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The foot-mounted pedestrian navigation system (PNS) that uses microelectromechanical systems (MEMS) inertial measurement
units (IMUs) to track the person’s position. However errors accumulate over time during inertial navigation solutions, which
aﬀects the positioning precision. In this paper, a multicondition zero velocity detector is used to detect the stance phase of gait.
Then the errors are corrected in the stance phase and the swing phase, respectively, through the Kalman ﬁlter. When pedestrians
are going up and down the stairs, the divergence of height will reduce the accuracy of three-dimensional positioning. In this paper,
an accelerometer and a barometer are used to obtain altitude variation, and after that the stair condition detection (SCD)
algorithm is proposed to correct the height of Kalman ﬁlter output and detect the walking state of pedestrians. Through theoretical
research and ﬁeld experiments, these algorithms are studied carefully. The results of the experiment show that the algorithm
proposed in this paper can eﬀectively eliminate errors and achieve more accurate positioning.

1. Introduction
With the development of smart city, people’s demand for
location service is getting higher and higher. People spend
most of their time indoors, but now commercial positioning
technology is mainly applied to outdoor environment, the
positioning accuracy in the indoor will be decreased.
Therefore, how to use the low-cost positioning system to
achieve high precision positioning has become a hot research topic for researchers.
According to the literature [1], current indoor positioning solutions can be divided into two categories: One is
wireless communication positioning which relies on preinstalled installations like wireless (Wi-Fi) [2], Bluetooth [3],
infrared [4, 5], Ultra-Wide Band (UWB) [6, 7], etc. The
second method is based on the MEMS inertial measurement
unit (IMU) to form an inertial navigation system (INS) for
pedestrians to track trajectories [8, 9]. A MEMS is composed
of a three-axis gyroscope, a three-axis accelerometer, and a
three-axis magnetometer, and it is installed on the human
body (usually on the foot) to obtain foot motion data

information. The input of pedestrian inertial navigation
algorithm is acceleration and angular rate, and no additional
data is required, the system complexity is low [10]. However,
MEMS sensor has drift and noise, which will lead to the
continuous accumulation of errors over time.
The most common method to eliminate error is zero
velocity update technology (ZUPT). The most important
step to use ZUPT algorithm is to detect the stance phase of
the gait. The literature [11] uses the accelerometer or the
gyroscope output to detect the stance phase. In the literature
[12], the zero velocity detection was formalized as a binary
hypothesis testing problem and a likelihood ratio test (LRT)
detector was proposed. However, the most commonly used
algorithms are the use of accelerometer and gyroscope
output signals, the experiment is limited to simple straight
lines and the pace of stability. Other scholars use other
sensing devices to assist detection, such as piezoelectric
sensor devices, electromyography. The accuracy is higher
than the use of traditional IMU, but to pay a greater cost. In
this paper, acceleration movement variance detection, acceleration amplitude detection, and angular rate energy
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detection are combinedly used for the detection of zero
velocity intervals. This method can solve the problem of zero
velocity intervals misjudgment due to the change of step
speed, turning, and foot abnormal movement. The accuracy
and practicability of pedestrian navigation algorithm can be
further improved.
The ZUPT algorithm cannot correct the heading error
due to poor observability [13]. In order to limit the accumulation of heading error, a new gyroscope drift reduction
method is proposed [14], which combines the heuristic drift
reduction method with the supplementary ﬁlter. The literature [15] is proposed to estimate the direction with two
stages of Kalman ﬁltering, the accuracy of the roll angle and
the pitch angle reaches 1° , and the accuracy of the yaw angle
reaches 0.6° . In the literature [16], the measurement variance
of the sensor can be adjusted according to the gait type by
using the EFK-HDR-CHAIN-FGH directional estimation
algorithm. The literature [17] reduces adversity drift by
means of multisensors fusion and dual gait analysis. The
literature [18] uses a magnetometer sensor as a compass to
estimate the heading drift error. However, magnetometers
are susceptible to the surrounding environment which can
lead to a decrease in the accuracy of heading estimation. In
this paper, the zero angular rate update (ZARU) and the
heuristic heading drift estimation method based on the main
direction angle (MHDE) are proposed to correct the heading
error. ZARU method mainly uses the diﬀerence between
angular rate output and zero angular rate in the stance phase
as observations of the Kalman ﬁlter to correct the heading
error. The HDE is based on the fact that most of the walls and
corridors in a building are made up of straight lines and right
angles and use only four or eight dominant directions as a
reference without prior information about the environment,
which can eﬀectively reduce the heading drift. The diﬀerence
between the calculated heading angle and the main direction
angle is corrected as the observation value of Kalman ﬁlter.
In order to obtain more accurate positioning results, it is
not enough to correct errors only in the stance stage. The
errors in the swing phase also need to be corrected.
Therefore, this paper not only corrects the errors of the
stance phase, but also corrects the errors in the swing phase.
The existing research has obtained good positioning
results on the two-dimensional plane, but in the three-dimensional positioning, the calculation of height is still a key
problem in this ﬁeld [19, 20]. In the literature [21], the peak
characteristics of accelerometer and the interquartile range
characteristic are used to determine the upper and lower
ﬂoors, respectively, then the height calculation of pedestrian
step height is calculated by using a barometer. The barometer is susceptible to ambient temperature and has low
reliability. The literature [22] estimates the change of height
by combining the detection of ascending and descending
stairs with the height of stairs. If the height of the stair steps
in real life is inconsistent, it will lead to inaccurate height
estimation. In this paper, the height of the barometer and the
height of the accelerometer are fused by Kalman ﬁlter to
obtain altitude variation. Subsequently, the SCD algorithm is
used to modify the output height of Kalman ﬁlter and get the
ﬁnal height information.

Mathematical Problems in Engineering
The remainder of this paper is organized as follows. The
second part mainly introduces the solution process of inertial navigation and several methods to reduce integral
drift. The third part veriﬁes the proposed algorithms through
concrete experiments. The fourth part summarizes the
content of this paper and the prospect of future work. The
overall framework of this article is shown in Figure 1.

2. Error Model
2.1. Inertial Navigation Model. Inertial navigation algorithm
will involve diﬀerent coordinate reference systems, where
the carrier coordinate system (b-system) is connected with
the carrier, its origin in the carrier’s center of gravity. The
carrier coordinate system is represented by OXb Yb Zb , OXb
represents forward along the carrier horizontal axis, OYb
represents the vertical axis of the carrier to the right, and
OZb represents upward along the carrier vertical axis. The
navigation coordinate system (n-system) is used to determine navigation parameters, commonly expressed by
OXn Yn Zn , which can also be called a geographic coordinate
system. The origin of the n-system coincides with the
measuring center of the sensor. This paper uses east-northday as the navigation coordinate system, OXn points north,
OYn points east, andOZn points to the sky. The carrier
coordinate system and the navigation coordinate system are
shown in Figure 2.
The initial heading angle is set to 0, and the roll angle and
pitch angle are calculated by the average acceleration of the
ﬁrst 20 moments measured by the inertial sensor. The initial
attitude angle can be obtained by the following equation:
c0 � tan− 1 
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Figure 1: The overall framework of three-dimensional pedestrian positioning.
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At the same time, the three attitude angles can be obtained by the following equation:
−Cn (3, 1)
c � arctan nb
,
Cb (3, 3)

Xb

θ � arcsin Cnb (3, 2),

Xn

(4)

Cnb (1, 2)
,
Cnb (2, 2)

ψ � arctan
Yn
Yb

Figure 2: Navigation coordinate system and carrier coordinate
system.

The data measured by the gyroscope and accelerometer
are the angular rate and acceleration under the carrier
coordinate system, and the acceleration information under
the carrier coordinate system needs to be converted into the
navigation coordinate system through a conversion matrix,
which is called the attitude matrix. The corresponding
attitude matrix [23] is represented by the following
equation:
q2 + q21 + q22 + q23 2 q1 q2 − q0 q3  2 q1 q3 + q0 q2 
⎡⎢⎢⎢ 0
⎤⎥⎥⎥
Cnb � ⎢⎢⎢⎢⎢ 2 q1 q2 + q0 q3  q20 − q21 + q22 − q23 2 q2 q3 − q0 q1  ⎥⎥⎥⎥⎥.
⎣
⎦
2 q1 q3 − q0 q2  2 q2 q3 + q0 q1  q20 − q21 − q22 + q23

(3)

where c is the roll angle, θ is the pitch angle, and ψ is the yaw
angle.
According to the quaternion diﬀerential equations, the
attitude matrix can be updated in real time, and the quaternion diﬀerential equations is as follows:
dQ 1
� M′ ωbnb Q,
dt 2

(5)
T

T
where Q �  q0 q1 q2 q3  , ωbnb �  ωbx ωby ωbz  , so
equation (3) can be written as the following equation:
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The Picard algorithm is used to update quaternion as the
following equation:
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Figure 3: Three-axis acceleration information.

Δθx , Δθy , Δθz are the angle increment of the gyroscope.
After the attitude is updated, the acceleration vector of the
T
b-series a(t)b �  abx (t) aby (t) abz (t)  is converted into the
acceleration
vector
of
the
n-series
T
n
n
n
n
a
(t)
a
(t)
a
(t)
a(t) �  x
through the following

y
z
equation:
an (t) � Cnb · ab (t).
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–10

(9)

The acceleration of gravity is subtracted from the acceleration of the n-series to obtain the pedestrian’s own
motion acceleration value. The velocity and position can be
updated by integral of acceleration and double integral of
acceleration, respectively. The velocity and position are
obtained according to the following equation:
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Figure 4: Three-axis angular velocity information.

V � V0 +  a(t)n − gdt,
(10)
P � P0 +  V(t)dt.
Because of the serious drift and noise of the inertial
sensor, the position obtained by integration will have a large
error. Therefore, corresponding method must be taken to
correct the errors.
2.2. Gait Analysis. The movement of pedestrians in the
process of walking is periodic. During each step of horizontal walking, the velocity repeats from stationary,
accelerated, decelerated, and then stationary again. In this
paper, a gait cycle is divided into two stages: the stance phase
and the swing phase. The stance phase foot is completely on
the ground, while the swing phase is to swing from the foot
away from the ground in the air until the heel comes into
contact with the ground again. The velocity of the foot is
obviously zero in the stance phase so that the velocity can be
corrected periodically to reduce the error accumulation due
to the bias error of accelerometer, which would otherwise
trouble the data processing in the following strides.
Because everyone has a unique gait pattern, the percentage
of gait cycles spent at each stage is slightly diﬀerent. If an adult
walks at a normal pace of 100–120 steps per minute, the stance
phase will last around 0.3 seconds, which is considered suﬃcient
for the ZUPT algorithm to correct navigational errors.

In order to accurately detect the stance phase of pedestrians, acceleration and angular velocity values must be
fully utilized. The information of acceleration and angular
velocity during walking is shown in Figures 3 and 4. Because
the sensor is mounted on the foot of the pedestrian, the
original data in the ﬁgure also shows the same periodic
characteristics. In Figure 3 it can be seen in the stance phase
that acceleration and angular velocity are kept relatively
stationary. In the stance phase, z-axis acceleration ﬂuctuates
around 9.8 m/s2 , which is caused by gravity acceleration.
And x-axis and y-axis acceleration are near 0 m/s2 . In
Figure 4 it can be seen that the values of angular velocity tend
to be zero. The values of the acceleration and angular velocity
are unstable in the swing phase. The acceleration and angular
velocity are obviously diﬀerent in the stance phase and the
swing phase. So the values of acceleration and angular velocity can be used together for the stance phase of detection.
2.3. Stance Phase Detect. In this paper, the acceleration
amplitude detection and angular velocity energy detection
are added on the basis of the commonly used acceleration
moving variance detection [24], which adds the constraints
of zero speed detection. According to the experiment and
related literature, acceleration variance detection for normal
linear walking detection results is better. Acceleration amplitude detection for large walking and fast walking situation
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n

where ak is the ratio force measurement, and
ak � 1/Nk∈Ωn ak is the mean ratio force.
Acceleration amplitude detection:
�
  ���������������
ak  � a2 + a2 + a2 ,
x(k)
y(k)
z(k)
 
(12)
⎨ 1, Tmin <ak  < Tmax ,
⎧
c2 � ⎩
0, others,
Angular velocity energy detection:
σ ωk �

�� ��2
1
 ��ωk �� ,
N k∈Ω
n

⎪
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2.4. Stance Phase Error Correction. During the stance phase,
the foot of the pedestrian is in full contact with the ground
and remains stationary for a short period of time, but the
output of acceleration and angular velocity is not zero due to
the drift error of the sensor itself. The diﬀerence between the
sensor output velocity and the zero velocity is considered a
velocity error, which can be corrected as an observation of
the Kalman ﬁlter. The same principle can be used to correct

8000

the value of angular rate. In this paper, the velocity and
heading of the stance phase are corrected by using the Zero
Velocity Update Algorithm (ZUPT) and the Zero Angle Rate
Update Algorithm (ZARU).
2.4.1. Velocity Correction. In this paper, the velocity is
corrected by ZUPT algorithm during the stance phase. The
diﬀerence between velocity and zero velocity in the stance
phase is used as the observation value of Kalman ﬁlter to
correct the velocity of the stance phase.
Kalman ﬁltering [25] is a common algorithm used in inertial navigation systems to compensate for cumulative errors.
The state variables selected when using ZUPT in stance phase
are x �  δPn δVn δφn ωb ab , δPn is the position error,
δVn is the velocity error, δφn is the attitude error, ab is the
accelerometer drift, and ωb is the gyroscope drift.
The state equation in the inertial navigation system is
(15)

where Fk,k−1 is the state transfer matrix, Gk−1 is the process
noise matrix, wk−1 the Gauss process noise, and the covariation matrix is Qk � E(wk wTk ). Assuming the sample
time is Δt, the state transfer matrix is

(14)

When c � 1 is the stance phase, c � 0 is the swing phase;
the results of zero velocity detection are shown in Figure 5.

7000

Figure 5: Results of zero velocity detection.

xk � Fk,k−1 xk−1 + Gk−1 wk−1 ,

When the output data of the accelerometer and gyroscope meet the above three detection conditions at the same
time, it is determined to be the stance phase of the gait, and
the formula is expressed as follows:
c � c1 & c2 & c3 .

4

velocity [m/s]/state

detection results is better. Angular velocity energy detection
mainly uses the output data of the gyroscope, and the zero
velocity detection eﬀect of the angular rate value mutation
caused by the left and right shaking of the foot and the
turning process is obvious. Therefore, the zero velocity
detection algorithm proposed in this paper can make full use
of the data of accelerometer and gyroscope to detect zero
velocity interval more accurately.
Acceleration variance detection is to build a sliding
window based on acceleration, which traverse the data along
with the acceleration information in order to obtain the
acceleration movement variance:
 2 
⎪
⎧
⎨ 1, σ ak  < Ta ,
c1 � ⎪
⎩
0, others,
(11)
�
�
1
�
�
σ 2ak �
 ��a − ak ��,
N k∈Ω k

Fk,k−1

I3×3 △tI3×3 03×3
03×3
03×3
⎤⎥⎥
⎡⎢⎢⎢
n
⎢⎢⎢ 0
03×3
△tCnb ⎥⎥⎥⎥⎥
⎢⎢ 3×3 I3×3 △tak ×
⎥⎥⎥
⎢⎢
� ⎢⎢⎢⎢⎢ 03×3 03×3
I3×3
△tCnb
03×3 ⎥⎥⎥⎥⎥,
⎥⎥⎥
⎢⎢⎢
⎢⎢⎢ 0
03×3 I3×3 + B1
03×3 ⎥⎥⎥⎥⎦
⎢⎣ 3×3 03×3
03×3 03×3
03×3
03×3
I3×3 + B2
(16)

where B1 , B2 are correlation time.
ank × is the skew symmetry matrix of acceleration, whose
elements are composed of the acceleration converted to the
n-system. ank × can be written as follows:
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0 −azk ayk
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−ayk axk
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(17)

angular velocity should be zero. The output of the angular
velocity in the stance phase can be used as the error observation for the Kalman ﬁlter. The observation of ZARU in
the stance phase is

The process noise driven matrix Gk−1 is

Gk−1
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⎡ n
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0
b
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−Cnb 03×3 03×3
03×3 03×3 I3×3

03×3 03×3 03×3 03×3

⎥⎥⎤
03×3 ⎥⎥⎥⎥⎥
⎥⎥⎥
03×3 ⎥⎥⎥⎥⎥.
⎥⎥⎥
03×3 ⎥⎥⎥⎥⎦
I3×3

(18)

The observation equation is
(19)

Δvnk ,

vk is measurement noise,
where zk is observation, zk �
which is white Gaussian noise with covariance matrix
Rk � E(vk vTk ), and Hk is measurement matrix. When the
velocity error is used as observation, the observation matrix
Hk can be obtained by the following equation:
Hk �  03×3 I3×3 03×3 03×3 03×3 .

(20)

Kalman ﬁltering process consists of two main update
processes, time updates and status updates. When a pedestrian’s foot is in swing phase, only a time update is made
to estimate the error of the covariance matrix Pk|k−1 :
Pk|k−1 � Fk,k−1 Pk−1 FTk,k−1 + Gk−1 Qk−1 GTk−1 .

(21)

When the zero velocity interval is detected, a status
update is made:
xk � xk|k−1 + Kk zk − Hk xk|k−1 ,

(22)

and the ﬁlter gain Kk is updated as
−1

Kk � Pk|k−1 HTk Hk Pk|k− 1 HTk + Rk  .

(23)

Finally, update the covariance matrix:
Pk � I − Kk Hk Pk|k−1 .

(25)

Combining ZUPT and ZARU, the measurement matrix
is
Hk � 

zk � Hk xk + vk ,

b

(24)

2.4.2. Heading Correction. The drift error of the gyroscope is
another major problem aﬀecting the positioning results, but
due to the poor observability of the heading angle, the drift
of the gyroscope cannot be corrected by the ZUPT. On the
basis of not adding other sensors, this paper uses the ZARU
[26, 27] to correct the heading error.
In the stance phase, not only can the velocity be corrected by the ZUPT, but also the heading can be corrected by
the ZARU. The angular velocity output value in the stance
phase is used as the observation value of Kalman ﬁlter, which
inhibits the drift of angular velocity and improves the accuracy of pedestrian navigation system. Because the feet in
the stance phase are stationary relative to the ground, the
attitude is theoretically unchanged, so the output of the

03×3 I3×3 03×3 03×3 03×3
03×3 03×3 03×3 03×3 I3×3

.

(26)

In order to further improve the accuracy of heading, a
heuristic heading drift estimation method based on the main
direction angle (MHDE) is proposed.
HDE algorithm only uses gyroscope data when calculating heading angle. In addition, the system is sensitive to
the feedback coeﬃcient used to correct the angular rate,
which leads to the poor robustness of the system. MHDE
deals with the heading angle directly. The diﬀerence between
the calculated heading angle and the main direction angle is
used as the observed value of Kalman ﬁlter to correct the
heading angle.
Generally, the main directions are divided into four or
eight. In this paper, the main directions are divided into four,
the interval between the main directions is 90° , and the initial
main direction is set to 0° .
When the pedestrian walks in a straight line, the diﬀerence
between the heading angle of two adjacent steps is very small.
When the pedestrian turns, the diﬀerence between the heading
angle at the previous step and the current step is relatively large.
Therefore, the turning movement of pedestrians can be detected
by the mutation of heading angle between two adjacent steps. In
order to ensure the correctness of turning detection, this paper
uses the change of heading angle of three adjacent steps to detect
turning activity. Turning activity is detected according to the
following equation:
⎪
⎧
⎪
⎪
⎨ 1,
m �⎪
⎪
⎪
⎩
0,

φ tk  −

φ tk−1  + φ tk−2 
< thφ ,
2

(27)

else,

where m represents the walking state of the pedestrian, when
m � 1 represents the pedestrian walking in a straight line,
and when m � 0 represents turning motion. φ(tk ) represents
the heading angle of the current step, φ(tk−1 ) , φ(tk−1 )
represents the heading angle of the previous step and the ﬁrst
two steps. thφ is the deviation threshold, which is set as 10° in
this paper.
When the pedestrian walks along a straight line, the
diﬀerence between the heading angle of inertia solution and
the main direction angle is taken as the observed value of the
Kalman ﬁlter.
The observed value is z.
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z � φtk − ψ main ,

7

where φtk is the heading angle calculated by inertial solution
process, and ψ main is the main direction angle closest to the
heading angle.
When MHDE method is used for heading correction, the
measurement matrix is
Hk �  01×3 01×3  0 0 1 01×3 01×3 .

εg � ωm (T),

(28)

(29)

where T is the end time of swing phase.
The error vector of the error correction at the end time of
the swing phase is
z �  △v ε g .

am � aa + εa ,

(30)

where am is the acceleration measurement and aa is the
actual acceleration.
Because the velocity of the stance phase is zero, the
velocity of the swing phase is
t

vm (τ) �  aa (τ) + εa dτ � va (t) + △v.

(32)

where T is the end time of swing phase.
On the other hand, the attitude angle is susceptible to
integral drift, which results in attitude angle error. Similar to
velocity correction, it is assumed that the error is caused by a
constant bias εg of the gyroscope.
ωm � ωa + εg ,

03×3 03×3 03×3 03×3 I3×3

(33)

where ωm is the measurement of the angular rate, and ωa is
the actual value of the angular rate. The true value of the
angular rate at the end of the swing phase should be zero, so
the error of the angular velocity can be expressed as

.

(36)

Finally, the velocity error is subtracted from the velocity
of each moment of the swing phase to obtain more accurate
velocity and displacement. When the attitude matrix is
recalculated, the estimated bias is subtracted from the angular velocity.
2.6. Height Calculation. In real life, people’s activity trajectory includes not only two-dimensional horizontal
walking, but also three-dimensional vertical motion. Pedestrians’ gait when walking up and down stairs is more
complex than that of horizontal walking [29, 30], the inertial
sensor will have more serious noise. In this paper, a barometer is added on the basis of the inertial sensor. The
barometer is susceptible to ambient temperature, so the
height calculated by the barometer and the height calculated
by the accelerometer are fused by the Kalman ﬁlter. However, the output height of Kalman ﬁlter can still observe
some height ﬂuctuations. Therefore, based on the height of
Kalman ﬁlter output, the SCD algorithm is proposed to
modify the height of Kalman ﬁlter output. This algorithm
can eﬀectively maintain the stability of the same ﬂoor height
and further improve the measurement accuracy.
The absolute height calculated by the barometer can be
obtained by the following equation:
hk � 44330 · 1 − 

The ﬁrst part va (t) is the actual velocity, and the second
part △v is the velocity error caused by the bias of the accelerometer. va (t) is zero when the time t is equal to the
duration of the swing phase. So the velocity error during the
swing phase can be expressed as follows:
△v � vm (T),

03×3 I3×3 03×3 03×3 03×3

(31)

0

(35)

The measurement matrix is
Hk � 

2.5. Swing Phase Drift Correction. In order to further improve the accuracy of positioning, it is not enough to only
use the error correction in the stance phase. Therefore, this
paper not only corrects the error of the stance phase, but also
corrects the error of the swing phase [28]. Unfortunately, the
methods used in stance phase can not be applied in swing
phase because there is nothing stationary in the swing phase.
In most cases, although the beginning of the swing
phase is set to zero with ZUPT, the velocity at the end of the
swing phase is not zero. During the swing phase, the velocity is obtained by the integral of acceleration, and the
attitude angle is obtained by the integration of the angular
rate. However, the output data of MEMS has random noise
and temperature drift. The attitude angle and velocity
obtained by integral have signiﬁcant errors. It is assumed
that this situation is caused by a ﬁxed bias εa . The acceleration value in the swing phase can be expressed as
follows:

(34)

0.19029
pk

,
101325

(37)

where pk is the barometer value for the current moment.
The absolute height of the pedestrian can be calculated,
but the absolute height does not provide the height position
of the pedestrian, and the relative height needs to be calculated by the following equation:
ΔHk � hk − hk−1 .

(38)

The height of the accelerometer can be obtained by the
secondary integral of acceleration.
The height update algorithm proposed in this paper
estimates the diﬀerence between the height of the barometer
and the height of the accelerometer in the adjacent moment
as the observation of Kalman ﬁltering, which can optimize
the height in the adjacent moment and thus improve the
height estimation. The measurement error vector of this
method is Δh, which can be get from the following equation:
Δhk � ΔHk − hak .

(39)
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Hk is the height estimated by the barometer, and hak is
the height estimated by the accelerometer.
The error vector for the height update algorithm is set to
z �  0 0 Δhk .

(40)

The measurement matrix is
01×3 01×3 01×3 01×3 01×3
⎢
⎡
⎢
⎢
⎢
Hk � ⎢
⎢
⎣ 01×3 01×3 01×3 01×3 01×3
[001] 01×3 01×3 01×3 01×3

⎤⎥⎥⎥
⎥⎥⎥.
⎦

Table 1: Performance of the MTI-G-710.
MTI-G-710
Roll/pitch
Static accuracy/dynamic accuracy
0.2° /0.3°
Yaw
Dynamic accuracy
0.8°
Gyroscope
Range and zero-bias stability
±450° /s/10o /h
Accelerometer
Range and zero-bias stability
±20g/15μg
Horizontal position/vertical
Position
1.0m/2.0m
position

(41)

The height HKF of the Kalman ﬁlter output is corrected
by the SCD algorithm.
The SCD algorithm can be described as follows:
H(k)SCD � HKF (k − 1) + mhstair ,
1,
HKF (k) − HKF (k − 1) > Δh,
⎪
⎧
⎪
⎨
m � ⎪ −1, HKF (k) − HKF (k − 1) < − Δh,
⎪
⎩
0,
else,

(42)

where Δh is the detection threshold, and m is the detection
result of ascending and descending stairs. If the height
diﬀerence between two adjacent steps is greater than the
negative value of the threshold, the pedestrian is considered
to be ascending stairs; if the height diﬀerence between two
adjacent steps is less than the threshold, the pedestrian is
considered to be descending stairs; otherwise, the pedestrian
is considered to be walking on ﬂat ground.
When a pedestrian walks on ﬂat ground, the height of the
current step is equal to the height of the previous step; when
a pedestrian goes upstairs, the current height is equal to the
height of the previous step plus the height of the stair; when a
pedestrian goes downstairs, the current height is equal to the
height of the previous step minus the height of the stair.
Then a new height HSCD is output by using this method.

3. Experiment
To verify the validity of the methods proposed in this paper,
we conducted a series of experiments using MTI-G-710 from
XSENS of the Netherlands. The sensor module can output
three-axis acceleration, three-axis angle speed, and threeaxis attitude angle (pitch angle/roll angle/yaw angle). It has
small size, light weight, wide measurement range, and low
price, which can fully meet experimental requirements.
Other related properties of the MTI-G-710 are shown in
Table 1. In the experiment, the inertial sensor module is
mounted on the back of the foot as shown in Figure 6, and it
is connected to the computer through a USB cable. The
computer is placed on the hand of pedestrian to collect
inertial data when pedestrian walks.
3.1. Two-Dimensional Plane Experiment. In order to verify
the validity of the method proposed in this paper, pedestrian
walks a circle along the square path and ﬁnally returns to the
origin. The edge length of the square track is 16.14 m. The
inertial sensor is mounted on the foot to collect raw data
during walking, as shown in Figure 7. Because of the tilt of

Figure 6: Installation location of the MTI-G-710.

the sensor module, the average acceleration of the stance
phase is not actually zero. These tiny oﬀsets which are close
to zero are part of gravity itself. During the stance phase, the
angular velocity of each axis is close to zero.
Figure 8 shows the results of the stance phase detection
using the ZUPTmethod proposed in this paper. The blue line
indicates the velocity of pedestrian walking, the red line is
the stance phase detection results, the red line value of 1
represents the stance phase, the 0 part is the swing phase.
There was a false detection at the beginning of the walk due
to the unsteadiness at the beginning of the walk. The stance
phase at the other times can be accurately detected, which is
enough to make error correction.
Figure 9 shows the pedestrian positioning trajectory on a
two-dimensional plane in diﬀerent ways when walking along
a square path. The red dot is the starting position, the black
line is the trajectory of the pedestrian’s real walk, the blue
line is the trajectory of the velocity correction only with
ZUPT, and the red line is the trajectory of positioning using
the method proposed in this paper. Compared with the
algorithm of ZUPT, the algorithm proposed in this paper
adds heading correction and error correction in the swing
phase. The trajectory using only the ZUPT algorithm deviates greatly from the real trajectory, and the position at the
end does not coincide with the position at the beginning.
Using the error correction method proposed in this paper,
the corrected trajectory is closer to the real trajectory and the
deviation of the direction is smaller. Table 2 shows the
comparison of error results of diﬀerent methods in twodimensional plane. The overall walking distance is 64.6 m,
the end position of the trajectory using only the ZUPT algorithm is 1.02 m from the starting point, and the error is
1.5% of the total walking distance. The end position of the
trajectory by proposed method is only 0.19 m from the
starting point, only 0.29% of the total walking distance.
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Figure 7: Sensor raw data.

Figure 10 shows calculated heading angles with and
without heading drift compensation. Heading angle without
heading drift compensation deviates signiﬁcantly from the
real heading angle, and the ﬁnal heading angle accumulation
error reaches 26° . After using the heading correction, the
heading angle ﬂuctuates near the real heading angle, and the
ﬁnal heading angle accumulation error is only 1.7° .
All the results prove that the algorithm proposed in this
paper can get more ideal positioning results.
3.2. Stair Experiment in 3D Space. The eﬀectiveness of the
three-dimensional height correction method proposed in this
paper is veriﬁed by the experiment of multistair walk. In
pedestrian walking path as shown in Figure 11, the red arrow
indicates the direction of pedestrian walking. Pedestrian walks
along the corridor on the ﬁrst ﬂoor of the Science and
Chemical Building of University of Science and Technology

Beijing to the stairwell, then from the ﬁrst ﬂoor to the second
ﬂoor, then along the corridor to the stairwell, and ﬁnally from
the second ﬂoor to the ﬁrst ﬂoor back to the initial position.
From the ﬁrst ﬂoor to the second ﬂoor, there are a total of 27
steps, the height of each step is 0.15 metres, and the total
height is 4.05 metres. Figure 12 shows that the value of the
measured barometer is unstable and volatile. Figure 13 shows
the multistair tracks obtained by three diﬀerent methods. The
blue track is the track obtained by the barometer height. Due
to the ﬂuctuation of the height, the deviation of the track
obtained is more serious. The green track is obtained by fusing
the height of the barometer and accelerometer with the
Kalman ﬁlter. The track deviation has been greatly improved,
but there are still some height ﬂuctuations on ﬂat ground. The
red track is obtained by Kalman ﬁlter and the SCD algorithm,
and the height ﬂuctuation on the 2D plane is signiﬁcantly
improved. This method has higher rated position accuracy
and stronger stability.
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Figure 8: Results of stance phase detection.

20

y [m]

15

10

5

0
–15

–10

–5

0

5

10

x [m]
Start point
Real trajectory

Trajectory with ZUPT
Trajectory by proposed
method

Figure 9: Comparison of square tracks.
Table 2: Error results of two-dimensional plane.
Position method
ZUPT
Proposed method

Position error (m)
1.02
0.19

50

Real heading
Heading by proposed method
Heading without correction

0
–50
Angle [deg]

Error percent (%)
1.5
0.29

Figure 11: The walking path of a three-dimensional staircase.
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Figure 10: Calculated heading angles with and without heading
drift compensation.

In this paper, Kalman ﬁlter and the SCD algorithm are
used to estimate the height change in 3D trajectory.
Figures 14–16 show the height estimation of three diﬀerent
height measurement schemes in the process of multistair
movement. Table 3 shows the results of height errors obtained by the three schemes. Figure 14 shows the height
measured by the barometer. Due to the instability of the
barometer, the height measured by the barometer is irregular. The maximum error reaches 6.42 m. In Figure 15, the
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Figure 13: A comparison of 3D tracks in diﬀerent methods.

Figure 15: Height obtained by Kalman ﬁlter fusion.
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Table 3: Height error analysis of three schemes.
Scheme
Barometer
KF
KF + SCD

2

Maximum
6.42m
0.2m
0.082m

Figure 16: The height obtained by KF + SCD algorithm.

Kalman ﬁlter was used to fuse the height of the accelerometer and barometer, and the height ﬂuctuation was signiﬁcantly reduced, with a maximum error of 0.2m. But there
are still ﬂuctuations in height when walking on ﬂat ground.
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In Figure 16, the height obtained based on Kalman ﬁlter and
SCD algorithm is more stable and accurate. In particular, the
height on the plane is obviously better than the height
obtained by the other two schemes. The maximum error is
only 0.082 m
It can be seen that the trajectory of the height correction algorithm proposed in this paper is closer to the
real trajectory and has better performance in three-dimensional pedestrian navigation and positioning.

4. Conclusion
In this paper, inertial sensor is used for pedestrian inertial
navigation; this method will reduce the accuracy of positioning results due to the drift error of low-cost inertial
sensors. In this paper, several algorithms are proposed to
reduce the integration drift in the process of inertial solution. Firstly, the stance phase of the pedestrian gait is detected by a multicondition zero velocity detector, and then
the ZUPT method was used to correct the velocity of the
stance phase. The ZARU method and the MHDE method
were used to correct the heading of the stance phase. In order
to further improve the accuracy of positioning, the error
correction of the swing phase is added. The error correction
method proposed in this paper is veriﬁed by the square
trajectory on the two-dimensional plane, and the ﬁnal positioning error is 0.29%. It is shown that the error correction
method of this paper can achieve relatively accurate positioning results. For 3D positioning involving stairs up and
down, the height needs to be accurately estimated. In this
paper, the Kalman ﬁlter and the SCD algorithm are used
together for height estimation. The validity of the height
correction algorithm proposed by this paper is veriﬁed by
three-dimensional staircase experiment, and the ﬁnal height
error is only 0.06 m.
Because the walking state of pedestrians is complex and
random, gait detection algorithm can be designed to detect
pedestrian walking state in future research. In this paper, the
inertial sensor is mounted on one foot, the sensor can be
installed on both feet, the data of both feet is analyzed, and
the stability and accuracy of the pedestrian positioning
system can be further improved.

Data Availability
The simulation experiment data used to support the ﬁndings
of this study are available from the author (Xiaomeng Wu;
wuxiaomeng0402@163.com) upon request.

Conflicts of Interest
The authors declare that they have no conﬂicts of interest.

Acknowledgments
This work was supported by the National Key Research and
Development Program of China under Grant
2017YFF0207400. The authors would appreciate the supports and funds.

Mathematical Problems in Engineering

References
[1] L. Zheng, W. Zhou, W. Tang, X. Zheng, A. Peng, and
H. Zheng, “A 3D indoor positioning system based on low-cost
MEMS sensors,” Simulation Modelling Practice and Theory,
vol. 65, pp. 45–56, 2016.
[2] L.-F. Shi, Y. Wang, G.-x. Liu, S. Chen, Y.-L. Zhao, and
Y.-F. Shi, “A fusion algorithm of indoor positioning based on
PDR and RSS ﬁngerprint,” IEEE Sensors Journal, vol. 18,
no. 23, pp. 9691–9698, 2018.
[3] R. Faragher and R. Harle, “Location ﬁngerprinting with
Bluetooth low energy beacons,” IEEE Journal on Selected
Areas in Communications, vol. 33, no. 11, pp. 2418–2428,
2015.
[4] F. Gonzalez, F. Gosselin, and W. Bachta, “A 2-D infrared
instrumentation for close-range ﬁnger position sensing,”
IEEE Transactions on Instrumentation and Measurement,
vol. 64, no. 10, pp. 2708–2719, 2015.
[5] W.-Y. Shieh, C.-C. J. Hsu, C.-H. Lin, and T.-H. Wang, “Investigation of vehicle positioning by infrared signal-direction
discrimination for short-range vehicle-to-vehicle communications,” IEEE Transactions on Vehicular Technology, vol. 67,
no. 12, pp. 11563–11574, 2018.
[6] D. Feng, C. Wang, C. He, Y. Zhuang, and X.-G. Xia, “Kalmanﬁlter-based integration of IMU and UWB for high-accuracy
indoor positioning and navigation,” IEEE Internet of Things
Journal, vol. 7, no. 4, pp. 3133–3146, 2020.
[7] M. Zhang, A. Vydhyanathan, A. Young, and H. Luinge,
“Robust height tracking by proper accounting of nonlinearities in an integrated UWB/MEMS-based-IMU/baro System,”
in Proceedings of the IEEE/ION Position, Location Navigation
Symposium, pp. 414–421, Myrtle Beach, SC, USA, July 2012.
[8] Y. Zhuang, H. Lan, Y. Li, and N. El-Sheimy, “PDR/INS/WiFi
integration based on handheld devices for indoor pedestrian
navigation,” Micromachines, vol. 6, no. 6, pp. 793–812, 2015.
[9] J. Wang, Y. Gao, Z. Li, X. Meng, and C. Hancock, “A tightlycoupled GPS/INS/UWB cooperative positioning sensors
system supported by V2I communication,” Sensors, vol. 16,
no. 7, pp. 944–959, 2016.
[10] L. Ruotsalainen, H. Kuusniemi, M. Z. H. Bhuiyan, L. Chen,
L. Chen, and R. Chen, “A two-dimensional pedestrian navigation solution aided with a visual gyroscope and a visual
odometer,” GPS Solutions, vol. 17, no. 4, pp. 575–586, 2013.
[11] W. Zhang, D. Wei, and H. Yuan, “The improved constraint
methods for foot-mounted PDR system,” IEEE Access, vol. 8,
pp. 31764–31779, 2020.
[12] I. Skog, P. Handel, J. O. Nilsson, and J. Rantakokko, “Zerovelocity detection-An algorithm evaluation,” IEEE Transactions
on Biomedical Engineering, vol. 57, no. 11, pp. 2657–2666, 2010.
[13] K. Abdulrahim, C. Hide, T. Moore, and C. Hill, “Aiding low
cost inertial navigation with building heading for pedestrian
navigation,” Journal of Navigation, vol. 64, no. 2, pp. 219–233,
2011.
[14] Z. Deng, P. Wang, T. Liu, Y. Cao, and B. Wang, “Footmounted pedestrian navigation algorithm based on BOR/
MINS integrated framework,” IEEE Transactions on Industrial
Electronics, vol. 67, no. 5, pp. 3980–3989, 2020.
[15] S. Sabatelli, M. Galgani, L. Fanucci, and A. Rocchi, “A doublestage Kalman ﬁlter for orientation tracking with an integrated
processor in 9-D IMU,” IEEE Transactions on Instrumentation and Measurement, vol. 62, no. 3, pp. 590–598, 2013.
[16] Y. Wu, H. Zhu, Q. Du, and S. Tang, “A pedestrian deadreckoning system for walking and marking time mixed

Mathematical Problems in Engineering

[17]

[18]

[19]

[20]

[21]

[22]
[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

movement using an SHSs scheme and a foot-mounted IMU,”
IEEE Sensors Journal, vol. 19, no. 5, pp. 1661–1671, 2019.
H. Zhao, Z. Wang, S. Qiu et al., “Heading drift reduction for
foot-mounted inertial navigation system via multi-sensor
fusion and dual-gait analysis,” in Proceedings of the 2010 7th
Workshop on Positioning, Navigation and Communication,
pp. 8514–8521, Dresden, Germany, March 2019.
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