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ABSTRACT The aluminum strands break and surface damage will gradually develop into irreversible
destruction to the conductors and the whole transmission lines, and even lead to serious power outages.
In order to find out the potential strands break and damage faults and prevent its further deterioration,
a recognition method of conductor break and surface defects in transmission lines’ unmanned aerial
vehicle (UAV) inspection is presented in this paper. First, a conductor image is obtained by the UAV image
acquisition system, and then, the conductor region is extracted by the adaptive threshold segmentation after
the enhancement processing by the gray variance normalizationmethod (GVN). Second, the conductor break
is detected by the square wave transformation (SWT) of its grayscale distribution curves, which is simple and
effective. Meanwhile, the conductor surface defects are identified by the projection algorithm of the GVN
image of the conductor region. Finally, calculating the number of broken strands and filtering the suspect
defects, the final fault diagnosis results can be obtained. We analyze the performance of the technology by
a series of experiments, and the results demonstrate that the proposed method can measure the conductor
break and surface defects faults with the average accuracy of 90.45% and 92.05%, respectively. The health
condition of the conductor can be monitored based on the method presented in this paper, by which the safe
operation of transmission lines can be guaranteed.

INDEX TERMS Conductor break, surface defects, image processing, transmission lines, UAV inspection.

I. INTRODUCTION
As an important component of high-voltage transmission
lines, aluminum conductors steel-reinforced (ACSR) plays
the dual role of electric power delivery and mechanical
strength during operation. Due to long-term exposure to
the field environment, affected by wind vibration, galloping
of iced conductor, environmental erosion, etc., aluminum
strands are prone to various types of damage, from surface
damage to partial break and then develop into fracture of
the whole ACSR. When the aluminum strands are damaged,
the load-bearing capacity is reduced, and the risk of con-
ductor fracture increases, which poses a potential risk to the
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conductors, power transmission and transformation equip-
ment and personal safety [1]–[3].

In order to effectively improve the operating efficiency
of transmission lines and reduce the frequency of failures,
researchers in Russia, Canada, Japan, India, Norway, Finland
and other countries with frequent failures in transmission
lines have carried out a lot of research on the component
materials, the failure mechanism and the running status of
the transmission conductors. And some preliminary research
results have been obtained, such as the improvement of the
constituent materials of the transmission wire, the micro-
scopic change process of the wire surface damage, and the
fault detection of the wire breakage [4]–[8]. These methods
are preventive mostly on the materials and mechanism, and
the existing break and damage problem of the in-operation
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conductors is mainly observed by manual detection which is
time consuming, low accurate and poorly secure.

In recent years, the unmanned aerial vehicle (UAV) inspec-
tion technology has been developed in transmission lines with
the great progress of the aerial image sensors and computer
vision techniques [9]–[12]. Some researchers have put for-
ward different kinds of algorithms for power lines detection
and extraction in aerial images [13]–[16]. Some others are
focus on the segmentation and fault detection algorithm for
aerial insulator images [17]–[21] and also the detection of
bird’s nest in high power lines [22]. The vision-based tech-
nology has also been used in defect detection of the weld
bead and of rail heads, and in the measurement of the lay
length of metallic conductor [23]–[25]. However, due to the
complex formative factors, the diverse manifestation, and the
limitations of images acquisition, there were no available
methods based on vision about how to timely monitor the
conductor break and defects.

In this paper, we present a measurement method of break
and defects on transmission conductors based on aerial image
sensors in the unmanned aerial vehicle (UAV) inspection,
which can obtain the break and defects on the transmission
conductors in operation by using an aerial vision system
and the image processing algorithms. The vision system
acquires several views of transmission conductor pictures
that are employed to extract the conductor region. By ana-
lyzing the gray value distribution of the conductor region,
it is possible to measure the conductor break with the pro-
posed Z-shaped waveforms model, and to detect the surface
defects by the projection algorithm of the conductor region.
The presented method provides a new method for moni-
toring the break and defects of transmission conductors in
operation.

This paper is organized as shown in Fig. 1. In Section II,
we describe the overview of a measurement technology
of transmission lines conductor break and surface defects
based on aerial image sensors. Section III proposes the
analysis algorithms of conductor break and defects recog-
nition in separate. Section IV gives the field experimental
results and analysis of the proposed algorithms. Section V
provides the conclusions and suggests the possible future
investigation.

II. OVERVIEW OF A MEASUREMENT TECHNOLOGY OF
TRANSMISSION LINES CONDUCTOR BREAK AND
DEFECTS BASED ON AERIAL IMAGE SENSORS
The online technology for measuring conductor break and
surface defects based on aerial vision sensors proposed in this
paper consists of three parts: the online monitoring device
based on aerial vision sensors [28], [29] and the unmanned
aerial vehicle (UAV), the 4G communication network, and
the monitoring center with the conductor break and defects
analysis software installed. In our UAV patrol inspection
system, a high definition digital camera, which is installed on
theUAV, is used to capture images of transmission conductors
as the UAV moves over the transmission lines, and then, the

FIGURE 1. Flowchart of the measurement technology of transmission
lines conductor break and defects based on aerial image sensors.

FIGURE 2. Block diagram of the online monitoring system for conductor
break and defects based on aerial vision sensors and UAV.

obtained images are decompressed and sent to the monitoring
center by 4G communication networks. Then the conductor
break and defects are analyzed automatically using a conduc-
tor break and defects analysis software which has embedded
the proposed corresponding algorithms. UAV patrol inspec-
tion is not only low-cost but also has the advantages of
high efficiency, low risk, and appealing performance and is
regarded as the most attractive technique for transmission
lines inspection. This paper focuses on the core techniques
of UAV patrol inspection system. The block diagram of the
proposed technology is shown in Fig. 2.

A. ONLINE IMAGE ACQUISITION DEVICE BASED ON
AERIAL VISION SENSORS AND UAV
The online image acquisition device is made up of several
available components. The basic component is a DJI JY-UAV-
10 UAV, which carries a digital camera with a resolution
of 12million pixels and a shutter speed of 8-1/8000 seconds.
A 4G communication model is utilized to transmit conductor
images to the ground monitoring center, and to receive the
commands from the monitoring center such as time set, sam-
pling interval, real-time sampling and even initialization of
the aerial image acquisition sensor [30], [31].
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FIGURE 3. Block diagram of image analysis algorithm for conductor break
and defects.

B. MONITORING CENTER
The monitoring center consists of a computer, a video server
and a database server [32]. The image receiving and decom-
pression software and the conductor break and defects anal-
ysis software are installed in the computer. After a conductor
image is generated by the image receiving and decompres-
sion software, it is processed by the conductor break and
defects analysis software, which aims to efficiently detect
possible break and defects in the image. The analysis software
was developed combining VC++ [33] and HALCON [34].
The main functions include real-time image importing, algo-
rithm analysis, fault diagnosis, alarm transmission, image
display and defect information display [35], [36]. The special
databasewas created inOracle 11g. The conductor breaks and
defects analysis algorithms will be presented in Section III,
by which the conductor breaks and defects will be measured.

III. ANALYSIS ALGORITHMS FOR THE RECOGNITION OF
CONDUCTOR BREAK AND SURFACE DEFECTS
The image analysis algorithm module includes three main
modules: conductor extraction, conductor break detection,
and conductor surface defects identification. Fig. 3 shows the
diagram of the algorithm flow.
• Conductor extraction: A transmission line image
obtained by the image acquisition device includes not
only the conductor region, but also the interference back-
ground. Therefore, the region of the conductor should
be first extracted in order to reduce the area to be
inspected in the subsequent procedures. We put forward
the algorithm called the gray-scale variance normaliza-
tion (GVN). GVN is supported by the observations:
1) conductor regions have similar gray value, and 2) con-
ductor regions have higher definition in aerial images
compared with background areas. More details about
this algorithm are seen in the A part of Section III.

• Conductor break detection: Since the gray distribution
of the external aluminum strands of the unbroken con-
ductor showing a good periodicity on the transverse axis,
if there are some regions break the periodicity, then they
can be initially judged as the potential conductor break
region, so gray scale distribution is a vital character-
istic to distinguish break region from the undamaged
area.We propose the square wave transformation (SWT)
method to represent the gray scale distribution of the
external aluminum strands. A square waveform with too
large or too small periods can be considered as suspect
conductor break region. Then the number of broken alu-
minum strands is simply obtained by dividing the width
of suspect conductor break regions by the actual width of
a single aluminum strand. The conductor break detection
algorithm is presented in the B part of Section III.

• Conductor surface defects identification: In the GVN
image of the conductor region, the defects on the con-
ductor region are brighter than other areas and are clus-
tered together. Taking the gray value distribution and
location distribution into account, we put forward the
defects identification algorithm based on the projec-
tion of the GVN image of conductor region, which is
called PGVN [25]–[27]. In PGVNalgorithm, the suspect
positions of defects on the horizontal direction of the
conductor are first located by analyzing the vertical
projection of the normalized gray-scale variance value of
each column. After the vertical projection is processed
by a high-pass filtering rule, each suspect peaks of the
vertical projection profile determines a subimage. Then,
the vertical suspect defects regions are obtained based
on the horizontal projection of the subimage. Finally,
each pair of suspect peaks in the horizontal and vertical
projection profiles forms a suspect rectangle, and each
rectangle is identified as a defect. PGVN is not only fast
but also robust to noise. PGVN is described in the C part
of Section III.

A. CONDUCTOR EXTRACTION
Most of the aerial transmission line images are color (RGB)
images. In order to reduce the amount of data to be processed,
and to enhance the operation efficiency as well as to highlight
the conductor region, the color model conversion or grayscale
processing on the aerial images is required. The surface
color of conductor region in the aerial images is prone to
be gray and dim because the online image acquisition device
suffers from the influence of natural light. Furthermore, the
aerial images have the characteristic that the sharpness of the
conductor region is higher than the trees, the buildings, and
the roads in the background, that is, the gray value of the
conductor is highly dispersed. In the conventional method,
the essence of graying the target image is to process the gray
value of each pixel, but it is found that the accuracy of the
processing results is extremely degraded if we processed the
aerial transmission line images through pixel-by-pixel. Based
on these considerations, we propose the GVN to perform
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grayscale processing of aerial images. The GVN method
transforms the traditional ideal of directly processing the
gray value of each pixel into the processing of the dispersion
degree of pixel gray values. The specific calculation steps of
the GVN are given by

Q =
1
9

9∑
i=1

(Qi) (1)

where Q is the mean gray value of each pixel in the template
and Qi represents the gray value of the ith pixel of the
template, and then the variance of gray-scale value in every
processing unit can be calculated according to (2)

q5 =
1
9

9∑
i=1

(Qi − Q)2 (2)

where q5 is the gray-scale variance of the center pixel with
shaded color in a template. Traversing the entire image
with the 3∗3 template in Fig. 4(a), the complete gray-scale
variance map corresponding to the original image can be
obtained. Furthermore, the gray-scale variance of each pixel
is normalized by

m(x,y) =
q(x,y) − qmin

qmax − qmin
(3)

where m(x,y)is the normalized gray value at the coordinate
(x, y), qmax is the maximum gray value in the gray-scale
variancemapwhile qmin is theminimum gray value, and q(x,y)
is the gray value at coordinate (x, y) in the gray-scale variance
map.

The comparison of the GVN method and other gray pro-
cessing methods is shown in Table 1. The background purity

FIGURE 4. Schematic diagram of traversing convolution template. (a) 3∗3.
(b) 5∗5.

and contrast of the GVN algorithm is higher, the target is
clearer and the robustness is better. The weighted average
graying method only realizes the basic grayscale processing;
the saturation component can only highlights the conductor
region when the background is quite different from the con-
ductor, but the robustness is poor under some similar gray
background. The histogram equalization method is better
than the weighted average graying method and the saturation
component, but it does not effectively suppress the back-
ground interference, which brings great challenges to the sub-
sequent segmentation. In contrast, the proposed GVNmethod
in this paper has the advantages of high anti-background
interference, clarity and contrast. It also effectively promotes
the subsequent image segmentation at the same time, which
has certain advantages.

The segmentation of the conductor region is based on the
GVN results. We adopting the common adaptive threshold
segmentation combine with the morphological processing
to carry out the conductor segmentation. Compared with
the segmentation based on the common gray processing or

TABLE 1. Comparison of different image gray processing methods.
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TABLE 2. Image segmentation.

enhancement image, our method obtains better results for
segmentation of the conductor region.

The segmentation of eight images under different condi-
tions is shown in Table 2. The segmentation results based
on the grayscale or enhancement processed images are
shown in the third column, which still have some back-
ground noises or some holes inside, and some segmentation
results are incomplete. On the other hand, the segmentation
effects of eight images based on the GVN images are all
ideal, which can effectively avoid the influence of external
factors.

B. CONDUCTOR BREAK DETECTION
After the segmentation of conductor region, we can focus on
analyzing the conductor region without background interfer-
ence. The extracted conductor region needs to be mapped
back to its GVN image, because the gray value distribution
on the GVN image of conductor region is essential parameter
in the conductor break detection algorithm. In this section,
we thoroughly analyze the conductor break detection algo-
rithm by taking the image in Fig. 5 as an example.

FIGURE 5. GVN image of the conductor region.

FIGURE 6. Extraction of the central axis of the conductor.

As for the conductor break detection algorithm, there are
three important procedures: extraction of gray value distribu-
tion, square wave transformation (SWT) and broken strands
identification. Gray value distribution of the external alu-
minum strands directly reflects the surface integrity of the
conductor, and SWT highlights the periodicity of its gray
value distribution. Eventually, the broken strands situation of
transmission conductor is simply obtained by analyzing the
width of each acquired Z-shaped waveform.

1) EXTRACTION OF GRAY VALUE DISTRIBUTION
As shown in Fig. 5, the surface of every aluminum strand has
a higher gray value than the marginal gaps among each other,
and the external aluminum strands have cyclic characteristics
in structure, so that the gray scale distribution of unbroken
conductor surface presents a cyclical cycle characteristic.
Since the aluminum strands in different layer are wound in
opposite directions and the winding angle is different, once it
happens to the conductor break, it not only causes the broken
aluminum strand upwarps or separates itself from the con-
ductor, but also is accompanied by the bareness of the inner
aluminum strands. This phenomenon will lead to the changes
on the transverse spacing of external aluminum strands, and
because of the lower gray value of the bared inner aluminum
strands at the broken area, it will further destroy the original
gray value periodicity characteristic.

Based on these observations and considerations, we trans-
form the conductor break detection into the periodic detection
of the gray value distribution on the conductor surface. First,
the central axis of the conductor region is fitted by the least
square fitting (LSF) method l35]. The fitting result is shown
in Fig. 6.

Since the broken aluminum strand is not completely scat-
tered from the conductor, it is not sufficient to detect the
broken aluminum strands only on the central axis. Thereby,
we first obtain the number of pixels occupied by the diameter
of the conductor, and then we extract the gray value distri-
bution on the axes at the 1/4, 1/2 and 3/4 thickness of the
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FIGURE 7. Gray value distribution on each axis of the broken conductor.
(a) Axis at 1/4 thickness. (b) Central axis. (c) Axis at 3/4 thickness.

conductor separately. Because the transmission conductor
is exposed all the year round, some low gray value points
often appear in the high gray area on the conductor surface
affected by various kinds of noise. This will affect the accu-
rate extraction of cyclic gray value distribution and lead to
a false detection of broken strands. Therefore, the median
filtering processing is needed while extracting the gray value
distribution on each axis [37], and the final results is as shown
in Fig. 7.

2) SQUARE WAVE TRANSFORMATION (SWT)
Since the gray value distribution on each axis has cer-
tain randomness within a certain range of gray values,
the acquired waveform has a quasi-periodic property, but
there is no accurate cycle. For this reason, the square wave

FIGURE 8. Square wave representation of gray scale distribution map.
(a) Axis at 1/4 thickness. (b) Central axis. (c) Axis at 3/4 thickness.

transformation (SWT) method is proposed to better represent
the cyclic characteristic of the gray value distribution. In this
method, it employed a threshold to perform the binarization
processing to the obtained waveforms in Fig. 7 so as to
realize a square wave transformation. And the mean value
(nmax+nmin)/2 of the maximum gray value and the minimum
gray value is set as the binarization threshold, as a whole,
the obtained waveforms in Fig. 7 is processed by the follow-
ing rule.

p =


0, n ≤

nmax + nmin

2

1, n >
nmax + nmin

2

(4)

where n represents the gray value of any point on the obtained
waveforms in Fig. 7, nmax is the maximum gray value, nmin
is the minimum gray value, and p denotes the result of the
binarization processing, and the obtained square waveforms
are as shown in Fig. 8, where the width of a single Z-shaped
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FIGURE 9. Width statistical graph of each Z-shaped waveform. (a) Axis at
1/4 thickness. (b) Central axis. (c) Axis at 3/4 thickness.

waveform can be used to characterize the width of the single
aluminum strand.

3) IDENTIFICATION OF BROKEN STRANDS
To clearly characterize the width variation of each Z-shaped
waveform, it is necessary to make a statistical analysis of the
width P of each Z-shaped waveform. The statistical result on
each axis is shown in Fig. 9.

As shown in Fig. 9, the x-coordinate denotes the mark
number of every Z-shaped waveform, and the y-coordinate
is the width of each Z-shaped waveform in pixel unit. Fig. 9
shows that most of the Z-shapedwaveforms are close in width
and they represent the unbroken single aluminum strand.
Besides, there are some Z-shaped waveforms that are much
larger or much smaller in width than the unbroken single
aluminum strand.

Based on above observations, the width of Z-shaped wave-
forms can be used to distinguish the broken conductor region

FIGURE 10. Schematic diagram of horizontal width of the single
aluminum strand.

from the unbroken conductor area. For this reason, it is
important to know the horizontal width of a single unbroken
aluminum strand, so that the number of broken strands can be
further measured.

According to the camera calibration, we can obtain the
number of pixels occupied by the diameter of a single alu-
minum strand, which is represented by w in Fig. 10. More-
over, it is known that the external aluminum strands are
winded in a fixed angle α(whose minor change is ignored
in this paper). Thus, the horizontal width of a single alu-
minum strand, that is l in Fig. 10, can be expressed as
round(w/ sinα).

On the basis of the above analysis, round(w/ sinα) was
taken as the reference object, and the appropriate detection
accuracy v which in pixel unit was selected with respect to
the actual need.

If the width of a Z-shaped waveform satisfies
|Pi − round(w/ sinα)| ≤ v, where Pi represents the width
of the ith Z-shaped waveform, then it is identified as the
normal waveform representing an unbroken single aluminum
strand.

If the width of the Z-shaped waveform meets
|Pi − round(w/ sinα)| > v, then it is recognized as the abnor-
mal waveform representing the broken aluminum strands.

Furthermore, in order to highlight the width change of the
Z-shaped waveforms representing the broken strands, it is
necessary to sum the width of adjacent abnormal waveforms.
The specific approach is to superpose the width of adjacent
abnormal waveforms in Fig. 9. The processing results are
shown in Fig. 11, in which the x-coordinate is the mark num-
ber of the Z-shaped waveform after superposition, and y-axis
represents the width distribution of the Z-shaped waveforms
after enhanced processing, the unit is still in pixel.

As shown in Fig. 11, the width superposition results of
adjacent abnormal waveforms show obvious peaks, which are
consistent with the positions of suspect broken strands, and
the more of the broken strands, the larger of its peak value.
Moreover, supposeHk represents the width of the kth suspect
broken strands region in Fig. 11, the specific width value can
be read from y-coordinate of a peak point, and lk represents
the number of broken aluminum strands based onHk , then
lk can be expressed as lk = round[Hk/(round(w/ sinα))],
and its maximum value lmax is the actual number of broken
aluminum strands. For example, round(w/ sinα) in this paper
is about 100 pixels, as shown in Fig. 11(b), there are two peaks
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FIGURE 11. The superposition results of the Z-shaped waveform of the
adjacent broken single aluminum strand. (a) Axis at 1/4 thickness.
(b) Central axis. (c) Axis at 3/4 thickness.

representing two positions of suspect broken strands region,
and the peak values are about 228 pixels and 200 pixels, so it
can be determined that there are two broken aluminum strands
respectively at two position on the central axis. Combined
with the analysis results at the axes of 1/4 thickness and
3/4 thickness, the positions and numbers of broken strands
can be comprehensively determined.

C. CONDUCTOR DEFECTS IDENTIFICATION
According to the segmentation result of the conductor region
obtained in the A part of Section III, the extracted conductor
region needs to be mapped to its GVN image, the result
is shown in Fig. 12. Comparing Fig. 12(a) and Fig. 12(b),
we can observe that surface defects takes higher gray values
than other areas in the GVN image of conductor region,
furthermore, pixels of a defect are clustered together. As a
consequence, the sum of the normalized gray-scale variance
value in a column direction will be large if the column crosses

FIGURE 12. Images of the conductor region. (a) Extracted conductor
region. (b) GVN image of conductor region.

FIGURE 13. Processing result of vertical projection. (a) Waveform of
vertical projection. (b) Median filtering result of vertical projection.

a defect. Similarly, the sum in a row direction of a local area
will also be large if the row passes through a defect. Thereby,
we put forward the PGVN algorithm.

The PGVN algorithm includes three main procedures:
vertical projection, local horizontal projection, and defects
identification. The first procedure analyzes vertical projec-
tion of the GVN image of conductor region and locates
the horizontal suspect positions of defects. The second step
analyzes the horizontal projection of the local subimages
obtained by the first procedure. The final procedure iden-
tifies every suspect defect position with a rectangle based
on the results of the first two procedures and a filtering
rule.

1) VERTICAL PROJECTION
Given the GVN image of conductor region in Fig. 12(b), the
specific calculation process of its vertical projection is given
by

my =
∑

x
F(x, y) (5)

where F(x, y) is the normalized gray-scale variance value at
the coordinate (x, y), my represents the summation of F(x, y)
in each column.

The result of the vertical projection is shown in Fig. 13(a),
which includes many local peaks. Small local peak is mostly
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FIGURE 14. Threshold processing results.

FIGURE 15. Acquisition of the horizontal suspect defects on the
conductor. (a) High-pass filtering result. (b) Horizontal suspect defects
identification. (c) Local subimages containing suspect defects.

caused by noise and is needed to be smoothed by the
median filtering [37]. Fig. 13(b) shows the smoothed result of
Fig. 13(a). Note that the horizontal axis refers to each column
of the given image, and vertical axis represents the gray
value.

In order to highlight the suspect positions of defects, it is
necessary to process the results of vertical projection by
thresholding, in which the threshold T is set as mean of the
maximum and minimum gray values in the vertical projec-
tion, it is expressed as T = (M

′

max +M
′

min)/2. If my is large
than T , then it is set to the difference from the threshold T .
Otherwise, it is set to zero. Fig. 14 shows the threshold
processing results.

Furthermore, the threshold result in Fig. 14 needs to be
filtered by a high-pass filter, and the size of the filter window
is set as the radius r of a single aluminum strand. If the

FIGURE 16. Processing result of vertical projection. (a) Waveform of
horizontal projection. (b) Median filtering result of horizontal projection.

pixel range of a peak on the horizontal axis is less than r ,
then it is filtered out. Otherwise, it keeps the original value.
Fig. 15(a) shows the filtered result, and Fig. 15(b)
shows the corresponding horizontal suspect positions of
defects. The start column and the end column of the
suspect defects region are corresponding to the horizon-
tal coordinate of the high-pass filtered result. Finally,
the local subimages containing the suspect defects are shown
in Fig. 15(c).

2) LOCAL HORIZONTAL PROJECTION
Local horizontal projection is similar to the vertical pro-
jection, except that the horizontal projection is carried out
by analyzing the sum of the normalized gray-scale variance
values of each row in a local sub-image determined by above
vertical projection.

First, taking one of the local subimages in Fig. 15(c) as
an example, the specific calculation process of its horizontal
projection is given by

mx =
∑

y
F(x, y) (6)

where F(x, y) is the normalized gray-scale variance value
at the coordinate (x, y), mx represents the summation of
the F(x, y) in each row. mx is also smoothed by median
filtering. The result is separately shown in Fig. 16(a) and
Fig. 16(b). Note that the horizontal axis refers to each row
of the given image, and vertical axis represents the gray
value.

Second, mx is sequentially processed by threshold-
ing, high-pass filtering and defects marking, just as my.
Fig. 17 and Fig. 18 show the corresponding results. Finally,
the start row and the end row of the suspect defects are
obtained according to the corresponding horizontal coordi-
nate of the high-pass filtered result.
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FIGURE 17. Threshold processing results.

FIGURE 18. Acquisition of the vertical suspect defects on the conductor.
(a) High-pass filtering result. (b) Vertical suspect defects identification.

FIGURE 19. Cross-section view of the single aluminum strand.

3) DEFECTS IDENTIFICATION
According to the transmission line operation specifica-
tion [38], the running transmission line is required to be
repaired if the defect depth is more than one quarter of the
thickness of the single aluminum strand. Therefore, the diam-
eter length at a quarter of the thickness of the single alu-
minum strand is used as a threshold, which is

√
3r, as shown

in Fig. 19. And take the specific structural model of the
transmission line into account, which is shown in Fig. 20,
suppose α is the angle between the edge tangent of a single
aluminum strand and the horizontal line. In order to further
screen the obtained suspect defects, we intend to compare
the length p of the suspect defect region with the diameter
length

√
3r. Note that the length p is defined as the length

that along the normal direction of the conductor edge tangent.
If the length p of the suspect defect region satisfied p <

√
3r,

then it is ignored. Otherwise, if p ≥
√
3r, it is identified and

marked.
Based on the technical guidelines for the evaluation of

the operation status of overhead transmission lines [39],
it is meaningful to make further judgments on the obtained
suspect defects. Thereby, the accurate defects position

FIGURE 20. Model diagram of transmission line conductor.

FIGURE 21. Identification result of the damage area.

FIGURE 22. UAV and On-site aerial images. (a) UAV equipped with
camera. (b) On-site aerial photography.

FIGURE 23. The conductor faults analysis software interface.
(a) Conductor break detection. (b) Conductor surface defects detection.

is located, Fig. 21 shows the final defects identification
results.

IV. FIELD EXPERIMENTAL RESULTS AND ANALYSIS
In this section, we mainly analyze the performance of the
conductor break detection algorithm and the conductor sur-
face defects identification algorithm. All images used in this
experiment are obtained by aerial photography in actual trans-
mission lines.

A. FIELD INSTALLATION
As shown in Fig. 22, the image acquisition device is
installed on the UAV, which has already been widely
applied in daily patrol of many overhead transmission
lines.

Fig. 23 shows that the conductor faults analysis soft-
ware which is installed in the monitoring center. This soft-
ware contains several function modules, such as image
reading, conductor extraction, conductor break detection,
and conductor surface defects detection, etc. The UAV
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FIGURE 24. The flow chart of the conductor break detection. (a) The original conductor images. (b) Extraction of central axis. (c) Gray value
distribution diagram. (d) Square waveforms diagram. (e) Distribution curves of the width of each Z-shaped waveform. (f) Superimposing the
irregular Z-shaped waveforms.

is required to be as close as possible to the transmis-
sion lines so that the mounted camera can capture high-
definition conductor images. Therefore, the flight path of
the UAV, the fixed-point photographic angle and the com-
munication networks should be set properly according to the
requirements [40].

B. PERFORMANCE TEST OF CONDUCTOR BREAK
DETECTION ALGORITHM
1) VERTIFICATION OF ALGORTITHM
In order to systematically verify the validity and practicability
of the conductor break detection algorithm proposed in this
paper, we take two pictures of filed images as examples
for processing and analysis, one is the image of damaged
conductor with three broken aluminum strands, and the other
one is the unbroken conductor image. The flow chart of the
detection process is shown in Fig. 24 below.

The original images are shown in Fig. 24(a). Fig. 24(b)
is the central axis extraction results of the conductor region
for each image. Fig. 24(c) shows the gray value distribution
diagram on three transverse axes of the conductor. We can
observe that the gray value distribution on the unbroken
conductor axis has a perfect periodic cycle characteristic.
As for the broken conductor, the gray value still shows a
certain periodic distribution if the axis crosses the undamaged
portion, while the periodic gray distribution is destroyed if
the axis passes through the broken aluminum strands area.
Fig. 24 (d) shows the results of SWT, it is obvious that the
Z-shaped waveforms of the unbroken conductor image have
nearly the same width with each other, while the Z-shaped

waveforms corresponding to the broken aluminum strands
portion has a local sudden increase or continuous decrease
in width. This phenomenon is clearer in the statistical dis-
tribution of the width of the Z-shaped waveforms on each
axis shown in Fig.24(e). Fig. 24(f) shows the width superpo-
sition results of the adjacent abnormal Z-shaped waveforms.
The locations of the broken aluminum strands on the whole
conductor is clear at a glance in Fig. 24(f). The maximum
value in the result of the Z-shaped waveform width super-
position tell us there are three broken aluminum strands in
the broken conductor, which is consistent with the actual
situation.

2) DIFFERENT BACKGROUND
In addition, the performance of the proposed conductor
breakage detection algorithm is further evaluated based
on several filed images captured by UAV under simple
backgrounds and complex backgrounds. The experimental
results under different backgrounds are provided in Table 3,
including the results of key intermediate processes. It is
demonstrated that the proposed algorithm performs well
under different conditions and can obtain robust detection and
diagnosis results.

3) FIELD DATA SET VERIFICATION
As shown in Table 4, a data set with 400 filed images under
simple backgrounds and 400 filed images under complex
backgrounds captured by UAV are constructed to verify the
effectiveness and robustness of the conductor break detection
algorithm. As the results shows that the detection accuracy
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TABLE 3. Experimental results under different backgrounds.

TABLE 4. Recognition results of conductor break.

in simple condition is higher than that in complex condition
and the average detection accuracy can reach 90.45%, which
can effectively detect the conductor break in the transmission
line.

C. PERFORMANCE TEST OF CONDUCTOR SURFACE
DEFECTS DETECTION ALGORITHM
1) VERTIFICATION OF ALGORTITHM
In order to verify the effectiveness and practicability of the
conductor surface defects identification algorithm proposed
in this paper, a filed image containing several surface defects
is chosen as an example. The flow chart of the detection
process is shown in Fig. 25 below.

It can be seen from Fig. 25(a) that the suspect column con-
taining defects on the horizontal direction can be effectively
highlighted by the vertical projection and high-pass filtering
of the GVN image of the conductor region, which effectively
reduce the detection range of the suspect conductor defects
region, and then three sub-images containing the defects
are obtained by column segmentation. Thereafter, as shown
in Fig. 25(b), as same as the vertical projection, the local
horizontal projection of each subimage is first calculated sep-
arately, and each projection result is successively processed
by the median filtering, threshold processing, and high-pass
filtering. Followed by the row segmentation on each subim-
age, the position of suspect defects can be localized and
identified. Finally, according to the screening principle, the
small interference area is filter out, the final results are shown
in Fig. 25(c).

2) DIFFERENT BACKGROUND
Similarly, the performance of the proposed conductor defects
detection algorithm is also evaluated based on several aerial
images under simple backgrounds and complex backgrounds.
The experimental results are provided in Table 5, including
the results of key intermediate processes. It is demonstrated
that the proposed algorithm performs well under different
conditions and can obtain robust detection and diagnosis
results.

3) FIELD DATA SET VERIFICATION
As the same, in order to verify the effectiveness and robust-
ness of the conductor defects detection algorithm, a data
set with 400 aerial images under simple backgrounds and
400 aerial images under complex backgrounds are con-
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FIGURE 25. The flow chart of the conductor defects detection. (a) Vertical projection, high-pass filtering, and horizontal
suspected defects mark. (b) Local horizontal projection of sub-images obtained vertical projection. (c) Final conductor
surface defects identification results.

TABLE 5. Experimental results under different backgrounds.

structed in the same way. The experiment results in Table 6
shows that the detection accuracy in simple condition is
higher than that in complex condition and the average

detection accuracy can reach 92.05%, which can effectively
detect the conductor surface defects in the transmission
line.
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TABLE 6. Recognition results of conductor defects.

V. CONCLUSION AND FUTURE WORK
In this paper, a recognition technology for transmission lines
conductor break and surface damage detection based on
aerial images is proposed. The proposed GVN enhancement
processing method can highlight the conductor from UAV
captured aerial images with different background, which fur-
ther promotes the subsequent conductor region segmentation.
Afterward, the conductor break can be identified and located
by analyze the gray value distribution on the GVN image of
conductor region. Meanwhile, the conductor surface defects
can also be identified and located by the vertical projection
and horizontal projection on the GVN image of conduc-
tor region. The performance of the proposed algorithms is
extensively evaluated for a range of different backgrounds.
The field experimental results confirm its effectiveness and
robustness as well as its practicability. The average fault
detection accuracy for conductor break identification can
reach 90.45%, while the average fault detection accuracy for
conductor surface defects identification can reach 92.05%.
As a result, the proposed technology can be adopted in the
UAV patrol inspection system of transmission lines.

The proposed technology is able to locate the conductor
break and conductor surface defects on the acquired aerial
images, but the specific positions of the faults in the whole
transmission line is not implemented. Also, the faults types
cannot be automatically differentiated during the fault detec-
tion process in the proposed technology. Therefore, a number
of research directions are considered worth further research
effort. Firstly, more advanced approach is needed to effi-
ciently distinguish different types of faults for better state
assessment of transmission lines. Secondly, with the develop-
ment of panoramic image acquisition technology, the specific
positions of the faults in the whole line can be obtained based
on the camera calibration. Finally, additional work is needed
for location and detection of other faults on conductors by
combining the image processing technology with the sensor
technology which is immune to complex field environment
and illumination.
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