
Template for submitting papers to IETE Journal of Research.  

 

1 

 

Anh Vu-Tuan Trinh and Thai-Mai Thi Dinh 

Trinh Vu Tuan Anh is with University of Engineering and Technology, Vietnam National University, Hanoi, Vietnam (e-mail: tuananhtv97@gmail.com).  

Dinh Thi Thai Mai is with University of Engineering and Technology, Vietnam National University, Hanoi, Vietnam (corresponding author to provide e-mail: 
dttmai@vnu.edu.vn). 

 

 

ABSTRACT 

In this paper, we propose a Bluetooth Low Energy (BLE) iBeacon based localization system, in which we combine two popular 

positioning methods: Pedestrian Dead Reckoning (PDR) and fingerprinting. As we build the system as an application running on 

an iPhone, we choose Kalman filter as the fusion algorithm to avoid complex computation. In fingerprinting, a multi-direction-

database approach is applied. Finally, in order to reduce the cumulative error of PDR due to smartphone sensors, we propose an 

algorithm that we name “Distance-based position correction”. The aim of this algorithm is to occasionally correct the tracked 

position by using the iBeacon nearest to the user. In real experiments, our system can run smoothly on an iPhone, with the average 

positioning error of only 0.63 m. 
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1.    INTRODUCTION 

Indoor positioning is the process of obtaining a device or a 

user’s location in an indoor setting or environment [1]. In recent 

years, with the rapid development of Internet of Things 

applications, indoor positioning has been widely studied. 

Researchers around the world have applied a number of 

technologies in their solutions for indoor localization. These 

include Wi-Fi, Bluetooth Low Energy (BLE), Radio Frequency 

Identification Device, or Ultra Wideband [1,2]. Out of these 

techniques, BLE seems to be a better solution, especially with 

the introduction of BLE iBeacon by Apple Inc. in 2013. 

iBeacon is a small, wireless device that can send its 

advertisements to compatible smartphones in its proximity via 

BLE [3]. A great number of recent research have focused on the 

use of beacons, since they are simpler to deploy, more energy 

efficient and low-cost compared to other technologies. Also, as 

most of the smartphones on the market now support BLE, an 

iBeacon based indoor positioning system can be built and 

utilized as a localization app running on smartphones. 

Taking algorithms into consideration, the most popular 

method in iBeacon based indoor positioning is based on 

Received Signal Strength (RSS). This method can be divided 

into two main approaches: trilateration and fingerprinting. 

Trilateration requires the computation of distances between the 

user and at least 3 beacons, by applying RSS of those beacons 

in a log-distance path loss model. Meanwhile, fingerprinting 

requires building an offline RSS map and database of the 

interested indoor area [1,2]. We then rely on this database to 

predict the user’s position in the online phase. The main 

problem of RSS based methods is the instability of the beacons’ 

RSS due to noises, multipath fading, non-light-of-sight 

(NLOS), and other factors caused by the indoor environment 

[1,2]. 

Another popular algorithm is Pedestrian Dead Reckoning 

(PDR), which is based on the data from sensors, such as 

accelerators and magnetometers, embedded in smartphones. 

The sensors can provide information about the detection of the 

user’s new steps, the user’s step length and the moving 

direction. The current position can then be computed using the 

information. Knowing the user’s initial position, PDR provides 

quite high positioning accuracy. However, in long tracking 

path, the smartphone’s sensors can drift overtime and lead to 

high cumulative error [4,5]. 

In order to achieve a more accurate indoor positioning 

system, recent studies tend to fuse BLE beacon’s RSS based 

methods with PDR. One of the first research that combines PDR 

and iBeacon is the work of Chen et al. [5]. In this work, they 

applied a particle filter as the fusion algorithm, with each 

particle representing a position. In the prediction phase, the 

particles’ positions are updated using PDR. Then, in the update 

phase, the authors use an iBeacon based calibration process, 

which only starts when the user’s device moves into the 4-

meter-range of an iBeacon. When the process starts, the 

iBeacon – user distance is computed using the iBeacon’s RSS 

and the log-distance path loss model. This distance is then used 
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to compute the weight of each particle, before the final user’s 

position is estimated based on the particles and their weight. 

Hence, the authors’ aim when using iBeacon measurements is 

to reduce the drift of PDR. Another work that also apply particle 

filter based fusion can be found in [6], where the authors 

combine trilateration and PDR. 

Instead of particle filter, other studies [7-9] use Kalman filter 

or extender Kalman filter. One of them is [7]. In this research, 

the state of the Kalman filter is a 2-dimensional vector 

representing the coordinates of the user’s position. In the filter’s 

time update, PDR estimates the current position. Then, in the 

measurement update, that PDR based position is corrected 

using trilateration based position. Similar work can be found in 

[8], in which the difference is that the authors choose 

fingerprinting instead of trilateration. 

In addition, a number of authors [10-12] fuse PDR, iBeacon 

and Wi-Fi fingerprinting. In the work of Zou et al. [11] – where 

the authors use particle filter based fusion, iBeacon 

measurements are only used to compute the particles’ weight 

when the user is in poor Wi-Fi coverage area. Otherwise, if the 

user is in good Wi-Fi coverage area, the Wi-Fi based positions 

are used to compute the weight instead. 

Hence, there has been a lot of work that chose iBeacon – PDR 

fusion as the main approach for indoor positioning. Most of 

them resulted in quite low positioning errors. However, the 

algorithms in those work require complex and heavy 

computation. This is not suitable especially if we want to 

implement the system as an app running on a smartphone, as 

the app’s response time can be delayed due to those complex 

algorithms. Therefore, the main aim of this paper is to design a 

fusion based indoor positioning system that not only provide 

fast, accurate real-time positioning services on smartphones, 

but also can overcome the ever-present problems of iBeacon 

and PDR based techniques. To avoid heavy computation, we 

use a Kalman filter instead of a particle filter, as the fusion 

algorithm to combine fingerprinting and PDR. In 

fingerprinting, we build a multi-direction-database for its online 

phase, in order to reduce the effect of NLOS. Also, we proposed 

an effective and lightweight algorithm that we call “Distance-

based position correction” to occasionally fix the user’s 

position based on the beacon nearest to the user. This helps 

reducing the cumulative error due to PDR. In experiments, the 

proposed system runs smoothly as an app on an iPhone. It 

results in a low average positioning error of only 0.63 m. The 

details for each part of the proposed system will be introduced 

in subsequent sections. The rest of the paper is structured as 

follows: Section II presents the overview of the proposed 

system. Then, section III describes the system in details. 

Finally, we show the experimental results in section IV; section 

V concludes the paper.  

 

2. PROPOSED SYSTEM MODEL 

2.1 Proposed system overview 

The block diagram for the proposed indoor positioning 

system is shown in Figure 1. The RSS values from the beacons 

are first filtered by a moving average filter, before being used 

 
 

Figure 1: Proposed indoor positioning system 

 

in fingerprinting module and distance-based correction module. 

The sensor reading module, which is responsible for reading 

data from the sensors embedded in the user’s smartphone, 

computes the position displacement. This displacement 

includes step length and heading direction of the user. The 

sensor-based positioning module then uses that information to 

estimate the current position. At the same time, having the 

heading direction from the sensors’ data, the fingerprinting 

module chooses the database corresponding to that heading. 

Then, based on the chosen database, this module estimate 

fingerprinting-based position of the user, which is then fused 

with the sensors-based position by the Kalman filter. Finally, 

the output of this fusion is occasionally fixed by the Distance-

based position correction module, using the filtered RSS from 

the beacon nearest to the user’s smartphone. The correction 

module is only triggered when the user stands still and near a 

beacon for an amount of time. The corrected position is the final 

estimation the user’s position.  

 

2.2 iBeacon and iOS development frameworks 

In order to build the system as an iOS app, we use two 

development frameworks provided by Apple Inc., which are 

called CoreLocation and CoreMotion. CoreLocation allows us 

to read data from the beacons [13-15]. This data can be 

identification information of a specific beacon and its RSS 

value. With CoreMotion, we are able to get access to data from 

an iPhone’s embedded sensors [16]. From that, as the user 

moves, the user’s acceleration and the device’s heading 

direction can be achieved to compute the positon displacement.  



Template for submitting papers to IETE Journal of Research.  

 

3 

3. PROPOSED SYSTEM EXPLANATION 

3.1 Moving average filter 

The beacon’s RSS value is heavily influenced by the indoor 

environment, thus filtering the RSS of each beacon is necessary. 

There are a number of methods to filter a beacon’s RSS, such 

as average filter, median filter and Kalman filter [7]. In our 

work, we use a simple moving average filter to avoid heavy 

computation. By using a moving window of 

n RSS values from a beacon, the filtered RSS value of that 

beacon is calculated as below. This filter is applied for RSS 

values of all the beacons. 

 

𝑅𝑆𝑆𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑 =
∑ 𝑅𝑆𝑆𝑖

𝑛
𝑖=0

𝑛
                      (1) 

 

3.2 PDR Module 

3.2.1 Sensors reading module 

This module is responsible for providing the fingerprinting 

module with the smartphone’s heading direction information, 

and providing the sensor-based positioning module with both 

that heading direction and the user’s acceleration. As mentioned 

above, we use CoreMotion from the iOS development 

frameworks to read the sensors’ data. As this framework 

provides data that is already filtered, extra filtering methods are 

not necessary, hence again we can avoid extra computation. 

3.2.2 Sensor-based positioning module 

Let 𝐼𝑡 = [𝑥𝑡 , 𝑦𝑡]𝑇 be be the 2-dimensional position of the user 

at time step t. In sensor-based positioning module, 𝐼𝑡 can be 

computed from the previous position 𝐼𝑡−1 by adding the 

position displacement 𝑢𝑡. 

 

𝐼𝑡 = 𝐼𝑡−1 + 𝑢𝑡                         (2) 

 

The position displacement has the form as follows: 

 

𝑢𝑡 = [
∆𝑡𝑐𝑜𝑠𝜃𝑡

∆𝑡𝑠𝑖𝑛𝜃𝑡
]                         (3) 

  

where ∆𝑡 is the user’s step length and 𝜃𝑡 is the heading direction 

at time step t. Thus, in order to detect and calculate the user’s 

position displacement, we need the following information: 

 Step detection: detect whether the user makes a move. 

 Step length ∆𝑡. 

 Heading direction 𝜃𝑡. 

3.2.2.1 Step detection 

CoreMotion framework provides acceleration data according to 

a three-axis accelerometer [16]. This accelerometer delivers 

acceleration measurements in each of the three axes as shown 

in Figure 2. In the scenario of our study, the user holds the 

smartphone on his/her hands so that the back of the phone is 

opposite and parallel to the ground. Therefore, only the vertical 

acceleration 𝑎𝑦, i.e., the acceleration measurement in the y-axis, 

+X

-X

+Z

-Z

+Y

-Y  
Figure 2: Three-axis accelerometer of a smartphone. 

 

is sufficient to detect the user’s step. A double-threshold is then 

applied for the vertical acceleration as follows:  

𝑆𝑡𝑒𝑝 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑤ℎ𝑒𝑛 𝑎𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_1 ≤ 𝑎𝑦 ≤ 𝑎𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_2. 

3.2.2.2 Step length 

There are a number of methods for calculating a person’s step 

length, including computing based on the height of the person 

[17], or updating the step length during the walk using walking 

speed, walking frequency and acceleration [18].  However, for 

simplicity, we fix the user’s step length to a constant value of 

around 0.6 m. 

3.2.2.3 Heading direction 

The embedded magnetometer provides information about the 

phone’s magnetic heading, which is the angle of the phone’s 

heading direction relative to the magnetic North. From this, by 

adding an amount of offset to that value, we compute the 

heading direction of the smartphone/user in our own 

coordinates system. In our coordinates system, the range of the 

heading value can be seen as in Figure 3. 

 

3.3 Fingerprinting 

Fingerprinting is a prior scene analysis based technique which 

includes 2 phases: offline phase and online phase [1,2,19]. 

3.3.1 Offline phase 

In fingerprinting’s offline phase in our study, we made a grid 

map for the area where the indoor positioning system to be used, 

as demonstrated in Figure 4. The area of 1 grid is 0.6 m x 0.6 

m. Then, the RSS values from all the beacons, which are noted 

by yellow and pink dots, are collected at intersection points of 

the map. At each point, data is collected at 4 directions of the 

coordinates systems: 0 degree, 90 degree, 180 degree, and 270 

degree. Therefore, there are 4 offline databases in total, each 

one corresponds to each of those 4 directions. This will help 

reduce the effect of NLOS to beacons’ RSS values, as the user’s 

body can block the signals from beacons. 
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Figure 3: Heading direction in Oxy coordinates system 

 

 
Figure 4: Fingerprinting grid map 

 

In each direction, the RSS vector for an intersection point 

with position (𝑥, 𝑦) has the form as follows: 

(𝑥, 𝑦): [𝑅𝑆𝑆1, 𝑅𝑆𝑆2, … , 𝑅𝑆𝑆𝑛], in which 𝑛 is the number of 

beacons. Thus, an intersection point of the grid map will have 4 

RSS vectors corresponding to 4 databases. For example, the 

data for a point with coordinates of (8, 9) is shown below. 

(8, 9): [−66, −85, −76, −79] /0 degree 

  (8, 9): [−79, −84, −76, −81] /90 degree 

    (8, 9): [−72, −85, −79, −77] /180 degree 

    (8, 9): [−71, −79, −74, −69] /270 degree 

 

3.3.2 Online phase 

In the online phase, based on the heading information from the 

sensors reading module, the fingerprinting module will choose 

the database corresponding to that heading direction. Then, we 

use k-Nearest Neighbor (kNN) – a machine learning algorithm 

that has been applied widely in indoor positioning [19]. The 

idea of kNN is to compute the distances between the online RSS 

vector observed by the user and every offline RSS vectors in 

the chosen database. Then, kNN returns k positions that have the 

corresponding offline RSS vectors with smallest distances [20]. 

In our study, k equals to 1. Assuming that the online data vector 

of the user’s position is 𝑉𝑎 = [𝑅𝑆𝑆1 , 𝑅𝑆𝑆2, … , 𝑅𝑆𝑆𝑛] (𝑛 is the 

number of beacons), and the 𝑖𝑡ℎ position’s offline data vector is 

𝑉𝑖 = [𝑅𝑆𝑆𝑖1, 𝑅𝑆𝑆𝑖2, … , 𝑅𝑆𝑆𝑖𝑛]. The Euclidean distance 

between 2 vectors is computed as in Equation (4). 

 

𝑑(𝑉𝑎, 𝑉𝑖) = √∑ |𝑅𝑆𝑆𝑗 − 𝑅𝑆𝑆𝑖𝑗|2𝑛
𝑗=1             (4) 

 

After that, the position corresponding to the offline vector 

that has the smallest value of 𝑑 is chosen. In the system’s 

diagram shown in Figure 1, this position is called 

fingerprinting-based position. 

 

3.4 Kalman filter based position fusion 

The sensor-based position and the fingerprinting-based position 

are fused using a Kalman filter. 

3.4.1 Dynamic and measurement models 

In the dynamic model of the Kalman filter in the proposed 

system, let 𝐼𝑡 = [𝑥𝑡 , 𝑦𝑡]𝑇 be the user’s position at time step t, 

we have: 

 

𝐼𝑡 = 𝐼𝑡−1 +  𝑢𝑡 + 𝑤𝑡                   (5) 

 

where 𝐼𝑡−1 is the user’s position at time step t – 1, 𝑤𝑡  ~ 𝑁(0, 𝑄) 

is the process noise,   𝑢𝑡 is the position displacement provided 

by the sensors reading module (𝑢𝑡 = [
∆𝑡𝑐𝑜𝑠𝜃𝑡

∆𝑡𝑠𝑖𝑛𝜃𝑡
]).  

In the Kalman filter’s measurement update, let 𝑧𝑡 =
[𝑥𝑡

𝐹𝑃 , 𝑦𝑡
𝐹𝑃] be the fingerprinting-based position at time step t. 

We have: 

 

𝑧𝑡 = 𝐼𝑡 + 𝑣𝑡                            (6) 

 

where 𝑣𝑡~ 𝑁(0, 𝑅) is the measurement noise. 

 

3.4.2 Time update and measurement update 

There are 2 stages in the Kalman filter: time update (prediction) 

stage and measurement update (correction) stage, which can be 

seen in Table 1. 

 

Table 1: Two-stage process of Kalman filter 

Time update Measurement update 

𝐼𝑡 = 𝐼𝑡−1 + [
∆𝑡𝑐𝑜𝑠𝜃𝑡

∆𝑡𝑠𝑖𝑛𝜃𝑡
] 

 

�̃�𝑡 = 𝑃𝑡−1 + 𝑄 

 

𝐾𝑡 = �̃�𝑡(�̃�𝑡 + 𝑅)
−1

 

 

𝐼𝑡 = 𝐼𝑡 + 𝐾𝑡(𝑧𝑡 − 𝐼𝑡) 

 

𝑃𝑡 = (1 − 𝐾𝑡)�̃�𝑡 

 

In the time update, the prior estimate of the user’s position 𝐼𝑡, 
which is also the PDR-based position, is computed by adding 

the position displacement to the previous position 𝐼𝑡−1. Then, 

the prior covariance �̃�𝑡 is calculated. In the measurement 

update, after computing the Kalman gain 𝐾𝑡, the posterior 

user’s position �̂�𝑡 is estimated using the Kalman gain, the PDR-

based position �̃�𝑡 and the measurement 𝑧𝑡, which is the 

fingerprinting-based position. Finally, the posterior covariance 

𝑃𝑡 is computed before starting the next loop. 

 

3.5 Distance-based position correction 

The aim of this proposed algorithm is to occasionally correct 

the user’s position and prevent the high error of PDR due to 

drifting. To ensure that the RSS values of the beacons are stable, 

the module is only triggered when the user stands still for b 

seconds (in our experiments (b is set to 6 seconds). The 
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algorithm is based on the distance between the user and the 

beacon with the strongest RSS at that moment, which is most 

likely to be the beacon nearest to the user. This distance, 

denoted by 𝑑, is computed by using the popular log-distance 

path loss model. 

 

𝑑 =  10
𝑅𝑆𝑆1 𝑚−𝑅𝑆𝑆𝑑

10𝑛                            (7) 

 

in which 𝑅𝑆𝑆1 𝑚 is the RSS of the beacon with the strongest 

RSS at a reference distance of 1 m, 𝑅𝑆𝑆𝑑 is the RSS of that 

beacon at distance 𝑑, and  𝑛 is the path loss exponent, which is 

varied in different indoor areas. 

 According to our experiments, the RSS of the beacon is most 

reliable if the user stands within the range of 3 m around the 

beacon. Hence, the algorithm will only continue if 𝑑 ≤ 3 𝑚. In 

the next step, we compute the Euclidean distance between the 

user’s position (estimated by the Kalman filter) and the beacon. 

Assuming that the current position is denoted by 𝑃(𝑥𝑝, 𝑦𝑝) and 

the beacon’s position is denoted by 𝐵(𝑥𝑏 , 𝑦𝑏). The distance 𝑑𝑝 
between 𝑃 and 𝐵 is computed by:  

 

𝑑𝑝 = √(𝑥𝑝 − 𝑥𝑏)
2

+ (𝑦𝑝 − 𝑦𝑏)
2
            (8) 

 

If 𝑑𝑝 > 𝑑, the user’s position predicted by the Kalman filter 

is too far from the nearest beacon. The correction module will 

then correct the user’s position 𝑃(𝑥𝑝 , 𝑦𝑝) to a new position 

𝐶(𝑥𝑐 , 𝑦𝑐).  The distance between 𝐶 and the nearest beacon is 𝑑. 

Figure 5 provides a more visualized understanding.  In this 

figure, 𝐵 is the beacon’s position, 𝑃 is the user’s position 

(estimated by the Kalman filter), and 𝐶 is the correct position. 

As the correction position 𝐶 is the intersection of 𝐵𝑃 and the 

circle whose center is 𝐵, we find 𝐶 using basic geometry. 𝐶 is 

then the final estimation of the user’s position. A summary for 

the proposed Distance-based position correction algorithm is 

shown as a flowchart in Figure 6. 

 

  
Figure 5: Visualized view of the user’s position, the correct 

position and the beacon 

 

 

 
 

Figure 6: Flowchart of Distance-based position correction 

algorithm 

 

 

 

 
 

Figure 7: Experiment set-up 

 

Table 2: Summary of devices’ parameters 

User Devide iPhone 5C 

Wireless Interface BLE v4.2/ 2.4 GHz 

Operating System iOS 10.3.3 

Beacons 4 Estimote iBeacons 

Broadcasting range 50 m 

Advertising Interval 100 ms 

Broadcasting Power 0 dBm 
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4.   EXPERIMENTAL RESULTS 

To evaluate the performance of the proposed system, we build 

an indoor positioning app running on an iPhone 5C. The 

experiments are conducted on an indoor area of 16.2 m x 4.8 m. 

Table 2 summarizes the equipment related information used in 

the experiments. The beacons’ positions in the area are shown 

in Figure 7, in which the pink and yellow dots indicate the 

beacons. The distance between 2 pink beacons and the distance 

between 2 yellow beacons are all 6 m. The fingerprinting grid 

map for this area is in Figure 4. 

Then, as the user walks around the area, the app tracks and 

records the user’s position. We did the experiment in 2 cases, 

one with the proposed system that has the Distance-based 

position correction module, and the other with the system that 

does not have it. The results collected from 2 different walking 

paths are shown in Figure 8. 

 

 

 
(a) 

 

 
(b) 

 

Figure 8: Experimental results: (a) Simple walking path, 

(b) Complex walking path 

 

In Figure 8, the orange line indicates the true path, the blue 

line is the tracked path with correction algorithm, and the grey 

line is the tracked path without it. In the case of a simple 

walking pattern (Figure 8(a)), without the correction algorithm, 

the system results in a very high error of up to 5.49 m, with an 

average error of 1.99 m. This is due to the drift of PDR and 

mostly due to the instability of beacons’ signals. Although we 

have applied RSS filtering and fingerprinting databases for 

multiple directions, the fingerprinting-based position is still 

very unreliable. However, with the correction algorithm, the 

performance is significantly improved. The maximum error is 

down to 2.49 m, and the average error is only 0.63 m. In 

addition, the system also runs and responses well on the iPhone 

5C. 

With a more complex walking path (Figure 8(b)), the results 

are quite similar. Without the correction module, the maximum 

error is 5.03 m and the average error is 2.25 m. The performance 

is again improved with the proposed algorithm, with the 

maximum and average errors of 3.05 m and 0.90 m, 

respectively. A summary of our experimental results including 

maximum error, average error, variance and mean squared error 

is included in Table 3. 

 

Table 3: Summary of experimental results 

  Max. 

error 

(m) 

Avg. 

error 

(m) 

VAR MSE 

Simple 

path 

(Figure 

8(a)) 

Without 

correction 

module 

5.49 1.99 2.02 5.99 

With 

correction 

module 

2.49 0.63 0.26 0.66 

Complex 

path 

(Figure 

8(b)) 

Without 

correction 

module 

5.03 2.25 1.32 6.41 

With 

correction 

module 

3.05 0.90 0.47 1.28 

 

5.   CONCLUSION 

In this paper, we have introduced an iBeacon based indoor 

positioning system that fuses PDR and fingerprinting. In order 

to avoid complex and heavy computation, we use a Kalman 

filter as the fusion algorithm and make use of the data provided 

by the iOS development frameworks. In addition, we proposed 

a lightweight algorithm called Distance-based position 

correction, which has shown its high efficiency in the 

experiments. We also make a positioning app to test the system 

performance. The app runs well on an iPhone with a low 

average error of 0.63 m. 
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