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ABSTRACT Aiming at the long-term cumulative error inherent in pedestrian indoor inertial positioning filed,
that error is mainly due to the low signal-to-noise ratio of the sensor output signal quality, the temperature
drift of the gyro and the accuracy of error estimation. This paper proposes a new optimization method for
array distributed MEMS-IMU: this method performs filtering and noise reduction optimization processing
on inertial sensor data; The effect of temperature on the gyroscope is reduced by matrix-optimized layout,
and distributed temperature compensation is performed for eight IMUs. We used MEMS-IMU worn on
the foot finishing the data acquisition. Then improved a novel Pearson coefficient particle filtering method
to finally complete the information fusion and positioning process in a blind environment (no beacon
auxiliary information) high-precision personal large span (long time span, large distance span). The indoor
positioning test results in the No. 6 Office Building of National Defense Science and Technology Park in
Beijing Institute of Technology verify that the method has a horizontal error of only 6.23m (TTD ≈ 0.52%)
during the horizontal span positioning which the total distance is about 1200m; In terms of vertical large-
span positioning accuracy: the height error is only 4.56m (TTD ≈ 7.6%) during the positioning process
of 68 minutes and 35 seconds (including intermediate stop). Compared with other multi-IMU personal
positioning optimization methods, it has the advantages of high sensor data quality, small gyro temperature
influence, good system error estimation accuracy and long-term long-distance positioning results. It provides
a good and reliable theoretical reference for this field or extension applications.

INDEX TERMS Array distribution, MEMS-IMU, filtering noise reduction, optimized layout, multi-channel
temperature compensation, improved Pearson coefficient particle filter, large span blind environment.

I. INTRODUCTION
With the increasing autonomy of inertial components, per-
sonal positioning based on inertial components is a hot topic
for extensive research. Currently, inertial measurement units
are typically integrated intomicro-electromechanical systems
(MEMS) to provide a hardware foundation for wearable per-
sonal positioning terminals [1], [2]. In the indoors where
the GPS signal is blocked, the personal positioning of the
non-beacon pure inertial navigation has become the main
technical means. The Draper laboratory in the United States
first proposed to fix the MEMS-IMU on the foot at the end of
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the 20th century. Because the positioning unit is a single IMU
module. Therefore, the data solution and positioning effect is
not good. In order to improve the positioning effect, multi-
channel IMU data fusion is now used to improve the accuracy
[3], [4]. However, in the face of inertia components, there is
an inevitable long-time drift cumulative error problem. And
the positioning accuracy is limited in a large span blind envi-
ronment. Therefore, the study of personal positioning in this
environment has very important theoretical and engineering
significance.

In terms of sensor data, it usually contains noise sig-
nals, which is unavoidable due to the hardware circuit and
the sensor itself. The sensors’ signal with noise will seri-
ously affect data resolution accuracy and personal positioning
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result. So how to improve the data quality and effectively
filter the noise is the first big problem to ensure the personal
positioning effect in a large span blind environment [5]–[10].
Then the gyro sensor in MEMS-IMU has the characteris-
tics of self-diffusion and random drift. At the same time,
the external factors affecting the gyro sensor mainly come
from the temperature [11]–[16]. While the main control arm
chip on the circuit board of the positioning module is the
main heat source for a long time working. So how to properly
arrange the heating arm chip and IMU to form a good heat
dissipation space, improve the overall reliability and stabil-
ity of the system is the second major problem that needs
to be solved [17]–[25]. The existing pedestrian navigation
filter mainly uses Kalman filter. It solves the linear problem
with good effect and can accurately estimate the systematic
error [26], [27]. But the pedestrian navigation data is purely
nonlinear. The extended Kalman filter (EKF) is applied to
calculate it. It can only solve the non-linear systems with
the linear characteristics. So how to solve the navigation
data error estimation of purely nonlinear systems is the third
problem [28]–[30]. The existence of the above three major
problems aremainly due to the influence that positioningwith
long-time and long-distance, and the performance declines in
such environment significantly. Therefore, the above prob-
lems have become a technical bottleneck and a research
hotspot by experts and scholars in this field.

In order to suppress the drift error of the MEMS gyro,
we usually adopt the method of filtering after modeling.
And the compensation effect depends on the accuracy of the
modeling and the effect of filtering. An adaptive method that
weighs the range, the sampling frequency, and the output fre-
quency is proposed and achieved good results to make full use
of the sensor and to improve the output efficiency. Differential
average median filtering method also achieved good results
in sensor use and signal processing [9], [10]. The random
drift of MEMS gyroscopes has non-stationary and nonlinear
problems. Wavelet theory has been widely studied for the
processing of non-stationary signals. Many scholars have
made a lot of explorations on wavelet thresholds and achieved
a lot of results [24], [25]. At the same time, the classic FIR
and IIR filters are also applied in engineering to improve the
gyro data quality. The research on the layout of printed circuit
board components mainly focuses on optimizing the thermal
conductive material and the average material parameters to
improve the thermal conductivity and reduce the heating
temperature. In the thermal resistance analysis of printed
circuit boards, the fixed resistance is usually used for analysis.
Different resistance values are used to select the placement
position of the components [9]–[12]. Particle filtering has
been widely used in solving nonlinear non-Gaussian models.
It is usually used to eliminate particles with small weights
and replicate weights to eliminate particle degradation. The
research direction of particle filtering focuses on re-sampling.
At present, the main methods are Polynomial sampling, sys-
tem re-sampling, residual re-sampling, layered re-sampling,
etc. [29], [30].

On the basis of some achievements in the above research,
there are still some problems to be solved: the FIR filter
has good stability and linear phase characteristics. But due
to its high order, there is a problem of large delay; One
disadvantage of the IIR filter in designing is that the phase
characteristics of the filter cannot be controlled, which will
make the filter unstable; the wavelet threshold filter has good
stability and real-time. But there are always local oscilla-
tions and certain deviation from the actual signal due to
the threshold itself; some researchers optimize the thermal
conductivity of the printed circuit board material and raise the
heat dissipation level, which leads to the lapse of the compo-
nent’s basic performance. The method of fixing the thermal
resistance does not truly reflect the heat release distribution of
the printed circuit. The layout based on that does not optimize
the heat dissipation effect; the commonly used method in
particle filtering leads to the lack of particle diversity after
resampling, which also brings about the problem of particle
depletion.

In this paper, an optimized processing method for array
distributed IMU in personal positioning is proposed. The fil-
tering and noise reduction method based on adaptive thresh-
old sequence of genetic algorithm can effectively extract and
eliminate noise signals, which solves the delay, instability and
fixedness error of the general method. Then it improves the
sensor data quality; the Fourier series is introduced to analyze
the thermal resistance distribution of the printed circuit board.
And the eight IMUs are rationally laid out on the board
of ensuring the working performance of the components.
Then reasonable temperature compensation for each IMU
has improved the navigation data quality. On the basis of the
common particle filtering method, we proposed the particle
filter algorithm of Pearson coefficient. The particle selection
uses the Pearson coefficient function to obtain the surround-
ing particles and channels with larger weight values for being
closer to the real system. It can effectively solve the problems
of particle degradation and particle depletion.

The specific technical flow chart is shown in the following
figure:

II. PRE-PROCESSING AND OPTIMIZATION OF LAYOUT
A. FILTERING NOISE REDUCTION PREPROCESSING
There is a large random error in the initial data of the
inertial device. Through preprocessing, the quality of the
inertial navigation data can be obtained, which provides
a good data foundation for the navigation result output.
In this paper, an Genetic Adaptive threshold sequence
Filtering Noise-reduction (GAFN) algorithm is proposed.
Based on the traditional genetic algorithm, the optimized
binary multiplication sequence is added. Through the time-
frequency conversion and the similarity comparison, the opti-
mal time-domain inertial data after filtering noise-reduction
is obtained. This method is not currently applied in the
field of inertial navigation, and it can simultaneously handle
the multi-dimensional inertial data solution (x, y, z-axis) to
improve efficiency and effect.
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FIGURE 1. Technical schematic.

1) TRADITIONAL GENETIC ALGORITHM PRINCIPLE
The principle of genetic algorithm is to simulate Darwin’s
genetic selection and the computational model of the biolog-
ical evolution process of natural elimination. It is a method
to search for the optimal solution by simulating the natu-
ral evolution process. The genetic algorithm starts from the
potential solution set that solves the problem. Each solution
set is composed of multiple individuals encoded by the gene
sequence, and each individual’s chromosome is an entity with
model features. As the main carrier of genetic characteris-
tics, chromosomes can be composed of multiple genes. The
internal representation is a combination of gene codes, and
the external representation is the trait of the output. Due to
the complexity of human genes, there is no way to reproduce
through code. In order to simplify the operation of gene
coding, the binary code is used to simulate the gene sequence
coding. After the initial generation solution is generated, it
follows the principle of survival of the fittest evolves from
generation to generation and continues to inherit the superior
characteristics of the father for the final required output result
(the optimal solution set). In each generation, we select indi-
viduals according to the degree of fitness of the individual
in the problem domain. Then we combine them with the
genetic operators of natural genetics to generate crossovers
and variations for a solution set that is more in line with the
needs. This process will lead to the fact that the epigenetic
solution set like the natural evolution is more adaptive to the
optimal result than the previous generation. And it will get
the optimal solution set.

2) ADAPTIVE THRESHOLD SEQUENCE (ATS)
Chromosomes are important trait carriers in inheritance. They
determine the direction in which humans or animals develop.

Similarly, adaptive threshold sequences (ATS) in adaptive
filters are similar to chromosomes, and ATS are also a key
part of filters. The ATS is mainly used to multiply the orig-
inal noise signal. In order to extract the part that meets
our requirements. Then we retain the features of the part in
the sequence, and genetically improve the parts that do not
meet the requirements. After multiple iterations, the optimal
sequence is reached. Thereby output the desired signal.

Under different baud rates, the amount of signal data
collected per unit time is different. Taking the baud rate
of 921600 as an example: under one hour of experimen-
tal time, the amount of inertial output data is as high as
1.5 million data points. After the fast Fourier transform of
the signal, the adaptive sequence cannot directly generate
1.5 million binary codes. Therefore, an extended binary adap-
tive sequence is used. Experiment with the same inertial
navigation at the same time as the baud rate of 3600, we can
get 5860 data points under that condition. In other words,
the sequence is composed of 5860 binary codes firstly. And
then each binary code as a module to be expanded 256 times.
Each of the elements of the module contained the same value.

Adaptive threshold strings

=


0 1 ... 1 1
0 0 ... 0 1
... ... ... ... ...

1 1 ... 0 0
0 1 ... 0 1

 extend to

×


00...00 00...00 ... 11...11 00...00
11...11 00...00 ... 00...00 11...11
... ... ... ... ...

11...11 11...11 ... 00...00 00...00
00...00 11...11 ... 00...00 11...11


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We can see from the above formula: it can be consistent
with the data length of the baud rate of 921600 after expan-
sion. And it can simplify the calculation and improve the
system efficiency in the subsequent sequence optimization
process.

We discuss how the quantity composition of the ATS is
formed. The basic principle of relying on genetic algorithms
for how to take values in adaptive threshold sequences: the
generation of the first sequence is random. And after a genetic
operation, we acquire the excellent features of this generation
and retain it. The evaluation of good features depends on
the similarity of the signal with each genetic operation and
static data noise. The dynamic threshold process of similarity
improvement is the adaptive sequence optimization process.

3) PRINCIPLE OF GAFN ALGORITHM
The GAFN algorithm actually performs the process of
genetic optimization and similarity comparison. Because the
noise characteristics of the gyro sensor in the stationary state
are obvious, the gyro noise signal in the static state is selected
as the reference. In order to improve the gyro signal quality
of pedestrian movements, the gyro noise in the motion state
is the main processing object of the filtering noise-reduction
algorithm. First, the fast Fourier transform is performed on
the gyro data with noise in the motion state. The purpose is to
convert the continuous data into point values for reducing the
calculation amount of multiplication. Then, the first genetic
operation is performed, and a binary sequence C is randomly
generated. The binary sequence is mainly used for genetic
operations, and the noise point value is extracted by multiply-
ing the result of the fast Fourier transform. Then, the inverse
fast Fourier transform is performed, and the extracted noise
signal is transformed into a continuous signal representation
and compared with the noise signal of gyro in the stationary
state. If the similarity is not satisfied, the return genetic
operation continues to optimize the binary sequence. If the
similarity is satisfied, the optimized binary sequence is to
be inverse. Finally, the inverse sequence is multiplied by the
gyro noise after the fast Fourier transform of the motion state
to complete the entire filtering noise-reduction process. The
schematic is shown in Figure 2.

The measurement conditions for noise similarity are:
(1) the phase similarity of the stationary state signal; (2) the
amplitude similarity of the stationary state signal; (3) the
reliability similarity of the stationary state signal (whether
there is significant drift or divergence, etc.). The way to
measure the reliability similarity is that the similarity of the
probability and the frequency density distribution should be
as high as possible.

The following is a mathematical model representation of
the overall algorithm:

1) Static data noise: xs(t) = (xs(t1), xs(t2), . . . , xs(tn))
2) Dynamic data noise: xm(t) = (xm(t1), xm(t2), . . . , xm(tn))
3) Dynamic data noise after fast Fourier transform of

dynamic data: xm(t)
fft
−→ xm(f )

FIGURE 2. The noise reduction of adaptive threshold sequence filtering
based on genetic algorithm.

4) Randomly generate sequence C:
C = {0, 0, . . . , 0, 1, 0, . . . , 0, 1, 0, . . . , 0}
5) Random sequence C multiplied by xm(f ) to get x∗m(f )
6) Perform an inverse fast Fourier transform on the product

result: x∗m(f )
ifft
−→ x∗m(t)

7) Perform similarity comparison on the results in (6). If the
similarity does not meet the requirements, perform multiple
genetic operations optimization on the random sequence C
to generate an optimal sequence C∗. And use the product of
1 − C∗ and the dynamic signal to select the true dynamic
signal after noise-reduction.

The mathematical model for evaluating similarity is
expressed as follows:

aj = 1
π

√∫
∞

0 (2π t)2Ax(t)dt/
∫
∞

0 Ax(t)dte−j
2/2σ 2x repre-

sents the probability density distribution.

bj =
1
π

√∫
∞

0
(2π t)2Ax(t)dt/

∫
∞

0
Ax(t)dte−j

2/2σ 2x

×
√
2π/2

∫
∞

0
(2π t)2Ax(t)dt

= aj
√
2π/2

∫
∞

0
(2π t)2Ax(t)dt

represents the frequency density distribution.
The similarity distribution can be obtained by combining

the probability density and the frequency density distribution:

Iab =
n∑
j=1

log
{
(a∗j /aj)× (b∗j /bj)

}
/n

=

n∑
j=1

log
{
(a∗j /aj)

}
/n+

n∑
j=1

log
{
(b∗j /bj)

}
= Ia + Ib (1)

B. ARRAY TYPE IMU OPTIMIZED LAYOUT
At present, the heat dissipation methods for PCB board
mainly include thermal convection (small integrated circuit
board is not commonly used) and natural convection (com-
monly used for small integrated circuit board). The chips and
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components of the pedestrian positioning terminal, we all use
low-power devices. And the heat source of the pedestrian
positioning terminal is mainly from the ARM chip STM401,
so the reasonable thermal layout of the STM401 becomes the
key to solving the thermal problem of the pedestrian position-
ing terminal. Placement of STM401 in the most reasonable
place for natural convection can effectively dissipate heat,
so that the entire terminal works at a reasonable working tem-
perature. Thereby, it will improve the system accuracy, reduce
the system errors and enhance the terminal’s reliability.

1) LAYOUT MODEL DESCRIPTION
The real-time output of the thermal resistance is a transient
value that cannot be directly analyzed. So the thermal model
is analyzed by the average thermal resistance. Research on
high-power and multi-chip module (MCM) has become a
hot spot in the field of chip thermal analysis. But some
research methods use fixed-value assumptions for thermal
resistance when solving thermal analysis, which has caused
certain errors and irrationalities in the thermal analysismodel.
The error is unreasonable. Therefore, this paper proposes
a method of expanding the thermal resistance with Fourier
series to ensure the true reliability of the thermal resistance
analysis. For the model with a large amount of heat, only a
few parameter conditions need to be considered due to the
fast convergence of the thermal resistance expansion.

The steady state equation of the system can be expressed
as

∇
2T =

∂2T
∂x2
+
∂2T
∂y2
+
∂2T
∂z2

(2)

Only the heat dissipation caused by the heat convection
is considered, so the boundary condition of the following
equation can be expanded by the Fourier series.

∂T
∂z

∣∣∣∣
z=t
= −

h
k

[
T (x, y, t)− Tf

]
(3)

Expanding the boundary condition with a Fourier series

θ (x, y, z) ≡ T (x, y, z)− Tf

= A0 + B0z+
∞∑
m=1

cos(λmx) [Am cosh(λmz)

+ Bm sinh(λmz)]+
∞∑
i=1

cos(δny) [Am cosh(δnz)

+ Bm sinh(δnz)]+
∞∑

m=1

∞∑
n=1

cos(βmnz) cos(βmnz)

× [Amn cosh(βmz)+ Bmn sinh(βmz)] (4)

where λm = mπ/a, δn = nπ/b, βmn =
√
λ2m + δ

2
n .

The thermal layout optimization of the circuit board in the
pedestrian positioning terminal is to find the variable that
affects the temperature distribution. In other words, we will
find the position of the heat-generating chip and the amount
of the heat generation to minimize the value of the thermal
resistance R.

The average temperature difference of a single STM32F401
can be expressed as

θ =
1
A

∫∫
A
θ (x, y, 0)dA = RQ (5)

Since the heating chip of the pedestrian navigation module
has only one piece, the thermal resistance formula can be
written as

RS =
∑
m

2
λmϕ(λm)

cos2(λmXC ) sin2 c(λmc/2) (6)

The calculation of the optimal position of the pedestrian
navigation heat source chip can be expressed as

F(λm) =
2RS
λmϕλm

(7)

Then we can get RS =
∑
m
F i(λm).

In order to minimize the thermal resistance value, it is
necessary to minimize each item in the Fourier expansion for-
mula of the thermal resistance value. Therefore, only taking
the minimum value of the one that has the greatest influence
in the expansion formula, that is the optimumminimum value
of the thermal resistance.

According to the actual size of the existing personal posi-
tioning terminal: the length, width and height of the bot-
tom plate are 0.03m, 0.018m and 0.0015m; and the length,
width and height of the heat generating unit chip are 0.016m,
0.016m and 0.0001m. We performed simulation of the opti-
mal position calculation. The simulation content mainly
includes: the simulation of the Fourier series expansion for-
mula of the thermal resistance; the influence of different
parameters λ (first four items) on the thermal resistance sys-
tem; the relationship between the chip size and the F value of
the Fourier series; and the contour distribution of the Fourier
series of chip positions under different parameters λ (first four
items).

1) Simulation of Fourier series expansion formula of ther-
mal resistance

As shown in Fig. 3, the F value rapidly decreases with
the increase of m and approaches zero. It can be seen that
when solving the thermal resistance of the positioning ter-
minal, only the influence of the first few items needs to be
considered.

2) Influence of different parameters (first four items) on
thermal resistance system

It can be determined from Fig. 3 that the main factors
affecting the thermal resistance are derived from the first few
terms of the Fourier series expansion. So the selection of the
optimal position should minimize the influence of the largest
term. As can be seen from Fig. 4, Lamda1 has the greatest
impact on the Fourier series F value. At X = 0.015m, it can
be seen that lamda1 approaches 0, so the optimal position can
be chosen to be 0.015m.

3) Relationship between chip size and Fourier series F
value
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FIGURE 3. The F map of thermal resistance Fourier series.

FIGURE 4. Under different positions: the influence of parameter on the
thermal resistance Fourier series F.

It can be seen from Fig. 4 that best position for thermal
resistance selection is at X = 0.015m. After determining the
optimal position, the optimal chip size is discussed. As can
be seen from Fig. 5, when the chip is 0.016 m in length,
the most influential lamda2 is close to the maximum value.
That happens to be the size of the chip currently used. If you
can choose the optimal size of the chip, of course, it will help
to reduce the thermal resistance. But if you can’t change it,
choosing the optimal position is the most effective way to
reduce the thermal resistance.

4) Fourier series contour distribution of chip position under
different parameters lamda (first four terms)

Through the above analysis, a contourmap of the chip posi-
tion at different parameters lamda is established to determine
the optimal positions of a single chip or a plurality of chips.
Because the MPU9250 is a low-power sensor, it generates
less heat for a long time. Considering its layout position,
the 8 IMUs are arranged on the front and back of the circuit
board, and the position which four thermal resistance contour
lines are 0. STM32F401 is the main heating element, it is
placed on the front center of the circuit board and the position
with intersection of the zero thermal resistance contour lines.

FIGURE 5. Under different chip sizes: the influence of parameter lamada
on the thermal resistance Fourier series F.

FIGURE 6. Thermal resistance distribution simulation contour map.

By optimally selecting the reasonable position and size of
the chip, the thermal resistance is reduced as much as possi-
ble. It can be seen from the above analysis and simulation
that the optimal position has a cosine wave characteristic.
Therefore, the wave node may be a suitable position. On the
other hand, the optimal chip size has a basic sinusoidal char-
acteristic of monotonic attenuation. The basic laws found in
these simulations have greatly helped determine the mini-
mum thermal resistance.

2) OPTIMIZATION RESULTS AND MULTI-CHANNEL
TEMPERATURE COMPENSATION
On the basis of the above, the thermal stability analysis of the
existing positioning terminal integrated circuit board through
ANSYS. Because of the thermal steady state analysis, only
the thermal conductive materials are divided into three cate-
gories in the simulation process: STM401 as the heat source
of the circuit board; the plate body with thermal anisotropy;
and other components that are not heat-generating. The mate-
rial parameters are set as follows: the thermal conductivity
of the integrated chip is uniformly 5 W/(m·◦C); the thermal
conductivity anisotropy of the printed board is 8.37, 8.37 and
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FIGURE 7. ANSYS thermodynamic layout simulation renderings.

0.32 W/(m·◦C) respectively; and the device thermal conduc-
tivity is 1 W/(m·◦C). The simulation time is set to 2 hours.
The initial finite element model of the electronic device

uses free meshing. Each integrated chip transfers heat
through conduction and obeys the Fourier heat transfer law.
We take the ambient temperature at 30 ◦C, and consider the
STM401 chip as a heat source. The formula for the heat
generation rate q (W/m3 ) of the component is as follows:

q =
P

L ×W × H
(8)

where P is the component power consumption; L is the
component length; W is the component width; and H is the
component thickness.

It can be seen from Fig. 7 that the finite element thermody-
namic analysis is performed according to the optimal position
by changing the model parameters. After the optimal layout,
the maximum temperature of the core plate is reduced by
3.537 ◦C, which is 4.23% lower than the before optimiza-
tion’s. And the average temperature is reduced by 2.83 ◦C.
This shows that the optimized layout by Fourier series has a
good cooling effect.

The zero drift of the gyro is mainly affected by various
factors of the starting time and the temperature under the
stable working state. So the gyro zero drift is compensated
from these two directions.

The relationship between the resonant frequency of the
gyro and temperature:

ωn(T ) =
√
K/m =

√
K0(1− kET (T − T0)/m) (9)

In the small range around the temperature T0, the above
equation can be approximated as:

ωn(T ) = ωn(T0)[1− 1/2kET (T − T0)] (10)

Establish the gyro zero drift model, where WZO is zero
drift, WS1 is the starting zero offset, and WS2 is the stable
zero offset:

WZO = WS1 +WS2 (11)

WS1 = a0 + a1t + a2t2 (12)

WS2 = a0+a1t+a2t2+a3T+a4T 2
+a5T 3

+a6T 4
+a71T

(13)

From the above, the zero offset compensation model of the
MEMS gyro in the full temperature interval can be obtained

as follows:

WZO =


WS1 = a0 + a1t + a2t2, t ≤ 600
WS2 = a0+a1t+a2t2+a3T+a4T 2

+a5T 3

+a6T 4
+a71T , t ≥ 600s

(14)

By establishing the temperature compensation model of
the MEMS gyro at the full temperature range, reasonable
temperature compensation can be performed at the starting
time and in the stable working period respectively, which can
effectively ensure the measurement effect of the array type
IMU gyro during those stages. After temperature compen-
sation, it can be seen from Fig. 8 that between 40 ◦C and
−20 ◦C, the gyro drift in the startup phase and the normal
working phase is suppressed. It indicates that the compen-
sation effect based on the above temperature compensation
model is good. In a way, the problem that the gyro drift is
large under long working hours is improved.

FIGURE 8. Single IMU temperature compensation effect diagram.

III. IMPROVED PEARSON COEFFICIENT PARTICLE FILTER
METHOD
A. BRIEF DESCRIPTION OF THE CONCEPT
The traditional Kalman filter algorithm is mainly applied
to linear systems. The extended Kalman filter applied to
nonlinear systems also requires the system to be approxi-
mately linear. Therefore, it is necessary to use a filtering
algorithm for pure nonlinear systems in pedestrian nav-
igation field effectively solving that problem. We found
that the particle filtering can solve this problem well.
It is a special Bayesian filter based on Monte Carlo
resampling method, which calculates the posterior prob-
ability density by randomly sampling the point value
and the weight of the sample point. The particle fil-
tering consists of three steps: (1) generating a new set
of particles; (2) calculating the weight of the particles;
(3) and the resampling process. The variance of the weight
will increase as the number of iterations increases. That is,
after multiple iterations, the weight of most particles will tend
to zero. It is the so-called sample degradation in this research
field. This problemwill lead to multiple meaningless calcula-
tions in the subsequent iterative operation. And the obtained
posterior probability density function will be distorted due
to the decision of a small number of particles with the large
weight. For this problem, the resampling process is usually
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used. We eliminate particles with the small weights and copy
particles with the larger weights to ensure the quality of the
output.

B. INNOVATION AND REALIZATION
1) BUILDING THE BAYESIAN MATHEMATICAL MODEL
SYSTEM MODEL {

xk = fk (xk−1, vk−1)
yk = hk (xk , nk )

(15)

Prediction process:
p(xk |y1:k−1 ) is obtained from the probability density

p(xk−1 |y1:k−1 ) at the previous moment. The meaning of this
formula is: since there is measurement data from the previous
1 to k-1 moments, it is possible to predict the probability of
the occurrence of the state x(k).
Calculation derivation:

p(xk |y1:k−1 ) =
∫
p(xk , xk−1 |y1:k−1 )dxk−1

=

∫
p(xk |xk−1, y1:k−1 )p(xk−1 |y1:k−1 )dxk−1

=

∫
p(xk |xk−1 )p(xk−1 |y1:k−1 )dxk−1 (16)

2) BUILDING THE MONTE CARLO MATHEMATICAL MODEL
UPDATE PROCESS

E(f (x)) =
∫ b

a
f (x)p(x)dx (17)

Var(f (x)) = E(f (x)− E(f (x)))2

=

∫ b

a
(f (x)− E(f (x)))2p(x)dx (18)

Integral is used in the calculation of Bayesian posterior
probability. In order to solve this difficult problem, Monte
Carlo sampling can be used instead of calculating the poste-
rior probability.
Use the mean value instead of the integral:

E(f (x)) ≈
f (x1)+ ...+ f (xN )

N
(19)

The calculation of the posterior probability estimate can be
expressed as:

_p(xn |y1:k ) =
1
N

∑N

i=1
δ(xn − x(i)n ) ≈ p(xn |y1:k ) (20)

3) CALCULATING THE PEARSON COEFFICIENT FUNCTION
The Pearson coefficient function calculates the values of
(xk−x) and (yk−y) corresponding to (xk , yk ) in each sample.
Where x and y represent the mean of (xk , yk ), respectively.
The Pearson coefficient function can be expressed as follows:

Sxy =

∑
(xk − x)

∑
(yk − y)√∑

(xk − x)2
∑

(yk − y)2
(21)

When judging the change trend of the state variables and
the observation variables, the value of (xk − x)(yk − y) is

used as a reference. If the product is positive, it means that
the state variables is consistent with the change trend of the
observation variables; if the product is negative, it means
that the state variables is opposite to the change trend of the
observation variables. The product of each time point in the
sample reflects the change trend correlation of the sample
population. The value of the Pearson coefficient function
(Sxy ∈ [−1, 1]) reflects the strength of the correlation of the
sample change trend. When it is greater than 0, it indicates
that the observation variables is positively correlated with
the state variables; when it is less than 0, it indicates that
the observation variables is negatively correlated with the
state variables; when the absolute value of Sxy is close to
1, it indicates that the observation variables has a strong
correlation with the state variables.

The Pearson coefficient function can be used to understand
the change trend of observations and states. If the observed
path of the particle is close to the observed path of the true
state in the system (the observed noise is small), the particle
can be considered close and can track the true state of the
system well. Calculate the degree of similarity between the
two observation paths to determine whether the particles are
close to the true state of the system. When the similarity
coefficient is close to 1, it indicates that the particle is close
to the real state of the system; otherwise, it indicates that the
particle is far from the true state of the system. Therefore,
particles can be selected by the Pearson coefficient function
in order to obtain higher estimation accuracy.

4) RE-SAMPLING PROCESS
In the re-sampling process, the transfer function in traditional
particle filter is still used as the importance density function,
as shown below.

x ik ∼ P(xk
∣∣∣x ik ), i = 1, . . . ,N (22)

Re-randomly picking several new particles around each
highly correlated particle:

x ik
choose
−−−−→ x i,mk

where x ik represents a highly correlated particle; and x i,mk
represents the newly selected particle around x ik .
Then calculate the Pearson coefficient values of these par-

ticles to select the particle path closest to the real state.

S i,mk =

n∑
k=1

(yi,mk − y
i,m)(yk − y)√

n∑
k=1

(yi,mk − y
i,m)2

n∑
k=1

(yk − y)2
(23)

where yik represents a highly correlated particle path and y
i,m
k

represents the path of the newly selected particle.
Through such a particle selection method, the problem

of particle depletion and data distortion can be effectively
solved. Compared with the traditional particle filter algo-
rithm, the Pearson coefficient-based particle filter can be
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continuously amplified by the high-quality features of the
high-quality particles obtained by observation variables. And
then we could make it closer to the real state.

5) NAVIGATION DATA ERROR ESTIMATION PROCESS IN
PEARSON COEFFICIENT PARTICLE FILTER METHOD
The error estimation accuracy of particle filtering depends
on whether the particles can fully cover the state features in
pedestrian positioning. The method proposed in this paper
uses the Pearson coefficient to measure the degree of agree-
ment between the observation path of the particle and the path
of the real state observation in the system. In other words,
the particle whether can express the true state of the system,
and finally provide an accurate error estimate.

The Pearson coefficient particle filtering process is mainly
composed of five parts: 1. particle initialization; 2. impor-
tance density function sampling particle; 3. reselecting the
path and the particle close to the real state; 4. calculating
the importance function; 5. calculating the coefficient of re-
sampling.

The particle filter process model is expressed as follows:
1) Particle initialization: x i0π0(dx0), i = 1, 2, . . . ,N
2) Sampling particles by the transfer function as an impor-

tance density function: x i0P(xk
∣∣x ik−1 ), i = 1, 2, . . . ,N

3) Reselect the particles whose path is close to the real
state. And the sampling process is: x i,mk ·x

i
k ,m = 1, 2, . . . ,M ,

calculate the Pearson coefficient function: S i,mk , Assign the
value: x ik = x i,mk , where the Pearson coefficient S i,mk of x i,mk is
closest to 1.

4) Calculate the particle weight of the importance function:
ωik = P(yk

∣∣x ik ), i = 1, 2, . . . ,N ; normalize the particles’
weight: ωik = ω

i
k/
∑N

j=1 ω
j
k ;

5) Calculate Neff = (
∑N

i=1 (ω
i
k )

2)−1.
If Neff < Nthr , [x ik , ω

i
k ]
N
i=1 = resampled[x ik , ω

i
k ]
N
i=1 i =

1, 2, . . . ,N . The status value after re-sampling is x̂k =∑N
i=1 x

i
kω

i
k .

IV. THE COMPARISON RESULT OF SIMULATION
A. FILTERING NOISE REDUCTION
At present, the commonly used filters for processing gyro sig-
nals are FIR, IIR, and the wavelet thresholdmethods. The FIR
filter has good stability and linear phase characteristics. But
due to its high order, there is a problem of delay. The primary
advantage of the IIR filter is that it achieves better filtering at
the same order. However, one disadvantage of the IIR filter
method is that the phase characteristics of the filter cannot
be controlled. A big problem encountered in the adaptive IIR
filter designing is that the filter is unstable. Because the poles
are scattered outside the stable area. The wavelet threshold
filter has good stability and real-time performance. But due
to the threshold itself, there will always be local oscillation
and a certain deviation from the actual signal.

Aiming at the above problems, we designed a comparison
test: the filter noise reduction test is performed by the col-
lected dynamic gyro data. And the results through wavelet

TABLE 1. Comparison of filter noise reduction output results.

FIGURE 9. The original signal diagram of Gyro dynamic output.

FIGURE 10. The comparison chart of filter noise reduction method.

threshold filter, FIR filter and IIR filter were respectively
compared with the proposed method’s effect. The original
signal diagram is shown in Fig. 9. The filter noise reduction
result by the above methods is shown in Fig. 10. And the filter
result data is as shown in Table 1 below.

It can be seen from the pink and red boxes that the wavelet
threshold filter always has a certain deviation compared to
the other three methods; the FIR filter and the IIR filter can be
seen the output values of these twomethods are different from
the original signal from the zero point, and there is a delay
phenomenon. From the signal-to-noise ratio and the mean
square error, we can get that the proposed method effectively
improves the signal-to-noise ratio, and the mean square error
is much smaller than other methods. In other words, this
means that the output signal processed by this method is of
good quality and is closer to the real state signal. Therefore,
the method proposed in this paper just makes up for the above
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TABLE 2. Comparison of particle filter estimation results.

FIGURE 11. The comparison of IMU output before and after optimizing
layout(4 of the IMUs as examples).

problem, and the output waveform is smoother and closer to
the real signal waveform, which has certain superiority and
goodness.

B. OPTIMIZED LAYOUT
Using ANSYS for thermodynamic simulation, we could
obtain the optimal layout and find its good heat dissipation
effect. The 8 IMUs were placed according to the optimized
layout and made into the circuit board. Then the thermostat
experiment was carried out. Since the gyro output in the IMU
is most affected by temperature, the inertial output data of the
three-axis gyro was selected for experiment. The gyro data
per axis was collected for 90 minutes. The temperature range
was −20 ◦C to 40 ◦C, and the temperature difference value
was 10 ◦C. The experimental results are shown in Fig. 11.
It can be seen that after the optimal layout, the 4-channels
three-axis gyro drift is significantly lower than before opti-
mization. This shows that the optimized layout has a good
effect in practical engineering applications.

C. PARTICLE FILTER
The Pearson coefficient function was used to control the dis-
tribution of particles. When the particles were far away from
the actual state real values, the particles were regenerated by
the calculation of the Pearson coefficient function to ensure
that all particles were close to the real state. Thus, we could
solve the degradation and depletion problems of the particles.
The estimated results are shown in Table 2.

Compared with the traditional particle filter algorithm,
it can be seen from Fig. 14 that the proposed method can
better estimate the real state of the system. When the real
state of the system jumps in the pink box, the estimation
error of the traditional method is larger. The method of this
paper can effectively estimate error and follow the real state.
Therfore, the Pearson coefficient particle filter algorithm can
effectively improve the filtering accuracy.

FIGURE 12. The comparison diagram of traditional particle filter and the
particle filter proposed in this paper.

FIGURE 13. Experimental equipment.

V. POSITIONING TEST AND RESULT ANALYSIS
A. DESIGN OF THE POSITIONING TEST
In order to verify the true validity of the proposed method, the
wearable positioning module independently studied by our
laboratory is used, and the experimental equipment is shown
in Fig. 13.

Experimental scene: Two sets of environment personal
positioning experiments in large-span and blind were con-
ducted at the National Defense Science and Technology Park
of Beijing Institute of Technology. The first group consisted
of a large-span closed-loop path in an underground garage
with a length 287 m and width 184 m. The test time was
65 minutes. In the second group, in the No. 6 building
with 17 floors and a vertical height of 70 meters, a large-
span experiment was conducted on the upper and lower
floors, and the experiment time was 68 minutes and 35 sec-
onds (including the middle stop). The real validity of the
proposed method is verified by the experimental environ-
ment of horizontal and vertical span. The track is shown
in Fig. 14.

Thewearable positioning terminal is mainly composed of 8
low power IMUs. The performance of a single IMU is shown
in the following Table 3:

B. RESULT ANALYSIS
1) ACTUAL POSITIONING RESULT
In the experimental scene, the experimental results of the
underground garage are shown in Figure 15-19. The purpose
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FIGURE 14. Experimental scene route diagram.

FIGURE 15. The comparison of the GAFN algorithm effect.

TABLE 3. Inertial devices core parameters in IMU.

of the horizontal large-span underground garage is to ver-
ify the practical application of each innovation in this
paper.

As shown in Fig. 15, after the algorithm proposed in this
paper filters and denoises the sensor, it can be seen from
the figure that the trajectory after noise reduction is more
smooth. The signal-to-noise ratio before and after filtering
noise reduction is 26.132 and 43.275, and the mean square
error is 0.097 and 0.006.

FIGURE 16. The comparison of the optimized layout effect.

FIGURE 17. The comparison of the IPCPF algorithm effect.

As shown in Fig. 16, after re-arranging the heat generating
unit, the influence of temperature on the inertial component
under long-term positioning is reduced, and it can be seen
that the divergence of the heading is effectively suppressed,
but there is still a problem of heading offset. The positioning
error results before and after the layout are 133.1126 meters
and 102.4265 meters (TTD = 8.5%).
As shown in Fig. 17, the particle filter algorithm proposed

in this paper can better observe the real state of the system
and effectively estimate the system error. It can be seen that
the divergence of the heading is effectively suppressed and
the positioning accuracy is improved. The positioning error
results before and after particle filtering are 40.8798 meters
and 11.0126 meters (TTD = 0.92%).
As shown in Fig. 18, in order to show the true validity

and positioning effect of the proposed algorithm more intu-
itively, the experimental algorithms proposed in this paper
are experimentally simulated. It can be seen from the exper-
imental results graph that the proposed algorithm combines
the process, the track is continuously optimized, and the
positioning accuracy is gradually improved, which proves
that the proposed algorithm has a good application effect
for the large-span blind environment. Finally, the positioning
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FIGURE 18. The comparison of the proposed method effect.

FIGURE 19. The comparison of vertical large-span positioning results.

result after optimization layout proposed in this paper is
102.4265 meters. The positioning result of optimized layout
and filtering noise is 16.5396 meters. The final positioning
result of optimized layout and filtering noise and particle
filtering proposed in this paper is 6.23meters(TTD≈ 0.52%).
As shown in Fig. 19, the proposed method is applied to the

vertical large-span positioning effect as shown in the figure
below. In this paper, the height error before and after the
application of the optimization method is 13.21 meters and
4.56 meters. It can be seen that the method proposed in this
paper also has a certain suppression on the high divergence
of vertical large span.

2) ANALYSIS
Through vertical span and horizontal large span experiments,
it can be seen that the proposed method has a certain opti-
mization effect on the positioning effect of long-term blind
environment. It can be seen from Fig. 15 that the GAFN can
be effectively extracted by genetic optimization, and then the
noise signal is inversely processed to complete the filtering
process of the real signal. The experimental results show that
the signal-to-noise ratio is effectively improved. The signal
quality is good. It can be seen from Fig. 16 that, the influence
of the heating of the main control unit on the gyro in the
IMU, which is after the thermal optimization of the layout,
is significantly reduced, so the layout optimization method
proposed in this paper is real and effective. It can be seen

from Fig. 17 that the IPCPF can truly observe the state of
the system, effectively suppress the heading divergence and
correct the systematic error. It can be seen from Fig. 19 that in
the application of vertical large span, the optimizationmethod
of this paper has a good effect on the positioning result. In the
long-term upstairs process, the height does not cause diver-
gence due to the long exercise time, but also goes upstairs.
The first half of the process has good positioning accuracy.
In the process of going downstairs, due to the accumulation
of trial errors, a high degree of deviation occurs, but this is
inevitable, but the method proposed in this paper has always
been effective against the height deviation of the traditional
navigation frame.

VI. CONCLUSION
At present, most methods for improving the accuracy of
pedestrian positioning are algorithm optimization and multi-
condition detection to improve its effect. However, the posi-
tioning effect for the large span blind environment is not
good. In order to achieve higher accuracy requirements and
be useful in the mentioned above environment in the practical
application of engineering, a solution to improve the synchro-
nization of hardware and algorithms is urgently needed.

The above research and related experiments verify the
optimized processingmethod of array distributed IMU in per-
sonal positioning. Firstly, the front-end data pre-processing
and hardware layout of pedestrian navigation are used to
solve the problems of delay, instability and fixed error in the
general methods, and it has solved the impact of hardware
system’s heating on the whole positioning system in the large
span blind environment, thus improving the data quality of
the inertial sensor; by introducing the Fourier series to ana-
lyze the thermal resistance distribution of the circuit board,
8 IMUs are reasonably laid out on the basis of ensuring the
working performance of the components. Themaximum tem-
perature of the core board is reduced by 3.537 ◦C, which is
4.23% lower than before optimization. And the average tem-
perature is reduced by 2.83 ◦C. At the same time, reasonable
temperature compensation is implemented for each IMU.
It also improves and guarantees the quality of navigation
data to some extent. In summary, the front-end processing
provides a good and reliable data source for the post-solving
part. In the back-end information fusion of the pedestrian
navigation system, based on the common particle filtering
method, the Pearson coefficient adapted to the high dynamic
nonlinear system is introduced to effectively improve the
inherent problems of particle degradation and particle deple-
tion. The high-precision pedestrian positioning process in
the large span blind environment is finally completed. After
the above optimization, on the existing basis, The horizon-
tal large-span positioning accuracy is only 6.23m (TTD ≈
0.52%), and the vertical large-span positioning accuracy is
only 4.56m (TTD ≈ 7.6%).
In the process of research and experiment, we also found

the problems that need to be improved in the future research
plan: for example, the application of the noise reduction
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algorithm requires a more accurate noise signal as a refer-
ence. And if the static noise signal is not accurate enough,
the noise reduction effect will have an impact. At the same
time, it is necessary to extract the static signals of multiple
sensors to obtain the optimized sequence corresponding to
them. The optimized sequence is not universal, and needs
to be acquired for different sensors, which consumes a lot
of time cost; the improved Pearson particle filter algorithm
has a large performance improvement compared with the
traditional particle filter, but there is still some deviation in
the estimation of the real system error. It is necessary to
increase the constraint conditions of observation channel and
the measurement channel to improve the accuracy of their
estimates in the following research.
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