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Abstract: Aiming at the problem that position errors accumulate rapidly in foot-mounted pedestrian
navigation systems using a low-cost inertial sensor, a novel three-dimensional (3D) positioning
method is proposed. First, when the foot is still, an improved zero velocity detection method that
assigns different weights to each inertial measurement unit (IMU) data in a sliding window is
designed to reduce positioning errors. When the foot is in swing, a lateral velocity restriction method
is proposed by analyzing the gait characteristics of pedestrians. In addition, when pedestrians need
altitude positioning in the building, the stair step height is also applied to the zero-velocity update
(ZUPT)-aided inertial navigation system, which can effectively improve altitude positioning accuracy.
Experiments under multi-gait modes show that the proposed zero velocity detection method can
achieve smaller positioning errors compared with other traditional zero velocity detection methods.
Moreover, the trajectory estimated by the proposed method has a higher coincidence with the real
trajectories, the two-dimensional (2D) plane positioning error is less than 0.9% and the average
altitude positioning error is only 0.12 m.

Keywords: pedestrian navigation system; three-dimensional positioning; lateral velocity restriction
algorithm; stair step height; gait characteristics

1. Introduction

Nowadays, the pedestrian navigation system (PNS) is widely used in military and
civil scenarios [1–3]. Some common positioning technologies such as the Global Navigation
Satellite System (GNSS) [4], Wireless Fidelity (WIFI) [5], Bluetooth [6], ZigBee [7], and
Wireless Sensor Network (WSN) [8,9] can provide pedestrian positioning.Compared with
the other four methods mentioned above, the PNS(INS) based on an inertial measurement
unit (IMU) has attracted extensive attention due to its complete autonomy [10]. However,
due to the high noise of the IMU, the positioning error of the inertial navigation system
(INS) will accumulate rapidly with time [11]. In order to reduce error accumulation,
in Refs. [12–14], the IMU is installed on the foot, and a zero velocity update algorithm
(ZUPT) is proposed to fuse INS when the foot touches the ground. Once the foot touches
the ground, the error between calculated velocity and actual velocity can be regarded
as an observation to reduce the velocity error through Kalman filtering. In the ZUPT-
aided PNS, a zero velocity detection algorithm is closely related to a ZUPT algorithm,
the false detection in zero velocity interval will increase position error, so an effective
and accurate zero velocity detection method is necessary. At present, the proposed zero
velocity detectors are mainly divided into two types: the threshold detection and artificial
intelligence (AI) detection. The traditional zero velocity detection methods mainly detect
pedestrian gait based on the output of the gyroscope and acceleration in a time window,
including angular rate measurement energy detection (AME), accelerometer measurements
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variance detection (AMV), accelerometer measurements magnitude detection (MAG),
generalized likelihood ratio test (GLRT) and combination of above zero velocity detection
methods [15–17]. The most common is a zero velocity detection based on GLRT, which can
have good performance in some low velocity motion modes. Compared to these traditional
zero velocity detectors, some detectors using artificial intelligence (AI) have also been
proposed to achieve satisfactory performance in different gait patterns. In Ref. [18], Park
et al. designed a zero velocity detector based on a hidden Markov model (HMM) and
combined a heuristic heading reduction algorithm to track pedestrian position. Wagstaff
et al. applied Long Short Term Memory (LSTM) to detect the zero velocity range of
pedestrian movement status, and the experimental results verify that the positioning error
is effectively decreased by over 34% compared to conventional zero velocity detectors with
a fixed threshold [19]. Zhao et al. designed a zero velocity detector based on LSTM and
used a sliding detection method to correct the pseudo zero velocity interval [20]. However,
a zero velocity detection model requires high computational complexity and requires a
lot of data to train. In a ZUPT-aided PNS, ZUPT cannot eliminate all the position errors,
and the unobserved azimuth misalignment angle will cause the rapid accumulation of
system position errors [21,22]. In recent years, some scholars have used different additional
sensors to assist INS. In Ref. [23], Li et al. proposed an integration structure based on
DR/WiFi fingerprinting/magnetic matching, which used low cost sensors in smart devices
and WiFi infrastructures to control the position errors in the range of 13.3 to 55.2% under
four motion conditions. Zeng et al. proposed an indoor/outdoor pedestrian positioning
scheme based on GNSS and magnetic sensors [24], and experimental results show that
the proposed method effectively improves the reliability and continuity of positioning
accuracy. In Ref. [25], Ji et al. proposed an improved GLRT method to improve the accuracy
of zero velocity interval detection by introducing barometer information, meanwhile, an
improved algorithm combining an extended Kalman filter (EKF) and particle filter is also
designed to solve the pedestrian three-dimensional (3D) positioning problem. Although
these methods can achieve better performance, the use of additional sensors not only
increases the hardware cost of the system but also increases the computational complexity.

In this paper, a novel 3D positioning scheme without additional sensors is proposed.
For a normal gait cycle, a novel zero velocity detection method using IMU data is designed
to detect zero velocity intervals. This method assigns different weights to the IMU data
at different times in a time window, the weight of each IMU data sample is composed of
static weight and dynamic weight. Static weight can ensure that each data sample in a time
window can determine the current gait state, and the exponential distribution of dynamic
weight determines that the impact of each data sample on the current state is different. In
order to meet human multi-gait requirements, different threshold values are set according
to the pedestrian’s gait velocity. When the foot is in the non-zero velocity interval, the
lateral velocity of the foot is almost zero, so according to this assumption, a lateral velocity
restrict algorithm is used to improve positioning accuracy. Finally, as for the 3D positioning
needs of pedestrians, the altitude change of INS in a short time can accurately measure the
change in the number of steps, and the stair step height of the building is also used to assist
the INS.

The remainder of this paper consists of the following parts: Section 2 shows the
ZUPT-aided INS, and Section 3 studies the improved zero-velocity detection algorithm,
and lateral velocity restrict algorithm. Section 4 shows the specific experimental methods
and results. The last section concludes this paper.

Notations: Bold letters represent vectors or matrices, (A)× denotes the skew-symmetric
matrix of matrix A, ai represents the ith element of vector a, AT denotes the transpose
of matrix A, I and 0 represent identity matrix and zero matrix with appropriate size,
respectively. ‖ a ‖ represents 2-norm of vector a.
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2. ZUPT-Aided PNS

When a person is walking, the IMU fixed on the foot can obtain the foot acceleration
and angular velocity information in real time, and the pedestrian positioning information
can be calculated through the strapdown inertial navigation system (SINS). Due to the
pedestrian velocity being relatively low and the high noise of MEMS-IMU, a simplified
SINS can be defined as follows:

Cn
b,k = Cn

b(k−1)(I3 + Ωk∆t) (1)

vn
k = vn

k−1 +
(

Cn
bk

f b
k + gn

)
∆t (2)

pn
k = pn

k−1 +
vn

k + vn
k−1

2
∆t (3)

where subscripts k (k = 1; 2, . . . ; N) represent the sample time, ∆t denotes the sampling
period, Ip denotes p×p identity matrix, Ωk is the antisymmetric matrix of angular velocity
measured by gyroscope, Cn

bk
is the attitude matrix from the body frame to the navigation

frame, gn =
[
0 0 −g

]
represents the gravitational acceleration in the navigation frame,

vn
k and pn

k are the velocity and the position in the navigation coordinate system at epoch k.
For foot-mounted PNS, the navigation error state transition model is a nonlinear

function, the traditional Kalman filter cannot be used. Thus, the EKF is used to estimate
the INS navigation error state variable, and the foot-mounted INS error state variable can
be defined as:

X =
[
δpT δvT δΦT δBT

a δBT
g

]
(4)

here, X is the state vector of the system. δp δv δΦ δBa δBg are the position error,
velocity error, attitude error, and zero bias error of the accelerometer and gyroscope. The
dynamic error model of the INS in the discrete form can be defined as:

δXk,k−1 = Fk,k−1δXk−1 + Gk,k−1Wk−1 (5)

where Wk−1 represents the process noise matrix at time k − 1, which is assumed to be
zero mean Gaussian white noise. Fk,k−1 and Gk,k−1 are the state transition and noise gain
matrices of the system state from epoch k − 1 to k, respectively, which can be written as:

F =



I3 03 03 03 −Cn
b ∆t

∆t
(

Cn
b fb
)
× I3 03 Cn

b ∆t 03

03 ∆tI3 I3 03 03

03 03 03 I3 + ∆t · diag
(
− 1

τg

)
03

03 03 03 03 I3 + ∆t · diag
(
− 1

τa

)


(6)

G =


03 03 03 03

Cn
b ∆t 03 03 03
03 Cn

b ∆t 03 03
03 03 I3∆t 03
03 03 03 I3∆t

 (7)

where (·) × denotes the skew-symmetric matrix of a vector. 0p denotes p×p zero matrix.
The error model of gyroscopes and accelerometers can be regarded as first-order Markov
processes with the correlation time τg and τa.

When the foot is static, the measurement equation can be written as:

Zzupt
k = HzuptXk + vzupt (8)
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where Zzupt
k is a measurement vector. vzupt is measurement noise matrix, which is assumed

to be zero mean Gaussian white noise. Hzupt is measurement equation transfer matrix,
which can be expressed as follows:

Hzupt =
[
03 I3 03 03 03

]
(9)

3. The Proposed Method
3.1. The Proposed Zero Velocity Detector

The two most common detection methods are acceleration measurements variance
detector (AMV) and angular rate energy (ARE) detector. These detection methods judge
the motion state by statistically analyzing IMU data over a period of time. However, since
the output IMU data is a time series, each IMU data sample in a time window reflects the
current gait state to varying degrees. In a sliding window, the weight of each sample is
composed of basic constant weight and dynamic weight, we define the weight of the IMU
data at the ith time as follows:

wk
i = wk

i,static + wk
i,dynamic k ∈ 0, 1 . . . .N − 1 (10)

where

wk
i,static =

(1− λ)N

N
wk

i,dynamic = λ(1− λ)k
N−1

∑
k=0

wk
i = 1 (11)

where λ is the smoothing parameter. N denotes the sliding window size. wk
i is the weight

of the kth IMU data at the ith time. The sum of all sample weights in a sliding window is
equal to 1. Due to the static weight being only related to the sliding window and smoothing
parameters, the static weight of each sample is equal, the exponential distribution of
dynamic weights can ensure that the weights of samples are different. In addition, Figure 1
shows the change trend of IMU sample data weight in a sliding window. It can be seen
from Figure 1 that the weight of the sample at the current time is the largest and the weight
value will decay over time, and λ determines the descending speed of the weight.
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So we define the following two zero-velocity detectors based on the output of the
gyroscope and accelerometer:

Ti
gro =

N−1

∑
j=0

wk
i ‖ fk

i − fi ‖ 2 (12)

Ti
acc =

N−1

∑
j=0

wk
i ωk

i
2 (13)
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where Ti
gro and Ti

acc represent two detectors with their respective thresholds λ1 and λ2,
fk
i , ωk

i are the specific force and angular rate vector of the jth sample at the ith time,
respectively, ‖ · ‖ represents 2-norm.

Combine these two detectors, Judgment is of zero velocity state:

C(i) =

{
1 Ti

gro < λ1&Ti
acc < λ2

0 others
(14)

If C(i) is equal to 1, it means that the foot is still at the current moment, otherwise,
the foot is moving. Since the gait types of pedestrians are diverse, Figure 2 depicts the
test statistics of the accelerometers and gyroscopes in the three gait modes. It can be seen
from Figure 2 that the statistics of the accelerometers and gyroscopes are different under
different gaits, so the threshold value of the proposed zero-velocity detector at different
gait velocities is listed in Table 1.
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Table 1. The threshold of the proposed zero velocity detector at different gait velocity.

Gait Velocity
(m/s) 0.4 0.49 0.75 1.09 1.3 1.7

λ1 0.002 0.006 0.01 0.02 1.26 2.3
λ2 10 40 110 250 1200 1850

The common traditional zero-velocity detectors use some methods to process IMU
data in a time window, so the computational complexity of these zero-velocity detection
algorithms is ON . Compared with other traditional detection methods, the proposed
algorithm uses the weighted method to process IMU data and calculate statistics, so the
algorithm complexity is also ON . The proposed method obtained higher positioning
accuracy than the traditional methods while the computational complexity is the same.

3.2. Lateral Velocity Restrict Algorithm

When a person walks normally, the foot moves almost in the forward direction and
does not move sideways, so a lateral velocity constraint algorithm can be used to restrict
the accumulation of positioning errors. Since the device is installed on the foot, the forward
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direction of the foot is approximately the same as the y-axis of the carrier coordinate system.
First, the velocity relationship between the navigation frame and the body frame is given as:

vb + δvb = Cb
n(I3 + δΦn×)(vn + δvn) (15)

In Equation (15), δΦn × δvn ≈ 0, the Equation (15) can be adjusted to

δvb = −Cb
n(v

n×)δΦn + Cb
nδvn (16)

Based on Equation (16), the measurement equation of lateral velocity restrict algorithm
can be expressed as follows:

Zlateral
k = Hlateral

k Xk + vlateral (17)

where Zlateral
k = [0−VE] is the observation vector, Hlateral

k denotes the measurement ma-
trix. vlateral represents the measurement noise matrix, the matrices involved are defined
explicitly as

Hlateral
k =

[
01×3 ACb

n −ACb
n(vn×) 01×3 01×3

]
(18)

where 01×3 denotes 1× 3 zero matrix, Cb
n is the direction cosine matrix from the navigation

frame to the body frame. A is a constant matrix and can be expressed as follows:

A =
[
0 1 0

]
(19)

3.3. Step Height-Aided Altitude Correction

As shown in Figure 3, in the actual building, the height of each stair step in the building
is almost the same after the actual measurement. Therefore, when pedestrians go upstairs
or downstairs, the step height can be used to assist INS. The altitude measurement accuracy
of the ZUPT-aided INS is reliable in a short time, so with the help of the stair step height,
the pedestrian’s altitude can be defined as:

hstatic
i =

{
hstatic

i−1 + nhstair 0 < hstatic
i,INS − hstatic

i−1 − nhstair < thh
hstatic

i−1 − nhstair 0 < hstatic
i−1 − hstatic

i,INS − nhstair < thh
(20)

where hstatic
i and hstatic

i−1 are the updated altitude of ith and (i−1)th step, hstair is the measured
step height, hstatic

i,INS is the altitude of i step obtained through INS, thh is the preset limit

threshold, which is set to hstair
2 .
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4. Results
4.1. Experimental Setup

Figure 4 shows the system framework of the proposed 3D positioning scheme. The
2D plane positioning is carried out by the improved zero velocity detector and lateral
velocity restrict algorithm. The stair step height is used to limit the altitude positioning
error caused by INS. The data of the experiment is available for download here: https:
//github.com/laotouyu123/Electronics_data_set.git, accessed on 24 November 2022.

Electronics 2023, 12, x FOR PEER REVIEW  7  of  15 
 

 

 

Figure 3. Height of stair steps in buildings. 

4. Results 

4.1. Experimental Setup 

Figure 4 shows the system framework of the proposed 3D positioning scheme. The 

2D plane positioning is carried out by the improved zero velocity detector and lateral ve‐

locity restrict algorithm. The stair step height is used to limit the altitude positioning error 

caused  by  INS.  The  data  of  the  experiment  is  available  for  download  here: 

https://github.com/laotouyu123/Electronics_data_set.git, accessed on 24 November 2023. 

gyroscope  
accelerometer

Sensor error 
compensation

Strapdown 
inertial 

navigation

ZUPT

Extended
Kalman 
Filter

IMU error

The proposed zero 
velocity detector

Lateral 
velocity 
restrict

 altitude 
correction

attitude

velocity

position
N

Y

 

Figure 4. Flow chart of the proposed method. 

As  illustrated  in Figure 5, the MTI‐710 device produced by a Dutch company was 

mounted on the shoe, which includes a three‐axis gyroscope, accelerometer, and magne‐

tometer. The observations of all sensors are transmitted to a  laptop. In the experiment, 

only the data from three‐axis accelerometers and gyroscopes are used to evaluate algo‐

rithm performance, the IMU sampling rate of the system is set to 100. The main perfor‐

mance parameters of the sensor are shown in Table 2. 

Table 2. Performance parameter of MTI‐710. 

Sensor Type  Parameter  Value 

Accelerometer 
Full range  18 g 

Noise density  80  µg/Hzଵ/ଶ 

Figure 4. Flow chart of the proposed method.

As illustrated in Figure 5, the MTI-710 device produced by a Dutch company was
mounted on the shoe, which includes a three-axis gyroscope, accelerometer, and magne-
tometer. The observations of all sensors are transmitted to a laptop. In the experiment, only
the data from three-axis accelerometers and gyroscopes are used to evaluate algorithm
performance, the IMU sampling rate of the system is set to 100. The main performance
parameters of the sensor are shown in Table 2.
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Table 2. Performance parameter of MTI-710.

Sensor Type Parameter Value

Accelerometer
Full range 18 g

Noise density 80 µg/Hz1/2

Bias stability 40 µg

Gyroscope
Full range 625◦/s

Noise density 0.01◦/s/Hz1/2

Bias stability 10◦/h◦/s

4.2. Zero Velocity Detection Experiment

The accuracy of the zero velocity detector has an important impact on position estima-
tion. In the actual test, the closed position error is often chosen as a performance metric. In
this section, an experimenter moves along a rectangular path with three gait types (slow
walk, walk, run), and finally returns to the original position. The INS closed position error
is calculated by using MAG, GLRT, and improved zero velocity detection.

Figure 6 depicts the trajectory estimated using three different zero velocity detectors.
As can be seen from the trajectory results in Figure 6, under slow walk mode, the perfor-
mance of the three zero velocity detectors is satisfactory. However, as for walk and run
mode, the positioning results calculated by the proposed method are better than those
observed by the other two methods. The MAG detector only uses the accelerometer ampli-
tude to detect the zero velocity range, so its performance is the worst. The final endpoint of
the trajectory obtained by using the proposed zero velocity detector in the three motion
modes is obviously close to the starting point.Electronics 2023, 12, x FOR PEER REVIEW  9  of  15 
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Table 3 summarizes the closure position error results of each zero velocity detec-
tion method. As shown in Table 3, the closed error observed by the proposed method
is obviously lower than MAG and GLRT. Compared with the MAG, the closed posi-
tion error observed by using the proposed method is decreased by 4.14%, 36.96%, and
47.83%, respectively, in three motion modes. Compared with the GLRT, the average po-
sition error calculated by using the proposed method is decreased by 1.66%, 7.19%, and
34.55%, respectively.

Table 3. Closure position error of zero velocity detection experiment.

Motion Mode Method Closure Error (m) Closure Error/
Trajectory Length

Slow walk
(0.5 m/s)

MAG 1.24 0.83%
GLRT 1.21 0.81%

The proposed method 1.19 0.8%

Walk
(1 m/s)

MAG 1.84 1.23%
GLRT 1.25 0.84%

The proposed method 1.16 0.78%

Run
(1.5 m/s)

MAG 2.07 1.39%
GLRT 1.65 1.11%

The proposed method 1.08 0.72%

4.3. The 2D Plane Positioning Experiment under Mixed Gait

A mixed gait experiment is used to evaluate the two-dimensional plane positioning
accuracy of the proposed algorithm. As shown in Figure 7, first, the pedestrian walked
along a rectangular path of 174.4 m, then ran back to the start point. The reference track can
be measured by high-precision real-time kinematic (RTK) equipment produced by U-blox.
The tracking trajectory by the proposed method was compared with those by ZUPT-aided
INS and the combination scheme of INS calculation and step length estimation models [26].
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Figure 8 shows the motion trajectory estimated by different methods. As shown in
Figure 8, since the designed motion trajectory contains three gaits, the proposed method
sets a different threshold for different gaits and uses the improved zero velocity detection



Electronics 2023, 12, 845 10 of 13

algorithm and lateral velocity restrict algorithm, so the motion trajectory calculated using
the proposed method is obviously better than the traditional ZUPT-aided INS. Although
the step length model and heading angle are used to calculate the pedestrian position, due
to the error of step size estimation and heading drift, the position trajectory estimated by
the integrated method obviously deviates from the real trajectory.
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From the closure error statistics data in Table 4, it can be seen that the closure errors
obtained by the three methods are 3.25 m, 2.54 m, and 1.52 m, respectively, compared with
the traditional ZUPT-aided INS, the closure error calculated using the proposed algorithm
is reduced by 53.24%. Compared with the integrated method, the closing error of the
proposed algorithm is decreased by 40.16%. Therefore, the proposed method can effectively
reduce the positioning error of pedestrian navigation.

Table 4. Position error of mixed gaits experiment.

Method Closure Error (m) Closure Error/Trajectory Length

ZUPT-aided INS 3.25 1.86%
The integrated method 2.54 1.45%
The proposed method 1.52 0.87%

4.4. Altitude Experiment

A multi-floor experiment is designed to test the height positioning accuracy of the
algorithm. Figure 9 shows the experimental site of the indoor altitude experiment. As
shown in Figure 9, a pedestrian equipped with the equipment walks from the first floor
to the sixth floor of the building, then returns to the first floor from the seventh floor,
and finally returns to the original position. The height of each floor is measured with
high-precision measuring equipment.
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Figure 10 shows the altitude test results by ZUPT-aided INS (blue line), step-aided
INS algorithm (red line). As shown in Figure 10, although the altitude positioning of
the ZUPT-aided INS can reflect the altitude change of pedestrians, the estimated altitude
obviously deviates from the real floor height as time increases. The proposed scheme can
use steps well to assist the INS, which effectively reduces error accumulation.
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Figure 10. The altitude estimated by different methods.

Table 5 lists the maximum altitude positioning error and average position error of
different methods. It can be seen from Table 5 that the maximum error of the traditional
ZUPT-aided INS and the proposed method are 1.65 m and 0.95 m, and the average errors
are 0.19 m and 0.12 m, compared with traditional ZUPT- aided INS, the maximum error of
the proposed method is decreased by 88.49%, and the average position error is reduced
by 87.37%.

Table 5. Altitude error of different methods.

Method Maximum Altitude Error (m) Average Altitude Error (m)

ZUPT-aided INS 1.65 0.95
The proposed method 0.19 0.12
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5. Conclusions

In this article, we proposed a novel 3D pedestrian positioning scheme based on
low-cost IMU. First, according to the motion characteristics of pedestrians, an improved
zero-velocity detector is designed to detect the zero-velocity interval of pedestrians.The
proposed zero-velocity detector is mainly composed of an accelerometer detector and
gyroscope detector and can set different threshold values for different motion modes. The
proposed lateral velocity restrict algorithm can effectively limit the east velocity error in the
carrier coordinate system. When pedestrians are going upstairs, the stair step/INS fusion
framework can effectively improve the altitude positioning performance, experimental
results demonstrate that the proposed method achieves better positioning performance
than other traditional algorithms.

Since pedestrian movement is random and complex in the actual environment, the
proposed lateral velocity restrict algorithm can only be applied to some simple gait patterns,
and the performance of the algorithm is not satisfactory in complex gait patterns such as
lateral walking. Future work will focus on solving the positioning problem in complex
motion mode and the design of fault-detection of the positioning approach.
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The commonly used abbreviations in this manuscript are summarized as follows:

PNS pedestrian navigation system
WSN Wireless Sensor Network
GNSS Global Navigation Satellite System
WIFI Wireless Fidelity
IMU inertial measurement unit
INS inertial navigation system
ZUPT zero velocity update algorithm
ARE angular rate measurement energy test
GLRT generalized likelihood ratio test
3D three-dimensional
2D two- dimensional
SINS strapdown inertial navigation system
EKF extended Kalman filter
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