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Abstract
Substations are among the most important components of electrical transmission and distribution
systems in the world. Unfortunately, some electrical equipment in substations is suitable place
for animals to perch, roost, and hunt leading to their electrocution and possible power outages.
Researchers have proposed different solutions to protect these animals from electrocution such as
covering the electrical equipment. This solution requires field work to determine the dimensions
of electrical equipment within high voltage environments which is potentially dangerous.
Remote sensing methods can provide a suitable means to obtain measurements while mitigating
such danger, because the field worker can stay a safe distance away from hazardous equipment
such as power lines and hot connections. In this work, analysis of images taken from electrical
substations is used to obtain measurements of equipment of interest.
The main idea of this work is that hot connections are placed somewhere between insulators and
power lines or insulators and bus pipes. Thus, if centerlines of insulators and power lines are
extracted, the position of the hot connections will be known. Therefore, different feature-based
algorithms are developed to extract insulators and power lines which will help in extracting hot
connections. These algorithms include: 1) an automated texture/edge-based algorithm for
insulator extraction, 2) an automatic edge-based power line extraction, and 3) a semi-automatic
snake-based power line extraction. Then, the main objective of this thesis is to extract insulators
and power lines from imagery of electrical substations. The extraction of bus pipes is not directly
addressed; however, the power line extraction algorithms can be used to extract some of bus
pipes, too.
Key words: Electrical substations, insulator, power line, bus pipe, hot connection, linear feature,
snakes, edge detection, wavelet transform, fuzzy system.
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Chapter One: INTRODUCTION

1.1 Problem Statement
Transmission and distribution (T&D) systems are responsible for providing electricity for
customers throughout the world. Electrical substations are among the most important
components of T&D systems (see Figure 1.1(a)) and are used to carry electricity to customers
throughout the world (Alexander Publications, 2010; Siemens Energy Sector, 2008).
Unfortunately, animals such as birds, squirrels, and other mammals sometimes find the
equipment in the electrical substations to be appropriate places for perching, roosting, and
hunting. When the animals come in contact with certain electrical components, electrocution can
occur, which may cause death to the animals and ultimately lead to a power outage. Figure 1.1(b)
shows a squirrel that has been electrocuted by the substation equipment.

(a)

(b)

Figure 1.1: (a) An electrical substation and (b) an animal electrocution
(http://www.utilityproducts.com/articles)

Environmental hazards and the high cost of power outages are important inter-related problems
(Heck and Harness, 2008; Harness, 2012; Tinto and Manosa, 2010; Sundararajan et al., 2004a;
Sundararajan et al., 2004b). In the United States, a single power outage can cost up to $140,000,
which can lead to an estimated total loss of up to $80 billion per year. Outages in substations are
1

less frequent, but more critical, because of their impact on a large number of customers (Heck
and Harness, 2008).
Electrocution usually happens with voltages under 69 kV (about 25 kV) where the electric
phases are closer to each other. In North America, snakes, squirrels, birds, and small animals are
at risk (Heck and Harness, 2008; Harness, 2012) and raptors, in particular, are the most
frequently electrocuted animals (Tinto and Manosa, 2010; Sundararajan et al., 2004a;
Sundararajan et al., 2004b). Habitat, topography, cross-arm configuration, and distribution of the
conductive elements have been listed as the most important factors affecting the probability of
bird electrocution (Tinto and Manosa, 2010). To protect animals from electrocution, researchers
have proposed a number of different possible solutions, such as modification to existing design
standards. Pole-line reconfiguration, perch deterrents/guards, line markers, metal/plastics spikes,
and insulating caps are the possible modification methods considered to date (Sundararajan et al.,
2004a; Sundararajan et al., 2004b). The major focus of the reported work in this research is on
covering the exposed pieces of electrical equipment, namely, the hot connections (Heck and
Harness, 2008). Figure 1.2 shows an example of these covers.
The pieces of electrical equipment where animals are most frequently electrocuted are insulators,
power lines, bus pipes, and hot connections. In general, the hot connections are at the
intersection points of the power lines and the insulators or the bus pipes and the insulators. The
design and installation of the covers in a substation require measuring the dimensions of power
lines and insulators at each hot connection. Although these dimensions theoretically could be
derived from existing Computer Aided Design (CAD) models of substations, most of the original
models are outdated or unreliable since they were generated decades ago (Aguilera et al., 2012).
Field work also is a possible option to derive the dimensions of the electrical equipment;

2

however, such work in high voltage environments is dangerous. Remote-sensing-based
measurements provide an alternative type of field-work that can mitigate the danger as the
dimensions can be determined without physically contacting the electrical equipment. Images of
hot connections can be captured a few meters away from the object, which is a distance that
offers greater safety for the worker. Thus, in this thesis, the main challenge is in extracting the
details of the electrical equipment from imagery of electrical substations, which subsequently
can be used to derive the position, orientation, and dimensions of the equipment.

Figure 1.2: Covers for hot connections (http://www.utilityproducts.com/articles)

1.2 Research Objectives
The main objective of this research is to extract pieces of electrical equipment using remotesensing measurements from imagery of electrical substations. Not all of the equipment that is
visible in the collected images is of interest; however, the image-based reconstruction of
substations is primarily concerned with the equipment where electrocutions typically happen. As
discussed in section 1.1, animal electrocutions mostly occur at the hot connections, the locations
of which are often defined as being between an insulator and a power line or an insulator and a
bus pipe (see Figure 1.3). Thus, if the center lines of insulators and power lines or bus pipes were
extracted, the intersection of these lines would give the approximate position of the hot
connections. The following sections will discuss the special properties of the equipment of
3

interest. These properties are very important because they are directly used to identify and
extract the pieces of electrical equipment from the images.

Figure 1.3: The pieces of electrical equipment that need to be extracted,
including insulators, power lines, bus pipes, and hot connections

1.2.1 Insulator Properties
In electrical substations, electrical insulators support and separate electrical conductors. The
insulators can have different shapes and can be visually dark or bright (see Figure 1.4).
Generally, all insulators demonstrate a uniform shape and are composed of a number of rings.
Although the number of rings in various insulators may be different, a repetitive pattern can be
seen in their general appearance (i.e., a repetitive pattern along the center line of the hot
connections is easily observable). Insulators are installed in different directions; some may be
installed vertically while others are non-vertical. Rotation of the camera at the moment of
exposure also can cause vertical insulators to appear non-vertical in the images in some
instances.

Figure 1.4: Different shapes of insulators in electrical substations
4

1.2.2 Power Line and Bus Pipe Properties
Two other equipment items of interest are power lines and bus pipes. In T&D systems, the power
lines from electrical substations are used to transmit electrical energy. Like insulators, power
lines also have different shapes and may be dark or bright but are typically darker than the
background (see Figure 1.5). All power lines have a long curving shape and can be described as
linear features that are bounded by two parallel curves. In contrast to power lines, bus pipes have
a long straight shape and can be described as linear features that are bounded by two parallel
straight lines.
By investigating many images taken from electrical substations, three types of equipment are
generally recognized as being linear features: 1) power lines, 2) bus pipes, and 3) poles (see
Figure 1.6). Although the visual shapes of these three types of equipment are similarly comprised
of two parallel edges, the bus pipes are mainly horizontal and straight, and the poles are mainly
vertical and straight. Thus, the power lines can be discriminated from the bus pipes and poles by
their curved shapes. Furthermore, the bus pipes can be discriminated from the poles by their
orientation. On the other hand, the power lines in the electrical substations do not necessarily
follow a catenary shape; thus, they cannot be represented by a catenary formula. Indeed, the
power lines from the electrical substations are assumed to be modeled by a mathematical
function such as a spline.

Figure 1.5: Different shapes of power lines in electrical substations
5

Figure 1.6: Power lines, bus pipes, and poles

1.2.3 Hot Connection Properties
Hot connections (see Figure 1.7) are the third group of equipment of interest to this thesis. As
discussed in section 1.1, hot connections are the main cause of animal electrocution; and by
examining a large number of images taken from electrical substations, the hot connections are
usually seen somewhere between a power line or bus pipe and an insulator. Thus, by knowing
the position of power lines or bus pipes and insulators, the intersection of their center lines would
provide the approximate position of the hot connections. The hot connections typically have a
larger variety of shapes than power lines and insulators. The hot connections are always confined
between an insulator and a linear feature, namely, a power line or bus pipe.

Figure 1.7: Different shapes of hot connections in electrical substations

6

1.3 Thesis Outline
Chapter Two is a review of the past research literature, including edge detection algorithms,
linear feature extraction methods, and snake-based approaches, among others. Chapter Three
summarizes the developed algorithms that are used to extract and identify the objects of interest.
These algorithms are edge/texture-based insulator extraction, edge-based power line/bus pipe
extraction, and fuzzy snake-based power line/bus pipe extraction. Chapter Four discusses the
dataset and experimental results of this thesis in detail. Finally, Chapter Five concludes with a
summary and discussion and provides recommendations for future work.
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Chapter Two: LITERATURE REVIEW

2.1 Introduction
As discussed in Chapter One, remote-sensing-based measurements were introduced as a
substitute for field work to avoid possible dangers. Also, in terms of field work dangers, having
accurate and current 3D models of a substation’s equipment can decrease the level of risk for the
design and installation of the hot connection covers. Both LiDAR-based and photogrammetricbased approaches can be used to create a 3D model (Aguilera et al., 2012; Arastounia and Lichti,
2013; Pitzalis et al., 2008). Photogrammetric-based 3D models and the texture from highdynamic range photographs can be beneficial for generating models (Pitzalis et al., 2008).
Recently, there has been a growing interest in image-based 3D modeling, which is pertinent to
this thesis. Cultural heritage, civil engineering, urban planning, and criminology are examples of
areas where automatically generated 3D models from 2D images have been found to be useful.
To generate 3D models from 2D images, the common prerequisite steps include camera selfcalibration, image geo-referencing, feature extraction, and 3D reconstruction (Aguilera and
Lahoz, 2008). As a literature review section, different approaches which are used to extract and
identify the insulators, power lines, bus pipes, and hot connections, have been discussed in
sections 2.2, 2.3, and 2.4.

2.2 Edge and Texture Extraction
Insulators comprise the first group of equipment that is of interest to this thesis. As discussed in
section 1.2.1, the visual shape of insulators in images always demonstrates a repetitive pattern
along the insulator axis, which enables extracting the insulators based on some of their intrinsic
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features. The two main categories of features include edge and texture. Edges, which are the
significant local changes of intensity in an image, are considered as the first category. Insulators
also have a special structure where parallel edges are important descriptors of their intrinsic
features. For edge extraction, one of the most frequently used algorithms is the Canny Edge
Detection operator (Canny, 1986). This algorithm has multiple steps and is considered as the
optimal algorithm for edge detection (Azernikov, 2008; Mai et al., 2008). Then, edge linking is
used to aggregate chains of edge pixels from the Canny Edge Detection operator.
Texture, the second category of the features, provides users with information about the spatial
arrangement of intensities, which are used to extract insulators. Texture is characterized by the
spatial distribution of gray levels in a neighbourhood and is the local statistics (or property) that
is reported over the texture region (Jain et al., 1995). As mentioned in section 1.2.1, insulators
are composed of a number of rings, which are visually similar to each other. This condition
provides the repeated texture in the region occupied by the insulator. To evaluate the texture
within the insulator, a number of attributes, such as contrast, energy, entropy, local homogeneity,
cluster shade, cluster prominence, and maximum probability can be used (Jain et al., 1995;
Bhiwani et al., 2010; Arivazhagan and Ganesan, 2003). To extract insulators from the imagery of
electrical substations, a feature-based automated algorithm was specifically developed. The
features that are used in the algorithm include those derived from detected edges and texture
descriptors (Armeshi and Habib, 2013).

2.3 Linear Feature Extraction
The other electrical equipment that is of interest is power lines and bus pipes. One of the main
assumptions of this thesis is that the center lines of the insulators and the power lines/bus pipes
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can lead to the approximate position of the hot connections. In the images, the power lines and
bus pipes can be considered as linear features. To extract the linear features, a number of
approaches have been proposed. For example, several researchers have addressed extraction of
roads (or runways) as a common linear feature, from remote sensing data (Nevatia and Babu,
1980; O’Brien, 1989; Gruen and Li, 1997) and some of the properties of roads apply to power
lines and bus pipes in substation imagery as well. Roads are defined as parallel line segments
with an opposing contrast from the background. They also can be described as a medial line with
a width between two edge pairs (Nevatia and Babu, 1980), and as a linear feature with high
intensity (O’Brien, 1989; Gruen and Li, 1997). Over short distances, the changes in intensity
values should be small. Roads can be considered as continuous features as well, the width of
which does not change significantly (Gruen and Li, 1997). Furthermore, bridges can be defined
as potential road segments with water on either side (Yee, 1987), however, the hypothesis of
water being on either side of a bridge may not always be true.
Geometry, semantic characteristics, and statistical properties (Suetens et al., 1992) in
combination with radiometric properties (Katartzis et al., 2001) can be used to extract linear
features. A model-based technique, using size (width), shape, and direction of features can be
used for linear feature extraction (Quackenbush, 2004). In addition, morphological operators,
such as binary operators and image skeletonization, can be used to extract linear features (Daryal
and Kumar, 2010). Although, power line extraction from aerial images has been performed by
researchers (Yan et al., 2007; Wu et al., 2010), the effort was only to extract straight (linear)
power lines. The main assumption in the work is that power lines have a completely darker
intensity than the background and thus can be easily distinguished from the background. No
work directly addressed power line extraction as curved features and bus pipe extraction as
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straight features from terrestrial imagery of electrical substations. Therefore, to address this
issue, two options are considered in this thesis. The first option is that, since the power lines and
bus pipes have special characteristics such as low intensity, curve-shape (for power lines) and
straight-shape (for bus pipes), and confined by two parallel edges, a new technique can be
developed to take advantage of these characteristics. Here, the main idea of power line and bus
pipe extraction revolves around the results of edge detection. The Canny Edge Detection (Canny,
1986; Azernikov, 2008; Mai et al., 2008) and an edge linking method are used to extract object
outlines. Subsequently, the chains (edge points) are pre-processed for extracting the candidate
power line/bus pipe segments. To achieve this goal, the chains are properly delinked and sorted
from longest to shortest. Then, the algorithm extracts the candidate power line/bus pipe segments
by considering the longest chains that are most likely believed to be an edge of a power line or a
bus pipe. To extract power lines and bus pipes from the imagery of electrical substations, an
edge-based automated algorithm is specifically developed. The features that are used in the
algorithm include those derived from detected edges. Also, in this thesis, the shape of the power
lines is represented by a spline (Azernikov, 2008; Mai et al., 2008). The second option will be
discussed in the following section.

2.4 Snake-based Approaches
The extraction of power lines and bus pipes from electrical substation images can be considered
as a computer vision problem. If the power lines or bus pipes are considered as objects of interest
and the images taken from the electrical substations are complicated scenes, the active contour
model (or snake) can be an appropriate tool for extracting the objects. In fact, active contour
models can be useful tools for extracting object contours from a noisy 2D image (Kass et al.,
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1988). In the computer vision domain, snake models have led to many developments in 2D and
3D applications. Indeed, snakes can minimize the energy of object contours, which is a special
case of the general technique for matching the contour with the object outline in a deformable
model (Kass et al., 1988). Different implementations have been proposed to optimize snake
interpolation and snake deformation, such as gradient-descent minimization, which is one of the
simplest optimization methods (Morse, 2000). Snakes have various advantages and
disadvantages in different applications. Some of the advantages of snake models are their selfadapting capability for finding the minimal energy state, which can be manipulated using
external image force, and their ability to track dynamic objects. Some of the disadvantages of the
snake models are: getting stuck in local minima states, overlooking minute features, and their
sensitivity to the utilized convergence criteria (Pichumani, 1997). Subsequently, different
implementation methods will likely have different results for different datasets. Other
implementation methods include gradient vector flow (GVF) (Xu and Prince, 1995), balloon
snakes (Cohen, 1989), diffusion snakes (Cremers et al., 2002), geodesic snakes (Caselles et al.,
1997), conformal active contours (Kichenassamy et al., 1996), and statistical models like active
region models (Lankton and Tannenbaum, 2008).

2.4.1 Active Contour Model (Snakes)
A snake is an energy minimizing tool that describes an object outline from a possibly noisy
background, including energy related to both external and internal forces which will be discussed
in section 2.4.2. These two energies become minimized under a special condition. That is, the
external energy should be minimized as long as the snake is placed at the object boundary
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position, and the internal energy should be minimized as long as the snake becomes similar to
the object shape (Kass et al., 1988).
In fact, snake is a popular computer vision model. It takes advantages of the point distribution
model for extraction of the object outline. Snakes are considered as active models that utilize a
training set (initial guess); thus, they show a dynamic behavior by deforming the initial contour
(guess). Therefore, a simple snake may be defined by (Kass et al., 1988):
1- A set of n points (training set or initial guess),
2- An internal elastic energy term, and
3- An external edge-based energy term.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

Figure 2.1: An animation that shows how a snake works

Figure 2.1 simply exhibits how a simple snake contour extracts an object outline. The plot beside
the object shows the energy level for the snake at each step. Imagine an object which is to be
extracted from the background (Figure 2.1(a)). An initial guess (Figure 2.1(b)) is defined around
the object and the level of energy is estimated for the current contour (Figure 2.1(c)).
Considering the energy function for the current contour, this level of energy is not the minimum
level of energy. Thus, this contour moves toward the object outline (Figure 2.1(d)). Again, the
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new level of energy for the new contour position is not the minimum and the contour will move
toward to the object outline (sub-figures 2.1(e), (f), and (g)). At the last iteration, the energy level
for the deformable contour hits a minimum at the energy function (sub-figures 2.1(h), (i), and
(j)). That is, the contour has succeeded to find the most probable outline of the object. Now, let
us see how the external and the internal energy functions are defined and which parameters are
considered to move the contour successfully toward the object outline.

2.4.2 Energy Functions
As earlier discussed, a set of n points (an initial guess or training set) is used to represent the
snake in the image:
(2.1)
where i = 0 … n-1. The general snake’s energy function can be estimated by a continuous
summation of the external and the internal energy over the set of n points:
∫
where

(

)

∫ (

(

)

(

))

(2.2)

is the internal energy of the snake which results from bending the snake and
is the external energy of the snake showing the forces acting on the snake. That is, as

snake deforms the external factors which affect on the snake deformation are called external
energy (Kass et al., 1988; Cohen, 1989). More details will be discussed in the following sections.

2.4.2.1 Internal Energy
The internal energy of the snake is comprised of two terms, snake contour and spline curvature:
(2.3)
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is the energy of the snake’s contour and

Where

is the energy of the spline

curvature. This function can be expanded to the first and second-order terms as:

|

Where

and

|

|

‖

|

‖

‖

‖

(2.4)

are the stretch and curvature levels of the snake, respectively. That is, the

larger amount of

, will rise the internal energy when the snake stretches more. Also, he

larger amount of

will rise the internal energy when the snake bends more (creates a curve

progressively more) (Kass et al., 1988; Cohen, 1989). Also,

is the general term for the

function (point vector) which depends on the independent variable of S, the snake position.

2.4.2.2 External Energy
The external energy of the snake is comprised of two terms as well: image force and external
constraint force:
(2.5)
Where

denotes the image forces on the snake and

constraint forces which are defined by the user.

denotes the external

includes three terms which each of them

have their own weight terms.
(2.6)
Where

,

, and

are line functional, edge functional, and termination

functional, respectively. The weight terms are very important because they play a main role in
defining the features which should be considered by the snake while it moves toward the object
outline. Line functional is the intensity of the image at the related point of the snake at location
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(x,y) (see equation (2.7)), whose weight term controls whether the snake should move toward
either dark lines or bright lines:
(2.7)
Edge functional is used to move the snake toward contours with large image gradients:
|
Where

|

(2.8)

is a Gaussian function (filter) with a -standard deviation which defines edges in

Marr-Hildreth theory (Kass et al., 1988). Finally, termination functional is used to move the
snake to find corners and terminations. Thus, if C is defined as a smoothed version of the image
as:
(2.9)
And, the gradient angle is defined as:
(2.10)

And, the unit vectors along and perpendicular to the gradient direction are defined as:
(2.11)
(2.12)
The termination functional will be defined as (Kass et al., 1988):
(2.13)

⁄
⁄

⁄

Another external energy term of the snake is constraint energy, which is used to guide the snake
toward or away from the special features (Kass et al., 1988; Cohen, 1989). These special features
depending on the different applications, ranges from darker and brighter features to thinner and
thicker objects.
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2.4.3 Applications, Advantages, and Disadvantages
A wide range of applications are recommended for snake models, including (Pichumani, 1997):
-

Object tracking,

-

Shape recognition,

-

Segmentation,

-

Edge detection, and

-

Stereo matching.

Also, snakes have several advantages (Pichumani, 1997):
-

It has a self-control ability to find a minimal energy state.

-

The snakes can work only by using the external image forces.

-

Image scale can be considered by adding Gaussian smoothing in the image energy
function.

-

And, because of the dynamic nature of snake models, they seem to be efficient in
tracking objects in temporal and spatial dimensions.

In contrast to the advantages, they have some disadvantages, as well (Pichumani, 1997):
-

Getting stuck in local minima states,

-

Ignoring minute features while minimizing the energy over the contour, and

-

Time consuming process for higher accuracy by considering tighter convergence criteria.

2.4.4 Implementation Methods
Different implementation methods have been proposed by researchers (Morse, 2000; Pichumani,
1997; Xu and Prince, 1995; Cohen, 1989; Cremers et al., 2002; Caselles et al., 1997;
Kichenassamy et al., 1996; Lankton and Tannenbaum, 2008). One of the simplest and easiest to
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understand optimization methods is Gradient-descent minimization (Morse, 2000). To better
digest how this optimization method works, let us consider the example in Figure 2.2. Imagine,
we have a one-variable function (Figure 2.2(a)) and an initial guess as the solution for the issue
of finding the minimum value of the function (Figure 2.2(b)), the slope of function at the initial
guess point (Figure 2.2(c)) may give us useful information about movement direction to find the
solution. Figure 2.2(d) as a special example shows downhill is backward. That is, as an initial
guess point has been selected in the right part of the function and the function has an absolute
minimum, movement direction (downhill) will be to the left (backward).

(a)

(b)

(c)

(d)

Figure 2.2: An example of a one-variable function and
finding solution by considering the slope of the function

Thus, implementation of gradient-descent minimization can be written as:
(2.14)

(2.15)

Where

is the size of the step at each iteration. This term is very important because it directly

controls how time consuming the process will be. In fact, for large scale images where the object
of interest does not have many details (including extra branches), increasing the size of the step
at each iteration may force the snake to find the object outline faster. Gradient-descent
minimization approximates the energy function by using the discrete points on the snake:
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(2.16)
∑
Where n is the number of all the used points for defining the function. Also,

is the point

vector. For which the derivative sum of the snake energy would be equal to the sum of the
derivative of the snake energy:
(2.17)
∑
To optimize the process, the point vector

is iteratively adjusted by using gradient-descent

minimization:
(2.18)
Where it means that the new position of the snake (the value of the function at ith point) is
updated by the minimized gradient of the function energy. On the other hand, a derivative to the
energy functions would be applied to its terms, namely, the internal and external energies:
(2.19)
Also, the derivative of the internal energy function can be solved as:
*

(

‖

‖

|

|

‖

[

|

|

+

(2.20)

‖ )

]

To approximate the above function, the finite differences method is useful. Thus, three adjacent
points and five adjacent points on the snake can be utilized to calculate the second derivative and
fourth derivative with respect to s. Thus, the final equations are calculated as:

19

,

*

+

-

,

*

+

-

,

*

+

-

(2.21)

(2.22)

(2.23)

Another implementation method is diffusion snakes, which are a modification of the MumfordShah functional for spline contours (Cremers et al., 2002). Also, a series of geometrical active
contours includes geodesic snakes (Caselles et al., 1997), conformal active contours
(Kichenassamy et al., 1996), and statistical models (Lankton and Tannenbaum, 2008) in which
the Euclidean perimeter shrinks as fast as possible. The following three implementation methods
are used in this thesis and are modified to extract linear features.

2.4.4.1 Gradient Vector Flow
This snake was developed based on a new type of external force field, called the gradient vector
flow (GVF). Spatial diffusion of the gradient of an edge map derived from the image leads to
computation of the field. This computation has two consequences: 1) the diffusion of forces to
places far from the object and 2) the crisping of force vectors near the edges (Xu and Prince,
1995). Traditional snakes differ from the GVF snake only by its use of a different external force
field. Thus, like other forms of traditional snakes, a Gaussian (blur) smoothing filter is first run
over the image. A Euclidian distance transform is then applied on the smoothed image and the
gradient vectors are calculated for the x and y directions from the distance transform image. The
result is considered as the external force field (Figure 2.3).
Snake interpolation starting from the initial guess would define a new shape of the snake by
considering the maximum and the minimum distances between two snake points. Then, snake
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deformation, which is the main function in GVF, deforms the snake to move it toward the object
outline. The parameters which may be used by this function are elasticity parameter, rigidity
parameter, viscosity parameter, external force weight, external force field, and iteration number.
After the snake is deformed, snake interpolation is performed again. This process is iteratively
continued until the snake bottoms out the energy function.

(a)

(b)

(c)

(d)

Figure 2.3: (a) an object, (b) its edge map, (c) edge map gradient, and (d) normalized GVF field

2.4.4.2 Distance Snake
The second snake used in this context is distance snake. This snake works with binary image.
That is, an Euclidian distance transform is applied on the binary image. Then, the gradient
vectors are calculated for the x and y directions from the distance transform image (Figure 2.4).

(a)

(b)

Figure 2.4: (a) an object and (b) its distance force

Snake interpolation starting from the initial guess would define the new shape of the snake by
considering the maximum and minimum distances between two snake points. Then, snake
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deformation, which is the main function in the distance snake, deforms the snake to move it
toward the object outline. The parameters which may be used by this function are elasticity
parameter, rigidity parameter, viscosity parameter, external force weight, external force field,
and iteration number. These parameters are controlled by some coefficients which are similar to
those ones from gradient vector flow. This snake deformation is identical to the GVF
deformation. After deforming the snake, snake interpolation is performed again. This process is
iteratively continued until the snake bottoms out the energy function.

2.4.4.3 Balloon Snake
The third snake which was utilized in this thesis to extract the linear features is the balloon
snake. This snake behaves like a balloon which is blown up from somewhere inside the object
boundaries. Regarding the strong or weak edges of objects, the process of blowing up is
controlled (Cohen, 1989). Similar to GVF, a Gaussian (blur) smoothing filter is first run over the
image. Then, the gradient vectors are calculated for the x and y directions from the smoothed
image (Figure 2.5).

(a)

(b)

Figure 2.5: (a) an object and (b) its traditional force

Snake interpolation starting from the initial guess defines the new shape of the snake by
considering the maximum and minimum distances between two snake points, similar to GVF.
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Then, snake deformation specifically developed for the balloon snake deforms the snake to move
it toward the object outline. Again, the parameters used by this function are elasticity parameter,
rigidity parameter, viscosity parameter, external force weight, external force field, and iteration
number. The differences between these two methods (balloon and GVF) are: 1) how the external
force field is defined and 2) how parameters are utilized to deform the snake. Snake interpolation
and deformation are then performed again.
Nevertheless, none of the snake implementation methods have been developed to extract linear
features from complicated scenes. Thus, some modifications to existing implementation methods
would be useful to upgrade the snake-based approaches for the specific application of linear
feature extraction. That is, adding some constraints related to the linearity of objects of interest
(i.e., power lines and bus pipes) would be an appropriate strategy. Also, the type of a feature,
linear or non-linear, can be defined using Principal Components Analysis (PCA) (Pauly et al.,
2002). A least square fit of an updated polynomial to linear feature contour (Lawson and
Hanson, 1974) also can be used to predict the shape of the linear feature in subsequent iterations.
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Chapter Three: METHODOLOGY

3.1 Introduction
Figure 3.1 describes the overall processing strategy. The process includes the extraction of
equipment of interest from the imagery. The equipment consists of insulators, power lines, bus
pipes, and hot connections. For the extraction of hot connections, the insulators and power
lines/bus pipes will have to be extracted in advance. To extract power lines and bus pipes, both
the edge-based and snake-based approaches will be used. It should be noted that these developed
approaches can be used to extract both power lines and bus pipes. However, the bus pipe
extraction is discussed in the future work because the approaches need more specifications for
bus pipe extraction. As another future work, the two approaches can be combined; afterward, hot
connections will be extracted from the results of the insulator and power line/bus pipe extraction.
A possible application for extraction of equipment is producing a 3D reconstruction of electrical
substations. That is, the identified equipment from overlapping images (multiple images) can be
matched and a 3D reconstruction of objects of interest can be performed using the identified
equipment from single images and their matched results from overlapping images.

Figure 3.1: Overall processing strategy
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3.2 Edge/Texture-based Automated Extraction of Insulators
The main focus of this section is the automatic edge/texture-based extraction of insulators. The
main characteristics that are used to develop the algorithm are as follows: 1) all insulators are
composed of a number of rings and 2) insulators show a repetitive pattern along the insulator
centerline (see Figure 3.2).

Figure 3.2: An insulator, a number of rings, and a repetitive pattern along the centerline

The basic entity that is used to extract an insulator is a seed region, which is a small rectangle,
believed to be part of an insulator. Thus, the dimensions of the seed region are selected as being
equal to the dimensions of the smallest insulator in the image. To determine the dimensions of
the smallest insulator, a large number of taken images are evaluated and the minimum size of an
insulator which is of interest to be extracted is selected as the seed region dimensions. The two
following steps are performed to extract all possible insulators. First, the image is scanned to
identify the seed regions; then, the seed regions are expanded. The seed region is moved pixel by
pixel along and across the image. However, only those seed regions are allowed to be expanded
which are not within other already expanded seed regions. Two main categories of features are
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used to identify the seed regions: 1) the derived edges from the Canny Edge Detection and
linking algorithms and 2) the derived texture features. The main assumption for the developed
algorithm in this section is that the insulators are vertically oriented. The adopted process for
insulator extraction is illustrated in Figure 3.3. Also, the following sections will separately
discuss each of the two steps in detail.

Figure 3.3: The automated insulator extraction process

3.2.1 Finding Seed Regions
The seed region identification algorithm is used to describe the process of estimating the edge
and texture measures. These measures are then used for identifying the candidate seed regions.
The probability of being a seed region of an insulator is evaluated through two measures: 1) an
edge-based measure and 2) a texture-based measure. An edge-based measure defines how the
edges derived from the Canny Edge Detection and the edge linking steps are uniformly
distributed inside the potential seed region. Also, a texture-based measure describes how a seed
region has a repetitive pattern within it. The algorithm is used to locate a seed region for each
visible insulator through the image. The objective of the algorithm (seed region extraction) is to
locate the most probable seed region of an insulator. As an input, the dimensions of an
appropriate seed region (B) are defined. Appropriate seed region dimensions are equal to the
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dimensions of the smallest insulator. The adopted steps for the derivation of potential seed
regions are summarized below:
Step 1: A window (with the established dimensions of the seed region) is moved within the
image to find the best candidate seed region. The movement of the window, or scanning process,
starts from the upper left corner and proceeds along the rows and the columns until it reaches the
image’s lower right corner. For each seed region candidate, the texture, edge uniformity, and
gray value uniformity measures (which will be discussed in Steps 2, 3, and 4) are estimated.
Step 2: The texture-based measure (T) is visual similarity among the rings in an insulator. To
estimate this similarity, the number of rings (r) in each insulator should be estimated. To
estimate the number of rings in each insulator, the height of rings (h) in each insulator should be
first investigated. A “texture-based ring extraction” algorithm has been developed to estimate r,
h, and T in the candidate seed region being investigated. To estimate h and r, the similarity
between the hypothesized rings is derived. Figure 3.4 illustrates the utilized procedure for the
estimation of the parameters for the hypothesized rings in the investigated seed region. As one
can see, since h is unknown, it is set up with different values, starting from 1 pixel. As h value is
increased, r changes by the following equation:
[

]

(3.1)

Increasing the value of h is continued as long as the h value is less than/equal to the half of
region (seed region) height. Now, because h and r are known at each iteration, the dimensions of
candidate ring (ring area) will be known as well. Then, four features (entropy, energy, contrast,
and homogeneity) are calculated for each ring area in each insulator. The needed equations for
calculating the four features for each r and h are as follow:
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(3.2)
∑

(3.3)
∑

(3.4)
∑

(3.5)
∑

To estimate the similarity from these features or to derive T, a vector with four elements is
considered. Each element of this vector represents the similarity among the computed features
for the different hypothesized heights of the rings. These similarity measures are then normalized
to a maximum value of unity. Finally, the overall similarity is estimated by calculating the
average of the four similarity measures. Thus, T can be calculated as:
(3.6)

Now, if Ts are caompared for the different r and h, the maximum value of T is selected as the
texture-based measure. That is, the maximum similarity among the different hypothesized
heights of the rings will give the r, h, and T.

Figure 3.4: Flowchart of the texture-based ring identification algorithm
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Step 3: The uniformity of the distribution of the edge pixels in each seed region candidate is
evaluated for each of the hypothesized rings according to Equation (3.7).
(
Where

)

(3.7)

is the total number of edge points in each ring; while, only an edge point in each

column of the ring is counted. B.Width is the width of the seed region candidate. Equation (3.8)
shows the overall edge-based measure (E) which is an indication of the average of the
distribution of the edge points in the hypothesized seed region candidate (where m is the number
of rings in each seed region candidate).
∑

(3.8)

Step 4: The third measure is related to gray value uniformity within the investigated seed region
candidate. To avoid selecting uniform regions, which would not be related to the insulators, the
standard deviation of gray values (S) within the seed region candidate is evaluated.
Step 5: The best candidate seed region is established using the evaluated T, E, and S measures in
Steps 2, 3, and 4 respectively. As mentioned earlier, T represents the similarity measure between
the hypothesized rings in a seed region candidate. Thus, a higher T value indicates a higher
possibility for the presence of an insulator seed region. In addition, E describes the uniformity of
the edge distribution within the seed region candidate. Therefore, a higher E value is an
indication of the high probability of having an insulator seed region. Finally, as insulators are not
uniform regions, a higher S value is an indication of a possible insulator seed region.
Hypothesized seed regions are then arranged in a list according to the derived T, E, and S
measures in a descending order. The seed region on the top of this list is expanded according to
the presented procedure in the next section. Obviously, all seed regions which satisfy the
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measures enough are considered to be expanded. Following the expansion of the best candidate
seed region, expansion of the subsequent seed regions in the established list is conducted.
So far, all possible seed regions that are a potential insulator are extracted. For each extracted
seed region, the height of the rings within the seed region also is estimated. Then, each seed
region from each insulator is properly expanded. The expansion algorithm will be discussed in
detail in the following section.

3.2.2 Expansion of Seed Regions
For each seed region from the previous step, an expansion process is performed to identify the
complete extent of an insulator. Different options may be used for setting the order of the
expansion directions. Nevertheless, expansion of a seed region in four (all) directions at the
same time likely avoids getting stuck in an off-insulator state. An off-insulator state can be
defined as investigation of pixels outside the insulator area. That is, if the insulator is expanded
in four directions after each other and for each expansion in each direction a decision step is
considered, it probably stops the expansion process before the maximum potential expansion is
achieved. A maximum potential expansion can be defined as maximum accurate expansion of a
seed region, regarding the limitations of the algorithm. Each level of expansion investigates four
directions: 1) single-ring expansion in the upward row direction, 2) single-pixel expansion in the
leftward column direction, 3) single-ring expansion in the downward row direction, and 4)
single-pixel expansion in the rightward column direction. The single-ring expansion means that h
pixels (h is the derived height of the rings within the seed region) are added for the row
expansion test. In each expansion direction investigation, three measures are calculated to decide
whether or not this expansion direction is allowed. These measures are discussed below:
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-

Measure 1 describes the similarity among the rings in the hypothesized expansion area
according to the texture-based ring extraction algorithm, which was discussed in Step 2
of section 3.2.1. The outcome of this step is denoted by T.

-

Measure 2 describes the uniformity of the edge pixel distribution in the hypothesized
expansion area of the seed region. This measure was discussed in Step 3 of section 3.2.1
and will be denoted by E.

-

Measure 3 is another texture-based similarity factor, which is denoted as t. This measure
describes the similarity between the seed region and the hypothesized expansion area in
question. This similarity measure is only utilized for the expansion hypotheses in the
horizontal directions (single-pixel leftward and rightward expansions). Indeed, the t is
calculated as the same way for T. The only difference is that, T is used to evaluate
similarity among the rings; while t is used to evaluate similarity between inside and
outside a seed region while it is expanding.

Measures 1 and 3 investigate how the expansion of a seed region follows a repetitive pattern in
the vertical and horizontal directions. Measure 2 evaluates how the edges are uniformly
distributed in the region occupied by the insulator. As mentioned earlier, the expansion of seed
region is simultaneously evaluated in four directions. That is, as long as seed region can expand
in at least one direction out of four, the process of expansion evaluation will continue for four
directions. T, E, and t measures are directly used and compared with a related threshold to decide
to accept or reject an expansion hypothesis. Also, T, E, and t are calculated for each level of
expansion in each direction. Thus, if each level of expansion satisfies texture-based measures
and edge-based measure, the expansion evaluation will continue for next round of four-direction
expansion evaluation. Figure 3.5 illustrates the identified seed regions, which are denoted by the
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blue rectangles, in a given image. The outcome of the expansion process is depicted by the
yellow rectangles while the identified individual rings are illustrated by the red rectangles.
Finally, the red vertical lines depict the derived centerline of the individual insulators. The
centerline is derived through a simple least-squares adjustment fitting procedure using the
existing edge points within the insulator in question. That is, considering all edge points within
each ring of the insulator, a centerline is defined. Obviously, this method to derive the centerline
can be only used for insulators whose heights are larger than their widths.

Figure 3.5: Seed regions (blue rectangle), their expansion (yellow rectangle), and identified rings
(red rectangles) for each insulator with the derived insulator centerlines (vertical red line)

To enhance the accuracy of the results of insulator extraction, some considerations can be
suggested. These considerations will be discussed as recommendations for future work in section
5.2.

3.2.3 Summary of insulator extraction approach
The main assumption for the edge-based insulator extraction algorithm is that all insulators are
vertically oriented. The proposed algorithm includes two major steps: 1) finding seed regions and
2) expansion of seed regions. Moreover, some considerations are suggested as recommendations
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for future work. These recommendations are the order of the expansion directions, non-vertical
insulators extraction, effect of shadow over insulators, and multi-scale insulator extraction.

3.3 Edge-based Automated Power Line Extraction and Modeling
The main focus of this section is automatic extraction of power lines. Power lines in imagery
have specific properties which can be exploited. Similar to roads, power lines can generally be
described as centerlines that have specific widths. However, unlike roads, power lines in
substations can cross each other at irregular angles and may not have a consistent background,
which makes their extraction more complicated. Due to the irregular nature of power lines within
electrical substations, the power lines cannot be described by a single mathematical function and
not all configurations can be handled in a single-step algorithm. To extract power lines from
imagery, a multi-step automated algorithm is developed which includes four sub-algorithms. The
sub-algorithms are designed to robustly tackle possible variations within the images (e.g.,
occlusions, variations in the lighting conditions, and/or heterogeneous backgrounds). Thus, the
main characteristics that are used to develop the algorithm are: 1) each power line is composed
of two chains that are derived from the Canny Edge Detection and the edge linking steps and 2)
power lines do not follow a catenary shape. The reason for the second one is that the short
segments of power lines that are being extracted are constrained at both ends by the hot
connections. Therefore, the power lines within an electrical substation do not necessarily follow
a catenary.
On the other hand, one goal of the proposed algorithm here is to model the shape of the power
lines. But, power lines usually cannot be described by a single mathematical function, which is
important for this algorithm because we are interested in knowing where a particular power line
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starts and ends within an image. The major steps in the proposed algorithm are displayed in
Figure 3.6. Canny Edge Detection is utilized to find all possible edges within an image. The
edge-linking operation aggregates chains of connected edge points among the detected edges.
After this step, the length and slope of each chain can be determined. The main idea of the
developed algorithm revolves around the extraction of segments of linear features which can be
fitted by a line/curve. Since the results of edge linking include chains which may not be well
fitted by a simple line/curve, these chains should be properly broken (delinked). After this
process, all linear features which are believed to be a power line or a segment of a power line are
identified. Then, segments which belong to the same power line are grouped and modeled.
Finally, those linear features which have been incorrectly selected as power lines are eliminated.
Each step will be discussed in detail in the following sections.

Figure 3.6: Flowchart of edge-based automated power line extraction
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3.3.1 Edge Detection and Edge Linking
Reduction of the amount of data in an image while keeping the same structural properties of
objects in the image is a special property of edge detection methods. In this thesis, Canny Edge
Detection is used as it is one of the most successful edge detection algorithms (Canny, 1986).
Canny Edge Detection is a multi-stage algorithm which detects a wide range of edges in images.
Figure 3.7(a) has been selected to show how the Canny Edge Detection algorithm can extract all
possible edges, specifically those which are related to the power lines (see Figure 3.7(b)).

(a)

(b)

Figure 3.7: (a) An image of an electrical substation and (b) the derived edges

Edge pixels which are derived by the Canny operator are then aggregated to produce chains of
edge points by an edge linking step. Indeed, this step groups all edge pixels which are connected.
While the edge pixels are being chained, the length and the slope of each chain are estimated so
that they can be used in the next steps. The slope of a chain can be defined by average slope of
all tangents at each edge point from the chain. The thresholds used for this algorithm are filter
dimensions, standard deviation, lower threshold, and upper threshold (see Appendix A). The
threshold values used for the filter dimensions and standard deviation are 3 and 0.5, respectively.
Obviously, the larger amount of the two thresholds decreases the sensitivity of the filter to detect
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the noise. Also, the threshold values used for the lower and upper thresholds are 13 and 33,
respectively. Once again, the larger range between the two thresholds decreases the density of
the extracted edges and the smaller range between the two thresholds increases the density of the
extracted edges. The reason is that these two thresholds control how many of chains are
considered as strong or weak edges (chains). Once, the range between two thresholds is larger,
the number of weak edges which can be eliminated increase. And once, the range between two
thresholds is smaller, the number of weak edges decrease. These thresholds are determined by
trial and error method.

3.3.2 Delinking Chains Corresponding to Complex Curves
Modeling the shape of the extracted power lines is one of the objectives of the developed
algorithm. As discussed in section 3.3, power lines do not necessarily have a catenary shape. Also,
they do not have a simple shaped curve which can be modeled by a simple curve function. Thus, a
more general mathematical function is used to model their shapes. Here, a power line is modeled
by a spline that is assumed to be piecewise-defined by simple curves and/or straight lines. Thus,
each power line can be extracted either entirely or segment by segment. Segment by segment
extraction of the power lines means that each power line, depending on its shape, is extracted in
different numbers of segments. Segment by segment extraction of power lines is required because
of their non-catenary, unpredictable shapes. However, the results of the edge linking step provide a
set of continuous chains without considering the above condition (i.e., the derived chains from
edge linking cannot necessarily be fitted by a simple/quadratic curve). Thus, a gap between these
two steps (edge linking and power line segment extraction) exists. To fill this gap, the derived
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chains from the edge linking step are properly broken so that each of the broken chains is simple
enough to be fitted by a simple/quadratic curve.

(a)

(b)

Figure 3.8: (a) before delinking: chains cannot be fitted by a simple curve/line
and (b) after delinking: chains can be fitted by a simple curve/line

Figure 3.8 provides a good example of how the delinking chain step helps chains prepare for
power line segment extraction. Chains A and B in Figure 3.8(a) are directly derived from the edge
linking step. As one can see, these chains cannot be described by a single simple function. In
contrast, chains A1, A2, B1, and B2 in Figure 3.8(b) are the same chains from Figure 3.8(a) that
have been properly delinked into two different parts. As one can see, the new delinked chains, A1,
A2, B1, and B2, can be easily described by a simple curve or a straight line function and
subsequently become a spline. In other words, those chains which cannot directly be fitted by a
simple curve/line must be appropriately delinked. To decide whether or not a chain should be
delinked, chain delinking step is used. The curve fitting and chain delinking steps will be
separately discussed in the next sections. Also, Figure 3.9 shows the flowchart of the delinking
algorithm.
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Figure 3.9: Flowchart of delinking chains

3.3.2.1 Curve Fitting
As discussed in section 3.3, the power lines within an electrical substation do not necessarily
follow a catenary; therefore, a single model, such as a catenary one, cannot be safely applied.
Thus, as a solution, each detected chain is fitted by a straight line or a quadratic curve. Before
fitting a quadratic curve to the chains, their primary orientations, horizontal or vertical, are
investigated. To achieve this goal, PCA is utilized (Pauly et al., 2002). PCA is indeed an
appropriate approach to evaluate how a set of points are spatially distributed. Thus, it is able to
recognize the linearity or non-linearity shape of the distributed points, as well as the orientation
of set points. The two major steps of PCA are:
-

Step 1: Calculation of the eigenvalues and eigenvectors of the covariance matrix of the
dataset in question (chain).

-

Step 2: Determining the type of primitive and the orientation of the features using
eigenvalues and eigenvectors, respectively; for example, whether or not the feature is a
line.

In this context, the datasets used are the edge points of the chains derived from the edge linking
step. To calculate the eigenvalues and the eigenvectors of a particular chain, a covariance matrix
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representing the spread of points constituting the edge around the mean is first calculated.
}, the covariance

Considering the chain as a set of k edge points ({
matrix C is calculated according to equation (3.9).
̅⃗ )( ⃗

∑( ⃗

∑

(

)

is denoted by ⃗

where the position vector of point
(centroid) is given by ̅⃗

(3.9)

̅⃗ )

and the mean position

⃗ (l stands for centroid point). Also,

,

, and

are the

variance of the x-coordinates, the variance of the y-coordinates, and the covariance of the x- and
y-coordinates of the edge points, respectively. The covariance matrix is then decomposed into
two matrices having the quadratic form by equation (3.10).
(3.10)
C = (⃗ ⃗ (

)(

⃗
)
⃗

Now, it is investigated if the chains are mainly horizontal or vertical. After calculating the
eigenvalues and the eigenvectors of the set of k-points for a given chain, a vector sum is
calculated from the eigenvectors. Imagine that
covariance matrix of the chain and ⃗⃗
eigenvectors.

,

,

and

and
and ⃗⃗

are the two eigenvalues for the
are its two normalized

are the elements of normalized eigenvalues of the x- and y-

coordinates of the edge points for two eigenvectors of the covariance matrix. ⃗⃗ vector sum
therefore can be given by equation (3.11). Figure 3.10 shows an example of a chain (black
curve), its two eigenvectors (red vectors), and the vector sum of the two eigenvectors (blue
vector). Thus, the bearing angle (

, between the vector sum and the Y-axis of the image, is

calculated according to equation (3.12).
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⃗⃗

(

)

(

(3.11)

)

Figure 3.10: A chain (black), its two eigenvectors (red), and its vector sum (blue)

(3.12)
Depending on the bearing angle, one of two curve functions must be fitted to the chain. If the
bearing angle is more than

, the chain is considered to be primarily horizontal and equation

(3.13) must be used. Conversely, if the bearing angle is less than

, the chain is considered to

be primarily vertical and equation (3.14) must be used.
(3.13)
(3.14)
where a, b, c,

,

, and

are the coefficients of the quadratic curve functions which can be

estimated using the edge points constituting the chain and least square method.

3.3.2.2 Chain Delinking
To decide whether or not a chain should be delinked, the quality of a fitted curve is evaluated.
For each chain which is fitted to one of the curve function, a residual or fitting error is calculated
(Steel and Torrie, 1960). Depending on whether the chain is primarily horizontal or vertical, the
residuals are calculated according to either equation (3.15) or equation (3.16), respectively.
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(3.15)
(3.16)
where

and

chains. Also,

are the -coordinate and x-coordinate of the edge points along the
and

may be calculated through equation (3.17) or equation

(3.18).
(3.17)
(3.18)
where

is the x-coordinate and

is the y-coordinate of the

edge point of

the chain. If average r is smaller than a threshold, the chain does not need to be broken and the
edge points will be kept as a single chain. Conversely, if r exceeds the set threshold, the chain
needs to be divided into two pieces because fitting it to a curve would not be adequate. The
threshold is set to three pixels, which has been derived by trial and error (see Appendix A).

Figure 3.11: An example showing how chain delinking works

To find the delinking point for the chain, at each step of delinking, the chain is considered as two
connected segments, segment 1 and segment 2 (see Figure 3.11). The lengths of each segment
are assumed to be variable. That is, a point which is moved along the chain determines the
variable lengths of each segment (the point is shown by a blue circle in Figure 3.11). For each
segment at each moving point, a curve is fitted. Also, for each fitted curve, a residual is
calculated (

,

,

, …,

, as shown in Figure 3.11). A residual can be calculated by
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equations (3.15) and (3.16). The reason that the chain delinking starts from

is that it is

supposed that a chain with a length less than 10 pixels does not need to be delinked. For the best
fitted curve/line, the related moving point is considered as the delinking point. From the example
shown in Figure 3.8, chains A and B cannot be fitted well by a curve or a straight line. After
delinking these two chains to A1 and A2 and B1 and B2, it can be seen that chains A1 and B1
can be fitted by a quadratic curve and chains A2 and B2 can be fitted by a straight line. The less
residual is used to decide if the chain should be fitted by a 2nd or 1st order function. The process
of finding the breaking point is repeated for each segment as well. This process is repeated as
long as no further breaking points are found for newly generated segments.

3.3.3 Extraction of Candidate Power Line Segments
The main idea for extracting candidate power line segments revolves around the fact that each
power line is comprised of two relatively long parallel chains. The longest chain in an image is
selected as the main chain. Indeed, to find the longest chain, in each loop of finding a power line,
all the chains are investigated from a list in which all the chains are already sorted from the
longest one to the shortest one. All the chains around the main chain can be considered as
candidate paired chains. Thus, an algorithm is developed to find the best paired chains and
identify all power line candidates (see Figure 3.12). A quadratic curve then is fitted to this chain
(as discussed in section 3.3.2.1). Then, the best possible paired chain is selected among all the
candidate chains. Once the best paired chain for the main chain is found, the process in Figure
3.12 will be repeated until no chains are left. The process of chain pairing is discussed in the
following section.
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Figure 3.12: Extraction of candidate power line segments process

3.3.3.1 Pairing Chains
To find a paired chain, all the candidate paired chains are evaluated using four measures to check
the possibility of being a correctly paired chain to the main chain in question. The evaluation
measures are as follows:
1)

Distance (D)

To calculate the distance between the main chain and the candidate paired chain, for each edge
point on the main chain, the nearest edge point on the candidate paired chain is found. Then, the
distance between these two edge points is calculated. The average of all the distances for all the
edge points on the main chain is considered as the distance between two chains. However, if two
chains do not have an equivalent length, only those points from the two chains which are in front
of each other are selected for calculating the distance. To decide which edge points are assumed
to be in front of each other, the average distance between the two chains is considered as the
maximum acceptable distance between the edge points. The shorter the distance is between the
two chains, the greater the chance that this is the correctly paired chain. Indeed, the procedure is
run twice to come up with the distance threshold and evaluate the average distance.
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2)

Differential Slope (S)

Since all the chains are represented by a quadratic curve, the slope at each point on the two
chains is calculated using either equations (3.19) or (3.20), depending on whether the chain is
primarily horizontal or vertical.
(3.19)
(3.20)
Then, similar to the first measure, the slope at the nearest point for each edge point on the main
chain is found in the candidate paired chain. The difference between these two slopes and the
average of all the differences is considered as the differential slope between the fitted curves.
Once again, if two chains do not have an equivalent length, only those points from the two
chains which are in front of each other are selected for calculating the slope. The smaller
differential slope between the two chains means the greater the chance of correctly paired chain.
3)

Overlap (O)

Two overlap measures may be calculated between two chains: 1) an overlap of the main chain
with the candidate paired chain and 2) an overlap of the candidate paired chain with the main
chain. To estimate the overlap between the two chains, the percentage of edge points from each
chain which have a distance equal to or less than the distance between the two chains (as
explained in Measure 1) is calculated. The average of both overlaps is used as the general
overlap. The higher the overlap between two chains, the better the chance that this is the
correctly paired chain.
4)

Differential Length (L)

For each main chain, the candidate paired chain is anticipated to be of similar length. Thus, two
chains which have same slope and a good overlap, still should be investigated if have the same
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length or not. The smaller the difference in length is between the main chain and the candidate
paired chain, the better the chance that this is the correctly paired chain.
To decide which candidate paired chain has the maximum probability of being a correctly paired
chain, all the measures are considered simultaneously. As a hard constraint, the candidate paired
chain which has the minimum distance (D), minimum differential slope (S), maximum overlap
(O), and minimum difference of length between the two chains (L) is considered as the most
probable paired chain. In fact, for each of these measures, one score is considered. The minimum
distance (which is considered as two pixels) score is considered as 1 and the maximum distance
(which is considered as the width of the image) is considered as 0. Similarly, the score for a
“zero” differential slope is considered as 1 and the score for a differential slope of

is 0. For

100% overlap, the score is set to 1 and for an overlap of 0%, it is set to 0. Finally, the score for
the difference in length between the two chains is defined as 1 for “zero” difference and the rest
is determined by dividing the difference in length to the length of the main chain. Then, the
candidate paired chain that receives the maximum score (the average score for the four
measures) is selected as the paired chain.
After the candidate power line segments are paired, an axis should be defined for them. To
achieve this goal, the edge points of the main chain and the paired chain are considered. For each
couple of edge points from the main and paired chains, a center line point is defined by
averaging this couple. To find a pair for each edge point of the main chain, the closest edge point
from the paired chain is selected without considering the overlap amount. Thus, even if two
paired chains do not have the same length, the axis will have the average length of two chains.
Equation (3.21) shows the formulas for computing the x- and y-coordinates for the axis:
(3.21)
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Indeed, the equation (3.21) is important because it shows how position of axis of a power line is
estimated. Then, for the newly defined axis or center line points, a new quadratic curve is fitted
in a way similar to the curve fitting procedure in section 3.3.2.1. Figure 3.13(a) depicts a linear
feature with its main chain (green curve) and paired chain (yellow curve). Figure 3.13(b)
displays the fitted curve to the main chain (blue curve), the fitted curve to the paired chain (red
curve), and the axis curve (cyan curve).

(a)

(b)

Figure 3.13: An extracted power line and its axis: (a) the main (in green) and paired (in yellow)
chains and (b) fitted curve to the main (in blue), paired (in red) chains, and axis (in cyan)

3.3.4 Grouping Candidate Power Line Segments
The linear features (i.e., a main chain and its corresponding paired chain) which have been
extracted can be segments belonging to the same power line. Thus, these segments should be
properly investigated and grouped if they are identified as segments of the same power line.
Figure 3.14 illustrates the flowchart of the segment-grouping process. This algorithm is used to
aggregate segments of power lines with each other. Those segments which are allowed to be
grouped will be represented by a spline. Sometimes, some segments are part of neighboring
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power lines which are separated by a hot connection. Thus, these segments should not be
grouped. To group two segments of power lines together, they should be logically correlated to
each other. Therefore, five similarity measures are used to evaluate how these segments are
correlated to each other.

Figure 3.14: Grouping candidate power line segments process

3.3.4.1 Grouping Similarity Constraints
Five similarity constraints are carefully selected to properly evaluate the relation of two or more
segments.
1)

Width Constraint (W)

The relative differential width of two segments is utilized as the first similarity measure for
grouping neighboring segments as per equation (3.22).
|

|

(3.22)

where i and j are the indices of the segments which are being compared. Also, | | means the
absolute value of a. Those segments which are more similar in width are more probable to be
related to each other.
2)

Distance Constraint (Ds)

The distance between the two nearest points of segments is calculated by equation (3.23). The
nearest point from each segment will be based on the nearest center line point (see Figure 3.15).
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(3.23)

√

where i and j are the indices of the segments which are being compared. Two segments that are
closer to each other will have greater probability of being segments of the same power line.
3)

Direction Constraint (Dr)

For this constraint, the vectors passing through the nearest and the farthest points of each
segment (shown in Figure 3.15) are considered. Thus, this constraint evaluates how much these
two vectors are collinear. In this constraint, the two angles

between the vector-couples

( ⃗⃗ ⃗⃗ ) ( ⃗⃗ ⃗⃗ ) are calculated as shown in Figure 3.15 and equations (3.24)-(3.26). To find
the nearest point of each segment, the main and paired chains are evaluated. That is, the edge
points from the centerline of two chains of each segment, which have the minimum distance to
each other, are selected as the nearest points (two red points in Figure 3.15).

Figure 3.15: Two segments, their nearest points, and their farthest points

The four vectors ( ⃗⃗ ⃗⃗ ) ( ⃗⃗ ⃗⃗ ) can be defined as:
⃗⃗

⃗⃗⃗⃗

⃗⃗⃗⃗

⃗⃗

⃗⃗⃗⃗

⃗⃗⃗⃗

⃗⃗

⃗⃗⃗⃗

⃗⃗⃗⃗

⃗⃗

⃗⃗⃗⃗

⃗⃗⃗⃗
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(3.24)

where ⃗⃗⃗⃗ and ⃗⃗⃗⃗ are two unit vectors along the x and the y directions, respectively. To find the
angle between the two vectors, the dot product of the two vectors is utilized. Thus,

can be

calculated as:
⃗⃗ ⃗⃗

(3.25)

| ⃗⃗ || ⃗⃗ |
⃗⃗ ⃗⃗
| ⃗⃗ || ⃗⃗ |
Finally, the direction constraint is defined as the average of

and

:
(3.26)

Two segments which have a lower direction constraint value will have greater probability of
being segments of the same power line.
4)

Angle Constraint (A)

For this measure, one should introduce the concept of a connection center, which is defined as a
point through which two segments are assumed to be connected. The x-coordinate of the
connection center for mainly-horizontal segments and the y-coordinate of the connection center
for mainly-vertical segments later will be utilized to define the spline which passes through the
connection center. To find the x-coordinate of a connection center between two mainlyhorizontal segments, the nearest points between the two segments should first be found. Again,
two nearest points are selected from centerline of each segment. Figure 3.16 shows two segments
of a power line (black line), a connection center (blue point), the two nearest points (red points),
and the main and paired chains for the two segments (green curves). Here, we are discussing
mainly-horizontal segments. The x-coordinate of the connection center may be found through
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equation (3.27). The y-coordinate of the connection center will remain unknown and will be
calculated through a set of spline functions.
(3.27)

Figure 3.16: Two segments (in green), their connection axis (in blue),
the nearest points (in red), and the farthest points (in purple)

The angle constraint is used to evaluate how the fitted curves from each segment can match with
the other segment. That is, this constraint shows the differential slope between the fitted curves
to the two segments at the x-coordinate of the connection center. Figure 3.17 shows two
segments of power lines, their axes, and their connection center.

Figure 3.17: Two segments of a power line, their axes, and their connection axis

The slopes of the quadratic curve functions for each segment at the connection center then are
calculated according to equation (3.28),
(3.28)
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where

is the x-component of the connection center, which was already calculated in equation

(3.27). The angle

between the two slopes may be calculated by considering the slopes of each

segment. Thus, two segments which have a lower angle constraint value will have greater
probability of being segments of the same power line. Also, the same equations may be written
for the mainly-vertical segments by considering the y-component of the connection center.
5)

Hot Connection Constraint (HC)

The last constraint checks whether or not a hot connection exists between two segments. The
underlying assumption for this constraint is that all insulators were already extracted. This may
be performed through an automated algorithm for the extraction of insulators as discussed in
(Armeshi and Habib, 2013). Once all the insulators have been extracted, their axes as well as
power line segment center lines may be utilized to locate the hot connections. That is, if two
segments are located on either side of the axis of an insulator, it is assumed that there is a hot
connection between them. Thus, two segments should not be grouped if they are on either side of
an insulator axis.
Then, it must be decided whether or not two segments, for which the five similarity constraints
have been evaluated, should be grouped. To decide which segments should be grouped, all the
measures are considered simultaneously. Two segments are grouped if they have the minimum
width constraint (W), minimum distance constraint (Ds), minimum direction constraint (Dr),
minimum angle constraint (A), and there is no hot connection (HC) between them. Once again,
for each of these similarity constraints, one score is considered. The width constraint is already
scored between 0 and 1. To define the score for the distance constraint, “zero” distance between
two segments receives a score of 1 and the maximum distance, which can be considered as the
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width or the length of the image (or even less) is given a score of 0. To define the score for the
direction constraint, segments with

direction angle receive a score of 1 and those with

direction angle receive a score of 0. To define the score for the angle constraint, segments
with

angle constraint receive a score of 1 and those with

of 0. The reason is that two segments with

angle constraint receive a score

angle constraint or direction constraint, means

that two segments are parallel which definitely are not part of same power line. Then, those two
segments which receive the maximum score (which is the average of the scores for these four
measures) are allowed to be grouped if there is no hot connection between the two segments.
After grouping the segments belonging to the same power line, the new grouped segments
should be properly modeled using a spline function.

3.3.5 Modeling of Grouped Segments
After deciding which segments should be grouped, a mathematical model is selected to represent
the grouped segments. For this work, a spline is selected to model the grouped segments. A
spline is a piecewise polynomial function which possesses a high degree of smoothness at the
places where the pieces connect (Azernikov, 2008; Mai et al., 2008). An example of two
segments which are allowed to be grouped can be found in Figure 3.18 (left). Also, Figure 3.18
(middle) and (right) show the possibility of grouping more than two segments.

Figure 3.18: Detected power lines containing multiple segments: two-segment power line (left);
three-segment power line (middle); four-segment power line (right)
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Because a spline is defined as a piecewise function, each piece should have its own polynomial
coefficients. Thus, the polynomial coefficients for each of the pieces (or curves) need to be
estimated. To find the six polynomial coefficients for the spline (i.e., the unknowns for a twosegment power line), equations (3.29-3.34) should be solved simultaneously. It must be
mentioned that the mainly-horizontal segments are being discussed here.
̇
̇

̇
̇

̇
̇

̇

(3.31)
̇

̇
̇

(3.30)
̇

̇
̇

̇

(3.29)
̇

(3.32)
̇
̇

̇

̇
̇

̇

̇

(3.33)
(3.34)

where ̇ , ̇ , and ̇ are the three coefficients of the newly fitted curve to segment 1 and ̇ , ̇ ,
and ̇ are the three coefficients of the newly fitted curve to segment 2. Equations (3.29-3.30)
show that the newly fitted curve to segment 1 should pass through the nearest and farthest points
of segment 1. Also, equations (3.31-3.32) show that the newly fitted curve to segment 2 should
pass through the nearest and farthest points of segment 2. Equation (3.33) shows that the two
newly fitted curves to segments 1 and 2 have continuity at the x-component of the connection
center. Equation (3.34) shows that the two newly fitted curves to segments 1 and 2 should have
the same slope at the connection center. Similar equations also can be written for the ycomponent of the connection center for the mainly-vertical segments. For a two-segment spline,
there are six equations and six unknowns with 0 degree of freedom. For a three-segment spline
(see Figure 3.18 (left)), there will be 10 equations, nine unknowns, and 1 degree of freedom. For
a four-segment spline (see Figure 3.18 (right)), there will be 14 equations, 12 unknowns, and 2
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degrees of freedom. Generally, the number of equations (n), unknowns (m), and degrees of
freedom (r) for multiple-segment power lines, i.e., S number of segments, can be determined by
equations (3.35-3.37).
(3.35)
(3.36)
(3.37)
By estimating the unknowns, a newly fitted spline can be obtained for the grouped segments.
Sample results of a spline fitted to multiple-segment power lines are shown in Figure 3.19.

Figure 3.19: The results of fitting a spline to a set of two-segment power lines (left);
three-segment power line (middle); four-segment power line (right)

3.3.6 Elimination of False Segments
As a final refinement step, two groups of candidate power line segments should be eliminated.
The first group includes candidate power line segments which are located below the lowest
extracted insulator. These candidate power line segments cannot be true power lines because all
power lines are assumed to have a connection to an insulator (which is true for vertical
insulators). Figure 3.20 displays one of these linear features (circled in black), which are located
below the lowest insulator.
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Figure 3.20: A candidate power line which can be eliminated because it is below the lowest insulator

Another group of candidate power line segments that can be eliminated are those that are found
inside the insulators. These candidate power line segments are incorrectly extracted because the
structure of the insulators provides a repetitive pattern of linear features in the horizontal
direction. Figure 3.21 displays the other group of false segments which are located inside the
insulators. The insulator boundaries can be defined by the algorithm which was explained in
section 3.2.

(a)

(b)

Figure 3.21: (a) insulators boundaries and (b) linear features inside the insulators

3.3.7 Summary of Edge-based Power Line Extraction
The main assumption for the edge-based power line extraction algorithm is that all power lines
can be modeled by a spline. The proposed algorithm includes six major steps: 1) edge detection
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and edge linking, 2) delinking chains corresponding to complex curves, 3) extraction of
candidate power line segments, 4) grouping candidate power line segments, 5) modeling of
grouped segments, and 6) elimination of false segments.

3.4 Snake-based Power Line Extraction
After running the GVF, distance, and balloon snakes over the imagery of an electrical substation
(which will be discussed in section 4.2.4), it was observed that the traditional snake models were
not efficient in extracting power lines for the following reasons. Although these models were not
anticipated to be 100% successful in power line extraction, it was a good start point. Thus, the
author tried to modify one of the existing implementation methods to extract power lines from
imagery. The main reasons which cause to fail the original models to extract the power lines are:
1) The images of an electrical substation are very complicated scenes and the power line segment
outlines sometimes are lost among a large number of background details. 2) Traditional snake
models have been developed to minimize energy related to the nearest strong edge they reach
sooner. That is, they are not trained to follow a special shape. The special shape of the object
may be known while the snake (contour) is being deformed. On the other hand, because of the
intrinsic nature of the balloon snake model (blowing up from inside of the object), this model
was selected to be modified for the extraction of power lines.

3.4.1 Linear Feature-based Active Contour Model (Snakes)
The flowchart in Figure 3.22 shows how the modified snake model works. As one can see, after
establishing the initial guess, deforming, and interpolating the snake, linearity of the feature is
investigated, which will be later discussed. A linear feature here means candidate power line
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segment. As long as the deformed snake is not a linear feature, snake deformation and snake
interpolation will be repeated until the snake can no longer be deformed. Otherwise, once the
snake is a linear feature, a series of polynomials are fitted to the snake, which will be discussed
in section 3.4.1.1. The best fitted polynomial is selected as a prediction for the shape of the snake
for the next step. Then, the snake is deformed and interpolated. Afterwards, the snake
investigated whether or not it matches the predicted linear feature. If the snake matches, it will
show that the snake is developing like a linear feature. If the snake does not match, it will show
that the snake needs an extra force to modify it. The extra force indeed modifies the snake to
match with the predicted linear feature.

Figure 3.22: The flowchart of a linear feature-based active contour model (snake)

The deformed and interpolated snakes are only a set of m points, which represent the boundary
of the snake. This set of m points presents a special shape at each iteration. Because we are
interested in extracting the linear features from images, the linearity of a set of m points is
important to us. That is, once the shape of a set of m points is similar to a linear feature, it should
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add a constraint to the snake model to train itself for finding the rest of the features. A feature
here is defined as a candidate power line segment. The main issue here is how to identify a linear
feature. To achieve this goal, PCA is used (Pauly et al., 2002). PCA includes two general steps:


Step 1: The eigenvalues and eigenvectors of the covariance matrix are calculated.



Step 2: The relative sizes of the eigenvalues and the directions of the eigenvector can
identify the type of primitive feature.

The feature of interest here is a set of m points (snake) which resulted from the deformation and
interpolation of the snake at each iteration. To calculate the eigenvalues of the snake, a
covariance matrix first is calculated. The equation (3.38) is used for of the eigenvalues.
|

|

(3.38)

Where C is the covariance matrix, I is the unit matrix, and

is the eigenvalues of the covariance

matrix. For decomposing the eigenvalues, the equations (3.10) are used. After calculating the
eigenvalues, it can be decided whether or not the snake (set of m points) defines a linear feature.
In this case, a threshold is selected for the ratio of the maximum eigenvalue to the minimum
eigenvalue. That is, the snakes whose eigenvalues ratio is more than that threshold are
considered as linear features. Here, the threshold has been considered as 5 (see Appendix A).
Figure 3.23 shows an example of a snake and its eigenvectors.

(a)

(b)

Figure 3.23: (a) snake at iteration number k and (b) its eigenvectors
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3.4.1.1 Fitting Polynomials to the Snake
Once a snake is considered as a linear feature, an appropriate polynomial is utilized to define the
shape of the linear feature. This polynomial is utilized to predict the logical path through which
the snake should be developed. These polynomials are defined for both mainly-horizontal and
mainly-vertical power lines segments. For fitting a polynomial, a wide range of polynomials with
different degrees are fitted to the snake. The polynomials used here to fit to the snake are the
linear polynomial, quadratic polynomial, and cubic polynomial, up to 10th order polynomials.
Then, for each fitted polynomial, a residual (deviation of the fitted polynomial from the real data,
snake n-point) is calculated. The minimum square residual of fitted polynomials is used to find
the best fitted polynomial. The best fitted polynomial is selected as the most likely prediction for
the snake. Figure 3.24 shows the process of fitting polynomials to control snake progression.

(a)

(b)

(c)

(d)

Figure 3.24: The process of fitting polynomials to control snake progression

Figure 3.24(a) presents the snake before it was decided that it corresponds to a linear feature.
Figure 3.24(b) exhibits the snake while it was decided that it corresponds to a linear feature for
the first time. After this step, the process of developing the snake will consider the constraint of
linearity. Figure 3.24(c) shows the snake while it is progressing. Figure 3.24(d) displays the final
step of development of the snake. As one can see, Figure 3.24(d), in contrast to Figure 3.24(c),
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shows that most of the fitted polynomials accumulated at the top of other fitted polynomials (i.e.,
at the last iterations, most of the fitted polynomials geometrically (curvature) look alike.

3.4.1.2 Snake Truncation
As discussed in the last section, fitting polynomial is used for prediction of the snake. However,
the deformed and interpolated snake may not always match with the predicted polynomial. This
situation happens when a point or a set of k points from the snake (set of m points) boundary
does not match with the predicted polynomial. There are two options to deal with this situation.
Option # 1: The process of deformation and interpolation of the snake stops. The advantage of
this option is that it is simple to implement. However, the disadvantage of this option is that the
process of development of the snake may stop before the whole power line segment is extracted.
Option # 2: The process of deformation and interpolation of the snake continues while the snake
is properly truncated. To truncate the snake, the set of k points from the snake that does not
match with the predicted polynomial is removed from the set of m points of the snake (this is the
method which is used in this thesis). The disadvantage of this option is that the process is
complex to implement. However, an advantage of this option is that it is assured that the process
will not stop because of the inefficiency of the model to extract linear feature.

(a)

(b)

(c)

(d)

Figure 3.25: The initial results of power line extraction with/without a linear constrain
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As one can see, Figure 3.25(a) shows the results of extraction of a power line without a linearity
constraint. Figure 3.25(b) displays the results of extraction of a power line with a linearity
constraint. The difference between these two pictures is in an outgrowth at the right side of the
power line. In fact, the linearity constraint prevents development of the snake into a non-linear
shape. Once again, sub-figures 3.25(c) and (d) show the results of another power line without
and with a linearity constraint, respectively. This time, if the linearity constraint is ignored, the
process of the snake’s development does not stop (Figure 3.25(c)) and may cover a large part of
the image. In contrast, when the linearity constraint is considered, the snake expands as large as
possible (Figure 3.25(d)). It will not stop because of the linearity constraint, but rather because of
the intrinsic inefficiency of the snake model.

3.4.1.3 Special Considerations
One of limitations of the proposed algorithm here is that only the balloon snake has been
modified for power line extraction. On the other hand, the most important assumption of linear
feature-based active contour models (snakes) is that each power line can be modeled by a
polynomial. Also, this polynomial can be used to predict the direction of expansion of the snake.
And, the optimization issue of snake deformation ultimately was modified by considering a
linearity constraint. However, as discussed in section 3.3, the power lines do not even follow a
catenary shape. Thus, a fitted polynomial does not provide an accurate prediction of the
deformation of the snake. Thus, the algorithm needs to be modified to better control the snake’s
shape. The following section deals with the snake deformation optimization issue using fuzzy
logic.
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3.4.2 Fuzzy Logic, Snake Deformation Optimization
There are different options for optimizing the deformation of the snake. One of the possible
options to deform the snake is the use of fuzzy systems. The most important limitation of the last
proposed algorithm is that the algorithm only can control stopping or continuing snake
deformation. Thus, some power lines may not be fully extracted. The proposed fuzzy-based
algorithm uses two different polynomials for left and right expansion of the snake. In fact,
separation of the expansions in the left and right (up and down) directions better control how to
expand the snake. A fuzzy system, which deals with many-valued logic rather than fixed-value
logic therefore seemed to be helpful. That is, the decision for snake deformation at each iteration
can follow the concept of partial truth, where the partial truth ranges between 0 and 1 (Novak et
al., 1999). Control theory and artificial intelligence are the two main applications of fuzzy logic
(Ahlawat et al., 2014; Stanford University, 2006). A fuzzy system normally includes some
linguistic variables. A linguistic variable is a nun-numeric variable which is used to facilitate the
expression of rules and facts. Each linguistic variable has a linguistic value. A linguistic value is
a property which belongs to the linguistic variable (Novak et al., 1999; Zadeh, 1965). For the
power line extraction issue, some attributes are used to define the linguistic variables such as
mean, standard deviation, skewness, kurtosis, contrast, energy, and entropy (Jain et al., 1995;
Bhiwani et al., 2010; Arivazhagan and Ganesan, 2003). The snake area is also used to define
another linguistic variable. These attributes are calculated before and after each iteration. The
difference between the values before and after each iteration therefore is considered as linguistic
variables. A set of different states for each linguistic variable is called a fuzzy set. In fact, a fuzzy
set addresses all possible states for each variable. Fuzzy sets here are separately defined for each
linguistic variable. For example, a fuzzy set of a statistic includes similar and different; while, for
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area, the fuzzy set includes increasing and decreasing. Table 3.1 summarizes all the linguistic
variables used in this thesis.

Table 3.1: The linguistic variables used for power line extraction
Linguistic variables

Linguistic values

States1

Area

Increasing and decreasing

Whole, left, and right

Minimum

Similarity and difference

Whole, left, and right

Maximum

Similarity and difference

Whole, left, and right

Mean

Similarity and difference

Whole, left, and right

Standard deviation

Similarity and difference

Whole, left, and right

Skewness

Similarity and difference

Whole, left, and right

Kurtosis

Similarity and difference

Whole, left, and right

Fuzzy sets are represented by a membership function. Figure 3.26 displays the different shapes
of the common membership function (Novak et al., 1999; Zadeh, 1965). A membership function
is selected by considering the number and the nature of the members of a fuzzy set. For fuzzy
sets of statistics (linguistic variables) and area, a sigmoid function is selected because this
membership function is mostly used for two-member fuzzy sets.

Figure 3.26: Different shapes of the common membership functions

For example, for the linguistic variable, mean, a sigmoid function can define how the statistics of
the mean may change before and after snake deformation. Figure 3.27 displays examples of
1

States include linguistic variable for whole of the snake, left side of the snake, and right side of the snake
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absolute differential mean values for the linguistic variable, mean, before and after snake
deformation. As one can see, a 0.2 absolute differential mean value for before and after snake
deformation shows an 83% difference, which means that there was an 83% difference in the
mean value of the snake before and after deformation. This high difference may indicate that the
snake is being developed in an area which probably is not a power line. Also, a 0.001 absolute
differential mean value for before and after snake deformation shows a 17% difference, which
means that the snake before and after snake deformation has a 17% difference in mean value.
This low difference may indicate that the snake is being developed in an area which is possibly a
power line.

Figure 3.27: Examples of absolute differential mean values and their membership values

Now, according to the defined membership functions, which show the property of each variable,
some appropriate rules are set. These rules are used to decide a proper action according to the
property of each variable. The proper actions, which have been selected for expansion of the
snakes are interpolation, deformation, truncation, controlling the number of the points in the
snake (to decrease the process time), leftward/upward expansion, and rightward/downward
expansion. Table 3.2 lists all the actions used in the proposed algorithm. As one can see, a wide
range of different actions can better control how the snakes expand. Also, rules are usually
demonstrated in the form:
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IF variable IS property THEN action
Table 3.2: Actions used for power line extraction
ACTIONS
Interpolation
Deformation
Truncation
Controlling the number of the points in the snake
Leftward/upward expansion
Rightward/downward expansion

These rules should be set for all linguistic variables and all fuzzy sets. Figure 3.28 generally
shows the components of fuzzy systems. Membership functions first are applied in the
fuzzification module. Then, the results are sent to the fuzzy inference engine and relevant
decisions are made using fuzzy-based rules. The final decisions are presented in the
defuzzification module.

Figure 3.28: A fuzzy logic system

There are three models which can be used for fuzzy reasoning in fuzzy inference engine
(Kasabov, 1998).
1- Simplified method:
IF X IS A and Y IS B THEN Z=C
which means that while X and Y are linguistically defined, Z is numerically defined.
2- Mamdani’s direct method:
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IF X IS A and Y IS B THEN Z IS C
which means that X, Y, and Z are linguistically defined.
3- Tagaki and Sugeno’s fuzzy modeling:
4- IF X IS A and Y IS B THEN Z=aX+bY+c
which means that while X and Y are linguistically defined, Z is calculated as a combination of
linguistic variables. These rules are generally called inference rules. For the actions listed in
Table 3.2, the third model, Tagaki and Sugeno’s fuzzy modeling, was used. Final decisions for
snake deformation can range from stopping and continuing the expansion to expansion in a
special direction.

3.4.3 Summary of Snake-based Power Line Extraction
The main idea of this section was to apply an active contour model (snake) to extract power lines
(linear features) from imagery of electrical substations. First, the active contour model (Snakes)
was introduced. Then, the energy functions, internal and external, were explained and the
advantages, disadvantages, and applications of snakes were discussed. Different implementation
methods of snakes were also introduced. A linear feature-based active contour model (snake)
later was discussed. This model has been developed for power line segment extraction. Finally,
fuzzy logic as a snake deformation optimization method has been discussed.

3.5 Summary
To summarize Chapter 3, an automated edge/texture-based algorithm was introduced for
insulator extraction. Also, an automated edge-based approach was discussed which is used for
power line extraction. Also, a semi-automated snake-based algorithm for power line extraction
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was explained. Finally, matching extracted features in overlapping imagery for 3D
reconstruction of electrical substations was the main application for extraction of features from
the imagery of electrical substations.
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Chapter Four: EXPERIMENTAL RESULTS

4.1 Dataset Description
Many images were taken from an electrical substation in Airdrie, AB, located north of Calgary in
February 2013. These images were taken using two cameras: 1) Canon EOS REBEL T3 and 2)
Olympus E-PM1, which are displayed in Figure 4.1. The image resolution of the Canon camera
is 4272 x 284 and the image resolution of the Olympus camera is 4032 x 3024. The fixed focal
length for the Canon is 21 mm and for the Olympus is 14 mm. To cover the whole area, different
images were taken from different views. Figure 4.2 displays two images from different views,
showing a general view of the electrical substation. Also, in order to have better access to the
equipment, the method of CANTEGA company was used. This method includes carrying the
camera (Olympus) over a hot stick to gather eye line images of equipment. Figure 4.3 shows the
operator carrying a hot stick and camera to take the pictures.

(http://www.digitalcamerareview.com)

(http://www.imaging-resource.com/PRODS)

(a)

(b)

Figure 4.1: (a) Canon EOS REBEL T3 and (b) Olympus E-PM1
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Figure 4.2: Two views of the electrical substation captured by Olympus camera

Figure 4.3: A view of a hot stick and camera while taking pictures

The main objective of this thesis is to extract objects of interest from imagery of electrical
substations. These objects are insulators, power lines, and bus pipes which are used for
extraction of hot connection. Indeed, the main hypothesis is that hot connections are placed
between an insulator and a power line or an insulator and a bus pipe. The following sections will
discuss the results of equipment extraction from the images.
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4.2 Results
4.2.1 Results of Canny Edge Detection and Edge Linking
These results are being separately presented because of their importance. The Canny edge
detection operator and the edge linking algorithm were used for both the edge/texture insulator
extraction and the edge-based power line extraction algorithms. For edge detection, the existing
code of Canny edge detection from AForge.NET library was used. Figure 4.4 displays an
original image taken from the electrical substation. Figure 4.5(a) demonstrates the results of the
Canny edge detection for that image. As one can see, for the insulators, the edges which are
almost parallel were extracted. Also, those edges which are not horizontal are already filtered
out. That is because at this level, only vertical insulators are supposed to be extracted. For the
power lines, two almost parallel edges were extracted. Figure 4.5(b) shows the result of the edge
linking step. Each color shows a different chain. Sometimes, parallel chains related to the power
lines were lost among the high density chains from insulators and background.

Figure 4.4: An original image taken from the electrical substation
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(a)

(b)
Figure 4.5: (a) Canny Edge Detection result and (b) edge linking result for
edge/texture-based insulator extraction and edge-based power line extraction

4.2.2 Results of Insulator Extraction
The proposed algorithm in section 3.2, was able to extract following items: 1) the number of
rings in each insulator, 2) the ring dimensions in each insulator, 3) the insulator dimensions, and
4) the center line of each insulator. Figure 4.6 displays all the above mentioned items in one
image. The most important objective of the algorithm was extraction of the insulator dimensions
and its center line, which were used to locate the hot connections. Figure 4.7 depicts the results
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of the automated insulator extraction for the image in Figure 4.4 (here called image # 1). As
illustrated in Figure 4.7, insulator # 1 was extracted as two different insulators. The power line
passing in front of this insulator prevented the first seed region from being expanded to the
whole extent of the insulator. Insulator # 2 was not extracted since the utilized width of the seed
region was larger than the horizontal extent of that insulator. However, insulators # 3, 4, 5, 8, 9,
and 10 were correctly extracted. Insulator # 6 was extracted from two seed regions that had been
expanded. One of them covers the full extent of that insulator while the other one has been
expanded to cover insulators # 6 and 7. These two insulators were almost connected in the image
in question; therefore, they could not be individually identified. As can be seen in Figure 4.7, the
seed region denoted by A was identified as a potential insulator seed region. However, it was not
expanded according to the established T, E, and t measures. Similar to insulator # 1, insulators #
11 and 13 were extracted as four different insulators due to the power line crossing in front of
them. Finally, insulators # 12 and 14 were not fully extracted. Shadow effects were suspected as
the main reason for this incomplete extraction. Figure 4.8 displays the results of the insulator
extraction for two other images.
Although, the proposed algorithm seems to be successful in the extraction of insulators, it failed
to extract non-vertical insulators (in some images) since the proposed algorithm only investigates
vertical insulators. However, the proposed solution in section 5.2.2 is expected to solve this
problem. Also, the proposed algorithm failed to fully extract those insulators which were fully or
partially covered by shadows. Once again, the proposed solution in section 5.2.3 is useful for
solving this problem.
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Figure 4.6: The derived insulators, their rings, and their centerlines

Figure 4.7: The results of insulator extraction for image # 1

(a)

(b)

Figure 4.8: The results of insulator extraction for other two images
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The proposed algorithm was tested on 200 images taken from an electrical substation. The
confusion matrix of all 200 images is presented in Table 4.1. Among the 465 insulators which
had to be extracted, 238 insulators were truly extracted. Also, 358 objects were extracted as
insulators, of which 120 objects were not real insulators.
Table 4.1: The confusion matrix of insulator extraction for 200 images
Extracted

Not-Extracted

Total

Insulator

238

227

465

Not-Insulator

120

0

120

Total

358

227

585

Two measures (completeness and correctness) were used to evaluate the general efficiency of the
algorithm. Completeness represents the percentage of the truly extracted insulators relative to all
the existing ones. Correctness explains the percentage of the truly extracted insulators relative to
all the extracted objects. The results of the completeness and correctness measures for the 200
images and 465 insulators are:

The correctness measure shows that the proposed algorithm is successful in truly extraction of
insulators. That is, the proposed algorithm less wrongly extracts the other objects as insulators.
The reason is that the proposed algorithm is very well trained for recognition of repetitive pattern
in a special direction. In contrast, the completeness measure shows that the proposed algorithm
still needs more work to properly extract all (or at least more) insulators from imagery of
electrical substations.
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4.2.3 Results of Power Line Extraction (Edge-based)
To evaluate the feasibility of the edge-based power line extraction algorithm, it is applied to
simulated and real datasets. The simulated dataset are first used to test the algorithm before
moving on to a real dataset collected at the electrical substation.

4.2.3.1 Simulated Data
Evaluation of simulated data is always useful to test newly developed algorithms in purposeful
and controlled conditions. The most important reason to create simulated data for power lines is
to evaluate the feasibility of the grouping algorithm. Indeed, the grouping step is the most
challenging part of this algorithm. Different segment states are created to test the robustness of
the segment grouping algorithm. Figure 4.9 displays the simulated data, which included parallel
segments, collinear segments, two-piece segments, three-piece segments, multiple-piece
segments, many-piece segments, quadratic-curve-shape segments, divergent segments, and
cubic-curve-shape segments (the difference between many/multi-piece segments is that manypiece segments include more than one power line while multi-piece segments include only one
power line). The grouping algorithm was applied to the simulated data and their results are
illustrated in Figure 4.9. The green circles display those segments which are grouped and
represented by a spline. On the other hand, the red circle demonstrates segments which were not
grouped. The most frequent reasons for not grouping segments are the angle and direction
constraints.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 4.9: The grouping results for different segment states: (a) cubic-curve-shape segments; (b)
two two-piece segments; (c) quadratic-curve-shape segments; (d) three-piece segments; (e) parallel
segments; (f) divergent segments; (g) collinear segments; (h) many-piece segments, and (i) multiplepiece segments

4.2.3.2 Real Data
The proposed algorithm was tested on 200 images taken from the electrical substation. Figure
4.10 shows the results of power line extraction in one image (simply here called image #1).
Table 4.2 summarizes the number of detected power line segments (in extracted paired segments
or insulators column, row 1, 3, and 4), detected insulators (in extracted paired segments or
insulators column, row 2), the number of grouped power line segments (in eliminated or grouped
76

power line segments column, row 3), and eliminated power line segments (in eliminated or
grouped power line segments column, row 4) in each step of power line extraction. That is, after
extraction of candidate power line segments step, 17 segments have been extracted. 3 of these 17
segments have been grouped with other segments and only 14 candidate power lines have been
remained. Finally, 7 candidate power lines have been eliminated and 7 power lines have been
remained. Table 4.3 summarizes the results of the extraction of these 7 power lines. As one can
see in Figure 4.10, there are 8 power lines. This table explains the reason for the success or
failure of each power line extraction.

Figure 4.10: The results of power line extraction for image # 1

Table 4.2: An example of number of extracted insulators, extracted power line
segments, grouped power line segments, and eliminated power line segments for four
steps of automated power line extraction for image # 1
Step

Extracted power line
segments or insulators

Eliminated or grouped
power line segments

Extraction of candidate power line segments

17

-

Automated insulator extraction

19

-

Grouping (and modeling) of candidate
power line segments

14

3 grouped segments

Elimination of false segments

7

7 eliminated segments
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Table 4.3: Percentage of extraction of each power line for image # 1
PL #

Percentage of
extraction

Reason(s)

#1

100%

The complete power line has been extracted.

#2

80%

20% of the edges for this power line have been lost among the
high density edges of an insulator.

#3

100%

The complete power line has been extracted.

#4

80%

20% of the edges for this power line have been lost among the
high density edges of an insulator.

#5

0%

Weak edges and edges lost due to an insulator.

#6

100%

The complete power line has been extracted.

#7

100%

The complete power line has been extracted.

#8

40%

Non-continuous edges and edges lost among background edges.

The confusion matrix of all 200 images is presented in Table 4.4. Among the 743 power lines
which had to be extracted, 395 power lines were correctly (not necessarily fully) extracted. Also,
768 linear features were extracted as power line segments, of which 373 objects were not real
power line segments. The results of power line extraction depended on the results of the insulator
extraction (i.e., if the algorithm fails to extract all the insulators, it directly affects the number of
extracted power lines). Thus, the edge-based power line extraction algorithm was tested with two
insulator extractions states: 1) while considering the outcome from the automated insulator
extraction algorithm and 2) while considering the outcome from the manual extraction of the
insulators.
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Table 4.4: The confusion matrix of power line extraction for 200 images
(while considering the outcome from the automated insulator extraction algorithm)
Extracted

Not-Extracted

Total

Power lines

395

348

743

Other Linear Features

373

0

373

Total

768

348

1116

Again, the two measures of completeness and correctness are used to evaluate the general
efficiency of the algorithm. The results of the completeness and correctness measures for the 200
images and 743 power lines are:

As mentioned earlier, the accuracy of the results of this algorithm depends on the results of the
insulator extraction. The insulator extraction algorithm cannot always extract all the insulators
from the imagery of the electrical substation. Therefore, not all the false segments could be
properly eliminated. If all the insulators from imagery are manually extracted, the new results for
the confusion matrix can be presented as shown in Table 4.5.
Table 4.5: The confusion matrix of power line extraction for 200 images
(while considering the outcome from the manual extraction of the insulators)
Extracted

Not-Extracted

Total

Power lines

403

340

743

Other Linear Features

296

0

296

Total

699

340

1039
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The power line extraction results are affected by a number of factors. The shadows of linear
features can provide linear shapes in the images which may be incorrectly selected as power line
segments (Figure 4.11(a)). The linear features introducing the shadows are 1) power lines, 2) bus
pipes, or 3) vertical poles. Two first linear features are of interest to this work. Also, shadows on
power line segments can affect the full extraction of the power lines. Figure 4.11(b) displays one
segment of a power line which was affected by a shadow under the power line. As one can see,
the actual width of the power line (e.g., contained between the green lines) may be incorrectly
extracted (e.g., contained between the red lines). Also, illumination from the sun can make
algorithm fail to extract some power lines (Figure 4.11(c)).

(a)

(b)

(c)

Figure 4.11: Natural phenomena which affect the results of power line extraction: (a) shadow as a
linear feature, (b) shadow affecting the properties of power lines, and (c) illumination from the sun

The most pronounced effect of this type of uneven sun illumination was manifested in the
incomplete extraction of power lines. Another factor affecting the accuracy of the extraction of
power lines can be the high density of power lines (see Figure 4.12(a)). Also, Figure 4.12(b)
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shows an area of the image at which some power lines are obstructing other ones. Such
situations, may affect the edge detection results and the grouping step.

(a)

(b)

Figure 4.12: The high density power lines: (a) high density power lines
and (b) power lines obstructing each other

4.2.4 Results of Power Line Extraction (Snake-based)
Three implementation methods of snake models (GVF, distance, and balloon) were applied on
two sets of data: 1) simulated data (which are both similar and non-similar to power lines) and 2)
real data. Section 4.2.4.1 deals with the simulated data and section 4.2.4.2 deals with the real
data. The experimental results are shown and discussed in each section.

4.2.4.1 Simulated Data
Three images were used here as simulated data: 1) bent linear feature image (Figure 4.13(a)), 2)
room image (Figure 4.13(b) which is a general open shape for evaluation of snake models), and
3) simulated power line image (Figure 4.13(c)). The first two simulated data is used to evaluate
the general advantages and disadvantages of the snake models. The third simulated data is used
to evaluate the special advantages and disadvantages of the snake models related to the power
lines.
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(a)

(b)

(c)

Figure 4.13: Simulated data (a) bent linear feature image,
(b) room image, and (c) simulated power line image

The first implemented method is gradient vector flow (GVF). Figure 4.14 presents the edge map,
edge map gradient, and normalized GVF field for the room image and the simulated power line
image (the same results for the bent linear feature image has already been displayed in Figure
2.3). The normalized GVF field is used to control how the snake deformed to find the object
outline. As discussed in Chapter 3, snake models require an initial guess. For the GVF
implementation method, the initial guess can be defined as either inside (sub-figures 4.15(a), (g),
and (m)) or outside (sub-figures 4.15(d), (j), and (q)) the object boundary. The progress of the
GVF implementation method is shown in sub-figures 4.15(b), (e), (h), (k), (n), and (r).

Figure 4.14: The edge map (left column), edge map gradient
(middle column), and normalized GVF field (right column)
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As one can see, the GVF implementation method worked well for the non-linear objects (subfigures 4.15(i) and (l)). However, for the linear objects, the results were not very good for the
inside initial guess (sub-figures 4.15(c) and (p)) while the results were good for the outside initial
guess (sub-figures 4.15(f) and (s)). Although GVF exhibits excellent behavior for the bent linear
feature (sub-figures 4.15(e) and (f)), strange behavior can be seen for a simple straight linear
feature (sub-figures 4.15(r) and (s)), which led to a time-consuming process for the simple
straight linear feature.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(p)

(q)

(r)

(s)

Figure 4.15: GVF snake’s results for the three simulated data

The second implementation method was the distance snake. Figure 4.16 exhibits the distance
force for the three simulated data. For the distance implementation method, the initial guess also
was defined either inside (sub-figures 4.17(a), (g), and (m)) or outside (sub-figures 4.17(d), (j),
and (q)) the object boundary. The progress of distance implementation method is shown in subfigures 4.17(b), (e), (h), (k), (n), and (r). As one can see, the distance implementation method
seems to work almost as well for the non-linear objects (Figure 4.17(l)). However, it was not
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completely successful in the room extraction by defining the initial guess inside the object
(Figure 4.17(i)).

(a)

(b)

(c)

Figure 4.16: Distance forces for (a) bent linear feature image,
(b) room image, and (c) simulated power line

Similar to GVF, the distance implementation method was inefficient in the extraction of the
linear feature by defining the initial guess inside the object (sub-figures 4.17(c) and (p)).
Although the distance implementation method exhibited normal behavior in the extraction of a
straight linear feature (sub-figures 4.17(r) and (s)), it was inefficient in the extraction of a bent
linear feature (sub-figures 4.17(e) and (f)).

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(p)

(q)

(r)

(s)

Figure 4.17: Distance snake’s results for the three simulated data
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The last implementation method was the balloon snake. Figure 4.18 exhibits the traditional force
for the three simulated data. For the balloon implementation method, the initial guess could be
defined only inside (sub-figures 4.19(a), (d), and (g)) the object boundary. The progress of the
balloon implementation method is shown in sub-figures 4.19(b), (e), and (h).

(a)

(b)

(c)

Figure 4.18: Traditional forces for (a) bent linear feature image,
(b) room image, and (c) simulated power line

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 4.19: Balloon snake’s results for the three simulated data

85

The balloon implementation method was found to have a problem finding objects whose
boundaries had a discontinuity (sub-figures 4.19(e) and (f)). However, the balloon
implementation method was efficient in the extraction of both bended and straight linear features
(sub-figures 4.19(c) and (i)). According to the simulated data results, the balloon snake was the
best option for extraction of linear feature. Although, the GVF and distance snakes exhibited
good results while defining the initial guess outside the object, they still had problems with
straight linear features for GVF and bent linear feature for the distance method.
In the following sections, results of applying the snake models on the real data are discussed. It
inlcudes the results of 3 independent tests; 1) applying the original active contour models (GVF,
distance, and balloon implementation methods), 2) applying the linear feature-based active
contour model, and 3) applying the fuzzy-based linear feature active contour model.

4.2.4.2 Original Active Contour Model’s Results
The first implemented method is GVF. Three shapes of initial guess was tested for GVF method.
These three shapes are, a circle inside the object boundary (Figure 4.20(a)), a square outside the
object boundary (Figure 4.20(b)), and a circle outside the object boundary (Figure 4.20(c)).

(a)

(b)
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(c)

(d)

(e)

(f)

Figure 4.20: First example of implementation of GVF

The first test (circle of initial guess inside the object) totally failed to extract the object. The
second test (square of initial guess outside the object) completely failed to extract the object.
because not even slight progress was observed. Although the third test (circle of initial guess
outside the object) progressed, it failed to extract the power line. Nearly the same results
happened for other power lines. With defining the circled initial guess outside the object (subfigures 4.21(a) and (c)), the results seem to suggest inefficiency in the extraction of power lines
(sub-figures 4.21(b) and (d)).

(a)

(b)

(c)

(d)

Figure 4.21: Second example of implementation of GVF

The initial guess for the second implementation method (distance snake) was defined both inside
and outside the object boundary. Figure 4.22(a) displays the initial guess, a circle inside the
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object boundary and Figure 4.22(b) shows the initial guess, a square outside the object boundary.
The second implementation method (distance snake) was somewhat successful by defining the
initial guess outside the object. However, the general evaluation of the distance snake
implementation shows inefficiency in the extraction of power lines (sub-figures 4.22(b) and (d)).

(a)

(b)

(c)

(d)

Figure 4.22: First example of implementation of distance snake

The distance snake was implemented on other power lines as well. Although it sometimes
demonstrated efficiency in the extraction of darker objects from the background, it was still
inefficient in the extraction of power lines (Figure 4.23).

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 4.23: Second example of implementation of distance snake
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The third implementation method was the balloon snake. This snake was implemented on 20
images, with many examples of different shapes of power lines by defining the circle of the
initial guess inside the object (sub-figures 4.24(a), (b), (c), (d), and (e)). The results of the
extraction of the first two examples of power lines (sub-figures 4-24(f) and (g)) show that the
snake was successful at first but digressed from a linear path. Even though the results show
efficiency in the extraction of the second two examples of power lines (sub-figures 4.24(h) and
(i)), it was still not perfect because the final result for third example shows an outgrowth at the
right side of the power line (Figure 4.24(h)). Also, the final result for the fifth example (Figure
4.24(j)) shows mostly inefficiency in the extraction of power lines.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

Figure 4.24: Implementation of balloon snake, (a), (b), (c), (d), and (e) initial guesses,
and (f), (g), (h), (i), and (j) final results of balloon snake

After considering the results of the implementation of the three methods, the balloon snake may
provide better results if it is modified by defining the linearity constraint, which discussed in
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section 3.4.1. The following section presents the results and discussion of the extraction of power
lines using a linear feature-based active contour model (balloon snake).

4.2.4.3 Linear Feature-based Snake’s Results
The linear feature-based snake was developed to extract the power lines. The modified algorithm
(discussed in section 3.4.1) was applied on a range of different images. Some of the results are
shown in Figure 4.25. The initial guesses were defined inside the object (see Figure 4.25, the left
column). The progress, which is shown in Figure 4.25, middle column, includes the fitted
polynomials while considering the eigenvalue test and snake truncation.
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Figure 4.25: The initial guess inside the power lines (left column), the snake deformation progress
(middle column), and the final result of snake deformation (right column)

The blue curves shown in the middle column images display the predictor polynomial at each
iteration. The red curves display the deformation of the snake at each iteration (all iterations are
simultaneously shown). As one can see, the results of power line extraction (Figure 4.25, right
column) suggest general efficiency of the modified algorithm. However, the algorithm
sometimes failed to extract the entire power line (Figure 4.25, right column, first image). It
seems that the similarity of the foreground and background in terms of gray value led to
unwanted expansion of the snake through the background. However, the other results show the
proposed algorithm succeeded in extracting the power lines.

4.2.4.4 Fuzzy-based Linear Feature Snake’s Results
The fuzzy-based linear feature snake was developed to optimize the results of power line
extraction using the linear feature-based snake. The fuzzy-based algorithm was applied on a
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range of different images. Most of these images were chosen according to a better view of the
power lines. Some of the results are shown in Figure 4.26. The progress of snake deformation is
displayed in Figure 4.26 (left column). As one can see, this progress includes expansion in the
left and right directions. The yellow polynomials were used to control left expansions and the
green polynomials were used to control right expansions. The final results are displayed in
Figure 4.26 (right column).
The yellow and green curves shown in the left column images display the predictor polynomials
at each iteration. As will be discussed in section 3.4.2, separation of the expansions in the left
and right directions (up and down directions) better controlled how to expand the snake. Thus, it
made sure that the expansions of the snake in both directions were independent of each other.
Also, the red curves display the deformation of the snake at each iteration (all iteration are
simultaneously shown). As one can see, the results of power line extraction (see Figure 4.26, the
right column) suggest general efficiency by the proposed fuzzy-based algorithm. These images
show that even better results than the linear feature-based snake algorithm were obtained.
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Figure 4.26: The snake deformation progress for the power lines (left column)
and the final result of snake deformation for the power lines (right column)

4.2.5 Snake-based Approach Results versus Edge-based Approach Results
The main difference of the edge-based and snake-based approaches is automation. As discussed
in section 3.3 and 3.4, edge-based power line extraction is a fully automated algorithm while
snake-based power line extraction is a semi-automated approach. Thus, the correctness and
completeness measures cannot be used as section 4.2.3.2. Indeed, the proposed snake-based
algorithm uses the initial guess which makes correctness measure meaningless. However,
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completeness of power line extraction still can be used. But, the completeness which was used in
section 4.2.3.2 is defined as the percentage of the truly extracted power lines relative to all the
existing ones. Here, the completeness measure is used as the percentage of extracted part of the
power line relative to a full one. As was listed in Table 4.4, the proposed edge-based power line
extraction algorithm succeeded to identify 395 power lines from 743. Thus, the completeness
measure for this algorithm will be 53.16%. However, the identified power lines are not
necessarily fully extracted. Also, an initial guess for snake-based approach was defined in each
identified power line. The results of area completeness measures for edge-based and snake-based
approaches for the 200 images and 395 identified power lines are:

As one can see, the snake-based approach has an improvement in extraction the power line area.
Also, as will be discussed in section 5.2, a hybrid approach which uses the results of candidate
power line segment extraction of edge-based approach as initial guess for snake-based algorithm
probably provide even better results according to area completeness measure.

4.3 Summary
This section began with a description of the data set used. Then, it discussed the results of Canny
Edge Detection and edge linking steps and provided the results of automatic insulator extraction.
The results show that the proposed algorithm is successful in insulator extraction. Finally, it
explained the results of power line extraction for both the edge-based and snake-based
approaches. The comparison between the results of edge-based and snake-based approaches

94

shows that snake-based approach has a better result, in term of area completeness. Also, a hybrid
approach may increase the area completeness score.
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Chapter Five: CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE WORK

5.1 Conclusions
The main objective of this thesis was to investigate the possibility of extracting of equipment
from imagery of electrical substations. One of the objects of interest was the automatic extraction
of insulators, which could be utilized for finding hot connections that should be covered for
avoiding possible animal electrocution. The two main features that are used to extract insulators
are edge and texture measures. These features are used to identify the seed regions that likely
correspond to insulators as well as to expand these seed regions to identify the whole extent of
the insulators. The preliminary results, regarding the completeness and correctness scores of 51%
and 66%, respectively, show good feasibility of the algorithm. However, future work is still
needed to increase the reliability of the insulator extraction process. For example, more intuitive
estimation of the utilized thresholds should be investigated. In addition, the algorithm should be
adapted to deal with situations where the ceramic insulators might not be vertically aligned due
to image tilt or installation set up.
The other object of interest is power lines. To extract power lines, two algorithms also were
developed. First, an automated edge-based algorithm was developed which defines a power line
as a linear feature that is contained between two relatively long parallel edges. Segment-grouping
was the most challenging step of the algorithm. The results of applying the algorithm on
simulated data confirm the feasibility of using the segment-grouping algorithm. Moreover, the
algorithm was successful in grouping segments of power lines from real data. The completeness
and correctness scores of 53% and 51%, respectively, show good feasibility of the algorithm.
The following factors affects the results of the power line extraction: 1) shadows resembling
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linear features, 2) shadows affecting the intensity of power lines, 3) sun illumination, 4) high
density of power lines, and 5) power lines obstructing one another. As was discussed in the
experimental results, having a perfect insulator extraction algorithm may significantly increase
the correctness percentage. However, not all images have insulators so there is no gauge for
finding false segments which are located below the lowest insulator.
The second developed algorithm to extract power lines is a snake-based approach. The original
active contour models were tested on both simulated data and real data. Although, they showed
relative success in the object extraction from the simulated data, they were inefficient in the
extraction of linear features from the real data with a somewhat complicated background. Thus,
the original active contour models needed an important modification for the linear features. This
modification is considering the linearity constraint for power line extraction. The modified snake
was tested on real data and the results were better than those from the original snake models.
However, the modified snake still was not very efficient in the extraction of whole power lines.
Moreover, the results of the modified snake were very sensitive to natural phenomena around the
objects. For example, shadows can totally affect the results of power line extraction. Also, to
optimize the deformation of the snake, a fuzzy-based step was added to the linear feature-based
algorithm. The optimized algorithm showed better results for the extraction of power lines in
term of area completeness.

5.2 Recommendations for Future Work
The recommendations for future work include all work which is possibly used to enhance the
feasibility of the developed algorithms. Some recommendations for future work have been listed
according to the appearance of related section in the thesis.

97

5.2.1 Order of Expansion Directions
As mentioned in section 3.2.2, expansion in four directions (upward, leftward, downward, and
rightward) is simultaneously performed. Another alternative is to separate the extraction of rings
from the extraction of insulators. To achieve this goal, first, all the expansions of seed regions
are only performed leftward and rightward. Once they can no longer be expanded leftward and
rightward, they are expanded upward and downward. The predicted advantage of this alternative
approach is expected to give better results for the extraction of whole insulators since the rings
and insulators are independently extracted. Figure 5.1 shows the order of expansion of a seed
region within an insulator.

Figure 5.1: Seed region expansion through the proposed solution

5.2.2 Non-Vertical Insulator Extraction
As mentioned in section 3.2, one of the main assumptions of the insulator extraction algorithm is
that insulators appear vertically in the images. Thus, insulators that appear non-vertical in the
images may not be extracted. Insulators may have a non-vertical appearance for two reasons: 1)
rotation of the camera at the moment of exposure (see Figure 5.2(a)) and 2) non-vertical
installation of insulators in electrical substations (see Figure 5.2(b)). A proposed solution for
extracting non-vertical insulators is rotation of the image around the z axis by one degree
increments until the insulator appears in a vertical state. As the rotation of the image around the z
axis is unknown, the process of rotating the image should be performed from zero degrees to 90
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degrees. Consequently, the extraction of non-vertical insulators with this method would be time
consuming.

(a)

(b)

Figure 5.2: (a) A non-vertical insulator caused by the rotation of the camera
at the moment of exposure and (b) a non-vertical insulator installation

Another proposed solution to extract the non-vertical insulators takes the advantage of the
property of high density-parallel edge regions which appear in some area of the images. These
regions probably demonstrate an insulator. Chains of linked edge points are the result of edge
detection and edge linking steps. The eigenvectors of each chain within these regions then can be
calculated. If the chains from each region are sufficiently parallel, the two eigenvectors of each
chain will be parallel to the two eigenvectors of other chains. The direction of the smaller
eigenvector of the chains will define the axis direction of the insulator. Although it has not been
so far decided as to how to define the neighborhoods for evaluating the eigenvectors, a concept
similar to finding seed regions, which was discussed in section 3.2.1 may be used. Figure 5.3
shows an example of the edge results of an insulator (black lines), the direction of the larger
eigenvector (blue vector), the direction of the smaller eigenvector (red vector), and the axis of
the insulator (green line). The eigenvectors and axis in this example are only hypothesized.
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Figure 5.3: An insulator with the eigenvectors derived from its edges

5.2.3 Effect of Shadow over Insulators
Shadow and other natural phenomena may change the contrast of the image. Specifically, if an
insulator area is shadowed, the insulator extraction will be disturbed. Consequently, it will affect
both the selection of best candidate seed regions and their expansion. Changing the contrast over
the insulator area is a possible solution. It may require a prediction of the insulator’s dimensions
around the seed region. Once again, an investigation of insulators in edge space can give an
approximation of each insulator area. Figure 5.4 shows an image of an insulator that is
shadowed.

Figure 5.4: The effect of shadow over an insulator
100

5.2.4 Refinement of Insulator Extraction using a Wavelet Transform
The height and width of insulators are not the same within both the images and the substations.
This can happen because of different sizes of insulators (substation view) or because their
positions are different with respect to the camera (image view). Indeed, different view angles for
close and far insulators lead to the insulators appearing in different sizes in the images, which are
simply called multi-scale insulators. The proposed algorithm can partially handle the multi-scale
insulator extraction issue. However, to enhance the accuracy of multi-scale insulator extraction
results, a wavelet transform-based approach is suggested.

Figure 5.5: An example of multi-scale insulators

While the proposed algorithm works well to extract the same-scale or partially multi-scale
insulators, it fails to extract all insulators with very different sizes. Figure 5.5 shows an image
with multi-scale insulators. However, if insulators are multi-scale is a relative issue. For
example, the insulators which have been extracted and shown in Figure 5.5 can be defined
partially multi-scale. That is why it was mentioned that the proposed algorithm can partially
handle the multi-scale insulator extraction issue. However, as one can see, insulators which are
displayed inside the black circles could not be extracted. Use of a fixed-size seed region for the
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whole image as well the differences in density of edges for small and large-scale insulators are
possible reasons for this situation. An appropriate solution seems to be using the wavelet
transform. Wavelets can be defined as mathematical functions that are used to separate data into
different frequency components. Each component is then investigated with a method that is more
relevant to the scale of that particular component (Graps, 1995; Steinbuch and Molengraft,
2005).

Figure 5.6: Two-step wavelet transform with eight sub-band results
(the first sub-band which is the original image, has been hidden by other four sub-bands)

Figure 5.6 displays the results of applying a two-step wavelet transform, highlighting the results
of each sub-band. At each step in applying the wavelet transform to the image, four new subbands are produced. One of the sub-bands is the low quality version of the original image. Three
other sub-bands, depending on the mother function used for generating the sub-bands, can be
edge results, etc. A mother function is a function used to define extra information from the main
information (in this case, the original image). The extra information is assumed to be used later
to recover the main information from it.
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One of the advantages of a wavelet is its analysis of both the shape and the window scale. The
window scale addresses the multi-scale insulators concept. Indeed, the window addresses the
scale of the details from the equipment of interest which is to be extracted. Thus, a large window
is used for the extraction of larger-scale objects and a small window is used for the extraction of
smaller-scale objects. After each step of applying the wavelet transform, four sub-bands are
created. The first sub-band of each step is considered as the main sub-band, which contains a
compacted version of the original data. Three other sub-bands, depending on the definition of the
wavelet transformation’s function, show the results of other representation forms of the original
data, which mostly show the edge space of the images (Graps, 1995; Steinbuch and Molengraft,
2005; Torrence and Compo, 1998; Mallat, 1999). If an insulator is addressed with a large
“window,” its bulky features would be more easily noticed (i.e., the number of rings). Thus, in a
large window investigation, the most visible properties of the objects become more easily
noticed. Likewise, if an insulator is addressed with a small “window,” the small features are
more easily noticed (like special patterns or shapes of each ring). Because the wavelet transform
analyzes data according to the scale, this tool would be more effective at extracting all insulators
with different sizes.

5.2.5 Recommendations for Power Line Extraction
Further, modification of not only the GVF, balloon, and distance snake implementation methods
is suggested, but investigation of other methods as well. Also, the current modified snake
appears to need more modifications, including a region-based active contour model that is a
mixture of region-growing techniques with the linear feature-based snake to produce better
results. Some recommendations for power line extraction are to use region-growing techniques

103

for the extraction of all power lines. The results of the proposed algorithm may be useful as a
training dataset for a supervised classification technique. Also, unsupervised classification
techniques can be utilized for the extraction of power lines. Comparison of the results of
supervised and unsupervised classification techniques can be useful for evaluating the results of
the proposed algorithm.

5.2.6 Bus Pipe Extraction
As discussed in section 1.2.2, bus pipes have a long, straight shape and can be described as linear
features that are bounded by two parallel straight lines (see Figure 5.7). In other words, bus pipes
can be discriminated from power lines by their straight shape. As mentioned in section 3.1, the
two developed algorithms introduced earlier, including edge-based and snake-based, also will be
useful in extracting bus pipes. Obviously, adding a constraint related to the straight shape of the
pipe lines can be beneficial. By looking at a large amount of images from the electrical
substations, it seems that bus pipes are generally brighter than power lines in electrical
substations; therefore, the difference of gray values between bus pipes and power lines can be
helping in distinguishing them from each other.

Figure 5.7: Bus pipes, long, straight-shape features
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5.2.7 A Hybrid Approach
Also, the edge-based approach is an automated algorithm which is considered as an advantage.
However, this algorithm does not provide fully complete results. On the other hand, the snakebased approach is a semi-automatic approach, which is considered a disadvantage; however, it
provides more complete results (as discussed in section 4.2.5). Thus, a hybrid approach, which
combines two approaches, seems beneficial. To develop a hybrid approach, the results of
extraction of the candidate power line segments from edge-based approach can be used as the
initial guess for snake-based power line extraction. Thus, the hybrid approach will be an
automated-snake-based algorithm.

5.2.8 Matching Extracted Features in Overlapping Imagery
This section includes a part of the future work for applying the results of feature extractions. The
main objective of this section is to match the extracted features in overlapping images. Figure 5.8
displays one example of overlapping images from the same location in an electrical substation.
For matching the extracted features in overlapping imagery, the first step is to match portions of
the images. To achieve this goal, local features can be used to match image regions. Some of the
reasons to use local features include:
1) Higher efficiency, for real-time performance applications,
2) Extraction of different types of features in different situations, and
3) Larger quantity of features, sometimes hundreds in a single image.
However, these features should be invariant to transformations, which include:
1) Geometric transformations: translation, rotation, and scale and
2) Photometric transformations: brightness and exposure.
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For example, edges are invariant to brightness changes but variant to other transformations.
Thus, edges can be useful when a brightness-based matching is needed. Some interesting points
which can be used as good features are edges and corners. To extract the edges and corners from
images, different approaches have been proposed. One of the most frequently used algorithms
for edge detection is the Canny Edge Detection operator (Canny, 1986). Also, the Harris and
Forstner operators can be useful for corner detection (Harris and Stephens, 1988; Forstner and
Gulch, 1987).

(a)

(b)

(c)

Figure 5.8: Overlapping imagery from the same location

Feature descriptors can be used to match image regions around interest points and have two
options: 1) matching square windows of pixels around the points and 2) matching using the SIFT
descriptor (Lowe, 1999). The second option has different advantages, including: 1) handling
changes in the viewpoint, 2) handling significant changes in illumination, and 3) being fast and
efficient (Lowe, 1999). Generally, for feature matching, a distance function first is defined that
compares two descriptors. Then, all the candidate features from the second (other) image are
investigated to find the minimum distance. Obviously, this function includes all possible
similarity and difference measures between two features from the two (more) images.
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Appendix A: LIST OF THRESHOLDS

A.1 Edge Detection
A.1.1 Edge detection’s thresholds
1) Dimensions of Gaussian filter window
Dimensions of window (pixel)

3*3

5*5

7*7

Default settings

Not many changes

Not many changes

2) Standard deviation of Gaussian filter
Sigma

0.5

2.5

0.125

Default settings

Higher sigma, more edges

Lower sigma, less edges

3) Double thresholding’s thresholds
Lower threshold (gray value)

13

5

20

Upper threshold (gray value)

33

70

25

Default settings

Less edges, more

Not many changes

accuracy

A.1.2 Edge Linking’s Thresholds
1) Minimum length of the chains
Length

5

20

3

Default settings

Higher threshold, less edges

Lower threshold, more edges

(pixel)

2) Horizontal Edge’s thresholds (used for insulator extraction)
Lower threshold (tangent of slope)

-0.1
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-0.4

-0.025

Upper threshold (tangent of slope)

+0.1

+0.4

+0.025

Default settings

More edges

Less edges

A.2 Insulator Extraction
A.2.1 Finding Seed Regions
1) Seed region dimensions
Dimensions

Advantages

Disadvantages

Default settings

Default settings

(pixel)
84*19
42*19

Very efficient in finding short Not
insulators

efficient

in

finding

large

scale

insulators, because height of two rings of
large scale insulators may be higher than 42
pixels

42*38

63*19

Very efficient in finding short Not necessary expansion in x direction,
insulators

because of width of 38 pixels

Generally, better results

Not

efficient

in

finding

large

scale

insulators, because height of two rings of
large scale insulators may be higher than 63
pixels
63*38

Better results for insulators with Not efficient in finding insulators with
larger width

smaller width

105*19

Better results for longer insulators

False results for shorter insulators

105*38

Better

results

for

large

scale Generally, worse results, because most

insulators

insulators in the dataset are small or median
scale ones

2) Uniformity measure (Standard deviation S)
S

28

18

114

42

Default settings

Not many changes

Generally, worse results

0.9

0.7

1

Default settings

Over extraction of seed

Under extraction of seed

regions

regions

40

60

30

Default settings

Over extraction of seed

Under extraction of seed

regions

regions

3) Edge-based measure (E)
E

4) Texture-based measure (T)
T

A.2.2 Expansion of Seed Regions
1) Edge-based measure (E)
E

0.7
Default settings

0.9

0.5

More control on expansion Less control on expansion of
of insulators and stopping insulators and stopping the
the expansion, sooner

expansion, sooner

2) Texture-based measure (T)
T

40
Default settings

60

30

More control on expansion Less control on expansion of
of insulators and stopping insulators and stopping the
the expansion, sooner

expansion, sooner

3) Second texture-based measure (t)
t

50

80
115

30

Default settings

Less control on expansion More control on expansion of
of insulators in x direction

insulators in x direction

A.3 Power line Extraction
A.3.1 Delinking Chains
1) Maximum acceptable residual
Residual

3

1

5

Default settings

Over-delinking

Under-delinking, need to more
time for more delinking

2) Minimum length of chain to be delinked
Length

10

5

20

Default settings

Producing many useless

Need to more time for more

short chains

delinking

A.3.2 Pairing Chains
1) Distance measure (d)
Whatever this distance is less, the level of matching between two chains (Main and paired) is
more.
-

Minimum acceptable value of d is 3 pixels

-

Maximum acceptable value of d is

2) Differential slope (S)
Whatever this difference is less, the level of matching between two chains (Main and paired) is
more.
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3) Overlap between two chains (O)
3-1) Overlap of the main chain with the paired chain (M2P)
3-2) Overlap of the paired chain with the main chain (P2M)
Whatever this overlap is more, the level of matching between two chains (main and paired) is
more. A candidate chain is accepted as paired chain if one of the following constraints is
satisfied:
Or
and
Or
and
Or
and
4) Differential length (L)
Whatever this difference is less, the level of matching between two chains (main and paired) is
more.

A.3.3 Grouping Segments
1) Distance constraint
Two segments that are closer to each other will have greater probability of being segments of the
same power line.
2) Width constraint
Those segments which are more similar in width are more probable to be related to each other.
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3) Direction constraint
Two segments which have a lower direction constraint value will have greater probability of
being segments of the same power line.
4) Angle constraint
Two segments which have a lower angle constraint value will have greater probability of being
segments of the same power line.

A.3.4 Linear feature (Snake-model)
1) The ratio of maximum eigenvalue to minimum eigenvalue
Ratio

5

3

10

Default settings

Weakness in fitting polynomials to

Late expansion decision

the contour (snake)
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