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Abstract

The best precise imaging method for determining the presence and stage of lung cancer is considered to
be computed tomography (CT). On a chest X-ray, nodules are a legitimately frequent abnormality: one
out of every 500 chest X-rays reveals newly diagnosed nodules. From helical CT scans, we suggested a
computer-aided diagnostic (CAD) method to detect small-size lung knots, which range in size from 1
mm to 6 mm. An insignificant, curving (parenchymal knot) or caterpillar-shaped (juxta pleural nodule)
wound in the lungs is known as a pulmonic knot. Because they each have a higher radio-density than the
lung parenchyma, they appear snowy in images. Lung knots may indicate a lung cancer, and identifying
them early on improves patient survival rates. The best precise imaging technique for finding knots is
thought to be CT. However, because there is so much data in each study, analysis becomes difficult.
This suggests that a human radiologist could have missed a knot. The proposed CAD method aims to
reduce omissions and shorten the time needed for radiologist review of the picture. Our method
classifies nodule items from non-nodule objects using a three-layer Feed Forward Neural Network with
directed knowledge based on back-propagation technique and CLAHE, an alternative to Histogram
Equalization that reduces the noise amplification. The technique was tested on Windows after being
built in Matlab. Simple graphic user interface is supplied for convenient control.

Keywords: Computer Aided Diagnosis, Computed Tomography, Contrast Limited Adaptive Histogram
Equalization

1. INTRODUCTION

Around the world, lung cancer is a major public health issue. The most common malignancy that results
in death is this one. The diagnosis of lung cancer occurs in too many cases and at too late a stage for
effective therapy in 70% of cases [2]. The patient’s likelihood of surviving five years might increase to
70% if the disease is discovered when it is still in the early stages. The best imaging method for
diagnosing lung cancer has recently been shown to be X-ray computed tomography (CT) [4]. The
capacity of methods for detecting lung nodules to identify cancer early allows for effective therapy. The
lung contains tiny tissue lumps called nodules. On a CT scan, they show up as white shadows that are
oblong or circular. Figure 1.1 shows an example of a CT slice. Yellow highlighters are used to denote
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nodules in this picture. Because the size of the nodule can vary between slices and is typically small,
because lung nodules frequently tad or invade nearby pulmonary (vessel, pleural) structures, because the
shape of the nodule between slices can differ, and because nodules in CT images exhibit a noisy
presence and an image data volume as large as 200 shares per scan, nodule identification in CT is
particularly challenging. Researchers have lately started to investigate computer-aided detection (CAD)
ways for semiautomatic or programmed identification of these things in the pictures in order to maintain
radiologists in this interesting profession of comprehending screening lung CT images. The majority of
nodule-detection methods suffer from issues including (1) requiring significant user involvement to
produce the desired results, and (2) picking up very few lung nodules [2].

Figure 1: A sample Lung Image

One of the issues that have received the greatest attention in recent years is the need of an early and
accurate cancer diagnosis. The development of instruments that can aid doctors in this way has therefore
received a lot of attention. Additionally, after breast and prostate cancers, lung cancer is the second most
common cause of death for both males and females [1], respectively. If this form of cancer is not
discovered in its early stages, it typically has a fatal outcome. The word "cancer” refers to a disease that
is characterized by the unchecked division of abnormal cells that not only infiltrate the tissues
surrounding but also spread to other parts of the body through the lymphatic and circulatory systems [2].
Cancer can be categorized using several labels depending on where the illness first manifested itself, and
it is typically additionally identified by a cardinal number that reflects the disease's stage of development
[3]. Lung cancer is staged from one to four, with one denoting an early stage and four denoting a fatal
stage. It is essential to get an early diagnosis in order to increase the likelihood of survival since patients
with stage one lung cancer typically have a 5-year survival rate between 80 and 90%, while those with
stage four lung cancers might have a 5-year survival rate of less than 10%. In this context, it is obvious
that an automatic diagnostic tool is needed, one that can identify a patient more quickly (than a doctor)
and does not require cross-validation of the data by several radiologists, making it less expensive and
prone to mistake.

2. RELATED WORK

Shelda Mohan et al. [2012] introduced a Local Contrast Alteration (LCA)-based Contrast Limited
Adaptive Histogram Equalization (CLAHE) method for Optimum Contrast enhancement for mass
finding and micro cataloguing of mammography imageries. It is advised to use the LCA-CLAHE to
highlight the higher-quality unseen data in mammography imageries and to precisely control the amount
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of contrast enhancement. The intended method is tested using mammographic images from the MIAS
database. Peak Signal to Noise Ratio (PSNR) is used to evaluate the intended approach [1].

A.R. Talebpour et al. [2014] a brand-new computer-aided detection (CAD) method that can recognize
nodules with a trivial extent (greater than 3 mm) in High Resolution CT (HRCT) imageries is presented.
The lung area is first mined in the primary stage, and then hypothetical nodule instances are made using
a kind of 3D filtering. A neural network is scrapped in the last step to reduce false positives. An image
filter in the shape of a cylinder is used to separate nodule cases from other objects in images. Utilizing
the lung LIDC image database, the finding enactment was experimentally evaluated [2].

Nisha et al. [2015] accomplished separation of CT scan imageries utilizing OTSU's thresholding
method and a variety of contour parameters, including optimum thresholding, region, energy, and
entropy. Back propagation network is used to classify the cancer according to its severity in the centre of
these restrictions. The scope of cancer is high if the assessment of the examined constraint exceeds the
threshold value; else, it is modest. This work has been done using a small number of CT images and the
results have been thoroughly and quantitatively evaluated [3].

Di Lin et al. [2016] provide an overview of the most recent uses of neural networks for computer-aided
medical analysis (CAMA) during the past several years. The computerization of assessment
constructing, mining, and visualizing of compound physiognomies for medical analysis decisions may
be made easier using CAMA. The most recent developments in neural networks for CAMA are
reviewed in this article. It helps the reader comprehend the field of neural networks for CAMA by
summarizing the results discussed in recent academic articles and providing a few unresolved issues of
the field's developing research [4].

Alexander Kalinovsky et al. [2016] provide the findings from the initial part of the investigation and
updates on the segmentation of the lungs in chest radiographs using Deep Learning techniques and
Encoder-Decoder Convolutional Neural Networks (EDCNN). With 3072 CUDA Cores and 12GB of
GDDR5 memory, the GPU NVidia Titan X was used to direct computational operations. Dice's score
was used to evaluate the segmentation accuracy that resulted from the manual segmentation process. The
results showed that the average accuracy reached 0.962, with the minimum and highest values being
0.926 and 0.974, respectively, and a standard deviation of 0.008 [5].

B. C. Preethi et al. [2016] Preprocessing and segmentation make up the important portion. The wiener
filter is used to eliminate noise during the preprocessing stage, and contrast is then enhanced using
contrast limited adaptive histogram equalization (CLAHE). The lung tissues are mined in the following
step by separation utilizing Otsu thresholding. The first stage of the lung nodule finding arrangement
results in the acquisition of the segmented lung tissues [6].

Selin Uzelaltinbulat et al. [2017] Due to the lack of such processes and methodologies used to diagnose
cancer, where the majority of studies use machine learning to tackle such separation problems, a
procedure centered on medical image handling were devised to segment the lung cancer in CT
imageries. The endeavor consists of various image processing tools that, when combined and used
sequentially, successfully accomplished the necessary goals. The separation plan contains many stages
that will ultimately lead to the goal of fragmenting lung cancer [7].

Adnan Qayyum et al. [2017] deep convolutional neural network, which is effective for cataloguing
medical imageries, is used to propose a deep learning framework for the CBMIR method. The network
is trained using an intermodal dataset made up of twenty-four classes and five modalities. To retrieve
medical images, informed topographies and cataloguing results are employed. Preeminent results for
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recovery can be reached when class-based estimates are employed. For the recovery job, a mean average
precision of 0.69 and a regular cataloguing accuracy of 99.77% are reached [8].

Daniel Perez et al. [2017] The established method was evaluated using the substantial Lung Image
Database Consortium (LIDC) and Image Database Resource Initiative (IDRI) databases, and the deep
learning topographies for lung nodule retrieval were compared to other hand-made landscapes. In terms
of the five malignancy categories specified by experienced radiologists, our system was able to recover
the most similar nodules in roughly 0.14 seconds with a highest accuracy of 71.43% (when one nodule
was retrieved). Deep learning topographies have an improvement advantage over manual topographies
in the range of [4.3% - 20.3%] [9].

Xuechen Li et al. [2018] offered a self-contained feature-based method for finding lung nodules. We
employed static wavelet transmutes, merging index filters, and AdaBoost to create a white nodule-
likeness map after mining the surface topographies. The separation between candidates was measured
using a self-contained characteristic that was well specified. As a final evaluation of potential lung
nodule candidates, the separation degree and white nodule similarity were combined [10].

Nasrullah et al. [2019] provided a cutting-edge deep learning-based prototype with many methods for
the precise analysis of the malicious nodules. More quickly, nodule discoveries were made. R-CNN on
competently sophisticated CMixNet and U-Net features, such as encoder-decoder design [11].

Mehedi Masud et al. [2020] developed a convolutional neural network (CNN)-based end-to-end
method for cataloguing and detecting involuntary pulmonic nodules. The anticipated plan has a 97.9%
accuracy rate. [12].

3. PROPOSED WORK
The algorithm is made to look at lung CT pictures, analyses them, and discover tumors using a particular
filter and threshold setting.

3.1 Algorithm

Step 1: Reading the First Image

Step 2: Removes salt and pepper noise
Step 3: Binarize the image

Step 4: Invert the binary image

Step 5: Add a mask

Step 6: Circle Detection and Threshold
Step 7: Count the circles.

3.2 Fragment Circles

The circles must first be located, numbered, and then segmented before being detected. To do this, first
create a segmented image using the formula "segment_pic = final_2 - final_1;" This is accomplished by
moving from a photograph without the circles to one in which they are present. This results in a
photograph in which all of the circles have been completely segmented away from the background,
making it possible to precisely determine the borders of each circle using the formula "[B] =
bwboundaries (pre_colour_pic,'holes’);". As can be seen in the screenshot above, this code simply
discovers all circles both inside and outside the limits of the image, and then fills each one with green to
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indicate that it has done so. As a result, when the circles have been counted and all noise has been
eliminated, resolve all issues mentioned in the brief.

4. RESULTS

The segmented image and total number of circles found for each picture are displayed in Table 1. With
the goal of automatically learning feature representation for retrieval, we created a feed-forward neural
network model. For each CT scan, the model was taught to recognize circles. A set of slices make up
each lung nodule, and each slice has a corresponding feature vector. The distances between each slice of
A and every slice of B are summed up and split by the total number of slices to determine how similar
two lumps A and B are to one another.

Table 1: Finding Circles

Figure | Original | Segmented Cireles Circles
No. image Image Segmented | Count
1. Lungl 14
2. Lung2 21
3. Lung3 22
4. Lung4 26
5. Lung5 17

CONCLUSION AND FUTURE SCOPE

The capacity of the radiologist to detect insignificant lung knots may be improved with image
processing and imagining techniques for volumetric CT data sets. For instance, it has been claimed that
recreating CT images with small inters can spaces and clarifying descriptions using cinema more
judiciously than film-based inspection practice can speed up the finding of inconsequential nodules. A
method of handling photos is nodule discovery. The aim is to locate the precise illogical formations
called as nodules in the lungs and determine their shape. The term "nodule™ refers to a small, curved
lung wound or worm-shaped injury related to the pleura (the lung border) with a radio concentration
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higher than the lung parenchyma. The local histogram mapping job may be selected with commendable
controllability using the CLAHE (Contrast Limited Adaptive Histogram Equalization) approach. This
method divides the image into appropriate portions and histogram equalizes each one. In order to
maximize the contrast for all of the image's pixels, it modifies the image's brightness standards while
maintaining a nonlinear practice in direction. In order to be more specific, this thesis developed a
technique and the associated software tool that, using digital chest imaging as input and by utilizing its
features, is capable of automatically recognizing the lungs and the potential existence of tumor lesions.

The experimental findings that are represented as the acquired accuracy range from 85 to 95%. False
positives have occurred when slices that do not contain the lungs are mistakenly identified as having a
tumor; in the future, it may be possible to automatically remove a certain percentage of images to
improve accuracy and reduce the likelihood of false positives in regions that are unquestionably not the
lungs.
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