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Abstract—Device-free passive localization enables locating tar-
gets (e.g., intruders or victims) that do not carry any radio devices
nor do they actively participate in the wireless localization pro-
cess. This is because the wireless environments will get affected
when people move into the area, which result in the changes of
Received Signal Strength (RSS) of the wireless links. In this paper,
we first show that the localization performance degrades signifi-
cantly when people are moving in dynamic speeds. This is because
existing studies in device-free passive localization system have an
implicit assumption that the target is moving at a constant speed,
which is not always true in practical scenarios. To cope with
targets moving with dynamic speeds, we propose an adaptive
speed change detection framework including three components:
speed change detection, determination of time-window size and
adaptive localization. Two speed change detection schemes have
been developed to capture the changes of moving speed and adjust
the time-window size adaptively to facilitate effective localization.
We demonstrate that our framework is flexible to work with
any device-free localization method using signal strength. Results
from the real experiments confirm that our approach has over
30% improvement on both median and max localization error,
under dynamically changing speed of the target.

I. INTRODUCTION

Device-free passive localization is an emerging technology
to locate people without attaching any radio device to them in
pervasive wireless environments. It has broad applications [1]–
[3] in intrusion detection in industrial facilities for asset protec-
tion, identification of people trapped in a fire building during
emergency evacuation, elder care, and battlefield protection. In
these applications, we do not expect people to carry any radio
devices, and thus the traditional localization techniques [4],
which require wireless devices attached to people to emit
wireless signals to assist localization process, are not appli-
cable. With the widespread deployment of wireless devices,
it is possible to capture the wireless environmental changes
caused by people or intruders who move into the wireless
environments. Therefore, device-free passive localization has
drawn much attention recently for motion detection and target
localization in pervasive wireless environments.

More than one modalities of wireless signal measurements,
including Received Signal Strength (RSS) [5], channel impulse
response in Ultra Wide Band (UWB) [6], polarization [7],
etc, have been utilized to facilitate device-free localization.
Among all these modalities, RSS is especially attractive as
the RSS readings are readily available in the existing wireless

infrastructure and presents tremendous cost savings. Thus,
there has been increasing interest in employing RSS for
device-free passive localization recently [5] .

Existing RSS-based device-free passive localization systems
mainly rely on the changes of variance of RSS measurements
from wireless links to locate the target (e.g., intruders or
victims) since a large value of variance on a wireless link
infers there is a target moving in the vicinity of that par-
ticular link [2]. For instance, Wilson et. al deploy a RF-
based sensor network around a residential house and use RSS
sample variance during a time window to localize and track
people inside the house [5]. These RSS-based systems have
an implicit assumption that the target is moving at a constant
speed. And thus the time window of calculating variance is
selected as a fixed value. In practice, however, the target to
be located will most likely moving in dynamic speeds, for
example, people trapped inside a building during emergency
rescue tend to run around to escape with various speeds; and
intruders of an industrial facility may move at different speeds
when approaching different sections of the facility. Assuming
a constant moving speed when locating such targets may result
in significant impact on the localization accuracy.

In this work, we first conduct a set of experiments to
empirically study the impact of different moving speeds on
the localization performance. We find significant performance
degradation on existing RSS-based device-free localization
algorithms due to the unawareness of the speed change of
the moving target. To cope with dynamic moving speeds,
we propose an adaptive speed change detection framework
to improve localization performance over existing device-
free localization systems. Our framework consists of three
components: speed change detection, determining the size
of time window, and passive localization. We design two
speed change detection schemes, including Average Variance
Ratio (Detection-AVR), and Variance Distribution Similarity
(Detection-VDS), by utilizing statistical techniques to capture
moving speed changes based on information obtained from
RSS measurements over wireless links. We then adaptively
adjust the time-window size to facilitate accurate passive
localization based on speed change detection.

The rest of the paper is organized as follows. We first
provide our analysis of impact of dynamic target speed on
device-free localization performance in Section II. We then
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(a) Speed 1, time-window size = 1s (b) Speed 2, time-window size = 3s

Fig. 1: Variance of signal strength in time series calculated with
different time-window sizes under two different speeds, Speed 1 and
Speed 2.

present our framework overview and experimental methodol-
ogy used across the paper in Section III. We describe two speed
change detection schemes based on statistical techniques in
Section IV. In Section V, we show how to adjust time-window
size adaptively to facilitate passive localization. Next, we
evaluate its performance with existing representative methods
in Section VI. Finally, we conclude our work in Section VII.

II. IMPACT OF DYNAMIC TARGET SPEED ON DEVICE-FREE

PASSIVE LOCALIZATION

To understand the impact of dynamic target speed on device-
free passive localization, we experiment with different walking
speeds in indoors. Specifically, we define four typical speed
categories [8]: very slow speed (0-1 ft/s referred as speed 1)
(e.g., an intruder breaks into an office with caution or people
is hiding behind furniture in a fire building); slow speed (1-
2 ft/s referred as speed 2) (e.g., walking carefully); normal
speed (2-3 ft/s referred as speed 3) (walking normally); and
fast speed (3-4 ft/s referred as speed 4) (e.g., walking in a
hurry). Existing device-free passive localization systems using
signal strength mainly capture the changes of variance of RSS
measurements to determine whether a target is in the area of
interest [2], [5]. Thus, the variance of RSS measurements be-
comes an important metric exploited in device-free localization
systems. In this paper, we use the following definition of RSS
variance as our basis.

We define rl,W (i) as the ith sample of RSS on link l in time
window W , which is used to calculate variance for localization
algorithms. The variance of the time window W from link l
can be calculated as

σ̂2
l,W =

1

N − 1

N−1∑

i=0

(r̄l,W − rl,W (i))2, (1)

where N is the number of RSS samples within the time-
window size W , and r̄l,W = 1

N

∑N−1
i=0 rl,W (i) is the sample

mean of received signal strength within W . It is obvious that
time window of W plays a critical role when calculating RSS
variance. And a larger RSS variance value of a wireless link
indicates the target is close to that particular link. Note that
the number of samples N is related to the sampling rate and
time window W . In our work, the sampling rate is fixed, and
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Fig. 2: Device-free localization using Radio Tomographic Imaging
method: (a) using the same time-window size W = 1s for RSS vari-
ance calculation under four different speeds; and (b) using different
time-window size for RSS variance calculation under Speed 1.

set to four packets per second. Thus, we only study the time
window W in the following paper.

Analysis of Variance Calculation under Different Target
Speeds. To analyze the impact of different target speeds on
the localization performance, we conduct experiments using
20 RFID tags in a 15ft× 10ft student lab. Figure 1 presents
the variance obtained from three adjacent wireless links by
using two different time-window sizes when a target is walking
across these three adjacent links sequentially in the order
of link 1 → link 2 → link 3 under Speed 1 and Speed 2
respectively. When the target crosses the ith link, a moving
event of ‘ei’ (i = 1, 2, 3) is derived if the change of RSS
variance is above a threshold.

The correct order of moving events should be observed (i.e.,
e1→ e2→ e3) when the time-window size is set to 3s under
Speed 1, and 1s under Speed 2. However, under Speed 1,
when the time-window size is set to 1s, the derived target
moving order becomes e2→ e1→ e3 as depicted in Figure 1
(a), which is inconsistent with the groundtruth. Turning to
examine Speed 2, the derived target moving order becomes
e3 → e2 → e1 when the time-window size is 3s as shown
in Figure 1 (b), which is the appropriate time-window size to
capture the correct order of moving events under the slower
speed (Speed 1). We thus define the scenario in Figure 1 (a) as
under-sampling, since the time-window size 1s is too small to
capture the correct target moving events for speed 1; and the
scenario in Figure 1 (b) as over-sampling as the time-window
size 3s is too large for speed 2. This important observation
indicates that appropriate time-window size needs to be chosen
to accurately calculate RSS variance and consequently capture
the target moving pattern.

Impact of Speed Change on Device-Free Localization
Performance. We next study the impact of different speeds
on device-free localization performance by using the well
known RSS-based device-free localization technique, Radio
Tomographic Imaging (RTI) method [9]. Figure 2 (a) shows
the cumulative distribution function of the localization error
when the time-window size W is set to 1s when the target
moves in four different speeds. We find that the time-window
size 1s produces the best performance under Speed 2. Whereas
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the localization process introduces large localization errors
under other speeds with performance degradation of 100%
on median error and 75% on maximum error under Speed 4
when the same localization algorithm RTI is applied. Similarly,
when the target moves in Speed 1, we find that the localization
results achieve smallest errors when the time window is set to
W = 3s, which is inline with our observation of RSS variance
changes in Figure 1 (a). For example, when comparing the
performance under the time-window size of 3s to that of 1s,
we observe the median error is 80% better and the maximum
error is about 100% better. The localization performance
clearly show that choosing the appropriate time-window to
adaptively capture the dynamic target moving pattern is critical
in resulting in accurate location estimate of the target.

III. FRAMEWORK OVERVIEW AND EXPERIMENTAL

METHODOLOGY

In this section, we provide an overview our proposed
adaptive speed change detection framework and describe our
experimental methodology used across the paper.

A. Framework Overview
Existing RSS-based device-free localization systems assume

the target is moving under a constant speed. Thus, the lo-
calization system parameters are fixed during the localization
process, making the current algorithms suffer from large
performance degradation when target is moving with dynamic
speeds. Our focus in this paper is to achieve high accuracy of
device-free passive localization under dynamically changing
speed of the target. To cope with dynamic moving speeds, there
are two challenges: how to capture the speed changes, and how
to adjust the localization system parameter adaptively based
on the captured changes in speed? In our work, we propose
an adaptive speed change detection framework to address
these challenges as well as incorporate existing localization
techniques for passive localization.

Our framework consists of three components as shown
in Figure 3: speed change detection, determining the size
of time window, and passive localization. To capture tar-
get speed changes, we design two speed change detection
schemes, including Average Variance Ratio (Detection-AVR),
and Variance Distribution Similarity (Detection-VDS) based
on statistical learning from the information obtained from RSS
measurements over wireless links. After the speed change
is captured, we propose a time-window size determination
scheme to adaptively update the localization system parameter,
particularly the time-window size for RSS variance calcu-
lation. We note that our framework is generic which can
incorporate any existing localization algorithms using signal
strength, for example, the popular Radio Tomographic Imaging
(RTI) method [9]. If no target speed change is detected, the
localization algorithms will be applied directly with a fixed
window size derived from empirical study.

B. Experimental Methodology

We conduct experiments using active RFID transmitters and
receivers [10] in typical indoor multi-path environment. Each

Fig. 3: Adaptive speed change detection framework overview.

RFID transmitter periodically broadcasts beacon massages
with its identifier at the frequency of 900 MHz, with packet
rate of four packets per second. After the receivers receive
the beacon message, they extract the information of identifier
together with corresponding RSS and then store it to a Linux
machine that all the receivers connected to. The Linux ma-
chine, as a server, is equipped with a 2GHz CPU, a 1GB RAM
and a 120GB disk. We experiment with two different indoor
environments: a small lab and a large classroom. The small lab
with 15ft× 10ft size is located on the first floor of Burchard
building at Stevens Institute of Technology, whereas the large
classroom with 45ft×35ft size is located on the first floor of
Babbio center of Stevens Institute of Technology. The small
lab is a microprocessor lab surrounded by chairs and shelves
with electronic instruments on it, while the large classroom
is equipped with tables and chairs inside it for lectures. The
active RFID tags and readers are deployed as a rectangle along
the walls inside the rooms at the height of 3ft 2in. The target
walks along a rectangular trace of 10ft× 5ft in the small lab
and 30ft× 15ft in the large classroom. We experiment with
4 different speeds: Speed 1 ( 58 ft/s), Speed 2 ( 158 ft/s), Speed
3 ( 52 ft/s), and Speed 4 ( 154 ft/s). During the experiments, we
change the speed using different patterns: increasing (speed
1 → 2 → 3 → 4), decreasing (speed 4 → 3 → 2 → 1), and
mixture (speed 1→ 4→ 2→ 3).

IV. SPEED CHANGE DETECTION

In this section, we present our speed change detection
schemes including Average variance ratio (Detection-AVR),
and Variance distribution similarity (Detection-VDS) scheme.
We further evaluate the performance of these proposed de-
tection schemes using real data collected in a variety of
experimental scenarios.

A. Speed change detection scheme

Although the radio signal is affected by reflection, refraction,
diffraction, and scattering, the RSS of the wireless links should
be relatively stable if there is no movement or changes in
wireless environment. However, the wireless environment will
get affected and result in the changes in the RSS readings
if there is people moving around. The variance of the RSS
readings is thus widely used as a powerful indicator for motion
detection and target localization. Furthermore, the statistic
characteristic of variance of the wireless links should be
different under different target speeds. In particular, the target
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with faster speed usually cuts more wireless links than that
of slower one does, given a fixed time interval. Therefore, the
number of links with significant variance changes under the
faster speed should be more than that of the slower one.

Therefore, to detect the speed change, we compare the
RSS variance in two adjacent observed time intervals: the
current time interval ΔT and the previous time interval ΔT ′.
These two time intervals are non-overlapping with the same
size. We found that the distributions of the variance are
different for different speeds. Furthermore, the same speed
exhibits similar variance distributions over the wireless links.
Specifically, variances of larger speed produce more large
values indicating more wireless links are resulted in significant
variance changes under faster speed. Thus, the larger the
difference of the variance distribution in these two adjacent
windows is, the higher probability that the target changes its
speed. This motivates us to capture the statistical changes of
the observed variance as a basis to design our speed change
detection schemes.

1) Average variance ratio (Detection-AVR): We define av-

eraged variance ratio (AVR) as AVR= 1
L

∑L

l=1

σ2

l,ΔT

σ2

l,ΔT ′
(AVR>

0), where L is total number of links, σ2
l,ΔT is the variance

of link l for ΔT , and σ2
l,ΔT ′ is the variance of link l for

ΔT ′. When the average variance ratio AVR falls below a
threshold τ1 (0 < τ1 < 1) or exceeds a threshold τ2 (τ2 > 1),
we declare a speed change detected; otherwise, we declare
it as no speed change. Detection-AVR is a simple scheme
with lightweight computational cost that only captures coarse-
grained information of variance distribution for speed change
detection. We next propose Detection-VDS scheme which can
capture the distribution difference of the variance in current
and previous time intervals.

2) Variance distribution similarity (Detection-VDS): To fur-
ther measure the variance distribution similarity for speed
change detection, we utilize Kullack-leibler divergence met-
ric [11] in Detection-VDS scheme. Given the the variance
distributions over all links P and Q at the current time
interval ΔT and previous time interval ΔT ′ respectively,
the KL-divergence metric is defined as DKL(P ||Q) =∑

l P (l) ln P (l)
Q(l) . We declare a speed change when DKL(P ||Q)

exceeds a threshold ε (ε < 1); otherwise, we declare no
speed change. Note that when two distributions are similar,
DKL(P ||Q) should be close to 0; however, if two distributions
are significantly different, DKL(P ||Q) is close to 1.

B. Detection Performance

Metrics. To evaluate the performance of the proposed detec-
tion schemes, following metrics have been used. True positive
is defined as declaring speed changes when there exists a speed
change. False positive is defined as declaring a speed change
when there is no speed changes. False negative is defined as
declaring no speed changes when there exists a speed change.
Detection accuracy is defined as the percentage of the trials
that are correctly detected as speed change or no speed change.

Detection Accuracy. We investigate the detection accuracy

Detection-AVR Detection-VDS
ΔT TP FP Acc TP FP Acc
1s 0.85 0.26 0.795 0.82 0.18 0.82
3s 0.84 0.32 0.76 0.85 0.22 0.815
5s 0.81 0.32 0.745 0.81 0.21 0.8

TABLE I: Detection Performance of our speed change detection
schemes in the small lab with time interval ΔT = 1, 3, 5s.

of our proposed speed change detection schemes by using
the experimental scenario in the small lab with time interval
ΔT = 1, 3, 5s. We set scheme parameters as: τ1 = 2.2
, τ2 = 0.7, and ε = 0.6 for small lab, and τ1 = 1.8 ,
τ2 = 0.64, and ε = 0.55 for large classroom. The detection
results are shown in Table I. We observe that Detection-
VDS scheme performs better than Detection-AVR scheme.
It has the detection accuracy above 80% with around 20%
false negative rate under the time interval of 1s and 2s.
Whereas Detection-AVR is around 75% accuracy. This is
not surprising due to Detection-AVR only utilizes averaged
variance for speed change detection without leveraging fine-
grained information of variance distribution. We also find that
the increased detection time interval degrades the detection
performance. This is because the large detection time interval
flattens out the granularity of the information obtained from
the RSS measurements. The larger the interval is, the more
blurriness the results are. We thus choose ΔT = 1s for the
rest of our study.

V. WINDOW SIZE DETERMINATION

In this section, we describe our window size determination
scheme to adaptively update the window size for RSS vari-
ance calculation for target localization. It includes two steps:
sampling check and window size determination.

Sampling Check. Once the speed change is detected, we
need to update the system parameter, particularly the window
size for RSS variance calculation based on the changes in
speed. We first use sampling check to determine whether the
previous window size for target localization encounter Under-
sampling or Over-sampling, as discussed in Section II. We
compare the averaged variance over all the wireless links in
current time window (i.e., W ) and previous time window (i.e.,
W − 1). If the averaged variance in current time window is
larger than that in the previous time window, we declare Over-
sampling indicating the window size for variance calculation in
target localization should be reduced (i.e., the target is moving
faster). Otherwise, it is Under-sampling, which means we need
to update the window size by increasing it (i.e., the target is
moving slower).

Window size determination. We utilize a binary search
based method to determine the appropriate window size
after sampling check. We define an indicator as IW =
1
L

∑L

l=1

σ̂2

l,W

σ̂2

l,W−1

to adaptively determine the window size. For
over-sampling scenario, we cautiously update the window
size as W ←− W

2 (i.e., reduce the window size by half
each time), till 0 < IW

2

− IW < θ. Similarly, for under-
sampling scenario, we cautiously update the window size as
W ←− 2W (i.e., twice the window size each time), till
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−θ < I2W − IW < 0. After window size determination, we
utilize the updated window size in localization algorithms for
target localization.

Performance Evaluation. The window size determination
performance could be measured by examining the localization
performance, which will be presented in section VI. Empiri-
cally, we set the parameter θ = 0.3 and 0.26 for small lab and
large classroom respectively.

VI. PASSIVE LOCALIZATION

A. Localization algorithms

1) Existing Methods: We apply our speed detection scheme
by incorporating two existing passive localization algorithms
under our framework.

Radio Tomographic Imaging (Localization-RTI). This
method develops a linear model for using RSS measurements
to obtain images of moving objects. Tikhonov regularization
is utilized to solve the set of linear equations formulated by
the variance of RSS values. Valuable noise models are derived
based on real measurements of a deployed RTI system [5].

Intersection Method (Localization-ISM). This method
calculates the coordinate value of intersection from any two
influential links. The weight of the two intersected influential
links is defined as the sum of the RSS change of the two
influential links. The final estimation is calculated as the
weighted average value of all the intersection points [12].

B. Performance evaluation

We analyze the impact of speed change detection schemes
on passive localization performance. We show the cumulative
distribution function of the localization error, the distance
between the estimated location to the true target location, when
using the existing Localization-RTI method under two speed
change detection schemes with time interval set to 1s as shown
in Figure 4 in both small lab as well as large classroom envi-
ronments. We observe that localization performance has been
improved largely when the speed change detection schemes
are applied. Furthermore, the localization process has achieved
better performance under Detection-VDS with improvement of
over 30% in both median and maximum errors as compared
to localization conducted without speed change detection. This
is very encouraging as it indicates our speed change detection
framework is highly effective to produce accurate passive
localization results when target travels with dynamic speeds.

VII. CONCLUSION

In this paper, we focus on achieving high accuracy for
device-free passive localization when target is traveling in
dynamic speeds. We propose an adaptive speed change de-
tection framework with three main components: speed change
detection, adaptive time-window size determination, and pas-
sive localization. Two speed change detection schemes are
designed based on statistical learning from the information
obtained from RSS measurements. We apply our speed detec-
tion scheme by incorporating two existing passive localization

0 2 4 6 8 10
0

0.2

0.4

0.6

0.8

1

Error (Feet)

C
D

F

 

 

Detection−AVR
Detection−VDS
No Detection

0 5 10 15 20 25 30
0

0.2

0.4

0.6

0.8

1

Error (Feet)

C
D

F

 

 

Detection−AVR
Detection−VDS
No Detection

(a) small lab (b) large classroom

Fig. 4: Impact of speed change detection schemes on passive localiza-
tion: CDF of localization error comparison when using Localization-
RTI in small lab and large classroom under two speed change
detection schemes and without speed change detection.

algorithms under our framework. Extensive experiments con-
ducted from real environments confirm the effectiveness of
our proposed framework in coping with dynamic target speed
by adaptively adjusting the time-window when performing
passive localization. The results present significant localization
performance improvements on both median and maximum
errors, comparing to existing device-free localization systems
treating target moving at a constant speed.
Acknowledgements: This work is supported in part by the
NSF Grants CCF1018270 and CNS1217387.

REFERENCES

[1] M. Youssef, M. Mah, and A. Agrawala, “Challenges: device-free pas-
sive localization for wireless environments,” in the 13th annual ACM
international conference on Mobile computing and networking, 2007.

[2] J. Yang, Y. Ge, H. Xiong, Y. Chen, and H. Liu, “Performing joint
learning for passive intrusion detection in pervasive wireless environ-
ments,” in IEEE International Conference on Computer Communications
(INFOCOM), 2010.

[3] C. Xu, B. Firner, Y. Zhang, R. Howard, J. Li, and X. Lin, “Improving rf-
based device-free passive localization in cluttered indoor environments
through probabilistic classification methods,” in the 11th international
conference on Information Processing in Sensor Networks, 2012.

[4] J. Yang and Y. Chen, “Indoor localization using improved rss-based later-
ation methods,” in IEEE Global Communications Conference (GLOBE-
COM), 2009.

[5] J. Wilson and N. Patwari, “See-through walls: Motion tracking using
variance-based radio tomography networks,” IEEE Transactions on
Mobile Computing, 2011.

[6] C. Chang and A. Sahai, “Object tracking in a 2D UWB sensor network,”
in the Thirty-Eighth Asilomar Conference on Signals, Systems and
Computers, Nov. 2004.

[7] T. Pratt, S. Nguyen, and B. Walkenhorst, “Dual-polarized architectures
for sensing with wireless communications signals,” in IEEE Military
Communications Conference., Nov. 2008.

[8] J. A. H. Raymond C. Browning, Emily A. Baker and R. Kram, “Effects
of obesity and sex on the energetic cost and preferred speed of walking,”
Applied Physiology, 2005.

[9] J. Wilson and N. Patwari, “Radio tomographic imaging with wireless
networks,” IEEE Transactions on Mobile Computing, vol. 9, pp. 621–
632, May 2010.

[10] B. Firner, S. Medhekar, Y. Zhang, R. Howard, and W. Trappe, “Pip
tags: Hardware design and power optimization,” in the Fifth Workshop
on Embedded Networked Sensors, 2008.

[11] H. Zhu, “On information and sufficiency,” Annals of Mathematical
Statistics, 1951.

[12] D. Zhang, J. Ma, Q. Chen, and L. M. Ni, “An RF-based system
for tracking transceiver-free objects,” in the Fifth IEEE International
Conference on Pervasive Computing and Communications, 2007.

2013 Proceedings IEEE INFOCOM

489



<<
  /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


