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ABSTRACT

Recently, technology of un-destructive exploring of GPR(Ground Penetrating Radar) is
extensively applied in underground pipes detection. Sinee un-uniform of geology layer in
Taiwan, it is easier to have erroneous judgment in nonmetal pipeline images made by GPR.
And low contrast and weak GRP images make experts encounter more difficulties while
identifying pipes. Meanwhile, low contrast GPR images make experts even harder to
determine the pipelines. The main aim of this research is to enhance the weakened and low
contrast pipeline images while avoiding the unity of the images from affected by noise. This
paper is trying to apply morphological hit-or-miss transform to establish the parabola model
for pipeline image detection, and to locally enhance the image. So that, the parabola can be
separated from the background more effectively. After observing the image features, some
suitable morphological structuring elements are designed to detect the pipeline images. Then
parabola equation is used to produce the parabola model, to attain local image enhancement.
Experiment results show that the approaches proposed in this thesis can increase the pipeline

resolution effectively.
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CHAPTER 1

Introduction

1.1 Motivation

In recent decades, the GPR (Ground Penetrating Radar) is often used for exploring
shallow stratums, the excavation, mineral resources, constructions, environmental pollution
and ice sheets. No other ways can be better than it because it is easily used when we do the
field exploration and it can cause high resolution of radar images. Due to the development of
GPR equipments, more and more commercial products are entered the market. The GPR
exploring ability has been improved with the amelioration of its hardware equipments, the
way of exploration and the technique of'information processing which considerably uses the
Refseis model. Besides, it is widely utilized by construction industry and archaeologists with
its increasingly emphasized technique of non-destructive exploration. It is also applied to:
the exploration of unexploded bomb when doing military activities and before digging
building sites, of discarded oil cans when doing environmental protection, of underground
pipes before digging roads, of potholes when investigating the roadway of railways and
highways, of the past and ancient graves when doing archaeological research, the put of
underground rivers and find out the underground rivers.

In 50 years ago, someone had been brought up the idea of using the principle of radar
wave reflection to explore the underground things such as pipes, hollows and depth of stratum
(Melton,1937; Donaldson, 1953)[27][28]. It was not widely applied to explore the depth of
polar excavation until 1960s (Cook, 1960)[29]. The results were applausive. The thesis will
be focused on the image processing of exploring underground pipes (Lun-Dao Dong > 1992:
Zeng & McMechan, 1997)[30][31].

Because Taiwan is a small country with dense population, there is no complete pipe



information in Taiwan. Furthermore, there is no complete routine inspection, so we cannot
carry out precautionary measures before finding out the problems. That is the main reason of
resulting in pipe catastrophe. Besides, the pipes in the underground are densely distributed
and it is dangerous to dig the roads with bad condition. In our country, most of public
catastrophes are resulted from the uncertainty of pipe position. Therefore, investigating and
judging pipe position fast can not only raise the constructors’ safety but also reduce time of
ground routine affected by constructions and thus cause people inconvenient. Correct position
and resolution of GPR images are two of solving the problem of underground pipes.
Concerning another benefit, it can help conserve the pipe information, pipe quality, solve and
even prevent the problem of environmental pollution caused by underground pipes, and
reduce the cost of road digging.

Aiming at the basic research of GPR, domestic experts precede a series of research
experiments, but there are not many-ideas about the image processing of GPR section drawing.
Concerning the pipe images, experts and researchers do not practically focus on the
recognition processing of pipe images to precede an in-depth study. There is still plenty of
room for the research of non-metallic and metallic pipe images. Compared with metallic pipes,
non-metallic pipes have higher distinguishing difficulty due to weaker radar waves. There are
two kinds of non-metallic pipes, PE and PVC pipes, by which it causes highly similar images
in GPR images, though PVC pipes have weaker signals than PE pipes. The motive of the
thesis is to find out how to enhance effectively both types of images and find the correct
location.

The thesis mainly aims at the GPR digital images of non-metallic underground pipes, but
images are more difficult to be analyzed because Taiwan is formed with uneven geological
layers. Now the research of scanned digital section of GPR depends on experts and
construction workers with great construction experiences or the complicated filter of software,
so it brings problems of wrong results made by man-made mistake and an illusion resulted
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from over filter processing. Because non- metallic pipes have weaker reflection of wave
energy, the digital images transformed from the original data are weaker and not so clear as
the images of metallic pipes. In [19][21], we know that the characteristics of pipe shapes in
images are hyperbolas, and morphological is the best way of image processing to deal with
shapes. For this reason, the main direction of the thesis is to combine the image strength with
the morphological way to facilitate reliable recognition and assessments for experts and
construction workers. The anticipated result will provide the correlative units with a reference

of textual research distinguish non-metallic pipe image and assessments.

1.2 Background

Ground penetrating radar (GPR) is a non-destructive detection technique, it is relatively
sensitive, fast and accurate than other.general direct measure methods. GPR will not cause
direct destruction in the objects which be examined. The developing history of Ground
penetrating radar is among 1864~1995. Until 1970, Apollo 17 was implemented moon
probing laboratory. And reach the middle 1980 time, the international GPR conference is
established and thus began to have standards which specially uses the radar wave methods to
detect underground. In 1980, The scholars began to make use of GPR to survey soil and
Daniels et al. (1998) supposed that radar wave decayed in the soil layer has relative to
conductivity in the soil itself. Davis & Annan(1989) measured the electricity of different
materials, such as dielectric constant, conductivity, decay. Finally, in 1990, GPR was in it’s
days which studies Geotechnical Engineering research, included the underground object’s
study, the depth of the underground water, varying Soil Moisture Contents detection, the soil
or the structure of soil layer’s study, the detection of the Earthdam of seepage hollow, etc.

As the mentioned in [19] [20], GPR for detecting uses the high-frequency

electromagnetic wave. The electromagnetic wave is transformed to reflect or diffract due to



the different dielectric of underground. Furthermore, the strongest signal which is not deep to
detect is near the surface of ballast. In the process of detecting, it make signal unclear and
mixed with a lot of the other signals that are all not come from the reflection of the surface of
ballast due to noise, diffractive wave, and double reflection, and refracting wave. However,
most of the situations can be improved by the conventional data treatment. Therefore, it is not
discussed too much here. In brief, the reflection of GPR represents the relative depth of the
surface of earth to surface of ballast so the actual position is viewed by a GPR digital image
with the same system as image coordinate.

In Fig. 1- 1, it shows the investigated chart of Ground Penetrating Radar, indicating that
the amplification of electromagnetic wave in homogeneous region and unhomogeneous
region has different changes. And the hyperbola above the pipe is the shape of digital image
transformed from radar waves. In Fig..1- 2, it shows the GPR hardware. All mentioned above

are just briefly introduction to the principle of GRP exploration and not widely discussed.
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Fig. 1- 1 The illustration of the radar wave reflecting the underground pipe



(c)
Fig. 1- 2 GPR hardware photos. (a) The GPR system SIR-2 (b) The GPR antenna (400MHz)
(c) The GPR antennas (16~80MHZ)



There are more relative studies of GPR, such as [1][2][3][5][9]. Majority studies have
discuss for the GRP images, or make some explanation for some actual detection’s case, or
direct GPR instruments to make differently efficient assessment and GPR’s detection methods
to improve signal’s quality. But these studies have less to use image processing methods to
direct the resolution of images and pipeline position to improve and deeply analyze them. The
relative studies of above-mentioned have limited to the GPR hardware. So, if the studies want
to continue going on, it must proceed with the professional instruments and GPR system’s
additional software. The relative software are developed by the manufacturers of systems.
And the format of GPR files which each manufacturer adopted has not been unified. So, the
GPR data have not been extensively used.

In the part of image processing and GPR image processing, the brief chart of digital
images are transformed from signal grasping which is explored by GPR system as shown in
Fig. 1-3. In Fig. 1- 3(1), it is the objects of underground explored by GPR and stored as
signals data. The chart is the figure of positive pole wave and negative pole wave. The quality
in this stage is limited by equipments, human operation and environmental effects. It is what
experts and construction workers are working for. In Fig. 1- 3(2), the signals of wave are
translated to digital images through the procedure of traditional GPR information processing,
like stacks, filter, shifting, etc. In the step, they are mostly processed by the hardware
provided by the GPR system, translating analogy signals to digital images. In this stage, many
experts are proceeding the investigation of [4] and obtain better resolution of transformed
images through improving the way of operating. In Fig. 1- 3(3), the software developed by
system manufacturers provides a traditional way such as filter, shifting, and so on, to help
experts or construction workers to proceed image processing. The advantages in the stage are
not only to analyze the GPR image in the viewpoint of image processing with just the
problem of reading files but also to not be affected by hardware operation. However, it is
limited by the way of image processing provided by manufacturers, though manufacturers

6



have developed adapter software. Thus, there is still a plenty of room for being independently
discussed in details. We put Fig. 1- 3(1) and Fig. 1- 3(2) as the pre-processing, and Fig. 1- 3(3)

as the post-processing.

Hardware + Software Only Software

i

||-r||r|-||-"|ll-lll|”-| T

(1)

GPR system Wave of Signals

Digital image

Fig. 1- 3 The illustration of the GPR system translate the GPR signals to GPR digital image.
(1) Probe and store the reflecting radar wave to signals (2) Using the stacks, sampling and
other operators to translate the signals to Digital image (3) Image processing force on the
digital image

The procedure of head process from (1) to (2) is investigated by most experts, and the
main area for investigating the first kind of GPR researches as well. The thesis also aims at
the (3) stage. Because the correlative thesis regarding the image of pipe GPR is seldom
discussed in the stage, it is suitable to investigate the pipe image in the (3) stage in the
viewpoint of image processing. Concerning correlative paper, it aims at GPR system which
translates the signals to digital images as shown in Fig. 1- 3 in [20], and the penetrating radar
section is processed by the way of image encoding. It then analyzes the internal cramp irons,
cracks, holes and chips of concrete components through the thin method. In [23], it makes the
characteristic of stratum clearer by strengthening GPR signals, raising the contrast of
lightness and darkness and being processed by gain filtering. It focuses on the GPR image of
stratum, which is processed through filters, making the whole image clearer. Then, it links

lines of stratum fault in the way of manual to distinguish the GPR image. From the both kinds



of correlative paper mentioned above, it indicates that domestic and foreign scholars have
done a lot of researches with diversification, while there are few researches which aims at
pipes to investigate the image resolution and the exploration of pipe location.

Therefore, attempts would be made to raise the resolution of non-metallic pipe images,
making the result fit human’s visual sense. Moreover, the written program can also be
provided easily to experts or construction workers for usage without the limit of original
system, so it is considerably reflex. The way of image processing is mainly referred to
morphological, spatial image enhancement, and segmentation. But due to few research related
to GPR image processed through the way of image processing, it modifies traditional ways by
means of traditional image processing as an assistant after a series of experimental discussion
and GPR image analysis in the hope of improving the image effect and assisting the

information processing of images on the post-processing.

1.3 Organization of This Thesis

In this thesis, we propose to combine morphological hit-or-miss transform and the
method of local image enhancement of the parabola model, which are the application for
detecting hyperbolas and enhancing weak GPR images. The remainder of this thesis is
organized as follows. In chaperl, first we introduce the probe theory of the GPR system, and
then expound the probable problems when the signals translate to the images. Fig. 1- 4 show
the procedure of our proposed method. In chaper2, we will survey spatial domain image
enhancement methods, just about, the methods of Sobel, Prewitt, histogram equalization,
morphological contrast enhancement, Laplacian, and the features of the histograms of the
images. By using the thresholding histogram, we’ll separate the gray-levels to object point
and background point. This can help us to separate the hyperbola and the rounding
background. Finally, we’ll survey the concept of morphological operations. In chapter 3, we

will present our method which uses the global thresholding to transforms GPR images to



binary images for getting the shapes of objects of the GPR images. We’ll obtain the object
points (the target pixels) and the background points by thresholding histogram. We designed
two morphological structuring elements for hit-or-miss operator, According to these
structuring elements, we detect the probable location of hyperbolas and distinguish them.
After detecting, we modify the “the parabola model” which is created by two parabola lines to
become an area for doing “ local image enhancement”. By recovering the local areas to
original images, we can distinguish clear hyperbolas. Our approach is just like to forecast the
shape of hyperbola. The parabola model can enhance images easily more than enhance the
full images. In chapter 4, we will experiment with different kinds of GPR images. Our
proposed method can efficiently enhance the hyperbolas in GPR images. Experimental results
look “reasonable” to the human eye. Then, we will compare the performance of our method

with other methods. In chapter 5, the conclusion and future work will be stated.
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Fig. 1- 4 shows the procedure of our thesis.
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CHAPTER 2

Previous Research

In the chapter we will introduce the background knowledge of our research. In section
2.1, we’ll describe some basic thresholding methods to separate background and object. In
section 2.2, we will describe four basic and typical spatial image enhancement methods. More
detail of these methods can be found in [10][12]. In section 2.3, we explain the equation of
parabola, and how do it work. In section 2.4, we will discuss some basic concepts of
mathematical morphology. They include binary morphology [14][15][16] and grayscale

morphology [17][18].

2.1 Threshold

Because of its intuitive properties and simplicity of implementation, image thresholding
enjoys a central position in application s of image segmentation. Suppose that the gray-level
histogram shown in Fig. 2- 1 (a) corresponds to an image, f{(x,)) , composed of light objects
on a dark background, in such a way that object and background pixels have gray levels
grouped into two dominant modes. One obvious way to extract the objects from the
background is to select a threshold 7 that separated these modes. Then any point (x,y) for

which f(x,y) > T is called an object point; otherwise, the point is called a background point.

11



A, Ll

T T T,

(a) (b)
Fig. 2- 1 (a) Gray-level histograms that can be partitioned by (a) A single
threshold. And (b) Multiple threshold.

Ly

Fig. 2- 1(b) shows a slightly more general case of this approach, where three dominant
modes characterize the image histogram, for example, there two light objects on a dark
background. Here, multilevel thresholding classifies.a point (x,)) as belonging to one object
classif 7, < f(x,y)=<T,, to the other object class if f(x;y) > T,, and to the background if
f,y)=T.

Based on the preceding discussion, thresholding may be viewed as an operation that

involves tests against a function T of the form

T=T[x’y’19(xay)’f(x’}’)] (2_ 1)

where f(x,y) is the gray level of point (x,y) and p(x,y) denotes some local property of this
point— for example, the average gray level of a neighborhood centered on (x,y). A thresholded

image g(x,)) is defined as

(2-2)

~ 1 iff(x,y)>T
SN =10 i fxy) =T

Thus, pixels labeled 1 correspond to objects points whereas pixels labeled 0 correspond to
background points.

Where T depends only on f(x, y) (that is, only on gray-level values) the threshold is called
global. If T depends on both f{x, y) and p(x,y), the threshold is called /ocal. If, in addition, T

depends on the spatial coordinates x and y, the threshold is called dynamic or adaptive.
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2.2 Spatial Image Enhancement Methods

In general, the implementation for filtering an M x N image with a weighted averaging

filter of size mxn (m and n odd) is given by:

i iw(s,t)f(x +5,y+1)
g(x,y) = =u=b (2-3)
E Ew(s,t)

Fig. 2- 2 denotes image points ina 3 x 3 region. For example, the center point, z,
denotes f(x,y), z; denotes f{x-1,y-1), and so on. In following paragraph, we will introduce

two useful methods.

Z, Z> Z
Z Zs Zs
Zy Zy Zy

Fig. 2-2 A 3x 3 region of an image (the z's are gray-level values) used to

compute the gradient at point labeled z,

2.2.1 Prewitt and Sobel Operators

For a function J (%Y ), the gradient of f'at coordinate (X,y) is defined as the

two-dimensional column vector

13
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af -9

ay

It is well known from vector analysis that the gradient vector is in the direction of maximum

rate of change of fat coordinates (x,y). The magnitude of this vector is given by

ay (7] _
2] =

This quantity gives the maximum rate of increase of f(x,y) per unit distance iin the direction

Vf = mag(VH) =[G} + G| =

of VT,

0 0 0 -1 0 1
1 1 1 -1 0 1
Prewitt
-1 -2 -1 -1 0 1
0 0 0 -2 0 2
1 2 1 -1 0 1
Sobel

Fig. 2- 3 Prewitt and Sobel masks for detecting vertical and horizontal edges

The components of the gradient vector itself are linear operators, but the magnitude of
this vector obviously is not because of the squaring and square root operations. However, The
computational burden of implementing Eq.(2-5) over an entire image is not trivial, and it is
common practice to approximate the magnitude of the gradient by using absolute values

instead of squares and square roots.
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Vf ~

Gx

+ ‘Gy‘ (2- 6)

This equation is simpler to compute and it still preserves relative changes in gray levels, but
the isotropic feature property is lost in general. However, the most popular masks used to
approximate the gradient give the same result only for vertical and horizontal edges and thus
the isotropic properties of the gradient are preserved only for multiples of 90°. These results
are independent of whether Eq.(2-4) is used, so nothing of significance is lost in using the

simpler of the two equations.

0 1 1 -1 |-11]0

-1 0 1 -1 0 1

-1 -1 0 0 1 1
Prewitt

0 1 2 2|-11]0

-1 0 1 -1 0|1

2| -1 10 0 1] 2
Sobel

Fig. 2- 4 Prewitt and Sobel masks for detecting diagonal edges.

Finally, the Prewitt and Sobel operators are aomong the most used in practice for
computing digital gradients. Masks in Fig. 2- 3 are used for detecting vertical and horizontal
edge while masks in Fig. 2- 4 are used for detecting diagonal edges. The Prewitt masks are
simpler to implement than the Sobel masks, but the latter have slightly superior

noise-suppression characteristics.
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2.2.2 Laplacian

The approach basically consists of defining a discrete formulation of the second-order
derivative and then constructing a filter mask based on that formulation. It can be shown
(Rosenfeld and Kak [1982]) hat the simplest isotropic derivate operator is the Laplacian,

which, for a function (image) f(x,y) of two variables, is defined as

I’f .\ If (2-7)

o> 07y2

Because derivatives of any order are linear operations, the Laplacian is a linear operator. In

Vf =

order to be useful for digital image processing, this equation needs to be expressed in discrete
form. There are several ways to define a digital Laplacian using neighborhood. Taking into
account that we now have two variables, we use the following notation for the partial

second-order derivative in the x-direction:

82

072){2 =G+ L+ f(x=Ly)-2f(x,y) (2- 8)
and, similarly in the y-direction:

’f

7y =fy+D+ fluy-D-2f(xy) (2-9)

The digital implementation of the two-dimensional Laplacian in Eq.(2-7) is obtained by

summing these two components:
Vi =[fx+Ly)+ fuy+ D+ fF(x=Ly)+ fry-D]-4f(xy)  (2-10)

The equation can be implemented using the mask shown in (Fig. 2- 5.) For a 3%3 region, one

of the two forms encountered most frequently in practice is
V2 =(2,+ 2, + 26+ 25) — 42 (2- 11)

where the z’s are defined in Fig. 2- 2. A digital approximation in clouding the diagonal

neighbors is given by
V2f =(z,+2,+ 23+ 2, + 25+ 2, + 24 + Zo) — 825 (2-12)

This two equations can be implemented using the mask shown in Fig. 2- 5(a) and (b). We
noted from these masks that the implementations of Eq.(2-10) and Eq.(2-11) are isotropic for

rotation increments of 90° and 45°, respectively. The other two masks show in Fig. 2-
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5(c)-(d) also are used frequently in practiece. They are based on a definition of the Laplacian
that is the negative of the one we used here. The difference is sign must be kept in mind when
combining (by addition or subtraction) a Laplacian-filter image with another image.

Because the Laplacian is a derivative operator, its use highlights gray-level
discontinuities in an image and deemphasizes regions with slowly varying gray levels. This
will tend to produce images that have grayish edge lines and other discontinuities all
superimposed on a dark, featureless background. Background features can be “recovered”
while still preserving the sharpening effect of the Laplacian operation simply by adding the
original and Laplacian images. It is important to keep in min which definition of the
Laplacian is used. Thus, the basic way in which we use the Laplacian for image enhancement

is as follows:

f(x,y)-V?f(x,y) if the center coefficient of the
Laplacian mask is negative
g(x,y) = g : o (2- 13)
f(x,y)+ V" f(x,y) if the center coefficient of the

Laplacian mask is positive

(c) (d)
Fig. 2- 5 Filter masks used to implement the digital Laplacian
The coefficients of the single mask are easily obtained by substituting Eq.(2-12) for

V?f(x,y) in the first line of Eq.(2-13):
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g(xy) = f ) =[fx+Ly)+ fley+ D+ fx=Ly)+ f(x,y-D]+4f(xy)
=5f(x’)’)—[f(x+1’)’)+f(x,y+1)+f(X—l’)’)‘*‘f(x’y—l)]

This equation can be implemented using the mask show in Fig. 2- 6(a). The mask show in Fig.

(2- 14)

2- 6(b) would be used if the diagonal neighbors also were included in the calculation of the

Laplacian.
o | -1 ] o0 5 T (S T S|
S I T 10 9 | -1
o | -1 ] o ST (S T
(a) (b)

Fig. 2- 6 (a) Composite Laplacian mask (b) A second composite mask.

2.2.3 Histogram Equalization

The probability of occurrence of gray level r inan image is approximated by
ny
p,(r)=—" k=0,12,...,.L-1 (2- 15)
n

where, n is the total number of pixels in the image, n, isthe number of pixels that have gray
level r,, and L is the total number of possible gray levels in the image. The discrete version

of the transformation function is
(2- 16)

Thus, a processed (output) image is obtained by mapping each pixel with level 7, in the
input image into a corresponding pixel with level s, in the output image via Eq.(2-15). A

plot p.(r,)of versus r, is called a histogram. The transformation (mapping) given in

18



Eq.(2-15) is called histogram equalization or histogram linearization. On the other hand, the

inverse transformation from s back to r is denoted by
r.=T"'(s) k=012,..,L-1 (2-17)

Only if none of the levels, r,,k=0,1,2,...,L -1, are missing from the input image. In addition
to producing gray levels that have this tendency, the method just derived has the additional
advantage that it is fully “automatic.” In other words, given an image, the process of
histogram equalization consists simply of implementing Eq.(2-16), which is based on
information that can be extracted directly from the given image, without the need for further
parameter specifications.

Fig. 2- 7(a) shows the four basic image types: dark, light, low contrast, high contrast, and
Fig. 2- 7(b) shows the result of performing histogram equalization on each of these images.
The first three results (top to bottom) show significant improvement. As expected, histogram
equalization didn’t produce a significant visual difference in the fourth image because the
histogram of this image already spans the full spectrum of the gray scale. The histograms of
the equalized images are shown in Fig, 2- 7(c). All these histograms are different, the
histogram equalized images themselves are visually very similar. This isn’t unexpected
because the difference between the images in the left column is simply one of contrast, not of
content. In other words, since the images have the same content, the increase in contrast
resulting from histogram equalization was enough to render any gray-level differences in the
resulting images visually indistinguishable. Given the significant contrast differences of the
images in the left column, this example illustrates the power of histogram equalization as an

adaptive enhancement tool.

19



(a) (b) (c)
Fig. 2- 7 (a) Original images. (b) Results of histogram equalization.

(c) Corresponding histograms
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2.3 The Equation of Parabola

The equation of a Parabola is also called Cartesian equation too. The parabola’s equation
in standard polynomial form is denoted by:
y=ax’+bx+c (2- 1)

Fig. 2- 8 shows a plot of equation of parabola. In Eq.(2-18), x is called the independent
variable (the horizontal axis on the graph) and y is called the dependent variable (the vertical
axis), and a, b and c called parameters. Although it is also possible to choose values for a, b
and c arbitrarily, for any one particular parabola their values will not change. A new set of
values for a, b and/or ¢ will result in a different parabola. The graph of y = ax’ + bx + ctakes
the shape of the cross-section of a bowl, opening either upwards or downwards. The lowest
point when it opens upwards (or the highest point when it opens downwards) is called the
vertex. All parabolas with the above equation will cross the y-axis somewhere, but need not
necessarily cross the x-axis Here y is a function of (i.e. depends on) x, written y = f(x) in
general, so here we can write f(x)=ax’ + bx +c . In this case, f{x) is called the quadratic
function. The quadratic function has important applications in the mathematical analysis of
topics in, amongst others, science, technology and business studies — in particular in cases
where there is a square-law relationship between two sets of variables.

The equation of parabola still have the another types:

Standard Form Equation:
(x=h)>=4c(y-k)
=>y=ﬁ(x—h)2+k (2- 19)
=y=m(x-h)’+k
where, some basic definitions are given by:
Vertex: (h,k),
Axis of symmetry: x =h,
Focus: h=k+c,

Directrix:y =k -c,
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Opens: up if ¢ >0/ down if c <0
For exampleL
- the cross-sectional shape of a car's headlamp reflector is parabolic, and

- the aerodynamic drag of a moving vehicle is proportional to its velocity squared.

parabola equation
1 DD T T T T T T T T T

Fig. 2- 8 The plot of parabola equation
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2.4 Mathematical Morphology

Mathematical morphology is closely related to integral geometry (show [11]) and it
quantifies many aspects of the geometrical structure of images in a way that agree with human
intuition and perception. Mathematical morphology has been also a valuable tool in many
computer vision applications, especially in the area of automated visual inspection.

Morphological expressions are defined as the combinations of basic operations known as

erosions and dilations. The morphological approach analyzes an image in terms of some
predetermined geometric shape templates known as elemental structuring elements. The
manner in which the structuring elements can be embedded into the original shape using a
specific sequence of operations leads eventually to shape classification and/or discrimination.

In the following sections, we first introduce the fundamental morphological operations
upon which the entire subsequent development depends. We then discuss the extensions of
binary morphological operations to the gray-value morphological operations.
There are two types of fundamental operations in mathematical: dilations and erosions, each
associated with a structuring element. These two types of operations are both based on the

Minkowski operations will be discussed below.

2.4.1 Morphological Operations

Some basic definitions:

E: the n-dimensional Euclidean space

P(E): The power set of E.

A, : The set of translation of A by b given by {a+bla € A},

where A is a set in P(E) and b is a vector in E.

S: The reflected set of A with respect to the orgin given by {—a lae A},
where A is a set in P(E).
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Minkowski Addition

Let 4 and B be two sets in P(E). The Minkowski addition of 4 and B, denoted A B, is

defined as
A®B ={atb|la € Aandb € B }. (2-20)

In terms of translation, the Minkowski addition of A and B can also be written as

A D B=UA,, (2-21)
»EB

Thus 4 © B is constructed by translating A4 by each element of B and then taking the union of
all the resulting translates

For example, let 4 be the unit disk centered at (2,2) and let B={(4,1), (5,1), (5,2)}. Then
A @ B is the union of the sets A, A;,), and A, . 4, B,and 4 © B are depicted in Fig. 2-

9

A D B

B={(4,1),(5.1),(5,2)}

Fig. 2- 9 Minkowski addition
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Minkowski Subtraction
Let A and B be two sets in P(E). The Minkowski subtraction of B from 4, written as
AOSB, is defined by

AeB=()A-b=[4, (2-22)

v
bEB bEB

In this operation, 4 is translated by the reflection of B and then the intersection is taken.
For example, consider the 4 by 3 rectangle 4. Let B = {(0,0),(1,1)}. Then ASB is the

intersection of the translates A and A_,,. That is, A6B is the the 3 by 2 rectangle

(LD

depicted in Fig. 2- 10.

4 © B 4

B={(0,0),0,1)}
L I R

IITIIII

Fig. 2- 10 Minkowski subtraction

v

2.4.2 Structuring Element
A structuring element is also a set in P(E), however, it is usually chosen to have simple
shape and small size. The structuring element can be viewed as a convolution mask.

Therefore, dilations and erosions are analogous to the convolution processes.

Dilation

The dilation Ds with a structuring element S is a unary operation on P(E) defined by

Ds(A)=A®S (2- 23)
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The set Ds(A) is called the dilated set of 4 by the structuring element S.

Geometrical meaning: Ds(A)={xEE|S N A= ¢}.

Erosion

The erosion Es(A) with a structuring element S is a unary operation on P(E) defined by
Es(A)=AeS. (2-24)

The set Es(A) is called the eroded set of 4 by the structuring element S.

Geometrical meaning: Es(A4)={x€E|S C A4}.
For example, consider a set A(Fig. 2- 11(a)) and a structuring element S (Fig. 2-
11(b)). Dilating the set A by the structuring element S has the effect of “expanding” the set.

(see Fig. 2- 11(c)). Erosion has the effect of “shrinking” the set (see Fig. 2- 11(d)).

A A 2
A \)
A
» »
»
(a) (b)
A D (A
+ E (4)
"""""" /\ |
VAR
|
|
|
N— > :
/
\\\' ,’ : >
() (d)

Fig. 2- 11 (a) Set A (b) Structuring element S and its reflection 5‘

(c) Dilation of 4 by S (d) Erosion of 4 by S
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2.4.3. Extensions to Gray-scale Morphology
In this section we extend to gray-level images the basic operations, dilation and erosion.
Throughout the discussions that follow, we deal with digital image functions of the

forms f(x, y)andb(x, y), where f(x, y) is the gray-scale image and b(x, y)is a structuring

element, itself an image function.

Dilation
Dilation D(f,b) of the gray-scale image f by structuring element b, denoted as f @b,

is defined as

(f ®@Db)(s,t) = r(na§<{f(s— X,t=y)+b(x,y) (s = x,t = y)E D;5(x,y) € Dh}. (2-25)
X,y
Where D, and D, are the domain of /" and b, respectively. The dilation methodology is

illustrated in Fig. 2- 12. Because the dilation is based on-choosing the maximum value of

f +b in a neighborhood defined by the shape of the structuring element, the general effect
of performing dilation on a gray-scale image is two-fold: (1) if all the values of the structuring
element are positive, the output image tends to be brighter than the input; and (2) dark details
either are reduced or eliminated, depending on how their values and shapes relate to the

structuring element used for dilation.

Erosion

The erosion D(f,b) of the gray-scale image f by structuring element b, denoted as

fOb, is defined as

(feb)(s,t) = r(n_i;;{f(n x,t+y)=b(x,y) 1(s+x),(t+y) ED;i(x,y) ED,}  (2-26)

Fig. 2- 12(e) shows the result of eroding the function of Fig. 2- 12(b) by the structuring
element of Fig. 2- 12(a). As Eq.(2-26) indicates, erosion is based on choosing the
minimum value of (f -5b) in a neighborhood defined by the shape of the structuring element.

The general effect of performing erosion on a gray-scale image is two-fold: (1) if all the
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elements of the structuring element are positive, the output is tends to be darker than the input
image; and (2) the effect of bright details in the input image that are smaller in “area” than the
structuring element is reduced, with the degree of reduction being determined by the
gray-scale values surrounding the bright detail and by shape and amplitude values of the

structuring element itself.

Kbt - U

f(52) )
° fis) V
1 T T >t — > ¢
(a) (c)
fM
— — —» t
(b)
A
E(f,b)
1/2_... .....................................

Fig. 2- 12 Dilation and erosion of 1-D function

For example, Fig. 2- 13(a) shows 172x112 gray-scale image, and Fig. 2- 13(b) shows the
result of dilating the image with a “flap” structuring element with size 5x5 pixels. Based on
the preceding discussion, dilation is expected to produce an image that is brighter than the
original image and in which small, dark detail have been reduced or eliminated. These effects

clearly are visible in Fig. 2- 13(b). Not only does the image appear brighter than the original,
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but the size of dark features has been reduced. Fig. 2- 13(c) shows the result of eroding the
original image. Note the opposite effect to dilation. The eroded image is darker, and the sizes

of small, bright features are reduced.

@ RCINC

Fig. 2- 13 Dilation and erosid}i of imgige 1nF1g2- 13(a). (a) Original image;

- gl:|‘ , A Y

(b) Result of dilation; (c) Résult f erosion. -

Vo

-

2.4.4 Morphological Contrast Enhancement
In addition to the operations discussed earlier in connection with the removal of small
dark and bright artifacts, dilation and erosion often are used to compute the morphological

contrast enhancement of an image, denoted g:
g=(/®b)-(feb). (2-27)

Fig. 2- 14shows the actions of morphological contrast enhancement. Fig. 2- 15 shows the
result of computing the morphological contrast enhancement of the image shown in Fig. 2-
13(a). As expected, the morphological contrast enhancement highlights sharp gray-scale
transitions in the input image. The morphological contrast enhancement is sensitive to the
shape of the chosen structuring element. As such, the adaptive structuring element has been

introduced to improve the flexibility. The morphological contrast enhancement is the most
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@ (b)
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(f ®b) A

(c) (d)

(f ®@b)-(fSb)

important filter for our proposed method.

Fig. 2- 14 Morphological contrast enhancement filter

Fig. 2- 15 Morphological contrast enhancement of the image in Fig. 2- 13(a)
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2.4.5 Morphological Hit-or-Miss Transform
The morphological hit-or-miss transform is a basic tool for shape detection. We

introduce this concept with the aid of Fig. 2- 16 which shows a set A consisting of there
shapes (subsets), denoted X,Y and Z. The shading in Fig. 2- 16(a) through Fig. 2- 16(c)
indicates the original sets, whereas the shading in Fig. 2- 16 (d) and (e) indicates the result of
morphological operations. The objective is to find the location of one of the shapes, say, X.
Let the origin of each shape be located at its center of gravity. Let X be enclosed by a small
window, W. The local background of X with respect to W is defined as the set
difference (W - X), as shown in Fig. 2- 16 (b). Fig. 2- 16 (c) shows the complement of A,
which is needed later. Fig. 2- 16 (d) shows the erosion of A by X (the dashed lines are
included for reference). Recall that the erosion of A by X is the set of locations of the origin
of X, suchthat X is completely contained in 4. Interpreted another way, A © X may be
viewed geometrically as the set of all locations of the origin of X at which X found a match
(hit) in 4. Keep in mind that in Fig. 2- 16 A consists only of the three disjoint sets X,Y and
Z. Fig. 2- 16 (e) shows the erosion of the complement of A by the local background set
(W - X). The outer shaded region in Fig. 2- 16(e) is part of the erosion. We note from Fig. 2-
16 (d) and (e) that the set of locations for which exactly fits inside A is the intersection of
the erosion of A by X and the erosion of 4° by (W - X)as shown in Fig. 2- 16 (f). This
intersection is precisely the location sought. In other words, if B denotes the set composed
of X and its background, the match (or set of matches) of Bin A, denoted A®B, is

A ®B=(A6X) N [£LSoW-X)], (2- 28)
We can generalize the notation somewhat by letting B = (B1, B2), where B1 is the set formed
from elements of B associated with an object an B2 is the set of elements of B associated with
the corresponding background. From the preceding discussion, Bl = X and B2 = (W - X).

With this notation, Eq.(2-26) becomes
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A ® B=(A6B) N (A4°6 By). (2-29)
Thus, set A B contains all the (origin) points at which, simultaneously, B, found a match
(“hit”) in A and B, found a match in A°. There are two definition will be set, the first is the

difference of two sets A and B, denoted A - B, is defined as
A-B={wlwEAwWE&B}=ANB" (2- 30)

, the another is, dilation and erosion are duals of each other with respect to set

complementation and reflection, is defined as

(AoB) = A°® B (2-31)
By using the definition of set the differences given in Eq. (2-30) and the dual relationship

between erosion and dilation given in Eq.(2-31), we can write Eq.(2-29) as

A ® B=(46B1)— (A & Bo). (2-32)
The reason for using a structuring element B associated with objects and an element B,

associated with the background is based on the aseemption that two or more objects are
distinct only if they form disjoint (disconnected) sets. This is guaranteed by requiring that
each object have at least a one-pixel-thick background around it. In some applications, we
may be interested in detecting certain patterns(combinations) of 1’s and 0’s within a set, in
which case a background is not required. In such an instance, morphological hit-or-miss
transform reduces to simple erosion. As indicated previously, erosion is still a set of matches,
bur without the additional requirement of a background match for detecting individual

objects.
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46 X NEUe W - X

&y
Fig. 2- 16 (a) Set A. (b) A window, W, and the local background of X with respectto W,
(W = X). (c) Complement of 4. (d) Erosion of 4 by X. (e) Erosion of A° by (W - X). (f)

Intersection of (d) and (e), showing the location of the origin of X, as desired.
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CHAPTER 3

The Proposed Method

3-1 The System Structure

In this chapter we propose a method, which combines morphological hit-or-miss
transform and local thresholding. Our objective in this thesis is to propose a method for
improving the resolution of a GPR Image. The wave energies reflect non-metallic pipes and
are weaker than reflected by metallic pipes when we grasp images by using Penetrating Radar
Equipments, thus these images are transformed worse than pipe images.

Aiming at this kind of images, we propose a parabola-shape partial image segmentation way
through the comparison of other image enhancement methods. The GPR images we adopt in

this thesis are all obtained by SIR-2 GPR system experiments. The flowchart is as follows:
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GPR Image: *.dzt

v

Grey-value Image: 8-bit

v

Binary Image: Threshold

¢ Cluster
Detect object:

Morphological Hit-or-Miss Transform

Object

Situation

Have Noises Double Refection Wave

Compare object’s size Filter
Create Parabola Model

v

Local Enhancement Image

v

G{ecover Original ImagD

Fig. 3- 1 Overview of our proposed method
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In this section, we first introduce properties GPR images. Generally, there are two kinds
of underground pipes. One is metal series, including iron pipes in general, which can result in
clear hyperbola images when images are transformed because they can reflect higher energy
waves. The other is non-metallic series, including plastic pipes made of PVC and PE
materials, which result in more easily weak hyperbola images when images are transformed
because they reflect weaker waves than metal pipes. Fig. 3- 2 shows three typical hyperbolas,
the signal of IRON pipe is stronger than those of PVC and PE pipes. In the thesis we will
focus on the enhancement of PVC and PE pipe images. Because the pipe images obtained by
experiments are in shapes of hyperbolas, in the thesis we will attempt to develop an image

processing method based on this point.

Fig. 3- 2 Three typical kinds of hyperbolas. From left to right are IRON ~ PVC and PE

First of all, we try to explain hyperbolas as shown in Fig. 3- 2. From the Fig. 3- 3 it may
note that only IRON pipes can grasp complete hyperbolas; otherwise, the hyperbolas caused
by PVC and PE pipes have been broken. When the threshold value is lowered, the hyperbolic
object can’t be separated from background, the gray values of non-metallic pipe (PVC,PE)
image are very similar with background’s. In Fig. 3- 3 (h) we can find that PVE and PE pipes
with low contrast have histograms that will be narrow and will be centered toward the middle
of the gray scale. IRON pipe images in general are clearer, so it is easily to know the position
of pipes when experts compare with them with others. While PVE and PE pipes are much
more easily affected by image surrounded and noise, it may cause us investigate the wrong

place or wrong pipes, and thus higher the digging cost.
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(2 (h) @
Fig. 3- 3 (a)-(c) The IRON ~ PVC ~ PE PIPE images (d)-(f) The binary image with threshold
value: 139 ~ 130 ~ 131 - range with [0,255] (g)-(i) The histogram.

Traditionally, image enhancement methods are worked in spatial domain. We have
discussed five main methods for PVC and PE GPR images, which are Prewitt, Sobel,
Laplacian, Morphological contrast enhancement, and Histogram Equalization. Fig. 3- 4 shows
the effect of different image processing. First, we mask the positive hyperbola with the red
circles in Fig. 3- 4(b), where we can see the enhanced hyperbola is stronger than the original
one. From these pictures it is apparent that IRON has well effect for this methods, on the
another hand, in Fig. 3- 4 (a) and (e)strengthens little the effect and thus makes PVC and PE
images clearer, but the positive hyperbola still is similar with the background in gray value; in
Fig. 3- 4 (c) through (d) PVC and PE pipe images are weak when using Prewitt and Sobel. In
Fig. 3- 4(e), Morphological contrast enhancement enhances the PE pipes well, the more
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significant effect than others. However, it is still weak in PVC pipes. Above methods are not
still sturdy. Last of all, it has the remarkable effect when using Histogram equalization (Fig.
3- 4(b)). In these ways, PE pipes have good effects. However, when the whole image is
strengthened, the noise is strengthened at the same time in the GPR images. If we don’t
denoise it well, weakened hyperbola may easily be eliminated. Therefore, enhancing the
whole image does not necessarily optimize the image.

Finally, the GPR image’s histogram shows that it is the low contrast image and shows the

GPR image belongs unimodal histogram. On PE and PVC pipes, the hyperbolas are close to

background in gray value, it is a question to separate them that we’ll discuss.

(©) (d)
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400
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200

150 -
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50}

(e) ®

Fig. 3- 4 (a) Laplacian operator (b) Histogram equalization (c) Prewitt operator

(d) Sobel operator (e) Morphological contrast enhancement (f) The histogram
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Then we use the same procedure to process another image. First of all, as in Fig. 3- 5(a),
two places which have been circled are hyperbolas. The same as in Fig. 3- 5(c), two hyperbola
which have been marked with red lines. This is a high contrast and weak image and the pixels
value is also similar to background, we found that we cannot separate hyperbolas from
background by using threshold: 136(Fig. 3- 5). And it is still the same situation after using
other spatial domain image enhancement method. We hope get the clear hyperbola which has
the more difference from background, that help experts easy to distinguish it. Above image
enhancement methods can’t satisfy us. In Fig. 3- 4(e), we found the result of morphological
contrast enhancement method is fairly good than other traditional methods. Analysis these
two images, Fig. 3- 4 belongs to unimodal histogram, but gray levels of histogram of Fig. 3- 5
distributes averagely, object edge is not clear and the image is high contrast, too. Under the
condition of Fig. 3- 4, using histogram equalization can produce significant and desirable
effect. If using the other 4 methods stated above, image in Fig. 3- 4 can produce the results
better than that in Fig. 3- 4, but they still can be improved. This is because that the histogram
of Fig. 3- 4 is narrow and the histogram of Fig, 3- 4 is wide. So using histogram equalization
can’t get fairly good effect. So, in Fig. 3- 4 can obtain better result than in Fig. 3- 5 using
other methods stated above. It is because it has clearer edge in Fig. 3- 4. Meanwhile, Fig. 3- 5
actually cannot achieve desirable result adequately from either method above. In a weakened
image, we usually face the problems of hyperbola being similar to the background in gray
value, and mistrial problem due to noise image. We introduce hyperbola model to produce
regional area to process hyperbolic object, in order to help the experts to distinguish images
and solve the above problems. Thus, if we can get the local histogram that only formed by the

hyperbola pixels, we don’t care pixels of the background.
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(g) (h)
Fig. 3- 5 (a) The original image with two hyperbola (b)The binary image with threshold

value:136 (c) Laplacian operator (d) Histogram equalization (e) Prewitt operator

(f) Sobel operator (g) Morphological contrast enhancement (h) The histogram
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3-2 Image Processing Technique
3-2-1 Hard Thresholding

The images in this thesis are gray-value images of 8-bit. Gray value is the only reference.
Since the hyperbola always looks similar to the surrounding information, it is not easy to
generalize, from the histogram’s distribution, a suitable way for manual threshold value
determination. Using the other methods to determine the threshold value [8] can’t be
appropriately applied to this thesis. Hence, we decide the threshold value by manually setting
it, then processed hard thresholding on the image, in order to get the primary shape of the
image. We found that the threshold values being set are mostly range at about 130 gray levels,
which is a fairly good reference value for us to do the trimming , minimizing the potential
adjustment range. That will be helpful in automatic threshold value determination. Finally, we
still have to decide whether the term to choose the threshold value can retain the hyperbola.
Fig. 3- 6 shows that threshold value range at about 128-135 only. When threshold value is 128,
the PVC and PE connected with each other ; when the threshold value is 130, we can get the

hyperbolas; when the threshold value is 135, the PVC hyperbolas disappear.

(a) (b)

Fig. 3- 6 Binary images for difference hard thresholding value: 128,130,135, and this red

circles mean invisible object and the red rectangle mean the object location.
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3-2-2 Morphological Hit-or-Miss Transform

Traditionally, if hoping to use morphological hit-or-miss transform to find the correct
object location, the object must match the structured element totally. But due to the fact that
the shapes of hyperbola we’re looking for are not alike totally. We provide two parameters to
hit or miss percentage, namely, hit percentage and miss percentage, respectively. And use the
corresponding threshold value to trim the proportion of the threshold value and to get the
object location of appropriate hyperbola feature. We observe certain amount of the hyperbola,
and find out the most frequently exist the hyperbolic radian, in order to use them in designing
2 structured elements of morphological hit-or-miss transform. In Fig. 3- 7, the subset of blue
number (no.1) is the hit structuring element and the subset of red number (no.2) is the miss
structuring element, finally, the subset of white number (no.0) is don’t care.

In the GPR images, we can regard hyperbola as parabola and same as our structuring
elements. The parabola equation is = m(x = p)*+¢, m is the slope that is used to change
the curve rate. If m 1is big, the parabola shape is steep, on the other hand, if m is smaller,
the parabola shape is flat. According to different GPR images, we can also change the
structuring element size. In Fig. 3- 8, we can see how the structuring element matches the
hyperbola. The hyperbolas always have peak, this shape is the hyperbola feature. According

to the feature, we can find the locations of hyperbolas.
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7 These structuring elements of morphological hit-or-miss transform

Fig. 3- 8 The hyperbola location marked with red point
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3-2-3 Object Detection

In this section, we’ll discuss how to remove the wrong object. First, we introduce GPR
images formation theory ° Illustrating at Fig. 3- 9 » when the radar wave hit the pipes, the
instrument will get the reflections of the signals, thus, recording the signal waves. A complete
wave will have both positive (180°) and negative (- 180°) poles. Hence, when the waves
transform to GPR gray-value images, the both positive and negative poles, respectively,
obtain an corresponding images. And this pair of hyperbola is the pipe image feature, one is
high brightness hyperbola, another is low brightness hyperbola. When the morphological
hit-or-miss transform find the wrong object location, we classify them to two types: (1) noise:
even though some noises match the morphological hit-or-miss transform structuring element,
but their shapes or size will very different from the correct hyperbola. We measure the
rectangle size and the areas for all objects that were found out by morphological hit-or-miss
transform. (2) similar hyperbola: there are two common conditions that usually exist, one is ,
the pipes are beneath the Alarming-band, while the Alarming-band is shallowly beneath the
surface of ballast; while the other one, when the double reflection happens on the wave, there
would occur one or more similar hyperbola images right under its hyperbola. Fig. 3- 10 (a)
shows that a photo has a Alarming-band and a pipe, we let the red double-arrowhead mean the
pipe direction. In Fig. 3- 10(b) shows that the feature image of the surface of ballast is two
almost straight and energetic straps. Since pipes are not necessarily buried very close to the
surface of ballast, when there occur the similar hyperbolic image, we’ll consider it as
alarming-band, and determine that it is not the pipe. In Fig. 3- 10(c) there are two similar
hyperbola images under the correct hyperbola, so we also regard them as the wrong objects.

This similar hyperbola is the double reflection waves.
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wave

A pipe

 ——  ——

Fig. 3- 9 No.1 is the positive pole wave and high brightness hyperbola;

No.2 is the negative pole wave and the low brightness hyperbola

Fig. 3- 10 (a) A photo has a alarming-band which was circled by red circle and
has a pipe was marked by a red line that show the piped direction
(b) A alarming-band is similarly to hyperbola under the ballast surface

(c) There are two double reflection waves under the correct hyperbola
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3-2-4 The Parabola Model
For easy to enhancement the object images, we building up a parabola model by parabola
formula: y = m(x — p)* +¢q, for (p,q) is the parabola apex. For getting the parabola model,

we only have three coordinates: two apexes(x,, »,),(x,,y,) and a through point(x;, y,) (see

-9

Fig. 3- 11 (a)). When the m is the unknown parameter, the formula is :m = " )
X=p

However, we can get two parabola lines with only two coordinates (x,, y,),(x;, ;) and
(x,,,),(x;, ;). First, we measure the parameter m, then substitution back the parabola
formula to get the parabola line. Due to two lines cross on one point (Fig. 3- 11 (b)), so we get
the full the parabola model (Fig. 3- 11(c)) and the local area. Also shown in the Fig. 3-
11(e)-(f), we can not only separate hyperbola from background but also enhancement the
hyperbola images. Our proposed processing procedures is effectively applied on the low

contrast GPR images. More experimental results and comparisons are shown in Chapter 4.

(2)
(e)

(b)

¢y ()
Fig. 3- 11 The parabola model flowchart
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CHAPTER 4

Experimental Results

In this chapter, we will present more experimental results and comparisons obtained by
applying the proposed method described in chapter 3. In section 4.1, we will introduce our

experiment environment. Experimental results and comparisons are shown in section 4.2.

4.1 Experimental Environment

Our experimental environment is Mac OS 10.4 on a PowerBook compatible PC with a
PowerPC G4 1.67GHz CPU and 1.5 gigabytes RAM. The program was developed in the
MATLAB language and the version under MATLAB R14. The GPR data form is *.dzt which
is the 8-bit digital form. If this datasize is M x N, the start point of the image pixels of this
data is from (m+2,n +2) to (m,n). Thus, we can translate it to gray scale images save as
* bmp form. All of our research data is come from the Kun-Fal Li researcher of Chinese
petroleum corporation. These GPR images acquired from the GPR system of SIR-2, in Table
4- land Table 4- 2 shows the SIR-2 system function. These two table are just only to refer.

Table 4- 1 The SIR-2 SYSTEM function

SIR-2 SYSTEM
Pre-processing software yes
Display model Color ~ gray-value ~ Curve models
Working time All day
Transmit rate 2-64KHZ
Scan Rate 8-64
Antenna 15-2500MHZ, more than 20 kinds of antenna
Software Develop by itself for the GPR system
Number of Stacks 0-32768
Immediately show Yes
Working environment -25°C ~60°C Humidity 100%
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Table 4- 2 The U.S. GRP antenna function table.

Function 900MHz 400MHz 200MHz 70MHz 35MHz
Types Model 3101D| Model 6103 | Model 5106 [SUBECHO -70|SUBECHO -40
1

Centra 900MHz | 400MHz | 200MHz 70MHz 35MHz
Frequency
Wave 1ns 2.5ns Sns 15ns 30ns
M 1

ax explore 0~1.5m 3-5m 5'8m 8~15m 15~30m
depth
Min detecti

1.n ctection 4cm 8cm 16cm 40cm 80cm
object
Size 8*18*33cm | 30*30*17cm |60*60*30 cm | 120*15%26 ¢cm |200%15%26 cm
Weight 23Kg 5Kg 20.5Kg 4Kg 5Kg

In the thesis, we verify our method by making experiments on three test cases. In the

following we’ll introduce details. We chose’ four 'different strength energies of images in the

experiment, which is carried out in dlfferent srtuatlons 1nclud1ng the first situation with the

same number of hyperbolas but dlfferent strength are in Flg 4- 1(a) and (b); the second

situation with images obtained from one, two and three plpes shown from Fig. 4- 1(b) to (d)

and the third situation with low and hlgh contrast of the weak images.

(b)

@
E
p—

Fig. 4- 1 The experiment images of GPR images. (a)-(d) Imagel-Image4
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In Fig. 4- 1, we named images (a) through (c) as Imagel-4, and there are four images
with the 110x216, 172x112, 109x 393, 48 x129 sizes, respectively. In Fig. 4- 1(a) and
(c), from left to right, there are three hyperbolas that are IRON, PVC and PE respectively. In
Fig. 4- 1(b), it has only one PVC hyperbola. Fig. 4- 1(d), from left to right, there are two
hyperbolas that is the PVC hyperbola. All of above are weak images, but image2 and image3
are the low contrast images and imagel and image4 are the high contrast images. We’ll show
their histograms in Fig. 4- 2, respectively. Imagel and imag4 have wide histograms; Imag?2

and image3 have narrow histograms.

image1 image2
7000 : r , - : 7000 T T
6000 1 eooof
5000 - ] sooof
4000 -+ 4000
3000 - 4 3000
2000 - 4 2000t
1000 4 1ooof
_‘_hh‘—h—J‘ A_‘
% 50 100 150 0 250 % 50 100 150 200 250
(a) (b)
o0 image3 I l I - imaged
6000 - 6000
5000 5000
4000 4000 -
3000 | =ooof
2000 | 2000t
1000 - ] 1ooof
% 50 100 150 200 250 % s0 i EU 150 200 250
() (d)

Fig. 4- 2 The histograms of experiment images.
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Imagel have the stronger double reflection waves under itself’s hyperbola. Image4 has a
double reflection wave under the right hyperbola. Although image2 and image3 have no
double reflection waves, image2 has more noise than others. Image3 is the cleanest image.

Firstly, we mark manually the hyperbolas of correct pipes with red color in the images.
Due to the hyperbolas of the original images is not significant, we marked them first for

reference to compare with the images which have been processed by methods we proposed.

(©) (d)

Fig. 4- 3 The illustration of the hyperbola location with red color.
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4.2 Experimental Results

In this section, we apply our proposed method to a variety of images. In step1, the hard
thresholding obtain the image’s shape features of hyperbola or other objects. In step2,
morphological hit-or-miss transform do detect the locations of correct hyperbolas. In step3,

the create the parabola model for local enhancement.

4.2.1 Hard Thresholding

First, we translate the GPR images to binary images, using the hard thresholding. Fig. 4-
4 1s the results of the hard thresholding. All of them, beside the correct hyperbola still have
noises. The thresholding values are 158, 140, 130, 156, respectively. We set two
morphological structures, the structuring element in Fig. 4- 5(a) is named S1 and the size is
9 %20, that in Fig. 4- 5 (b) is named S2 and the size is 15 x18. In Fig. 4- 4(a), (c), (d), the
hyperbolas curve are closer and flatter. However, in Fig.4- 4 (b) the hyperbola curve is

steeper than others, thus we use the S2 for this image, in other images we use S1.

(a) (b)
T
T
(©) (d)

Fig. 4- 4 The binary images with the threshold value 158, 140, 130, 156
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(a) (b)
Fig. 4- 5 This morphological structures, their sizes are: 9 x 20, 15x 18

4.2.2 Detection Hyperbola and Distinguish

After using the morphological hit-or-miss transform, we’ll get the locations marked with
the red points. There are three steps we proposed, first, setting the hit percentage (h% ) and
the miss percentage (m%). It can help to detect the similar hyperbola on the higher allowed
error rate. We marked them the red points. In Fig. 4- 5, we have defined the subset of white
elements is the part of hit; the subset of red elements is the part of miss; finally, the subset of
the block elements don’t care. Images on:the top.of the Fig. 4- 6 show that Morphological
hit-or-miss transform finds the possible locations of hyperbolas. In step2, we filter the wrong
locations such as the double reflection and noises. In Fig. 4- 6(a), (1) though (4), we found
four locations, due to the double refection wave is under the hyperbola, we remove the (4)
location. In Fig. 4- 6(b), (3) location is same as the above situation, we still remove it.
According to the hyperbolas size is similar in an image, we compare the rectangle proportion
of the (1) and (2) binary images and remove (1). In Fig. 4- 6(c), (3),(4),(6) are also the double
refection waves, we still remove them. Finally, the same as Fig. 4- 6(d), we also remove (3).
According to the (x,y) coordinate, we achieve to detection the correct hyperbola locations.
The morphological hit and miss percentages ( 1%/ m%) are:
90/90%, 90/90%, 95/90%, 95/90% , respectively. These percentages are high, it prove that

we only need to reduce little allowed error rate. It has good effect for finding the hyperbolas.
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(© (d)
Fig. 4- 6 Morphological hit-or-miss transform find the possible locations of hyperbolas and
detect the correct hyperbolas using the condition we proposed. We mark the locations in

programming by using the red points.



4.2.3 Create Parabola Model
After getting the locations, we manually get other coordinates to be the parabola inputs.

In chapter3, we discussed the parabola formula: y = m(x — p)* + ¢, where the m is the

V-9

unknown parameter, the formula is: m = 5
(x-p)

. To plot a parabola line, it needs only two

points. In Fig. 4- 7, (1)-(3) are the coordinates selected by us manually, (1) and (2) are the
(p»q) and (p,,q,);and (3)is (x,y). When m, and m, is obtained, we can measure the
parabola linel and line2. The area is the parabola model that between the two parabola lines.

Lines in Fig. 4- 7(4) are symmetry to these in (3).

) Hyperbola location
Linel

) (4)

Fig. 4- 7 The parabola model

Image on the top of Fig. 4- 8 shows the parabola model, we separate the hyperbola from
background. Our emphasis is to select all the pixels of the hyperbolas, respectively. Focusing
on the histograms of each hyperbola, we can detect the new thresholding value for them. Fig.
4- 9 show the histograms of hyperbolas in imagel through image4. When we re-measure the
new threshold values for each histogram, the formula is:

(max(gray — level) — min(gray — level))/ 2 + min(gray — level)

that is the middle value of each local histogram, respectively.
The new threshold value for each hyperbola of images: imagel is 129/129/112; image2 is 125;
image3 is 162/127/112; image4 is 138/145. Fig. 4- 8 shows the results of enhancing the local
areas image. The result of our experiments is significance than other methods. Our proposed

method is just like to forecast the hyperbola. We still separate the hyperbola from background
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and clear edge. In Fig. 4- 8(d), due to the white model is too close to the background pixels,
we use the red color to replace the white color. We compare our approach with other methods,
only the result of IRON pipes is close to other methods even not better, the PVC and PE pipes
have the perfect effect. According to the new threshold value, we believe that processing the
local areas for GPR images will obtain better result than global images. Our propose method

is significance for weak image with low contrast or high contrast.

(c) (d)
Fig. 4- 8 The results of using the parabola model.
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(d)
Fig. 4- 9 Imagel through Image4’s each histogram of hyperbolas.

We record the experiment data and initial setting in Table 4- 3 for reference.

Table 4- 3 The record of the setting and the data

GPR Size Hyperbola | Threshol | Hit-or-miss | Rate: | Local
Images number d: [0,255] | Structure % Threshold
Image 1 | 100*216 3 158 2 90/90 | 129,129,112
Image 2 | 172*112 1 140 2 90/90 125
Image 3 | 109*393 3 130 1 95/90 | 162,127,112
Image 4 | 48*129 2 156 1 95/90 138,145
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In the following we’ll discuss our proposed method and the traditional methods. Due
to the results of the Sobel and Prewitt methods is similar, we only shows the results of Sobel.
In Fig. 4- 10 through Fig. 4- 13 show the results of imagel through image4 using the methods
is (a) the original image (b) histogram equalization (c) the Laplacian (d) the Sobel (e) the
morphological contrast enhancement (f) our propose method, respectively. We discuss
following conclusion and record the result of experiments in Table 4- 4. We note the best
effect using a block star. In the traditional methods, imagel, amage2, image4 has the better
effect in Morphological contrast enhancement than others and image3 is in Histogram
Threshold. However our proposed method is still have the best effect than above traditional
methods. However, in Fig. 4- 12(f), our propose method has non-complete hyperbola in the
IRON pipe, but the morphological contrast enhancement product the complete and clear
hyperbola of IRON pipes. In Fig. 4- 13(f), although our propose method have the better effect
than others and we can accept the result, the parabola model is not match hyperbola perfectly.
We believe it can be improved in the future. According to above conclusion, our proposed
methods have the pretty good results.

Table 4- 4 The results of experiments

| |
Morphological 1

Histogram I Our propose
Laplacian Sobel Gradient
Equalization ! method
Enhancement 1!
Imagel * : Better
Image2 * ! Better
Image3 * i Better
Image4 * 1 Better
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(e) ¢y
Fig. 4- 10 The Imagel of (a) The original image (b) Histogram equalization

(c) Laplacian operator (d) Sobel operator (¢) The morphological contrast enhancement

(f) Our propose method
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(d) (e) ¢y
Fig. 4- 11 The Image?2 of (a) The original image (b) Histogram equalization

(c) Laplacian operator (d) Sobel operator (¢) The morphological contrast enhancement

(f) Our propose method

61



(a) (b)

(©) (d)

(e) Er  ~
c =

."_‘.‘ Ao . /‘E f)
Q//\\ h\"?) E1SReL /‘;:l (
Flg 4-12 The Image3 Of (a) T

)N N
ﬁé;b}i}ginal l?g'ag’e (b) Histogram equalization
1384l

(c) Laplacian operator (d) Sobel operator (¢) The morphological contrast enhancement
(f) Our propose method
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Fig. 4- 13 The Image4 of (a) The original image (b) Histogram equalization

(c) Laplacian operator(d) Sobel operator (e¢) The morphological contrast enhancement

(f) Our propose method



CHAPTER 5

Conclusions and Future Work

5.1 Conclusions

In this thesis, we propose a parabola model for local image enhancement. We also
propose a morphological hi-or-miss transform with match percentage. We focus on how to
detect hyperbolas and how to forecast hyperbolas. In this way, we’ll get the local areas of
hyperbolas and enhance the GRP images easier.

Using simple structuring elements we can detect typical hyperbolas fast. Through
comparing the results of our experiments with other methods, we concluded that the tradition
methods processing global GPR images only get better results on low contrast images, and the
limit effect on high contrast images of all the weak images. The global image processing
usually cause noise enhancement and some hyperbola still weak after enhancing. Thus, we
process hyperbolas with local areas and obtain better effect than methods with global areas.
Our proposed methods can process low and high contrast of weak images and obtain better
and clearer effect than tradition methods. However, we still take note of the IRON pipes.
When the IRON pipes is fairly clear, sometime tradition methods will have better results than
ours, even the IRON pipes do not need process. Finally, although our proposed methods
enhance the resolution of hyperbola effectively, and separate it from background, we still
have other questions. When there are more noises or objects in the images, we’ll face with the
increasing error rate of detecting hyperbola locations, that is because noise or objects
sometimes have the similar features.

From the results shown in Chapter 4, we can conclude that our method has some

advantages as described below.
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1. Morphological operators involve simple logical operations and can be implemented in
parallel, making real-time applications possible.

2. Morphological structuring elements provide the high freedom.

3.  Morphological hit-or-miss transform with the hit and miss percentage can detect the
features of hyperbola effectively.

4.  Our proposed methods are fast and simple on detecting and enhancing and perform good
precisions.

5. Parabola model provides a forecast shape for pipes.

According to above viewpoints, the local GPR image processing is feasible and
expectation. There are more important work for us to do that, and beside the sturdy methods
for detecting hyperbola (ex the more fitter structuring elements), the parabola model can be
created automatically and forecasted sturdily. Such as more researches, how to filter noises
effect and hold the significance information is the feature direction of the GPR pipes images
for discussing deeply.

On the application, the GPR system is imported from foreign, the software is also
designed from foreign. If we can design the software force on GPR data in Taiwan. We
believe it is helpful and have higher value for research for exports and researcher. The
advance resolutions and the sturdy distinguishing effect of GPR images reduce the time
and the cost that is used to apply in our life. No matter what it is in the research or the

probable work, it will have the positive value.
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5.2 Future Work

We introduce the future work in the following topics. According to the research of the
GPR images, we still have more discussions in research following the data complexity
increased. Focus on our proposed methods, we’ll discuss in three directions: first, other noises
and hyperbolas and hyperbola detection; second, automatically; third, the 3-D model and the

user interface.

Due to the non-even underground in Taiwan, there are more noises in the probed data.
There are no deeply discussed in the noises of pipes images. We hope to discuss and research
fitten denoisy methods coordinated with the pipes images database. We only prove the
outlook here. On the other hand, in hyperbolas, beside the complete hyperbolas, there still
have other types of hyperbolas, one of'them is the type-of cross hyperbolas that are more
important sin our application. In Fig. 5- 1, we show the example of this case, the cross
hyperbolas is not the complete hypetbola. Our proposed morphological hit-or-miss transform
method can detection this case, but we’ll alter the parabola model. We show the simple model

in Fig. 5- 2, we only add one coordinate (x,,y,) to plot the non-complete parabola line.

Fig. 5- 1 The different situation of hyperbolas
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Fig. 5- 2 The altered parabola model

Type II: Automatically

In the thesis, we manually create the threshold value and the parabola model coordinates.
However, when we have great amount of data, we’ll automatically process them for bring big
benefit. In the following, we’ll describe some concepts. Our experiment shows if there are
different strength hyperbolas in an image, it is hard using a single threshold value to hold the
features of hyperbolas. When the complexity increases, we can use the multilevel threholding
to create images class in detail. On the other hand in parabola model, due to fact that a high
brightness hyperbola and a low brightness hyperbola, their thickness is also closer, as shown
in Fig. 5- 3. When we obtain the locations of hyperbola (just like(1), something it shift to
other location), we can regard the red curve line in the middle as the edge between the
hyperbola with high brightness and the one with low brightness. When we move along the
curve line, we’ll obtain the coordinate (1) in the max slope of the red curve line (Fig. 5- 3(b)).
According to the two different brightness hyperbola’s thickness is closer, and the areas of
from (1) to (2) and from (1) to (3) are low frequency, we can set the (1) is the center and
measure the coordinates of (2) and (3). In the edge disappear location, we can define the
coordinate of (4) and (5). The great amount of data processed automatically will reduce the

cost for us.
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Fig. 5- 3The illustration of the parabola model creating automatically (a) The real image,
(b) The schema of (a)
Type III: The 3-D Model and The User Interface‘

We show the GRP images can be shown with the pseudo-color or 3-D image technique
beside the 8-bit gray value images. Different wifh the original images, the two methods will
burden more cost. However, we have thebenefit in more diversiﬁcation showing. We believe
that only the higher complexity GPR images can be considered using the above two methods.
We will show the examples about pseudo-color and 3-D images in our data in Fig. 5- 4 and
Fig. 5- 5. Thus, we believe that design a useful and multi-function software is necessary for
exporter and researcher. The other important development is the 2-D images translated to the
3-D model. In Fig. 5- 6, when we probe the pipes and draw three detection lines, we’ll obtain
three section drawings. We plot the red curve lines as the hyperbola for example. An
important technique is to use many 2-D GPR images to translate to the 3-D object model. The
research about this is widely discussed. Through our proposed method to enhance pipes
images, we can predict the locations of pipes images and build the 3-D model more easily. To
detect the location of pipes images and build more complete database is the future focal point

to be discussed.
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Fig. 5- 4 The pseudo-color of the Imagel
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Fig. 5- 5 The example of 3-D image of Image2
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