Journal of Engineering Sciences ICETT- Vol 15 Issue 11(S),2024

Enhanced Multi-Resolution CNN Models for Lung Nodule
Identification and Segmentation in CT Images

IP. Rajyalakshmi, Assistant Professor, Dept of Computer Science and Engineering, TKRCET(A), Hyderabad
2@. Kasi Reddy, Assistant Professor, Dept of Computer Science and Engineering, Guru Nanak Institute of
Technology(A), Hyderabad

3 Nunavath Jagender, Assistant Professor, Dept of AIML, Guru Nanak Institute of Technology(A), Hyderabad

4E Raju, Assistant Professor, Dept of Computer Science and Engineering, Guru Nanak Institute of Technology(A),
Hyderabad

ABSTRACT

Lung nodule detection and segmentation are critical tasks for the early diagnosis of lung cancer,
particularly in computed tomography (CT) images. This paper presents an enhanced multi-
resolution Convolutional Neural Network (CNN) model designed to improve the accuracy and
speed of lung nodule identification and segmentation. The proposed model leverages multi-scale
image analysis, enabling the network to capture fine details of nodules across varying
resolutions, thereby improving the sensitivity and specificity of nodule detection. By employing
multi-resolution feature extraction, the model effectively distinguishes nodules from surrounding
tissues while reducing false positives. The architecture integrates spatial pyramid pooling and
dilated convolutions to retain contextual information without increasing computational
complexity. We also incorporate a data augmentation strategy, including random rotations,
zooming, and contrast adjustments, to enhance the generalizability of the model. Extensive
experiments conducted on publicly available lung CT datasets demonstrate that the enhanced
multi-resolution CNN outperforms traditional CNN architectures, achieving superior
segmentation accuracy, precision, and recall. The results highlight the model’s potential to assist
radiologists in early lung cancer detection and significantly reduce manual intervention. This
approach paves the way for fast, reliable, and automated lung nodule identification in clinical
settings.

KEYWORDS: computed tomography (CT), Convolutional Neural Network (CNN), segmentation,
spatial pyramid pooling

1. INTRODUCTION

Lung cancer remains one of the leading causes of cancer-related deaths worldwide, accounting
for a significant percentage of global mortality rates. Early detection of lung nodules, which are
small growths in the lungs that may indicate cancer, is crucial for improving patient survival
rates. Computed tomography (CT) imaging has emerged as a standard diagnostic tool for lung
cancer screening due to its ability to capture high-resolution, cross-sectional images of the lungs.
However, the manual identification and segmentation of lung nodules in CT scans by
radiologists is a time-consuming and error-prone process, particularly when dealing with large
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volumes of data. This has led to increasing interest in automated methods for lung nodule
detection and segmentation using advanced deep learning techniques.

Convolutional Neural Networks (CNNs) have demonstrated remarkable success in medical
image analysis, owing to their ability to learn hierarchical representations of complex visual data.
In recent years, CNNs have been widely adopted for various tasks such as image classification,
object detection, and segmentation. Their ability to automatically learn features from raw pixel
data has revolutionized image-based diagnostic procedures. However, the identification of lung
nodules in CT images presents several unique challenges. Lung nodules can vary greatly in size,
shape, and texture, and they often blend with surrounding anatomical structures, making accurate
segmentation difficult. Additionally, the presence of noise, low contrast, and artifacts in CT
images further complicates the task.

Traditional CNN architectures, while effective in many image analysis tasks, often struggle to
capture the fine details necessary for accurate lung nodule detection. This limitation arises from
the fixed resolution at which these models operate. Since lung nodules can appear at various
scales within CT images, a multi-resolution approach is needed to effectively detect and segment
nodules of different sizes. By processing images at multiple scales, a model can better capture
both the local and global contextual information required for precise segmentation.

In this context, we propose an enhanced multi-resolution CNN model for lung nodule
identification and segmentation. Our model leverages multi-scale feature extraction techniques to
analyze CT images at different resolutions, allowing it to detect both small and large nodules
more effectively. By incorporating spatial pyramid pooling and dilated convolutions, the model
retains important contextual information while minimizing computational overhead. These
techniques enable the network to preserve high-level features without sacrificing spatial
accuracy, which is crucial for detecting nodules that may be missed by traditional single-
resolution models. One of the key innovations in our approach is the use of spatial pyramid
pooling, which enables the model to handle variable-sized input images and capture multi-scale
features. This method enhances the model's ability to identify nodules that are otherwise difficult
to detect due to their small size or irregular shape. Additionally, dilated convolutions are
employed to increase the receptive field of the network without increasing the number of
parameters, allowing the model to consider a wider range of spatial information when making
predictions.

To further improve the model's robustness and generalizability, we apply a series of data
augmentation techniques, including random rotations, zooming, and contrast adjustments. These
augmentations help to mitigate the issue of overfitting, which is common when training deep
learning models on limited medical datasets. By augmenting the training data, we ensure that the
model can generalize well to unseen images, improving its performance in real-world clinical
scenarios. Our enhanced multi-resolution CNN model was trained and evaluated on publicly
available lung CT datasets, including the LUNA16 and LIDC-IDRI datasets. These datasets
contain a wide range of annotated lung nodules with varying characteristics, providing a
comprehensive benchmark for evaluating the performance of our model. Through extensive
experiments, we demonstrate that our approach outperforms state-of-the-art CNN-based methods
in terms of segmentation accuracy, precision, and recall.
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The contributions of this work are threefold. First, we introduce a multi-resolution CNN
architecture that effectively captures both fine and coarse features from CT images, enabling
accurate lung nodule segmentation. Second, we integrate spatial pyramid pooling and dilated
convolutions into the model design, which enhances the model's ability to detect nodules at
multiple scales while maintaining computational efficiency. Third, we validate the effectiveness
of our model through comprehensive experiments on standard lung CT datasets, showing
significant improvements over existing methods.

The rest of this paper is organized as follows: Section 2 reviews related work on lung nodule
detection and segmentation using deep learning methods. Section 3 describes the proposed multi-
resolution CNN architecture and its key components, including spatial pyramid pooling and
dilated convolutions. Section 4 outlines the experimental setup, including the datasets used,
evaluation metrics, and data augmentation strategies. Section 5 presents the results of our
experiments, comparing the performance of our model with other state-of-the-art methods.
Finally, Section 6 concludes the paper with a discussion of future research directions and

potential clinical applications of the proposed model.

2. LITERATURE SURVEY
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The implementation involves several key steps: data preparation, CNN model design, multi-
resolution approach, training, and evaluation. Below is a step-by-step outline of how you can

implement this approach.
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Fig 1: Architecture flow of proposed model

Data Preprocessing: Rescale, normalize, and augment CT images.
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Model Design: Build a multi-resolution CNN architecture that processes inputs at different
scales and merges their features.

Training: Use binary cross-entropy loss and metrics like the Dice coefficient to evaluate
segmentation quality.

Evaluation: Measure model performance on test data and fine-tune based on results.

Data Preparation

The dataset typically used for lung nodule detection and segmentation is the LIDC-IDRI or
LUNAI16 datasets. These datasets contain annotated lung CT images, including labels for
nodules and their segmentation masks.

Steps:

o Download and preprocess the dataset (rescale voxel intensities, normalize, crop).

o Convert the 3D CT images into 2D/3D patches or slices.

e Apply augmentation techniques like rotation, flipping, scaling, and elastic deformations
to increase the dataset size.

Multi-Resolution CNN Design

The architecture for the Multi-Resolution CNN can be based on U-Net or a modified 3D/2D
CNN, incorporating multiple resolution inputs to capture features from different scales.

Key Components:

o Input Layers: Accept CT images at different resolutions (e.g., full resolution,
downscaled by factors of 2 and 4).

e Convolutional Layers: Each input resolution can have its own convolutional path to
extract features.

o Fusion Layer: Concatenate or merge features from different resolution paths before
feeding them into deeper layers.

o Segmentation Output: Final segmentation layer (sigmoid activation for binary masks).

Training the Model

The model can be trained using standard binary cross-entropy loss for segmentation tasks, along
with evaluation metrics such as the Dice coefficient to evaluate the overlap between predicted
and ground truth masks.

Evaluation

After training, evaluate the model using a validation/test set and compute performance metrics
such as accuracy, Dice score, loU, sensitivity, and specificity.
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4. RESULTS AND DISCUSSION

Table 1: Results comparison of existing models with proposed model

SENSITIVITY|SPECIFICITY|DICE SCORE|Precision| Recall| ACCURACY
Basic CNN 0.8 0.76 0.65 0.764 | 0091 81.23
Semi-residual CNN 0.78 0.79 0.72 0.788 | 0.89 83.54
Recurrent DenseNet 0.81 0.82 0.78 0.792 | 093 84.23
Proposed MRCNN Model 0.83 0.84 0.82 0.813 | 0.94 84.98
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The table highlights the comparative performance of different CNN architectures for lung nodule
detection and segmentation, focusing on key metrics like Sensitivity, Specificity, Dice Score,
Precision, Recall, and Accuracy. The Basic CNN model demonstrates moderate performance,
with a sensitivity of 0.80, specificity of 0.76, and a Dice score of 0.65. While it has a relatively
high recall of 0.91, meaning it detects 91% of actual nodules, its precision of 0.764 and overall
accuracy of 81.23% show limitations in handling false positives, leading to reduced
segmentation accuracy.

The Semi-residual CNN improves over the Basic CNN with a higher Dice score of 0.72 and an
accuracy of 83.54%. It achieves better specificity (0.79) and precision (0.788), suggesting fewer
false positives, though its recall drops slightly to 0.89. The Recurrent DenseNet shows further
improvement, with a Dice score of 0.78 and an accuracy of 84.23%, combining recurrent and
dense layers to capture better feature representations. This model maintains a balance between
sensitivity (0.81) and specificity (0.82), along with strong precision (0.792) and recall (0.93).
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Fig 4: comparison of accuracy

Finally, the Proposed MRCNN Model (Multi-Resolution CNN) outperforms all other models,
achieving the highest metrics across the board. It excels with a sensitivity of 0.83, specificity of
0.84, Dice score of 0.82, and precision of 0.813, indicating superior segmentation and fewer false
positives. The model's recall of 0.94, coupled with an accuracy of 84.98%, highlights its ability
to effectively detect and segment lung nodules by leveraging multi-resolution features, making it
the most effective model in the comparison.

5. CONCLUSION

In conclusion, the development of Enhanced Multi-Resolution Convolutional Neural Networks
(CNNs) for lung nodule identification and segmentation in CT images represents a significant
advancement in the field of medical imaging and diagnostics. By leveraging multi-resolution
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approaches, our models effectively capture both global and local features within the CT images,
allowing for more accurate detection and delineation of lung nodules. The proposed
enhancements, including specialized architectures and optimized training protocols, demonstrate
improved performance metrics compared to traditional methods. This is crucial in clinical
settings where timely and precise identification of lung nodules can lead to early diagnosis and
better patient outcomes. Furthermore, the integration of advanced techniques such as data
augmentation and transfer learning has contributed to the robustness of our models, enabling
them to generalize effectively across diverse datasets. This is particularly important in the
context of medical imaging, where variability in imaging conditions and patient demographics
can significantly impact model performance. Our findings underscore the potential of enhanced
CNN models to not only improve diagnostic accuracy but also to assist radiologists in clinical
decision-making processes. By automating the identification and segmentation of lung nodules,
we can reduce the burden on healthcare professionals and facilitate more efficient workflows.
Future work should focus on further refining these models, exploring additional deep learning
architectures, and validating their performance on larger and more diverse datasets. Additionally,
collaboration with clinical practitioners will be essential to ensure that these advancements
translate effectively into real-world applications, ultimately contributing to improved patient care
and outcomes in lung cancer diagnosis and treatment.
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