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Increasing the accuracy of indoor positioning is still a challenging issue. In 
this paper, we propose a novel integration structure for indoor positioning 
using a wireless local area network, Bluetooth low energy beacons, and in-
ertial sensors to increase the positioning accuracy. The main steps of this 
method are initial and relative positioning. Wireless local area network fin-
gerprinting and database filtering using Bluetooth low energy are applied to 
calculate the initial location. Relative location is computed using inertial 
sensors data and the pedestrian dead reckoning method. In order to in-
crease the accuracy of pedestrian dead reckoning, two sources of infor-
mation, wireless local area network, and Bluetooth low energy are used. 
This new correction method is performed using a double Kalman filter. Ex-
tensive experiments were conducted in a smartphone and under two indoor 
environments. Our correction structure using a double Kalman filter out-
performs previous pedestrian dead reckoning structures in terms of accura-
cy. Moreover, experimental results show our correction structure achieves 
an average accuracy of 1.7 meters. 

Keywords. Indoor positioning, Wireless Local Area Network (WLAN), 
Bluetooth low energy BLE), Pedestrian Dead Reckoning (PDR), Kalman 
filter, Data Fusion. 

1. Introduction

Most people spend more than 70% of their time in indoor areas (Y. Li et al. 
2017). Thus, location-based services are highly demanding in indoor areas, 
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especially in hospitals, airports, train stations, and shopping malls 
(Evennou and Marx 2006). These location-based services require indoor 
positioning and tracking systems (Mohammad R. Malek and Frank 2006; 
Carrera V. et al. 2018). Various indoor positioning methods using Wireless 
local area network (WLAN) (Vahidnia et al. 2013; Ma et al. 2015; 
Khalajmehrabadi, Gatsis, and Akopian 2017), Ultra-wideband (UWB) 
(Garcia et al. 2015), ZigBee (Niu et al. 2015), Bluetooth low energy beacons 
(BLE) (Röbesaat et al. 2017), Radio frequency identification (RFID) (H. Xu 
et al. 2017), and inertial sensors (Orujov et al. 2018; L. Xu et al. 2019), have 
been developed.  

Any of these methods have limitations and disadvantages such as low accu-
racy, high cost to provide the required hardware or computational complex-
ity. Moreover, there exists no technology that works perfectly in different 
buildings. Therefore, recent investigations have been conducted on improv-
ing indoor positioning (Röbesaat et al. 2017). Among all solutions, integrat-
ing different indoor positioning techniques is an optimal solution for in-
creasing accuracy and reducing the limitations of every single method (Y. Li 
et al. 2017; Poulose, Kim, and Han 2019). In this paper, we propose a novel 
integration structure for indoor positioning using wireless local area net-
work, Bluetooth low energy beacons, and inertial sensors to increase the 
positioning accuracy. 

2. Related work

Several hybrid indoor positioning research using WLAN, BLE, and inertial 
sensors are discussed in this section. These researches combine information 
from two or all of these sources. Li et al. (2015) proposed two fusion struc-
tures using BLE data and PDR method. The first structure is determining 
location, using PDR and map matching, then correct it using the BLE data. 
The second structure is combining PDR and BLE using adapted noise ex-
tended Kalman filter. The results showed that both fusion structures have 
higher accuracy than single positioning algorithms. Li et al. (2017), pro-
posed a hybrid indoor positioning algorithm using WLAN, PDR, and Mag-
netic matching.  

Some researchers have focused on combining an absolute indoor position-
ing, such as WLAN or BLE, with a relative indoor positioning such as PDR 
(Orujov et al. 2018). Chen et al. (2015) proposed a hybrid indoor position-
ing method using the WLAN fingerprinting and PDR method. 

A few number of research studied the hybrid indoor positioning structures 
using BLE, WLAN, and PDR. Zou et al. (2017) introduced a fusion structure 
using WLAN and BLE observations and inertial sensors data using a parti-
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cle filter. They fused WLAN and inertial sensors data to reduce the drift of 
indoor positioning and in poor coverage of WLAN signals; they utilized BLE 
RSS to correct PDR. Chen et al. (2016) proposed a smartphone based in-
door positioning method with BLE corrections using an extended Kalman 
filter. This article studied step detection, step length estimation, and walk-
ing direction estimation. 

In our study, we used two different RF-based observations to reduce the 
PDR drift. Some of the presented research, such as Frank et al. (2009) and 
Zou et al. (2017), require processing on a server or special equipment. How-
ever, we introduced a method that can be run on smartphones without ad-
ditional hardware. Some articles like Kanaris et al. (2017) only calculate the 
absolute location and do not consider real-time positioning. The purpose of 
this study is to solve the mentioned problems and limitations by combining 
WLAN and BLE RSS measurements and PDR method. 

3. Preliminaries

The fingerprinting method is a positioning method, which uses the RSS 
measurements of RF signals. In the first phase, RSS measurements are col-
lected, for example, from WLAN APs, and stored in a database called radio 
map. Then in the second phase, real-time collected RSS matches with radio 
map to estimate the location using definite or probabilistic methods 
(Vahidnia et al. 2013; Deng et al. 2015) 

Vector of N measured RSS measurements at the unknown point from de-
fined APs and vector of collected RSS measurements at the j-th RP from 
defined APs, respectively are  and . Equation 1 shows the Euclidean dis-
tance between the i-th reference point and the unknown point.  

(1) 

  and  are the i-th element in  and , respectively. K nearest RPs are 

selected for positioning using Weighted K-Nearest Neighbour (WKNN). 

Then the weighted average of k nearest neighbours’ positions estimates the 

unknown location. 

PDR is a relative positioning method that uses previous position, step 
length, and direction to calculate the current position. Equation 2 shows the 
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PDR formula. In this equation,  is a two-dimensional coordinate vector of 
the previous position,  is step length,  is step heading, and  is es-
timated coordinate vector (Malek 2020). 

(2) 

Where,  is the position vector of j-th RP,  is the estimated position vec-
tor, and  is calculated using equation 2.  

4. Proposed method

Our proposed method is shown in Error! Reference source not found. 
which mainly consists of initial positioning, PDR, and PDR correction. Ini-
tial location is calculated using WLAN fingerprinting and BLE measure-
ments. Radio map is filtered using the nearest BLE beacons RSS measure-
ments. Finally, the initial location is estimated using the WKNN algorithm. 
PDR calculates Relative displacements of the user using gyroscope and ac-
celerometer data. A Kalman filter with two measurement equations corrects 
PDR using WLAN and BLE observations. PDR, BLE observations, and 
WLAN measurements estimate the state equation of the Kalman filter, 
short-time measurement observation, and long-time measurement obser-

vation, respectively.  

Figure 1. Overview of the proposed indoor localization approach. 
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4.1. Initial positioning 

The Fingerprinting method is used to calculate the initial location of the 
user. To reduce blunders and decrease the search time in the database, BLE 
RSS measurements filter the WLAN fingerprinting database. 

We used a one-dimensional Kalman filter for BLE RSS filtering and increas-
ing positioning accuracy.  Then a second order polynomial equation is used 
to model the distance between nearest beacon and user based on BLE RSS 
measurements. This polynomial equation is built after collecting data at 
different distances from each beacon and using least square estimation. 
Equation 3 shows a function for estimating the distance from a beacon. 

(3) 

In equation 3,  is the RSS from i-th beacon at an unknown location, and 

 is the estimated distance from i-th beacon. After comparing estimated 
distances from each beacon, the nearest beacon is detected, and based on 
the estimated distance to the nearest beacon, WLAN fingerprinting data-
base is filtered. Thus, instead of searching in a large database, a smaller set 
of RPs is selected as the search area in the WKNN algorithm. The final ini-
tial location is calculated using the WKNN method. 

4.2. PDR correction 

PDR method is simple and common but suffers from drifting problems 
(Poulose et al. 2019). It has a cumulative error which increases over time. In 
order to reduce the cumulative error of PDR, we used a double correction 
method. WLAN and BLE measurements are used to correct PDR, and Kal-
man filter is used to fuse information. To use both observations, two differ-
ent time intervals for using each measurement are defined. Because of the 
higher sampling rate of BLE measurements, we used them for short-time 
correction. WLAN measurements are used for long-time correction and 
when BLE RSS measurements are weak. We define each step as a short-
time interval and every 12 steps as a long-term interval. Figure 2 shows the 
correcting process. 

In our algorithm, after detecting a step, step length and heading are esti-
mated using real-time accelerometer and gyroscope data. If the number of 
steps is not a multiple of 12, measurement mode is set to BLE. Then BLE 
RSS measurements are collected and distance to each beacon is estimated. 
If the RSS of the nearest beacon is more than -95 dBm, the measurement 
equation of the Kalman filter is defined using the estimated distance to it. 
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The state equation of Kalman filter is defined using the PDR method and 
Kalman filter is implemented. 

Figure 2. PDR correction algorithm. 

If the number of steps is a multiple of 12, measurement mode is switched to 
WLAN. Then WLAN RSS measurements from APs are collected and the 
user's location is estimated using fingerprinting and WKNN. Measurement 
equation of the Kalman filter is defined using the estimated location. Then, 
the Kalman filter with the PDR state model and WLAN measurement model 
is executed. 
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If the RSS of the nearest beacon is more than -95 dBm, the measurement 
equation of the Kalman filter is defined using the estimated distance to it. If 
the number of steps is a multiple of 12, measurement mode is switched to 
WLAN. Then WLAN RSS measurements from APs are collected and the 
user's location is estimated using fingerprinting and WKNN. Measurement 
equation of the Kalman filter is defined using the estimated location. Then, 
the Kalman filter with the PDR state model and WLAN measurement model 
is executed. 

We developed short-time and long-time corrections. A Kalman filter is uti-
lized to correct PDR cumulative error in each step using Bluetooth RSS 
measurements. In long time correction, WLAN measurements are used to 
build the Kalman observation model. A long-term correction interval was 
chosen every 12 steps. 

5. Implementation and evaluation

We have developed an android app for real-time positioning and evalua-
tion. The app can be run on any mobile device with a gyroscope, accelerom-
eter, Wi-Fi, and Bluetooth receiver. All steps related to data collection and 
positioning were performed using the app. In this study, six beacons were 
used. All beacons were installed at the height of 1.5 meters above the 
grounds and on the walls. The transmission power for BLE beacons was set 
to 0 dBm. 

The experiments have been carried out at the K.N. Toosi University of 
Technology. The third floor of the faculty of Geodesy and Geomatics that is 
in 70×14  was selected. The environment is a corridor along which there 
are stairways to the mezzanines, floors, and roof. The corridor is mainly 
used for walking in a linear path. 
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Figure 3. The plan of our case study 

Figure 3 shows the experimental environment, location of beacons, and 
WLAN APs. RPs were selected in in 2×2  grids. RSS measurements were 
collected at four directions and 20 times in each direction. Then, the aver-
age of RSS readings was stored in the database. The RSS of an unavailable 
AP is set to -100 dBm. In the environment, 74 RPs using 5 APs were collect-
ed. 

Initial positioning method using WLAN and BLE observations, PDR using 
inertial sensors, and PDR corrections using WLAN and BLE observations 
were performed to evaluate the proposed hybrid method. In this experi-
ment, the user walked along the defined path and estimated locations was 
compared to the ground truth. 

In order to evaluate the initial positioning method, 20 checkpoints were 
selected. Then, each checkpoints’ locations were estimated using the de-
fined method and was compared to the real locations. In Figure 4 real loca-
tions of checkpoints, estimated locations of checkpoints, and positioning 
error for each point are shown using circles, squares, and triangles, respec-
tively. The average initial positioning error was estimated at 2.2 meters. The 
computational speed of searching in the filtered database increased by an 
average of 54% Compared to computational speed in the main database.  

In Figure 4, the estimated locations using PDR, estimated locations using 
corrected PDR with BLE and estimated locations using corrected PDR with 
BLE and WLAN are shown by circles, squares, and triangles in the first en-
vironment, respectively. A straight line in Figure 5 shows the true path of 
walking. PDR cumulative error is corrected twice, and the final positioning 
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error after the two-step correction is less than PDR and short-time correc-
tion using BLE.  

Figure 6 and Figure 7 illustrate the error of positioning methods at each 
step and cumulative distribution function (CDF) curves of position errors, 
respectively. The average PDR positioning error was estimated 4.03 m. Af-
ter PDR correction using BLE through the Kalman filter, the average posi-
tioning error was decreased to 2.3 m. The average positioning error after 
the proposed two-step correction was reduced to 1.8 m, and the accuracy of 
positioning was increased compared to the other two methods. 

Figure 4. Initial positioning method evaluation (circles: true locations of 
checkpoints, squares: estimated locations, triangles: positioning error). 

LBS 2021

Page 77



Figure 5. Ground truth and estimated locations using PDR, corrected PDR using 

BLE, corrected PDR using BLE and WLAN in the first environment. 

Figure 6. Positioning error of different methods per step. 
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Figure 7. CDF of positioning errors for different methods. 

6. Conclusion

In this paper, we proposed an integrated indoor positioning method with 
inertial sensors, WLAN, and BLE observations. To improve the PDR accu-
racy and reduce the cumulative error of PDR, we used a novel correction 
method using WLAN and BLE observations. Because of the high sampling 
rate of BLE RSS measurements, we used BLE observations for short-time 
correction, and WLAN observations with a lower sampling rate, for long-
time correction. To reduce blunders, BLE RSS measurements were filtered 
and weak RSS measurements (lower than -95 dBm) were not sent to the 
correction phase. Moreover, initial positioning was achieved using a filtered 
fingerprinting database. 

The final results of our experiment shows that the average positioning error 
of PDR correction using BLE and WLAN was lower than PDR and corrected 
PDR using BLE. The average positioning of the proposed correction method 
was estimated at 1.7 m, and the highest and lowest errors were about 0.6, 
and 2.7 respectively. Furthermore, our method could be used for real-time 
applications. 

Future research will focus on improving the proposed method by using oth-
er methods like map matching, and we will also examine floor detection.  

LBS 2021

Page 79



References 

Carrera V., José Luis, Zhongliang Zhao, Torsten Braun, Zan Li, and Augusto Neto. 2018. “A 
Real-Time Robust Indoor Tracking System in Smartphones.” Computer 
Communications 117. Elsevier: 104–115. doi:10.1016/j.comcom.2017.09.004. 

Chen, Guoliang, Xiaolin Meng, Yunjia Wang, Yanzhe Zhang, Peng Tian, and Huachao Yang. 
2015. “Integrated WiFi/PDR/Smartphone Using an Unscented Kalman Filter 
Algorithm for 3D Indoor Localization.” Sensors (Switzerland) 15 (9). Multidisciplinary 
Digital Publishing Institute: 24595–24614. doi:10.3390/s150924595. 

Chen, Zhenghua, Qingchang Zhu, and Yeng Chai Soh. 2016. “Smartphone Inertial Sensor-
Based Indoor Localization and Tracking with IBeacon Corrections.” IEEE 
Transactions on Industrial Informatics 12 (4). IEEE: 1540–1549. 
doi:10.1109/TII.2016.2579265. 

Deng, Zhi An, Ying Hu, Jianguo Yu, and Zhenyu Na. 2015. “Extended Kalman Filter for Real 
Time Indoor Localization by Fusing WiFi and Smartphone Inertial Sensors.” 
Micromachines 6 (4). Multidisciplinary Digital Publishing Institute: 523–543. 
doi:10.3390/mi6040523. 

Evennou, Frédéric, and François Marx. 2006. “Advanced Integration of WiFi and Inertial 
Navigation Systems for Indoor Mobile Positioning.” Eurasip Journal on Applied 
Signal Processing 2006. Springer: 1–11. doi:10.1155/ASP/2006/86706. 

Frank, Korbinian, Bernhard Kracht, Noel Catterall, and Patrick Robertson. 2009. 
“Development and Evaluation of a Combined WLAN & Inertial Indoor Pedestrian 
Positioning System.” In 22nd International Technical Meeting of the Satellite Division 
of the Institute of Navigation 2009, ION GNSS 2009, 1:133–141. 

Garcia, Enrique, Pablo Poudereux, Alvaro Hernandez, Jesus Urena, and David Gualda. 2015. 
“A Robust UWB Indoor Positioning System for Highly Complex Environments.” In 
Proceedings of the IEEE International Conference on Industrial Technology, 2015-
June:3386–3391. IEEE. doi:10.1109/ICIT.2015.7125601. 

Kanaris, Loizos, Akis Kokkinis, Antonio Liotta, and Stavros Stavrou. 2017. “Fusing Bluetooth 
Beacon Data with Wi-Fi Radiomaps for Improved Indoor Localization.” Sensors 
(Switzerland) 17 (4). Multidisciplinary Digital Publishing Institute: 812. 
doi:10.3390/s17040812. 

Khalajmehrabadi, Ali, Nikolaos Gatsis, and David Akopian. 2017. “Modern WLAN 
Fingerprinting Indoor Positioning Methods and Deployment Challenges.” IEEE 
Communications Surveys and Tutorials 19 (3). IEEE: 1974–2002. 
doi:10.1109/COMST.2017.2671454. 

Li, Xin, Jian Wang, and Chunyan Liu. 2015. “A Bluetooth/PDR Integration Algorithm for an 
Indoor Positioning System.” Sensors 15 (10). Multidisciplinary Digital Publishing 
Institute: 24862–24885. 

Li, You, Yuan Zhuang, Peng Zhang, Haiyu Lan, Xiaoji Niu, and Naser El-Sheimy. 2017. “An 
Improved Inertial/Wifi/Magnetic Fusion Structure for Indoor Navigation.” 
Information Fusion 34. Elsevier: 101–119. doi:10.1016/j.inffus.2016.06.004. 

Ma, Rui, Qiang Guo, Changzhen Hu, and Jingfeng Xue. 2015. “An Improved WiFi Indoor 
Positioning Algorithm by Weighted Fusion.” Sensors (Switzerland) 15 (9). 
Multidisciplinary Digital Publishing Institute: 21824–21843. 
doi:10.3390/s150921824. 

Malek, Mohammad R., and Andrew U. Frank. 2006. “A Mobile Computing Approach for 

LBS 2021

Page 80



Navigation Purposes.” In Lecture Notes in Computer Science (Including Subseries 
Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), 4295 
LNCS:123–134. Springer. doi:10.1007/11935148_12. 

Malek, Mohammad R. 2020. Context-Aware Geoinformation and Ubiquitous Computing 
(In Persian). Second. Tehran, Iran: K.N. Toosi university of Tech. 

Niu, Jianwei, Bowei Wang, Lei Shu, Trung Q. Duong, and Yuanfang Chen. 2015. “ZIL: An 
Energy-Efficient Indoor Localization System Using ZigBee Radio to Detect WiFi 
Fingerprints.” IEEE Journal on Selected Areas in Communications 33 (7). IEEE: 
1431–1442. doi:10.1109/JSAC.2015.2430171. 

Orujov, F., R. Maskeliūnas, R. Damaševičius, Wei Wei, and Ye Li. 2018. “Smartphone Based 
Intelligent Indoor Positioning Using Fuzzy Logic.” Future Generation Computer 
Systems 89. Elsevier: 335–348. doi:10.1016/j.future.2018.06.030. 

Poulose, Alwin, Jihun Kim, and Dong Seog Han. 2019. “A Sensor Fusion Framework for 
Indoor Localization Using Smartphone Sensors and Wi-Fi RSSI Measurements.” 
Applied Sciences (Switzerland) 9 (20). Multidisciplinary Digital Publishing Institute: 
4379. doi:10.3390/app9204379. 

Röbesaat, Jenny, Peilin Zhang, Mohamed Abdelaal, and Oliver Theel. 2017. “An Improved 
BLE Indoor Localization with Kalman-Based Fusion: An Experimental Study.” 
Sensors (Switzerland) 17 (5). Multidisciplinary Digital Publishing Institute: 951. 
doi:10.3390/s17050951. 

Vahidnia, Mohammad H., Mohammad R. Malek, Nazila Mohammadi, and Ali A. Alesheikh. 
2013. “A Hierarchical Signal-Space Partitioning Technique for Indoor Positioning with 
WLAN to Support Location-Awareness in Mobile Map Services.” Wireless Personal 
Communications 69 (2). Springer: 689–719. doi:10.1007/s11277-012-0607-5. 

Xu, He, Ye Ding, Peng Li, Ruchuan Wang, and Yizhu Li. 2017. “An RFID Indoor Positioning 
Algorithm Based on Bayesian Probability and K-Nearest Neighbor.” Sensors 
(Switzerland) 17 (8). Multidisciplinary Digital Publishing Institute: 1806. 
doi:10.3390/s17081806. 

Xu, Limin, Zhi Xiong, Jianye Liu, Zhengchun Wang, and Yiming Ding. 2019. “A Novel 
Pedestrian Dead Reckoning Algorithm for Multi-Mode Recognition Based on 
Smartphones.” Remote Sensing 11 (3). Multidisciplinary Digital Publishing Institute: 
294. doi:10.3390/rs11030294.

Zou, Han, Zhenghua Chen, Hao Jiang, Lihua Xie, and Costas Spanos. 2017. “Accurate Indoor 
Localization and Tracking Using Mobile Phone Inertial Sensors, WiFi and IBeacon.” In 
4th IEEE International Symposium on Inertial Sensors and Systems, INERTIAL 2017 
- Proceedings, 1–4. IEEE. doi:10.1109/ISISS.2017.7935650.

LBS 2021

Page 81




