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Tightly-Coupled Integration of WiFi and
MEMS Sensors on Handheld Devices
for Indoor Pedestrian Navigation
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Abstract— The need for indoor pedestrian navigators is quickly
increasing in various applications over the last few years. However, indoor navigation still faces many challenges and practical
issues, such as the need for special hardware designs and complicated 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. I NTRODUCTION

I

N THE past several years, the demand for handheld
devices such as smartphones has grown exponentially.
Multi-applications, such as calling, texting, gaming, and internet 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 possibilities 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 nonholonomic 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

1530-437X © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

ZHUANG AND EL-SHEIMY: TC INTEGRATION OF WiFi AND MEMS SENSORS

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 pedestrian 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, gyroscope 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. L ITERATURE R EVIEW
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 integration 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 developed 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 applications. 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. S YSTEM OVERVIEW
The block diagram of the proposed TC WiFi/MEMS integration 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. S ENSOR -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 mechanization to compute the 3D position, 3D velocity, and 3D attitude
of the moving object [24]. The INS mechanization equations
are given as follows [11]:
⎡ n⎤ ⎡
⎤
D −1 vn
ṙ
⎣ v̇n ⎦ = ⎣ Cbn f b − (2nie + nen )vn + g n ⎦
(1)
n
b
b
Ċbn
Cb (ib − in )
where r n = [φ λ h]T represents the position vector (latitude,
longitude, and height), in which T represents the transpose for
a vector; vn = [v N v E v D ]T represents the velocity vector in
the navigation frame; Cbn represents the transformation matrix
from the body frame to the navigation frame as a function of
attitude components; g n represents the gravity vector in the
navigation frame; nie represents the skew-symmetric matrix
n , from the navigation frame to the
of the rotation vector, ωie
inertial frame; nen represents the skew-symmetric matrix of
n , from the navigation frame to the ECEF
the rotation vector, ωen
(Earth-Centered, Earth-Fixed) frame. bib , bin represent the
skew-symmetric matrices of the gyroscope-based angular rate
b , and the rotation vector, ωb , from the navigation
vector, ωib
in
frame to the inertial frame, respectively; and D −1 represents
a 3 × 3 matrix related to the latitude, φ, and the ellipsoidal
height, h, 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

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

(2)
s = 4 az max − az min · K
where az max is the maximum value of the vertical acceleration,
az . az min is the minimum value of az ; 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. Therefore, a PDR-derived heading is not used in the proposed
MEMS navigation solution. Finally, PDR mechanization is
given by
E k = E k−1 + ŝ(k−1,k) · sin( Ĥk )
Nk = Nk−1 + ŝ(k−1,k) · cos( Ĥk )

(3)

where (E k−1 , Nk−1 ) and (E k , Nk ) are the positions at epoch
k − 1 and epoch k, respectively. ŝ(k−1,k) and Ĥk 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
T

x s = δr1×3 δv1×3 ε1×3 d1×3 b1×3
(4)
where δr , δv, and ε represent the errors of position, velocity,
and attitude, respectively. d1×3 and b1×3 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
δx k = k−1,k δx k−1 + ωk
δz k = Hk δx k + υk

(5)

where δx k and δz k represent the state vector and observation misclosure vector at epoch k, respectively. k−1,k
represents the state transition matrix from epoch k − 1 to
epoch k, and Hk represents the design matrix at epoch k.
ωk and υk represent the process noise and observation noise
at epoch k, respectively. For more details about the implementation 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 navigation 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 information, and one integral to get the attitude information [30].
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from the INS mechanization in the navigation frame. The
observation model for ZUPT is given by
δvb = Hvb δx + υvb

(7)

where υvb represents the measurement noise. Hvb represents
the corresponding design matrix:
Hvb = 03×3

Cbn

T

− Cbn

T

· S (vn )

(8)

03×7

where S (vn ) is the skew-symmetric matrix of vn [11]. ZARU
is also used in the “static” case, and the heading misclosure
for ZARU is given by [10]
δz = ψINS − ψ0
The total INS mechanization has three integrals. In the INS
mechanization, an accelerometer bias introduces a 1st order
error in velocity and a 2nd order error in position, and a gyro
bias introduces a 2nd order error in velocity and a 3rd order
error in position [31]. Therefore, when using the INS mechanization, the positioning error is accumulated quickly for lowgrade 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
ŝ(k−1,k) does not have integrals, and the estimation of the
heading Ĥk 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 pseudovelocity, 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 performance [10].
In the “static” case, the velocity misclosure in the body
frame for ZUPT is given by [10]
b
b
− vZUPT
δz = vINS

(6)

b
where vZUPT
represents the zero velocity vector.
T
b
n
n
vINS = Cb
· vINS
represents the pedestrian velocity
from the INS mechanization in the body frame, Cbn represents
the transformation matrix from the body frame to the
n
represents the pedestrian velocity
navigation frame, and vINS

(9)

where ψINS is the pedestrian heading from the INS mechanization, and ψ0 is the pre-stored heading of the last epoch before
the “static” was detected. The ZARU observation model is
given by
δψ = Hψ δx + υψ
where υψ represents the measurement
Hψ represents the design matrix:

Hψ = 01×6 ∂ψ/∂ε N ∂ψ/∂ε E ∂ψ/∂ε D

(10)
noise;
01×7



and
(11)

For the details of ∂ψ/∂ε N , ∂ψ/∂ε E , and ∂ψ/∂ε D , please refer
to [3].
In the “moving” case, with the assumption that the pedestrian’s moving speed is constant for a short term, the forward
speed is expressed in
v f = s/ts

(12)

where s represents the estimated step length and ts 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]
T

vbpseudo = v f 0 0
(13)
Similar to ZUPT, this pseudo-velocity vector works as
3D pseudo-velocity update for INS to improve the pedestrian
navigation performance.
V. TC I NTEGRATION OF MEMS S ENSORS 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 measurement data, namely the MEMS-based range, given by
dMEMS,k


2
 λ
−λ A P,k (N + h) cos ϕMEMS
=  MEMS

2
+ ϕMEMS −ϕ A P,k (M + h) + h MEMS −h A P,k

2

(14)
where λMEMS , ϕMEMS , and h MEMS represent MEMS-based
position coordinates (longitude, latitude, and altitude); λ A P,k ,
ϕ A P,k , and h A P,k represent position coordinates of the
k t h 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 · log10 (d) + X σ

(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 beforehand [33]. n represents the path loss exponent with typical
values, 2 - 6 indoors. X σ represents the shadow noise modeled
as a Gaussian random variable with zero mean and standard
deviation, σ R S S [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
(16)
d̂ R S S = 10
The experimental standard deviation of RSS values,
σ R S S , is almost independent of d [33]. By differentiating the
propagation model in (15) with respect to d, we obtain
10 · n
∂ RSS
=−
∂d
ln (10) · d

(17)

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

σd = ln(10) · d · σ R S S 10 · n
(18)
where σd 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 reasons such as the inaccurate pre-set value of the constant A
in (15). Therefore, the estimated range, d̂ R S S , is not equal
to the geometric range, d, between the transmitter and the
receiver. The RSS bias, b R S S , is considered to compensate

the difference between d̂ R S S and d. Therefore, the geometric
range is given by
A−RSS
−b 
A−RSS −b R S S
10·n = 10
10·n ·10 R S S 10·n
d = 10
−b R S S
10 · n
(19)
= d̂ R S S · 10
By reorganizing (19), we obtain
b R S S
10 · n = d · f (b R S S )
d̂ R S S = d · 10

(20)

b R S S/
10 · n . f (b R S S ) is linearized at the
where f (b R S S ) = 10
point of b R S S = 0 by using the Taylor expansion, and the
result is given by
∂ f (b R S S )
f (b R S S ) = f (0) +
|b RS S =0 · b R S S + · · · ≈ 1
∂b R S S



b R S S
ln
10
10
·
n
|b RS S =0 · b R S S
+
10 · n · 10

(21)
= 1 + ln 10 · b R S S 10 · n
Substitute (21) into (20), we obtain the relationship between
d̂ R S S and d:



(22)
d̂ R S S = d + ln 10 · d 10 · n b R S S
In the TC WiFi/MEMS integration, the RSS bias b R S S
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.
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
δ ẋ s = Fs δx s + G s ωs

(23)

The sensor error state vector, δx s , is given in (4). For the
details about the dynamic matrix, Fs , please refer to [11].
ωs = [ω1 · · · ω15 ]T , 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 s 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:
ḃ R S S = ωb RS S

(24)

where ωb RS S is the white noise. The WiFi system dynamic
model is given by
δ ẋ W = FW δx W + G W ωW

(25)

where δx W = b R S S , FW = 0, G W = 1, and ωW = ωb RS S .

ZHUANG AND EL-SHEIMY: TC INTEGRATION OF WiFi AND MEMS SENSORS

229

By combining (23) and (25), we have the following system
model for the TC WiFi/MEMS integration.

 

 


δ ẋ s
Fs
δx s
Gs
ωs
0
0
=
+
0 FW
0 GW
δ ẋ W
δx W
ωW

Therefore, the observation model for the range differences
is given by
⎤
⎡
d MEMS,1 − d W i F i,1
⎥
⎢
..
δz d = ⎣
⎦
.
dMEMS,m − d W i F i,m
⎤
⎡
⎡
⎤
ln 10 · d1
e1x e1y e1z ⎡ δϕ ⎤
10
·
n
1
⎥
⎢
..
.. ⎥ ⎣ δλ ⎦ + ⎢
..
⎥ bRS S
⎢
= ⎣ ...
.
.
. ⎦
⎦
⎣

δh
ln 10 · dm
emx emy emz
10 · n k
⎤
⎡
υd 1
⎥
⎢
+ ⎣ ... ⎦

(26)
i.e. δ ẋ = Fδx + Gω

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,
δz d , in the TC EKF. By assuming there are m APs in-view,
the measurements can be written as
⎤ ⎡
⎤
⎡
δz 1,range
d MEMS,1 − d W i F i,1
⎥ ⎢
⎥
⎢
..
..
⎥ ⎢
⎥
⎢
(27)
δz d = ⎢
.
⎥=⎢
⎥
.
⎦ ⎣
⎦
⎣
δz m,range
dMEMS,m − d W i F i,m
where dMEMS,k is the MEMS-estimated range based on (14),
and dW i F i,k is the k t h AP’s WiFi-based range measurement. Through (22), WiFi-based range of the k t h AP is
given by



dW i F i,k = dk + ln 10 · dk 10 · n k b R S S + υdk
(28)
where υdk is the white noise of dW i F i,k . n k is the path loss
exponent for the k t h AP. dk is the geometric range between
the pedestrian and the k t h WiFi AP, which is expressed as



 λ − λ A P,k (N + h) cos ϕ 2

dk =
2
(29)

2
+ ϕ − ϕ A P,k (M + h) + h − h A P,k
where λ, ϕ, and h represent the filtered pedestrian’s
coordinates (longitude, latitude, and altitude); λ A P,k , ϕ A P,k ,
and h A P,k represent coordinates of the k t h 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
δd ≈ ekT · δλ δϕ δh

T




+ ln 10 · dk 10 · n k b R S S

(30)

where
⎡

ekx

⎤


⎥ 
⎢

eky ⎥ = 1 + ln 10 · b R S S
ek = ⎢
10
·
n
⎦
⎣
k
ekz
⎡
⎢
⎢
×⎢
⎣

⎤
ϕ − ϕ A P,k (M + h)
dk ⎥
λ − λ A P,k (N + h) cos ϕ ⎥
dk ⎥
⎦

h − h A P,k
dk

(31)

υd m

= G m×3 δϕ

δλ

δh

T

+ Bm×1 · b R S S +υd,m×1

(32)

Finally, the observation model for TC integration is
written as
δz = H δx + υ

(33)

where δz = δz d represents the measurement vector;
υ = υd,m×1 represents the measurement noise vector; and
H is the design matrix, which is expressed as


H = G m×3 0m×12 Bm×1
(34)
VI. E XPERIMENTAL R ESULTS
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 accelerometer 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 lowgrade 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. 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.

Fig. 2. Three experimental trajectories in building E (about 120 m × 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 illustrate the performance of TC integration in the environment of
the sparse deployment of WiFi APs. This showed RMS position errors of 5.77m and 5.87m, respectively. Their navigation

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

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.

“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 performance 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 compared 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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TABLE II
S UMMARY OF N AVIGATION P ERFORMANCE OF D IFFERENT A PPROACHES

TABLE III
C OMPARED R ESULT OF THE P ROPOSED S YSTEM
W ITH C URRENT S YSTEMS

Fig. 7. Navigation solutions in Trajectory III (Pedestrian 3, Smartphone C).
(a) PDR, MEMS, and WiFi/MEMS LC integration and (b) WiFi/MEMS TC
integration using different numbers of APs.

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-modelbased WiFi positioning solution with the sensor data from
smartphones. Meanwhile, the research [17] uses WiFi propagation model, PDR, and multi-person collaboration to provide
a positioning solution that has an accuracy of 5m (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 accurate navigation solution even in the environment with sparse
deployments of WiFi APs.
VII. C ONCLUSION AND F UTURE W ORK

Fig. 8. Cumulative error percentages of PDR, MEMS, WiFi/MEMS LC
integration and WiFi/MEMS TC integration using different numbers of APs
in Trajectory III.

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

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 integration was also used to enhance the navigation performance of the indoor pedestrian navigator. Better heading

ZHUANG AND EL-SHEIMY: TC INTEGRATION OF WiFi AND MEMS SENSORS

233

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 environment. TC integration performs better than LC integration, 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 pedestrian 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. Furthermore, quality control algorithms will also be investigated
to enhance the system robustness. Additionally, more experiments will be conducted in various environments, such as retail
shops, shop floors, and offices, to evaluate the performance of
the proposed system systematically.
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