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SUMMARY: How to accurately and rapidly obtain target point coordinate information within
large-scale, topographically complex power line networks is a common concern for power
construction, inspection, and surveying operations. This paper proposes four coordinate
unification techniques based on the irregularity of radio wave propagation: calibrated
coordinate transformation, hand-eye calibration, feature matching, and world coordinate
systems. Simultaneously, it employs compressed sensing theory to solve the direction of arrival
(DOA) estimation for wireless positioning coordinates, incorporating a distance metric
function to enhance estimation accuracy. The DOA estimation problem is transformed into a
sparse signal reconstruction problem, utilizing an iterative shrinkage (parallel coordinate
descent) algorithm to perform scalar shrinkage on the provisional coordinate direction solution.
This establishes a parallel coordinate descent-based wireless positioning direction estimation
method. After achieving coordinate unification and direction estimation for target points,
particle filtering technology and w-KNN matching algorithms are integrated. RTK technology
Is employed to obtain the three-dimensional coordinates of target points, forming a power line
coordinate domain model. In simulation experiments, the proposed wireless positioning
direction estimation algorithm maintains relative error within [0.00, 1.00]%, demonstrating
both computational accuracy and robustness.

KEYWORDS: Coordinate Unification; Parallel Coordinate Descent; Power Line Coordinate
Domain; Wireless Positioning Direction Estimation; RTK

1 Introduction

The safe and reliable operation of transmission lines depends to a significant extent on the
health status of their equipment components. However, due to variations in material
composition and operating environments, the service life and degree of aging of these
components differ considerably [1, 2]. Consequently, the comprehensive health status of all
line equipment components becomes a critical indicator for assessing the overall health of the
transmission line. This indicator is derived from our data management of power lines, achieved
through detection, inspection, and analysis to enable effective operation and maintenance [3-
5]. Currently, power line data management primarily relies on periodic and ad hoc inspections
and examinations. Patrol personnel record the results of these activities, which are subsequently
compiled and analyzed to determine the operational status of equipment and components [6-8].
However, since most of these management tasks are phased and cyclical, coupled with non-
standardized data collection methods and field personnel recording practices, the data
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commonly suffers from issues such as poor continuity, timeliness, accuracy, and validity,
thereby diminishing its practical value [9-12].

Real-Time Kinematic (RTK) measurement systems integrate GPS surveying technology
with data transmission technology, representing a new breakthrough in GPS surveying [13, 14].
RTK measurement technology is a real-time differential GPS technique based on carrier phase
observations. Gim-RTK wireless positioning integrates 10T wireless transmission capabilities
to synchronize RTK positioning data in real time with power management systems, forming a
dynamic coordinate domain. This enables efficient power facility data management through
precise positioning [15-18].

This paper elucidates the irregularity of radio wave propagation by analyzing mathematical
definition formulas and planar projection characteristics. Building upon this theoretical
foundation, it sequentially describes four coordinate unification methods: calibration-based
coordinate transformation, hand-eye calibration, feature matching, and world coordinate system
unification. Subsequently, a DOA estimation model based on compressed sensing is introduced,
outlining its operational steps and existing limitations to establish a wireless positioning
direction estimation method for power line target points. Performance comparison experiments
are then designed to select optimal filtering techniques and classification algorithms. After
confirming the feasibility of the proposed wireless positioning direction estimation technology
through simulation experiments, an RTK-based coordinate domain model for power lines is
constructed, and its positioning accuracy performance is verified.

2 Coordinate Unification Technology Based on Radio
Propagation

2.1 Irregularities in Radio Propagation

The simplified RSS model assumes that the communication coverage of an omnidirectional
antenna is circular. In reality, due to factors such as the environment and the device itself, the
coverage of any omnidirectional antenna is not a standard circle. This characteristic can be
described by radio propagation irregularity. Radio propagation irregularities in Line-of-Sight
(LoS) environments are primarily caused by the heterogeneity of the propagation medium and
the devices. The Radio Irregularity Model (RIM) for WSN nodes is shown in Equation (1).
Note that for clarity of presentation, angle values in this chapter omit the degree symbol.

G, (d)= G, (do)_lOKzn |g[di]+ F. )

0

Here, G, ((i) denotes the received signal strength at distance d in the direction of angle
A, dy is the reference distance, » represents path loss, and F_, is Gaussian noise with

standard deviation o in the direction of angle 4. K, is the irregularity coefficient in the
direction of angle A, as shown in Equation (2).
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Rand,, , is a Weibull random variable with shape parameter « and scale parameter /.

DOI >0 represents radio propagation irregularity, whose values depend on the communication
environment and hardware equipment. «, £,and DOI can be obtained experimentally or

using empirical values. N denotes the set of natural numbers. When A isnotan integer, K,
is computed as the difference between K“J and KW’ as shown in Equation (3), where

4 e (0,360).

K, =K+ [ 2) (K=K (3)

The projections of the radio propagation irregularity model onto a two-dimensional plane
are shown in Figures 1-3, where « =0.67,,B=0.16,& =1m. It can be observed that as DOI
increases, the radio propagation irregularities become increasingly pronounced.
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Since sensor networks represent a special form of self-organizing networks, the radio
propagation irregularity model in Equation (1) is also applicable to other mobile self-organizing

networks. According to Equation (2), the difference in irregularity coefficients along the AB
and AM directions in Figure 1 should fall within a reasonable range. LVS-RI precisely

leverages this principle derived from the radio propagation irregularity model to verify node
positions (detecting SDM attacks).

2.2 Coordinate Unification Techniques

In the integrated design of Bluetooth AOA positioning systems and visual positioning systems,
coordinate unification serves as the critical step for converting the output data from both
systems into a unified coordinate system. Specific methods for coordinate unification include
calibration-based coordinate transformation, hand-eye calibration, feature matching, and world
coordinate system unification.

2.2.1 Calibration-Based Coordinate Transformation Method

The principle involves determining the transformation relationship between the Bluetooth AOA
coordinate system and the visual coordinate system (rotation matrix R and translation vector
t ) through calibration experiments, then converting Bluetooth AOA data into the visual
coordinate system. The specific process is as follows:

(1) Place multiple calibration points with known positions within the target area. Record
their coordinates in both the Bluetooth AOA coordinate system and the visual coordinate system.
Let the coordinates of a calibration point in the Bluetooth AOA coordinate system be

P :[xaoa,yao‘,j,zaoa]T and their coordinates in the visual coordinate system as

aoa

:
I:)vis = [Xvis’ yvis’ Zvis] .
(2) Calculate the rotation matrix R and translation vector t using least squares or SVD

(singular value decomposition).
Assume two sets of points: the set in the Bluetooth AOA coordinate system

Poa = {Pu Py, Py} i the Bluetooth AOA coordinate system, where p, ={x,y,,z} , and
the point set Py ={0,,0,,....qy} where g,={x’,y/,z'} . The objective is to find the
rotation matrix R and translation vector t that minimize the error as defined by Equation

(4):

4
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rr;m ZHq, (Rp; +1) H (4)

First, perform decentralization by calculating the center points of the Bluetooth AOA
point set and the visual point set as shown in Equations (5) and (6), respectively, to obtain the
decentralized point sets as shown in Equations (7) and (8).

1 N
Haoa = Wz P; (5)
i=1
1 N
Hiis = W z G (6)
i=1
Pi = Pi — Haoa (7)
0" =0 — A (8)

Then construct the covariance matrix of the decentralized point cloud as shown in Equation
(9), where H isa 3x3 matrix. Next, use SVD to obtain the rotation matrix R as shown in
Equations (10) and (11), where U and V in Equation (10) are orthogonal matrices, and X
is the singular value matrix.

N
H= Z p;'q;’ 9)
i=1
H=UzV" (10)
R=VUT" (11)

Finally, calculate the translation vector t as shown in Equation (12).
t= Hiis — Rluaoa (12)

The output data P,, from the Bluetooth AOA positioning system is transformed into the
visual coordinate system via R and t, as shown in Equation (13).

P, =RP,, +t (13)

vis aoa

2.2.2 Coordinate Transformation Based on Hand-Eye Calibration

The principle involves establishing the transformation relationship between the camera
coordinate system and the Bluetooth AOA coordinate system through hand-eye calibration. Let
the transformation matrix between the camera coordinate system and the Bluetooth AOCA
coordinate system be given by Equation (14), and the fundamental equation of hand-eye
calibration be given by Equation (15), where A in Equation (15) is the camera motion matrix
(transformation from the camera coordinate system to the world coordinate system), and B is
the motion matrix of the Bluetooth AOA system (transformation from the Bluetooth AOA
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coordinate system to the world coordinate system), and X is the transformation matrix between
the camera coordinate system and the Bluetooth AOA coordinate system.

o (R
_(0 1j (14)

AX =XB (15)

Move the camera and Bluetooth AOA system to record multiple sets of motion data
A,B.(i=12,...,N), each satisfying equation (15). Then decompose the transformation matrix

X into a rotation matrix R and a translation matrix t as in equation (14). Extract the
rotation components from the motion matrices as in Equation (16), where R, and R,

represent the rotation components of A and B, respectively. Construct a linear equation
system as in Equation (17), express the rotation matrix R as a quaternion or rotation vector,
and convert it into a linear equation system for solution.

R,R=R,R (16)
R,R—R,R=0 (17)

Extract the translation components from the motion matrix as in Equation (18), where t,
and t; represent the translation components of Aand B, respectively. Then construct the linear
equation system in Equation (19) and solve it to obtain t. Finally, convert the output data P,

from the Bluetooth AOA positioning system to the camera coordinate system using Equation
(13).

R t+t, =Rt, +t (18)
(Ry—1)t=Rt;—t, (19)

2.2.3 Feature-Based Coordinate Transformation

The principle involves matching common feature points across two systems to compute the
transformation relationship between coordinate systems.

In feature-based coordinate transformation, the RANSAC (Randomized Agreement for
Normalized Consistency) algorithm and least squares method are two commonly used
approaches for calculating the rotation matrix R and translation vector t, where the least
squares method has already been discussed in calibration-based coordinate transformation
methods.

RANSAC is a robust estimation algorithm capable of effectively handling outliers in data.
Its specific operation consists of the following five steps:

(1) First, randomly sample M points (typically M =3) from the matched point set and
use the least squares method to compute the rotation matrix R and translation matrix t.

(2) For all matched points, calculate the transformed error as in Equation (20). Then
determine inliers based on the threshold 7 :if ¢ <7, point i isan inlier.

& =|a —(Rp, +1)| (20)
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(3) Step 3: Update the optimal model. If the current number of interior points exceeds the
optimal interior point count, update the optimal model (R and t) and record the optimal
interior point set.

(4) Step 4: Iterate. Repeat steps (1) to (3) until the maximum iteration count is reached or
the interior point ratio meets the requirement.

(5) Step 5: Re-estimate the model. Using the optimal interior point set, recalculate the
rotation matrix R and translation matrix t.

After computing R and t, transform the output data P,, from the Bluetooth AOA

aoa

positioning system to the visual coordinate system as shown in Equation (13).

2.2.4 Unified Method Based on the World Coordinate System

The principle involves unifying the output data from two systems under a world coordinate
system. The operational process is as follows:
First, convert the output data P,. from the Bluetooth AOA positioning system to the

aoa
world coordinate system. The world coordinate system is a fixed reference frame, typically the
global coordinate system. The AOA coordinate system is a local coordinate system based on
the AOA measurement device.
Let the transformation matrix T convert the point P,,, inthe AOA coordinate system to

the point P in the world coordinate system, as shown in Equation (21). Here, T is

world
usually composed of a rotation matrix R and a translation matrix t, as described in Equation
(22).

Pworld =T- PAOA (21)
R t

T= ( ] (22)
0 1

The rotation matrix R is determined by the rotation angles of the AOA coordinate system
relative to the world coordinate system. Assuming the rotation order is ZY X, we have equation
(23), where y, B, represent the rotation angles about the Z,Y,X axes, respectively. The

translation vector t represents the position of the AOA coordinate system origin within the
world coordinate system, as given by Equation (24).

R=R,()R, (AR () (23)

t=[t.t,t, ] (24)

Then, the outputdata P,, from the visual localization system is transformed into the world

coordinate system as shown in Equation (25). The visual coordinate system is a coordinate
system with the camera as its origin. Methods for solving R, and t, are typically based on

calibration experiments, utilizing known world coordinate system points and their
corresponding visual coordinate system points.

I:)world = Rvis I?/is +tvis (25)

Suppose that multiple calibrated points (e.g., checkerboard grids or marker points) of known

7
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position are placed in the world coordinate system, their world coordinates P! . (i=12,...,N)

are recorded, and a vision system (e.g., a camera) is used to detect these points and record their
coordinates P! in the visual coordinate system such that Eq. (26) error is minimized to find

vis
R, and t,.
Then the least squares method is used to find R, and t,.

is

I:)world = Rvis I:z/is +tvis (26)

3 Direction estimation for wireless localization based on
parallel coordinate descent

The DOA estimation technique realizes high-precision estimation of the incidence direction of
the wireless signal source by using the signals received from different spatial bits of
communication and combining the phase delay information of the wireless signal arriving at
each channel. To address the problem of low estimation accuracy under low signal-to-noise
ratio, small snapshot, and multiple sources, the idea of parallel coordinate descent algorithm is
borrowed in this chapter to reconstruct the sparse signals and obtain the sparse coefficient
matrix of the signals, so as to improve the accuracy of DOA estimation as well as the
convergence.

3.1 DOA estimation model based on compressed sensing

The method of transforming the DOA estimation problem into a sparse signal reconstruction
problem is to generate a spatial grid by uniformly sampling within the DOA space, where each
grid point represents a potential incoming wave direction. Assume that the grid generated by

uniform sampling within [0°,180°] is 0=(8,,0,,-+,6,),N >M , where N denotes the

number of grids, M denotes the number of array elements, and r = ‘él —92‘ denotes the grid

spacing. When the grid is dense enough it can be assumed that all incoming wave directions
fall on the grid points, assuming that each possible position é, €0 corresponds to a potential
source signal §(t), i.e., the azimuthal angle of only the target signal corresponding to the
vector hydrophone output has a large magnitude, while all other azimuthal output magnitudes

are small or close to zero. Since N >M > K, i.e., the number of potential sound sources N
is much larger than the number of actual sound sources K, the K sparse signal can be
obtained as in Eq. (27):
S = (5,1, 5, 1), 5, (1) e C"* (27)
The original array manifold matrix is shown in Eq. (28):

A(0) =(a(6,)®u,a(6,)®u,, -,a(b)®u, )e CM (28)

It is also extended to an overcomplete redundant dictionary as shown in Equation (29):
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A(e)=(a(é)@ﬁl,a(éz)@)uz,---,a(éN)®0N)
~ AT (29)
e C3MN (Gk :(1,sin6k,cosek) )

This is the projection observation matrix. At this point, the DOA estimation model under
the compressed sensing problem can be obtained, and the signal model can be expressed as
Equation (30):

Y =A(@0)S+N (30)

where under L snap condition, N=(N(1),N(2),---,N(L)) e C*** is the noise vector,
Y =(Y(),Y(2),-,Y(L) e C*™* is the array received data, and the corresponding joint K
sparse signal is S=(S(1),S(2),---,S(L)) e C"*", where the j(j=12,---,L)th columnin S
represents the sparse solution obtained from the j th snap, and the angle corresponding to the
position of the non-zero element in the column is the incidence angle of the | th snap.

In summary, after obtaining the received signal model of the vector hydrophone, the angle
of the incident signal can be estimated by solving Eq. (30). To simplify the equation, let |g],

denote |,-paradigm (i.e., the number of non-zero elements), |g|, denote I,-paradigm, and

|g|, denote I,-paradigm in the following.

Since equation (30) is underdetermined and the solution is not unique, it cannot be solved
directly. According to the sparse representation theory, in order to obtain the sparsest solution
under the given conditions, the problem is transformed into an optimization problem of
minimizing the |,-paradigm number for solution, as in equation (31):

S = argmin HSHO , an
st.Y =AS+N.

Since the |,-paradigm optimization problem is an NP-hard problem, i.e., the correctness

and optimality of the solution cannot be determined in polynomial time, it is often solved by
convex relaxation methods and greedy class reconstruction algorithms. Convex relaxation
methods are global optimal class algorithms that transform the minimization |, -paradigm
optimization problem into a minimization |, -paradigm optimization problem with inequality

constraints as in Equation (32):

S= argmin HSHl
2 (32)
s.t.HY - ASH2 <’

where »* denotes the standard deviation of noise. Solving equation (32) can be transformed
into solving an unconstrained optimization problem as shown in equation (33):
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S-min afs] +3|v s} @

where A is the regularization factor.
Transforming the minimization of the |, -norm optimization problem into a generalized

linear programming problem requires solving a second-order cone programming problem. This
approach aims for accurate reconstruction by sacrificing computational complexity. The high
computational complexity makes this method difficult to apply in large-scale signal fast DOA
estimation. Currently, solving the I -norm minimization problem using MATLAB's CVX

toolbox is a common approach. However, due to the relatively slow solving speed of the CVX
toolbox, it is unsuitable for practical applications. To address these issues, this paper employs
iterative shrinkage algorithms to solve the signal reconstruction problem in compressed sensing
DOA estimation models.

3.2 Parallel Coordinate Descent Algorithm

The coordinate descent algorithm begins with a simple coordinate descent method, then
integrates such descent steps into a simpler joint step. Consider a function such as Equation
(34):

(=2 b~ Axf + 21" (¥ (34)

where p(x) = x|”, then 17 p(x) =|x|*, 4 is a real number.

The Coordinate Descent (CD) algorithm updates only one element of x at a time, leaving

all others unchanged. After m sequential operations (iterating over each element xeR™), a
converged value is guaranteed. It must be shown that each operation is achieved through
contraction.

Assume the current solution is X, . The goal is to update it based on the ith element X,[i]
of the current value. This yields a one-dimensional function of the form given by Equation (35):

1 (12
9(2) = [o—A% —a (2= x[i])], + 20(2) (35)
Here, the vector a, represents the ith column of A. a(z-X[i]) eliminates the

influence of the original value and incorporates the new value. If we denote
b =b—-Ax,+X,[i]a;, then the function becomes expression (36):

10
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9(2) = [o-az[. + @) = [b -b'az+—[a[: -2 + Ao

[l b7
=l | = 2+ p(2)
B\ SR TR 7 R )

:||ai||§ %(z |r ﬁ)} ” /1”2 p(2) |+ Constant
ill2

Since minimizing g(z) requires considering only terms containing the variable z,
removing the constant term and its coefficient from equation (36) yields equation (37):

6(2) = z-w[; +2p(2) (37)

where v, =

For the above optimization problem, the objective function G(z) can be decomposed into

m independent, identical one-dimensional optimization problems to simplify the overall
optimization task, as shown in Equation (38):

1 A
G(z)= —||z —v0||§ +—p(Z)

o A

Z( 2[K]- v, [k])’ +Ep(2[k])] (38)
= > 9(2[k], v, [K])

k=1

Here, z[k] and v,[k] denote the kth element of vectors z and v,, respectively.
For scalar functions of the form given by equation (39),

9(z.2) =§(z—a)2 +ap(2) (39)

When a convex function is chosen for p(z), it can be solved to obtain the global minimum
point of the scalar objective function g(z,a) as 2,,=S,,(a). Here S ,(a) is obtained as

a contraction function which maps the input value a to the desired output Z_. and maps

opt
values near the origin to zero (i.e., SM(a):O when |a|<T), at which point all values
outside this distance are contracted, and the threshold T and the contraction function are both
functions with respectto p and A4, which results in the globally optimal solution of G(z),
namely The globally optimal solution for g(z) is found as in equation (40):

11
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R a'b 1 :
Zopt = Sp,i/c (VO) = Sp,/llc = Sp,/l/c 2 4 (b - AXO ) +Xo [I] (40)

Jasl; Jail;

However, the above algorithm is only applicable to low-dimensional problems, the
algorithm needs to extract the columns of A each time, and it can only determine the product
between A and the accompanying array with a relatively high degree of accuracy, which
cannot be directly accurate to the matrix A, and it needs to be modified to the above method.
Since there are multiple descending directions in the process of minimizing the function and
any non-negative combination of them is also a descending direction, the results of m
iterations of the above process are combined linearly. Each step deals with one element of the
target vector, whose expression is Eq. (41):

m 1 -
Vo = Zl:ei XS, (—Za,T (b Ax0)+x0[|]J

el

1
S | —7al (b—Axe)+Xo[1]
el ”al”2
(41)

1 .
- SPWHalH; [waf (b —Ax0)+x0[|]J
2

1
S [—a} (b—Ax)+ xo[m]}

Janl;
mil2

where e; isthe m-dimensional unit vector whose ith elementis 1 and all other elements are
0. Equation (41) can be rewritten as (42):

V, =S , diag(ATA)_l AT (b—Ax,)+ xo) (42)

p,diag(ATA) 2 (

where diag(ATA) contains the number of paradigms for each column of the dictionary A.

Although each CD direction is descending, a linear combination of them may not guarantee
that the whole is descending, so a linear search is needed to find the best linear combination.
That is, the actual iterative algorithm is Eq. (43):

X = X +/1(Vk _Xk)

TR [S diag(ATA) 2 (diag (ATA)i1 AT (b—Ax,)+x, ) X } *

Where 4 is chosen as required by the linear search algorithm, i.e., the function needs to
be optimized in one dimension as in equation (44):

12
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h(u) = %Hb ~ A%, a1 =% ) + AT p(x, + (v, ~x,)) (44)

The above process is called parallel coordinate descent algorithm.
In the following, the PCD algorithm is combined with the DOA estimation model based on

compressed sensing. To ensure convergence of the algorithm, p(x) :||x||1 is chosen so that
equation (45) can be obtained:

1
{00 =2l Axf + 4[], (9

From the above derivation the optimal solution to the problem represented by Eq. (45) can

be found by replacing the vector x in Eq. (45) with the corresponding S matrix, the vector
b with the corresponding Y matrix, and the matrix A is replaced with the corresponding

A matrix. With this method, the convex optimization problem in the compression-aware
multi-snap DOA estimation model can be solved. In summary, the PCD algorithm can be
combined with the compression-aware multi-snap DOA estimation model based on
compression for DOA estimation.

4 Coordinate domain model of power line based on loT
wireless localization

This section identifies the filtering technique and classification algorithm in the form of
comparative experiments based on the coordinate unification technique and wireless
localization direction estimation proposed above. Simulation experiments are set up to evaluate
the robustness of the proposed wireless localization direction estimation technique. The RTK
technique is integrated to construct the power line coordinate domain model based on 10T
wireless positioning.

4.1 Filtering techniques and implementation of classification algorithms

This section centers on the performance validation of the localization technique proposed above,
testing the localization results under a total of four filtering conditions, namely (W4) no filtering,
(W3) mean filtering, (W2) Kalman filtering and (W1) particle filtering.

The CDF performances of this paper's localization technique under different filters for the
actual localization of 3, 4 and 5 BLE beacons are shown in Fig. 4(a)-(c) in turn, with the X-axis
coordinates being the distance between the localization results and the actual results, and the Z-
axis coordinates being the probability. When the number of BLE beacons is 3, the (W1) particle
filter shows better performance than the three filters, and 80.00% of its test results are within
2.36m error. And when 4/5 BLE beacons are used for localization, the CDF curves of all 3
filters are closer to each other at 80.00% values of 2.50m and 2.17m, respectively.

13
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Figure 4: Error CDF curves of different filters

Figures 5(a)-(b) demonstrate the error CDF curves of the particle filter and Kalman filter
when the number of BLE beacons for localization varies, and it can be seen that the localization
performance of both filters is improved to different degrees as the number of BLE beacons used
increases. It originates from the fact that when the number of BLE beacons is increased, the
recognition of each RP point is subsequently improved, which makes it easier to match to the
nearest point location and improve the accuracy.

14
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Figure 5: Error CDF curves of different BLE beacon quantities

The measured results in Figures 4-5 were obtained using the (M1) minimum Euclidean
distance matching method. To further analyze the impact of matching algorithms on positioning
results, this paper additionally employed the (M2) w-KNN and (M3) Bayes matching
algorithms to obtain CDF curves for five BLE beacons under the (W1) particle filter condition,
as shown in Figure 6. Both the (M2) w-KNN and (M3) Bayes matching algorithms significantly
improve the positioning performance of the filter within a small error margin of 2m. The (M2)
w-KNN matching algorithm demonstrates the best performance, as it does not treat any single
RP point as the positioning result. Consequently, the positioning results are more diverse and
the curve is smoother.

CDF

Figure 6: Error CDF curves of different algorithms

Based on the analysis in this section, this paper employs particle filtering technology and
the w-KNN matching algorithm to facilitate the subsequent application analysis of the proposed
models and techniques.
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4.2  Simulation Experiments for Wireless Positioning Direction Estimation

Establish a world coordinate system for the power line tower experiment. The horizontal span
is 180 cm, with the power line height at 42.00 cm above ground level at the 90 cm midpoint of
the span. The attachment points on both the left and right towers are 63.00 cm above ground
level. Based on this, obtain 13 characteristic marker points (humbered 1-13). Based on these 13
markers, three groups were defined: Group A (3, 4, 5, 9, 11, 13), Group B (2, 3, 4,5, 7, 9, 11,
13), and Group C (1-13). Table 1 presents the calculated results for the mid-span sag of the
three groups using the model algorithm in this paper. Depending on the selected reference points,
the relative errors in mid-span sag measurements for Groups A, B, and C were 0.951%, 0.459%,
and 0.501%, respectively.

Table 1: Measurement results of the central sag group of the gear distance

Group World coordinate(X,Y)(cm) Relative error(%) Sag(cm)
A (89.9963,42.0055) 0.951 20.9695
B (90.2342,42.3007) 0.459 20.8126
C (90.2981,41.9892) 0.501 20.9237

Since Groups B and C selected a larger number of marker points, their relative measurement
errors were significantly smaller than those of Group A. However, although Group C had more
marker points than Group B, its error remained greater than Group B's. This suggests that the
algorithm'’s error may not be influenced by the number of marker points but instead fluctuates
within a fixed range. To test this hypothesis, the Y-values at world coordinates X=30cm, 60cm,
90cm, 120cm, and 150cm were calculated from the coordinate sequences of power lines in
Groups A, B, and C. These values were then compared with the measured values h at the
corresponding positions of the power lines. The comparison between the extracted calculated
results and the measured values h, along with the relative error results, is shown in Table 2. A
graphical comparison of the calculated results and the measured values h is presented in Figure
7.

Table 2: The extracted calculation results and relative errors

X 30 60 90 120 150
h 53.1 50.2 48.5 48 48.8
Group Y 52.6356 49.8565 48.2069 47.7894 48.7985
A Relative error 0.87 0.68 0.60 0.44 0.00
Group Y 52.4582 49.7181 48.3506 48.0074 48.9097
B Relative error 1.21 0.96 0.31 0.02 0.22
Group Y 52.5699 49.8948 48.3095 47.8954 48.7861
C Relative error 1.00 0.61 0.39 0.22 0.03
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World coordinate Y(cm)

Figure 7: The comparison between the calculation results and the measured values

Combining Table 2 and Figure 7, the model algorithm in this paper produces different
results when using different combinations of marked points. Furthermore, when incorporating
data from more marked points into the calculations, the overall measurement error exhibited by
the model algorithm does not show a significant reduction. However, it can control the relative
error within the range of [0.00, 1.00]%. Moreover, the proposed model algorithm consistently
produces power line shapes and positions highly similar to actual power lines across different
marker point combinations, demonstrating strong computational stability.

4.3  Verification of Positioning Accuracy Based on RTK Technology

Using RTK technology to survey power lines, a 100km-long power line was randomly selected
as the experimental subject, containing: 30 corner stakes, 250 straight stakes, and 10 reference
stakes. The RTK positioning accuracy statistics under the model algorithm in this paper are
shown in Table 3. Overall, both the horizontal and vertical positioning accuracy of target points
improved with increasing number of poles, reaching maximum values of 35.89% and 62.19%,
respectively. In the straight-line deviation test, the percentage of straight-line alignment reached
85.27% when 200 poles were used.

Table 3: Precision statistics and inspection

Point position accuracy 0.01<S | 0.02<S
Planar point classification S(m) 5=0.01 <0.02 | <0.03 5>0.03
position accuracy Number of piles 100 150 35 15
Proportion 35.89% | 49.02% | 13.00% | 12.45%
Point position accuracy 0.02<S | 0.03<S
Elevation point classification S(m) 52002 <0.03 | <0.04 5>0.04
position accuracy Number of piles 180 90 35 10
Proportion 62.19% | 23.56% | 11.78% | 3.50%
DeV|§t|0n_from the straight- Sl<1 | 1<8|<2 | 2<is|<3 | S>3
Linear test statistics line distance S(cm)
Number of piles 200 45 15 5
Proportion 85.27% | 12.54% | 2.68% | 0.91%
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5 Conclusion

This paper employs coordinate unification technology to enhance DOA estimation accuracy by
incorporating a distance metric function into the compressed sensing theory solution process.
Through vector contraction and linearization during iteration, the algorithm's computational
efficiency is improved, establishing a parallel coordinate descent-based wireless positioning
direction estimation method. Simultaneously, particle filtering technology is employed to
enhance positioning accuracy. The w-KNN matching algorithm calculates positioning results,
and combined with RTK technology, a coordinate domain model for power lines is constructed.

The proposed wireless positioning direction estimation method demonstrates high
computational performance and superior operational efficiency in simulation experiments. Its
controlled relative error ranges between [0.00, 1.00]%, and it maintains computation results
similar to actual values for marked points under different conditions. Supported by RTK
technology, the proposed power line coordinate domain model achieves maximum
measurement accuracies of 35.89% for planar coordinates and 62.19% for elevation of target
points.
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