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Abstract. Lung cancer is the growth of a tumour, referred to as a nodule that arises from cells
covering the airways of the respiratory arrangement. Effective detection of lung cancer at
premature stages enables any cure options, and reduce risk of insidious surgery and increased
continued existence rate. Recently, image processing techniques are extensively used in
different medical areas for lung tumour image improvement in early detection and cure stages.
This is due to the importance of the time factor of discovering the abnormality issues in target
images. The developed system is mainly an algorithm combining different image processing
techniques such as filtering, erosion, discrete wavelets transform, and thresholding. However,
the main aim of this work is to investigate the effectiveness of different filters along with
different types of discrete wavelets toward an accurate segmentation of a lung tumour in a CT
image. The experimental results of the developed system show that the use of Gaussian filter
with the Haar wavelets is the best for such segmentation task.

1 Introduction

Lung cancer is thought to be the fundamental driver of cancer death around the world, and in its initial
stages it is hard to identify considering the fact, that lone in the propelled organize side effects show
up bringing about the death rate to be the most astounding among every single other sort of cancer [1].
In the event of lung knobs can be distinguished precisely at an early stage, the patient’s survival rate
can be expanded by a noteworthy rate. The rank request of cancers for both guys and females among
Jordanians in 2008 demonstrated that there were 356 instances of lung cancer representing (7.7 %) of
all recently analysed cancer cases in 2008 [14]. Lung cancer influenced 297 (13.1 %) guys and 59
(2.5%) females with a male to female proportion of 5:1 where lung cancer positioned second among
males and tenth among females [20], [23].

The humankind pace of lung cancer is the most extreme among every single other kind of cancer.
Lung cancer is one of the grimmest cancers on the planet, with the littlest proceeded with presence
rate after the judgement, with a moderate yet beyond any doubt increment in the quantity of passing
consistently. Writing has an extensive variety of segmentation strategies utilized as a part of lung
cancer conclusion. Picture processing has wide extension in medicinal picture processing for
diagnosing the lung cancer [1], [23]. The reason for this paper is to audit related work on programmed
conclusion of lung cancer and run-down different segmentation and characterization methods for
discovery of lung nodules. The detection of lung cancer should be possible in various routes, for
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example, Computed Tomography (CT), Magnetic Resonance Imaging (MRI), X-rays and sputum
cytology [21], [22].

Utilizing image processing methods like pre-processing and highlight extraction, area of interest is
isolated. Building up the algorithm, features like area, limit, intensity and entropy are computed from
every one of the images. Tumours are characterized into two sorts. Benign tumour: Benign tumours
are non-cancerous. They have a propensity to grow slowly and stay in one place, not spreading into
other parts of the body. Benign tumours usually stay non-cancerous, except in very rare cases.
Malignant tumour: Malignant tumours are cancerous. Cancer can commence in any one of the trillions
of cells in our body. Frequently in our body new cells are generated and old cells or damaged cell will
die.

2 Methodology

The developed system is to segment the lung tumour in CT images. Different image processing
techniques are used to reach that goal. The images first were filtered to reduce the noise found in them
and to increase their intensity pixels. In later stages, the enhanced images undergo wavelets transform
techniques to extract 4 different output images that represent the horizontal, vertical, approximation,
and the diagonal images. These 4 images are then summed to the reconstructed image which is the
image inverse wavelet image.

The last stage is when the summed image is eroded, thresholded and then the subtraction operation
takes place so that the tumour is segmented. As can be seen in figure 1 the developed segmentation
system consists of different techniques that eventually lead to the lung tumour segmentation. For this
purpose, two types of filters are used in addition to many types of wavelets transform as well. The
results of each version of the system are different and they will be discussed in next chapters.
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Figure 1. Proposed system flowchart.

2.1 Stage 1: Filtering of images and results

Median Filter: Median filter is utilized to lessen in-discreet commotion or the salt-and pepper noise
in an image with keeping the helpful component and the edges of the image [1].
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Figure 2. Median filtering.

Gaussian filter: The Gaussian filter is good when standard deviation is high since it blurring all
parts which allows to the removal of the unwanted. However, applying high standard deviation is not
always good for this segmentation task because the high blurring effect may also blur and the remove
the tumour which is the region of interest which will lead to a low accuracy system. Therefore, the

standard was selected to be 0.8 which showed good results.

Figure 3. Gaussian filtering.

2.2 Stage 2: Transformation Wavelet transform

The wavelet transform is like the Fourier transform (or considerably more to the windowed Fourier
transform) with a totally unique legitimacy function. The wavelet transformation of the image is
shown below:

Flab) = /f e ()

Discrete wavelet transform: The discrete wavelet transform (DWT) is a utilization of the wavelet
transform using a discrete course of action of the wavelet scales and interpretations agreeing to some
described guidelines. All things considered, this transform separates the banner into generally
orthogonal course of action of wavelet, which is the essential difference from the consistent wavelet
transform (CWT), or its execution for the discrete time game plan now and again called discrete-time
constant wavelet transform (DT-CWT) [4].
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Haar Wavelet: The Haar wavelet is likewise the easiest conceivable wavelet. The specialized
drawback of the Haar wavelet is that it is not continuous, and subsequently not differentiable.
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Figure 4. Haar wavelet transform with Gaussian filter.

The Haar wavelet’s wavelet function 1(z) can be depicted as:

1 0<t<i,
) =49 -1 i<t<i,
0 otherwise.

“4)

Bi-orthogonal discrete wavelet: Bi-orthogonal wavelets highlight a couple of scaling functions

and related scaling channels one for examination and one for union.

It can be utilized the wavelet with the more noteworthy number of vanishing minutes for
examination bringing about a meagre representation, while the smoother wavelet for recreation is

utilized.

Inverse discrete wavelet transform: The Haar transform yn of an n-input function xn is

Yn = Hpxp

®)

The Haar transform matrix is real and orthogonal. Thus, the inverse Haar transform can be derived

[19].

2.3 Stage 3: Summation of enhanced images
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After getting the 4 different wavelets from the image, the image is reconstructed using the inverse
discrete wavelets transform. Then, these images are summed together to obtain a clearer and enhanced
image where the tumour is well defined and separated from the other parts of the image. This addition

operation helps to segment the tumour in later [12].
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Figure 5. Biorthogonal discrete wavelet transform with Gaussian filter.

Approximation A1 Horizontal Detail H1

50 100 150 200 250 50 100 150 200 250
Vertical Detail V1 Diagonal Detail D1
50 50
100 100 summed i |mage
150 150
200 200
250

250

50 100 150 200 250 50 100 150 200 250

Inverse wavelet image

¢o

Figure 6. Summation of Haar wavelet and reconstructed image.

The filter used here is the Gaussian filter.
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Figure 7. Summation of “Bior 3.7” wavelets and reconstructed image.

The filter used here is the median filter.

2.4 Stage 4: Erosion

Morphology technique can be de-fined as a group of image processing operations that process images
based on shapes. These morphological operations depend on applying an organizing component to an
input image with a specific end goal to make a yield image of a similar size [15].

2.5 Stage 5: Thresholding

Thresholding is the detachment of district of images into two areas. One district compares to the
frontal area locale, in which it contains the articles that we are keen on. The other area is the
foundation, compares to the un-needed items [14].

Amid thresholding, every pixel is contrasted with that edge value. On the off chance that the pixel
value is more prominent than that edge, then this pixel is considered as frontal area pixel (white). In
the event, that the pixel value is lower than that limit value, then the pixel is considered as foundation
pixel (black) [1].

2.6 Stage 6: Image subtraction

Image subtraction is a basic tool for the analysis, processing, and interpreting of medical images.

3 Results and discussions

The developed system was tested on 70 images. Among them, 50 are lung images with tumour, and 20
are non-tumour images. The same images were used for testing the different versions of the developed
system to investigate the effectiveness of each. For each version of the developed system the accuracy
of the tumour and non-tumour lungs were calculated. Then the total accuracy was calculated.

The accuracy was defined as the number of the correctly segmented tumours divided by the total
number of images.
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where P is the number correctly segmented images, and N is the total number of images. The

tables below show the accuracies of the system developed.

Table 1 shows the accuracy of the system when the Gaussian filters and Haar wavelet type used
Table 2 shows the accuracy of the system when the Median filter and Haar wavelet type is used.
The table 3 shows the Bi-orthogonal 3.7 wavelets along with the median filter.

Table 4 shows the same wavelets type but within the Gaussian filter.

The table 5 and 6 show the median filter and Gaussian filter with the Bi-orthogonal 3.5 wavelets
The table 7 shows the use of median filter together with the Db7 wavelets.

Table 1. Gaussian filter and Haar wavelet.

Discrete C i
Dataset . Wavelet orrectly Total
Filter type segmented e
transform ; Recognition
images
type
Abnorrg]szg)lmages Gaussian filter | Haar wavelet 46730 96%
Norm(aZIOI;n ages Gaussian filter | Haar wavelet 20/20 100%
System
Performance 6%
Table 2. Median filter and Haar wavelet.
Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type .
transform images
type
.Abnormal Median filter Haar wavelet 39/50 78%
images (50)
Normal images Median filter Haar wavelet 20/20 100%
(20)
System
Performance 89%
Table 3. Gaussian filter and Bi-orthogonal 3.7 wavelet.
Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type .
transform images
type
Abnormal L Bi-orthogonal 43/50 86%
. Gaussian filter
images (50) 3.7
Normal images L Bi-orthogonal 20/20 100%
20) Gaussian filter 37
System
Performance 93%
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Table 4. Median filter and Bi-orthogonal 3.7 wavelet.

Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type .
transform images
type
AAbnormal Median filter Bi-orthogonal 44/50 88%
images (50) 3.7
Normal images . . Bi-orthogonal 20/20 100%
(20) Median filter 37
System
Performance 4%
Table 5. Median filter and Bi-orthogonal 3.5 wavelet.
Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type .
transform images
type
.Abnormal Median filter Bi-orthogonal 42/50 84%
images (50) 3.5
Normal images L Bi-orthogonal 20/20 100%
(20) Median filter 35
System
Performance 2%
Table 6. Median filter and Db7 wavelet.
Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type N
transform images
type
.Abnormal Median filter Db7 wavelet. 38/50 76%
images (50)
Normal images Median filter Db7 wavelet. 17/20 85%
(20)
System 30.5%
Performance
Table 7. Median filter and Db4 wavelet.
Discrete Correctly Total
Dataset . Wavelet segmented Recognition
Filter type :
transform images
type
0
.Abnormal Median filter Db4 wavelet 41/50 82%
images (50)
Normal images Median filter Db4 wavelet 18/20 90%
(20
System
Performance 1%

The experimental results of the developed system show that the use of Gaussian filter with the
Haar wavelet is the best for such segmentation task. This is shows in table 1 where the accuracy is the
highest 96%. It can be seen that, the use of median filter with Haar wavelet lead to less effectiveness
in segmenting the tumour where the accuracy is 89% shown in table 2. The table 3 shows the use of
Gaussian filter along with the Bi-orthogonal wavelet (Bior 3.7). this table shows an 93% accuracy
which is good but still less than the results shows in table 1 where Haar wavelet and Gaussian filter
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are used. The median filter was then used with the Bi-orthogonal wavelets (Bior 3.7), but the results
were different here. The accuracy was 94% which is higher than the previous one where the Gaussian
filter is used. This shows that Gaussian is not always good for getting higher accuracy. It depends on
the type of wavelets transform used also. A different type of Bi-orthogonal wavelet was used (Bior 3.5)
in table 5 with the median filter and the accuracy was 92% which is less than the Bior 3.7 accuracy
although the same filter was used. In contrast, the median filter was also used with the Db4 wavelet
transform in table 7 and it showed good segmentation results of 91% which is better than the results of
table 6 where the Db7 is used. Thus, the results were always better when Haar wavelet type was used.

4 Conclusions and future work

This paper proposed method de-scribes a method for the segmentation lung tumour in CT scan images
Thus it can be concluded that the proposed system performs fine and is robust against anatomical
variations of the lungs. During the experiment, different discrete wavelet transforms were used with
two types of filtering. After which, the Haar and Gaussian filtering with 96% accuracy was found to
be the best. Thus, this algorithm showed an efficient and accurate result for segmenting the lung
tumour in CT medical images and it will help radio-gist as second opinion for the better diagnosis of
lung cancer.
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