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The safety of the transmission lines maintains the stable and eﬃcient operation of the smart grid. Therefore, it is very important
and highly desirable to diagnose the health status of transmission lines by developing an eﬃcient prediction model in the grid
sensor network. However, the traditional methods have limitations caused by the characteristics of high dimensions, multimodality, nonlinearity, and heterogeneity of the data collected by sensors. In this paper, a novel model called LPR-MLP is
proposed to predict the health status of the power grid sensor network. The LPR-MLP model consists of two parts: (1) local binary
pattern (LBP), principal component analysis (PCA), and ReliefF are used to process image data and meteorological and mechanical data and (2) the multilayer perceptron (MLP) method is then applied to build the prediction model. The results obtained
from extensive experiments on the real-world data collected from the online system of China Southern Power Grid demonstrate
that this new LPR-MLP model can achieve higher prediction accuracy and precision of 86.31% and 85.3%, compared with four
traditional methods.

1. Introduction
Smart grid has become a critical factor for the healthy development of smart cities and our social lives. The development of smart grids can be improved by modern
technologies such as artiﬁcial intelligence and Internet-ofThings for providing smarter and convenient services. As
basic setting of the smart grid, the sensor network based
monitoring system is applied for detecting the health of the
power grid, especially for the transmission lines.
Power stations are usually located in remote areas that
often need to have long transmission distance, and, along the
distant way, the areas are with harsh geographical environment and complicated micrometeorological conditions.
Especially under extreme weather, the ice and wind disasters
would cause a large number of grid accidents [1, 2]. In the
spring of 2008, a rare ice and wind disaster spread in

southern China, forcing 7541 transmission lines above 10 kV
to be shut down, thousands of poles and towers to be
inverted, and more than 2000 lines to be disconnected [3, 4].
Therefore, it is important and urgent to evaluate the health
level of transmission lines and make countermeasures so as
to prevent the occurrence of freezing disaster [5].
The health of transmission lines is aﬀected by many
factors, among which the icing is the critical one. When
transmission lines are overly iced, it will break due to their
own gravity and certain wind force and even pull down the
tower pole. Research on ice-covered loads has been conducted for decades, and many results have been obtained.
The icing of the wire is related to many meteorological data.
In general, it is the result of the combined action of two
mechanisms, thermodynamics and ﬂuid mechanics [6].
Although the icing of transmission lines in the power grid is
one of the main causes of grid failures, more factors such as
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various meteorology, mechanics, and material properties
also should be considered in evaluating the health status of
transmission lines.
As a tool for human beings to understand and describe
the world and various phenomena, the mathematics and
physics models based on mathematical tools provide the
theoretical models which can best measure the health status
of transmission lines. A lot of work has been carried out and
achieved several positive results [7–9]. A modiﬁed Firework
Algorithm (FA) based on time series [10] is established for
transmission lines to guide the prediction of the current
health status of transmission lines. A heuristic transmission
line fault model based on microclimate analysis provides a
reference for regional transmission line fault prediction [11].
A quantitative model for meteorological factors of transmission line failure rate based on exponential function was
proposed [12], which eﬀectively explains some factors that
were discovered and explained for line failure before. An
exponential function based model [12] was proposed to
quantify the weather factor that is relevant to the transmission line failure rate, eﬀectively explaining some implicit
factors. However, in practical applications, mathematical
models need clear and standardized parameters, which are
not suitable for solving nonlinear, complex, diverse, and
high-dimensional problems [13, 14]. As a popular research
ﬁeld in machine learning, the neural network uses a combination of simple functions to approximate complex
functions, and its single-hidden layer neural network can
approach a large class of functions on a compact subset [15],
which has outstanding performance in the modeling of
complex data sets.
However, in the scenario of monitoring or predicting the
health of transmission lines, the data, which is collected
through sensors network, including image data, meteorological data, and mechanical data, are highly dimensional,
nonlinear, multimodal, and heterogeneous. These data
features lead to not only a low accuracy of the abovementioned models but also a high cost of training these
models. In addition, all these algorithms only considered the
single particular category of monitoring data but did not
consider image data. Therefore, establishing a high-performance model for the health prediction of transmission
lines has become a key problem to be addressed urgently.
To cope with this challenge, this paper proposes a novel
hybrid model called LPR-MLP to predict the health level of
transmission lines. LPR-MLP can eﬃciently analyze structured data and unstructured image data altogether. Firstly,
the features of image data, meteorological data, and mechanical data are extracted by using local binary patterns
(LBP) [16], principal component analysis (PCA) [17, 18],
and ReliefF [19]. Then, the multilayer perceptron (MLP)
with one hidden layer is applied to form the prediction
model for the health level of transmission lines. The data
monitored by the China Southern Power Grid Online
Monitoring System from 2013 to 2016 were collected to
evaluate the performance of our proposed prediction model.
By comparing with the existing random forest (RF) model,
Naive Bayes (NB) model, support vector machine (SVM)
model, and decision tree (DTree) model, the results show
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that the proposed hybrid LPR-MLP approach demonstrates
the best performance in terms of accuracy, recall, and
precision.
The rest of this paper is organized as follows: in section 2,
we introduce and discuss the related work. In section 3, we
develop the LPR-MLP algorithm for the health level prediction model. The detailed experimental evaluation is illustrated using diﬀerent metrics in Section 4. Section 5
concludes this work and provides the future direction of this
work.

2. Related Work and Preliminary
2.1. Image Texture Feature Extraction. Image texture feature
is a global feature, which describes the surface properties of
the scene for the image or the image’s area. Since image
texture has the characteristics of universality and diversity,
there is not a standard deﬁnition of image texture. One
widely accepted deﬁnition is that texture is a visual feature
that reﬂects homogeneous phenomena in an image and
embodies the inherent attributes common to the object’s
surface, including the important information of the structure and arrangement of the object surface and their relationship with the surrounding environment [20, 21]. Texture
feature extraction is the key link for successful image texture
description, classiﬁcation, and segmentation. The targets of
the extraction are as follows: the extracted texture features
have small dimensions, strong discriminating ability, good
robustness, and a small amount of calculation during the
extraction process and can guide practical applications [22].
As a statistical feature, texture features often have rotation
invariance and strong resistance to noise.
There are many methods to study image texture features,
including statistical analysis method, structural analysis
method, model analysis method, and spectrum analysis
method [23]. The texture features of pictures have great
randomness locally, but there are some rules in the overall
and statistical signiﬁcance, so the statistical analysis method
is most widely used to extract texture features. The classical
statistical analysis methods are gray level cooccurrence
matrix (GLCM) [20] and local binary pattern (LBP) [24].
GLCM is a common method to describe texture by studying
the spatial correlation of gray level. Based on the estimation
of the second-order combined conditional probability
density of the image, GLCM describes the joint distribution
of gray level of two pixels with a certain spatial position
relationship. LBP is an algorithm used to extract the local
texture features of an image. Based on the auxiliary measurement of the local contrast of the image, it extracts the
local texture features of the image. It has signiﬁcant advantages such as rotation invariance and gray invariance. Its
feature discrimination power and low computational
complexity make it widely used in the ﬁelds of image
analysis, computer vision, and pattern recognition.
2.2. Data Dimensionality Reduction Technology. With the
advent of the era of big data, massive data has grown exponentially, and some researchers have proposed the
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concept of “Curse of Dimensionality” [25]. How to ﬁnd the
segment and extract the data needed by researchers from
massive data has always been a hot issue for the majority of
scientiﬁc researchers. Data dimensionality reduction is one
of the key technologies to solve this problem. PCA is a classic
data dimensionality reduction algorithm.
Principal component analysis (PCA), proposed by
Pearson [17] in 1901 and developed by Hotelling [18], is a
widely used data dimensionality reduction algorithm. PCA
is a linear dimensionality reduction method that transforms
input data through linear mapping relationships. It can be
used for both classiﬁcation and regression problems. The
main idea is to map n-dimensional features to k-dimensional
(k < n). This k-dimension is a new orthogonal feature, which
is called the main component.
The core idea of PCA is to map the data of high-dimensional space to low dimensional space through some
linear projection and expect that the variance of data in the
projected dimension is the largest. For a data set
X � x1 , x2 , . . . , xm  of a high-dimensional space Rn , the
dimension of each data xi (i � 1, 2, . . . , m) is n, namely, X ∈ Rn×m . Through mapping, we can get the data
setY � y1 , y2 , . . . , ym  ∈ Rd×m , and the objective function
of the PCA method is as follows:
m
1
φPCA � arg max  yi −  y2i .
(1)
m
i�1
Due to yi � WT xi , equation (1) can be written as follows:
��
��2
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�
1
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m
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abstracted the mathematical model of the neuron “M-P
Neuron Pattern.” In 1958, Rosenblatt [27] added a learning
mechanism to the original MP model and proposed a
perceptron model. The perceptron was composed of two
layers of neurons and was able to implement logical AND,
OR, and NOT operations, which was a huge improvement at
the time, but, unfortunately, it could not handle linear inseparability. McClelland and Rumelhart [28] analyzed the
error backpropagation algorithm of multilayer feedforward
network, namely, BP algorithm, and put forward a complete
BP algorithm through systematic analysis. BP algorithm has
rigorous mathematical derivation, which provides a theoretical basis for neural network weight adjustment. The
proposed BP algorithm promoted the rapid development of
neural networks and became a milestone in the history of
neural network development.
Here, a single-hidden layer feedforward neural network
based on the M-P mode and BP algorithm is brieﬂy introduced. A typical single-hidden layer feedforward neural
network consists of an input layer, a hidden layer, and an
output layer. Let the size of the input layer be n, the size of
the hidden layer be h, and the size of the output layer be m.
There is any data set (X, T) � (Xi , Ti )|i � 1, 2, . . . , N,
where Xi � [Xi1 , Xi2 , . . . , Xin ]T , ti � [Ti1 , Ti2 , . . . , Tim ]T ,
the overall network of the single-hidden layer can be
expressed as

j�1

(3)

(5)

i�1

βi is the weight of the hidden layer to the output layer, Wi is
the weight of the input layer to the hidden layer, bi is the bias
of the hidden layer, g(x) is the activation function, and oj is
the output of the output layer.

where
C �  xi −

T
1
1
 x i   x i −  xi   ,
m
m

W � ω1 , ω2 , . . . , ωk ,

(4)

s.t. yi � WT xi , WT W � 1.

2.3. Artiﬁcial Neural Network. As one of the most popular
machine learning technologies, artiﬁcial neural networks are
widely used in various ﬁelds and are the fundamental
technology of deep learning. In 1943, McCulloch and Pitts
[26] proposed the ﬁrst artiﬁcial neuron model and

3. Hybrid Prediction Model
A new hybrid model LPR-MLP with the joint use of LBP,
PCA, ReliefF, and MLP is proposed to predict the health
status of transmission lines. LPR is the abbreviation of LBP,
PCA, and ReliefF. The LPR-MLP model mainly includes two
stages: data preprocessing and model training. The data
preprocessing is divided into two parts: one is the texture
features extraction for pictures by LBP and PCA, and the
other is the dimension reduction for the meteorological and
mechanical data by ReliefF. The overall structure of the
model is shown in Figure 1.
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Figure 1: The ﬂowchart of the LPR-MLP model.

3.1. Image Data Preprocessing. The image data comes from
the image sensor of the online monitoring system of China
Southern Power Grid Corporation. The original image is
colored and belongs to the RGB color space. In order to
facilitate the subsequent processing, the image is grayed ﬁrst:
Y � 0.299R + 0.587G + 0.114B,

(6)

where R, G, and B are the red component value, green
component value, and blue component value of the image,
respectively. Y is the brightness, that is, the corresponding
gray value after the RGB image is converted into a gray
image.
In order to enhance the grayscale image contrast and
eliminate possible interference and noise in the image, it is
necessary to perform an image enhancement operation.
First, the gray value of the image is mapped. Set the gray
value set of image P pixel as Xi,j | (i, j) ∈ P:
Pmax � maxXi,j |(i, j)εP,
Pmin � minXi,j |(i, j)εP,
Yi,j �

(7)

Xi,j − Pmin
× 255 .
Pmax − Pmin

We deﬁne Yi,j to be the gray value after mapping. The
maximum gray value in the image is mapped to 255, the
minimum gray value is mapped to 0, and the remaining gray
values are scaled equally. The image used in this paper has
the characteristics of low resolution. In order to deal with
noise points while retaining more image information, median ﬁltering is used to process image data. The edge pixels in
the image are output directly without median ﬁltering. The
median ﬁlter window size used in this manuscript is W � 9:
Zi,j � medianYi+k,j+l | (k, l) ∈ W,

(8)

where median{X} means to take the median of series X and
then use the median Zi,j of all gray values in window W as
the output of the median ﬁlter.
Use the LBP algorithm to extract the texture features of
the image and get 531-dimensional feature data. The LBP
value of any point C(xc , yc ) is
N

LBPN,R �  2i T pi − pc ,
i�1

LBPC(xc ,yc ) � minROTLBPN,R , i|,

i � 1, 2, . . . , N,
(9)

where pi represents the gray value of point i(xi , yi ) and pc
represents the gray value of point C. R is the radius of the
sampling circle and N is the number of sampling points.
ROT(x, i) is a rotation function, which means that x is
shifted right by i(i ≤ N) bits. The function T(x) is deﬁned as
T(x) � 

0,

x < 0,

1,

x ≥ 0.

(10)

The texture is used as the surface property of the scene
corresponding to the image or image area. Successful extraction of texture features is helpful for image texture
description, classiﬁcation, and segmentation. However, the
texture feature data extracted by LBP has high dimensionality, and some components are even linearly related,
which will seriously aﬀect the learning eﬃciency of the
model and the prediction accuracy of the model. PCA is a
linear dimensionality reduction method that minimizes the
loss of original data information.
For data set D � x1 , x2 , . . . , xm , the dimension of each
data xi (i � 1, 2, . . . , m) is n, which needs to be reduced to k
dimension. The speciﬁc process is as follows.
Let X � (x1 , x2 , . . . , xm ) be a matrix of n × m:
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x11 , x12 , . . . , x1m
⎜
⎛
⎜
⎜
⎜
⎜
⎜ x21 , x22 , . . . , x2m
⎜
X �⎜
⎜
⎜
⎜
⎜
⎜
...
⎜
⎝

⎟
⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
.
⎟
⎟
⎟
⎟
⎟
⎠

(11)

xn1 , xn2 , . . . , xnm
(1) Centralize all samples:
xi � xi −

1 m
x .
m j�1 j

(12)

(2) Calculate the covariance matrix (1/m)XXT .

(3) The eigenvalue decomposition method is used to
decompose the covariance matrix (1/m)XXT and get
its eigenvalue and eigenvector.
(4) Sort the eigenvalues from large to small, take out the
eigenvectors corresponding to the largest k eigenvalues, and then normalize them to form a matrix
W(ω1 , ω2 , . . . , ωk ).
(5) For each dimension xi (i � 1, 2, . . . , m) in the row
vector X, proceed in order:
yi � WT ∗ xi .

(13)

That is, for matrix X,

x11 , x12 , . . . , x1m
ω11 , ω21 , . . . , ωn1
⎟
⎜
⎞
⎛
⎟
⎜
⎞
⎛
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎜
⎜
⎟
⎜
⎟
⎜
ω12 , ω22 , . . . , ωn2 ⎟
x21 , x22 , . . . , x2m ⎟
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
.
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⎜
.
.
.
.
.
.
⎟
⎜
⎟
⎜
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⎝
⎠
ω1k , ω2k , . . . , ωnk
xn1 , xn2 , . . . , xnm
(6) Y � WT X is the data after dimension reduction to k:
y11 , y12 , . . . , y1m
⎟
⎜
⎞
⎛
⎟
⎜
⎟
⎜
⎜
⎟
⎜
y21 , y22 , . . . , y2m ⎟
⎟
⎜
⎟
⎜
⎟
⎜
⎟
� y1 , y2 , . . . , ym .
Y �⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
.
.
.
⎟
⎜
⎠
⎝
yk1 , yk2 , . . . , ykm

(15)

3.2. ReliefF Algorithm. For the meteorological and mechanical data obtained by the sensor, there are some missing
values and outlier in some one-dimensional features of some
data samples. Hence, we need to do data cleaning, ﬁll in null
values using the mean ﬁlling method, smooth the outlier
noise point data, and carry out the dimension reduction
using ReleifF [19].
When ﬁlling in the null value, the mean of the data from
three days before and after is used. If there are still null values
in the data of ﬁlling data, the value is taken forward
(backward) in order. When smoothing outliers, smoothing
is performed using the average of the data before and after.
After cleaning the data, the ReliefF algorithm is used to
reduce the dimensionality of the meteorological and mechanical data in order to ﬁnd the data features that are
strongly related to the transmission line and are not related
to each other.
ReliefF algorithm uses “Correlation Statistics” to measure the importance of features, which is a feature weight
algorithm. According to the correlation of each feature and
category, diﬀerent weights are given to features, and the
feature whose weight is less than the threshold value ω0 will

(14)

be screened. For data set D � x1 , x2 , . . . , xm , its size is m,
any data xi (i � 1, 2, . . . , m) is composed of p-dimensional
p
features, and z represents its category: xi (x1i , x2i , . . . , xi , z).
The data set contains a total of |c| categories. For any data xi ,
assume z � k; that is, xi is the kth (k ∈ 1, , 2, . . . , |c|) class.
The ReliefF algorithm ﬁrst ﬁnds the nearest neighbor data
xi,H in the samples of class k as the guessing nearest neighbor
of xi and then ﬁnds the nearest neighbor data xi, t, M (t �
1, 2, . . . , |c| | , t ≠ k) in the samples of each class other than
class k as the guessing nearest neighbor of xi . Then, the
correlation statistic δj corresponding to any attribute j in the
data sample is
j

j

2

j

j

2

δj �  −diff xi , xi,H  +  pt × diff xi , xi,t,M  , (16)
i

t≠k

j
xi

where
represents the value of the data sample xi on attribute j, pt is the proportion of the t-th sample in the data
set D, and the value of the function diff(x, y) depends on the
type of attribute j.
(1) When x and y are discrete variables:
diff(x, y) � 

0,

x � y,

1,

otherwise.

(17)

(2) When x and y are continuous variables:
Normalize all values belonging to the same attribute j:
j

j

xi �

xi − xj min
xj max − xj min

,

(18)
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j

layer size is n, the hidden layer size is z, and the output layer
size
is
m.
There
is
a
data
set
(X, T) � (Xi , Ti ) |i � 1, 2, . . . , N,
where
Xi � [Xi1 , Xi2 , . . . , Xin ]T , Ti � [Ti1 , Ti2 , . . . , Tim ]T . It can be
obtained that the value H(hj ) of any hidden layer node hj is

where xmax and xmin represent the maximum value and the
minimum value of all values of the attribute j, respectively.
After normalizing x, y,
diff(x, y) � |x − y|.

(19)

Then, the weight W(j) of the corresponding attribute j is
W(j) � W(j) + δj .

Hhj  � gwj · Xi + bj  ,

(20)

3.3. Multilayer Perceptrons. Multilayer perceptrons (MLP)
are developed from perceptrons [29]. In general, MLP are
multilayer feedforward neural networks that use the error
backpropagation algorithms [30, 31] to learn and update
network parameters. In this work, a hidden layer multilayer
perceptron is applied for modeling, which is equivalent to a
single-hidden layer feedforward neural network (SLFN). A
typical SLFN is composed of an input layer, a hidden layer,
and an output layer, as shown in Figure 2, where the input

Y �  Y1

z

Yi �  βj gwj · Xi + bj ,

i � 1, 2, . . . , N,

4. Experimental Results
In this section, we ﬁrst introduce the generation of the
experimental data source and then report the performance
of the proposed LPR-MLP model by comparing it with the
RF model, NB model, SVM model, and DTree model.
4.1. Data Source. The experimental data in this work was
generated from the terminals of the online monitoring
system of China Southern Power Grid Corporation, from
2013 to 2016. The data set can be divided into ﬁve parts:
basic environmental information data, image data, meteorological data, mechanical data, and wire parameters.
The image data type is shown in Figure 3. The thickness of
icing will aﬀect the health status of transmission lines.
Diﬀerent thickness grades can be calculated according to
the model [32], which will reﬂect the health status of
transmission lines to a certain extent. The basic environmental information data includes terminal name and
time and date recorded. Meteorological data include
temperature, humidity, light intensity, wind speed, and
wind. The mechanical data include the maximum and
minimum tension, the wind deﬂection angle under the
maximum and minimum tension, and the inclination

(22)

j�1

where βj � [βj1 , βj2 , . . . , βjm ]T is the output weight vector
between the j-th hidden layer neuron and the output layer.
So, the output of the entire neural network is

z

z

j�1

j�1

T

⎢
⎣  βj gwj · X1 + bj   βj gwj · X2 + bj ⋮  βj gwj · XN + bj ⎤⎥⎦ .
Y2 . . . YN  � ⎡
j�1

(21)

Among them, wj · Xi represents the inner product between wj and Xi . wj � [w1j , w2j , . . . , wnj ]T is the input
weight vector of the input layer and the j-th hidden layer
neuron, bj is the threshold value of the j-th hidden layer
neuron, and g(x) is the activation function of the hidden
layer. According to the value of the hidden layer, the output
value Yi corresponding to the output layer can be calculated:

By using ReliefF, the dimension of 12-dimensional
meteorological data and 24-dimensional mechanical data
are reduced to 6-dimensional and 8-dimensional,
respectively.

z

j � 1, 2, . . . , z.

(23)

angle under the maximum and minimum tension. Wire
parameters include wire diameter and wire splitting coeﬃcient. The details are shown in Table 1.
Each data sample also has a corresponding health status
value, which is obtained by combining with the related
mathematical and physical models. It is numerical data with
a data range of [0,1] (note: this is not the probability of
related transmission line failure, but a value indicating the
health status. The higher the value, the worse the health
status; otherwise, the better the health status). According to
the suggestions of China Southern Power Grid Corporation
on the classiﬁcation of transmission line health level, this
paper divides the health status into 7 levels. The corresponding relationship is shown in Table 2.
The data set has a total of 4455 data samples, of which
80% (a total of 3564 data samples) are used as the training set
in the experiments and 20% (a total of 891 data samples) are
used as the test set.

5. Results and Discussion
This subsection shows the performance of the proposed
model through comparison with other models. Four metrics
are used to evaluate the performance of model classiﬁcation,
in terms of accuracy, precision, recall, and MacroF1.
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Figure 2: Schematic diagram of a single-hidden layer.

Figure 3: Examples of original image data.
Table 1: Experimental data description.
Feature
classiﬁcation
Image data
Meteorological
data
Mechanical data
Wire parameters

Process images through local binary mode (LBP) and extract features using histograms

Feature
dimension
531

Temperature, humidity, light intensity, wind speed, wind direction, etc.
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Description

Maximum and minimum tension, wind deﬂection angle at maximum and minimum tension, tilt angle at
maximum and minimum tension, etc.
Wire diameter, wire splitting factor, average equivalent wire length, etc.

Table 2: Health classiﬁcation of transmission lines.
Health status value
0.0–0.1
0.1–0.2
0.2–0.35
0.35–0.5
0.5–0.7
0.7–0.9
0.9–1.0

Health levels
0
1
2
3
4
5
6

Figure 4 shows the classiﬁcation accuracy of the LPRMLP, RF model, NB model, SVM model, and DTree
model, which are 86.31%, 80.92%, 62.51%, 83.39%, and
80.47%, respectively. The confusion matrix is an important tool for summarizing the prediction results of the
classiﬁcation model. It is necessary to analyze the classiﬁcation of the confusion matrix in each category. The
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speciﬁc classiﬁcation of each category in the validation set
can be summarized in Table 3.
In Table 3, the sample size line is the real number from
the data source and the categories column indicates the
speciﬁc classiﬁcation of each level. The numerator represents
the number of correct classiﬁcation of the level and the
denominator represents the number of classiﬁcation obtained from the prediction model. The whole size of the
validation set is 891. Among them, level 0 has 450 samples,
level 1 has 359 samples, level 2 has 32 samples, level 3 has 17
samples, level 4 has 18 samples, level 5 has 10 samples, and
level 6 has 5 samples. For each level, the numbers of correct
classiﬁcation of the LPR-MLP model are 366, 337, 25, 15, 14,
9, and 3, and the total of these numbers is 769 which is higher
than the other methods. In practice, we should pay more
attention to the sensitivity of the model at high risk. So, we
still focus on a high level such as levels 3, 4, 5, and 6 in our
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Figure 4: Prediction accuracy of experimental models.

Table 3: Summary of the prediction of each model.
Models
RF
NB
LPR-MLP
SVM
DTree
Sample size

Level 0
382/457
436/671
366/385
373/422
393/483
450

Level 1
289/369
78/84
337/427
309/391
258/318
359

Categories
Level 3
6/6
7/15
15/19
15/19
14/17
17

Level 2
20/27
25/81
25/27
24/26
24/40
32

Level 4
12/19
7/14
14/17
14/18
16/18
18

Level 5
9/10
0/1
9/13
8/15
9/12
10

Level 6
3/3
4/25
3/3
0/0
3/3
5

Total
721
557
769
743
717
891

Table 4: Precision of all models.
Models
RF
NB
LPR-MLP
SVM
DTree

Level 0
0.8359
0.6498
0.9506
0.8839
0.8136

Level 1
0.7832
0.9286
0.7892
0.7903
0.8113

Level 2
0.7407
0.3086
0.9259
0.9231
0.6

Categories
Level 3
1
0.4667
0.7895
0.7895
0.8235

system. It also can be calculated that the hit number of the
LPR-MLP model at a high level is similar to that of DTree,
reaching 41 and 42 while that of other models is 30, 18, and
37. Although the DTree model has a similar rate of high level
to the LPR-MLP model, it shows poor accuracy at a low level
which cannot be ignored.
In order to illustrate the better performance of the LPRMLP model, Table 4 indicates the precision of the RF model,
NB model, LPR-MLP model, SVM model, and DTree model
under diﬀerent health levels. In the CATEGORYS column of
the table, each column represents the precision of the ﬁve
models under these health levels. The last column of the table
represents the macroprecision (MacroP) of the ﬁve models.
It can be concluded that the LPR-MLP model has the highest
macroprecision, reaching 0.853, while the NB model has the
lowest macroprecision, only 0.4305. Speciﬁc to each level,
the LPR-MLP model has the highest precision on level 0,
level 2, and level 6 (0.9506, 0.9259, 1.0) and acceptable value
on level 3, level 4, and level 5 (0.789, 0.823, and 0.692). The

Level 4
0.6316
0.5
0.8235
0.7778
0.8889

Level 5
0.9
0
0.6923
0.5333
0.75

Level 6
1
0.16
1
0
1

AVE
0.8416
0.4305
0.853
0.6711
0.8125

precision of RF models can achieve 84.1% and have the
highest precision on level 3, level 5, and level 6 (1.0, 0.9, and
1.0). However, due to the low accuracy, the RF model cannot
be considered yet.
Table 5 shows the recall rate of ﬁve models at diﬀerent
health levels. The last column represents the macrorecall
(MacroR) of each model. We can see that the macrorecall
of the LPR-MLP model is 0.8133, which is the highest of
all models. Speciﬁc to each level, the LPR-MLP model has
the highest accuracy rate on level 1, level 2, level 3, and
level 5 (0.9387, 0.7813, 0.8824, and 0.9) and reasonable
value on the other levels. Among the high-risk levels from
level 4 to level 6, only the DTree model (on level 4) and the
NB model (on level 6) have a higher recall rate than the
LPR-MLP model. Figure 5 shows the MacroF1 values of
the ﬁve models. It is obvious that the MacroF1 value of
LPR-MLP is the highest. It can reach 0.8211, while that of
the NB, RF, SVM, and DTree model is 0.3877, 0.7335,
0.6797, and 0.7931, respectively.
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Table 5: Recall of all models.

Models
RF
NB
LPR-MLP
SVM
DTree

Level 0
0.8488
0.9689
0.8133
0.8289
0.8733

Level 1
0.805
0.2173
0.9387
0.8607
0.7187

Level 2
0.625
0.7813
0.7813
0.75
0.75

Categories
Level 3
0.3529
0.4118
0.8824
0.8824
0.8235

1.0

0.7

0.8211
0.7335

0.7931
0.6797

0.6

Level 6
0.6
0.8
0.6
0
0.6

AVE
0.6855
0.5097
0.8133
0.7
0.7935

The data used to support the ﬁndings of this study are
available from the corresponding author upon request.
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Figure 5: MacroF1 value of the experimental models.

In summary, the proposed LPR-MLP can eﬃciently raise
the prediction accuracy. The results have validated the
feasibility and eﬃciency of the proposed hybrid heath
prediction method.

6. Conclusions and Future Work
In order to ensure the eﬀective operation of the city’s
economy and society, it is necessary to accurately evaluate
the health level of transmission lines in the power grid
sensor network and master the health status of transmission lines in real time. This paper proposes a new LPR-MLP
hybrid model, which uses LBP, PCA, and ReliefF to process
image data and meteorological mechanics data, respectively, and then uses MLP to predict its health level, thus
solving the challenge of predicting the health status of
transmission lines under high-dimension, multimode,
nonlinear, and heterogeneous data. The experimental results have shown that the LPR-MLP model has higher
prediction accuracy and better performance than the other
four classical prediction models.
The LPR-MLP model proposed in this paper provides
a new idea and eﬀective methods for the health prediction of transmission lines, but the disadvantage is that
the feature extraction of image data is a bit rough. In the
future, we will consider more scientiﬁc methods for
processing image data. For example, we may use deep
learning technology to process image data in order to get
more eﬀective features. As for the meteorological and
mechanical data, we can pay more attention to the
physical connotation of the data in the future and
consider its practical signiﬁcance before extracting the
characteristics.

This paper was partially supported by the National Natural
Science Foundation of China (nos. U1711266, 62076224, and
41925007).
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