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a b s t r a c t 

A positioning system in the absence of GPS is important in establishing indoor directional 

guidance and localization. Inertial Measuring Units (IMUs) can be used to detect the move- 

ment of a pedestrian. In this paper, we present a three-dimensional (3D) indoor position- 

ing system using foot mounted low cost Micro-Electro-Mechanical System (MEMS) sensors 

to locate the position and attitude of a person in 3D view, and to plot the path travelled by 

the person. The sensors include accelerometers, gyroscopes, and a barometer. The pedes- 

trians motion information is collected by accelerometers and gyroscopes to achieve Pedes- 

trian Dead-Reckoning (PDR) which is used to estimate the pedestrian’s rough position. A 

zero velocity update (ZUPT) algorithm is developed to detect the standing still moment. A 

Kalman filter is combined with the ZUPT to eliminate non-linear errors in order to obtain 

accurate positioning information of a pedestrian. The information collected by the barom- 

eter is integrated with the accelerometer data to detect the altitude changes and to obtain 

accurate height information. The main contribution of this research is that the approach 

proposed fuses barometer and accelerometer in Kalman filter to obtain accurate height in- 

formation, which has improved the accuracy at x axis and y axis. The proposed system has 

been tested in several simulated scenarios and real environments. The distance errors are 

around 1%, and the positioning errors are less than 1% of the total travelled distance. Re- 

sults indicate that the proposed system performs better tha n other similar systems using 

the same low-cost IMUs. 

© 2016 Elsevier B.V. All rights reserved. 

 

 

 

 

1. Introduction 

The Global Positioning System is widely used in tracking locations at outdoors. However, it cannot be used in indoor

environments because of its experience of sever signal attenuation. On the other hand, there are huge demands for high

precision indoor positioning systems. Examples of the applications include tracking children’s locations in shopping malls or

large supermarkets, locating people with elderly dementia in providing support, and finding a car in a big parking garage. 

Current indoor positioning technologies can be divided into two types: (1) infrastructure-based approaches and (2)

infrastructure-free approaches. 
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Infrastructure-based approaches obtain the indoor positioning based on the information collected from external infras-

tructure or external equipment, such as network nodes, WiFi signals, Bluetooth signals, radio frequency (RF) signals, mag-

netic signals and video signals. 

Infrastructure-free approaches eliminate the need for external signals. Most of these approaches are based on inertial

sensors, i.e ., accelerometers and gyroscopes. These sensors can accurately collect data in a harsh environment. However, the

drift and bias errors of these sensors cause serious problems. Recently, the zero velocity update (ZUPT) algorithm [1] was

proposed to overcome the sensors’ errors and improve their accuracy significantly. 

Infrastructure-based solutions require the installation of infrastructure and tends to be more expensive [2] , by contrast,

infrastructure-free solutions are more flexible and low cost [3] . Recent years have seen the trend of moving toward to

infrastructure-free solutions, however, the accuracy is too low to be used in real world applications [4] . To address this

challenge, this paper proposes an infrastructure-free approach to achieve high precision 3D indoor positioning using a low

cost sensor. Pedestrian dead-reckoning (PDR) is used in this paper to sequentially estimate the pedestrian’s position. PDR

consists of the double integration of current inertial sensor readings. When using PDR to calculate the position and velocity,

the system will eventually be led to divergent because of the sensor error [5] . To solve this issue, we use Kalman filter

model as basis model. It consists a prediction process and an update process. When there is an appropriate observation,

Kalman filter can compensate the error by the update equation to keep the system relatively stable. ZUPT can very accurately

detect the time when a pedestrian is standing still, i.e . the velocity of the pedestrian is zero. We use this information as

the observation in Kalman filter, so it can eliminate system errors greatly. Comparing to the existing solutions, we use

the barometer fused with accelerometer to obtain z-axis information by combine integrating ZUPT with Kalman filter. The

existing solutions for height information achievement include the fusion of barometer and accelerometer, but as far as we

know, none of them added ZUPT in the model. Because our system is foot-mounted, so ZUPT is available and we use it as

our observation to eliminate error to get more accurate results. And the accurate height information will improve the results

at x -axis and y -axis in Kalman filter, which will outperform than some other existing solutions. 

The rest of this paper is organized as follows: Section 2 describes the related work. Section 3 presents the proposed

mathematical model of the system, with the details of the design, framework and the processing methods. The simulation

experiments to test the model and the results are detailed in Section 4 . The paper is concluded in Section 5 with a discussion

of limitations and future work. 

2. Related work 

There is a large amount of work in the area of indoor positioning with infrastructure-based approaches. A typical

infrastructure-based approach is described in [6,7] , which located a pedestrian using WiFi signal strength measurements.

Bacak and Celebi [2] proposed an indoor positioning system based on the RF signal fingerprinting method. Aversa [8] used

the heterogeneous wireless networks in localization. The IndoorAtlas and the DLR proposed indoor positioning solutions

based on magnetic field information [9,10] . The advancement of Internet of Things presents another opportunity for dif-

ferent kinds of sensors and devices to obtain a variety of services to help them in positioning and in other functionalities

[11,12] . The infrastructure-based system suffers from the signal interference and the installation and maintenance of a full

set of signal transmitting and receiving devices can increase the system cost. It limits their usability, especially when there

are no external sources of signal or when these signals are difficult to setup. 

There are also a number of authors proposed kinds of infrastructure-free approaches to achieve indoor positioning. Krach

[13] , detected the state of motion of the pedestrian by measuring acceleration and angular velocity collected by an ac-

celerometer and a gyroscope. In [14] , authors estimated the velocity, position and attitude information of the pedestrian

to create a pedestrian movement model by inertial calculation. In [15] , the author achieved positioning by utilizing mul-

tiple cameras. There are other publications that combined the position information calculated by inertial sensors with

other information sources, such as WiFi [16] , magnetic field [17] , and indoor plan [18,19] , to obtain a higher accuracy. The

infrastructure-free approaches remove the dependence from the signal source and reduce their maintenance cost signifi-

cantly. Nevertheless, these methods still use expensive sensors to obtain high precision achievements and the majority are

based on the two-dimensional plane [20–22] . 

In our previous work, Zheng et al. [23] developed a 3D indoor positioning system based on the Kalman filter model using

low cost Micro-Electro-Mechanical System(MEMS) sensors. MEMS is the technology of very small devices, and merges at the

nano-scale into nanoelectromechanical systems (NEMS) and nanotechnology [24] . The inertial sensors computed the position

using the Pedestrian Dead-Reckoning (PDR) algorithm. The position, velocity, and altitude information of the pedestrian was

then calculated. The acceleration and angular velocity were used to detect the time when the pedestrian was in contact

with the ground while walking through the zero velocity update (ZUPT) algorithm. The velocity equals zero at the time

when the ZUPT is satisfied. This was input into a Kalman filter as an observation value to eliminate systematic errors. A

barometer was introduced to obtain height information to improve 3D indoor positioning system. 

In this paper, we further improve the precise of the work. The barometer is integrated with the accelerometer and

input to the Kalman filter for height information. We also use the height information calculated to distinguish whether the

pedestrian is walking on flat ground, climbing stairs or taking an elevator. The Kalman filter is extended to 15-dimensions,

and the acceleration deviation and gyroscope bias is added in the state vector. Combining these methods are beneficial for
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obtaining higher precision positioning results. The particle filter (PF) was removed from previous work to reduce calculation

costs. 

3. Mathematical model 

The overall design and the algorithm architecture is shown in Fig. 1 . The system consists of four modules: data acquisition

(accelerometer, gyroscope and barometer), strapdown inertial calculation (Kalman filter prediction), ZUPT algorithm, and

error elimination (Kalman filter update). 

The data acquisition module gathers data from accelerometers, gyroscopes and barometer. The outputs of the accelerom-

eters and gyroscopes are sent to Kalman filter prediction module to calculate the movement of the foot. The barometer is

used to measure the height information. The acceleration and angular velocity information is also used for foot-still detec-

tion, which detect the time when the velocity of pedestrian is zero. When ZUPT is satisfied, the module of Kalman filter

update will complete the correction of velocity. The corrected velocity is then fed back to the trajectory of velocity, heading

and position information and output. 

Fig. 2 illustrates the system architecture. Walking data are collected by a foot-mounted sensor and is sent to the smart

phone via blue tooth. And all calculations are carried out on the smart phone. Then the users can view the trajectory on

their phone, and send the trajectory data to cloud to share their experience. 

3.1. Zero velocity update algorithm 

The ZUPT (zero velocity update) algorithm has been proved to be an effective method to control and eliminate data drift

errors. ZUPT is triggered when the foot is stationary on the ground. The ZUPT algorithm applied in paper [1] considered

multiple conditions using the information output from accelerometers and gyroscopes. Three conditions ( C 1, C 2 and C 3)

were used to determine whether the foot is stationary on the floor. The conditions are defined as 

C1 = 

{
1 th a min 

< a k - total < th a max 

0 otherwise 
(1)

C2 = 

{
1 σ 2 

a k 
> th 

2 
σa - min 

0 otherwise 
(2)

C3 = 

{
1 | w k - total | < th w max 

0 otherwise 
(3)

where a k - total represents the magnitude of the acceleration at time k , σ 2 
a k 

is the local acceleration variance, and w k - total rep-

resents the magnitude of the heading. The parameter th a min 
, th a max , th 2 σa - min 

and th w max are defined based on the observation

to make the ZUPT detector be active only when the pedestrian is stand-still. Condition C 1 indicates that the acceleration is

within a limited range, which is close to the gravity value. Condition C 2 means the fluctuation of acceleration cannot be too

large, while C 3 means the magnitude of angular velocity is smaller than a threshold. In theory, the angular velocity is zero

when pedestrian stands, ZUPT would only be triggered when all of the three logical conditions are satisfied simultaneously.
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3.2. Height information calculation model 

Titterton and Weston [5] described the method to obtain the velocity and distance information of pedestrian, solely

based on accelerometer and gyroscope outputs. In addition to these two sensors, we introduced a barometer module to

detect floor level changes. Multiple sensors are mounted on the shoes of the pedestrian, and the values are read when the

pedestrian is stationary on the floor. The mean value of the pressure is computed as Eq. (4) : 

P (k ) = 

∑ stepLocs k (n ) 

i = stepLocs k (1) 
P (i ) 

n 

(4) 

where P ( i ) represents the value of mean pressure detected by sensors, and stepLocs k ( n ) is the n th point on the K th step. 

The following formula calculates the pressure difference: 

P (k ) = P (k ) − P (0) (5) 

where P (0) represent the pressure value of the first step, and here we use the value P ( k ) to calculate the relative altitude to

the first position. 

Maik and Olive [25] proposed a relation between the barometer measurements and the relative altitude as shown in

Eq. (6) : 

p h (k ) = p 0 (k ) ·
(

1 − a · �h (k ) 

T 0 (k ) 

) M·g(ϕ(k )) 
R ·a 

(6) 

where �h (k ) = h (k ) − h 0 , h ( k ) denotes the height at time instance k, h 0 denote reference height, and where M is the molar

mass, g ( ϕ) is the gravity, depending on the current latitude ϕ of the user and R is the universal gas constant, respectively. 

Here we use the constant values p 0 (0), T 0 (0) and ϕ(0) to replace p 0 ( k ), T 0 ( k ) and ϕ( k ), respectively and apply a Taylor

series expansion around the triple ( h (0), T 0 (0), p 0 (0)), as shown in Eq. (7) . 

p h ( k ) = p 0 ( 0 ) 

(
1 − a · �h (0) 

T 0 ( 0 ) 

) M·g(ϕ(0)) 
R ·a 

− p 0 (0) 
M · g(ϕ(0)) 

T 0 (0) · R 

(
1 − a · �h (0) 

T 0 (0) 

) M·g(ϕ(0)) 
R ·a −1 

· �h ( k ) (7) 

We use p h ( k ) minus p h (0) ,and obtain an approximate relation between the barometer measurements and the relative

altitude �p h ( k ): 

�p h (k ) = −p 0 (0) 
M · g(ϕ(0)) 

T 0 (0) · R 

(
1 − a · �h (0) 

T 0 (0) 

) M·g(ϕ(0)) 
R ·a −1 

· �h (k ) (8) 

where �p h (k ) = p h (k ) − p h (0) , 

Define N as 

N = −p 0 (0) 
M · g(ϕ(0)) 

T 0 (0) · R 

(
1 − a · �h (0) 

T 0 (0) 

) M·g(ϕ(0)) 
R ·a −1 

(9) 

N is a constant and Eq. (8) can be written as 

�p h (k ) = N�h (10) 

The relative altitude information �p h ( k ) can then be obtained from barometer measurements using Eq. (10) . 

The relative height information can also be calculated by accelerometer as Eq. (11) 

h = 

1 

2 

acc · t 2 (11) 

where acc is the vertical acceleration. 

Kalman filter is then used to integrate the relative altitude information and height information, obtained using Eq. (10)

with Eq. (11) respectively. The process is detailed as follows: 

The state equation can be modeled as 

X h,k = F h X h,k −1 + B h u k + w k (12) 

where 

X h,k = 

[
h k v k 

]T 
, h k is the relative height at time point k and v k represents the vertical speed at time point k ; 

F h = 

[
1 T s 

0 1 

]
, Ts represent the sampling interval; 

B h = 

[
Ts 2 

2 T s 
]T 

; 

u k = acc k ; and 
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w k ∼ N (0, Q k ), w k is the process noise which is assumed to be drawn from a zero mean multivariate no normal distribution

with covariance Q k 

The observation equation is defined in Eq. (13) . 

Z h,k = H h X h,k + v k (13)

where 

H k = 

[
1 0 

0 1 

]
; and 

v k ∼ N (0, R k ), v k is the observation noise which is assumed to be zero mean Gaussian white noise with covariance R k . 

The update equations for the Kalman filter are defined as the time update and the measurement update. 

Time update is computed in Eqs.(14) and (15) : 

̂ x k | k −1 = F h ̂  x k −1 | k −1 + B h u k −1 (14)

P k | k −1 = F h P k | k −1 F 
T 

h + Q k (15)

Measurement update starts when ZUPT is true, i.e. the vertical speed is equal to zero at the time. The measurement

update is presented in Eqs. (16) –(18) . 

K k = P k | k −1 H 

T 
k 

(
H k P k | k −1 H 

T 
k + R k 

)−1 
(16)

P k | k = ( I − K k H k ) P k | k −1 (17)

̂ x k | k = ̂

 x k | k −1 + K k 

([
h bar 0 

]
− H k ̂  x k | k −1 

)
(18)

where h bar is derive from Eq. (10) 

The height information calculated from Kalman filter shown above can be used to distinguish the pedestrian is going

stairs or not. Two threshold γ h and μh are introduced. If difference of two consecutive height �h is smaller than γ h , It

indicates that the pedestrian is walking on a flat route. Otherwise, the pedestrians is climbing stairs or taking elevator. To

distinguish the later, the statistics variance is used. The specific method is that if the variance of pressure calculated from

previous step to next step is larger than μh , the pedestrian is considered taking elevator. The algorithm is showed below: 

1: if | h next − h pre | < γh then 

2: Pedestrian is walking on a flat route 

3: else if v ar 
(
h pre : h next 

)
> μh then 

4: Pedestrian is taking elevator 

5: else 

6: Pedestrian is climbing stairs 

7: end if 

3.3. Pedestrian movement model 

In this paper, we use Kalman filter to build a pedestrian movement model. Navigation parameters used in the study are

pedestrian position, velocity, and attitude information. The detailed description of the predicted state ̂  x −
k 
, covariance P k , state

transition matrix F and observation matrix H can be found in our previous work [26] . Here we introduce the IKZ (Inertial

Navigation System & Kalman Filter & ZUPT) model designed in this paper. 

Firstly, The Inertial Navigation System calculated the position s T 
k 
, velocity v T 

k 
, and altitude φT 

k 
of pedestrian. The state ̂ X −

k 
predicted by KF is 

̂ X 

−
k 

= 

[
s T 

k 
v T 

k 
φT 

k 

]
(19)

Secondly, the ZUPT is true, when the pedestrian was standing still, which means that the velocity of the pedestrian is

zero. This information is used as a measurement value of Kalman filter, and the posterior estimation 

̂ X k | k is calculated in

Eq. (20) : 

̂ X k | k = ̂

 X k | k −1 + K k 

(
O 3 ∗1 − H k ̂  x k | k −1 

)
(20)

where O 3 ∗1 is a 3 ∗1 zero matrix, i.e. each element of the matrix is 0. 

Through the design above, the drift error can be minimized effectively. As for the bias error in the MEMS sensor, the

existing approaches assume that the bias error is a constant of the system under static conditions, and thus a one-time

compensation is made in the system application. In reality, the bias error is not a constant after a long time of continuously

working or with influence of the temperature change [27] . To address this issue, we use Kalman filtering to estimate nec-

essary compensation. Firstly, we expand the Kalman filter state matrix X from 9 dimensions to 15 dimensions, where the
k 
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new entrants are accelerometer bias error ε b for 3 dimensions and gyroscope bias error αb with another for 3 dimensions

as described in Eq. (21) 

X k = 

[
s T 

k 
v T 

k 
φT 

k 
ε T 

b 
αT 

b 

]T 
(21) 

Secondly, we expand the one step prediction covariance matrix P , the process noise covariance matrix Q and the obser-

vation matrix H as shown in Eq. (22) : ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

P = 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

P 11 O 3 ∗3 O 3 ∗3 O 3 ∗3 O 3 ∗3 

O 3 ∗3 P 11 O 3 ∗3 O 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 P 11 O 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 O 3 ∗3 P 11 O 3 ∗3 

O 3 ∗3 O 3 ∗3 O 3 ∗3 O 3 ∗3 P 11 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

Q = 

⎡ 

⎢ ⎢ ⎢ ⎣ 

Q 11 O 3 ∗3 O 3 ∗3 O 3 ∗3 

O 3 ∗3 Q 22 O 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 Q 33 O 3 ∗3 

O 3 ∗3 O 3 ∗3 O 3 ∗3 Q 44 

⎤ 

⎥ ⎥ ⎥ ⎦ 

H = 

[
O 4 ∗2 I 4 ∗4 O 3 ∗3 O 3 ∗3 

]

(22) 

Here, O i ∗j represents an i ∗j zero matrix. I i ∗j is an i ∗j scalar matrix, with all diagonal elements of the matrix equals to

1 and others are 0. P 11 , P 22 and P 33 are the experience value of the initial covariance matrix of the pedestrian navigation

parameters [28] . O 11 and O 22 represent the experience values of the initial covariance matrix of the accelerometer and

gyroscope process noise [28] . P 44 and p 55 represent the initial mean square errors (MEMs) of the accelerometer bias drift and

the gyroscope bias drift respectively, while Q 33 and Q 44 represent the process noise covariance matrix of the accelerometer

bias modeling and the gyroscope bias modeling respectively. 

Finally, the state transition matrix F and the noise gain matrix 	 in the updating phase are expanded as described in Eq.

(23) : ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

F = 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎣ 

F 9 D 

O 3 ∗3 O 3 ∗3 

Rb2 t ∗ T s O 3 ∗3 

O 3 ∗3 −Rb2 t ∗ T s 
O 3 ∗3 O 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 O 3 ∗3 

I 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎦ 

	 = 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

O 3 ∗3 O 3 ∗3 O 3 ∗3 O 3 ∗3 

Rb2 t ∗ T s O 3 ∗3 O 3 ∗3 O 3 ∗3 

O 3 ∗3 −Rb2 t ∗ T s O 3 ∗3 O 3 ∗3 

O 3 ∗3 O 3 ∗3 I 3 ∗3 ∗ T s O 3 ∗3 

O 3 ∗3 O 3 ∗3 O 3 ∗3 I 3 ∗3 ∗ T s 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

(23) 

Through this process, the accelerometer bias error ε b and the gyroscope bias error αb in 15D Kalman filter can be ob-

tained, and they are used to eliminate the bias error in the MEMS sensor. 

4. Simulation experiments and results 

In this section, we present the data collection from real walkings and the simulation experiments using MATLAB. APM

2.5 [29] is used in the experiments to evaluate the proposed algorithm, which is implemented with a small low cost six

degree of freedom (6DOF) inertial sensor (MPU60 0 0) and a pressure sensor (MS5611). The pedestrian participated in the

experiment is a 22 years old healthy male, and he walked through a building wearing the shoe-mounted sensor module.

The data were recorded at the 100 Hz clock rate. All the experiments were conducted at No. 2 Research Building at Haiyun

Park in Xiamen University, China. The experimental data were recorded in text format and can be downloaded from GitHub

( https://github.com/ECG- XMU/ShoeMountIMU- Dataset ). 

4.1. Simulation of the system components 

4.1.1. Simulation experiment of the zero-velocity detector 

Four simulation experiments were conducted to detect the number of steps. The pedestrian in the experiment had

walked around randomly in a regular way. 
Please cite this article as: L. Zheng et al., A 3D indoor positioning system based on low-cost MEMS sensors, Simulation 

Modelling Practice and Theory (2016), http://dx.doi.org/10.1016/j.simpat.2016.01.003 

https://github.com/ECG-XMU/ShoeMountIMU-Dataset
http://dx.doi.org/10.1016/j.simpat.2016.01.003


L. Zheng et al. / Simulation Modelling Practice and Theory 0 0 0 (2016) 1–12 7 

ARTICLE IN PRESS 

JID: SIMPAT [m3Gsc; February 19, 2016;19:19 ] 

Fig. 3. The condition of the zero-velocity. 

Fig. 4. Schematic diagram of pedestrian horizontal position with 9D Kalman filter state model. 

Table 1 

The detection of steps, the elements represent detected 

steps under the left conditions. 

Steps Ex1 Ex2 Ex3 Ex4 

C 1 45 118 149 222 

C 2 42 75 110 141 

C 3 32 67 94 133 

C 1& C 2& C 3 34 70 102 135 

True steps 34 69 100 136 

 

 

 

 

 

 

 

 

 

 

The four simulation experiments were conducted, they detect step number by four ZUPT conditions: C 1, C 2, C 3 and

combined conditions C 1& C 2& C 3 (described in ZUPT algorithm), respectively. Fig. 3 shows the data of C 1 −C 3 and zero velocity

time ( C 1& C 2& C 3 ) from accelerometer and gyroscope when the pedestrian walking in the corridor. 

Table 1 lists the simulation results. The actual steps walked by the pedestrian were counted manually. The steps were

measured using the three sensors C from individual sensors and all the three sensors together. As can be seen from the data

in the table that any one single condition cannot detect the number of steps precisely, whereas the steps detected with the

combined conditions C 1& C 2& C 3 are much more accurate. 

4.1.2. Comparison of Kalman filter models 

Two experiments were carried out to verify the performance of the 9D Kalman filters and 15D Kalman filters. The pedes-

trian participant walked from the left side of the building to the right side of the building, then returned to the original

location, and repeated the walk for four times. Schematic diagrams of pedestrian horizontal position for the 9D and 15D

Kalman filters are shown in Figs. 4 and 5 , respectively. 

Fig. 4 shows that the track of pedestrian was consistent with the practical path. However there was still an angular drift

error in whole track. After three exhumations, final positioning had a vertical shifting about 2 m. In Fig. 5 , vertical drift was

improved notably, and the track of pedestrian coincides with the real path more closely. 

Specific parameters used in the experiments are listed and compared in Table 2 . 
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Fig. 5. Schematic diagram of pedestrian horizontal position with 15D Kalman filter state model. 

Table 2 

Parameter comparison between 9D KF and 15D KF. 

9D state module 15D state module 

Heading angle drift 0.02 ≈ 0( < 0.01) 

Maximum speed 3.23 3.24 

Speed drift ≈ 0( < 0.01) ≈ 0( < 0.01) 

Total walking distance 247.93 251.95 

Actual coordinates of the end (0,0) (0,0) 

Positioning coordinates of the end (0.21, −2.03) ( −0.49, −0.06) 

Error of the end 2.04 0.49 

Table 3 

Time cost and error reduce comparison between system with PF and 

system without PF. 

Time cost/error Track 1 Track 2 Track 3 

System without PF 3.42 s/0.66% 13.34 s/0.38% 3.06 s/0.34% 

System with PF 6.29 s/0.53% 23.34 s/0.30% 6.25 s/0.29% 

PF time increase 83.92% 74.96% 104.24% 

PF error reduce 0.13% 0.08% 0.05% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The comparisons in the table shows that the whole system has been greatly improved by using the 15D Kalman filter

state module. It has successfully eliminated zero bias error of the angular velocity and achieved the elimination of heading

angle drift. The original 2 m vertical drift error has been eliminated. It greatly enhanced positioning accuracy in the 2D

plane. 

4.1.3. Assessment of the particle filter 

In this paper, the particle filter (PF) was removed from previous work, because of its high computing cost. Here we

carried out three experiments to compare the performance of system with or without using the PF. We assessed the increase

of time cost and the decrease of system error when using the PF. As shown in Table 3 . the time increase was 87.71% in

average, while the error was only reduced by 0.09%. Therefore, the removing the PF will reduce the time cost significantly

with marginal loss of the accuracy. 

The Track 3 is shown in Fig. 6 . A subject walked from the entrance of 2th floor and walked to the stairs, then he

downstairs to 1st floor and go back to 2nd floor at start point. The whole distance calculated 120.55 m. It can be found that

both of trajectories are match to true path. And in the system without PF, the distance between start point and end point

is 0.41 m, the error rate is 0.34%. At the same time, in the system with PF, the distance between start point and end point

is 0.35 m, the error rate is 0.29%. It can be conclude that the PF only improved a little performance in the above algorithm.

4.1.4. Simulation of height information calculation 

To test the algorithm on the height information calculated, which was presented in Section 3 . We carried out an experi-

ment which included three ways of walking, including walking on a flat ground section, taking elevator and climbing stairs,

respectively. And in this simulation experiment, the constant γ h was set as 0.16, and μh was set as 300 Pa. 

The participant walked on the flat ground from the entrance of 3rd floor of No. 2 Research Building to the front of the

elevator and took the elevator to 1st floor, then went through corridor to the upstairs, finally he walked up to the 3rd floor.

To compare the performance of the proposed algorithm, we tested the data using the previous algorithm which is used to

obtain the height information only using the barometer. The paths of height information compared are shown in Fig. 7 . 

Both of the height distance between start point and end point in two trajectory are close to zero. With the presented

algorithm, the distance is 0.04 m, and with the previous algorithm the distance is 0.18 m. And we can found that the two
Please cite this article as: L. Zheng et al., A 3D indoor positioning system based on low-cost MEMS sensors, Simulation 

Modelling Practice and Theory (2016), http://dx.doi.org/10.1016/j.simpat.2016.01.003 

http://dx.doi.org/10.1016/j.simpat.2016.01.003


L. Zheng et al. / Simulation Modelling Practice and Theory 0 0 0 (2016) 1–12 9 

ARTICLE IN PRESS 

JID: SIMPAT [m3Gsc; February 19, 2016;19:19 ] 

Fig. 6. The trajectory of the system with PF and without PF. 

Fig. 7. Experiment of height information (left for presented algorithm and right for previous algorithm). 

Table 4 

The distance measured in given tracks. 

Subjects Trajectory 

Straight Rectangle Triangle Circular Mean error 

Subject A 0.7091% 1.0567% 0.3146% 0.3267% 0.6018% 

Subject B 0.5667% 1.0467% 0.8433% 0.50 0 0% 0.7392% 

Subject C 1.4233% 2.1667% 0.3867% 1.0773% 1.2635% 

Subject D 1.1900% 1.70 0 0% 0.9633% 0.8633% 1.1791% 

Subject E 1.1267% 1.1367% 0.7233% 0.3304% 0.8293% 

Mean error 1.0032% 1.4214% 0.6462% 0.6195% 0.9226% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

algorithm can both recognize the motion of take elevator. However, trajectory with the present algorithm is very stable

when the pedestrian walked in flat, and there are some jitter in the latter trajectory. 

4.2. Simulation of the system 

4.2.1. Simple trajectory 

In this section, we employed five subjects to test the performance of the system. The five subjects includes 22–24 years

old male and female participants. The test locations are the No. 2 Research Building and the Experimental Building at Xi-

amen University. The test consists of four different trajectories. These tracks are straight, triangle, rectangular, and circular.

The real length of the track of straight is 28.48 m. The rectangular track is a square with the side length of 5.6 m. The tri-

angle track is an isosceles triangle with the bottom side length of 12 m and the height of 6 m. The circular track is a circle

with a radius of 3 m. Labels are placed on the ground to make sure the participant walked on the track. Each participant

walked three times for each track. 

We calculated the distance through the system algorithm and assessed the error using Eq.(24) . 

Er ror rat e = 

∣∣T r ue distance − Distance calculated 
∣∣

T rue distance 
(24)

The values in Table 4 present the average error of one participant walking on one track, i.e. the mean value of errors

over the participant’s three walks of the same track. The real distance of the trajectories of straight, rectangle, triangle, and

circular are 28.48 m, 25.60 m, 28.97 m and 18.85 m, respectively. The average errors of all subjects over each track were

calculated. The overall error was calculated over all participants and tracks to assess the performance, which is 0.9226%, as

shown in the last column and the last row in Table 4 . The results demonstrate that the proposed algorithm has performed

well in simple trajectories. Most complex trajectories in real life can be decomposed as many small regular trajectories, such
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Fig. 8. Experiment of 3D pedestrian navigation compared to Openshoe. (For interpretation of the references to color in this figure, the reader is referred 

to the web version of this article.) 

Fig. 9. Experiment of 3D pedestrian navigation (left for overall and right for front view) with presented algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

as rectangle, triangle, and circular. Therefore the inertial navigation system presented in this paper can also be applied to

the complex trajectories. 

4.2.2. Complex trajectory 

In this experiment, Subject C wore the Sensor Module on the right side of the right foot, walking from the entrance of

2nd floor of No. 2 Research Build. Firstly he walked straight to the middle of 2nd floor, then went down stairs to the landing

place. After that he paced along a circular track and a rectangular track, then he went down stairs to 1st floor, and went

through the corridor and went upstairs, finally he walked up to the start position on the 2nd floor. This complex trajectories

was used to simulate walking in a complex building in order to test the overall performance of proposed algorithm in

complex environments. In Eq. (9) , no knowledge about p 0 (0), T 0 (0) and other constants were described, so we obtained the

constant N via experiments. In this experiment N was set to 0.09.The height information was calculated by the accelerometer

and barometer, and fused by Kalman filter which as presented in Section 3 . 

To assess the performance of the proposed algorithm, we test the data using the algorithm presented by Openshoe [28] .

Openshoe does not have height information, so we only compared the top view. Here, we added 15D KF into our system.

The paths compared are shown in Fig. 8 . The red line presents the results from the proposed algorithm, and the green line is

obtained from the Openshoe’s algorithm. Results show that the algorithm we proposed in this paper had much less heading

error in comparison to the algorithm proposed by Openshoe. The end point of the Openshoe’s trajectory is far away from

the start point. There is very small heading error in the trajectory of our algorithm, so it matched the real trajectory and the

start point is closed to the end point. This indicates that the proposed algorithm performed well in complex trajectories. 

We then compared the performance of the proposed algorithm with our previous algorithm in 3D view using both

9D Kalman filter and 15D Kalman filter. The path of proposed algorithm is shown in Fig. 9 , and the path of the previous

algorithm is shown in Fig. 10 . The figures show that both of the two tracks calculated matched the real track closely. The

error rate we calculated is the distance between the start point and the end point (DBSE) divided by the total distance. The

distance of whole track is 138.65 m and the error rates are summarized in Table 5 . There is huge heading error in Openshoe’s

algorithm and the distance between the start point and the end point is 8.74 m with the error rate of 6.30%. The start point

and the end point in the presented algorithm with 15D KF is 0.23 m, the error rate is only 0.17%. This experiment shows

that proposed algorithm, in comparison to the other algorithms, has significantly improved in accuracy, and the trajectory

of the proposed algorithm is more stable than other algorithms. Here, we speculate that the three-axis coordinate interacts
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Fig. 10. Experiment of 3D pedestrian navigation (left for overall and right for front view) with previous algorithm. 

Table 5 

The error rate in different algorithm. 

DBSE Total distance Error rate 

Previous algorithm with 9D KF 2.60 m 138.65 m 1.88% 

Previous algorithm with 15D KF 1.07 m 138.65 m 0.77% 

Presented algorithm with 9D KF 0.44 m 138.65 m 0.32% 

Presented algorithm with 15D KF 0.23 m 138.65 m 0.17% 

Openshoe algorithm 8.74 m 138.65 m 6.30% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

in PDR with the coordinate rotation matrix [5] , so the accurate height information is helpful for improving the accuracy in

the x , y plane. As for 9D KF and 15D KF, we found that from the beginning of the track, there is no significant difference in

the trajectory between the two schemes ( Figs. 9 and 10 ); however, in the latter part of the walk, the algorithm with 15D KF

started to fix gyroscope and accelerometer bias, mainly gyroscope bias caused by the drift. But no difference in the short

time walking between 9D KF and 15D KF. 

As discussion above, we can conclude that the accuracy of the proposed algorithm performs better in the complex trajec-

tory, which includes continuous turns and resemble real-life routes. The 15D KF is helpful to achieve more accurate results

in a long time walking. 

5. Conclusion and future work 

This paper presented a model for achieving 3D indoor positioning based on foot-mounted sensors. We used ZUPT algo-

rithm to detect the time when a pedestrian was standing still, and this information was used in Kalman filer to eliminate

systematic errors. Based on our previous work, a 3D indoor positioning barometer was added and fused with accelerometer

through a Kalman filter to obtain accurate height information, and we also extended the 2D model to the 3D model. We

removed the PF due to its high computational time cost and the difficulty to implement in wearable devices, although it

could help for positioning to some extent. The experiment results of the Simple trajectories showed that the proposed algo-

rithm has performed well with different pedestrians. As for the experiments of complex trajectory, our algorithm performed

better than the method proposed in [28] in the display of the track. Our trajectory matched the real route closely and could

return to the start point after a round trip walk. In addition, we compared the proposed algorithm to our previous algorithm

under the conditions of 9D KF and 15D KF, respectively. The new algorithm performed better with lower error rates and the

higher trajectory stability. We determined that the main reason was that we obtained the accurate height information by

the fusion of barometer and accelerometer data in the Kalman filter presented in Section 3.2 , which was one of the main

contributions in this paper. This method helped for getting a better result at both x axis and y axis of the position. Because

of the rotation matrix, the three-axis coordinate interacts in the PDR algorithm. The 15D KF had a better performance than

that of the 9D KF for a longer trip, because it could effectively eliminate the heading error caused by the gyroscope drift.

In a shorter trip, the 9D KF and the 15D KF had a similar performance. The 15D KF consumed more computational cost.

Therefore it was important to choose a cost-effective algorithm according to the trip distance. The testing of the system

had demonstrated that the proposed algorithm could be effective used in indoor navigation. Future work will focus on the

implementation of the Kalman filter to fuse gyroscope data and magnetic sensor data to correct the orientation error, to

reduce the gyroscope drift on a long trip, so that a long term stable orientation solution can be achieved and the position

information within a large area can be further improved. Since the technology will be used on wearable devices, we will

continue working toward reducing the computational time in this system. 
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