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Abstract: Nowadays, smartphones have become indispensable in people’s daily work and life.
Since various sensors and communication chips have been integrated into smartphones, it has
become feasible to provide indoor positioning using phones. This paper proposes such a solution
based on a smartphone, combining Bluetooth low energy (BLE) and pedestrian dead reckoning
(PDR) in the particle filter framework to realize real-time and reliable indoor positioning. First,
the smartphone’s built-in accelerometer, magnetometer, and gyroscope are used to provide data
measurements and formulate a feasible method for PDR. Second, a range-free weighted centroid
algorithm is proposed to realize BLE-based localization with low computation complexity. However,
a single positioning technology has limitations, e.g., the cumulative error of PDR and the received
signal strength fluctuation of BLE. Finally, to exploit the complementary strengths of each technology,
a fusion framework utilizing a particle filter is proposed to combine PDR and BLE-based methods
and provides more stable and accurate positioning results. Experiments are conducted on a floor in
a campus building. Experimental results show that our proposed fused positioning method offers
more accurate and stable performance in the long run compared with single PDR or BLE-based
positioning. The achieved average positioning error is 1.34 m, which is reduced by 24.16% compared
with PDR positioning and 10.60% compared with BLE-based positioning. Moreover, about 95%
of the positioning errors are smaller than 1.7 m. The proposed fused positioning method has a
vast application prospect in indoor navigation, indoor user tracking, and interactive experience for
indoor visitors.

Keywords: pedestrian dead reckoning; Bluetooth low energy; particle filter; smartphone; indoor
positioning

1. Introduction

Location-based service (LBS) has received tremendous attention due to the popularity
of smartphones. On the one hand, LBS provided by smartphone apps and point-of-interest
(POI) database [1] greatly enriches users’ daily life by satisfying various demands [2], such
as autonomous navigation, searching for nearby POls, and finding friends. On the other
hand, it also facilitates advanced activities to the service provider [3], including personnel
management and scheduling, location-based advertisement, business intelligence, and
analysis. A smartphone can obtain accurate positions in an outdoor environment using its
built-in global navigation satellite system (GNSS) chip. However, GNSS performs poorly in
the indoor environment due to the signal block by buildings [4]. Nevertheless, smartphone
users usually spend more than 70% of the time in an indoor environment [2], and indoor
areas such as hospitals, buildings, and shopping malls are becoming more and more
complex. Patient and medical staff tracking in smart hospitals [5], indoor navigation in
buildings and shopping malls [6], and interactive and personalized experiences for museum
visitors [7] are some practical indoor service requirements. Thus, indoor positioning for
smartphones is pressingly needed to support various indoor LBSs.
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Nowadays, a smartphone is an integration of communication and measurement de-
vices. On the one hand, it supports Bluetooth low energy (BLE), WiFi, and 4G/5G cellular
connectivity for communication. On the other hand, it incorporates various sensors such as
an accelerometer, gyroscope, magnetometer, etc., which can be used to provide information
on the user’s actions [8]. Pedestrian dead reckoning (PDR) [9] is a relative navigation
technique that uses these sensor measurements. It consists of four parts: (1) step detec-
tion based on an accelerometer, (2) step length estimation based on empirical acceleration
models, (3) heading direction estimation between each step based on the gyroscope or mag-
netometer, and (4) 2D position estimation—noting that in PDR, the user’s current position
is estimated based on the previous position by calculating the walking distance and the
heading direction. It has the merits of good real-time performance and relatively accurate
positioning for short-time intervals. Meanwhile, it suffers from large cumulative error
when long distances are involved, and it greatly depends on the precision of the previous
position [8]. Therefore, PDR is usually utilized in combination with other methods. As for
smartphone-based indoor localization, PDR has been combined with BLE [10], WiFi [11],
acoustics [2], and magnetic fields [12] in the literature to provide higher positioning accu-
racy. Among these technologies, WiFi and BLE are the most commonly adopted [8]. By
deploying WiFi access points (APs) or BLE Beacon tags in the indoor area, the received
signal strength (RSS) obtained by the smartphone can be used to achieve indoor positioning.
Compared with WiFi, BLE Beacon tags have the following advantages: they have a small
size and low energy consumption, can be placed flexibly in any indoor location without
active power supply [8], and cost much less energy to scan for BLE devices than to scan
for WiFi APs[13]. Therefore, BLE is more promising than WiFi to become the mainstream
technology in the indoor positioning market [14]. It has been widely used in building
emergency management [15], occupancy detection [16], smart grid applications [17], and
smart energy management [18]. That is also why we select BLE to combine with PDR in
this paper.

An integrated system combining BLE and PDR is a feasible solution for realizing real-time
and long-term indoor positioning of a smartphone with relatively high precision [3,10,19,20].
Due to the short-term high-precision features of the PDR method, occasional abnormal
BLE signals caused by a non-line-of-sight (NLOS) environment or interference in similar
frequency bands can be detected and effectively eliminated. Meanwhile, the positions obtained
from normal signals with the BLE localization can be used to correct and inhibit the error
accumulation of the PDR method. In this paper, we present a real-time indoor localization
method for smartphones based on the combination of BLE and PDR positioning in the particle
filter framework. Particle filtering has been proven an effective framework that fuses the RSS-
based and PDR positioning methods [8,21-23]. The proposed fusion method can effectively
reduce the cumulative error of PDR and mitigate the influence of the RSS fluctuations and
thus provide more accurate and reliable positioning for smartphones. The contributions of
this paper are listed in the following:

e To realize the PDR method, first, peak detection is used for step detection based on the
measured acceleration; second, an empirical nonlinear step length estimation model
is adopted based on the measured acceleration in a single stride; third, the heading
direction is estimated by using the complimentary filter to combine the measurements
from magnetometer, gyroscope, and accelerometer.

*  For BLE-based localization, a range-free weighted centroid algorithm is proposed
instead of commonly-used range-based trilateration or fingerprint-based method.
This range-free method has low computation complexity and is proven to be efficient,
especially when the BLE anchor tags are densely deployed.

*  The particle filter framework is adopted to fuse the positioning results obtained by
PDR and BLE-based methods. As the PDR method cannot determine the initial
position and suffers from error accumulation over time, and the BLE-based method
cannot provide continuous and stable positioning results due to signal fluctuation,
the combination of the two methods under the particle filter framework is able to
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overcome the shortcomings of both sides and provides more stable and accurate

positioning results.

*  We have implemented the proposed positioning method on the smartphone and
performed indoor positioning experiments on a floor of the campus building. Ex-
perimental results indicate that our proposed fused positioning method offers more
accurate and stable performance in the long run compared with pure PDR or BLE-
based positioning.

The rest of the paper is organized as follows. Section 2 presents related work. Section 3
describes the nuts and bolts of our proposed method, including the overall architecture,
the PDR method, the range-free BLE-based method, and the use of a particle filter frame-
work. Performance evaluation by experiments is discussed in Section 4. Finally, Section 5
concludes this paper.

2. Related Work

Over recent decades, various technologies such as WiFi, BLE, PDR, ultra-wideband
(UWB), acoustic and ultrasonic wave, radio frequency identification (RFID), geomagnetic
field, visible light communication (VLC), and combinations of these technologies have been
used for indoor positioning on smartphones [4,24,25]. Although UWB and VLC can achieve
high accuracy, they do not seem to receive as strong support from the community as BLE
or WiFi [3]. In this section, we briefly review the advances in PDR positioning, BLE-based
positioning, and fused positioning methods, which are mostly related to our work.

2.1. PDR

PDR positioning using the inertial measurement units (IMU) is commonly used in
indoor positioning since accelerometers, gyroscopes, and magnetometers have been inte-
grated into smartphones, and it does not need an extra infrastructure investment [9,26].
However, PDR using IMU sensors has an acceptable positioning accuracy only for a short
distance since it suffers from cumulative error in heading estimation over time. Extensive
studies have been conducted recently to reduce cumulative error. First, to achieve accurate
and robust step detection, various algorithms are proposed, such as peak-detection [27],
zero-crossing [28], wavelet transform [29], dynamic time warp (DTW) [30], and a combina-
tion of the above methods [31]. Second, to acquire accurate step length, several step-length
estimation technologies have been proposed. In some technologies, various parameters
are required, such as step frequency, user’s leg length or height, and even angle between
legs [32], which are inconvenient to obtain. Empirical models based on acceleration, and
features extracted from acceleration, are the most frequently exploited [33,34]. Third, the
most commonly used heading direction estimation scheme is fusing data from accelerom-
eter and magnetometer measurements to compensate for gyro drift [35]. Wu et al. [36]
propose a fusion algorithm based on the gradient descent algorithm combining a linear
Kalman filter and the least square solution based on aided vector measurements to im-
prove the accuracy and convergence. Recently, some data-driven technologies leveraging
deep learning methods have been proposed for step detection [37] and step length estima-
tion [38—40]. In addition, data-driven technologies are also adopted to directly regress the
speed and the heading [41,42], achieving 3-D inertial navigation. However, applying deep
learning methods requires the collection of massive datasets to train the neural network
and additional equipment to obtain the ground-truth information beforehand, which is
labor-intensive to execute. Moreover, for real-time PDR positioning, it is better to deploy
the trained neural network on the smartphone for local computing, which may bring a
heavy computation load to the end-device.

2.2. BLE-Based Positioning

BLE-based positioning has been extensively explored over the past few years. Cur-
rently, the most commonly-used BLE includes Apple’s iBeacon and Google’s URIBea-
con [20]. BLE is not designed from the ground up as a positioning technique, but it is
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feasible for estimating the user’s position based on RSS measurements. Though the prin-
ciples of BLE-based and WiFi-based positioning methods are basically identical, it has
been shown that under the same circumstance, BLE-based positioning tends to be more
reliable than WiFi due to its lower transmission power and a unique channel hopping
mechanism [43]. Moreover, BLE-based positioning has the advantage that the BLE bea-
con tags can be placed as required, and it provides good signal coverage. Depending on
whether or not the distance information to an anchor tag is required, two derivatives of
BLE-based indoor positioning algorithms are considered: range-based and range-free algo-
rithms. The range-based algorithm first uses the path loss model to estimate the distance to
nearby anchor tags and then adopts trilateration and least-square estimation to obtain the
estimated location. Due to the multipath fading and background interference, the range
estimates are inaccurate. Furthermore, additional efforts are needed to obtain the empirical
path loss model. Over time, researchers have proposed various methods to improve the
accuracy of a range-based algorithm utilizing various propagation models and machine
learning [7,44,45]. However, all proposed approaches have limitations affecting RSS values
and, consequently, distance and location estimates, which arise from attenuation from ob-
stacles, radio interference, aggregation or low frequency of measurements, and their strong
dependence on the environment [46]. For range-free methods, some adopt fingerprint-
based methods similar to WiFi positioning [10,24]. However, it is labor-intensive to build
and maintain the fingerprint database, and the positioning accuracy greatly depends on
the quality and scale of the database.

2.3. Fused Positioning Methods

Since pure PDR or BLE-based methods cannot continuously offer reliable indoor
positioning service, great efforts have been made by researchers to find solutions integrating
these two technologies to mitigate the limitations of each individual technology. Studies
have shown that the Kalman filter and particle filter can be used to promote GPS positioning,
so they can also be used to improve the performance of indoor localization systems [26].
Filter theories such as the Kalman filter (KF), extended Kalman filter (EKF), unscented
Kalman filter (UKF), and particle filter have been widely used to combine sensory data
from disparate sources to obtain better positioning accuracy [22]. For instance, researchers
have applied the KF [19,47], EKF [10,48], and UKF [49] to indoor positioning and obtained
satisfying performance. However, the KF and EKF are not suitable for systems with severe
nonlinearity and non-Gaussian noise [50], whereas the UKF can be applied to the nonlinear
system but cannot deal with highly non-Gaussian noise [22]. On the contrary, the particle
filter, which is based on Bayesian statistical theory and a sequential Monte Carlo framework,
can approximate the true posterior distribution of the state for the nonlinear /non-Gaussian
system. Particle filtering has demonstrated its excellent performance in several studies
integrating PDR and RSS-based positioning methods [8,21-23].

3. Methodology
3.1. Methodology Architecture

The basic architecture of the proposed indoor positioning method is shown in Figure 1.
It consists of three major components: BLE-based positioning, PDR, and a particle filter. The
data inputs include the iBeacon RSS scans and IMU readings. For the BLE-based method,
the iBeacon RSS scans are recorded as the weights for the centroid-based localization
algorithm. For PDR, IMU readings are used for step detection, step length estimation, and
heading direction estimation. The PDR and BLE-based methods are fused in the particle
filter framework. Each particle represents a discrete-state hypothesis, which is initially
generated using the BLE-based method. Then PDR is used to model the particle movement,
and thus the state evolving is achieved. When new observation data is obtained from the
BLE-based method, the weights of all particles are updated. Finally, particle resampling is
performed according to the weight values, and the location is estimated from new particles.
More details are elaborated on in the following sections.
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based method

Figure 1. Architecture of the proposed positioning method.

3.2. BLE-Based Positioning

In this paper, we propose a weighted centroid positioning method, which is an exten-
sion of the simple centroid algorithm with RSS-related weights added to the anchor tags
evolving in the positioning.

3.2.1. Traditional Centroid Algorithm

Suppose M iBeacon tags are deployed in the target indoor area with known positions
(x;,yi),i = 1,2,...,M. Let Ny, and Py, be the number threshold, and power threshold,
respectively, and P; be the RSS at the smartphone from iBeacon i. Denote the number of
iBeacon signals with the RSS exceeding the threshold Py, by N(P; > Py,,i =1,2,...,M). If
N > Ny, the estimated position of the smartphone is

o X1+ ...+ x o+
(2,9) = < 1 N Y1 ]/N)_ 1)

N N

3.2.2. Weighted Centroid Algorithm

The traditional centroid algorithm is coarse-grained and largely depends on the dis-
tribution of nearby iBeacon anchors. In order to decrease the influence of the anchor
distribution and improve the positioning accuracy, a weighted centroid algorithm is pro-
posed. The rationale behind this algorithm is to assign larger weights to the iBeacons that
are closer to the smartphone. Thus Equation (1) can be extended to

x1/dy+ ...+ xn/dN yl/d1+...+yN/dN> @)

£,9) = ,

(%,9) ( 1/d+...+1/dy * 1/di+...+1/dn

Based on the free space path loss model, i.e., the Friss equation, the RSS at the receiver is
P, =¢eP/d", (©)]

where P; is the transmit power, d is the distance between the transmitter and the receiver,
and ¢ is a constant related to the antenna gains and the wavelength. Suppose all the
iBeacons use the same transmit power, combing (1) and (3), we have

(32 9):<{ﬁx1+...+\“/PNxN Vﬁly1+...+\a/PNyN)
’ YP +...+¥Py | YD +...+YPy )

It is worth noting that, in the proposed weighted centroid algorithm, the distances
between the smartphone and nearby iBeacons do not need to be precisely estimated. Only
the size relationship of the distances is concerned, which is reflected by the RSS. That is
why a simple Friss equation is adopted instead of more complicated path loss models.

4)
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3.3. PDR Positioning

Nowadays, most smartphones have various built-in sensors, such as accelerometers,
magnetometers, gyroscopes, light sensors, microphones, barometers, etc. These sensors
can measure acceleration, orientation, and various environmental conditions. Among these
sensors, the IMU sensor, consisting of an accelerometer, magnetometer, and gyroscope,
can be used to perform PDR. PDR is a relative navigation technique that uses IMU sensor
measurements to estimate the current position based on the previous position by calculating
the distance and the heading angle. Concretely, the position X1 = [Xt41, Yx41]T can be real-
time updated by adding an amount of displacement to the previous position x; = [xx, yi|:

|:xk+1:| _ |:xk:| + lk |:C9S (Pk} , (5)
Y1 Yk SIn Pk

where [ is the distance traveled on step k and ¢y is corresponding heading direction. In the
following, we discuss the process in detail.

3.3.1. Step Detection

Step detection is a key component in the PDR method. Either failing to detect a few
steps or detecting extra steps will lead to a decrease in the positioning accuracy. Peak
detection is used in the paper for step detection. Accelerations change continuously and
periodically when the user moves. A step is detected when the acceleration is greater
than a threshold ay;,. To further avoid false detection, the next footstep is counted if the
time interval between two possible steps is greater than a threshold t;;,. Specifically, the
conditions of peak detection are given by

am — gl > ay, ©)
At > ty, ’
where a,, = /a2 + aﬁ + a2 is the local synthetic acceleration, ay, ay and a are the 3-axis

accelerations, and g is the the local gravity component. The parameters a;, and t;, are
fine-tuned to achieve better accuracy. Using extensive experiments, ay, is set to 1.9 m/s?.
Since t;;, should be related to user velocity, the dynamic threshold is adopted with the
detection frequency ranging from 1.65 to 2.85 Hz according to different user velocities.

3.3.2. Step Length Estimation

The step length estimation model can be classified into two categories: static model
and dynamic model. The static model considers that the user’s step length is fixed through-
out the process and is only related to the user’s individual characteristics, such as height.
However, using a fixed step length will degrade the positioning accuracy since the step
length is also affected by other factors, such as velocity, acceleration magnitude, the environ-
ment, etc. The dynamic model allows the step length to be different at different moments
for the individual user. In this paper, we adopt a nonlinear step estimation model based on
statistics proposed in [51]. The step length [ is given by

I = T\/4 Amax — Amin, )

where T is a scale factor that can be obtained using offline training, amax and amyin are the
maximum and minimum values of the synthetic acceleration in the step detection process.

3.3.3. Heading Direction Estimation

We assume it is most likely that the user holds the smartphone to check the navigation
while walking. Thus, the user holds the smartphone in a portrait orientation, pointing to
the heading direction with the screen up. So, the user’s heading direction is the same as
that of the smartphone. In this paper, the heading direction is estimated with the combined
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data from the magnetometer, accelerometer, and gyroscope using a complementary filter,
as shown in Figure 2. It is given by

¢=¢e om+(1—¢)pg, 8)

where ¢, is the heading angle obtained from the magnetometer and accelerometer, ¢, is
the heading angle obtained from the gyroscope, and ¢ is the weight coefficient of the com-
plementary filter, depending on the accuracy of the two components. The rationale of this
method is as follows. On the one hand, the heading angle estimated by the magnetometer
and accelerometer is unstable over a short time due to the disturbance from the indoor
magnetic field. On the other hand, a gyroscope can provide 3-axis angular velocities with
high accuracy in a short interval, but it incurs accumulative error in the long run. Therefore,
using a complementary filter to combine the heading angle from both components can
improve accuracy and stability. In the following, we elaborate on how to obtain ¢y, and ¢,
respectively.

Accelerometer Complementary filter

Heading direction ¢, Heading direction ¢

Magnetometer

I ]

Gyroscope Heading direction ¢,

Time interval

Figure 2. The process of heading direction estimation using complementary filter.

First, we discuss how to get ¢;; based on the sensing data from the magnetometer and
accelerometer—noting that the coordinate system of the smartphone sensors is based on
the device coordinate system (DCS), which changes with the phone’s attitude. Therefore,
we have to transform the DCS-based sensing data to the earth coordinate system (ECS) to
ensure accuracy. The Euler angle is defined as the angle between the three axes of DCS and
ECS, including pitch, roll, and yaw. The pitch, roll, and yaw represent rotation around the
x, y, and z axes, often denoted by 6, ¢, and ¢, respectively. The relationship between the
3-axis magnetic field intensity under DCS and that under ECS is as follows:

H, cosf sinysin® cosysinf| [hy
Hy| = 0 Cos 7y —sin6 hy |, 9)
H; —sinf sinycosf cosycosf| |h;

where [Hy H, H;] Tis the magnetic field intensity under ECS, and [h,  hy h;] T is the
magnetic field intensity under DCS provided by the magnetometer of the smartphone.
The pitch 6 and roll vy are obtained by measurements from the accelerometer:

0 = — arctan A , (10)

2 _ 2
ay —az

Ay
v = arctan — ) (11)

z
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Then the estimated heading angle ¢;, can be calculated using

Hy
¢m = arctan o,

hy cosy — h; siny
= arctan : p P .
hyx cos 0 + hy sin y sin 6 + h; cos 7y sin 6

(12)

Second, we discuss how to get ¢ based on the data from the gyroscope. The rotation

matrix C} is introduced, representing the motion process of the device rotation from DCS
to ECS, defined as follows:

cosfcosp —cosfsing+sinysinfcos¢g  sin<ysin @ + cosysinfcos ¢
ch = [cosf)singo cosfOsing +sinysinfcos@  — sinysin ¢ 4 cosysinf cos go]. (13)
—sinf sin <y cos 6 cos y cos 6
Cii Cip Cis
To simplify the description, let Cl = |Coy Cyp Coz|,whereCyy,...,Css correspond
Ca1 G Cas

to the 9 elements of the matrix in (13). The quaternion method is used to calculate the

heading angular. Let the quaternion vector be Q = [qo g1 g2 q3] T The initial value is
given by

q0 %\/1+C11+C22+C33
_|m| _ |2VI+Ci—Cn—GCss 1
Q=g = | IViFCnTCn =G|’ 14
q3 1VI=Ci —Cyn +Cx

The gyroscope samples the 3-axis angular velocity w = [wy wy w;] ' every At time.
Then the quaternion is updated using the first-order Runger-Kutta method as follows:

Qa0 = (Teos(a0/2) + ()™ 502 Yo, (15)

where I is a 4 x 4 identity matrix, A0 = At,/wi+wj+w? Q) =
0 —wy —wy —w;
Wy 0 Wy wy
wy —w; 0 Wy
wz;  wy  —wy 0

Then the estimated heading angle ¢, can be calculated by:

2(q192 + q093) >. 8

@, = arctan
§ (%—%+%—%

By substituting (12) and (16) into (8), the fused heading angle ¢ is finally obtained.

3.4. Particle Filter

PDR is a self-contained algorithm that provides an accurate position in a short time,
but it depends on the previous position and suffers from cumulative error. BLE-based
positioning does not rely on the previous position, but the accuracy varies due to signal
interference. To improve the positioning accuracy, continuity, and stability, we propose
integrating the two methods using a particle filter. The key strategy of the particle filter is
to use a set of particles to represent the posterior distribution of the positioning process,
replace integral operations with the sample mean, and obtain the minimum variance
distribution of the state. The process of particle filtering consists of the following steps.
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3.4.1. Particle Initialization

An initial set of m particles is generated Py = {X(()i)|i = 1,2,...,m}, where

X(()l) = [x(()l) y((]l)]T is the position of the ith particle. The positions of the m particles

are obtained by BLE-based positioning discussed in Section 3.2 plus the measurement noise.
The noise follows a Gaussian distribution with a mean of 0 and a standard deviation of the
positioning error. An equal weight of w(()l) = 1/m is assigned to each particle.

3.4.2. Particle Position Update

The position of each particle is updated using the PDR method discussed in Section 3.3.
Suppose the position of particle i at the k-th step is X,({l). Once a new step is detected,
according to the estimated step length I} and the heading direction ¢y, without considering

the system noise, the particle state transition follows

() _ () COS Pk
X =Xp [sin (PJ , (17)
where ¢y and Ii are the heading direction and step length of k-th step towards k 4 1-th step,
respectively, which can be obtained by the methods introduced in Sections 3.3.3 and 3.3.2,
respectively.

3.4.3. Particle Weight Update

Once the condition that triggers the BLE-based positioning is satisfied, i.e.,
N(P; > Py) > Ny, the observation based on BLE-based positioning is obtained
XE 1= [xB 1 yP +1]T. Based on the observation, we update the particle weights according to a
Gaussian pseudo-distribution:

) .
w(i) = 1 exp| — (XI(;‘H _ XEJF])T(XI((lll _ X£+1) (18)
k+1 \/27_[5 P 252 ’

where ¢ is the positioning error of the BLE-based method. After computing all particle
weights, we normalize them to ensure that all weights sum up to one:
(i)
() Wikt
[ 3 R — (19)
Zj:] wk+

3.4.4. Particle Resampling

Let My, be the threshold of a valid number of particles. Then, by the k + 1-th step, the
valid number of particles is
1

?1:1(@1((1 )2

My = (20)

If My < My, it implies severe degeneracy. To mitigate the effects of the degeneracy,
sampling importance resampling (SIR) is applied whenever the degeneracy problem is
detected. The resampling stage aims to remove the samples with a small value of the weight
and to focus on the samples that have a large value of weight. Specifically, m particles are
chosen with replacements with respective weights as the probabilities. Then the weights
are reset to 1/m equally.

3.4.5. Position Estimation

The weighted sum of particles is used to estimate the final position, which can be
expressed as:

X1 = ;wlglxl(cL (21)
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4. Performance Evaluation

We conduct experiments in a real indoor environment to verify the accuracy and
stability of the fused indoor positioning method proposed in this paper. It is worth noting
that there is prior work that has proposed an indoor positioning method integrating BLE
and PDR [10]. However, we will not compare their work for the following reasons. First,
the fingerprint-based method is adopted for BLE positioning in [10]. However, it is labor-
intensive to build and maintain the fingerprint database. Second, a robust filter based
on the EKF is adopted to fuse the positioning results obtained using PDR and BLE-based
methods in [10], which is totally different from the particle filtering framework adopted
in our work. Actually, it is rather difficult to fully reproduce the method proposed in [10].
Therefore, we only compare the positioning results of our proposed fusion positioning
method with pure PDR and BLE-based positioning methods. This section presents the
experimental setting and results and makes an analysis.

4.1. Environmental Setting

The experiments are conducted on a floor of a campus office building, as shown in
Figure 3. A total of 9 iBeacon tags are used in the experiment; see Figure 4a. The deploy-
ment scenario of iBeacons is shown in Figure 4c. They are mounted on the ceiling of the
corridors at the height of 2.5 m above the ground with the same technical configuration. The
horizontal interval between the iBeacon tags is approximately 4 m. A Huawei smartphone
with Android 9.0 is used to collect the IMU data, as shown in Figure 4b. The phone is
handled by a volunteer pointing to the heading direction with a screen up during the
experiments. Since the major purpose of our work is to locate the smartphone user continu-
ously in real-time instead of occasionally executing measurements statically, continuous
trajectories are tested, which consist of two parts of the corridors, with distances of 20.8 m
and 11.2 m, respectively; see the red lines in Figure 3. We compare our proposed method
with the other two different methods: pure PDR and pure BLE-based methods. Ten groups
of experiments on the same trajectory are independently conducted by applying the three
methods. Thirty-two measurement points on the trajectory are selected to demonstrate the
positioning performance.

B514 B512 B508 B504 l:L

f
AS16 AS12 A508. J Aso4  w W
e T
Figure 3. The map of the experimental area, with colored regions indicating different rooms (some

have room numbers as shown on the map, while others like toilets and distribution rooms do not
have numbers).
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(@) (b) (©)
Figure 4. The devices used in the experiment and the deployment scenario. (a) The iBeacon tag used

in the experiment. (b) The smartphone used in the experiment. (c) The deployment scenario of the
iBeacon tags.

4.2. Experimental Results

In the following, the experiment results are analyzed and discussed.

4.2.1. Step Detection and Heading Direction Estimation Results

Since step detection and heading direction estimation greatly affect the accuracy
of PDR positioning, we first conduct experiments to separately test their performances.
Figure 5 shows the original sampled acceleration data and the data after filtering. The
sampling frequency is set to 30 Hz, the window size for the moving average filtering is
set to 20, the acceleration threshold is set to 1.75 m/s?, and the step frequency threshold is
set to 1 Hz. A total of 300 measurement points are plotted in Figure 5, and the red circles
mark out the detections of steps, which are consistent with the ground truth. Figure 6
shows the estimated heading direction compared with the ground truth. It is observed that
the estimated results are, in most cases, stable, and the deviations are less than 5 degrees
when the user walks a straight line. It is worth noting that a sharp U-turn leads to a large
fluctuation, but the estimation accuracy is restored in a short time.

6 T T T
Original data
After filtering
5 - -
\
b4t .
E \
c
)
=]
© 3 | T
K | |
(]
o
]
<

Time (s)

Figure 5. The synthetic acceleration while walking.
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Figure 6. The estimated heading direction and the ground truth.

4.2.2. Performance of Different Methods

Figure 7 displays the trajectories obtained in the corridor of a campus building with

different positioning methods. It can be seen that the volunteer walks along a right-angle
corridor at a uniform speed. Figure 8 shows the average errors of these methods. In the
following, we make a detailed analysis of these methods.

@

@

®)

For pure PDR positioning, the error is mainly caused by inaccurate measurement
of the heading angle and also by inaccurate step length estimation. Analyzed from
the source, the error comes from the measurement errors of the magnetometer, the
accelerometer, and the gyroscope, which is inevitable. Since the position of the current
point is derived from the position of the previous one, a high correlation appears
between adjacent points, and thus the error gradually accumulates over a period
of time. For example, in Figure 7, the trajectory obtained with PDR positioning
after the bend deviates from the ground truth farther and farther away. As shown
in Figure 8, the average error increases from 0.5 m at the start to 2.2 m at the end.
Therefore, it is concluded that PDR cannot be independently and continuously used
for long-term indoor positioning unless supplementary means are adopted to reduce
the cumulative error.

The performance of BLE-based positioning is unstable due to the influence of the
environment. As shown in Figure 8, the average error obtained with BLE-based
positioning is larger than that obtained by PDR in the first part of the trajectory, but
the average error of PDR positioning becomes larger in the second part. Compared
with PDR positioning, the advantage is that the error is not accumulating over time. It
is consequently a good complement to PDR positioning.

The average error of our proposed fused positioning method is the smallest among
all the methods. As shown in Figure 8, the average error is not as cumulative as with
PDR, and the fluctuation is smaller than that of the BLE-positioning. It is also observed
that the positioning errors are large at the start of the positioning process. This is
because the initial positions of the particles are randomly generated and dependent on
the results from BLE-based positioning. With the increase in the number of iterations
and resampling steps, the particles’ positions gradually converge, and the accuracy
gradually improves.
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Figure 7. The trajectories obtained by different positioning methods and the ground truth.
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Figure 8. The average positioning errors of different methods.

Table 1 lists the maximum, minimum, and average errors of different methods. It is
observed that our proposed fused positioning method has the smallest average error of
1.35 m, which is a reduction of 24.16% compared with PDR positioning and 10.60% com-
pared with BLE-based positioning. Although PDR positioning has the smallest minimum
error, its maximum error is the largest. These positioning results demonstrate that our
proposed fused method can effectively improve the accuracy of indoor positioning.

Table 1. Positioning errors of different methods.

Positioning Methods =~ Maximum Error (m) Minimum Error (m) Average Error (m)
PDR positioning 2.17 0.39 1.78
BLE-based positioning 2.05 0.7 1.51
Fused positioning 1.87 0.51 1.35

Figure 9 shows the cumulative distribution function (CDF) of the positioning errors
with different methods. It is observed that for our proposed fused positioning method,
about 95% of the positioning errors are smaller than 1.7 m, while the probability is 80%
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and 65% for PDR and BLE-based positioning, respectively. It is worth noting that PDR
positioning has a higher confidence level with an error smaller than 1.2 m. However, due
to the cumulative error, it cannot maintain the advantage and has a higher probability
of incurring large errors. Overall, our proposed fused positioning method statistically
performs the best.

1.0 T T T

097 e BLE-based positioning

—=— PDR positioning
—*— Fused positioning

0.8

0.7

0.6

0.5

0.4

0.3

Cumulative distribution function

021

0.1

0.0
0.0 0.5 1.0 1.5 2.0 2.5

Positioning error (m)
Figure 9. The CDF of the positioning errors with different methods.

5. Conclusions

In this paper, we propose a smartphone-based real-time indoor positioning method
for providing indoor LBS, in which a particle filter framework combines PDR and BLE-
based positioning using the built-in sensors and BLE chip. First, the built-in smartphone
accelerometer, magnetometer, and gyroscope are used to provide data measurements and
formulate a feasible solution for PDR. Second, a range-free weighted centroid algorithm
is proposed to realize BLE-based localization with low computation complexity. Finally,
to exploit the complementary strengths of each technology, a fusion framework utilizing
a particle filter is proposed to combine PDR and BLE-based methods and provides more
stable and accurate positioning results. Experimental results show that our proposed
fused positioning method offers more accurate and stable performance in the long run
compared with single PDR or BLE-based positioning. The achieved average positioning
error is 1.34 m, which is a reduction of 24.16% compared with PDR positioning and 10.60%
compared with BLE-based positioning. Moreover, about 95% of the positioning errors are
smaller than 1.7 m. The proposed fused positioning method has vast application prospects
in indoor navigation, indoor user tracking, and interactive experience for indoor visitors,
etc. In future work, we will further expand the proposed approach to the situation when
there are map constraints, and the placement of the smartphone is unconstrained.
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