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Abstract: At present, the traditional indoor pedestrian navigation methods mainly include pedestrian
dead reckoning (PDR) and zero velocity update (ZUPT), but these methods have the problem of
error divergence during long time navigation. To solve this problem, under the condition of not
relying on the active sensing information, combined with the characteristics of particles “not going
through the wall” in the indoor map building structure, an improved adaptive particle filter (PF)
based on the particle “not going through the wall” method is proposed for pedestrian navigation in
this paper. This method can restrain the error divergence of the navigation system for a long time.
Compared to the traditional pedestrian navigation method, based on the combination of indoor map
assistance (MA) and particle filter, a global search method based on indoor MA is used to solve the
indoor positioning problem under the condition of the unknown initial position and heading. In
order to solve the problem of low operation efficiency caused by the large number of particles in
PF, a calculation method of adaptively adjusting the number of particles in the process of particle
resampling is proposed. The results of the simulation data and actual test data show that the proposed
indoor integrated positioning method can effectively suppress the error divergence problem of the
navigation system. Under the condition that the total distance is more than 415.44 m in the indoor
environment of about 2600 m?, the average error and the maximum error of the position are less than
two meters relative to the reference point.

Keywords: map assistance; particle filter; global search algorithm; pedestrian navigation

1. Introduction

With the progress of urbanization, the indoor environment has become an important
place for human production and life. Indoor pedestrian navigation technology has been
widely considered and studied by scholars in disaster relief and rescue, medical search and
rescue, public security, anti-terrorism and other fields. Providing accurate navigation and
positioning capabilities for pedestrians in indoor working environments is the basis for
achieving indoor rescue work. In indoor working environments, the signals of global posi-
tioning system (GPS) [1], Beidou and other global navigation satellite systems (GNSS) [2]
are seriously blocked, which makes it difficult to play the role of normal navigation and
positioning and the incapacity to provide accurate navigation and positioning function for
pedestrians. Therefore, it is necessary to carry out research on the pedestrian navigation
method in the indoor satellite failure environment.

The current indoor pedestrian navigation technology mainly includes active naviga-
tion and passive navigation. Active navigation means that navigation and positioning
must be carried out with the help of sensors other than itself, including ultra wide band
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(UWB) [3], wireless fidelity (Wi-Fi) [4], bluetooth (BT) [5], ZigBee [6], radio frequency
identification (RFID) [7], near field communication (NFC) [8] and other methods. While
the positioning error of the active navigation algorithm does not accumulate over time, it is
greatly affected by the indoor environment, obstacles, multipath propagation [9,10] and
other environmental factors. It is necessary to arrange the source base station in advance
and build a fingerprint database. The cost of construction and maintenance is high. In
addition, the indoor rescue site is often accompanied by problems such as the unavailability
of beacons caused by power system interruption. The relevant navigation and positioning
technology is difficult to meet the availability requirements of indoor rescue positioning.
Passive navigation refers to a navigation and positioning method that only relies on its
own sensors, without relying on external sensor information sources. It mainly includes
the methods of simultaneous localization and mapping (SLAM) based on the laser radar
sensor [11] and visual sensor [12] (monocular camera, binocular camera, depth camera),
and the methods based on inertial measurement unit (IMU). For the indoor rescue navi-
gation and positioning system with high real-time requirements, there are shortcomings,
such as the laser radar remaining unchanged, and the visual sensor may be affected by the
indoor environment. As it is inconvenient for pedestrians to carry lidars, and visual sensors
may be affected by indoor environment, these sensors cannot meet the needs of pedestrian
navigation and positioning system for indoor rescue in actual use. With the development
of technology, the micro electro-mechanical system (MEMS) [13] has been continuously
improved and developed. As a kind of autonomous navigation and positioning equipment,
a wearable inertial sensor based on MEMS technology has been widely studied in indoor
pedestrian navigation. It only needs to fix the IMU on the human body and calculate
pedestrian navigation parameters by collecting IMU data to realize autonomous navigation
and positioning.

The pedestrian navigation algorithms based on IMU are mainly divided into two
categories: The PDR algorithm and ZUPT algorithm. The pedestrian navigation method
based on PDR estimates the step length, step number, heading and other parameters of
the pedestrian in the walking process by collecting the acceleration, angular velocity and
other data of the pedestrian, and calculates the pedestrian motion trace. In 2017, Dina [14]
proposed a method to estimate the step length through the information of leg and foot
inertial sensors of two navigation systems. In 2018, Xu [15] studied the PDR navigation
algorithm based on handheld mobile phones. In order to improve the step length estimation
accuracy of the algorithm for different users, she proposed a step length detection method
based on state transition and a step length estimation method based on neural networks.
In 2020, Ding [16] proposed a PDR navigation algorithm based on the relationship between
waist inertial data and step length. Based on the ZUPT algorithm, the inertial sensor is
installed on the foot. According to the algorithm, the velocity of the foot is zero in theory
during the period of time when the foot contacts the ground during periodic movement,
and the velocity during this period is used as the observation quantity to periodically
correct the position and velocity of the human. In 2016, Ruppelt [17] proposed a navigation
and positioning technology about ZUPT detection based on the finite state machine. It was
used to analyze the gait cycle of human foot mounted IMU, which could detect the zero
velocity interval more accurately. In 2017, Hsu [18] proposed a sensor fusion technology
based on a two-stage quaternion extended Kalman filter for the inertial sensor cumulative
error, and the error between the starting point and the end point was 2.01%. In 2018,
Suresh [19] proposed the method of combining the ZUPT and the high pass filter. He
applied the high pass filter to the complementary filtering, reducing the error drift of the
angular velocity. In 2021, Abdallah [20] proposed a foot-mounted and synthetic aperture
indoor navigation method based on inertial/ZUPT/depth neural network, which reduced
the accumulated error of inertial navigation system through the integrated navigation
algorithm based on ZUPT. From the working principle, the pedestrian navigation system
(PNS), based only on inertial sensors, will diverge after a long time of operation.



Remote Sens. 2022, 14, 6282

30f23

The error of PNS relying only on inertial sensors will diverge over time. To solve this
problem, scholars have studied a variety of methods to correct the navigation error. In
2016, Ilyas [21] studied the indoor geomagnetic assisted pedestrian navigation. A large
amount of information interferes with the magnetometer, resulting in magnetic information
distortion. In this regard, a magnetic anomaly detection method is proposed to compensate
the abnormal data. In 2018, Song [22] proposed a two-stage Kalman filter, in which a
magnetic sensor is installed at the waist and an inertial sensor is installed at the foot.
Compared to the traditional pedestrian navigation method based on ZUPT, the error is
reduced by 30%. In 2016, Diez [23] proposed an improved heuristic drift elimination
algorithm (iHDE) to install the inertial sensor on the wrist. Compared to the algorithm,
iHDE reduces the error by 95%. In 2018, Muhammad [24] used the indoor corridor for
heading correction and proposed an HDE algorithm based on waist heading. The author
divided the 360-degree heading into 16 equal sectors. When pedestrians moved along the
orthogonal corridor direction or the main heading, the algorithm corrected the heading. If
the motion trace is a curve or not moving along the main heading, no course correction
will be made. In 2021, Kim [25] proposed a topological map construction method based on
tge architectural plan and sensors to solve the problem that it took a lot of time to create
indoor maps in real time. This method can provide a safe path, and the indoor plan can be
updated more easily in the future, even if the internal structure of the building changes.
Since 2009, the German Aerospace Center has studied the navigation method based on
Foot SLAM [26,27], which is only based on inertial sensors and can maintain the navigation
accuracy for a long time. References [28,29] combined indoor map and PF to modify the
pedestrian navigation results obtained by the inertial sensor solution. This method greatly
improves the navigation accuracy, but the computational efficiency is low. As the indoor
geomagnetic interference is large, and the auxiliary navigation effect is not good, the HDE
method needs to obtain indoor environmental constraint features in advance. The Foot
SLAM method needs to form a closed loop of motion trajectory, which has great limitations
in practical applications. For the MA method, the indoor architectural plan is relatively
easy to obtain, and navigation and positioning are realized by combining the indoor map
with PF.

For the PNS relying only on inertial sensors, in order to effectively solve the needs of
pedestrian autonomous navigation under special tasks such as indoor rescue, this paper
proposes an improved pedestrian navigation positioning method based on the combination
of indoor MA and adaptive PF (IMAPF). In order to solve the problem of high precision
localization when pedestrians enter an unfamiliar environment with unknown initial
position and heading, a global search method based on MA is proposed. Aiming at the
problem that a large number of particle operations are required under the unknown initial
position and heading, which leads to low computational efficiency, an adaptive particle
number calculation method is proposed. It solves the problem of high-precision navigation
and positioning of indoor pedestrians for a long time and the positioning problem under
the unknown initial position and heading, and improves the computational efficiency,
accuracy and reliability of the indoor pedestrian navigation system.

The structure of this paper is as follows: Section 2 describes the algorithm in detail. In
Section 3, the proposed algorithm is verified by the simulation and experiment. Section 4
discusses the results of the experimental activities proposed. Finally, Section 5 concludes
the paper.

2. Materials and Methods
2.1. Proposed System Scheme

In order to solve the error divergence problem of pedestrian navigation and positioning
system for a long time, on the premise of no other external sensors, a pedestrian navigation
and positioning method based on the combination of indoor IMAPF is proposed to constrain
and correct the position and heading change information calculated by the navigation
system through the constraint relationship between the indoor map information and the
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position and heading calculated by the inertial navigation. The frame of the designed
integrated navigation and positioning method is shown in Figure 1.
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Figure 1. General scheme of the indoor pedestrian navigation and location method based on the
IMAPF method.

The algorithm proposed in this paper is as follows: Firstly, through the dead reckoning
module [30], a PNS based on foot-mounted ZUPT is established, and the navigation system
is corrected by taking the difference between the heading change of foot and heading change
of waist in one step as the observation, taking the physical distance between two adjacent
zero velocity intervals as the step length, and then the heading change is obtained by
integrating the waist angular velocity with time. Then, through the indoor map processing
module, the indoor architectural plan is binarized, and then the image is simplified to
obtain the available map. Establish a PF model, input the step length, heading change and
indoor map obtained from the above two modules into the PF. First, initialize the position
and heading of the particle set respectively according to the known or unknown initial
position and heading of pedestrian navigation, detect whether particles “going through
the wall”, delete “illegal particles” or retain “legal particles”, and calculate the particle
normalization weight according to the sequential importance sampling. Secondly, the
effective value of the particles is calculated to determine whether resampling is required.
When resampling is required, the adaptive particle number is calculated to update the
current state estimation value. Then the pedestrian position at the current time is solved,
and the motion trace obtained from the solution is projected into the indoor map.

2.2. Pedestrian Navigation Method Based on Indoor MA and PF
2.2.1. Theoretical Model of Algorithm

(1) Pedestrian navigation model based on dead reckoning

Figure 2 is the schematic diagram of the pedestrian motion trace update.
The state transition equation of particle filter of PDR can be obtained as

Y=Y TV
u;( = ”;(_1 + ll’< sin tp}‘( 1)
U = Uj_q + [ cos Py

In Equation (1), the system state quantity is the pedestrian position coordinate (u},v})
in the two-dimensional plane. The control quantity of the system is Ay} and I}, where
Agb,i( is the heading change, and l]i( is the step length. Subscript k is step k-th step, and
superscript i is the i-th particle. The particle contains the possible two-dimensional position
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and heading at the current time. The position of the particle is corrected by constantly
adjusting the particle weight and the two-dimensional position.

Figure 2. Schematic diagram of the pedestrian motion trace update.

The control quantity equation of the particle filter based on PDR is:

{ jk = I+ 7k @)
A = Ay + Yy

In Equation (2), 7, and 1y represent step noise and heading change noise, respec-
tively, which all obey the Gaussian distribution.

In this paper, the step length and heading change are calculated with the method
of multiple constraints for indoor navigation (MCIN) [30] based on multiple constraints,
as the input of the IMAPF method proposed in this paper. This method consists of the
following two parts: (a) A pedestrian navigation model based on ZUPT is constructed;
(b) based on the feature that the difference between heading change of foot and heading
change of waist is small in one step motion, a navigation correction model based on the
consistency constraint of heading change of waist during human motion is constructed
as a virtual observation. This method corrects the pedestrian navigation error in a period
of time, but the error will increase when moving for a long time. As the motion state
of adjacent steps does not change much in the motion process, the distance between the
adjacent zero velocity intervals can be used as the step length control value through the
MCIN method. In addition, since the waist IMU motion is relatively stable, the heading
change obtained from the waist angular velocity integral is taken as the control value.

The step length is calculated as follows:

= \/(gk —gk-1)” + (e — Ier)? ®)

In Equation (3), (gx, k) and (gx_1,hx_1) are the position coordinates of the current
step and the previous step calculated by the MCIN method, respectively.

(2) Observation model based on particle “not going through the wall” method

In the navigation and positioning method based on the IMAPE, the “not going through
the wall” method is to judge whether the current particle position is valid according to the
position of the particle at the previous time after one step of movement.

To determine whether a particle is a “valid particle”, it is based on inaccessible areas
in the map (such as patios, elevators, walls, etc.) or impossible paths in reality (such as
going from one room to another without going through a door). Figure 3 is a schematic
diagram of particle motion. The particles representing the human at the last moment is
marked as a white circle, and he is currently walking in the corridor.
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Figure 3. Schematic diagram of the update of the particle position.

According to the state equation, the particle coordinates at the current time can be
obtained, including the following possible positions: Corridor, inside the wall, going
through the wall into another room, etc. It is compared with the indoor accessible area (the
accessible area is obtained through the architectural plan). If a particle position coordinate
P]f belongs to the accessible region P, of the blue circle, it is regarded as “legal particle”,
and the particle weight w}c will not be changed. When a particle turns into an orange circle
through state transition and enters the inaccessible area P,,; such as the wall, it can be
judged that this type of particle is an “illegal particle”, and then the weight value of this
type of particle is set to 0. If a particle turns into a red circle and directly enters another
room after the state transfer, there is no connectivity between the new particle and the
particle at the previous moment, which belongs to an inaccessible area Py,». The particle
weight value is set to 0, and the “illegal particle” is deleted. The equation is as follows:

1 PiCP,
W, =350 PiC Py (4)
0 PiCPup

The thickness of the wall is determined by the pixel length of the wall after the
architectural plan is converted to the binary map. Generally, the physical length represented
by one pixel is less than the thickness of the wall, that is, the wall is represented by at least
several consecutive pixels. Even when the wall has only one pixel, it is possible to calculate
that the particle is inside or through the wall, and then proceed to the next steps. Therefore,
the accuracy of the method is independent of the thickness of the wall.

2.2.2. Algorithm Process Design

(1) Optimization of initial position and heading of particle set

The core idea of PF is that it is composed of a finite number of random samples (parti-
cles) with weight. Each particle represents the estimation of the current state. The integral
operation of the posterior probability density distribution p(xx|y1.,_1) is approximately ex-
pressed as the sum operation of the finite samples. The posterior probability distribution of
the system is expressed by the density of the particle distribution. The value of the particle
weight w represents the possibility of the state, which is used to represent the probability
distribution of the state variable to approximate the true probability distribution of the
system. Select n particles { x;'(, w;(} (i=1,2,...,n),with

N

p(xoxlyrx) = ) @i (XO:k - xf);k) ©)
i=0
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@p =1 (6)

M=

i=0

In Equations (5) and (6), N represents the number of particles, i represents the number
of each particle, ¢ represents the Dirac function, x( represents the historical system state in
time interval 0 ~ k, the observation quantity of the system is marked as vy, representing the
probability distribution, v, represents the historical observation in time interval 1 ~ k,
and @! represents the normalized importance weight of the ith particle at moment k.

At the initial moment, set k = 0, and randomly generate N sample particle groups
{x},i=1,2,...,N} according to a priori probability p(xo). The weights of all particles are
wly = 1/N, and each particle sampled is recorded as {xi,1/N}.

The current research mainly focuses on the of navigation and positioning methods for
indoor pedestrians when the initial positions and heading are known in a special working
environment. The initial particles are added with Gaussian white noise, as shown in
Equation (2), and the initial particles obey

p(xo) ~ N(p, ) )

In Equation (7), p(xp) is the prior distribution of the initial position, N(y,0) is the
Gaussian distribution, p is the expectation, and ¢ is the mean square error.

However, in the actual environment, due to the special emergency of the work site and
the inability to provide the absolute position information in a short time, when pedestrians
must enter the work environment, this paper proposes a method based on global search to
solve the pedestrian’s position and heading information. The initial particles are distributed
in the entire indoor map in a uniform way, and the following equation holds:

p(xo) ~ U(a,b) ®)

In Equation (8), p(x) is the prior distribution of the initial position, U(a, b) is the
uniform distribution, and 2 and b are the minimum and maximum values of the pixel
coordinates in the picture, respectively.

(2) One-step prediction of particle states

According to the state equation, state xj at the current moment is estimated by the
prior probability density of state x;_; at the previous moment. The prior distribution p(xo)
of the initial state is known.

p(xklyik—1) = J p(xk Xk—1|y1-1)dXe—1
= [ Pl X1, Yar—1) P (Xp—1|y1—1)dxp 1 9
= [ p(xelxx—1) p (X1 [Y1k—1) o1

(3) Particle weight updating based on prior map information

Using the observation y; at the current moment, modify p(xg|y;x_1) to obtain a
posterior probability density p(xg|y1.x)-

_ pdxeyix—1)p(xklyix—1)
pOlyix) = S
_ pdxi) p(elyik—1)
o kp(yk|y1:k—1) (10)
— Pl p(ilyie—1)
T Pl p(xelyrx—1)dxx

At moment k + 1, y is updated, and the importance weight value of the whole state
sequence needs to be recalculated, so the amount of calculation increases greatly over time.
This problem is solved through Sequential Importance Sampling (SIS). A group of known
random samples with weights is used to represent the posterior probability density, and
the state estimation value is calculated based on the known random samples and weights.
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The prior probability is selected as the importance density function, as follows
(G REICALRY (11)
The particles sampled according to this function are as follows:

X = q(xe]x%—1, Y1) (12)

The normalized importance weight is

p(velxi)p (xfé "ifl> (13)
q(x;'(’x;'(_l,yo

Wy = Wk

Substituting Equation (11) into Equation (13) has
wf = wip (v} (14)

In Equation (14), p(y|x.) represents the detection result of the particle “not going
through the wall” method.
The normalized weight calculation equation is

i
Wy_q

~]
w, = -
k N i
Ej:l wy

(15)

(4) Particle resampling based on adaptive particle number

In order to reduce the amount of calculation and avoid unnecessary resampling,
judge whether resampling is required according to the effective particle number N,ss. The
equation for calculating the effective value of particles is

Negr =1/ i (wi)2 (16)

The smaller the number of effective particles is, the more serious the particle weight
degradation is, and the there is more need to resample. Set the resampling threshold Ny,
when N,¢s < Ny, particle set {x}, w} } needs resampling.

Theoretically, the larger the number of particles, the more accurate the results of PF.
However, as the number of particles increases, the calculation time increases exponentially,
and the improvement of navigation and positioning accuracy is not obvious, especially for
the navigation and positioning results under the condition of the known initial position
and heading. For position under the condition of unknown initial position and heading, a
large number of particles are required at the beginning. Using a large number of particles
after finding the location of a pedestrian in the map will lead to computational inefficiency.
Therefore, this paper proposes a method to adaptively adjust the particle number during
resampling, which can greatly improve the computational efficiency of PF and ensure the
high-precision navigation and positioning results of pedestrian navigation system. The
calculation equation of the adaptive particle number is

pNum = floor(e-c1) + ¢ (17)

In Equation (17), floor is the integral function, and e is the sum of the main diagonal
elements of the covariance matrix of the position coordinates of all particles at the current
moment. ¢; and ¢, are empirical constants. c; is the proportional coefficient, and the value
of cp ensures that the particle filter function can be achieved when pNum is at the minimum
value. In this paper, ¢; and ¢ are 1000 and 2000, respectively.



Remote Sens. 2022, 14, 6282

9o0f23

The updated particle set is recorded as {x;;, 1/pNum}.

2.2.3. Algorithm Flow

To sum up, the flow chart of pedestrian navigation and positioning method of IMAPF
is shown in Figure 4.

I Particle initialization I

Particles obey Particles obey
Gaussian distribution uniform distribution

Particle "not going
throughwalls detection

Weight update
Is SIS
equired?

Weight
normalization

Update
Yes No sample data

Calculate the
number of adaptive
particles

Particle resample

I

State estimation
Output position

Sampling
update

Figure 4. Flow chart of the improved pedestrian navigation and positioning method based on IMAPF.

The algorithm flow is as follows:

Step 1: Initialization of position and heading of particle set: For the known initial
position and heading, the initialization adopts Equation (7) to satisfy the Gaussian distri-
bution. In the case of the unknown initial position and heading, the initialization adopts
Equation (8) to meet the uniform distribution.

Step 2: Sequential importance sampling based on particle “not going through the wall”
method: Update the particle weight according to the particle “not going through the wall”
method, and then calculate the normalized weight value through the Equations (11)—(15).

Step 3: Particle resampling based on adaptive particle number: The particle number is
adaptively calculated by Equations (16) and (17) and resample.
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Step 4: State estimation and location update: The state £; at the current moment is
estimated by the updated adaptive number of particle sets and weights as

whxk (18)

;ﬁ)
I
-MZ

I
—

The position Py at the current moment is

N : T
P = Y (v — 2 (%) — 2) (19)
i=1

At moment k, when a particle is in an inaccessible area, the particle is resampled.
Copy the navigation parameters (step length and heading at all times of 0~k) of the valid
particle to the particle. The weighted average method is used to calculate the position of
the pedestrian at the moment k, k —1,... ... , 0in turn.

Project the updated position onto the indoor map.

Step 5: k = k+ 1, go to Step 2.

3. Results
3.1. Verification of Simulation
3.1.1. Conditions of Simulation

In order to verify the effectiveness of the improved pedestrian navigation and location
method based on the indoor map assistance and particle filter, a series of simulation
experiments were carried out. The simulation data is processed on the desktop computer,
and the computer platform parameters are shown in Table 1.

Table 1. Computer platform parameters.

Characteristic Parameter
Computer operating system Windows10
CPU Intel(R) Core(TM) i7-8700, Dominant frequency 3.20 GHz
Memory 32GB
Software Matlab2020

The simulation environment is based on the architectural plan of the fifth floor of
no. 1 Building and no. 2 Building of the College of Automation Engineering, as shown
in Figure 5. In Figure 5a, the red line indicates the corridor path. The four black dots
(OD@B®) represent the reference point of the relative position.

The simulation movement trace is shown in Figure 6a. The blue point at the lower left
corner is the starting point/end point. A complete closed loop path ©®—=@—@—=®—Q®
has a distance of 207.72 m. The simulation moves two circles in a counterclockwise direction.
The parameters are set as follows: The mean square error of the step noise is 0.1 m, and
the mean square error of heading change noise is 1°. The simulation data of pedestrian
position and course change obtained are also saved. The four reference coordinates in the
trace are shown in Figure 6b. Due to the process of entering the room, the total distance
cannot be measured accurately, and the total distance exceeds 415.44 m.

Define the positioning error as

Err = \/ Ax% + Ay? (20)

In Equation (20), Err is the Euclidean Distance between the reference point and
the measuring point. Ax is the difference between the abscissa calculated by the pro-
posed method and the abscissa calculated by the standard path; Ay is the difference
between the ordinate calculated by the proposed method and the ordinate calculated by the
standard path.
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Figure 6. Simulation trace and coordinates of reference point. (a) Simulation trace. (b) Schematic
diagram of the coordinates of the reference point.

3.1.2. Analysis of Simulation Results

This section first analyzes the error comparison results between the IMAPF method
and the PDR algorithm when the initial position and heading are known, then analyzes the
positioning effect of the proposed method and PDR algorithm when the initial position and
heading are unknown, and finally analyzes the navigation error and calculation efficiency
when the initial position and heading are unknown and the adaptive particle number and
fixed particle number.

(1) The initial position and heading of pedestrian are known

The distribution of the sampled particles is shown in Figure 7. The noise of step length
and heading change of particles conform to Gaussian distribution. At the beginning, the
particles are distributed within a certain range, with red representing “illegal particles” and
blue representing passable “legal particles”.

Figure 8 shows the navigation trace comparison and its positioning error CDF curve
with an known initial position and heading. In Figure 8a, the red line represents the ideal
trace without noise, the green line represents the trace with noise calculated by PDR, and
the blue line represents the trace diagram of the IMAPF method proposed in this paper.
It can be seen that the method proposed in this paper can well correct the position of
the navigation system. Figure 8b shows the CDF curve, which shows that the algorithm
proposed in this paper is better than the PDR method in error correction. Figure 8c shows
the error of each step.
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Figure 7. Sampling particle distribution and motion trace with known position and heading. (a)
Particle distribution at initial moment. (b) Particle distribution in motion.
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Figure 8. Navigation trace comparison and positioning error CDF curve with known initial position
and heading. (a) Comparison diagram of positioning trace. (b) CDF curve of positioning error.
(c) Absolute position error of each step.

Table 2 shows the error comparison under the condition that the initial position
and heading are known. It can be seen from the data in the table that the error of PDR
algorithm increases with the increase in motion time. The method proposed in this paper
can effectively restrain error divergence.
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Table 2. Error comparison under the condition that the initial position and heading are known.

Navigation Method Mean Error (m) Maximum Error (m)
PDR 478 11.81
IMAPF 0.44 1.18

(2) Theinitial position and heading of pedestrian are unknown (adaptive particle number)

The distribution of sampling particles is shown in Figure 9. Using the global search
method, the particles are evenly distributed in the whole map at the beginning, with red
indicating “illegal particles” and blue indicating passable “legal particles”. With continuous
movement, the approximate position of pedestrians can be found at the 74th step, and then
the positioning coordinates will be modified for pedestrians, finally providing navigation
and positioning functions for pedestrians. Due to the structural features, such as rooms and
corridors, the path complexity can be increased by increasing the number of room entry
and exit to achieve global search as soon as possible.
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Figure 9. Sampling particle distribution and motion trace with unknown initial position and heading.
(a) Particle distribution at initial moment; (b) particle distribution and motion trace of the 44th step
in the motion process; (c) particle distribution and motion trace of the 74th step in the motion process;
and (d) particle distribution and motion trace of the 162th step in the motion process.

Figure 10 shows the navigation trace comparison and its positioning error CDF curve
under the condition of unknown initial position and heading, while the PDR algorithm
is not applicable to this condition. In Figure 10a, the red line represents the real motion
trace without noise, and the blue line represents the trace diagram of the IMAPF method
proposed in this paper. It can be seen that the method proposed in this paper can provide
accurate positioning function for pedestrians when the initial position and heading are
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unknown. Figure 10b shows the CDF curve, which clearly shows that the algorithm
proposed in this paper can provide accurate positioning function for pedestrians under the
condition of unknown initial positon and heading. Figure 10c shows the error of each step.
The average error of IMAPF algorithm is 0.36 m, and the maximum error is 0.84 m.

0.8}

06}

CDF

04F

Q2f

a 047 1894 2841 37.88 47.35 BG6E2 6629 7576 0 0.2 04 06
x{m)

0.8
positioning error(m)

(a) (b)

Eos} 1
S

o 0.7} |
(=]

-

Z 0.6 1
g

205 1
o

504} |
g

=03 J
>

(5] L 4
5 0.2

2

201} 1
<L

0 | . . .
0 100 200 300 400
step

(c)

Figure 10. Navigation trace comparison and positioning error CDF curve with unknown initial
position and heading. (a) Comparison diagram of positioning trace; (b) CDF curve of positioning
error; and (c) absolute position error of each step.

It can be seen that the IMAPF algorithm studied in this paper performs better than

the PDR algorithm for pedestrian navigation, whether the initial position and heading are
known or not.

(38) The initial position and heading of pedestrian are unknown (fixed particle number)

In order to compare the calculation efficiency and error value between the fixed particle
number and the adaptive particle number, under the condition of unknown initial position
and heading of pedestrians, the fixed particle number of 2000, 10,000, 50,000 and 100,000
are compared, respectively. Table 3 shows statistics of positioning errors with different
particle numbers.

Figure 11 shows the pedestrian motion trajectory obtained by solving with different
particle numbers and compares the navigation results of four different particle numbers.
The navigation and positioning error value of the adaptive particle number method pro-
posed in this paper is smaller than that of the fixed particle number of 100,000. However,
the calculation time of the adaptive particle number method is reduced by about 20 times
lower compared to the calculation time of 100,000 fixed particles.
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Table 3. Statistics of positioning errors with different particle numbers under simulation conditions.

Particle Number Mean Error (m) Maximum Error (m)  Calculation Time (s)

2 thousand fixed particles 10.34 15.99 16.64
10 thousand fixed particles 7.74 12.07 103.05
50 thousand fixed particles 0.75 3.01 909.04
100 thousand fixed particles 0.50 191 2624.36
adaptive particle numbers 0.36 0.84 116.14
66.29 o

| IRRREN |

56.82 —
47.35
— Adaptive
— 100 thousand
37.88
= 50 thousand
= —— 10 thousand
28.41 2 thousand
18.94
9.47 b —

i
0 947 18.94 28.41 37.88 47.35 56.82 66.29 75.76
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Figure 11. Pedestrian motion trace calculated with different particle numbers under simulation
conditions.

3.2. Experiment and Verification
3.2.1. Experimental Conditions

In order to further verify the practicability and effectiveness of the proposed method,
this paper verifies its effect through experiments. In the experiment, five IMUs are used to
collect pedestrian movement data, of which four IMUs use FSS-IMU6132 independently
designed by Forsense Technology Company to collect accelerometer and gyroscope data
with a sampling frequency of 100 Hz; One MTI-G-710 inertial device of XSENS Company
is used to collect air pressure data with a sampling frequency of 50 hz. The above five
sensors are all connected to Raspberry Pie 4B through data lines, and the mobile phone
app controls Raspberry Pie to collect data through Bluetooth communication. The sensor
installation method is shown in Figure 12.

The performance parameters of FSS-IMU6132 are shown in Table 4.

Table 4. Performance parameters of FSS-IMU6132.

/ Sensor Range Bias Stability
Accelerometer t6g 10 pg
Gyroscope £500 deg/s 1.0 deg/h

The performance parameters of MTI-G-710 are shown in Table 5 below.

Table 5. Performance parameter of XSENS MTI-G-710.

/ Sensor Range Total Root Mean Square Noise

300-1100 mBar 3.6 Pa

Barometer

The computer performance parameters are shown in Table 1.
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Figure 12. Schematic diagram of sensor installation. (a) Installation diagram of sensors on waist.
(b) Installation diagram of sensors on leg and foot.

3.2.2. Experimental Verification Analysis
(1) MCIN method

The experimental site is the fifth floor of No.1 Building and No.2 Building of the
College of Automation Engineering. The experimental trace and indoor experimental
scene are shown in Figure 13. The experimenter started from position @ (0, 0) and walked
counterclockwise to collect two rounds of data. The experimenter experiences the reference
point in the order of D@@®EE®@DEOE@®EO®®E®@. Additionally, the trace included
multiple “entering the house” behaviors. The actual movement time in the experiment is
451.74 s.

8.29,51.10
o T 4 (73.24,47.81)
® 9
@0:47.81) l (56.0547.81)
©)(28.76,41.90)
47.81m
©)(8.57,4.38)
T 56.05m
@(0,0) l @)(56/05,0)

(3)(28.23,-6.28)

(a) (b)

Figure 13. Indoor experiment scene and experiment trace. (a) Indoor experiment scene. (b) Reference
points.

The trace solved by the MCIN method and the positioning error of the reference point
experienced 15 times are shown in Figure 14. The mean error of the reference point position
is 1.98 m, and the maximum error is 4.16 m. For Figure 14b, if the MCIN method based on
inertial navigation only is adopted, the navigation error will gradually diverge. Due to the
uncertainty of course error divergence, the navigation solution results of some paths in a
closed path will show smaller errors.
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Figure 14. Two dimensional trace and absolute value of positioning error based on MCIN method.
(a) Two dimensional trace. (b) Absolute value of positioning error.
(2) The initial position and heading of pedestrian are known

The distribution of sampled particle is shown in Figure 15. The step length and
heading change of the particles obey the Gaussian distribution. Initially, the particles are
distributed in the range near the starting point, where red represents “illegal particles” and

blue represents passable “legal particles”.
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Figure 15. Sampling particle distribution and motion trace under the condition of known initial
position and heading. (a) Particle distribution at the initial moment. (b) Particle distribution and
trace during motion.

Figure 16 shows the motion trace and positioning error under the condition that the
initial position and heading are known. In Figure 16a, the red line represents the motion
trace solved by the MCIN method, and the blue line represents the trace with IMAPF
method. It can be seen that the IMAPF can well correct the position of the navigation
system over time. Figure 16b is the absolute value curve of the positioning error under
the condition of known initial position and heading, which clearly shows the effective-
ness of the algorithm in correcting the error. The MCIN method can effectively restrain
error divergence.

Table 6 shows the error comparison under the condition that the initial position and
heading are known. It can be seen from the data in the table that the method proposed in
this paper can effectively restrain error divergence compared to the MCIN method.
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Figure 16. Navigation trace comparison and curve of absolute value of positioning error with
known initial position and heading. (a) Positioning trace comparison diagram. (b) Absolute value of
positioning error.

Table 6. Error comparison under the condition that the initial position and heading are unknown.

Navigation Method Mean Error (m) Maximum Error (m)
MCIN 1.98 4.16
IMAPF 0.54 0.98

(3) Theinitial position and heading of pedestrian are unknown (adaptive particle number)

The distribution of sampled particles is shown in Figure 17. Initially, particles are
uniformly distributed throughout the map, with red representing “illegal particles” and
blue representing passable “legal particles”. Starting from the 114th step, the general
location of the pedestrian is searched. With the continuous movement of the pedestrian,
the navigation and positioning function is finally provided for the pedestrian. There is a
possibility of symmetry in the indoor structure, and pedestrians may not know in advance.
According to the structural characteristics of indoor rooms, corridors, etc., the global search
can be realized as soon as possible by increasing the path complexity.

Figure 18 is the comparison diagram of positioning trace under the condition of
unknown initial position and heading. In Figure 18a, the red line represents the trace of the
MCIN method, and the blue line represents the trace of IMAPF method. It can be seen that
with the increase of time, IMAPF method can well correct the position of the navigation
system. Figure 18b shows the absolute value curve of the positioning error under the
condition that the initial position and heading are unknown. As the pedestrian keeps
moving, navigation and positioning functions are gradually provided with map constraints.
After 114 steps, functions of navigation and positioning can be provided for pedestrians in
the map. Figure 18b shows the absolute value of the positioning error calculated according
to the final navigation and positioning results, so the errors of the first two reference points
are not considered. It can be seen that the algorithm is effective in correcting errors, which
can be limited in a certain range and do not diverge over time. The mean error of IMAPF
method is 1.06 m, and the maximum error is 1.33 m.

Figures 16b and 18b show the absolute value of navigation error using the IMAPF
method in this paper. In general, the navigation error of IMAPF method is constrained in a
small range, which is better than MCIN.

It can be seen that the IMAPF method studied in this paper performs better than the
MCIN method for pedestrian navigation, whether the initial position and heading are
known or not.
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Figure 17. Distribution of sampled particles and motion trace with unknown initial position and
heading. (a) Particle distribution at initial moment. (b) Particle distribution and motion track of the
58th step in the motion process. (c) Particle distribution and motion track of the 114th step in the
motion process. (d) Particle distribution and motion track of the 190th step in the motion process.
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Figure 18. Navigation trace comparison and curve of absolute value of positioning error with
unknown initial position and heading. (a) Positioning trace comparison diagram. (b) Absolute value
of the positioning error.

(4) The initial position and heading of pedestrian are unknown (fixed particle number)

In order to compare the computational efficiency and error value between the fixed
particle number and the adaptive particle number, under the condition of unknown pedes-
trian initial position and heading, the fixed number of particles is 2000, 10,000, 50,000 and
100,000, respectively. Table 7 is the error statistics table of different particle numbers.
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Table 7. Statistics of positioning errors with different particle numbers under experimental conditions.

Particle number Mean Error (m) Maximum Error (m)  Calculation Time (s)
2 thousand fixed particles 3.89 7.03 16.37
10 thousand fixed particles 2.74 9.21 93.02
50 thousand fixed particles 1.13 1.40 755.33
100 thousand fixed particles 1.04 1.11 2229.13
adaptive particle number 1.06 1.33 131.59

Figure 19 shows the pedestrian motion trace obtained by different particle numbers.
Comparing the navigation results of five different particle numbers, the adaptive particle
number method proposed in this paper is close to the navigation positioning error value
when the fixed number of particles is 50,000. The error is small when the number of fixed
particles is smaller, but the calculation time of the adaptive particle number method is
reduced about 4.7 times lower compared to the calculation time of 50,000 fixed particles.
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Figure 19. Pedestrian motion trace calculated with different particle numbers under experimen-
tal conditions.

4. Discussion

The purpose of this paper is to study an improved pedestrian navigation and location
method based on the combination of indoor map assistance and adaptive particle filter.
For the multi constraint integrated navigation method that only relies on the wearable
inertial sensor node network for indoor pedestrians, there is an unavoidable problem of
the accumulation and divergence of navigation errors. It is urgent to further improve the
accuracy of the navigation system based on the available indoor auxiliary information.
Considering that the indoor architectural plan is the most basic and accessible information
source in the indoor rescue process, a navigation and positioning method based on the
combination of indoor map assistance and particle filter is proposed. This method makes
full use of the existing indoor map constraint information to assist in improving the
performance of the pedestrian navigation and positioning system based on inertial sensor
network. In this paper, the algorithm framework of indoor pedestrian navigation based
on map assistance is designed. Combined with the characteristics that pedestrians cannot
actually go through the walls and other obstacles when moving in buildings. By establishing
the filtering algorithm under the property of particle “not going through the wall”, the
effective constraints on navigation error are realized; In view of the pedestrian’s initial entry
into an unfamiliar indoor environment, a map aided localization algorithm based on global
search is proposed under the condition of unknown initial position and heading; In order
to solve the problem that a large number of particles are required to complete the global
search, which leads to low computational efficiency, a particle resampling method based
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on adaptive particle number is proposed. While maintaining the accuracy of navigation
and positioning, it also improves the computing efficiency and achieves accurate indoor
positioning in unfamiliar environments. On this basis, based on indoor map constraints,
the problem of inertial accumulation error divergence is well suppressed, which provides
a strong support for pedestrian indoor navigation and positioning with high precision
and reliability.

Through the verification and analysis of simulation data and measured data, the
pedestrian navigation and positioning method based on the combination of improved
indoor map assistance and adaptive particle filter proposed in this paper is suitable for the
conditions of known and unknown initial position and heading. In the indoor environment
of about 2600 m2, when the total distance exceeds 415.44 m, the mean error and the
maximum error of the position relative to the reference point are both less than 2 m. It
effectively suppresses the pedestrian navigation error based on inertial devices, and greatly
improves the calculation efficiency, which can meet the needs of indoor pedestrians for a
long time.

In fact, in the process of motion, both lateral and longitudinal errors are derived from
step length error and heading errors. In a one-step correction process, if it is calculated
that the coordinates of a particle in the lateral or longitudinal direction are in the inac-
cessible area, the particle is in the inaccessible area and needs to be resampled and given
new navigation parameters. The pedestrian position is then calculated by the weighted
average method.

The method proposed in this paper also has some limitations. It is based on the indoor
building plan, and combines the characteristics of particles “not going through the wall” to
constrain and modify the pedestrian trace. When the indoor structure is simple and the
environment is open, then the distance between the walls on both sides of the walkway is
very far, it is difficult to correct the pedestrian trace through this method.

5. Conclusions

In this paper, an improved pedestrian navigation method based on indoor map assis-
tance and particle filter is proposed. Based on the fact that particles cannot “going through
the wall”, this method limits the pedestrian navigation positioning error to a low range
for a long time. In addition, a global search algorithm is proposed to solve the problem of
high-precision localization of pedestrians in unfamiliar environments with unknown initial
position and heading; An adaptive particle number calculation method in the process of
particle resampling is also proposed, which can improve the calculation efficiency and
achieve long-term high-precision navigation and positioning for indoor pedestrians.

The method proposed in this paper can be used in indoor environments such as
disaster relief and rescue, medical search and rescue. With the building plan and inertial
sensors, navigation and positioning accuracy can be maintained for a long time. This
method is of great significance to the practical application of pedestrian inertial navigation.

In the future, we will further study the method of multi person cooperative navigation
in a complex environment according to the method in this paper to obtain higher navigation
and positioning accuracy in a longer period.
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