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This paper proposed thehybridindoor positioning system in 

smartphone for positioning accuracy by fusion of wireless-fidelity 

(Wi-Fi) signals and inertial sensors from pedestrian dead 

reckoning (PDR) in smartphone. The proposed system uses Wi-Fi 

as the source of received signal strength indicator (RSSI) for 

fingerprint and smartphones sensor data from PDR. RSSI signals 

are used to determine the initial position and reduce error 

accumulation of PDR while smartphone sensor data are used to 

estimate user trajectory. Extended Kalman Filter (EKF) is the 

fusion algorithm used for its similarity with Kalman Filter (KF) 

but with advantages of processing non-linear progressions. An 

estimated 49 steps were detected which is identical to the 50 steps 

taken in the experiment while showing a trajectory similar to the 

actual route taken by the mobile user. A benefit of using built-in 

smartphone sensors is its cost-effectiveness and availability that 

does not require additional hardware. In addition, a nonlinear 

EKF is used to enhance the positioning accuracy in the proposed 

system. Further studies will be made in the potential of indoor 

positioning algorithm including the effect of noise interference on 

sensors and RSSI and the accumulated errors resulting from 

walking. 
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I. INTRODUCTION 

In recent years, technological advances have been made in 

smartphone uses. Almost all smartphones available in the 

market have embedded sensors such as GPS, accelerometers, 

gyroscopes, magnetometers, proximity sensors and 

barometers [1]. Having these inertial sensors makes it 

possible to determine movement and orientation in three axes. 

Taking advantage of this feature can estimate the exact 

changes in the movement and position of a smartphone user. 

Pedestrian dead reckoning is one of the major positioning 

algorithm that takes advantage of these inertial sensing 

technology. However, using pedestrian dead reckoning 

(PDR) alone incurs errors in calibration that accumulates with 

time making it inefficient if used solely. Another indoor 

positioning technique is wireless-fidelity (Wi-Fi) 

fingerprinting but radio signals are also unreliable due to 

signal attenuation caused by non-line of sight (NLOS) 

obstacles in indoor spaces. 

Both Wi-Fi and PDR positioning systems have their 
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advantages and disadvantages with achieving accurate and 

precise positioning. Wi-Fi has an advantage by providing the 

absolute position of a user in an unobstructed indoor 

environment but often suffers from RSS fluctuations while 

PDR can give an estimation of moving users in a short period 

of time but also suffers from accumulated drift errors. Fusion 

of positioning systems has become popular such as that of 

Particle Filter (PF) and Kalman Filter (KF) but this have 

problems in implementation. PF requires higher 

computational resources which are not applicable on most 

smartphones and KF is only efficient on linear measurements. 

In order to fuse Wi-Fi and PDR for optimizing positioning 

performance, extended Kalman Filter (EKF) is the most 

suited [2].  

In this paper, thehybridindoor positioning system in 

smartphone is proposed to solve the individual problems of 

Wi-Fi and PDR. The proposed system will combine the 

inertial measurement from PDR with the fingerprint map 

generated using receive signal strength indicator (RSSI) to 

correct the accumulated directional errors [3]. Finally, the aim 

of this paper is to reduce trajectory errors in PDR and avoid 

intermittent RSSI spikes that are the main concerns in 

reducing positioning accuracy. 

II.  RELATED RESEARCHES 

Due to the advantages of smartphones with built-in sensors, 

it offers the ability to physically measure user step length and 

heading. The approach of considering PDR as a linear 

function creates inaccurate estimation and error accumulation 

[4]. The positioning technology using Wi-Fi does not also 

require additional hardware with measuring RSSI values from 

several wireless sources for collecting and creating a 

fingerprint map during offline phase, and matching with 

real-time RSSI samples during online phase. This 

complementary advantage makes it desirable to study more on 

the hybrid fusion of Wi-Fi and PDR.  

The indoor positioning techniques using Wi-Fi has seen 

many approaches with low-cost, high accuracy, 

low-complexity, and robustness. In [5], the information on the 

physical layer in the scheme can be easily obtained in the 

Wi-Fi fingerprint scheme. The measured and obtained RSS 

reflects the distance information of the transmitter and the 

receiver. Because each position in an indoor environment 

receives a unique signal strength due to the multi-path effect, 

the signal property, especially the signal strength, has its own 

fingerprint. A fingerprint map is actually built up using this 

property. 
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Wi-Fi fingerprint scheme has been a popular positioning 

technique since the idea of RADAR [6] and has since been 

improved with different approaches and ideas added to its 

concept. A study on the properties of Wi-Fi signals in finding 

the user position [7], was done, and it provided results that the 

certain factors may affect the properties of Wi-Fi signals that 

can affect the positioning. The accuracy of the positioning 

varies on the orientation of user or mobile unit, the temporal 

and spatial variations of Wi-Fi signals, the time dependency, 

the device hardware and a number of samples. 

Instead of using particle filter, EKF was selected as the 

fusion algorithm because of its lesser burden in computation. 

The research used smartphone gyroscope sensor for heading 

estimation in the PDR system because of its advantages in the 

indoor environment of modern structures mostly composed of 

steel and concrete [8]. For obtaining the starting position in 

PDR, it is presented in several ways like Global Positioning 

System (GPS) tracking [9], identifying landmarks [10] and 

using RSSI in Wi-Fi fingerprint localization [11]-[12]. 

III. PROPOSED HYBRIDINDOOR POSITIONING 

SYSTEM 

The proposed system is divided into the PDR and Wi-Fi 

modules which have each separated function but their results 

are integrated using EKF as the fusion algorithm. In order to 

achieve high accuracy and coping with the complexity of 

indoor environments, robust filter such as EKF is applied in 

the integrated Wi-Fi and PDR, and accumulated errors on 

observed and updated states can be reduced. 

PDR uses the accelerometer for step detection and steps 

length while gyroscope and magnetometer determine the 

orientation and heading of the mobile device. Wi-Fi uses 

radio signals to make a map as a fingerprint of unique RSSI 

and stores it in a database, which is later used to match with 

real-time receive Wi-Fi signals. The overall architecture of 

the proposed system is shown in Fig. 1 [13]. 

 

Fig. 1. Architecture of the proposed hybridindoor positioning 

system. 

In theory, EKF is a non-linear version of KF which 

linearizes the current estimated trajectory mean and 

covariance. EKF is a mathematical-model-based optimal state 

estimator. The whole estimation of the system is conveyed by 

a mean state  approximate covariance matrix . These are 

used to predict the true value of the model. The estimated true 

value   is the prediction within the model that is likely the 

true state.  

In comparison, unscented KF [14] uses deterministic 

sampling that computes the covariance matrices in EKF. EKF 

SLAM inconsistency cannot be solved in [16] but can be 

improved in [15]. Another comparable filter to EKF is 

particle filter which generates a random set of points known as 

particles that creates almost equivalent to direct sampling of 

the probability density function of interest [17]. The greater 

the number of particles, the results can achieve high accuracy 

in localization. Although particle filter shows a higher 

performance to EKF, the main drawback is the large size of 

the samples needed. 

A. Pedestrian Dead Reckoning 

EKF is also used to fuse Wi-Fi and PDR because of its 

capability to determine current position using RSSI which 

sets the initial position necessary for PDR and continuously 

update the trajectory based on inertial measurements. In this 

paper, the PDR of mobile user has a state vector , that 

includes 4 states at time ,  where x and y 

are 2D-coordinates of the position, ∅ is the orientation and  

is the velocity. Velocity is assumed to be 0 m/s when the 

pedestrian is not moving and 0.68m/s when walking one step 

[18]. 

And,  is covariance matrix of the state, Q is the 

covariance matrix of the process state and R is covariance 

matrix of the observation noise at time t. Smartphones have 

built-in accelerometer and gyroscope sensors to provide input 

vector,  at each time step, where is the yaw rate.  

Step length : Can be computed using, k as the constant 

value for unit conversion, and N represent the vertical 

acceleration sample and the total number of samples in one 

step as seen in (1). Position of the current step can be 

determined by adding displacement from the previous step. 

L= ( ) and = ( ) represents the current step and 

the step taken previously and ∅ is the heading angle derived 

from gyroscope and magnetometer as seen in(2). 





B. Wi-Fi Fingerprinting  

Wi-Fi fingerprint in Fig. 1 comprises of two phases: offline 

data training and online phases. An offline generates a 

fingerprint map database with RSSI values in reference points 

(RPs) acquired from access points (APs). In online phase, 

mobile user position is obtained by matching the real-time 

RSSI value with the fingerprint map. A fingerprint map can be 

represented as a table consisting of x & y coordinates in 2D 

plane, RPs, and  as seen in Table I. RPs can have a 

maximum number i depending on the size and interval 

specified in the experiments. Each RP is assigned a 

coordinate, where RSSI is acquired and each will have a 

unique set of FP_RSSI. 

Distance estimation d is summarized using Euclidean 

distance in (3), where RSSIi is i
th

 real-time measured 

RSSIsignal during online phase and FP_RSSIiis i
th

RSSI value 

measured from the fingerprint map during offline phase. This 

will determine the position in 

2D-coordinates as x&y 

information of mobile user’s 
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position, observed at each interval. 

d  

Table I: Table representing a fingerprint map of 

RSSI and APs 

 x , y     

1 x1 , y1 FP_RSSI11 FP_RSSI12  FP_RSSI1,N 

2 x2 , y2 FP_RSSI21 FP_RSSI22  FP_RSSI2,N 

3 x3 , y3 FP_RSSI31 FP_RSSI32  FP_RSSI3,N 

      

 xi , yi FP_RSSIi1 FP_RSSIi2  FP_RSSIi,N 

C. Offline Phase 

Offline phase is when a fingerprint map is created based on 

surveying from RSSI existing. Each fingerprint has a 

unique RSSI matrix. The fingerprints will be constructed 

using the measured RSSI value at certain coordinates. RSSI 

value can be obtained by war walking using smart phones with 

a pre-installed mobile application capable of detecting RSSI. 

RP is marked in the indoor map as seen in Fig. 2. This will 

serve as the database for identifying a position based solely 

from RSSI value. 

 

Fig. 2. Generated fingerprint map based during the offline 

phase to serve as the RSSI database. 

D. Online Phase 

Online Phase is when the active smartphones receive the 

RSSI from the and these signals will be matched with the 

fingerprint map database. The user position will be estimated 

based on the nearest value of RSSI from the RPs as seen in 

Fig. 3. In this phase, mobile users will freely walk within the 

indoor environment without knowing the fingerprint map 

while the received RSSI is matched with the database. 

 

Fig. 3. A scenario of mobile user trajectory and the nearest 

RPs on the fingerprint map. 

IV. EXPERIMENTSAND RESULTS 

The 1
st
floor on the engineering building of our university 

was used as a testbed for experiments with a covered area of 

32m × 32m. Two points are marked in the map with the start 

point as green and end point as red as seen in Fig.4. The 

fingerprint map of the lobby is generated using 74 RPs of 

about an area of 1m
2
. The experiment is done by the mobile 

user holding a smartphone while walking inside the lobby. 

 

Fig. 4. Layout of the floor plan and the path taken by the 

mobile user. 

After the experimentation, accelerometer sensor data were 

gathered and processed to estimate the number of steps taken. 

Low pass filter was applied to reduce noise affecting 

acceleration. The detected number of steps are marked as red 

circle while the raw acceleration is marked in red line. The 

filtered acceleration in blue shows a less fluctuating 

acceleration compared to the raw data. This helped in 

detecting the number of steps by disregarding the rise in 

acceleration due to noise as seen in Fig. 5. 

Orientation and heading information are estimated with the 

use of gyroscope and magnetometer sensors. In the 

experiment, this data is combined with the number of steps to 

determine the distance traveled and the direction of the 

mobile user. An estimated 49 steps were detected which is 

identical to the 50 steps taken in the experiment. The results 

are shown in Fig. 6. 

The final step in this experiment is to estimate the trajectory 

and compare it to the actual route taken. Based on the global 

coordinate frame, the starting point is assigned at zero and 

oriented to the north. The estimated trajectory showed very 

identical result with the desired trajectory until the fourth turn 

where it was slightly longer compared to the original. The 

overall distance covered shows a high accuracy which is 

within the experimental testbed as shown in Fig. 7. 

 

Fig. 5. Estimated number of steps with respect to detected 

acceleration. 
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Fig. 6. Stride length based on changes in acceleration and 

orientation. 

 

Fig. 7. Estimated taken trajectory from start to end. 

V. CONCLUSION 

This paper proposed the hybrid indoor positioning system 

that collaborating Wi-Fi RSSI values together with dead 

reckoning (DR) sensor readings. Two main components of the 

algorithm use Wi-Fi signals and PDR for smartphone sensor 

readings. By incorporating the number of steps to take and the 

total distance to be traveled, this will increase the parameters 

to work with fusion algorithm which predicts the optimal path 

to the target. Further study on PDR will be made to determine 

the orientation of mobile users and to also make an accurate 

mapping of the movements with the help of the fusion 

algorithm to improve the positioning accuracy. In addition, 

the effect of noise interference on sensors and the 

accumulated errors resulting from walking should be required 

to generate higher indoor positioning performance. 
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