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ABSTRACT

Ultra-wideband technology has been extensively used for indoor positioning, but there are
problems such as random errors in ranging and asymmetric topological grouping of base stations.
To reduce the influence of random error on positioning accuracy, this paper proposes a least square-
adaptive vector projective iteration (LS-AVPI) algorithm. First, the range error equation is
established based on the vector projection angle relationship, and the learning rate is introduced into
least square correction in the iteration. Then, the parameters such as the projection angle are
optimized by the sparrow search algorithm based on the root mean square error, and the data set is
used to train the convolutional neural network (CNN). Next, ranging information and least square
solution are fed into the CNN to obtain the optimal parameters, and the parameters are input into
the positioning model to obtain the label position. In the static experiment, LS-AVPI achieves 50 %,
30.4 %, 54.1 %, and 32.8 % higher accuracy than the constrained weighted least square, iterative
least square, least square, and two-step weighted least square methods, respectively. In the dynamic
experiment, LS-AVPI achieves 47 %, 31.1 %, 47.4 %, and 31.7 % higher accuracy than other
algorithms, respectively.
Keywords: ultra-wideband; random error; vector projection; sparrow search algorithm;
convolutional neural network



Introduction

During the urbanization process, there are changes in people's lifestyles and needs. According
to statistics, individuals spend 70% to 90% of their lifetime indoors!. With the development of
network technology, the integration of the Internet of Things (IoT) with daily life has become a
prominent trend. In this context, the availability of location information for individuals, equipment,
and products is a crucial prerequisite for realizing [oT applications. From parking navigation to
library book navigation and hospital department guidance, there is a wide demand for indoor
positioning technology. Though global satellite positioning systems such as the Global Positioning
System (GPS) and the BeiDou Navigation Satellite System (BDS)>? can provide users with reliable
real-time location information, they are still faced with various challenges in indoor positioning
applications.

Numerous positioning technologies are available, such as WiFi, Bluetooth, Zigbee, Radio
Frequency Identification (RFID), Ultra-Wideband (UWB), visual, audio, 5G, etc.*!°. Among them,
UWB technology stands out owing to its characteristics including high bandwidth, strong anti-
interference capability, high security, low power consumption, and low device cost!!. It has been
widely used in fields such as military, medical, and rescue operations, making it a research hotspot
in the indoor positioning domain'>!3,

In the research on UWB positioning, most coordinate calculation methods rely on distance
measurements. However, due to environmental interference, there are random errors in the distance
information measured by UWB. To reduce the impact of measurement errors on positioning
accuracy, references 14-17 processed the noise in the measured signals by using denoised data.
Therefore, improving the accuracy of distance information helps to achieve a better positioning
solution.

To enhance positioning accuracy, scholars have introduced deep learning into the field of
indoor positioning'®. References 19-22 utilized deep learning-related algorithms to classify data
features or calculate key values for fusion algorithms. This approach effectively improves signal
classification and positioning accuracy and provides a new direction for parameter optimization.

Many intelligent optimization algorithms have been developed, such as the Sparrow Search
Algorithm (SSA)?, Grey Wolf Optimizer (GWO)?*, and Whale Optimization Algorithm (WOA)?.
Based on the research of literature 26-32, the use of an intelligent optimization algorithm can
improve the key value or fitness optimization, and the optimal value affects the subsequent
positioning solution. Intelligent optimization algorithms and deep learning can form a connection,
providing an idea for optimization.

Since the ranging information can be expressed by various equations and relationships, this
paper proposes a least square-adaptive vector projective iteration (LS-AVPI) algorithm. The ranging
error equation is established based on the geometric relationship of vector projection. Referring to
the research of literature 33, SSA is employed to optimize the initial angle and other variables with
the optimal root mean square error (RMSE), and the data set is established to train the convolutional
neural network (CNN). Then, the ranging information and the least square results are fed into the
network for parameter prediction. Finally, the coordinates of the label are obtained by using least
square-vector projective iteration (LS-VPI).

Principle
UWB Ranging Principle
The experiments in this paper utilize the DWM1000 localization module to obtain the distance



information between the base station and tag through double-sided two-way ranging (DS-TWR),
which can reduce the excessive measurement error due to the clock offset**. DS-TWR is based on
single-sided two-way ranging (SS-TWR) with one additional base station communication. Its

ranging principle is shown in Figure 1.
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Figure 1 The ranging principle of DS-TWR

Device A initiates the first ranging message proactively, device B responds, and then device A

receives the data and immediately returns the data to obtain four time differences: 7,,,,1» o1 5

T par»and T, .. Signal flight time can be calculated from the above information, see equation
(D).
T _ (leundl m:'allndZ B ]:'eplyl m:"eplyZ) (1)
prop
(Z‘oundl + T;oundZ + T;'eplyl + T;eplyZ)

Let the electromagnetic wave propagation speed in the air be ¢ and the distance between

equipment A and equipment B be D, . Then, we have

D, =Tl
AB ¢ prop (2)

Trilateral Positioning Principle
The trilateral positioning algorithm takes the base station as the center of the circle, the distance
from the base station to the tag as the radius to make a circle, and the tag position is the intersection

of three circles. The positioning principle is illustrated in Figure 2.

AR

Figure 2 Trilateral positioning principle

Let the coordinates of the base stations be (xl. , Vs ) ,i =1,2,3 . The distance from the base station



to the tag is denoted by d,, and the tag position is represented by (x, y) . Then, the system of
equations for determining the tag position can be constructed, as shown in equation (3).

d =G =) + (3 - )

d, =06 =3 + (3 —y) > i=1,2,3 3)

dy=\(x,=x) + (3, - y)

Equation (3) can be solved by the Least Square (LS) method, which transforms the system of
equations into an LS matrix form, as shown in equation(4).

_ 2()C2_-x1) 2(y2_y1) ,b: dlz_d22_K12+K22 ,i=1,2,3 (4)
2(x—x) 2(n-») dif —d - K+ K

K,=+/x>+y} , and let X =[x,y]" . Then, the LS solution of the trilateral localization
algorithm can be obtained as
X = (4" 4y 4D )

Least Square-Adaptive Vector Projection Iteration

LS-AVPI first searches for the initial angle, learning rate, and threshold by using SSA; then, it
combines the search results with the LS results to form a dataset, and employs this dataset to train
the CNN to predict the new data. Finally, the output parameters and distance data are input to the
LS-VPI to obtain the final position of the tag.
Least Square

The LS-AVPI algorithm takes the LS solution as the initial iterative position. The equation in
the case of multiple base stations is given below: The base station changes from 3 to M in the
trilateral positioning algorithm.

d, =G =% + (3 - y)

dz=\/(xz—X)2+(yz—y)2, 1123 M (6)

2
d, :\/(xl. —x) +(yi —y)
The system of equations is transformed into an LS matrix form in equation (7).

2(x,-x) 2(y,-») d’-d}-K’+K;’

2(x3_xl) 2(y3_y1) dlz_dsz_K12+K32

A= ,b= ,1=1,2,3---M (7)

2(x-x) 2(n-») d>-d>—K>+K>

K, =4x>+y’ ,and let X = [x, y]T . Then, the LS results can be obtained using equation (5).

Least Square-Vector Projection Iteration
In UWB positioning calculations, the accuracy of distance measurements has a significant

impact on the positioning results. However, eliminating ranging errors is challenging. Therefore,



this paper employs a projection method to establish a measurement error equation and utilizes an
iterative approach to determine the tag's position.

In two-dimensional space, as shown in Figure 3(a), AB=a and CD=b. The process of

projecting vector a onto vector b is as follows: Through the start point 4 and the endpoint B of

AB , make the vertical line of the line where CD is located, and the vertical foots are 4,5

respectively. Then, 4B, is the projection vector of vector @ onto vector b . Move the start point
to the same point O as shown in Figure 3 (b), then OM =a,0ON =b,and MM, , LON at point

M, . Then, OM, is the projection vector of vector a onto vector b .
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Figure 3 Spatial projection
Make a vertical line from M, to OM , M\PLOM atpoint P in Figure4,and 6 =6, .

If the coordinates of points O,M are known, then the length from point O to point M can be

expressed as:

dyy =dy, (€036, +d,,, (56, ®)

(6] | =N
Figure 4 The projection of an auxiliary line

Let d,,, =x.,d,,, =1y ,equation (8) canbe rewritten as d,, =x,[cos6) +1y,[5ind,. Let

the coordinates of the base station be (xl., yl.),i =1,2,3---M and the tag coordinates be (x,y).



Then, Ux=x-x,[ly=y—y,. The distance d, from the base station to the tag can be expressed

as:
d; =1x(tos g, +ylsin 6, 9

The error equation is formed based on the plumb line distance obtained from vector projection
and DS-TWR measurement distance:

gi=|(x—xi)Ebosz9I. +(y—y,.)[sin6’l.|—dc (10)

In equation (10), & represents the ranging error, which is the difference between the distance
obtained by the projection method and the observed distance, and 6, represents the angle of the
corresponding projection vector. d, represents the observed distance from the base station to the

tag using DS-TWR, and i=1,2,3---M . The derivatives of equation (10) with respect to x,y,6,

are obtained as follows:

o0&, ) .

a—’ = sign((x —x,).cos& + (¥ —y,)5in 6 ) os b,
X

%zsign((x—xi)[bos@i +(y—y,)5in 6 )5in 6, (11)
V

% = sign((x — x,)Ltos &, + (y — y, )81 6))(y — y,)cos b, — (x —x,)5in b))

i

In equation (11), the sign is the current sign, and by the property of projection, % is the
X

2

rate of change of the error function in the x-direction, is the rate of change of the error function

i

. o og, . o o
in the y-direction, and —- is the rate of change of the error function in the direction of 6 . Due

i

to the large number of base stations, for ease of computation, the rates of change in all directions

. . . Os
are summed. However, after summation, the accumulation of angles in 20 may lead to

i

. oe. .
excessively large updates. Therefore, the mean of — is taken.

i



o€,

Ox, = —
X, = sum( . )

O€.

g =) (12)
sum(%)
ng,=———~-—
n

Next, the iterative equations are formed to find the parameters associated with the position
update and to control the degree of change in LUx,,ly,/[16,. Meanwhile, the learning rate « is

introduced to update the change parameters in the position iteration.

x, =x,_, —alllx,

Ve =Y —allly, (13)
6, =06,_, —alllf,

In equation (13), k£ denotes the current moment, and k-1 denotes the previous moment.

During the solving process, the initial position of the tag in equation (13) can be obtained by
using LS in equation (5). The iteration process terminates when the preset number of iterations or
iteration threshold is reached, and the final coordinates are output. The flowchart of LS-VPI is
demonstrated in Figure 5.
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Figure 5 The flowchart of LS-VPI
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Sparrow Search Algorithm

SSA is mainly developed based on the behavior of the sparrow population to solve the
optimization problem of the objective function. The population foraging for food is divided into two
categories: finders and followers. The finders and followers change dynamically throughout the
foraging process, and when a follower is in a position where there is more food, it is updated as a
finder. The whole process is represented as follows:

1 2 a

'xl 'xl e e xl

1 2 a

x x Y e x
X=\"2 " . 7 (14)

1 2 a

le xm Y e xm

where xf (i=1,2,3,---,m;k=1,2,3,---,a) represents the position of the sparrow, i.e., the k-th

dimensional component of the i-th sparrow.
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where f([x x’ - x'])i=1,2,3,---,m) is the fitness value of the i-th sparrow. F,

1

represents the location distribution of the sparrow population.

X;"/bep(—Lj if R, <ST

X = an (16)

X+ 0L if R >ST

where X| (i=1,2,3,---,m;k =1,2,3,---,a) is the k-th dimensional component of the i-th sparrow

i

at the #-th iteration. « € [0,1] is a random number generated from a uniform distribution. 7 isa
constant representing the maximum number of iterations. R, € [0,1] is a random number
generated from a uniform distribution, and it represents the warning threshold. S7 € [0.5,1] isa

constant representing the safety threshold. ( is a random number generated from a standard

normal distribution, and L represents a 1xa matrix, with all elements equal to 1. The locations
of the finders are updated based on the current warning results.
The positions of the followers are updated as follows:

X worse X 1[ j . n
Qlexp| o4 if >3
X = l (17)

t+1 1+1
XX, - X,

L it i<t
2

where X, represents the current optimal position occupied by the finders, and X

worse

represents
the current globally worst position. A represents a 1xa matrix, where each element is randomly
assigned a value of 1 or -1, and A" = 4" (AAT )71 . When i< %, it indicates that the i-th follower

with a lower fitness has not obtained food and needs to fly to another location to forage for more
energy.

In equation (17), the conditional judgment of early warning is introduced. The random
generation of a part of the boundary in the population realizes reconnaissance and early warning,
providing reliable safety information for population foraging. The location update is represented as

follows:
1+1 Xlt)est + ﬂqX;’f - Xl:est lf fz > fg
Xi; = t X=Xl . (18)
Xi,j + K f,—f,+0 1f fz = fg



where X,

4wy denotes the current global optimal position, S is a random number generated from

a standard normal distribution to control the step size, K € [—1,1] is a random number generated
from a uniform distribution. f; represents the fitness value of the current sparrow individual;

f ,f are the fitness values of the current global best and worst positions among sparrows, and

g2’ w
their relationship affects the distribution of populations. & is an infinitesimal constant used to
avoid the situation where f —f equals 0. K controls the direction and step size of the sparrow's

movement during this process.
As the core component of the SSA, the fitness function is the RMSE between the optimal tag
position and the real position in LS-VPI.
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Data » fitness value and > of Finders, =
parameter sort followers, sentinels
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Fig. 6 SSA flowchart

For LS-VPI, the parameters include the initial angle, the number of iterations, the learning rate,
and the conditional threshold. Among them, the number of iterations can be set as a constant. The
optimal values of the other three parameters need to be searched. The optimization dimension is 3,
so a equals 3 in equation (14).

Convolutional Neural Network

CNN is a deep feedforward neural network with local connection and weight sharing. It has
the ability of representation learning, which is composed of the input layer, the convolution layer,
the pooling layer, the fully connected layer, and the output layer. Its weight-sharing network
structure is similar to the biological neural network, which reduces the complexity of the network
model and reduces the number of weights. Owing to its excellent input offset invariance and the
ability to learn complex models, CNN can eliminate the need for preprocessing input data and
exporting low-dimensional input vectors, followed by the convolutional and pooling layers.

The role of the convolutional layer is to perform a convolution operation on the input data,
which can be considered as a filtering process. The convolution kernel is a window filter, and a
custom-sized convolution kernel is used as the sliding window to convolve the input data during the
network training process. The purpose of the convolution operation is to extract different features



of the input, and it consists of many convolutional units, each of which has its local input-receiving
domain. It comprises several individual artificial neurons that are vertically organized into planes
with different weights to perform multiple feature extractions for the same input. The weights of a
unit are shared with all units in the layer, and all units in that layer generate a set of outputs that are
passed to the next layer.

There are two important parameters in the convolutional layer, which are bias and activation.
The function of the bias vector is to perform a simple linear addition on the convolution data, i.e.,
the convolution data is added to the data in the bias vector. To increase the nonlinear ability of the
network, the activation function is employed to activate the data. After each convolutional layer, a
linear correction unit layer is usually introduced. The Rectified Linear Unit (ReLU) is selected as
the activation function in this layer. The expression is as follows:

f (x) =max (0,x) (19)

If x > 0, the function takes the value of x; if x < 0 the function takes a value of 0. The ReLU
function has a good fitting effect in the neural network, and the operation is simple, which
significantly improves the operation efficiency of the machine. After the linear correction unit layer
is the pooling layer. The pooling layer has the advantages of feature dimension reduction, translation
invariance, preventing over-fitting to a certain extent, and facilitating optimization.

The structure of the CNN chosen in this paper is as follows :

Jfax 3
16@1x1 Maxpooll 64@1x1 Maxpool2 128@1x1 Maxpoadl

= ‘ ‘ ‘ ‘ '> '7
Intermediate Dropout Dropout Dropout Dropout
parameters -

l6@1x1 32@1x1 64@1x1 128@1x1 256@1x1

Figure 7 The structure of the CNN

To sum up, the implementation process of the LS-AVPI algorithm consists of two stages: the
database preparation stage and the solution stage. The database preparation stage is to adaptively
solve the optimal initial angle, learning rate « and threshold. Firstly, SSA is employed to
determine the corresponding initial angle, learning rate, and threshold search according to the known
point information in the training set. The ranging information, LS results, and the corresponding
optimal parameters are combined into the training set, which is then imported into the CNN. The
ranging information and LS results are input, and the optimal initial angle, learning rate, and
threshold are output for training. The solution stage is to initialize the optimal parameters and the



number of iterations predicted in the adaptive stage and take the least square estimation solution as
the basic solution into the iterative calculation to output the final coordinates. The operation flow of

the LS-AVPI algorithm is shown in Figure &:

Dsitance information . . .
. < »{ CNN optimal Model »{  Optimum parameter
T'rue value
A
v A 4
Initialize the iteration
initialization parameter CNN train threshold and the number
of iterations
A
\ 4 A
Calculate fitness Train set Test set LS results
J F
\ 4 | \ 4
—> Sort fitness value Component data set Update parameters
A
No
\ 4
. Minimum RMSE
Update sparrow location
corresponds to angle
Yes |
Yes
A 4
Calculate fitness and aximum number o ., .
. . i Final coordinates
update location iterations
N

Figure 8 The flowchart of the LS-AVPI algorithm

Results

The test site is a square area of 8.5m x 8.5m, and the actual coordinate data is measured by
the total station. The total station is installed outside the test site, and a custom coordinate system is
established. Six base stations are set up in the experimental area. The base stations are xx (229.87
cm, 215.4 cm), 00 (755.85 cm, 901.99 cm), 01 (1493.26 cm, 506.79 cm), 02 (938.74 cm, -186.51
cm), 03 (1219.2 cm, 174.54 cm), and 04 (474.51 cm, 552.1 cm). The location distribution is shown

in Figure 9.



Figure 9 The measurement diagram
Static measurement is performed first. Ten positions are randomly placed in the measurement
area, and six base stations are observed at the same time to obtain the distance information from the
tag to the base station. The true coordinates of points near the label are measured. The measurement
results of the nearby points are marked as the training set, and the measurement results of the 10
points are marked as the test set to complete the collection of static experimental data sets. The

position of the point is illustrated in Figure 10.
750
700
650 *
600 | *
550 -
500 |-
450 -
400 *
350 *
300
250
200
150 -
100 |
50+

* tag

Y(cm)

*

1 1 1 1 1 1 1 1
600 650 700 750 800 850 900 950 1000 1050
X(cm)

Figure 10 The position distribution of the ten points
To verify the effectiveness of the algorithm when the base station adopts a non-standard
rectangular topology, the data of four base stations are selected from six base stations to enrich the
data set. The algorithms chosen for comparison in this experiment include constrained weighted
least square (CWLYS), iterative least square (ILS), LS, and two-step weighted least square (TSWLS).
Among them, LS and TSWLS are classic time-of-arrival algorithms, CWLS is greatly affected by
the weight, while LS-AVPI also involves iterative operations. The weighted matrix is a unit matrix,



the number of iterations is 1000, and the experimental accuracy evaluation metric is RMSE. The
results are demonstrated in Figure 11 and Figure 12.
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Figure 11 The position of the ten points and comparison of RMSE
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Figure 12 Comparison of a single point position

Figure 11(a) shows the positioning results of each algorithm. Specifically, the results of each
algorithm are distributed near the true value, and there is no large offset. The positioning results of
LS-AVPI are closer to the true value. At (859.84cm, 124.66¢cm), the results of CWLS, ILS, LS, and
TSWLS are slightly farther than the true value. The positioning results of LS have the largest
deviation, and they are all located on the left side of the true value. However, LS-AVPI corrects LS
results nearest to the true value, so it obtains better positioning results than other algorithms. Figure
11(b) shows the comparison of the RMSE of each algorithm. The RMSE of LS-AVPI is the smallest

among all the comparison algorithms. The detailed data are listed in Table 1.
Table 1 The RMSE of each algorithm (cm)

CWLS ILS LS TSWLS LS-AVPI

54 5.7 6.1 5.6 33




2 6.7 43 8.2 4.2 3

3 8.8 8.4 8.8 8.8 7

4 7.4 5.6 7.4 6.4 0.4
5 11.8 9.5 12.6 9.5 7.6
6 9.5 5.4 10.7 54 3.6
7 7.4 54 8.7 5.2 2.7
8 7.8 6.8 8.7 6.6 4.8
9 9.2 4.5 9.3 4.2 2.1
10 9.1 4.7 9.2 4.7 3.8

The average root mean square errors of CWLS, ILS, LS, TSWLS, and LS-AVPI are 8.3 cm,
6 cm, 9 cm, 6.1 cm, and 3.8 cm, respectively. At the fourth point, the minimum root mean square
error of LS-AVPI reaches 0.4 cm, which is 94.6 %, 92.9 %, 94.6 %, and 93.8 % higher than other
algorithms. In terms of the overall average root mean square error, the accuracy of LS-AVPI is
improved by 54.2 %, 36.7 %, 57.8 %, and 37.7 % respectively compared with other algorithms.
Five points parallel to the y-axis of the survey area are selected, and three sets of positioning data
are selected for each point. The results are presented in Figure 13.
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Figure 13 Comparison of three-times measurement positioning
In Figure 13, Points 1 to 5 are the three-times positioning positions of each algorithm at each
point. Due to the deviation of the distance data of the equipment positioning, the positioning results
of CWLS, ILS, LS, and TSWLS all exhibit certain regularity and are distributed on the same side
of the real value. Since LS-AVPI is developed based on the LS results, it presents the same
distribution as the LS in the positioning of Point 1 and Point 4. However, in the overall distribution,
LS-AVPI positioning results are more evenly distributed. LS-AVPI has a smaller RMSE overall.
The results are presented in Table 2.
Table 2 The RMSE of each algorithm measured three times. (cm)

ithm CWLS ILS LS TSWLS LS-AVPI




m\

1 5.5 5.5 5.6 54 4.1
2 4.5 52 46 51 45 52 4.5 5 3.5 3.9
3 5.5 53 55 52 4.1
4 7.7 6.2 7.7 6.8 34
5 7.1 8 6.1 6 7.1 8 6.6 6.4 5.6 43
6 9.2 5.8 9.2 5.7 3.9
7 8.8 6.9 8.6 7.7 54
8 7.8 84 69 66 78 84 7.6 7.3 4.6 52
9 8.7 6 8.8 6.6 5.6
10 9.5 54 10.7 54 3.6
11 8.1 87 41 48 94 10 4.1 4.7 24 3.2
12 8.6 4.8 10 4.7 3.5
13 8.6 6.2 10.6 6.1 3.7
14 6.7 7.1 43 47 82 87 4.2 4.6 3.4 3.3
15 5.9 3.5 7.4 34 2.9

In Table 2, for each algorithm, the first column shows the RMSE, and the second column shows
the average of the three results at the same point. The average RMSE values of CWLS, ILS, LS,
TSWLS, and LS-AVPI are 7.5 cm, 5.4 cm, 8.1 cm, 5.6 cm, and 4 cm, respectively. Compared with
other algorithms, LS-AVPI has 46.7 %, 26 %, 50.6 %, and 28.6 % higher accuracy, respectively.

The dynamic test involves a rectangle and a straight line, and the positioning sampling is
performed every two steps. The straight line selects two routes, which are parallel to the x-axis and
the y-axis, respectively. When traveling along the marked rectangular route, the establishment of
the data set is the same as that of the static experiment. The points on the route are those of the test
set, and the points measured on both sides of the route are the test set. The positioning results of the

rectangular route are shown in Figure 14.
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Figure 14 The positioning results of the rectangular route
Since the measuring area is an oblique rectangle, the measuring points are inclined. Figure 14(a)
shows the positioning results of each algorithm. Compared with LS, CWLS, ILS, and TSWLS, the
positioning result of LS-AVPI is closer to the true value position. Because the upper half of the
rectangle is closer to the base station laid horizontally in the measuring area, the data will be
disturbed, and the random error will increase, but LS-AVPI still obtains a better positioning effect



than other algorithms. Figure 14(b) shows the comparison of the RMSE, and the results show that

LS-AVPI is superior to other algorithms. Figure 15 illustrates the result of single-point positioning.

Combined with Table 3, the positioning advantages of LS-AVPI can be seen more intuitively. The
average RMSE values of CWLS, ILS, LS, TSWLS, and LS-AVPI are 11 cm, 7.8 cm, 11.1 cm, 8 cm,
and 4.8 cm, respectively. At the 3rd and 5th points, the RMSE of LS-AVPI reaches 0.8 cm and 0.3
cm, respectively, and the positioning accuracy is higher. Compared with CWLS, ILS, LS, and
TSWLS, the positioning accuracy is increased by 81.4 %, 82.2 %, 84 %, and 82.6 %, respectively.
In the overall mean square error comparison, the accuracy of LS-AVPI is improved by 56.4 %,

38.5 %, 56.8 %, and 40 % respectively compared with other algorithms.
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Figurel5 The single-point positioning results of the rectangular route
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Table 3 The RMSE of each algorithm for the rectangular route

\a'l'ge.Lithm

CWLS

ILS

LS

TSWLS

LS-AVPI




m\

1 54 53 5.5 52 4.1
2 7.7 6.2 7.7 6.8 34
3 43 4.5 5 4.6 0.8
4 21.4 16.9 214 17 7

5 9.2 4.5 9.3 4.2 0.3
6 235 20.8 23.9 20.7 18
7 7.7 4.8 7.8 5.6 2.2
8 11.1 9.5 11.2 10.1 6.9
9 9.5 2.7 9.5 2.7 2.6
10 10 2.5 10 3.6 3.2

In the straight part, the transverse direction is parallel to the x-axis direction of the survey area.
The results are as follows. In Figure 16, each small rectangular area shows the positioning results
of'the five algorithms. The results of CWLS, ILS, LS, and TSWLS show aggregation characteristics,
and their positioning performance tends to be consistent, while the results of LS-AVPI tend to stay
away from the aggregation area and close to the true values, thereby reducing the error and
improving the accuracy. Combined with Table 4 and Figure 17, the maximum RMSE of most
column points is greater than 15 cm, and the maximum value is 23.9 cm. After the treatment of LS-
AVPI, the maximum RMSE is 18 cm, which is 23.4 %, 13.5 %, 24.7 %, and 13 % higher than that
of CWLS, ILS, LS, and TSWLS, respectively. Overall, the mean RMSE values of CWLS, ILS, LS,
TSWLS, and LS-AVPI are 19.6 cm, 17.8 cm, 19.9 cm, 17.9 cm, and 13 cm, respectively. Compared

with other algorithms, the accuracy of LS-AVPI is improved by 33.7 %, 27 %, 34.7 %, and 27.4 %,
respectively.
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Figure 16 The positioning results of the parallel X-axis route
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Figure 17 The positioning accuracy of the parallel X-axis route

Table 4 The RMSE of each algorithm in parallel X-axis route (cm)
algorithm
) CWLS ILS LS TSWLS LS-AVPI
point

1 20.6 20.5 20.6 20.5 15.9
2 20.9 19.5 21.4 19.5 11.2
3 23.1 20.3 23.1 20.3 15.3
4 18.4 16.5 19.1 16.5 10.7
5 235 20.8 23.9 20.7 18

6 11.1 9.5 11.2 10.1 6.9

The longitudinal route is a straight line parallel to the y-axis of the survey area. The results are

presented in Figure 18, Figure 19, and Figure 20.
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In the comparison of the position of the points, the positioning results of CWLS, ILS, LS, and
TSWLS are still concentrated and relatively scattered near the true value, but they do not show high
accuracy in a single direction. Combined with Figure 20, LS-AVPI shows high accuracy in the Y-
axis direction, so its positioning accuracy in the Y-axis direction is not affected as much as possible,
and only the error in the X-axis direction should be concerned. Combined with Table 5, the RMSE
of LS positioning is approximately 10 cm, which is significantly worse than that of ILS and TSWLS.
After LS-AVPI treatment, the maximum RMSE is 7.2 cm, which is 37.4 %, 22.6 %, 37.4 %, and
24.2 % higher than that of CWLS, ILS, LS, and TSWLS. Generally, the average RMSE values of
CWLS, ILS, LS, TSWLS, and LS-AVPI are 10.8 cm, 6.2 cm, 10.8 cm, 6.4 cm, and 4.7 cm,
respectively. The accuracy of LS-AVPI is 56.5 %, 24.2 %, 56.5 %, and 26.6 % higher than other
algorithms.

Table 5 The RMSE of each algorithm for the longitudinal route (cm)
\%
. CWLS ILS LS TSWLS LS-AVPI
point
1 13.0 6.1 13.0 5.5 4.0
2 9.9 4.5 9.9 5.7 3.6
3 10.3 8.5 10.3 8.9 6.3
4 11.5 9.3 11.5 9.5 7.2
5 9.5 2.7 9.5 2.7 2.6

The above has shown the dynamic point test of the algorithm. Only by comparing a certain
route or scatter, it does not reflect the overall performance. The following compares all the data in
the static experiment and the dynamic experiment respectively. The results are demonstrated in
Figures 21 to 24.
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In Figure 21, the mean and median of the positioning results of LS-AVPI are smaller than those
of other algorithms. Combined with Figure 22, Figure 23, and Figure 24, the label is less disturbed
in static experiments, and the standard deviations of the five algorithms are similar. The average
RMSE values of CWLS, ILS, LS, TSWLS, and LS-AVPI are 7.8 cm, 5.6 cm, 8.5 cm, 5.8 cm, and
3.9 cm, respectively. The average RMSE of LS-AVPI is lower than that of CWLS, ILS, LS, and
TSWLS. Compared with other algorithms, the accuracy is improved by 50 %, 30.4 %, 54.1 %, and
32.8 %, respectively. The standard deviation of LS-AVPI is smaller than that of CWLS, ILS, LS,
and TSWLS, and the results exhibit a small fluctuation. The average RMSE values of CWLS, ILS,



LS, TSWLS, and LS-AVPI are 13.4 cm, 10.3 cm, 13.5 cm, 10.4 cm, and 7.1 cm, respectively.
Compared with other algorithms, the accuracy of LS-AVPI is improved by 47 %, 31.1 %, 47.4 %,
and 31.7 % respectively. Combined with the positioning accuracy in the X and Y directions in the
static and dynamic states in Table 5, the LS-AVPI algorithm has the smallest error in each state and
direction. In general, LS-AVPI performs better than CWLS, ILS, LS, and TSWLS.

Table 6 Errors in the X and Y directions (cm)
algorithm
CWLS ILS LS TSWLS LS-AVPI
error
Static X direction 4.5 2.1 5 2.1 2.1
Static Y direction 6.1 4.8 6.5 4.9 2.7
Dynamic X
o 11.5 7.2 11.7 7.1 53
direction
Dynamic Y
o 6 5.5 5.9 5.8 3.6
direction
Discussion

The LS-AVPI algorithm is proposed in this paper to improve the localization accuracy of UWB
by using the distance estimation method and addressing the random error in UWB localization with
asymmetric topological placement of base stations.

In this paper, the LS-AVPI algorithm is proposed cutting the angle into the UWB positioning
settlement. Then, the error equation is established according to the projection relationship, and it is
adjusted by iteration. The positioning model is employed as the fitness function of SSA. Considering
the update of the fitness function, the measured true value is taken. For the process of estimating
parameters with known true values, the measurement is fixed-point, a more stable CNN is used for
learning, and the prediction results are fed into the iterative model to calculate the final positioning
results. Experimental results show that LS-AVPI is superior to the other four algorithms in
positioning accuracy, mainly in the single-axis direction. Since the learning rate is utilized to correct
the single-axis error in the iteration, the positioning result is more inclined to the high precision of
the single-axis, and the result in other axes is slightly corrected to ensure the improvement of its
overall accuracy. Because the training data contains the distance and LS estimation position
information of the asymmetric topology network structure, the model has better positioning
processing capability.

However, our method has certain defects. Due to the large number of algorithms involved, the
early adaptive phase of the algorithm has a high demand for computing resources. Meanwhile, LS-
AVPI relies on the SSA to find the optimal parameters. When there is a large error in the
establishment of the database, it will affect the final positioning results.

UWRB performs well in this experiment, but considering the environmental factors and real-
time applications, our future work will optimize the fitness function in the LS-AVPI algorithm, to
reduce the demand for computing resources and eliminate the need for neural network training for
positioning. Meanwhile, it is necessary to perform non-line-of-sight experiments and modifications
on the algorithm to enable it to achieve positioning in non-line-of-sight situations.

Conclusion

In this paper, a positioning model is constructed by vector thought, and the model parameters



are optimized by SSA. The optimal data is matched with the distance and position data to establish
the data set. Then, CNN is used to predict the parameters, and the final positioning result is solved
by LS-VPIL In the experiment, LS-AVPI achieves higher accuracy than CWLS, ILS, LS, and
TSWLS. The error is minimized by correcting the position in the uniaxial direction, and it is suitable
for the base station to form an asymmetric topology network.

(1) In the static experiment, the average RMSE values of CWLS, ILS, LS, TSWLS, and LS-AVPI
are 7.8 cm, 5.6 cm, 8.5 cm, 5.8 cm, and 3.9 cm, respectively, showing 50 %, 30.4 %, 54.1 %, and
32.8 % higher accuracy than other algorithms.

(2) In the dynamic experiment, the average RMSE values of CWLS, ILS, LS, TSWLS, and LS-
AVPI are 13.4 cm, 10.3 cm, 13.5 cm, 10.4 cm, and 7.1cm, showing 47 %, 31.1 %, 47.4 %, and 31.7 %

higher accuracy than other algorithms.
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