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ABSTRACT

Early detection of lung cancer is crucial for improving patient survival rates, with pulmonary nodules serving as
vital indicators. Traditionally, radiologists manually analyze CT scans to identify these nodules, a process requiring
significant expertise and time. To address this, a Computer-Aided Diagnosis (CAD) system utilizing Computed
Tomography (CT) and Convolutional Neural Networks (CNNs) with image segmentation via the watershed
algorithm is proposed. CNNs, being deep structured algorithms, excel at visualizing and extracting hidden texture
features from image datasets. By automating the nodule detection process, this approach aims to streamline and
expedite the diagnosis of lung cancer, facilitating early intervention and improving patient outcomes. The
integration of CNNs with image segmentation techniques like the watershed algorithm enhances the system's
accuracy and efficiency. This method holds promise for enabling early detection of lung cancer, potentially saving
lives by facilitating timely intervention and treatment. Its implementation would significantly alleviate the burden on
radiologists while enhancing the overall effectiveness of lung cancer screening programs. Through leveraging
advancements in deep learning and medical imaging technology, this CAD system offers a promising avenue for
improving the prognosis and management of lung cancer, ultimately contributing to better healthcare outcomes and
patient well-being.

Keyword : - Lung Cancer, Pulmonary nodules, Computer-Aided Diagnosis(CAD) system, Computed
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1. INTRODUCTION

Lung cancer is a serious health concern affecting millions of people worldwide. Detecting this disease early is
crucial for better treatment outcomes. One way doctors look for signs of lung cancer is by examining pulmonary
nodules, small growths of cells in the lungs. In the past, doctors had to carefully study CT scans, a process that took
a lot of time and expertise. But now, we're working on a new solution to make this process faster and more accurate.
Our plan is to create a Computer-Aided Diagnosis (CAD) system that uses advanced technology to help doctors find
these nodules more easily. Our CAD system will rely on two important technologies: Computed Tomography (CT)
and Convolutional Neural Networks (CNNs). CT scans provide detailed images of the inside of the body, including
the lungs. Meanwhile, CNNs are powerful tools that can analyze these images and identify patterns that might
indicate the presence of pulmonary nodules. By combining these technologies, our CAD system will be able to
quickly scan through CT images and pinpoint any nodules that could be signs of lung cancer. To make this process
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even more accurate, we'll use a technique called image segmentation, specifically the watershed algorithm. Image
segmentation helps to separate different parts of an image, making it easier to identify specific features, like
pulmonary nodules. The watershed algorithm is a popular method for image segmentation because it can accurately
detect boundaries between different objects in an image. Our goal with this CAD system is to make the detection of
lung nodules faster and more efficient. By automating much of the process, doctors will be able to spend less time
analyzing CT scans and more time focusing on patient care. Additionally, by using advanced technology like CNNs
and image segmentation, we hope to improve the accuracy of lung nodule detection, reducing the chances of false
positives or missed diagnoses. Ultimately, we believe that our CAD system has the potential to save lives by
catching lung cancer earlier and providing doctors with the information they need to start treatment sooner. With
lung cancer being one of the leading causes of cancer-related deaths worldwide, finding ways to improve early
detection is crucial. By harnessing the power of technology, we can make strides towards better outcomes for
patients and a brighter future in the fight against lung cancer.

2. EXISTING SYSTEM

Two existing systems that may be less accurate than the proposed project are the Lung Image Database
Consortium (LIDC) system and the Lung-RADS (Lung Imaging Reporting and Data System) developed by the
American College of Radiology. The LIDC system serves as a valuable resource for researchers, offering a publicly
available database of annotated lung nodules for the development and evaluation of CAD systems (Armato |11 et al.,
2011)[1]. However, studies have highlighted limitations in the accuracy and performance of CAD systems trained
on the LIDC dataset, with issues such as false positives and false negatives affecting overall detection rates (Setio et
al., 2016)[2]. This suggests that while the LIDC system provides a foundation for research in lung nodule detection,
it may not offer the level of accuracy required for clinical use. On the other hand, Lung-RADS is a standardized
reporting system designed to categorize lung nodules detected on CT scans into different risk categories based on
size, morphology, and growth characteristics (Baldwin et al., 2017)[3]. While Lung-RADS provides a structured
approach to reporting lung nodules and guiding management decisions, it relies heavily on subjective interpretation
by radiologists and may lack advanced image analysis capabilities. Interobserver variability among radiologists
using Lung-RADS has been documented, leading to inconsistencies in nodule classification and management
recommendations. Additionally, Lung-RADS primarily focuses on nodule size and may not adequately account for
other important factors influencing nodule malignancy, such as texture and density characteristics. Therefore, while
Lung-RADS represents a step towards standardizing lung nodule reporting, it may not offer the same level of
accuracy and efficiency as a CAD system incorporating advanced image analysis techniques. These existing systems
highlight the need for more sophisticated approaches, such as the proposed project, to improve the accuracy and
reliability of lung nodule detection and diagnosis, ultimately leading to better patient outcomes in the management
of lung cancer.

3. PROPOSED SYSTEM

CNN algorithm is used for early detection of lung nodule detection. The flow chart for the proposed system
is as below mentioned figure. The flow chart for our project succinctly captures the sequential progression of our
methodology. It begins with the dataset, where a subset of the LIDC-IDRI dataset, the LUNAL6 dataset, is selected
and meticulously filtered for quality. This refined dataset is then utilized to train a Convolutional Neural Network
(CNN), employing advanced techniques such as binary dilations, watershed methods, and Sobel filters to enhance
the dataset's quality and model performance. Following model training, an evaluation phase assesses its performance
using metrics like accuracy, precision, recall, and the F1-score, supported by the analysis of a confusion matrix. The
trained model is then put to the test on a separate testing dataset, yielding predicted results that validate its capability
to accurately identify and classify pulmonary nodules in CT scan images. This structured flow ensures a systematic
and comprehensive approach to pulmonary nodule segmentation and classification, aligning with the objectives of
our research project.
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Fig -1: Flow Chart

3.1 Dataset

The LUNA16 dataset, derived from the LIDC-IDRI dataset, comprises scans that have been filtered based on
various criteria. To focus on small pulmonary nodules, scans with a slice thickness exceeding 2.5 mm were
eliminated. Additionally, scans exhibiting inconsistent slice spacing or missing slices were excluded from the

dataset.

3.2 Watershed Algorithm

Binary Dilations: Binary dilations are applied to the dataset to extract internal and external markers. This process
involves expanding the boundaries of the identified regions, highlighting the potential areas of interest within the CT
scan images. Utilize binary dilation operations to amplify pixel values in identified regions, thereby enhancing the
prominence of internal and external markers crucial for subsequent segmentation.

22759

Watershed Methods: Watershed methods are employed to refine the segmentation process by treating the
image as a topographic map. The watershed transformation identifies ridges, which represent the
boundaries between different objects in the image. Apply watershed transformation to the dataset,
considering the brightness of each point as its height. This process aids in distinguishing and isolating
features within the CT scan images, contributing to improved segmentation.

Internal and External Markers: Internal and external markers are essential for the subsequent steps in the
segmentation process. These markers guide the model in identifying regions of interest within the CT scan
images. Employ the processed dataset to create internal markers, highlighting areas within the identified
regions of interest. Simultaneously, external markers are generated to delineate the boundaries, aiding in
the accurate segmentation of pulmonary nodules.

Integration of the Sobel Filter: The Sobel filter is integrated to enhance edge detection, specifically
targeting the removal of the outer layer of the lungs. This step contributes to a more precise segmentation
process, ensuring the model captures finer details. Convolve the dataset with the Sobel filter, emphasizing
changes in intensity and highlighting edges. This integrated approach refines the segmentation, enabling the
model to focus on the relevant features associated with pulmonary nodules.
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e Generation of Lung-Filter through Bitwise_OR Operations: The lung-filter is created to precisely delineate
the boundaries of the lungs while excluding unwanted structures. Bitwise_ OR operations ensure a
comprehensive and accurate representation of the lung region. Utilize the internal and external markers
along with the Sobel-filtered dataset to create a lung-filter. Apply bitwise_OR operations to merge these
components, resulting in a refined representation of the lungs suitable for subsequent model training.
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Fig -2: procedure of watershed algorithm

3.3 CNN Architecture

The CNN is a type of artificial intelligence that's really good at understanding images. It works kind of like how our
brains process visual information. The CNN is made up of layers of interconnected neurons, each responsible for
detecting specific features in the images it sees. In our project, we teach the CNN to recognize patterns and features
that are typical of lung nodules in CT scans.

Input Convolutional ~ Pooling Fully Connected Output
Layer Layer Layer Layer Layer
| | |
— :

Fig -3: CNN Architecture
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e Convolutional Layers: These are the main layers of the CNN. They scan the input CT scan images using
small filters to detect different features, like edges, textures, and shapes. Each filter learns to identify
specific patterns that are important for identifying lung nodules.

e Pooling Layers: After the convolutional layers, there are pooling layers that help reduce the size of the
feature maps produced by the convolutional layers. This helps make the CNN more efficient and reduces
the computational load.

e Fully Connected Layers: These layers take the features detected by the convolutional layers and use them
to make predictions about whether a lung nodule is present or not. These layers learn to combine the
features in a way that helps the CNN accurately classify the CT scan images.

e Flatten layer: the flattened layer serves as a critical component that transforms the output of the
convolutional and pooling layers into a one-dimensional array. This flattening process is essential for
connecting the convolutional layers to the fully connected layers, allowing the neural network to learn
hierarchical features and relationships within the input data.

During the training phase, we show the CNN lots of examples of CT scans with and without lung nodules. The CNN
learns to adjust its internal parameters (weights and biases) based on these examples, gradually improving its ability
to recognize lung nodules. We use techniques like backpropagation and gradient descent to fine-tune the CNN's
parameters and make it better at its job.

3.4 Evaluation

In evaluating our model's performance, accuracy serves as a fundamental metric, reflecting the proportion
of correctly classified instances and highlighting the overall precision in predicting pulmonary nodules in CT scan
images. The confusion matrix provides a detailed breakdown of predictions, categorizing instances into true
positives, true negatives, false positives, and false negatives, offering nuanced insights into specific areas of strength
and improvement. Precision focuses on the positive predictive value, indicating the model's accuracy in correctly
identifying true positive instances and minimizing false positives. Recall (Sensitivity) gauges the model's sensitivity
to the presence of nodules by measuring its ability to correctly identify true positive instances. The F1-score, as the
harmonic mean of precision and recall, provides a balanced assessment, capturing the model's overall performance
in accurately identifying pulmonary nodules while minimizing false predictions. These metrics collectively offer a
comprehensive evaluation framework, essential for understanding the efficacy and limitations of our proposed
methodology in pulmonary nodule segmentation.

4.CONCLUSIONS

In conclusion, our project on pulmonary nodule segmentation represents a significant stride in the realm of medical
image analysis. The implemented methodology, featuring a combination of watershed algorithms, Sobel filters, and
convolutional neural networks, showcases a robust approach for identifying and delineating pulmonary nodules in
CT scan images. The evaluation metrics, including accuracy, precision, recall, and the F1-score, collectively affirm
the model's effectiveness in achieving accurate and reliable results. The inclusion of a confusion matrix provides a
detailed breakdown of the model's predictive performance, offering insights into its strengths and areas for
improvement. The accompanying accuracy and loss graphs illustrate the model's convergence and learning
trajectory over epochs. Additionally, the resulting images visually confirm the successful segmentation of lung
regions and the accurate identification of pulmonary nodules. While our methodology exhibits promising outcomes,
continuous refinement and exploration of diverse datasets could further enhance its generalization capabilities. This
project not only contributes a novel approach to pulmonary nodule analysis but also underscores the potential of
advanced image processing and deep learning techniques in advancing medical diagnostics and healthcare.
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Fig -4: Accuracy graph and Loss graph
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Fig -5: Confusion Matrix
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Fig -6: Evaluation of Model
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