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Abstract

Over the past few decades, interest in unmanned aerial vehicles (UAVs) and in particular
quadcopters has increased due to the wide range of possible research applications that
can benefit from the use of quadcopters. Insulator inspection on overhead power lines
has traditionally relied heavily on visual inspection. The task is both cumbersome and
relies on the experience of the inspector. It is also extremely dangerous as the inspector
needs to work in close proximity with overhead power lines, and contact with these
lines can lead to instant death. This thesis focuses on the development of a quadcopter
based system that is able to inspect insulators on overhead power lines. The proposed
system consists of a quadcopter that is able to inspect the health of insulators on an over-
head power line. The quadcopter, via the help of its onboard cameras and Raspberry
Pi based computer, is able to detect the health of an overhead power line insulator and
simultaneously send images to the ground station where they are processed. The main
contribution of this thesis is the development of a complete quadcopter based system
for overhead power line insulator inspection. The offshore image processing algorithm
presented in this thesis has a mean average precision of 0.66 and an average processing
time of 0.55 seconds. The onboard image processing algorithm has a mean average
precision of 0.26 and an average processing time of 1.28 seconds. These numbers show
that quadcopter based insulator inspection can be carried out successfully using both
offshore and onboard image processing techniques both in terms of precision and im-

age processing time.

Keywords: Insulator Inspection; Quadcopter; UAV; Drones; RCNN; Image process-

ing; tensorflow
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Chapter 1: Introduction

This chapter provides a brief overview of the research work being carried out
using quadcopters at present and its potential in carrying out cumbersome tasks easily.
Further sections of this chapter deal with the thesis objective and research contributions

that have been made by completing this thesis.

1.1. Overview

The field of unmanned aerial vehicles (UAVs) has seen rapid development in the
past few years. Quadcopters are a particular type of UAV with four rotors and have at-
tracted research interest [1,2]. As the commercialization of quadcopters has increased,
so has the research into different possible applications of quadcopters. One area of re-
search related to quadcopters is in search and rescue missions such as locating people in
rubble from buildings destroyed due to earthquakes, or helping locate people in build-
ings that have caught fire. In [3—6] further applications are mentioned such as their use
in wildfire suppression, disaster and emergency management and border patrol. Other
commercial applications include aerial photography, which not only has recreational
uses but also can be used to study volcanic activities and atmospheric changes.

Another field of research that has seen a rapid increase of interest is the field
of quadcopter based inspection of overhead power lines. Traditionally, overhead power
lines have mainly inspected visually, where an inspector physically observes the over-
head power line in order to determine if the cable or insulators and line accessories have
defects or not. This approach is cumbersome, time-consuming and dangerous. Further-
more, the approach relies heavily on the experience of the inspector. In order to better
enhance this procedure and provide safety to the inspector, quadcopters can be used to
inspect the overhead power lines as the one discussed in [7]. Because numerous parts of
overhead power lines need inspection and each component requires unique techniques,
thus the field of quadcopter based inspection of overhead power lines has the potential

for significant amount of research.
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1.2. Thesis Objectives and Contribution

The aim of this work is to propose an image processing based technique that
allows for the identification of the current health of ceramic insulators. The proposed
algorithms will classify the insulators in three categories namely ‘Healthy Insulators’,
‘Dirty Insulators’ and ‘Broken Insulators’. Each category indicates the current health
of the insulator where ‘Heatlthy’ signifies that the insulator is in a good condition.
‘Dirty’ signifies that the insulator has been polluted and ‘Broken’ signifies that the
insulator is physically damaged. The details of the image processing algorithms are
discussed later but the main focus is on using algorithms that are reasonably accurate
and precise while also not computational heavy so that they can be implemented on a
small computer such as Raspberry Pi. Consequently the proposed algorithms will be
able to work on a quadcopter (onboard) and also on a remote PC (off shore). As a result
the proposed methodology can allow for both remote inspection and in-flight inspection
using quadcopters.

The novelty of the proposed work is a complete quadcopter based overhead
power line insulator health monitoring system. The image processing algorithms used
are not only capable to be used on offshore computers, but can also run onboard on a

small computer installed on a quadcopter.

1.3. Thesis Organization

The rest of this thesis is organized as follows. Chapter 2 provides a review of ex-
isting quadcopter and UAV based techniques that are currently being used for overhead
power line inspection. In addition to this the literature review also focuses on types of
insulators used in the industry and the method used to inspect them. Based on the liter-
ature review the processes of formulating an overall quadcopter system that can inspect
the health of overhead power line insulators is discussed in Chapter 3. Furthermore,
chapter 3 focuses on image processing techniques and basics of quadcopter systems.
Chapter 4 discusses the results obtained by the system developed in Chapter 3. Chapter

5 provides concluding remarks on the work done in this thesis.
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Chapter 2: Literature review

2.1. Inspection Techniques For Overhead Power Lines Via Image Processing

A thorough study in [8], provides useful insight about the available technology
being used for detecting defects in overhead power lines. Most research caters to de-
tection of defects in cables and towers that form the bulk parts of overhead power lines.
Currently the techniques on overhead power line inspection using image processing
can be divided into two categories. 1) UAV based techniques and 2) Non UAV based
techniques. Because image processing is computationally heavy, therefore UAV based
inspection tasks in both above categories do generally employ some post processing of

images captured during flight.

2.1.1. UAV based techniques. In [8] it is mentioned that most of the research
that has been carried out on UAV’s is focused towards image-based recognition. The
application mainly focuses on either mapping overhead power line in a given area or
on inspecting various components of overhead power line. One image based detection
technique discussed in [8] uses neural filter along with Hough transform in order to
locate objects of interest in an image. This was done in order to locate overhead power
lines in an image in order to inspect them. It was also suggested to use line clustering in
order to refine the detection results. Another approach mentioned is to use an adaptive
threshold to isolate power lines in varying light conditions. In addition to this, another
approach is to form detailed 3D models of power lines via images acquired from a UAV
in order to form 3D geometrical maps of overhead power lines. Furthermore, another
study presented by [8] focused on automating the procedure of detection and tracking
of overhead power line towers. The procedure used neural network based classification
to detect towers and a helical tracking method.

In [9, 10] further work is done on overhead power line inspection using auto-
mated gimbals and manually operated helicopters. The concept is to first of all form a
tracking algorithm that can detect poles on power lines using image processing. Once
the location of a pole has been established in an image, then the camera attached to the

gimbal can keep tracking the pole. In order to initiate the processes, the position of
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a known power pole is provided using differential global positioning system (DGPS).
Once tracking has been initiated a user then uses the images captured from the camera
to inspect equipment on the overhead power line pole and to inspect object of interest
close to the vicinity of the pole. It is important to note that the research done in [10],
primarily focuses on overhead power line pole tracking. This is done by obtaining a
steady stream of data from an automated gimbal mounted on a helicopter that is man-
ually controlled. Thus no image processing is done in order to detect objects on the
overhead power line poles and on power lines themselves which means an operator
still needs to go through the images collected by the helicopter and locate the problems
manually.

Detection of damaged cables on overhead power lines using image processing
techniques is further studied in [11]. As in [10], the process requires helicopters to
record a video of overhead power lines. Once the recording has been done, the video
is then processed in order to check for two particular cable related problems. The first
problem tackled is to observe the contour of the cable in order to find out if it has
been physically cut from a particular point or not. The second problem tackled by the
image processing algorithm is detection for the presence of arc marks using brightness
of each frame recorded. One key issue is that the processes is not designed for real time
monitoring.

A group from University of Wales has worked on the formation of a ducted fan
rotorcraft for overhead power line inspection. According to [12] a ducted rotorcraft
design was used as it is believed to be much safer due to the fact that rotors are enclosed
by ducts and as a result it does not harm the surroundings if contact occurs between
the rotors and surroundings. Further modification to the design presented in [12] is
mentioned in [9]. According to [9] by adding position and attitude control [13, 14]
along with a guidance system [15] and a power pick-up (shown in Figure 2.1) a more
comprehensive device can be formed that can be autonomous and cover longer distances
along overhead lines. Unfortunately details on what particular problem the device can
tackle, and the image processing techniques used are not discussed in [12]. In addition
to the previous work, another project entitled the “Electric power Line Exploration

using Aerial Vehicle” (ELEVA) has also been mentioned in [9]. The main objective
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of this project is to design an autonomous helicopter that can fly along power lines
using stereo computer vision. Furthermore, the image processing algorithms does not
only allow for tracking of the cable but it also enables conductor inspection as well.

Figure 2.1 shows the prototype design for the UAV’s discussed in [9].

(a) |

Figure 2.1: (a) Flying robot in development by the University of Wales research group;
1 rotorcraft; 2 power pick up mechanism; 3 camera used for power line tracking and
obstacle avoidance; 4 power lines. (b) The ELEVA project flying robot; 5 helicopter; 6
and 7 the cameras used for stereo vision; 8 power line [9].

In [7], a novel method for joint inspection is provided that uses infrared cameras
installed on a quadcopter in order to carry out unmanned inspection. The design of
the UAV constitutes an infrared (IR) camera and red,green and blue (RGB) camera
along with a video transmitter. The quadcopter uses mission planning software running
on the ground control station to maneuver from one way point to another. The video
transmitter sends images from IR and RGB camera to the ground control station where
the images are processed. The algorithm processes the images in three steps. The first
is by removing the background of the image in order to better locate joints in the image.
The next step is to locate the joints. This is done by locating the hottest region in the

foreground image. In theory the hottest region represents the joints in an overhead
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power line tower and thus temperature thresholding is being used to locate the joints.
Once the joints have been located further temperature thresholds are implemented to
observe if the joints located have problems or not. Since the processing is done on
the ground station further details are required in order to understand if the processing
is done in real time or not. One of the major drawbacks of such implementation is
that if the ground station is close to the vicinity of the area being investigated then
real time processing can be carried out. However, due to the nature of overhead power
lines the investigated area usually is not small. Thus information provided in [7], is not
clear as to what happens in cases where the communication between the quadcopter
and ground station breaks or cannot be established. In [8], one of the approaches for a
fully autonomous system named RELIFO is provided. This approach uses visual data
obtained from cameras attached to the UAV in order to detect the distance between the
conductors and the objects close to it such as buildings and vegetation. The UAV is
equipped with thermal and visual cameras. The visual cameras are used to provide line
tracking for the UAV so that it can follow the overhead power line. The cameras are
also used for stereoscopic analysis in order to detect objects close to the overhead power
line. The thermal cameras are used for damage detection on the conductors. From the
works mentioned above it can be noted that UAV based inspection is still in its infancy

with regards to overhead power line inspection.

2.1.2.  Non UAV based techniques. The methods provided in the previous
section relied on image based detection techniques. However, in most above cases the
images are processed after the inspection has been carried out via a UAV. This section
focuses on the work done so far in the field of image based detection techniques that
do not require UAVs in order to inspect overhead power lines. Most aerial inspections
are still carried out using helicopters and inspection personnel use cameras and visual
cues in order to carry out the inspection. In [16], a method of remote monitoring for
overhead power line towers is proposed. It is argued that in developing countries where
infrastructure is not that well developed and areas where inspection via aerial vehicles
is difficult due to harsh terrain and weathers, a remote monitoring system would be

more beneficial. The main idea in [16] is to install cameras on overhead power line
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towers that can take images of the insulators installed on the tower periodically. Further
hardware includes remote terminal units (RTUs) that send the data from the tower to
the distribution control center (DCC) where the actual image is processed.

The image processing is divided into 6 steps. Step 1 is to read the image and
send it to the DCC. In step 2, the DCC converts the RGB image to L xaxb color space.
In Step 3, the k-means clustering algorithm is applied and the desired clusters are ac-
quired. The desired cluster include the pole, cross-arms, insulators and conductors. In
step 4, the pixel intensity values close to the clusters found in step 3 is set to zero. In
step 5, the pixel intensity is computed row-wise, column-wise and diagonally. If the
intensity count is greater than a specified threshold a bounding box is drawn around the
surrounding pixels. In the last step the region from the bounding box is passed through
a pre-trained adaptive neuro-fuzzy inference system that determines whether the bound-
ing box contains an insulator and also its state of health. The work presented in [16]
distinguish the state of insulators in two categories. The first is that the insulator is
healthy and the second is that the insulator is broken. Similarly work done in [17] uses
images taken from the overhead power line towers via cameras and RTU. The main ap-
proach is to again first segment insulators in a image and then use wavelet and support
vector machines (SVMs) in order to determine the state of the insulators. Details of the
algorithm and its detection criteria can be found in [17].

In [18], edge detection is used based on images captured from a cameras at-
tached to overhead power line towers. It is proposed that by using edge detection with
Canny edge detector can help locate cables on overhead power line towers easily. The
paper introduces a custom Canny edge detector that can help in detection of wires on
overhead power line towers easily. According to the authors the results obtained by
using just edge detection with Canny operators can result in false detection. However,
by improving the threshold using an automatic identification threshold, improvements
can be made on the existing Canny operator. Result from [18] show that improvements
were indeed observed for wire detentions on overhead power lines.

From the literature review above it can be clearly seen that a considerable amount
of work has been done on overhead power line inspection. However, not a lot of work

exist on insulator inspection using UAVs or quadcopters. The core of this thesis is on
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insulator inspection via quadcopters. Therefore, the next section provides a through

review of insulators used in overhead power lines.

2.2. Insulators

Insulators used in overhead power lines are categorizes by two main properties.
These properties are the material from which the insulator is made and the second is the
application for which the insulator is used for. Two different materials have been used
in outdoor insulators, namely, ceramic and polymeric materials. This section provides
a brief introduction for each type and provides some advantages and disadvantages of

each type discussed.

2.2.1. Ceramic. According to [19], ceramic insulators (made of porcelain and
glass) were first used around 1880. Porcelain has been used as an insulator in overhead
power lines for more than a century. It has been used for such a long time because of
its stability due to the strong ionic bonding present in it. The source of this bonding
comes from the bonds formed between silicon and oxygen. The ionic bonding present
in porcelain yields a highly stable material that highly decreases reactivity towards UV,
humidity and other similar environmental factors. Furthermore, porcelain based insu-
lators provide mechanical support to the cable. Another reason for its popularity is it’s
low-cost of production [19]. Porcelain, however, does suffer from few drawbacks as
well, for example, ceramic insulators made from porcelain are brittle in nature and thus
susceptible to mechanical damage [19]. Another major disadvantage of the ceramic in-
sulator is its weight. Since ceramic insulators are quite heavy it is difficult to use them
in overhead power lines with extra high voltage. This is one of the primary reasons
other lighter weight insulators were introduced. Furthermore, ceramic insulators tend
to perform poorly when their surface is contaminated. In particular, the hydrophobic-
ity of the insulator is greatly decreased, which increases the chances of flashover. A
flashover occurs when the air around or along the insulator breakdowns and conducts
electricity. Figure 2.2 shows a typical ceramic insulator used in the industry and Figure

2.3 shows parts of a ceramic insulator.
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Figure 2.2: Ceramic insulator.

Locking Key

Insulator's Head
Expansion Layer—————«{0a__| __
Imbedded Sand
|
i : Insulating Glass
skt —— { 7 ﬂ F i or Porcelain
I

Corrosion Sleeve
for DC Insulators

Figure 2.3: Parts of a ceramic/porcelain insulator [20].

2.2.2. Polymer. Polymer insulators were first introduced somewhere between

1930s and 1940s. However, at that time their performance was not as good as expected,
and their use was put on hold [21]. By the 1970s development in the field had led to the
formation of materials such as ethylene propylene rubber (EPR), ethylene propylene
diene monomer (EPDM), polytetrafluoroethylene (PTFE), silicone rubber (SR), and a
core of fiber-reinforced plastic (FRP), all of which can be used in the formation of over-

head power line insulators. With the presence of these materials, the industry started to

shift from ceramic to polymer insulators.
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The shift in the industry could have been motivated by the advantages polymer
insulators provided. One of the main advantages of polymer insulators is their superior
pollution performance due to its hydrophobic surface. The cost of production and its
installation is also comparatively cheaper than that of ceramic insulators. On the other
hand, polymer insulators are prone to weather degradation and thus are highly suscep-
tible to environmental conditions such as UV, moisture, humidity that cause damage to
the polymer surface as discussed in [21]. Figure 2.4 shows a polymer insulator used in

the industry and Figure 2.5 shows parts of a polymer insulator.

Figure 2.4: Polymer insulator [22].
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Figure 2.5: Parts of a polymer insulator [23].
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2.2.3. Insulators types based on application. The industrial application of
insulators can be divided into three main categorizes. In these categories the insulator
can be either made up of ceramic or polymer. Figure 2.6 shows all three types of
insulators and brief description on each category is provided below.

Pin insulators were the earliest insulators to be implemented on overhead power
lines. They are still used in the industry and have three variants that can withstand
different level of high voltage. The maximum kV rating a three part pin insulator can
handle is 33kV [24]. Post insulators are used for bus bars and switches which are
used in substations for disconnecting. A post insulator is similar to a pin insulator but
has a metal base. The post insulator has three variants line post insulator, switch post
insulator and cut out switch insulator [24]. Suspension insulators are used in overhead
power lines that have a rating above 33 kV, where it is not economically viable to use
pin insulators. Suspension insulators consist of a disc shaped piece of porcelain and the

surface underneath is grooved to increase the surface for the leakage path [24].

(b)

Figure 2.6: Insulator types: (a) pin insulator (b) post insulator and (c) suspension insu-
lator [24].

2.2.4. Causes for defects. In [25], electrical stress on an insulator is linked to
the break-down of an insulator. Factors that can generate electrical stress are linked to
flashover and puncture. A puncture occurs in an insulator when the electrical discharge
between the conductor and the insulator pin occurs through the body of the insulator.
When a puncture occur the insulator is considered to be permanently damaged. The
safety factor of an insulator is the ratio of puncture strength to flashover voltage. A

high value of safety factor is desirable as it means that a flashover takes place before
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the insulator gets punctured. Similarly according to [26] an insulator used in overhead
power lines is considered damaged if it fails mechanically, and a flashover occurs on its
surface, or deteriorates to the extent that the safety factor is compromised. Damage to
insulators can be caused by thermal and mechanical cycling, ablation from weathering
and electro-thermal causes, flexure, and torsion, ionic motion, corrosion, and cement
growth.

Change in the operating temperature of insulators in known as thermal cycling.
Since insulators are exposed to the outside environment, they experience a change in
temperature due to the cycle of day and night. This change in temperature causes cracks
on the insulators as a result of thermal expansion and contraction on a daily basis.
Leakage current on the insulator surface is also a thermal source and causes the insulator
to warm up pretty quickly. The cement present in the insulator experiences expansion.
This expansion is caused by wetting of the cement due to rain or high humidity and
causes cracks on the insulator. Cement growth can also be caused by contaminants in
the atmosphere such as sea-salt, road-salt and certain types of sulfates as they attack the
Portland cement found in the insulators. According to [27], the insulators most prone to
cement growth related damages are the ones present on the dead end strings( insulators
attached to the pole) and insulators on the windward side (The side facing the wind) of
a tower. Figure 2.7 shows an insulator that has been contaminated by a mixture of salt

and dirt deposition.

Figure 2.7: Insulator suffering from salt and dirt contamination and discoloration [28].

27



Moreover, these contaminants can also cause corrosion inside the insulator if
the contaminants penetrate through the surface of the insulator [26]. If such type of
contamination is allowed to be built up on the insulator, it can greatly increase the

probability of having a flashover on the insulator surface.

2.2.5. Types of defects. Mechanical failure of an insulator can be divided
into three subcategories. These failures are categorized as 1) Normal break of glass
fiber reinforced (GFR) rod, 2) Brittle fracture and 3) Slip at the end of the fittings [29].

Explanation of each category is given below.

2.2.5.1. Normal break of GFR. The GFR rod is the core rod as seen in Figure
2.5 is completely elastic until its damage limit. Unfortunately, no specific reasons as to
what causes this damage are known, but from the type of damage, it can be assumed
that this might be caused by the expansion and contraction of the GFR due to change in

temperature.

2.2.5.2. Brittle fracture. Brittle fracture is considered to be caused by stress
corrosion and is initiated by the simultaneous application of mechanical stress along
with diluted acids [30]. In most cases it occurs close to the high voltage ends where
the insulator faces high level of electrical and mechanical stresses. Figure 2.8 shows a

brittle fractured insulator.

Figure 2.8: Brittle fracture on an insulator [30].
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2.2.5.3. Slip at the end of fittings. This problem is no longer a common issue
in insulators anymore. This problem occurs due to use of worn out tools being used to
connect the ends of the GFR rods to the end fittings and also when the variation between
the diameter of the GFR rod and the end fittings is not too large. As a result, cracks
start to appear which may lead to the slip of the end fittings.

Unfortunately, insulators are often targets of vandalism. People sometimes use
insulators as target practice; and thus insulators are hit by stones and gunshot. Figure
2.9 shows insulators that have been damaged due to vandalism. In the case of glass
suspension insulators, the results are catastrophic as the outer shell of the insulator is
completely damaged. In places where vandalism is high, polymer insulators are often

used.

Figure 2.9: Damaged insulators due to vandalism [30].

In certain cases, bird droppings on insulators have been attributed to promoting
flashovers in insulators. Since these bird droppings are considered to be conductive
in nature they can help short out the air gap between the insulators. The potential;
difference between these insulators is very high. This combined with the presence of
the shorted air gap results in a flashover. It has been reported that flashover due to bird
droppings contributed to 18.97% of composite insulator failure in China [31].

Bird pecking is another problem observed in the industry. In Australia, par-

rots have been observed to chew out most parts of the insulators thus exposing the GFR
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rod [29]. In Switzerland, crows have been reported to peck on both the sheds and sheath
of the insulator to such a degree that the rod inside the insulator becomes exposed to
the environment [29]. Rodents have also been observed to chew on composite insula-
tors, however, this is observed when the insulators are being stored on the ground in
a warehouse [30]. Figure 2.10 shows an insulator that has been damaged due to bird

pecking.

Figure 2.10: Insulator damaged due to birds pecking [30].

2.2.6. Insulator fault detection techniques. Detection techniques of insu-
lators are traditionally done via visual inspection by trained personnel who use ad-
ditional hardware in order to assist them in the inspection. However, as technology
has progressed techniques have been developed that no longer require an inspector to
be physically present thus these techniques can be divided into two groups which are
1) traditional visual hardware based techniques and 2) unnamed aerial vehicles based
techniques. Techniques based on UAV have already been discussed in detail in the be-
ginning of this particular chapter. It is however important to provide information on
traditional techniques in order to get an idea of how cumbersome these techniques are
and as result the need to improve upon them.

Visual inspection is currently the most reliable form for inspection of both over-

head power lines and insulators. The inspectors are provided with detail description
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of how to identify defects from guidelines provided by Council on Large Electric Sys-
tems (CIGRE), Electric Power Research Institute (EPRI) and Swedish Transmission
Research Institute (STRI). These guides contain a detailed description of expected de-
fects and are accompanied by color images of the defect for the ease of the user. The
limitations of visual inspection are that it relies on the experience of the person carrying
out the inspection. Moreover, visual inspection cannot detect defects that are inside the
insulator.

Due to certain defects on the insulator surface, electrical discharges may start to
take place in the form of partial discharge or leakage current. This causes the insulator to
heat up hence infrared cameras are used to detect such defects as the damaged and now
heated region are clearly visible on the IR cameras. The advantage of using infrared
thermography is that it enables the user to detect defects that are inside the insulator
and are not visible to the naked eye. A major disadvantage of infrared thermography
is that it requires an insulator to be heavily damaged in order to detect a defect in it.
This means that the technique cannot be used on insulators that are slightly damaged.
Furthermore, the results further degrade if the humidity level is low [32,33]. Figure
2.11 shows images taken by an infrared camera used for detecting internal faults in the

insulator.

Figure 2.11: Insulator damage detection via infrared cameras [33].

As mentioned in the previous section, it is hard to detect damages to the insulator

when most of the insulator is intact and the released energy from the defect is small.

31



Alternatively, corona cameras can be used to detect these defects. Corona cameras
capture UV rays being emitted by the defect to detect the presence of corona and it
is important to mention that different types of corona cameras are available that can
detect corona in daylight as well as in the night. The cameras measure the intensity of
the corona by calculating the number of pulses of light emission referred in the field as
blobs. According to [33] corona detecting cameras still lack the ability to detect internal
defects in an insulator but by exposing some inner part of the insulator some success
can be achieved. Corona-based cameras can also work in dry conditions and thus tackle

the issues faced by IR cameras. Figure 2.12 shows a camera capturing corona using

Uv.

Figure 2.12: “Blob” captured via daylight corona camera [33].

The existence of damage in outdoor insulators can alter the electric field distri-
bution close to the vicinity of the insulator surface. A portable diagnostics probe can
be used to measure the electric field near the insulator. The technique requires manual
operation of a probe that needs to be kept close to the insulator being inspected. The
mode of operation is to measure the electric field around an insulator and then compare
the results with a reference fingerprint obtained from a healthy insulator [33]. Figure

2.13 shows results obtained from two different cases
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(b)

Figure 2.13: Insulator defect detention using magnetic probe (a) at the fitting (b) in the

middle [33].

33



Chapter 3: Methodology

Most of the real time monitoring of insulators found on overhead power lines is
primarily done by installing cameras and remote terminal units (RTUs) on the overhead
power line towers. The RTU then transmit the data to distribution control center (DCC)
where the actual image processing takes place. Some of the disadvantages of such a
systems is that it requires a lot of hardware to be installed on to the existing systems
in order to become fully operable. In addition to this the cameras installed on a single
tower can only work in the vicinity of the tower. This means that while the tower area
is covered there is no coverage of the area in between the towers where defects and
problem can arise. In addition to this regular maintenance of the inspection hardware
also needs to be carried out along with inspection of the overhead power line towers
which increases the overall maintenance cost of the overhead power line system. One of
the main advantages of using a DCC is that it allows the user to carry out comprehensive
checks on the images being transmitted from the RTU. As a consequence the image
processing results are more precise and accurate and have high reliability.

An optimal solution would be to carry out real time monitoring on a system that
can maneuver easily close to the vicinity of overhead power lines. Furthermore, the
device should have capabilities of doing both onboard and offshore processing in real
time. Doing so will form a system that can work independently and will not require
a user to go through the data in post processing. In addition to this, image processing
algorithms need to be properly selected so that they can provide results that are precise
as well as provide fast output, a necessity if one has to successfully carry out inspection
in real time.

The main focus of this thesis is on designing and testing an overall hardware
and software based system that can carry out insulator inspection on an overhead power
line. The main hardware consists of a quadcopter based system that can be controlled
by an inspector while carrying out inspection. The software consists of image pro-
cessing algorithms that will run on the quadcopter as well as on the ground station for
simultaneous real time inspection. The basic architecture that the quadcopter system

needs to follow is shown in Figure 3.1. This basic architecture will be used to design
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and develop the required software and hardware components. Figure 3.2 shows how an
operator needs to operate the quadcopter in order to carry out an effective inspection.
Way points are the locations of the towers and the green arrows represent the quad-
copter revolving around the tower in order to fully insulators on a tower from every

angle possible.
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Figure 3.1: A flow chart showing the basic architecture of the targeted quadcopter sys-
tem.

35



e

Waypoint 1 Waypoint 2

Figure 3.2: A representation of how the quadcopter will inspect the towers.

This section primarily analyzes the image processing algorithms considered for
detecting insulators on an overhead power lines. For this particular study only ceramic
insulators are considered but the work presented can be extended to other types of insu-
lators, and the image processing algorithms can be modified if needed. This chapter also
focuses on the overall hardware and software required to form a quadcopter systems that
can detect three types of insulators on an overhead power lines. The types of insulators
considered are ‘Healthy Insulators’, ‘Dirty Insulators’ and ‘Broken Insulators’ Also
the algorithms considered are such that detection of insulators is possible both onboard

the quadcopter, and also possible on a ground control station computer.

3.1. Image Processing Algorithms For Offshore Processing

The first part of developing an image processing algorithm is to is to identify
whether the algorithm needs to carry out image classification or object detection. In
image classification the main objective is to identify whether a particular object of in-
terest exist in a given image. In object detection algorithms the main objective is to
identify whether an object exist in a given image and then locate the object of interest
within the image as well. This is usually done by drawing a bounding box over the
object of interest. This particular work focuses on object detection algorithms and is

primarily trained to detect Healthy Insulators, Dirty Insulators and Broken Insulators.
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3.1.1. Data for training. In order have an effective image processing algo-
rithm that can detect objects in an image it is important to make a data set that contains
known instances of the interested objects. In order to make such a data set, multiple
images of the object of interest need to be taken, and then the objects of interest need to
be labeled. The labeling of the object of interest helps in extracting major information
about the object in a given image. Each label carriers the name of the object of inter-
est. The bounding box contains the pixel information of the object in the image. While
the formatting of the bounding box data may vary from application to application, in
Matlab [34] bounding boxes contain [x y width height]. Where x and y represent the
coordinates of the upper left corner of the bounding box in terms of pixels. The width
and height represent the width and height of the box which is drawn around the object
of interest.

A total of 2973 images were taken over in order to make the data set. In order to
take a large amount of images and also vary the background and the lightning conditions
several videos of the insulators were taken. The frames in each video were extracted
and used as individual images in the training data set. Also, the videos were created so
that the frames contained all scenarios that were thought to be faced by a quadcopter
when carrying out an inspection. Most of the videos were taken by maneuvering around
a custom built tower that can hold the insulators. Figure 3.3 shows the custom built

insulator holding tower used for gathering image data.

Figure 3.3: Custom built tower for holding insulators.
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3.1.2. Comparison of image processing algorithms. After completing the
image data set, the next part was to look into image processing techniques that can be
used for object detection. Several techniques were looked into [35-39], for locating
objects in a given image.

In the initial stages point feature matching [36] was implemented on a smaller
part of the data set. From the results it was observed that point feature matching is not a
good way for detection of objects that have plain and repeating textures further more it
is recommended that point matching system be used for objects that are unique and have
a distinct features that can allow the algorithm to detect the object in a cluttered environ-
ment. This particular constrain is a major problem for the ceramic insulators that have
identical shapes and structure, and thus point matching image processing technique was
not used.

The next image processing algorithm that was considered for insulator detection
is a cascade object detector using histogram of oriented gradients (HOG) [35] as the
main feature that the algorithm uses for identifying the insulators in an image. Two
major problems were faced when the trained cascade object detection algorithm was
tested. The first problem was that the algorthim gave multiple results for a given object
and also showed high confidence in false positive cases. The second problem was that
identification of objects at varying distances was not precise at all. In cases when the
object had a larger ratio than what was present in the training or the orientation of the
object was different than the one the system was trained with, the results were not at all
acceptable. One solution that was implemented was to increase the training data set of
the training images but the problems still persisted with little to no improvements and
so the cascade object detector was not further pursued.

After getting unsatisfactory results from the previous algorithms the focus then
shifted on using aggregate channel features (ACF). Details on how ACF uses an image
in order to train and detect can be found in [39]. The ACF detector can use a pretrained
neural network model and modify it in order to detect new objects of interests. In
our case when the systems was trained using a part of the whole data set, two major
problems were found. The first is that in Matlab the training algorithm only supported

a single label training, this meant that three separate detectors are required in order
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to processes a single image, which essentially increases the overall processing time of
the system. In addition to this when the algorithm is trained in order to detect broken
insulators the results are not satisfactory as the detector detected small areas on the
broken insulators rather than the whole insulator as a broken insulator. Figure 3.4 shows
the results obtained by implementing the ACF object detector. Since the algorithm was
not providing a substantial improvement in detection and required at least three different

trained detectors for each object, it was decided not to further pursue it.
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Figure 3.4: Results of AFC object detector for broken insulator inspection.

3.1.3. Regional convolution neural network (RCNN). After attempting the
above algorithms focus then shifted on using regional convolution neural network in or-
der to form an object detector that can detect all three type of insulators that we intended
to investigate while carrying out an inspection. Steps provided in [40] were followed.
In which, a pretrained network was used along with RCNN. This is known as transfer

learning and was implemented in order to increase the overall all performance of the
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trained system. The pretrained network that was used is called CIFAR-10 [41] and is
a network that was trained with 50000 images. Two advantages of using this network
is that firstly, it decreases the overall time required to train the system. Secondly, a
relatively small data set of around 100 images can be used to train the network for new
object of interest. In addition to this, the algorithm is able to make improvements to
the existing CIFAR-10 net in order to locate all three objects in an image with a single
detector. This allows for multiple object detection in a single implementation, which is
a major improvement to the work that had to be done in ACF based object detection.

The convolution neural network consist of 15 layers which are shown in Table 3.1.

Table 3.1: Layers used to build the convolution neural network.

Layer name Layer Description

Layer 1 | Image Input 32x32x3 images with ’zerocenter’ normalization
32 5x5 convolutions with stride [1 1]

and padding [2 2 2 2]

Layer2 | Convolution

Layer 3 | ReLU

3x3 max pooling with stride [2 2]
and padding [0 0 0 O]

32 5x5 convolutions with stride [1 1]
and padding [2 2 2 2]

Layer4 | Max Pooling

Layer 5 | Convolution

Layer 6 | ReLU

3x3 max pooling with stride [2 2]
and padding [0 0 0 O]

64 5x5 convolutions with stride [1 1]
and padding [2 2 2 2]

Layer 7 | Max Pooling

Layer 8 | Convolution

Layer 9 | ReLU

3x3 max pooling with stride [2 2]

Layer 10 | Max Pooling and padding [0 0 0 0]

Layer 11 | Fully Connected 64 fully connected layer
Layer 12 | ReLU
Layer 13 | Fully Connected 10 fully connected layer

Layer 14 | Softmax
Layer 15 | Classification output | crossentropyex

Using the RCNN training processes these layers are added to our own modi-
fied CIFAR-10 based RCNN algorithm. From the compiled data set of 2973 images
initially 990 images were used to form a prototype CIFAR-10 based RCNN algorithm.
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Results obtained from the prototype algorithm showed major improvements then the
previous discussed algorithms. The first improvement that was noticed was the modi-
fied CIFAR-10 network was able to detect all three types of insulators. The detection
was able to identify all three categories with changing backgrounds. Secondly, unlike
the previous algorithms, the detection made by the modified CIFAR-10 network usually
had bounding boxes around the object of interest rather then detecting multiple parts of
the same object. One of the main problems noticed was that the modified network still
had problems in detecting insulators in certain perspectives and also had problems re-
lated to false negative detection as well. These problems were taken care by increasing
the data set of the training from 900 to 2800 images, and using 173 images for verifi-
cation. The settings for the training were not altered to the ones shown in [40]. After
adding the extra images for training, improvements in the network were noticed and no
further tweaking was done because, the modified CIFAR-10 based RCNN network was
providing satisfactory results.

It is worth mentioning that further work was carried out in forming a Fast RCNN
and Faster RCNN based on the intuition that it will improve the time required to pro-
cesses the images. This however, was not the case. It was found that both RCNN and
Faster RCNN were providing similar precision when it came to detection, but were in
fact taking more time than RCNN to processes a given batch of images. Since our

application is time sensitive, it was decided to not pursue the Fast and Faster RCNN.

3.1.4. Image processing algorithms on board. In the later stages of the thesis
work it was found that the modified CIFAR-10 network cannot be directly implemented
on the computer present on the quadcopter. This was mainly because the operating
system running on the quadcopter is Ubuntu and the modified network was built on
Matlab running windows. Another major problem is that the Ubuntu system present
on the quadcopter is old and thus installing image processing algorithms on it will lead
to problems on the operating system itself which jeopardizes the safe operation of the
quadcopter. Therefore, it was decided to add a Raspberry Pi to the quadcopter for
on board image processing. Fortunately, newer version of Raspbian support tensorflow

which is an open source machine learning framework. By following the tutorial found in
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[42], and by using the pretrained networks ssd mobilenet v2 coco model [43], an image
processing network was formed that can run on the Raspberry Pi with sufficient speed.
As with the offshore processing model, 2800 images were used for training and 173
images were used for verification. On testing the modified network on the Raspberry
Pi, it was found that the algorithm can processes a single frame in approximately 2 to
3 seconds. While a lower time would have been better, no further work was carried
out on reducing the time required for image processing as it was found that further
improvements on the hardware cannot be achieved due to its limited processing power

and lack of GPU support.

3.2. Quadcopter Basic Hardware and Software Components

According to [44,45] a basic definition of a quadcopter system can be defined as
a helicopter which has four equally spaced rotors. These rotors are generally arranged
at the corners of a square body and are typically pointing upwards. It is well known
that quadcopters are underactuated as the overall body has six degrees of freedom, (
three translation in X, y and z and three rotational degrees along x ,y and z which are
primarily referred as roll, pitch and yaw ) but only four motors. [44—47]. For the same
reason controlling the quadcopter is challenging and as a result a lot of research has
been carried out on improving the control methods for quadcopters. This thesis however
does not delve into this problem. In the next subsections a brief summary of the basic
components of a quadcopter is discussed in order to develop an understanding of the

requirement and use of each component.

3.2.1. Overall setup. Inorder to form a quadcopter a combination of hardware
and software is required. The hardware of the system can be divided into three sub
categories. 1) Structural components and 2) Electrical components. In [6], an overall
setup of a quadcopter systems is presented. The hardware of the system is divided
into two categories. The blue box in Figure 3.5 represents the electrical and hardware
components installed on the quadcopter air frame and the red region represents the

hardware and software that encompasses the ground control system.
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Figure 3.5: Overall setup of a quadcopter system [6].

3.2.2.  Structural components. The structural components of a quadcopter
consist of the frame, landing gear and propellers. Each of these components are essen-
tial to the quadcopter structure.

The material and size of the overall frame determines the quadcopter payload
capabilities as well as its application. Traditionally small frames might be developed
for prototyping, indoor applications, control algorithm testing and applications that do
not require heavy payloads. Whereas large frames might be used for outdoor and heavy
payload applications. Since quadcopters have four arms, the orientation of the frame

is mainly divided into two categories. Figure 3.6 shows the two categories which are
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[ 4)

popularly referred as the plus “+” and cross “x” orientation whereas Figure 3.7 shows

an actual quadcopter frame.

Clockwise -
Anti-clockwise -

Forward Direction

“+" Configuration “x" Configuration

Figure 3.6: The two configurations popularly used for quadcopters and the rotations
each propeller takes [45].

Figure 3.7: An example of a quadcopter frame [48].

Landing gears are in most cases part of the main air frame however, this is not
true for all cases. Landing gears act as the main support for the air frame that bears the
load of the overall quadcopter when on ground and especially on landing. As with air
frames, landing gears come in wide variety of types and are made of different materials
depending on the application [49].

Propellers generate the thrust required for the quadcopter in order to generate

the propulsion required to lift the quadcopter and further maneuver it. In propellers
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three main components are the material of the propeller, the pitch, and the size of the
propeller. The material is mainly determined by the application of the system. While
plastic is the most common type of material used for manufacturing propellers. It is
not uncommon to find propellers formed by metals and wood as well. The size and the
pitch of the propeller determine the overall thrust generated by a propeller. The pitch
of a propeller signifies the amount of vertical travel in inches a propeller can achieve
by completing one revolution in a soft solid. The size of the propeller determines the
overall area the propeller can work on while it rotates [50].

As seen in Figure 3.6 quadcopters consist of four propellers. In order to make
sure that the overall moment generated by the quadcopter is zero so that it does not start
spinning around its own axis, all quadcopters consist of 2 pairs of propellers. The first
pair consist of propellers that generate clockwise moment and the second pair generate
anticlockwise moment. In both “+” and “x” configuration a clockwise moving pro-
peller has anticlockwise moving propellers on each side. Figure 3.8 shows a common

propeller used in quadcopter.

\
<|

pC

N\

Figure 3.8: A commonly used 16 x 5.5 inch propeller in quadcopters where 16 is the
diameter of the propeller and 5.5 is the pitch of the propeller [51].

3.23. Electrical components. The electrical components of a quadcopter

consist of 8 main parts. Which are the flight controller, battery, brushless DC mo-
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tor, electronic speed controller (ESC), power module, global positioning system (GPS),
remote controller (RC) and telemetry. All eight of these are essential electrical compo-
nents that are required for a basic functional quadcopter.

The flight controller of the quadcopter is the main brain of the system. That
includes the control unit of the quadcopter. The flight controller manages all the inputs
from the user and the sensors attached to the quadcopter. The flight controller also
controls the signals being sent to the motors and thus controls the overall motion of
the quadcopter. Most flight controllers also include an inertial measurement unit (IMU)
that allows the quadcopter to measure acceleration, rotational velocity and the direction
of magnetic field in 3D orientation. This along with other sensors allow the quadcopter
to identify its location in a 3D environment. A more detailed analysis on types of flight
controllers and their application is provided in [52]. Figure 3.9 shows few of the most

commonly used flight controllers used in quadcopters.

Figure 3.9: Commonly used flight controllers in quadcopters.

Quadcopters can be powered using fuel cells, solar panels and combustion en-
gines [53]. However, the most popular method of powering drones is via batteries and
in particular Lithium ion batteries due to their high power density, high voltage per cell,
wide temperature operation range, and superior shelf life [2,54]. A typical Lithium

polymer cell has a nominal voltage of around 3.7 volts and are the most prevalent type
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of batteries used in quadcopters. These batteries come in a wide variety of size and
capacity.

While looking for a Li-Po battery three main things should be kept in mind
1) Battery capacity in mAh, 2) Nominal voltage and 3) Current draw. The nominal
voltage is the voltage that the battery provides at full charge. As the charge of the
battery decreases so does the voltage provided by the battery. As stated a typical Li-Po
battery is rated at 3.7 V. The nominal voltage rating can be increased by connecting two
Li-Po batteries with the same current capacity in series with each other. This is typically
denoted on Li-Po battery pack as 1S, 2S and so on. Stating the number of cells attached
in series in a battery pack. In certain cases where batteries are connected in parallel a
number followed by P is shown. A typical combination found on battery case can be
4S1P that sates that the Li-Po in this case have 4 cells that are connected in series and
have 1 parallel connection.

The battery capacity in mAh denotes how much current the battery can dis-
charge for in an hour. For example a 1000 mAh battery can provide a load 1 A of
current for 1 hour at its nominal voltage. Quadcopters require a large amount of cur-
rent due to the use of brushless motors (BLDC), as a result general capacities of Li-Po
batteries can be anywhere form 2000 mAh to 70000 mAh. It should be evident that the
wide range of capacities is to take into account multiple applications that quadcopters
have.

BLDC motors require huge amount of current in order to generate the thrust
required for the quadcopter. A BLDC motor can take up to 30 A or even more depending
on the properties of the BLDC motor. Li-Po battery clearly states the maximum current
that can be supplied from the battery by denoting a number followed by C. This is
known as the charge and discharge rate of a Li-Po battery and is used to find out the
maximum current the battery can provide. For example a battery with 1000 mAh with
20C rating means that the battery can provide a maximum of 20,000 mA (20 A).

Figure 3.10 shows a typical battery used for powering the motors and the elec-
trical components in a quadcopter. The packing shows that this particular battery has
a capacity of 1800 mAh at 11.1V (nominal voltage) and a 45C discharge and charge

rating.
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Figure 3.10: Li-Po battery [55].

Three phase BLDC motors are the main types of motors used in quadcopters.
Few key reasons for this is because of their speed/torque characteristic which is almost
flat, that allows the motor to operate at the rated load for all speeds. Further advantages
of the BLDC motor over DC and AC Induction motors can be found in [56]. One of
the most important factors when it comes to quadcopters is the Kv rating which shows
the RPM generated by the motor when 1V is applied across it. This rating along with
the current draw of the motor helps a user in identifying what type of propellers and
ESC are required in order to form an operable quadcopter. Figure 3.11 shows a typical

BLDC motor used in quadcopters.

Figure 3.11: A common BLDC motor used in quadcopters [57].

ESCs are the intermediate components that are required to run the brushless DC
motor (BLDC). When the user transmits data from the RC the command is received by
the flight controller. The flight controller converts the incoming command from the RC
to PWM signals. These PWM signals are than fed to the ESC. The ESC then drives the
BLDC motor, which drives the propellers, and provides lift to the quadcopter.

ESC in quadcopters are selected based on the maximum current they can pro-
vide. ESCs are selected after the motors of the quadcopter have been selected and while

not necessary it is always recommended to select an ESC whose maximum current rat-
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ing is 10 to 15 A more then the maximum expected current being drawn by the motor.

Figure 3.12 shows a common ESC used for building quadcopters.

Figure 3.12: A common ESC used in the formation of quadcopters [57].

The power module is a small electrical component that is used to power the flight
controller using the Li-Po battery. The power module consists of a voltage converter
that converts the voltage level provided from the battery to power the flight controller
installed on the quadcopter. The power module also consist of voltage and current
sensors that enables monitoring the state of the battery. Figure 3.13 shows a common

power module used in a quadcopter.

Figure 3.13: A common power module used in the formation of quadcopters [58].

The IMU found in the the flight controller is not enough to localize the quad-
copter in an outdoor environment. Almost all drones that are intended to work in out-
door environments have a GPS installed in order to localize the quadcopter. Besides
localization one of the most important jobs of GPS is to allow quadcopter to fly au-

tonomously. Figure 3.14 shows a common GPS module used in quadcopter.

49



Figure 3.14: A common GPS module used in the formation of quadcopters [59].

In order to manually control the quadcopter a radio transmitter is required. All
radio transmitters come with a transmitter and receiver. The transmitter is held by the
operator and is used to send commands to the quadcopter. The receiver is connected
to the flight controller and the flight controller converts the signal received from the
receiver to output on the quadcopter. The most basic quadcopter requires a 6 channel
RC transmitter. It is however, common to see RC with 6 channels and above as well.
Most RC also operate on a frequency of 2.4 GHz. Figure 3.15 shows a typical RC

controller and its receiver used in quadcopters.

Figure 3.15: A common RC transmitter and receiver module used in quadcopters [60].

In order to receive data from the drone while it operating a telemetry module is
installed on the drone. The telemetry module comes in two pairs, one is installed on the

quadcopter and the second is attached to a computer. Using software such as QGround-
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Control, MissionPlanner, APM Planner, the operator can monitor the telemetry data
on a computer. The telemetry module not only allows for data observation but can also
be used to configure parameters on the quadcopter as well. Since telemetry establishes
communication between the user PC (Ground station) it is also used to measure how
far it has traveled from its starting point. This particular parameter is used to establish
safety precautions. One such safety precaution is to return to home once the connection
between the quadcopter and the ground station is broken. Figure 3.16 shows a typical

telemetry device used in quadcopters.

Figure 3.16: A common telemetry device used in quadcopters [61].

There are other sensors that can be added to the quadcopter in order to increase
its capabilities. A barometric, laser based, or ultrasonic altimeter can help a quadcopter
record its altitude in an indoor environment. Similarly a flow sensor can also be attached
to a quadcopter in order to measure ground velocity. Gimbals can also be added in order
to attach cameras to quadcopter for aerial photography, surveillance, and other similar

applications.

3.3. Quadcopter System

While carrying out the literature review on quadcopters based application two

common practices were found. In certain cases, research was carried out using custom
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built quadcopters, while others use existing out of the box quadcopters and modified
them according to their application. Both practices have certain advantages and disad-
vantages. Custom built drones are highly customizable, and thus the user has the ability
to add and remove components without much problems. However, one of the major
problems in forming customized quadcopters is that a lot of time has to be invested in
calibrating them. Furthermore, before forming the drone, the user also needs to carry
out extensive research on the hardware required to form the quadcopter, and also the
compatibility of the hardware with other hardware components.

The advantages of using a preassembled quadcopter is that the manufacturer has
already taken care of the hardware compatibility of the quadcopter and has already cal-
ibrated the system so that it is ready to fly out of the box. Moreover, manufacturers can
provide support to the user in case the user faces problems in operating the quadcopter.
However, one of the major drawback of an out of the box quadcopter system is its
customizability which is usually limited. Nonetheless, out of the box quadcopters are
usually intended for applications based research, where the end user would like to focus
on applications using the quadcopter and, thus save time on building and calibrating the
quadcopter.

For this thesis, an out of the box quadcopter called Gapter from GaiTech EDU
was used. This particular quadcopter was selected due to the onboard computer and
its support of robot operating system (ROS). ROS has an open source community that
develops ready to use packages that can be installed on a computer and used instantly.
This helps users in overcoming cumbersome tasks of developing code and algorithms
in order to extract information form a particular hardware device. Proper use of ROS
can allow a user to extract essential information from the quadcopter to a ground station
running ROS without a lot of configuration software configuration.The support of ROS
on Matlab was another reason this particular quadcopter was selected, as this allowed
seamless integration of the quadcopter with the ground station running the image pro-
cessing algorithm. The onboard computer also allows for a USB camera to be attached
to the quadcopter. The Gapter specifications are shown in Table 3.2, and the overall
hardware connections of the quadcopter is shown in the Figure 3.18 while Figure 3.17

shows how an out of the box Gapter looks like.
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Table 3.2: Hardware and Software components of the Gapter.

Part Description
Hardware Dimensions 450 mm
Carbon Fiber and 3D
Frame printed (Acrylonitrile Butadiene

Styrene material)

Expected to be around 1.7

Weight kg with 4S battery
Type X-Quad
Propellers 9.45
Color Black
Battery Li-Po
Autopilot Platform | Flight Controller Pixhawk 2
Flight Stack Adrupilot APM
Odroid XU4 with 2 GHz
Onboard Computer and Octa core CPUs
RAM 2GB

Gyroscope, Barometer

Internal Sensors
and 3D accelerometer

External Sensors GPS and Optical Flow
Operating System Ubuntu 14.04 LTS
1x USB 3.0, and 1x USB
2.0 (dedicated to
Connectors Wi-Fi USB dongle),

HDMI 1.4a for display
and Gigabit Ethernet port

Communication with PC | Wi-Fi and Telemetry

Figure 3.17: A fully assembled out of the box Gapter [62].
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Figure 3.18: Hardware schematic of the Gapter [62].

The major modifications made to the Gapter are the addition of a Raspberry
Pi placed at the top of the Gapter with a USB camera and an external power source at-
tached to it. Another separate camera was attached to the Odroid in order to perform off
shore image processing. Although the Odroid present on the Gapter has the capability
of performing image processing. The software present on the Odroid is not compat-
ible with image processing algorithms built using tensorflow. Therefore an additional
computer was installed on the Gapter in order to perform the image processing required.

In addition to this foam legs and a foam platform is also attached to the existing
legs of the drone in order to protect the main body from getting damaged in case of
rough landings. Furthermore, propeller guards were also attached to each arm in order
to protect the propellers from breaking in case of a crash. The final version of the Gapter

with all the modifications is shown in Figure 3.19.
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Figure 3.19: Modified Gapter used for insulator detection.

3.4. Overall Quadcopter Based Insulator Health Classification Process

With the image processing algorithms and the overall quadcopter system ready,
actual testing of insulator health classification can now be carried out. The overall
system works in the following way. 1) The user first calibrates the Gapter using an
autopilot software suite and makes sure that the Gapter is in operable condition. 2) The
user then initiates ROS on the Gapter and starts publishing GPS coordinates and images
from the Gapter. 3) The user then setups the Raspberry Pi on the Gapter and makes
sure that the image processing algorithm is running on it. 4) The user then sets up the
ground control station to receive images from both the Raspberry Pi and the Odroid. 5)
The images from the Odroid are used for offshore processing and are essentially being
processed on the ground station; the images from the Raspberry Pi are for onboard real-
time classification of insulator health 6) The user then maneuvers the quadcopter to the
area where the inspection needs to be carried out. 7) Once the inspection is completed
the user can then lands the Gapter and turns it off. 8) The user can then goes through the
data by himself from the ground station as well as the onboard data by either accessing

the Raspberry Pi remotely or by retrieving the memory stick present on the Pi. Figure
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3.20 provides a visual representation of the communication being carried out while the

Gapter carries out an inspection.

User operated

RC transmitter
Onboard
Processing
Off shore . : .
processing Camera 1and GPS SRR I [ e
location
Ground |
control station ROS
T | y,
---------- =+ Router

Figure 3.20: A summary of the overall processes being carried out while the Gapter
inspects the insulators.

3.5. Hardware Specification

The hardware and software specifications have already been provided for the
Gapter. It is however, essential to know the specifications of the other necessary equip-

ment used in this particular thesis.

3.5.1. Ground station. The ground station used for this particular thesis is an
ASUS-GLS53VD laptop. Its specifications are shown in Table 3.3. While not com-
pulsory it has been highly recommended to carry out training and image processing on

PC’s that have a GPU on it.

Table 3.3: Hardware and software specification of the ground station.

Component Specifications
CPU Intel Core -i17-770HQ @ 2.80 GHz
CPU threads 8
RAM 12 GB DDR4
GPU NVIDIA GeForce GTX 1050
GPU Memory 4 GB
Operating system Windows 10
Image processing software Matlab R2018b
Autopilot software suite QGroundControl
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3.5.2. Raspberry Pi. A Raspberry Pi 3 model B was used in order to carry
out on board image processing. The specification of a typical Raspberry Pi 3 model B

are shown in Table 3.4.

Table 3.4: Hardware and software specification of Raspberry Pi 3 model B.

Component Specifications
System on Chip BCM2837
CPU Quad Cortex A 53 @ 1.2 GHz
RAM 1 GB SDRAM
GPU 400 MHz VideoCore IV
Operating system Raspbian
Image processing software Tensorflow

3.5.3. Cameras. Two types of cameras were used on the Gapter. The two
seen in Figure 3.19 are called LifeCam Studio Model Q2F-00013 [63], these cameras
provide good quality images and were used for both on board and offshore image pro-
cessing. Detailed specifications of the camera can be found in [63]. In initial testing a
low resolution camera was used called Wei Xn Vision WX071 the specification for this
particular camera can be found in [64]. Figure 3.21 shows both cameras that were used

in the image acquisition processes.

Figure 3.21: Types of cameras: left WX071 right Q2F-00013.
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Chapter 4: Experiments and Results

This chapter primarily focuses on the results obtained from the quadcopter while
carrying out insulator inspection. This chapter is divided into further subsections where
different scenarios of tests and results are provided. For each test the number of images
is provided along with mean average precision (mAP) , average processing time (APT)
and other important information.

Before providing the image processing results it is important to understand how
to evaluate its performance.This thesis is using a measure called mAP which is obtained
by finding the area under a precision-recall curve. In image processing, precision is
defined as the number of true positives (7},) over the number of true positives plus the
number of false positives (F},) Eq (1). Recall on the other hand is defined as the number
of T, over the number of 7}, plus the number of false negatives (F,,) Eq (2). The average
precision of a particular label is calculated using the maximum precision obtained over

11 segmented recalled values from O to 1 in intervals of 0.1 Eq (3).

Tp
P= (D
Tp + Fp
T
R=—" ()
T,+ Fn
1
AP = ﬁ Z pinterp(r) (3)
re(0,0.1....)

For a particular image processing algorithm each label has its own precision-
recall curve the mAP is an average precision of all the labels which can be detected by
the image processing algorithm. It is also important to understand the key terminologies
of T, T,, F, and F,. T)- a true positive occurs when the object detected is present in a
given image and its location in the image is also detected correctly. 7,- a true negative
occurs when the object is not present in the image and is not detected as well. F)- a
false positive occurs when the object is detected in given image but is not present in it.
F,- a false negative occurs when an object is not detected in given image but is present

in it.
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In order to calculate the precision-recall curve, tests need to be carried out and
then the image processing results need to be compared with the raw images. This is
done by labeling the images from the results in order to form the ground truth. As
mentioned 7, occur when an object is actually detected and is present in the image.
However, one other factor that must be taken into account is how much the detection
overlaps with the labeled ground truth. This overlap is determined by the intersection of
union (IoU). Which is calculated by using Eq (4). According to [65] an acceptable IoU
is 0.5 and above. In this thesis all true positive results occur due to the IoU being 0.5 or
greater. In Eq (4) B, is the area of bounding box that is detected by the algorithm, By,

is the area of the ground truth bounding box.

ao = %’;82; 4)

Before discussing details of the results it is important to understand how the off-
shore and onboard processed images look like and the information they contain. Each
information displayed on the image is also saved in a .mat file for offshore processing
and .csv file for onboard processing. Figure 4.1 shows two images labeled a and b. The
image labeled a is the offshore processed image and the image labeled b is the onboard
processed image. 1) shows the date and time the image was processed, 2) shows the

detected labels in a given image and the confidence the processing algorithm has on the

detection, 3) shows the time taken for the algorithm to processes the image.

M6-jan-2019

- ¢

Insulator: (Confidence = 0.986294)

irty
_o-’——_‘ -

Lat: 25.31 Long: 55

‘Alt: 14.3 Pros time = 0.66
(a)

Figure 4.1: Important information from images.
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With respect to Figure 4.1 4) is unique to offshore processing and essentially
provides GPS coordinates of the quadcopter when the image was taken and processed,
5) is unique to onboard processing and shows the image number. In all eight tests were
carried out for insulator inspection and details of each test are provided in Table 4.1.
All of the tests mention in Table 4.1 are discussed in detail in this section and readers
are encouraged to refer to Table 4.1 if important information regarding a test is missing

in its description.

Table 4.1: Insulator inspection test details.

Offshore or Distance from Images in

Oboard over head power line data set
tower

Test no | Description

Test was
carried out

on images
taken from the
trained data
set

Test carried
Test2 | out using Offshore Variable between 2 to 3 m 121
WXO071
Test carried
Test 3 | out using Offshore Variable between 2 to 3 m 121
Q2F-00013
Test carried
Test4 | out using Offshore Variable between 2 to 3 m 151
Q2F-00013
Test carried
Test5 | outusing Offshore Variable between 1 to 2 m 151
Q2F-00013
Test carried
Test 6 | out using Onboard Variable between 1 to 2 m 179
Q2F-00013
Test carried
Test 7 | out using Offshore Variable between 0.5to 1 m | 151
Q2F-00013
Test carried
Test 8 | out using Onboard Variable between 0.5 to 1 m | 216
Q2F-00013

Test 1 Offshore 2 m 396
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4.1. Test 1: Image Set From Training Environment (Ground Station)

In order to test out the performance of the image processing algorithm, the first
test that was carried out was using a small set of 396 images from the training data. This
was done in order to check how the algorithm works in an environment that is known
to it. The precision recall for each category is shown in Figure 4.2. Figure 4.3, 4.4 and
4.5 show the overlap ratio for each particular category along with instances of 7}, T,,
F, and F;,. The histograms show overall in the given data set how many images come
under each category. Figure 4.6 shows the result obtained after processing the image

for insulator detection. In addition to this Table 4.2 summarizes the results for test 1.

S | Average Precision for Healthy Insulators = 0.59

é o.g

& 9 0.2 0.4 0.6 0.8 1
Recall

S | Average Precision for Broken Insulators = 0.89

é o.g

& o 0.2 0.4 0.6 0.8 1
Recall

= Average Precision for Dirty Insulators = 0.84

é o.g

& o 0.2 0.4 0.6 0.8 1

Recall

Figure 4.2: Precision-recall curve for all three categories.

In Figure 4.3, 4.4 and 4.5 the black dotted line in the top most graph shows a
threshold. This threshold is set at 0.5 which helps in identifying how much overlap
occurs when a T, occurs. As mentioned before, the existence of a label in an image is

not enough to categorize the label as 7),. The IoU helps us in identifying when a label
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is detected, how much of the detection overlaps with the actual object, which the user
has defined. In case the IoU is below the expected value of 0.5 this instance is then
categorized as F),. Another important point is the appearance of 7, instances. While T,
are not used in calculation they are important. This is because a 7}, represents instances

where a result is not expected, and the algorithm also does not provide any output.
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Figure 4.3: Test 1 overlap ratio and overall processing result for healthy insulators.
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Figure 4.4: Test 1 overlap ratio and overall processing result for dirty insulators.
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Overalp ratio for Broken insulator
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Figure 4.5: Test 1 overlap ratio and overall processing result for broken insulators.
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Figure 4.6: Result of image number 15 from test 1 image data set.

Table 4.2: Data from insulator inspection test 1.

Attribute Value
AP Healthy 0.59
AP Broken 0.89
AP Dirty 0.84
Average overlap ratio (Healthy) 0.55
Average overlap ratio (Broken) 0.61
Average overlap ratio (Dirty) 0.61
mAP 0.77
APT 0.44 seconds
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Form values in Table 4.2 and the graphs above, the overall performance of the
test can be evaluated. AP Healthy is the lowest among all three categories by referring
to Figure 4.2 it can be observed that the AP value is low due to the low recall value
which means that there is a presence of a large number of F;, values. However, what is
promising is that the precision of the system is still considerably high for healthy insula-
tors. With regards to the other two label dirty and broken the algorthim performed quite
well as AP for broken is 0.89 and AP for dirty is 0.84 which means that algorithm has
both high precision and recall for these particular labels which can be further verified by
Figure 4.2. The mAP for all three categories is 0.77 which is acceptable. The major fac-
tor however is the APT value which is 0.44 seconds on the ground station. This means
that real time monitoring of insulators can be conducted on this system with relatively
quick response. Average overlap ratio helps us identify that overall when a T}, instance
does occur it mostly overlaps the expected ground truth region.

Results obtained from test 1 were promising and while AP for healthy insulators
was quite low in comparison to dirty and broken insulators. It was still decided to carry
forward with CIFAR-10 based RCNN system because of its speed and also because
while testing it was expected that multiple images will be taken of the same pole while
carrying out inspection. The algorithms high precision capability in all three labels
means that if multiple images are taken near a single overhead power line tower, then

there are chances of detecting all insulators present on the line and their health.

4.2. Test 2: Insulator Inspection Via Quadcopter (Ground Station)

Test 2 was carried out using the lower quality WX071 camera. Since the gapter
came with WXO071 it was used with the Gapter for initial tests. Results form test 2
showed that the performance of the algorithm with a lower quality camera is not good
but this instead was used in order to understand the image quality requirements that the
algorithm needs in order to provide better results. Figure 4.7 shows the map location
where the test was carried out while Figure 4.8 shows the precision-recall curve for test
2. Figure 4.9, 4.10 and 4.11 show the overall results for all three categories and Figure
4.12 shows few processed images from test 2.In addition to this Table 4.3 summarizes

the results for test 2.
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The red cross in Figure 4.7 show the take off and landing point of the quadcopter
once the inspection is complete. The blue arrows show the direction in which the quad-
copter will move in order to carry out the inspection. and the white arrow shows the

location of the tower which is being inspected.

. University City
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Figure 4.7: Location where test 2 was carried out on a map.
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Figure 4.8: Precision-recall curve for all three categories for test2.
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Similar to Figures 4.3, 4.4 and 4.5, Figures 4.9, 4.10 show instances of T, T,
F, and F,. Furthermore, the threshold is also present at 0.5. The results of these three
Figures are not similar to the ones observed in Figure 4.3, 4.4 and 4.5. Besides, in
Figure 4.9 the instances of F, are considerably higher for broken and dirty insulators.

This means that the overall recall for these two label is low and this is observed in

Figure 4.8.
o Overalp ratio for Healthy insulator
= 1 T — = —_—
g w— Civeralap ratio
Bk g ta e = Threshold of 05| _ |
5 A
5 | A | | | | |
© o 20 40 60 80 100 120 140

Photo Number
For Healthy Insulator

True Positive

False Negative -
False Positive |

20 40 60 80 100 120 140
Photo number

__For Healthy Insulator .

True Negativef']

o
(=]

True Negative False Positive False Negative True Positive

Number of photos
=

Figure 4.9: Test 2 overlap ratio and overall processing result for healthy insulators.

2 4 Overalp ratio for Dirty insulator
n_z-o,sl— - = = = = = = -_—— - — | =Overalap ratio __l
g | {\ = Threshold of 0.5 ‘
a

0 s . P I
6 0 20 40 6 80 100 120 140

Photo Number
_For Dirty Insulator

True Positive| ] T
False Megative |
False Positive |

0 20 40 60 80 100 120 140
Photo number
For Dirty Insulator

True Negative False Positive False Negative True Positive

True Negative

Number of photos
(4}
=

Figure 4.10: Test 2 overlap ratio and overall processing result for dirty insulators.
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Figure 4.11: Test 2 overlap ratio and overall processing result for broken insulators.
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Figure 4.12: Four images from the overall 121 images that were processed from test 2.
Overall 121 images were captured in test 2 while flying the quadcopter. While

not clear in the images shown in Figure 4.12 the quality of the images when observed

individually were not good. Comparisons between broken and dirty insulators was

difficult to make and this is further supported by the fact that the occurrences of F), for
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broken insulators is high. As in certain photos, the dirty insulator is marked as a broken

insulator.

Table 4.3: Data from insulator inspection test 2.

Attribute Value
AP Healthy 0.60
AP Broken 0.23
AP Dirty 0.20
Average overlap ratio (Healthy) 0.53
Average overlap ratio (Broken) 0.60
Average overlap ratio (Dirty) 0.32
mAP 0.34
APT 0.55 seconds

The results above show that the quality of the camera greatly affects the de-
tection algorithm. The AP values for all three categories is considerably less then the
values obtained from test 1. As a result mAP is also lower than the one observed in
test 1. The major problem noticed is the lack of quality of the image, it was noticed
that the brightness, contrast and overall image quality was not good, and as a result the

algorithm performance is not good.

4.3. Test 3: Insulator Inspection Via Quadcopter (Ground Station)

This particular test was carried out using the Q2F-00013 camera. To test out
if changing the cameras provided improvements in the AP for each category, this test
only used offshore processing. One considerable major change that was made was that
in this particular test two different overhead towers were used. Figure 4.13 shows the
two overhead towers used for this test. Figure 4.14 shows the location where the test
was carried out while Figure 4.15 shows the precision-recall curve for all three labels
for test 3. Figure 4.16, 4.17 and 4.19 show the overall results for all three categories.
In addition to this Table 4.4 summarizes the results for test 3. Note: test 3 to 8 were
carried out close to the vicinity shown in Figure 4.14 therefore for further test the map

location is not shown and readers can refer to Figure 4.14 for the map location.
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The red cross in Figure 4.14 show the take off and landing point of the quad-
copter once the inspection is complete. The blue arrows show the direction in which the
quadcopter will move in order to carry out the inspection. and the white arrows shows

the location tower 1 and tower 2 which are being inspected.

Figure 4.13: Over head towers used in test 3.

University City
Sharjah

Figure 4.14: Location where test 3-8 were carried out on a map.
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Figure 4.15: Precision-recall curve for all three categories for test 3.
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Figure 4.16: Test 3 overlap ratio and overall processing result for healthy insulators.
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Figure 4.17: Test 3 overlap ratio and overall processing result for dirty insulators.

A, Overalp ratio for Broken insulator
m I T T
x S —
Q05 = = = - - -
© = Threshold of 0.5
@ |
> 0 | | ! [ I £ |
© o 20 40 60 80 100 120 140
Photo Number
True Positive Lidsi .0y I_nsql_?ti__:i_r

False Negative
False Positive
True l‘iagati\ulftaﬂ'|

20 40 &0 80 100 120 140
Photo number
For Broken Insulator

=y
(=]

True Negative False Positive False Negative True Positive

Number of photos
(4%
S

Figure 4.18: Test 3 overlap ratio and overall processing result for broken insulators.

Overall 121 images were captured in test 3 while flying the quadcopter. Out of
121 images few images are shown in Figure 4.19. When compared to previous results
this particular test showed that changing the camera had a considerable impact on the
detection results. When Figure 4.17, 4.18 and 4.19 are observed it is evident that an

improvement in both recall and precision has been made when comparing to similar

graphs in test 2.
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Figure 4.19: Four images from the overall 121 images that were processed from test 3.

Table 4.4: Data from insulator inspection test 3.

Attribute Value
AP Healthy 0.48
AP Broken 0.50
AP Dirty 0.75
Average overlap ratio (Healthy) 0.49
Average overlap ratio (Broken) 0.29
Average overlap ratio (Dirty) 0.52
mAP 0.58
APT 0.52 seconds

Results from test 3 show that changing the camera made significant improve-
ments when it came to detection of broken and dirty insulators as results from Table
4.4 show improvements in AP for broken and dirty insulators when compared to Table
4.3. A concern is the detection of healthy insulator which has not been detected well,
as seen by results from Table 4.4 as well as Figure 4.16. It was decided to observe the
detection results from future tests and see how the label detection performs in different

conditions.
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Another major problem that was noticed was the increase in F;, cases in the new
data sets after going through the results it was found that the algorithm was giving F,
results with lower level of confidence. An increase in F;, results in an overall decrease
in the recall of the label. As a result it was decided to make changes to the algorithm
in order to detect results with certain level of threshold. Through experiments with
various data sets it was decided to select a score threshold of 0.85. Which meant that a
detection is accepted only if the algorithm gave the detection a confidence score of 0.85
or above. This would mean that F, results will decrease but also cases of T), will suffer.

Discussion on how the threshold was decided are discussed in a latter discussion.

4.4. Test 4: Insulator Inspection Via Quadcopter (Ground Station)

This particular test was carried out using the Q2F-00013 camera. To test differ-
ent scenarios with the quadcopter. Figure 4.20 shows the precision-recall curve for all
three labels for test 4. Figure 4.21, 4.22 and 4.23 show the overall results for all three
categories and Figure 4.24 shows 4 processed images from test 4 data set. In addition

to this Table 4.5 summarizes the results for test 4.
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Figure 4.20: Precision-recall curve for all three categories for test 4.
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Figure 4.21: Test 4 overlap ratio and overall processing result for healthy insulators.
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Figure 4.22: Test 4 overlap ratio and overall processing result for dirty insulators.
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Figure 4.23: Test 4 overlap ratio and overall processing result for broken insulators.
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Figure 4.24: Four images from the overall 151 images that were processed from test 4.

Table 4.5: Data from insulator inspection test 4.

Attribute Value
AP Healthy 0.33
AP Broken 0.44
AP Dirty 0.85
Average overlap ratio (Healthy) 0.55
Average overlap ratio (Broken) 0.29
Average overlap ratio (Dirty) 0.56
mAP 0.54
APT 0.70 seconds

Results from test 4 show that detection of broken and dirty insulators is still
better when compared with healthy insulator detection. Ap values for Table 4.5 further
confirm the results shown in Figure 4.21, 4.22 and 4.23. With the detection results

showing promise it was decided to carry out test for onboard processing as well.

4.5. Test 5: Insulator Inspection Via Quadcopter (Ground Station)

This particular test was carried out using the Q2F-00013 camera. To test differ-

ent scenarios with the quadcopter. Figure 4.25 shows the precision-recall curve for all
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three labels for test 5. Figure 4.26, 4.27 and 4.28 show the overall results for all three
categories and Figure 4.29 shows 4 processed images from test 5 data set. In addition

to this Table 4.6 summarizes the findings in for test 5.
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Figure 4.25: Precision-recall curve for all three categories for test 5.
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Figure 4.26: Test 5 overlap ratio and overall processing result for healthy insulators.
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Figure 4.27: Test 5 overlap ratio and overall processing result for dirty insulators
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Figure 4.28: Test 5 overlap ratio and overall processing result for broken insulators.

After applying the threshold of 0.85 in test 5 the results obtained show improve-
ments in detection of all three labeled categorizes. With respect to Figures 4.26, 4.27
and 4.28 it can be seen that the instances of F; have started to decrease and as a result
the precision is improving fro all three categories as seen in Figure 4.25. A repeated

problem of the recall capability of the healthy insulator is also evident.
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Figure 4.29: Four images from the overall 151 images that were processed from test 5.

Table 4.6: Data from insulator inspection test 5.

Attribute Value
AP Healthy 0.58
AP Broken 0.72
AP Dirty 0.91
Average overlap ratio (Healthy) 0.55
Average overlap ratio (Broken) 0.42
Average overlap ratio (Dirty) 0.62
mAP 0.74
APT 0.58 seconds

4.6. Test 6: Insulator Inspection Via Quadcopter (Onboard)

This particular test was carried out using the Q2F-00013 camera. This test was
carried out simultaneously with test 5 and the processing was done on the onboard
Raspberry Pi. Discussion of this particular test is done in tandem with test 5. Figure
4.30 shows the precision-recall curve for all three labels for test 6. Figure 4.31, 4.32 and

4.33 show the overall results for all three categories and Figure 4.34 shows 4 processed

78



images from test 6 data set. In addition to this Table 4.7 summarize the findings in for

test 6.
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Figure 4.30: Precision-recall curve for all three categories for test 6.
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Figure 4.31: Test 6 overlap ratio and overall processing result for healthy insulators.
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Figure 4.32: Test 6 overlap ratio and overall processing result for dirty insulators.
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Figure 4.33: Test 6 overlap ratio and overall processing result for broken insulators.

Figure 4.34: Four images from the overall 134 images that were processed from test 6.
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Table 4.7: Data from insulator inspection test 6.

Attribute Value
AP Healthy 0.05
AP Broken 0.29
AP Dirty 0.46
Average overlap ratio (Healthy) 0.53
Average overlap ratio (Broken) 0.69
Average overlap ratio (Dirty) 0.81
mAP 0.27
APT 1.27 seconds

Results obtained from Raspberry Pi are interesting, AP values from Table 4.7
and graphs from Figure 4.30 show that onboard processing is possible. However, re-
call capability of the algorithm developed for Raspberry Pi is significantly less. Results
from Figure 4.31, 4.32 and 4.33 all show high number of F;, cases which shows why the
recall for all three categories is small. Another interesting finding is that the algorithm
predictions are highly precised which shows that when the algorithm is able to detect
a given label its detection is precisely where the object is expected to be. Lastly, it is
important to mention that in order for the onboard processing to work it was noted that
the object needs to be within 1 meter or less of the quadcopter. This makes onboard
image processing tricky as it is difficult to maneuver a quadcopter that close to an over-
head power line tower. In addition, to this the safety of the quadcopter and also of the
transmission line comes into question as well. Weather conditions will also now play
an important role, since the proximity of the quadcopter and the tower is not that big it
would be advisable not to fly the quadcopter in extremely windy conditions that may
cause the quadcopter to loose control and in worst case scenario fly into the power tower

itself.

4.7. Test 7: Insulator Inspection Via Quadcopter (Ground station)

This particular test was carried out using the Q2F-00013 camera. To test differ-
ent scenarios with the quadcopter. Figure 4.35 shows the precision-recall curve for all
three labels for test 7. Figure 4.36, 4.37 and 4.38 show the overall results for all three

categories and Figure 4.39 shows 4 processed images from test 7 data set. In addition
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to this Table 4.8 summarizes the results of test 7. As in the case of test 5 and 6, Test 7

and 8 were also carried out simultaneously.
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Figure 4.35: Precision-recall curve for all three categories for test 7.
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Figure 4.36: Test 7 overlap ratio and overall processing result for healthy insulators.
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Figure 4.37: Test 7 overlap ratio and overall processing result for dirty insulators.
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Figure 4.38: Test 7 overlap ratio and overall processing result for broken insulators.
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Figure 4.39: Four images from the overall 151 images that were processed from test 7.
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Table 4.8: Data from insulator inspection test 7.

Attribute Value
AP Healthy 0.69
AP Broken 0.89
AP Dirty 0.52
Average overlap ratio (Healthy) 0.60
Average overlap ratio (Broken) 0.50
Average overlap ratio (Dirty) 0.70
mAP 0.68
APT 0.53 seconds

4.8. Test 8: Insulator Inspection Via Quadcopter (Onboard)

This particular test was carried out using the Q2F-00013 camera. This test was
carried out simultaneously with test 7 and the processing was done on the onboard
Raspberry Pi. Discussion of this particular test is done in tandem with test 8.Figure
4.40 shows the precision-recall curve for all three labels for test 8. Figure 4.41, 4.42 and
4.43 show the overall results for all three categories and Figure 4.44 shows 4 processed

images from test 8 data set. In addition to this Table 4.9 summarizes results in test 8.
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Figure 4.40: Precision-recall curve for all three categories for test 8.
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Figure 4.44: Four images from the overall 216 images that were processed from test 8.

Table 4.9: Data from insulator inspection test 8.

Attribute Value
AP Healthy 0.19
AP Broken 0.26
AP Dirty 0.25
Average overlap ratio (Healthy) 0.78
Average overlap ratio (Broken) 0.80
Average overlap ratio (Dirty) 0.83
mAP 0.24
APT 1.28 seconds

Results from test 7 and 8 further tally with the findings from test 5 and 6. The
image processing algorithm on Raspberry Pi has very high precision but its recall capa-
bility is very low as shown by results in Figures 4.41, 4.42 and 4.43. Another common
factor found is that the processing time on Raspberry Pi is almost double the time it
takes for the offshore processing. As expected due to the low recall capability in for all

three categories in test 8 the mAP is quite low as shown in Table 4.9.
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4.9. Score Threshold

As mentioned before various aspects need to be taken into account while pro-
cessing an image. By default when an image processing algorithm detects an object in
an image it attributes a score to its detection. The score values in Matlab lie between
0 to 1 which can be linked to percentage as well from 0 to 100%. If an algorithm is
allowed to assign any score value between 0 and 1 then chances of F), increase and so
the precision of the overall label decreases. On the other hand, chances of F;, decreases
meaning that recall capability of the system increases.

This causes a problem for the user. If an image processing algorithm is not
very precise and the application which it is being used for requires high precision then
the user can increase the precision of the system by setting a high score threshold.
Doing so allows the user to overcome situations where an image data set contains a
high number of F), cases that may arise due to the lower score threshold value. In the
same sense if an application requires high recall capability then the user can decrease
the score threshold in order to decrease the number of F;, instances in an image data set.
Consequently this leads to increase in the recall capability of the detection algorithm.
It is however, important to keep in mind that variations in F), instances can also be
affected by changing the threshold on IoU results. By default an acceptable value is
0.5 as mentioned previously. However, a user can change it depending on application
requirements.

Using ground truth image data set from test 3, ten different result data sets were
formed where each data set had a unique score threshold from O to 0.9. This was done
in order to find an ideal score threshold that should be implemented on the both offshore
and onboard image processing algorithm. Figure 4.45 shows precision-recall curve for
all three categorize for score threshold O to 0.5. Similarly, Figure 4.46 shows precision-
recall curve for all three categorize for a score threshold of 0.6 to 0.9. From Figure 4.45
it can be observed that as score threshold increases the recall capability of the label
decreases. This is true for all three labels. In the case of dirty insulator the difference

is not that dominant but for healthy insulators the difference is clearly observed. The
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change in recall is also prominent for broken insulators. With Figure 4.46 this change

becomes more prominent in all three labels.
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Figure 4.45: Graph showing precision-recall for score threshold values from 0 to 0.5.
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Since our application requires the quadcopter to take multiple images of the
same insulators present on overhead power lines, recall can be sacrificed for more pre-
cise results. Therefore using information from Figure 4.45 and 4.46 it was decided to

use a score threshold of 0.85 in order to get more precises results and sacrifice recall.

4.10. Discussion on Results
All the results mentioned above are summarized in Table 4.10.

Table 4.10: Table summarizing results from tests 1-8.

Test no | mAP | Algorithm | Offshore/onboard | APT (seconds)
1 0.77 RCNN Offshore 0.44
2 0.34 RCNN Offshore 0.55
3 0.58 RCNN Offshore 0.52
4 0.54 RCNN Offshore 0.70
5 0.74 RCNN Offshore 0.58
6 0.27 | Mobilenet Onboard 1.27
7 0.68 RCNN Offshore 0.53
8 0.24 | Mobilenet Onboard 1.28

The results from all 8 test show that both algorithms are able to detect the health
of overhead insulators. From test 2 it can be concluded that picture quality greatly
affects the results of image processing algorithms. However, it should be noted that the
algorithm was still able to perform as the results showed a fair amount of detection in all
three categories. Test 1, 3, 4, 5 and 7 shows that offshore processing is more reliable and
is fast, primarily because of the hardware, the image processing algorithm is working
on. From the mAP values in Table 4.10 it can be concluded that offshore processing
performs better if we exclude test no 2 the average mAP for Offshore processing is 0.66.
As per [65] AP value of 0.5 and above is considered good and therefore the value of
0.66 can be considered more than acceptable. The APT values of test 1, 2, 3, 4, 5 and
7 show that it takes around 0.55 seconds for the ground station to processes an image.
This value can be used to establish that for proper detection to occur, a user must keep

the same position and orientation of the quadcopter for around 0.7 seconds. However, it
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should be taken into account that a user should to take multiple images of the overhead
power line insulators in order for the algorithm to have more precise data.

Results from Raspberry Pi show that onboard processing on quadcopter is pos-
sible however, the speed of the processing and the recall capability of the hardware is of
concern. Results from Table 4.7 and 4.9 show the precision of the algorithm running on
the Raspberry Pi is very high however, the recall capability of the system is very low.
Due to the very low recall capability the mAP for test 6 and 8 is very low as shown in
Table 4.10, when compared to the offshore processing. It is however, worth mentioning
that the precision of the algorithm is very high for all three labels. The average mAP for
the two onboard tests shown in Table 4.10 is 0.26. This value however, is an improve-
ment to the mAP given by [66] which states that the expected mAP for MobileNetV2
SSD is around 0.22. The APT values in Table 4.10 show that it takes around 1.28 sec-
onds for the onboard processing to processes an image. Therefore, the user needs to
maintain the quadcopter position and orientation for around 1.5 seconds in order for the
onboard processing to properly processes an image. However, as the recall capability
of the onboard processing is not very high in certain cases the quadcopter may need to
stay in the same position for longer periods. However, the exact time required cannot

be provided as this requires further testing that focuses on this particular problem.
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Chapter 5: Concluding Remarks and Future Work

5.1. Conclusion

This thesis successfully built a quadcopter based system that can detect the
health of insulators on overhead power line towers. The results show that the image
processing algorithms that have been developed are able to correctly identify the health
of overhead power line insulators. Both image processing techniques developed in this
thesis have successfully been implemented on the Gapter based quadcopter system and
results show that actual health identification of insulators from flight images can be
carried out. For offshore processing the average mAP noted is 0.66 and for onboard
processing the average mAP is 0.26. The APT of an image for offshore processing is
0.55 seconds, whereas for onboard processing it is 1.28 seconds. In the case of offshore
processing, the detection of healthy insulators is the worst among all three label cate-
gories. This however, can be rectified by further training the algorithm and introducing
more variables into the training data set. With regards to onboard processing the pre-
cision of the algorithm is better when compared with offshore processing. However,
the recall capability of the MobileNetV?2 net is lower than offshore processing, and the
onboard APT is also higher than the one observed for offshore processing. Overall the

main objectives of this thesis have been achieved as shown by the results obtained.

5.2. Future Work

The major contribution made by this thesis is the overall development of a quad-
copter based system that is able to detect the health of insulators on overhead power line
towers. A considerable part of the work presented in this thesis lies in the development
of the two particular image processing algorithms that are able to detect the health of
an overhead power line insulator. The results produced in this work can be advanced by
considering improved onboard hardware systems, using more advanced image detec-
tion and classification algorithms for improving the mAP. Also, autonomous flight of
the quadcopter with guaranteed automatic maintenance of separation between the drone

and the power line can be researched.
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