7) = velocity of

camera in x direction, x(8) = velocity of camera in y
direction.

(ii) Modify the function f by incorporating camera velocity

into it while implementing an UKF. The velocity of the

camera will be considered as a control variable. This

method is valid for small camera velocities.

f =

⎡
⎢⎢⎣
x(1) + x(3) ∗ dt+ ax

2 ∗ (dt2) + vc ∗ dt
x(2) + x(4) ∗ dt+ ay

2 ∗ (dt2) + vc ∗ dt
x(3) + ax ∗ dt
x(4) + ay ∗ dt

⎤
⎥⎥⎦ (18)

where x(1) = x coordinate of object position, x(2) =

y coordinate of object position, x(3) = x coordinate of

object velocity, x(4) = y coordinate of object velocity,

ax and ay = acceleration of object in x and y direction.

vc = velocity of camera

The whole process is summarized in Algorithm 3.

Algorithm 3 Moving Object Tracking Algorithm

1: Load template and its features (size, pixel values etc.). Set

Nf (number of frames in the video),

2: Initialization of Kalman filter parameters

3: for i = 1 to Nf (each frame) do
• Load frame i and its features (size, pixel values etc.)

• Perform appropriate object detection algorithm (back-

ground subtraction/ template matching/ SURF) to ex-

tract the actual location of the object

•
if i = 1 then Initialize position state variables with

actual values from the object detection algorithm

end if
• Motion prediction:[

X+, P+
]
= unscentedKF (f,X, P, h, z,Q,R)

where f = function defined as second order dynamics

of the target object, h = function defined to relate

the actual values obtained by detection algorithm to

estimates derived from UKF, z = actual values obtained

from detection algorithms, Q = error covariance matrix

of process noise, R = error covariance matrix of mea-

surement noise, X and P = apriori state vector and

error covariance matrix, X+ and P+ = postriori state

vector and error covariance matrix

4: end for

V. RESULTS AND DISCUSSIONS

The object tracking algorithms are validated through simu-

lations performed on video datasets. Various object detection

algorithms have been used.

For implementation of the Kalman filter algorithm, the state

variable comprises of x, y coordinates of the object position

in image frame and x, y coordinates of object velocity. This

Kalman filter predicts the states of the object with respect to

a still image frame. But due to motion of the camera, some

compensations are to be incorporated in the algorithm. This

can be done in any of the following ways:

(i) Frame parameters (width and height) and camera velocity

(in x and y directions) are included as variable in the state

vector.

(ii) For small camera velocities, we can add the camera

velocity to the second order movement dynamics of the

object.
Satisfactory results have been obtained by incorporating either

of these methods. In this section, we present the results

when the camera movement compensation has been done

by increasing the dimension of the state vector. The first

simulation is performed on a standard video dataset available

at [21], in which the target is a bouncing ball. The ball

movement in the subsequent frames is depicted in Fig. 1.

Fig. 1: The bouncing ball video frames

The video is captured using a static camera, so the target

object moves in a constant background. Moreover, there is no

other moving object in the video. This makes the background

subtraction object detection algorithm the most appropriate

one. The results of the background extraction filter have been

presented in Fig. 2. The background is better extracted when

more number of frames are considered for averaging.

(a) (b)

(c) (d)

Fig. 2: Extracted background by averaging (a) 3 frames (b) 5

frames (c) 10 frames (d) 20 frames
The object is tracked in successive video frames by sub-

tracting the extracted background image from each input frame

followed by application of UKF. The object is detected by a
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rectangular box around it as shown in Fig. 3. The root mean

square error in tracking has been plotted in Fig. 4.

(a) (b)

(c) (d)

Fig. 3: Detected target object in (a) frame 18 (b) frame 20 (c)

frame 21 (d) frame 25 using background subtraction
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Fig. 4: Root mean square error in background subtraction

based tracking

The second simulation is performed on video dataset [22]

where the target object is a moving car. As the video is

captured by a moving camera, background subtraction does not

hold good. Template matching is used to detect the object as

the car has same orientation throughout the entire video and a

single template is sufficient to track the object. Compensation

for the camera movement has also been taken care of. The

tracked object in four frames has been shown in Fig. 5.

(a) (b)

(c) (d)

Fig. 5: Detected target object in (a) frame 16 (b) frame 39 (c)

frame 46 (d) frame 48 using template matching

As depicted in Fig. 5, in frame 46, it gives a false detection

as template matching algorithm is not very effective when the

size of the object varies with respect to template. Despite the

false detection, the UKF accurately predicts the location of the

object from its previous location. For this simulation too, the

root mean square error in tracking has been plotted in Fig. 6.
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Fig. 6: Root mean square error in template match based

tracking
Third simulation is performed on data generated in our

laboratory environment. Target object is a small carton which

moves randomly and video is recorded by a randomly moving

camera. SURF is the optimal algorithm because:

(i) Carton orientation changes w.r.t. camera position.

(ii) The lighting condition varies across various frames.

(iii) Target image is not clear due to fast camera motion.

Interest points are detected using SURF both in the template

image as well as in the input images and they are matched to

find the exact location of the object. One such matching has

been shown in the Fig. 7. Camera movement compensation has

been incorporated in our algorithm. The tracking performance

is demonstrated through the results in Fig. 8.

Fig. 7: Matched points between the template and input frame

(a) (b)

(c)

Fig. 8: Detected target object in (a) frame 31 (b) frame 35 (c)

frame 45 using template matching
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The algorithm is able to track the object even in case of

blurred image. The root mean square error is shown in Fig. 9.
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Fig. 9: Plot of root mean square error in SURF based tracking

Performance of the algorithms are compared through aver-

age root mean square error values, as tabulated in Table I.

TABLE I: Average root mean square error in tracking

Method Average RMSE
Background subtraction based algorithm 0.0042

Template matching based algorithm 0.0011
SURF based algorithm 0.005

Background subtraction method helps us get an accurate re-

sult only when the background is stationary, whereas template

matching can track the target object moving through a dynamic

background accurately provided the object doesn’t change its

size and orientation. Therefore we see a higher RMSE for

Background subtraction than template matching for tracking

objects across a dynamic background. We get a higher RMSE

value for SURF based tracking since it takes object rotation,

scale variation and fast camera movement into account. The

error is small considering the fact that the target object and

the camera moved randomly at varying speeds at all time.

VI. CONCLUSION

This paper focusses on the problem of computer vision

based tracking of a moving object. There are three aspects

of such problems - object detection, motion prediction of the

object and compensation for the camera motion, which have

been individually dealt with. Different video datasets have

been considered and the most optimal algorithm has been

selected for tracking the moving target, based on different fea-

tures of the videos. The simulation results have been presented

along with detailed study of the algorithms’ performance.

A quantitative analysis has also been given to compare the

efficiency of the algorithms.
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ground Modeling and Foreground Detection for Video Surveil-
lance. CRC Press, 2014.

[16] B. Roberto, “Template matching techniques in computer vision:
theory and practice,” 2009.

[17] J. Lewis, “Fast normalized cross-correlation,” in Vision inter-
face, vol. 10, pp. 120–123, 1995.

[18] H. Bay, T. Tuytelaars, and L. Van Gool, “Surf: Speeded up
robust features,” in European conference on computer vision,
pp. 404–417, Springer, 2006.

[19] D. G. Lowe, “Object recognition from local scale-invariant
features,” in CIEEE International Conference on Computer
vision, 1999, vol. 2, pp. 1150–1157.

[20] A. M. Gupta, B. S. Garg, C. S. Kumar, and D. L. Behera,
“An on-line visual human tracking algorithm using surf-based
dynamic object model,” in 2013 IEEE International Conference
on Image Processing, pp. 3875–3879, IEEE, 2013.

[21] “Video snapshots: Creating high-quality images from
video clips.” http://www.eecs.harvard.edu/∼kalyans/research/
snapshots/supplementary/results.html.

[22] “Object recognition in video dataset.” http://mi.eng.cam.ac.uk/
research/projects/VideoRec/CamVid/.

Authorized licensed use limited to: McMaster University. Downloaded on January 03,2023 at 20:54:05 UTC from IEEE Xplore.  Restrictions apply. 



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

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


