224

IEEE SENSORS JOURNAL, VOL. 16, NO. 1, JANUARY 1, 2016

Tightly-Coupled Integration of WiF1 and
MEMS Sensors on Handheld Devices
for Indoor Pedestrian Navigation

Yuan Zhuang and Naser El-Sheimy

Abstract— The need for indoor pedestrian navigators is quickly
increasing in various applications over the last few years. How-
ever, indoor navigation still faces many challenges and practical
issues, such as the need for special hardware designs and compli-
cated infrastructure requirements. This paper originally proposes
a pedestrian navigator based on tightly coupled (TC) integration
of low-cost microelectromechanical systems (MEMS) sensors and
WiFi for handheld devices. Two other approaches are proposed
in this paper to enhance the navigation performance: 1) the use
of MEMS solution based on pedestrian dead reckoning/inertial
navigation system (PDR/INS) integration and 2) the use of motion
constraints, such as non-holonomic constraints, zero velocity
update, and zero angular rate update for the MEMS solution.
There are two main contributions in this paper: 1) TC fusion of
WiFi, INS, and PDR for pedestrian navigation using an extended
Kalman filter and 2) better heading estimation using PDR and
INS integration to remove the gyro noise that occurs when only
vertical gyroscope is used. The performance of the proposed
navigation algorithms has been extensively verified through field
tests in indoor environments. The experiment results showed that
the average root mean square position error of the proposed TC
integration solution was 3.47 m in three trajectories, which is
0.01% of INS, 10.38% of PDR, 32.11% of the developed MEMS
solution, and 64.58% of the loosely coupled integration. The
proposed TC integrated navigation system can work well in the
environment with sparse deployment of WiFi access points.

Index Terms—Tightly-coupled integration, indoor pedestrian
navigation, MEMS sensors, WiFi, motion constraints.

I. INTRODUCTION

N THE past several years, the demand for handheld

devices such as smartphones has grown exponentially.
Multi-applications, such as calling, texting, gaming, and inter-
net browsing, make smartphones essential tools for people’s
everyday life. Technological advancements have facilitated
the manufacturing of compact, inexpensive, and low-power
consuming receivers and sensors for smartphones, therefore,
enabling the development of smartphone-based pedestrian
navigation applications. Smartphones create limitless possibil-
ities for navigation and positioning applications due to their
sophisticated microprocessors, powerful operating systems,
embedded sensors, and portable characteristics.
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GPS, which is usually embedded in smartphones, provides
an accurate position solution outdoors [1], [2]. However, the
degradations and interruptions of GPS signals mean that GPS
cannot be used to achieve accurate and continuous navigation
solutions in challenging areas such as urban canyons, tunnels,
and indoors [3]-[5]. On the other hand, the demand for
indoor navigation is quickly increasing in various applications
including: health care monitoring, logistics, Location Based
Services (LBS), emergency services, tourism, and people
management [6]-[8]. Indoor pedestrian navigation has been
a popular research topic in the last decade [9].

This paper proposes an indoor pedestrian navigator based
on tightly-coupled (TC) integration of low-cost MEMS sensors
and WiFi. In order to make the smartphone-based navigator
accurate and practical, three methods are proposed in this
paper to enhance the navigation performance: 1) The use of the
MEMS solution based on pedestrian dead reckoning/inertial
navigation system (PDR/INS) integration; 2) The use of non-
holonomic constraints (NHC), zero velocity update (ZUPT),
and zero angular rate update (ZARU) for the MEMS solution;
3) The use of advanced TC integration for MEMS and WiFi
(i.e., TC fusion of INS, PDR, and WiFi).

The first approach improves the indoor pedestrian
navigation solution based on smartphones through the use
of PDR/INS integration for the MEMS solution. MEMS
sensors are usually used as either INS or PDR for pedestrian
navigation. To the best of our knowledge, almost none of
the previous work combine them for pedestrian navigation.
The paper uses a PDR/INS-integrated MEMS solution, which
was originally proposed in [10], to combine the advantages of
both schemes. In this algorithm, step detection and step length
estimation are kept the same as the traditional PDR algorithm.
The estimated step length is then used to calculate the forward
speed, which works as the velocity update for the INS to limit
the velocity error, and further limit the position and attitude
errors. Therefore, the PDR/INS-integrated MEMS solution is
better than the INS stand-alone solution. The heading from
the PDR/INS integration also performs better when compared
with PDR because it considers the effect of the roll and pitch.

The second improvement is due to the use of motion
constraints, such as NHC, ZUPT, and ZARU for the MEMS
solution. NHC considers the fact that a land vehicle cannot
move horizontal sideways or vertically to work as the velocity
update to improve the MEMS solution [3]. It is also suitable
for normal pedestrian walking. ZUPT uses the zero velocity as
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the velocity update to limit the velocity error if the pedestrian
is static [11]. ZARU considers the fact that the heading is
unchanging to limit the attitude error if the pedestrian is
static [12]. With these motion constraints, the indoor pedes-
trian navigator is expected to provide a better navigation
solution.

The third approach originally uses the TC integration of
WiFi and MEMS to improve the navigation performance of
handheld devices. The proposed TC integration integrates the
raw data of MEMS sensors with WiFi-RSS-based (Received
Signal Strength) distances/ranges. Fifteen states for MEMS
(3D position error, 3D velocity error, 3D attitude error, gyro-
scope drift, and accelerometer bias) and 1 state (WiFi RSS
bias) for WiFi are used as the state vector in the Extended
Kalman Filter (EKF) for the TC integration. The main benefit
of this method is that the drift of MEMS sensors can be
reduced by WiFi even if only one or two access points (APs)
are available. The introduction of the WiFi RSS bias in the
TC integration also improves the performance of the proposed
system.

The rest of the paper is organized as follows. In Section II,
literature review is discussed. Next, the system overview is
presented in Section III. In Section IV, the proposed MEMS
solution is described. The TC integration of MEMS and
WiFi is presented in Section V and experimental results are
presented in Section VI. Finally, the conclusions and future
work are summarized in Section VII.

II. LITERATURE REVIEW

Several researches have been conducted for the integration
of WiFi and MEMS sensors [13]-[17]. The research [13]
proposes a pedestrian navigation algorithm based on the
integration of WiFi and foot-mounted inertial sensors. In most
cases, foot-mounted systems are not as convenient as handheld
systems. An integration method is proposed in [14] for MEMS
sensors and a fingerprinting-based WiFi positioning solution.
However, WiFi fingerprinting requires labor-cost survey for the
radio map database. [15] reports a particle filter for the integra-
tion of WiFi and inertial sensors. The large computation load
of the particle filter makes it unsuitable for running on smart
devices. [16] reports the results of the integration of MEMS
sensors and ToF-based (Time of Flight) WiFi ranges. The
limitation of this work is that ToF is not supported by current
WiFi chipsets. [17] improves the navigation performance of
the integration of low-cost sensors and WiFi in smartphones by
realizing cooperative positioning among multiple pedestrians.
The proposed method introduces linkage structures to simplify
trajectories of pedestrians. Meanwhile, these structures work
as a constraint to reduce the number of variables to be
estimated. In addition, a new navigation algorithm is proposed
in [18] to fuse the WiFi RSS values and inertial sensor data
from smartphones. A sequential Monte Carlo filter is devel-
oped for inertial sensor based tracking, and a radiolocation
algorithm is developed to infer mobile location based on RSS
measurements. Almost all current WiFi/MEMS integrations
are loosely-coupled (LC) integrations, which means that the
integration is based on MEMS navigation solution and WiFi
positioning solution.
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Fig. 1. Block diagram of the proposed indoor pedestrian navigator based on
the TC integration of MEMS sensors and WiFi.

On the other hand, the TC integration has been used
for the integration of inertial sensors with GPS, RFID
(Radio-frequency Identification), and USBL (Ultra-Short
Baseline) [12], [19]-[23]. Yi and Grejner-Brzezinska [19] and
Li et al. [20] report the results of GPS/INS TC integration by
using non-linear filters for land vehicle applications. The work
of [21] uses GPS/INS TC integration for UAV applications.
The Kalman Filter (KF) is used in the TC integration. [22]
proposes a TC integration of GPS and INS for missile appli-
cations. A TC integration of UBSL and INS is proposed
in [23] for underwater vehicles. Meanwhile, [12] reports a
TC integration for INS and RFID for pedestrians in indoor
environments. The limitation of this work is that some RFID
hardware needs to be installed before the navigation. To the
best of our knowledge, none of TC integration for WiFi and
MEMS sensors has been proposed and assessed before. This
paper fills this gap of current researches.

III. SYSTEM OVERVIEW

The block diagram of the proposed TC WiFi/MEMS inte-
gration for indoor pedestrian navigation is shown in Fig. 1.
The proposed system mainly includes three main modules: the
MEMS solution based on the PDR/INS integration and motion
constraints, WiFi-based range estimation, and EKF-based
TC integration. In the proposed MEMS solution, data from
gyroscopes and accelerometers are first passed to the INS
mechanization. The accelerometer and gyroscope data are
also used for step detection and static detection, respectively.
If the step detection succeeds and the static detection fails,
PDR step length is estimated in the module of “step length
estimation”, and is further used to derive the forward speed.
NHC is also used to constrain the lateral and vertical speeds
of the moving platform. The PDR-based forward speed and
the NHC-based lateral and vertical speeds are combined to
3-axis pseudo-velocity to work as the velocity update for the
INS to limit the velocity error. If the step detection fails
and static detection succeeds, ZUPT and ZARU apply zero
velocity and unchanging heading as the velocity and heading
updates for the INS to reduce navigation errors. Finally, this
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MEMS solution is used to generate the MEMS-based range
information. In WiFi-based range estimation, RSS values
from the handheld devices pass to the propagation model to
generate the range information. In the part of EKF-based
TC integration, range differences between MEMS-based
ranges and WiFi-based ranges pass to the EKF to estimate
the state vector errors. The estimated state vector errors
(3D position, velocity, and attitude errors; accelerometer bias,
gyroscope drift; and WiFi RSS bias) are fed back to the INS
and WiFi range estimation. After the feedback, INS outputs
the final integrated navigation solution for pedestrians indoors.

IV. SENSOR-BASED NAVIGATION
A. INS-Based Navigation

INS mechanization is typically implemented for the
inertial navigation. The accelerations and angular rates from
accelerometers and gyroscopes are used in the INS mechaniza-
tion to compute the 3D position, 3D velocity, and 3D attitude
of the moving object [24]. The INS mechanization equations
are given as follows [11]:

P D—lvn

=] Gt - (0%, + Q)" + " (1)
n

Cy Cp(Q, — €27)

where 7" = [¢ A h]T represents the position vector (latitude,
longitude, and height), in which T represents the transpose for
a vector; V' = [vy vg vp]T represents the velocity vector in
the navigation frame; C; represents the transformation matrix
from the body frame to the navigation frame as a function of
attitude components; g" represents the gravity vector in the
navigation frame; Q, represents the skew-symmetric matrix
of the rotation vector, a)?e, from the navigation frame to the
inertial frame; Q, represents the skew-symmetric matrix of
the rotation vector, w,, from the navigation frame to the ECEF
(Earth-Centered, Earth-Fixed) frame. Qf.’b, an represent the
skew-symmetric matrices of the gyroscope-based angular rate
vector, a)f?b, and the rotation vector, a)f.’n, from the navigation
frame to the inertial frame, respectively; and D~! represents
a 3 x 3 matrix related to the latitude, ¢, and the ellipsoidal
height, &, of the object.

B. PDR-Based Navigation

The PDR determines a pedestrian’s current position from
the knowledge of the previous position and measurements of
motion direction and traveled distance. The PDR algorithm
usually includes step detection, step length estimation, heading
estimation, and PDR mechanization [10], [25], [26]. In the step
detection, steps are usually detected by means of the cycle
pattern of the acceleration norm. Currently, peak detection,
zero crossing, auto/cross correlation, and spectral analysis are
typical approaches for the step detection [27]. In this paper,
peak detection is used for the step detection.

“Step length estimation” is used to estimate the moving
distance of the pedestrian at each step. Different practical
models have been proposed for estimating the step length.
In this paper, the practical model proposed in [28] is used
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to estimate step length, which assumes the step length is
proportional to the vertical movement of the human hip. The
largest difference of the vertical acceleration at each step is
used to calculate vertical movement. The equation for step
length estimation is expressed as

s = 4azmax_azmin'K (2)

where a; max 1S the maximum value of the vertical acceleration,
a;. Azmin 1S the minimum value of a;; and K is a calibrated
constant parameter.

With the assumption that the handheld device is level
(roll and pitch are zero degrees), the pedestrian’s moving
direction (heading) is usually estimated through the integral of
the vertical gyroscope. However, the assumption is incorrect
sometimes, and affects the navigation performance. There-
fore, a PDR-derived heading is not used in the proposed
MEMS navigation solution. Finally, PDR mechanization is
given by

Ex = Ex—1 + S@—1.4) - sin(Hy)
Ni = Ni—1 + S@—1,k) - cos(Hy) 3

where (Ex—1, Nx—1) and (Ej, Ni) are the positions at epoch
k — 1 and epoch k, respectively. Sx—_1x) and Hj are the
estimated step length and heading at epoch k, respectively.

C. Extended Kalman Filter

The EKF is usually used to fuse other information to reduce
the drift of MEMS-based navigation solution. It estimates the
optimal state of a process by minimizing the mean of square
errors [29]. The state vector is usually defined as

xg=[0rixs vixz €13 dix3 b1><3]T 4)

where Jr, dv, and ¢ represent the errors of position, velocity,
and attitude, respectively. djx3 and bjx3 represent gyroscope
drift and accelerometer bias, respectively, which are estimated
and fed back to the INS mechanization. The discrete-time EKF
system model and observation model can be expressed as

5)

Oxp = Dp_1 ) 0xk—1 + o
0zZkx = Hioxy + vx

where Jx; and Jz; represent the state vector and obser-
vation misclosure vector at epoch k, respectively. ®i_j
represents the state transition matrix from epoch k — 1 to
epoch k, and Hj represents the design matrix at epoch k.
wi and vy represent the process noise and observation noise
at epoch k, respectively. For more details about the implemen-
tation of EKF for integrated navigation systems, please refer
to [29].

D. Integrated INS and PDR Sensor Navigation

INS and PDR are two main approaches for MEMS-based
pedestrian navigation. As shown in (1), the INS-based navi-
gation system provides a complete navigation solution (i.e.,
3D position, 3D velocity, and 3D attitude), however, INS
mechanization uses two integrals to obtain the position infor-
mation, and one integral to get the attitude information [30].
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TABLE I
MOTION DETECTION AND MOTION CONSTRAINTS

Detected .
X - Motion
Motion Conditions .
Constraints
Status
(1) The standard deviation of the angular
. rate norms during a certain time is less
Static than the threshold ZUPT & ZARU
(2) No steps are detected
(1) The standard deviation of the angular IEPRI{;EJ Sn
. rate norms during a certain time is larger egratio
Moving 3D
than the threshold ;
(2) Steps are detected Pseudo-Velocity
Update)

The total INS mechanization has three integrals. In the INS
mechanization, an accelerometer bias introduces a 1%' order
error in velocity and a 2" order error in position, and a gyro
bias introduces a 2" order error in velocity and a 3™ order
error in position [31]. Therefore, when using the INS mecha-
nization, the positioning error is accumulated quickly for low-
grade MEMS sensors in smart devices which usually have
large accelerometer and gyro biases. The PDR mechanization
is shown in (3), in which the estimation of the step length
S(k—1,k) does not have integrals, and the estimation of the
heading Hy has one integral. The total PDR mechanization
only has one integral, which is much less than the INS.
Therefore, PDR drifts much slower than INS, and provides
a more accurate navigation solution. However, if the roll and
pitch effects cannot be ignored, the PDR heading will be
inaccurate since it is derived from the direct integral of the
vertical gyroscope [32].

In this paper, a more robust MEMS solution is used
based on the PDR/INS integration and motion constraints.
In the proposed MEMS solution, the MEMS raw data is
first processed by the INS mechanization. Next, these data
is used to detect the moving status of the pedestrian. If the
pedestrian is detected as “static”, ZUPT and ZARU are used
as updates for the INS to improve the navigation solution.
On the contrary, PDR-based forward speed and NHC-based
lateral and vertical speeds are combined to form the pseudo-
velocity, which works as the 3D pseudo-velocity update for
the INS to limit the velocity error.

TABLE I summarizes the motion detection and motion
constraints used in this research. The status of the pedestrian
is determined as “moving” or “static” when the corresponding
conditions in TABLE I are satisfied. Then, the corresponding
motion constraints are used to improve the navigation perfor-
mance [10].

In the “static” case, the velocity misclosure in the body
frame for ZUPT is given by [10]

) b
9z = ViNs = Vzupr ©)
where ngPT , represents the zero velocity vector.
vﬁ’NS = (CZ) - Vjyg represents the pedestrian velocity

from the INS mechanization in the body frame, C; represents
the transformation matrix from the body frame to the
navigation frame, and v} represents the pedestrian velocity
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from the INS mechanization in the navigation frame. The
observation model for ZUPT is given by

O = Hpox + v, @)

where v, represents the measurement noise. H,» represents
the corresponding design matrix:

Ho=[0sa (€))7 =€) 50" 03] ®

where S (V") is the skew-symmetric matrix of v" [11]. ZARU
is also used in the “static” case, and the heading misclosure
for ZARU is given by [10]

0z = WINS — Yo 9)

where ygys is the pedestrian heading from the INS mechaniza-
tion, and yy is the pre-stored heading of the last epoch before
the “static” was detected. The ZARU observation model is
given by

Sy = Hydx + vy, (10)

where v, Trepresents the measurement noise; and

H,, represents the design matrix:
oy/oen Ow/der dw/dep Oix7]| (11)

For the details of oy /den, Oy /deE, and Oy /dep, please refer
to [3].

In the “moving” case, with the assumption that the pedes-
trian’s moving speed is constant for a short term, the forward
speed is expressed in

Hy/ = [le6

Vi =s/ts (12)

where s represents the estimated step length and #; represents
the step time. Meanwhile, the lateral and vertical speeds
of the pedestrian are constrained by the NHC. Therefore,
the 3D pseudo-velocity vector in the body frame is given
by [10]

hseudo =[vr 0 0]

Vpseudo

13)

Similar to ZUPT, this pseudo-velocity vector works as
3D pseudo-velocity update for INS to improve the pedestrian
navigation performance.

V. TC INTEGRATION OF MEMS SENSORS AND WiFi

In this section, the TC integration of MEMS and WiFi is
described in detail, including “MEMS-based range”,
“WiFi-based range”, “system model of TC integration”
and “observation model of TC integration”. In this paper,
WiFi-based ranges are calculated based on the WiFi
propagation model. The main advantage of TC integration
is that WiFi-based ranges can be used to aid MEMS in the
case that less than three WiFi APs are observed, whereas
LC integration cannot estimate the WiFi positions to aid the
MEMS sensors in this case. The proposed TC WiFi/MEMS
integration has better performance than the LC integration,
especially in the environment with a sparse deployment
of WiFi APs.
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A. MEMS-Based Range

TC WiFi/MEMS integration involves the use of new mea-
surement data, namely the MEMS-based range, given by

dMEMS, k

[(AmEMS —Aap.k) (N + h) cos (DAélEMs]z ,
+ [(pmems—oap.i) (M + )"+ (hpems —hap.x)
(14)

where Apems, omems, and hygys represent MEMS-based
position coordinates (longitude, latitude, and altitude); A4 p «,
@APk, and hapyi represent position coordinates of the
k'" WiFi AP (longitude, latitude, and altitude); M represents
the meridian radius of the earth curvature; and N represents
the prime vertical radius of the earth curvature.

B. WiFi-Based Range

The typical propagation model follows the distance power
law:

RSS = A —10-n-logio(d) + X4 (15)

where RSS represents the received signal strength in d Bm at
a distance, d, from the transmitter. A represents a constant
which depends on several factors: averaged fast and slow
fading, transmitter gain, receiver gain, and transmitted power.
Therefore, in practice, its value is usually unknown before-
hand [33]. n represents the path loss exponent with typical
values, 2 - 6 indoors. X, represents the shadow noise modeled
as a Gaussian random variable with zero mean and standard
deviation, agss [33], [34]. The range between the receiver and
the transmitter can be estimated by the maximum likelihood
estimator (MLE), and the result is given by [33]:

(A — RSS)/10~n

drss =10 (16)

The experimental standard deviation of RSS wvalues,
ORSS, 1s almost independent of d [33]. By differentiating the
propagation model in (15) with respect to d, we obtain

ORSS 10-n
od  In(10)-d

a7)

Therefore, the standard deviation of the range d is given by

0d=1“(10)'d'0R35/10.n (18)
where o4 is linearly proportional to d, which illustrates the
fact that the uncertainty of the range estimation grows with
the range d. Note that there are other propagation models that
consider the effects of walls and floors [35], [36]. However,
they are not suitable for a real-time navigation system because
a priori information of walls and floors are usually unavailable.

RSS measurements usually contain a bias for several rea-
sons such as the inaccurate pre-set value of the constant A
in (15). Therefore, the estimated range, C?Rss, is not equal
to the geometric range, d, between the transmitter and the
receiver. The RSS bias, brss, is considered to compensate
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the difference between d rss and d. Therefore, the geometric
range is given by

A_RSS_bRSS/lo-n _q A

oA RS 1000107085510

d=10
n —b
= dpss - 10 RSS/lO ‘n (19)
By reorganizing (19), we obtain
R b
drss=d-10 N0 n —a. fbrss)  0)

b
where f (brss) = 10 RS30 - n. f (bgrss) is linearized at the
point of brss = 0 by using the Taylor expansion, and the
result is given by

of (brss)

f (brss) = f(0) + ———lbgss=0 "brss + -+ =1
Obgrss

brss
N (m 104010 %550 n) lbgss=0 - bRSS

— 1+ln10-bR55/10.n 21

§ubstitute (21) into (20), we obtain the relationship between
d RSS and d:

drss = d + (ln 10- d/l() . n) brss

In the TC WiFi/MEMS integration, the RSS bias bgss
is also put in the state vector, and estimated by the EKF.
Therefore, the system also can improve the estimation of
WiFi-based range by the feedback of the estimated RSS bias,
and further improve the navigation performance.

(22)

C. System Model of TC Integration

In the TC integration of MEMS and WiFi, error states in
the EKF consist of two parts. The first part is the sensor error
states. Its system dynamic equation is given as

oxs = Fioxg + Gy 23)

The sensor error state vector, dxg, is given in (4). For the
details about the dynamic matrix, Fy, please refer to [11].
o, = [w] w1517, in which the elements comply
with the assumptions of zero-mean and Gaussian distributed
white noise and are uncorrelated with each other. Thus, the
corresponding G is a unit matrix with a rank of 15.

The second part of the error states is the WiFi error state.
In this research, WiFi RSS bias is used to compensate the
error in the propagation model to estimate a more accurate
range. WiFi RSS bias is modeled as a random walk process.
The differential equation can be written as follows:

brss = Wppss (24)

where wp,, is the white noise. The WiFi system dynamic
model is given by
oxw = Fwoxw + Gwow (25)

where dxw = brss, Fw =0, Gw = 1, and ow = wppy-
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By combining (23) and (25), we have the following system
model for the TC WiFi/MEMS integration.

Oxs F, 0 5x; Gs 0 ws
ox w - 0 F w ox w + 0 G w ww
(26)

ie. 0x = Fox + Gw

D. System Model of TC Integration

The range differences between the WiFi-based ranges and
the MEMS-based ranges are used as the observation vector,
0z4, in the TC EKFE By assuming there are m APs in-view,
the measurements can be written as

021, range dmems,1 — dwiFil

074 = : = (27)

5Zm,range dMEMS,m - dWiFi,m
where dyrys k is the MEMS-estimated range based on (14),
and dwirik is the k™" AP’s WiFi-based range measure-
ment. Through (22), WiFi-based range of the k'* AP is
given by

dwirix = di + (ln 10-dipg . nk) brss+vq  (28)
where vy, is the white noise of dw,r;x. ng is the path loss

exponent for the k' AP. d; is the geometric range between
the pedestrian and the k'™ WiFi AP, which is expressed as

[(/1 — /IAp,k) (N + h)cos go]2

d =
¢ +[(¢p — @ar) (M+h)]2+ (h—hAp,k)2

(29)

where A, ¢, and h represent the filtered pedestrian’s
coordinates (longitude, latitude, and altitude); Aapk, @aPk,
and h 4 p  represent coordinates of the k' " WiFi AP (longitude,
latitude, and altitude). By using the Taylor expansion for (29)
and ignoring high-order errors, the range error model is
given in

od e -[ordpan] (W10 dpy . Ybrss  30)
where
€kx
ex=| ¢y | = (1 —l—lnlo'bRSS/l().nk)
€kz
(0 —parx) (M + D
x | (A= 2apx) (N 4 h)cos Y | BD

h— hAP,k/dk
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Therefore, the observation model for the range differences
is given by

dmems,1 — dwirFi

0Zq = :
| dmEMS,m — dwiFim
_elx €ly €lz 5¢) In 10d1/10n1
= : oL |+ : brss
| €mx €my €mz oh In10 - dy, 10 - ng
04,
+
de

= Gux3[0p 2 h] +Buxi - brss+vamx  (32)

Finally, the observation model for TC integration is
written as

o0z=Hox+ v (33)
where 0z = Jzg represents the measurement vector;
D = vgmx1 represents the measurement noise vector; and
H is the design matrix, which is expressed as

H = [Gm><3 0m><12 Bmxl] (34)

VI. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed indoor
pedestrian navigator, several experiments were performed
with three different Samsung Galaxy S III smartphones.
Three pedestrians were involved in collecting field experiment
data in different days. Smartphones that contain an accelerom-
eter triad, a gyroscope triad, and a WiFi receiver were used
to collect this data. Three experimental trajectories taken by
separate pedestrians with various smartphones were in building
E (about 120m * 40m) as shown in Fig. 2 (a), (b), and (c).
In this experiment, 47 APs are used for positioning. The
exact positions of these APs are unknown. However, their
positions are estimated through a crowdsourcing method [6],
and the result is marked in the floorplan. The numbers of
observable WiFi APs in three tested trajectories are shown
in Fig. 2(d).

“Pedestrian 1” using “Smartphone A” performed the first
experiment for nearly 5 minutes. The navigation solutions
and error probabilities of different approaches in Trajectory I
are shown in Fig. 3 and Fig. 4, respectively. The approaches
used for navigation performance comparison include PDR,
MEMS, LC WiFi/MEMS integration, and TC WiFi/MEMS
integration. The proposed MEMS solution based on PDR/INS
integration and motion constraints had an RMS (Root Mean
Square) position error of 10.83m, which is better than the
PDR RMS position error of 27.79m. The traditional INS
navigation results are not depicted in Fig. 3 and Fig. 4 due
to their large RMS position error of 13855.30m. This huge
error is caused by the large noise characteristics of low-
grade MEMS sensors in smartphones and the integrals used
in the INS mechanization. The proposed TC WiFi/MEMS
integration, using all observable APs, had a RMS position
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Fig. 2. Three experimental trajectories in building E (about 120 m x 40m):
(a) Trajectory I, (b) Trajectory II, (c) Trajectory III, and (d) Observed AP
numbers in the trajectories.

error of 3.72m, which is better than the RMS position error
of the LC integration, which was 4.87m. This difference is
due to the contribution of estimating the RSS bias. As shown
in Fig. 3 and Fig. 4, navigation solutions of TC integrations,
using two selected APs and one selected AP, are used to illus-
trate the performance of TC integration in the environment of
the sparse deployment of WiFi APs. This showed RMS posi-
tion errors of 5.77m and 5.87m, respectively. Their navigation
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Fig. 3. Navigation solutions in Trajectory I (Pedestrian 1, Smartphone A).

(a) PDR, MEMS, and WiFi/MEMS LC integration and (b) WiFi/MEMS TC
integration using different numbers of APs.

Cumulative Error Percentages

100 -
|
90~

|

|
80 -
|

s TC: 2 APs
TC: all APs

Percentage(%)
[$)
o

0 S B S SS—
0 10 20 30 40 50 60 70 80
Error(m)

Fig. 4. Cumulative error percentages of PDR, MEMS, WiFi/MEMS LC
integration and WiFi/MEMS TC integration using different numbers of APs
in Trajectory I.

performance was worse than the TC integration, which used
all observable APs. However, they performed better than
the proposed MEMS solution. The results illustrate that
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Fig. 5. Navigation solutions in Trajectory II (Pedestrian 2, Smartphone B).

(a) PDR, MEMS, and WiFi/MEMS LC integration and (b) WiFi/MEMS TC
integration using different numbers of APs.

TC integration can improve the navigation performance of the
MEMS solution, even if less than 3 APs are observed.

“Pedestrian 2” using “Smartphone B” performed the second
experiment for about 4 minutes. The navigation solutions and
error probabilities of different approaches in Trajectory II are
shown in Fig. 5 and Fig. 6, respectively. The proposed MEMS
solution had a RMS position error of 11.02m, which is better
than the PDR RMS position error of 34.00m. The proposed
TC WiFi/MEMS integration, using all observable APs, had a
RMS position error of 4.19m, which is slightly better than the
4.87m RMS position error of the LC integration. With two
selected APs and one selected AP, TC integrations had RMS
position errors of 4.36m and 4.44m, respectively. Like the first
trajectory, their navigation performance was worse than the TC
integration which used all observable APs. However, both the
previous two cases had better navigation performance than in
the proposed MEMS solution. The results also illustrate that
TC integration can improve the navigation performance of the
MEMS solution even if less than 3 APs are observed. These
outcomes confirm the results of the first trajectory.
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Fig. 6. Cumulative error percentages of PDR, MEMS, WiFi/MEMS LC
integration and WiFi/MEMS TC integration using different numbers of APs
in Trajectory II.

“Pedestrian 3” using “Smartphone C” performed the third
experiment for approximately 5 minutes. The navigation
solutions and error probabilities of different approaches in
Trajectory III are shown in Fig. 7 and Fig. 8, respectively.
The proposed MEMS solution had a RMS position error of
10.39m, which performed better than the PDR RMS position
error of 45.96m. The proposed TC WiFi/MEMS integration,
using all observable APs, had a RMS position error of 2.49m,
which was superior to the 7.95m RMS position error of the
LC integration. The improvement from LC integration to TC
integration in this trajectory is much more than the other
two trajectories. This is most likely because the RSS bias in
the third experiment’s trajectory is larger than the previous
two trajectories. With the successful estimation of the large
RSS bias, TC integration has a better performance than LC
integration. By using two selected APs and one selected AP,
TC integrations had RMS position errors of 3.12m and 4.13m,
respectively. Like the other two trajectories, their navigation
performance was worse than the TC integration, using all
observable APs. However, they had a better navigation per-
formance than the proposed MEMS solution. These results
further illustrate the navigation performance of the proposed
TC integration.

The navigation performance of different approaches in the
three experiments are summarized in TABLE II. This table
also illustrates the efficiency of the proposed indoor pedestrian
navigator, based on the WiFi/MEMS TC integration. The
results in TABLE II show that the average positioning error of
the proposed TC integration in various trajectories is 0.01%
of INS, 10.38% of PDR, 32.11% of the developed MEMS
solution, and 64.58% of the LC integration.

In TABLE III, the proposed system is compared with current
WiFi/MEMS integrated systems. It shows that the proposed
system has slightly worse positioning accuracy when com-
pared with [13]-[15]. However, these three systems are based
on WiFi fingerprinting and amounted Inertial Measurement
Unit (IMU). WiFi fingerprinting requires a large amount of
labor and time cost for building and maintaining the radio
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map database. The amounted IMU is not as convenient as
handheld devices for pedestrian navigation. WiFi ToF and
strapped IMU are integrated in [16], and this system has
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TABLE 11
SUMMARY OF NAVIGATION PERFORMANCE OF DIFFERENT APPROACHES

Algorithms RMS Position Error (m)
T1 T2 T3
INS 13855.30 49029.47 49528.85
PDR 27.79 34.00 45.96
MEMS 10.83 11.02 10.39
LC 4.87 4.87 7.95
TC with all APs 3.72 4.19 2.49
TC with 2APs 5.717 4.36 3.12
TC with 1AP 5.87 4.44 4.13
TABLE III

COMPARED RESULT OF THE PROPOSED SYSTEM
WITH CURRENT SYSTEMS

System Algorithm Accuracy
Proposed WiFi propagation model + .

System Smartphone IMU RMS: 3.47m
[13] WiFi fingerprinting + Shoe IMU RMS: 1.65m
[14] WiFi fingerprinting + Trolley Mean: around

IMU 2.00m
[15] WiFi fingerprinting + Shoe IMU Mean: 1.53m
[16] WiFi ToF + Strapped IMU Max: 2.50m
WiFi propagation model+ .
[17] Smartphone IMU + multi-person RMS: around
. s 5.00m
collaborative positioning
(18] WiF1i propagation model + Mean: 7.83m

Smartphone IMU

the maximum positioning error of 2.5m. However, WiFi ToF
requires specially designed WiFi routers, which is not suitable
for current commercial routers. For pedestrian navigation
applications, the research [18] integrates propagation-model-
based WiFi positioning solution with the sensor data from
smartphones. Meanwhile, the research [17] uses WiFi propa-
gation model, PDR, and multi-person collaboration to provide
a positioning solution that has an accuracy of 5Sm (RMS).
It has the worst navigation performance. However, it provides
a convenient handheld navigation solution for pedestrians
without building the radio map database. Our proposed system
not only has this advantage, but also provides a more accu-
rate navigation solution even in the environment with sparse
deployments of WiFi APs.

VII. CONCLUSION AND FUTURE WORK

This paper presented a handheld indoor pedestrian navigator
based on the TC integration of WiFi and MEMS sensors. The
main contributions of this paper are summarized as follows.

1. An indoor pedestrian navigator using a TC integration

of WiFi and MEMS sensors (i.e., TC integration of
WiFi, PDR, and INS) on handheld devices was originally
proposed in this paper. WiFi RSS bias was introduced in
the state vector for TC integration of WiFi and MEMS
sensors for the first time, which improved the accuracy
of the proposed system.

2. A MEMS navigation solution based on PDR/INS inte-

gration was also used to enhance the navigation perfor-
mance of the indoor pedestrian navigator. Better heading
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is achieved by using PDR/INS integration to remove
gyroscope noise which occurs if we use only vertical
gyroscope. Field tests showed that the proposed MEMS
solution was better than PDR and INS solutions.

3. The navigation performance of the TC integration was
compared with the LC integration in indoor environ-
ment. TC integration performs better than LC inte-
gration, especially in the environment with sparse
deployment of WiFi APs.

The performance of the proposed navigation solution was
illustrated to be a very competitive system for indoor pedes-
trian navigation. This proposed navigation solution can be
used in both environments with dense and sparse deployments
of WiFi APs. The method had been validated in field tests
in indoor environments. Experiment results showed that the
average RMS position error of the proposed TC integration
solution was 3.47m in three trajectories, which is 0.01%
of INS, 10.38% of PDR, 32.11% of the developed MEMS
solution, and 64.58% of the LC integration. The proposed
indoor pedestrian navigator can be easily implemented on most
handheld devices, such as smartphones, and can contribute to
the consumer electronics market.

In the future, we will use more advanced error models to
further improve the accuracy of the proposed system. Fur-
thermore, quality control algorithms will also be investigated
to enhance the system robustness. Additionally, more experi-
ments will be conducted in various environments, such as retail
shops, shop floors, and offices, to evaluate the performance of
the proposed system systematically.

REFERENCES

[1] E. D. Kaplan and C. J. Hegarty, Understanding GPS: Principles and
Applications, 2nd ed. Norwood, MA, USA: Artech House, 2006.

[2] Z. He, V. Renaudin, M. G. Petovello, and G. Lachapelle, “Use of high
sensitivity GNSS receiver Doppler measurements for indoor pedestrian
dead reckoning,” Sensors, vol. 13, no. 4, pp. 43034326, 2013.

[3] Z. Syed, P. Aggarwal, Y. Yang, and N. El-Sheimy, “Improved Vehicle

Navigation Using Aiding with Tightly Coupled Integration,” in Proc.

IEEE Veh. Technol. Conf. (VIC Spring), May 2008, pp. 3077-3081.

Z. Lei, L. Jiangchuan, J. Hongbo, and G. Yong, “SensTrack: Energy-

efficient location tracking with smartphone sensors,” IEEE Sensors J.,

vol. 13, no. 10, pp. 3775-3784, Oct. 2013.

[5] D. H. Won et al., “Selective integration of GNSS, vision sensor, and
INS using weighted DOP under GNSS-challenged environments,” /[EEE
Trans. Instrum. Meas., vol. 63, no. 9, pp. 2288-2298, Sep. 2014.

[6] Y. Zhuang, Z. Syed, J. Georgy, and N. El-Sheimy, “Autonomous

smartphone-based WiFi positioning system by using access points

localization and crowdsourcing,” Pervasive Mobile Comput., vol. 18,

pp. 118-136, Apr. 2015.

H. Lan and N. El-Sheimy, “A state constraint Kalman filter for pedestrian

navigation with low cost MEMS inertial sensors,” in Proc. 27th Int. Tech.

Meeting Satellite Division Inst. Navigat. (ION GNSS), Tampa, FL, USA,

Sep. 2014, pp. 579-589.

[81 Y. Li, Y. Zhuang, H. Lan, P. Zhang, X. Niu, and N. El-Sheimy,
“WiFi-aided magnetic matching for indoor navigation with consumer
portable devices,” Micromachines, vol. 6, no. 5, p. 747-764, 2015.

[9] C. Lyu-Han, E. H.-K. Wu, J. Ming-Hui, and C. Gen-Huey, “Homoge-
neous features utilization to address the device heterogeneity problem in
fingerprint localization,” IEEE Sensors J., vol. 14, no. 4, pp. 998-1005,
Apr. 2014.

[10] Y. Zhuang, H. Lan, Y. Li, and N. El-Sheimy, “PDR/INS/WiFi inte-
gration based on handheld devices for indoor pedestrian navigation,”
Micromachines, vol. 6, no. 6, p. 793-812, 2015.

[11] P. Aggarwal, Z. Syed, and N. El-Sheimy, MEMS-Based Integrated
Navigation. Norwood, MA, USA: Artech House, 2010.

[4

=

[7

—

[12] A. R. J. Ruiz, E. S. Granja, J. C. P. Honorato, and J. I. G. Rosas,
“Accurate pedestrian indoor navigation by tightly coupling foot-mounted
IMU and RFID measurements,” IEEE Trans. Instrum. Meas., vol. 61,
no. 1, pp. 178-189, Jan. 2012.

[13] K. Frank, B. Krach, N. Catterall, and P. Robertson, “Development
and evaluation of a combined WLAN and inertial indoor
pedestrian  positioning system,” in Proc. 4th ION GNSS, 2009,
pp. 1-9.

[14] X. Wendong, N. Wei, and Y. T. Khing, “Integrated Wi-Fi
fingerprinting and inertial sensing for indoor positioning,” in Proc.
Int. Conf. Indoor Positioning Indoor Navigat. (IPIN), Sep. 2011,
pp. 1-6.

[15] F. Evennou and F. Marx, “Advanced integration of WiFi and inertial
navigation systems for indoor mobile positioning,” EURASIP J. Appl.
Signal Process., vol. 2006, p. 164, Jan. 2006.

[16] U. Schatzberg, L. Banin, and Y. Amizur, “Enhanced WiFi ToF indoor
positioning system with MEMS-based INS and pedometric informa-
tion,” in Proc. IEEE/ION Position, Location Navigat. Symp. (PLANS),
May 2014, pp. 185-192.

[17] T. Iwase and R. Shibasaki, “Infra-free indoor positioning using only
smartphone sensors,” in Proc. Int. Conf. Indoor Positioning Indoor
Navigat. (IPIN), Oct. 2013, pp. 1-8.

[18] W. W.-L. Li, R. A. Iltis, and M. Z. Win, “A smartphone localiza-
tion algorithm using RSSI and inertial sensor measurement fusion,”
in Proc. IEEE Global Commun. Conf. (GLOBECOM), Dec. 2013,
pp. 3335-3340.

[19] Y. Yi and D. A. Grejner-Brzezinska, “Tightly-coupled GPS/INS inte-
gration using unscented Kalman filter and particle filter,” in Proc. 19th
Int. Tech. Meeting Satellite Division Inst. Navigat. (ION GNSS), 2006,
pp. 2182-2191.

[20] Y. Li, J. Wang, C. Rizos, P. Mumford, and W. Ding, “Low-cost
tightly coupled GPS/INS integration based on a nonlinear Kalman
filtering design,” in Proc. Inst Navigat. Nat. Tech. Meeting (ION), 2006,
pp. 18-20.

[21] M. George and S. Sukkarieh, “Tightly coupled INS/GPS with bias
estimation for UAV applications,” in Proc. Australiasian Conf. Robot.
Autom. (ACRA), 2005.

[22] J. Wendel and G. F. Trommer, “Tightly coupled GPS/INS integration for
missile applications,” Aerosp. Sci. Technol., vol. 8, no. 7, pp. 627-634,
2004.

[23] M. Morgado, P. Oliveira, C. Silvestre, and J. F. Vasconcelos, “USBL/INS
tightly-coupled integration technique for underwater vehicles,” in Proc.
9th Int. Conf. Inf. Fusion, Jul. 2006, pp. 1-8.

[24] D. Titterton and J. L. Weston, Strapdown Inertial Navigation
Technology, 2nd ed. Edison, NJ, USA: IET, 2004.

[25] H. Chengliang, L. Zaiyi, and Z. Lian, “Synergism of INS and PDR
in self-contained pedestrian tracking with a miniature sensor module,”
IEEE Sensors J., vol. 10, no. 8, pp. 1349-1359, Aug. 2010.

[26] Y. Li, J. Georgy, X. Niu, Q. Li, and N. EI-Sheimy, “Autonomous cali-
bration of MEMS gyros in consumer portable devices,” IEEE Sensors J.,
vol. 15, no. 7, pp. 4062-4072, Jul. 2015.

[27] R. Harle, “A survey of indoor inertial positioning systems for pedestri-
ans,” IEEE Commun. Surveys Tuts., vol. 15, no. 3, pp. 1281-1293, Jul.
2013.

[28] H. Weinberg, “Using the ADXL202 in pedometer and personal
navigation applications,” Analog Devices, Norwood, MA, USA,
Appl. Note AN-602, 2002.

[29] A. Gelb, Applied Optimal Estimation.
MIT Press, 1999.

[30] X. Niu, Y. Li, H. Zhang, Q. Wang, and Y. Ban, “Fast thermal calibration
of low-grade inertial sensors and inertial measurement units,” Sensors,
vol. 13, no. 9, pp. 12192-12217, 2013.

[31] N. EI-Sheimy, “Inertial techniques and INS/DGPS integration,”
Dept. Geomatics Eng., Univ. Calgary, Calgary, AB, Canada, Tech.
Rep. ENGO 623, 2006.

[32] Z. Xiao, H. Wen, A. Markham, and N. Trigoni, “Robust pedestrian dead
reckoning (R-PDR) for arbitrary mobile device placement,” in
Proc. Int. Conf. Indoor Positioning Indoor Navigat., Oct. 2014,
p- 1-10.

[33] S. Mazuelas et al., “Robust indoor positioning provided by real-time
RSSI values in unmodified WLAN networks,” IEEE J. Sel. Topics Signal
Process., vol. 3, no. 5, pp. 821-831, Oct. 2009.

[34] J. Salo, L. Vuokko, H. M. El-Sallabi, and P. Vainikainen, “An additive
model as a physical basis for shadow fading,” IEEE Trans. Veh. Technol.,
vol. 56, no. 1, pp. 13-26, Jan. 2007.

Cambridge, MA, USA:



234

[35] P. Bahl and V. N. Padmanabhan, “RADAR: An in-building RF-based
user location and tracking system,” in Proc. 19th Annu. Joint Conf. IEEE
Comput. Commun. Soc. (INFOCOM), vol. 2, Mar. 2000, pp. 775-784.

[36] M. Lott and I. Forkel, “A multi-wall-and-floor model for indoor radio
propagation,” in Proc. IEEE VTS 53rd Veh. Technol. Conf. (VTC Spring),
vol. 1, May 2001, pp. 464—468.

Yuan Zhuang received the bachelor’s degree in
information engineering and the master’s degree
in microelectronics and solid-state electronics from
Southeast University, Nanjing, China, in 2008 and
2011, respectively, and the Ph.D. degree in geo-
matics engineering from the University of Calgary,
Canada, in 2015.

He has been a Lead Scientist with Bluvision Inc.,
Fort Lauderdale, FL, USA, since 2015. He was a
Baseband Engineer with CSR Technology, Shanghai
Company, Ltd., Shanghai, China, and an Algorithm
Designer with InvenSense Canada, Calgary, Canada. He has two patents
granted, two patents pending, and over ten papers published. His current
research interests include real-time personal navigation systems, wireless
positioning, and multisensors integration.

IEEE SENSORS JOURNAL, VOL. 16, NO. 1, JANUARY 1, 2016

Naser El-Sheimy is a Professor and former Head
of the Department of Geomatics Engineering, with
the University of Calgary. He held a Canada
Research Chair in Mobile Multi-Sensor Systems
(from 2003-2013) and the Scientific Director of the
Tecterra Centre of Excellence for Commercialization
and Research. He has authored two books, six book
chapters and over 450 papers in academic journals,
conference, and workshop proceedings, in which
he has received over 30 national and international
paper awards. His research expertise includes
geomatics multisensor systems, GPS/INS integration, and mobile mapping
systems. He is a member of the Editorial Board of the Journal of Survey
Review, the Journal of Applied Geodesy, and Coordinates. He was the
President of Commission I on Sensors and Platforms of the International
Society for Photogrammetry and Remote Sensing from 2008 to 2012.
He supervised and graduated over 60 master’s and Ph.D. students. He orga-
nized and participated in organizing many national and international confer-
ences and was the Chair of many conferences, such as the U.S. Institute of
Navigation Global Navigation Satellite Systems.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


