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Abstract

Lung cancer remains the leading cause of cancer-related deaths worldwide.
Pulmonary nodules, indicative of tumor growth, present significant diagnostic
challenges due to their varying sizes and shapes. Computed Tomography
(CT) is commonly used for lung cancer screening due to its high sensitivity
and efficacy in detecting these nodules. However, differentiating between
benign and malignant nodules can be difficult due to their overlapping
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characteristics. To address this challenge, we propose a Rebuild Convolution
Block Attention Module-based Convolutional Neural Network (RCBAM-
CNN) designed to accurately classify lung nodules from CT scans. The
RCBAM-CNN integrates a Rebuild Convolution Block Attention Module
(RCBAM), which includes reshaped layers and redefined spatial attention
mechanisms to enhance the network’s focus on relevant features while min-
imizing noise. The performance of the proposed method is evaluated using
the LIDC-IDRI dataset. Data augmentation techniques, including rotation,
rescaling, and both vertical and horizontal flips, are applied to improve the
model’s robustness and generalization. Subsequently, U-Net is employed for
precise image segmentation, ensuring accurate delineation of nodule regions.
The proposed RCBAM-CNN demonstrates exceptional performance, achiev-
ing an accuracy of 99.72%, surpassing existing methods such as adaptive
morphology with a Gabor Filter (GF) and Capsule Network-based CNN. This
approach represents a significant advancement in lung nodule classification,
offering improved diagnostic accuracy and reliability.

Keywords: Computed tomography, data augmentation, horizontal flips,
rebuild convolution block attention module-based convolutional neural net-
work, U-Net.

1 Introduction

One of the biggest risks to human health in the world today is lung cancer.
More people die from lung cancer than from prostate, colon, or breast cancer
combined. Due to the high likelihood that solitary pulmonary nodules (SPNs)
may develop into malignant nodules, early detection of SPNs is a crucial
clinical indicator for the diagnosis of early-stage lung cancer [1]. SPNs are
anomalies of lung tissue that can have a diameter of up to 30 mm and are
approximately spherical in shape with round opacity. The development of
computer-aided detection (CAD) technologies is necessary to enhance the
workflows of radiologists and possibly lower the number of false-negative
results in medical imaging [2]. Radiologists can locate worrisome lesions,
like masses, polyps, and nodules, on medical images using CAD systems.
With its application to CT, MRI, and ultrasound, among other imaging
modalities, this technology has emerged as a major area of interest in medical
imaging research [3]. Management and follow-up of solitary pulmonary
nodules will be based on a very clear history of the patient, along with
risk factors. A very key element includes smoking history, family history
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of lung disease, age, and exposure to carcinogens, such as asbestos. Among
these elements, smoking history forms the most significant risk factor in the
development of SPNs, with long-term smokers having a higher chance of
developing malignant nodules. Family history is also another critical risk
factor since a genetic predisposition is involved in susceptibility to lung can-
cer. Additionally, comorbidities, particularly chronic obstructive pulmonary
disease, may elevate the risk for malignancy. For instance, knowing how
these patterns of risk factor apply will facilitate the clinician’s decision as
to how frequently to schedule an imaging follow-up visit or whether further
diagnostic interventions are needed. These patient-specific factors will then
be integrated into computer-aided detection systems, leading to personalized
follow-up strategies and thus making the management of SPN even more
effective.

Typical CAD systems for cancer diagnosis and detection often follow four
steps: detection of potential nodule regions of interest (ROI), feature extrac-
tion, nodule classification, and false-positive reduction. The final two steps,
feature extraction and classification, are crucial in reducing false positives.
Even though today’s CAD methods for characterizing nodules in thin-section
CT scans have reached excellent sensitivity, they still produce a significant
number of false positives. This is due to the high sensitivity of detection
algorithms, which can mistakenly identify non-nodule structures, such as
blood vessels, as nodules. Because radiologists must review every identified
object, it is critical to minimize false positives while preserving true positive
results [4].

Reducing false positives while maintaining high sensitivity is the main
objective of false-positive reduction. This approach involves binary classifica-
tion to distinguish between nodules and non-nodules, using machine learning
techniques to accurately identify suspicious regions and significantly reduce
false positives [5]. This classification phase is crucial to lung nodule detection
systems because it has a significant ability to predict the class of suspicious
nodules that have not yet been detected. Deep learning, particularly deep
convolutional neural networks (CNNs), is highly effective for both feature
extraction and classification, benefiting various fields, including computer
vision and speech recognition [6].

In this context, we present the Rebuild Convolution Block Attention
Module-based Convolutional Neural Network, or RCBAM-CNN, as a new
approach towards the classification of lung nodules. The proposed architec-
ture makes use of the virtues of a CBAM and enhances feature learning by
giving the most important roles in CT images to the most relevant regions
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of interest. The RCBAM-CNN has integrated a more fine-grained attention
mechanism to capture the sophisticated information about the lung nodule
objects, thereby enhancing the accuracy of classification. In conclusion,
with the integration of these types of attention mechanisms, the model can
easily make distinctions between benign and malignant nodules, posing one
of the greatest challenges in the diagnosis of lung cancer. Because the
model focuses on critical features and is robust with variations of nodule
appearance, RCBAM-CNN will improve in the reliability of detection and
classification. This research continues working on the development of more
effective CAD systems that could support radiologists to offer more accurate
and timely diagnoses with improved outcomes for patients under any lung
cancer treatment.

The remaining portion is structured as follows: Section 2 indicates litera-
ture survey for existing techniques. Section 3 describes a detailed description
of proposed methodology. Section 4 illustrates the experimental results and
Section 5 demonstrates the conclusion of the overall paper.

2 Literature Survey

The related works about lung nodule classification were discussed in this
section along with their advantages and limitations. Narayanan et al. [7]
applied a conventional approach to classify and detect lung nodules using
LUNA16, which have been tested on different thicknesses of slices. While
classifying nodules, Sheway et al. [8] integrated geometric and histogram
features. The validation of this approach has been carried out by using
the classifiers such as AdaBoost, logistic regression, k-Nearest Neighbour
(kNN), random forest, and linear SVM. They used watershed technique along
with Histogram of Orientated Gradients (HOG) for extraction of features and
classified the data with SVM and a rule-based approach. They reached a
recall score of 94.4% and an accuracy score of 97% by using the LIDC-IDRI
database [10]. The feature fusion in lung nodule classification was first pro-
posed by Farag et al. [11]. Signed distance transform shape-based descriptors,
multi-resolution Local Binary Patterns (LBP), and Gabor filters were used on
the image to extract the features. KNN and SVMs were employed to classify
nodules. Shaffie et al. [12] made use of 3D HOG filter with higher-order
Markov Gibbs Random Field approach as a feature extractor. In LIDC-IDRI,
we classify the nodules by fusing the extracted features through a stacked
autoencoder, with a recall score of 92.47% and an accuracy of 93.12%.
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To obtain the morphological and textural characteristics of lung nodules,
Amitava Halder et al. proposed a 2-pathway Convolutional Neural Network
that integrates Gabor Filters with adaptive morphology, which classifies effi-
ciently but has rather been complex in improving classification accuracy due
to the inherent complexity of lung tissues with various shapes in separating
nodules from backgrounds. Res-trans by Dongxu Liu et al. [14] combines
transformer blocks for global feature capture, and residual blocks for local
feature extraction. It somewhat improved the classification accuracy but could
not spatially exploit the learning to discriminate between the different types
of nodules so as to capture finegrained information.

For the purpose of diagnosing and classifying lung nodules, A.R. Bushara
et al. [15] developed a CNN based on the capsule network, which included
models such as CNN-CapsNet and VGG-CapsNet. While VGG-CapsNet
successfully employed VGG16 to produce initial feature maps, the method
struggled to maintain spatial linkages, which affected classification accuracy.
TransUnet is a deep CNN model that combines transformers, U-Net, and
Global Average Pooling (GAP) to classify lung nodules. It was introduced
by Hongfeng Wang et al. [16]. TransUnet performed better than other algo-
rithms, but it had trouble matching local and global features, which led to the
loss of some fine-grained data that was necessary for precise categorisation.

A hierarchical deep-fusion learning model was created by Kazim
Sekeroglu et al. [17] to interpret CT image slices from different angles
in order to classify lung nodules. Although the hierarchical integration of
class scores demonstrated potential for this model, the model’s inability to
efficiently combine multi-scale characteristics resulted in subpar performance
across various nodule kinds. Using R-CNN for nodule detection and U-Net
for classification, a deep learning-based model is suggested for accurate lung
nodule diagnosis [23], surpassing conventional chest radiographs and CT
scans and lowering misdiagnosis and false positives in early-stage lung cancer
diagnosis. The study detects anemia using machine learning approaches, and
its accuracy, precision, recall, and F1 scores are all quite high. With an
accuracy of 99.58%, the AlexNet Multiple Spatial Attention model offers
a thorough foundation. Because CT and MRI data constantly increasing,
cloud infrastructure is essential to medical imaging [24]. Low false positive
rates, high accuracy, and sensitivity are the main goals of a new classification
framework for lung nodule classification

In the overall evaluation, the existing methods had limitations like accu-
rately segmenting nodules from complex background, struggling to capture
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fine-grained features, challenges in capturing and preserving spatial rela-
tionships and distinguishing between benign and malignant nodules facing
difficulties based on their varying sizes and shapes. To solve these issues, the
RCBAM-CNN is proposed for lung nodule classification by incorporating
RCBAM which enhances model performance via improved spatial attention
and reshaped layers. This approach enables the model to better focus on
significant nodule characteristics and differentiate between various types of
nodules which leads to more effective classification.

3 Proposed Methodology

Pulmonary nodules come with characteristic features which make it quite
challenging to differentiate benign from malignant growths. These charac-
teristic features include spiculation, calcification, and the variation in size.
Those nodules that have star-like irregular edges are called spiculated, hence
more likely to be malignant than the ones with smooth edges, rounded in
nature and therefore likely to be benign. Other calcification patterns may
also indicate the type of nodule; most benign nodules tend to have diffuse
or laminated calcification patterns, whereas malignant nodules usually lack
them. Variations in size are another critical concept in diagnosis; indeed,
there is a higher risk of malignancy with nodules greater than 8 mm in
comparison with smaller nodules. These characteristics make it possible to
differentiate more clearly during the imaging procedure, and the introduction
of these characteristics in CAD systems helps increase the accuracy in the
classification of lung nodules.

This research proposes RCBAM-CNN to classify lung nodule effectively.
Initially, the LIDC-IDRI dataset is used to evaluate the model performance
and data augmentation is used to enhance the dataset size. Then, the U-Net
is applied for segmentation and RCBAM-CNN is performed to classify the
lung nodules. Figure 1 shows a block diagram for the proposed approach.

3.1 Datasets

The proposed approach utilizes CT images sourced from the publicly avail-
able LIDC-IDRI dataset, which contains 1,018 chest scans with slice thick-
nesses ranging from 0.5 to 5 mm, collected from 1,010 patients. These images
are employed to evaluate lung nodules. The images were acquired with a pipe
current ranging from 40 to 627 mA and a voltage range of 120-140 kVp.
Each image has dimensions of 512 x 512 pixels and is stored in DICOM
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Figure 1 Block diagram for the proposed approach.

Figure 2 Sample images for LIDI-IDRI.

format. The dataset includes annotations by up to four expert radiologists,
categorizing nodules by diameter as either d < 3 mm or d = 3 mm, where
‘d’ represents the diameter of the nodule. Figure 2 displays sample images
from the LIDC-IDRI dataset. To prepare the images for classification, they
undergo pre-processing, including data augmentation, to improve the model’s
performance in lung nodule classification.
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3.2 Pre-processing

One important factor in lowering network traffic and complexity is pre-
processing. CSV files containing labelled lung CT scan pictures are part of
the LIDC-IDRI collection. By adding diversity to the training images, data
augmentation improves the model’s capacity for generalization and lowers
the possibility of overfitting. Rotations, rescaling, and vertical and horizontal
flips are carried out by using the picture data generator from the Keras tool.
Images rotated at regular intervals of ten degrees between 0 and 10 degrees
are used. Factor of one rescaling for images that already are flipped at 0 and 1
degrees will have brought randomness to them. With augmentations like pic-
ture rotation and flipping, these help improve the generalization of the model
by elevating the invariance to variations in nodule orientation and location.
Resizing ensures all images are set to have the same dimensions hence easier
for the model to capture the salient features, and this augmentation process
helps reduce overfitting that provides for more dense training hence higher
accuracy and reliability in lung nodule classification of CT scans. Presently,
the images are divided after pre-processing using U-Net [19].

3.2.1 Data augmentation

Data augmentation is crucial for the enhancement of the training process
of the U-Net for lung nodule segmentation, particularly if datasets become
sparse. The procedures include rotation, scaling, and flipping, through which
the model increases the variety of the training samples and consequently
prevents overfitting. It exposes variations in nodule orientation; allows learn-
ing by modeling on nodules of differences sizes; it produces new training
samples simulating realistic variations. U-Net becomes more capable of
learning relevant features across a wide range of variations, reducing the risk
of overfitting to limited data samples.

3.2.2 Feature extraction

In the proposed model, the key features extracted from suspicious lung
nodules include texture, shape, size, and intensity variations, with each
of these features playing a crucial role in distinguishing between benign
and malignant nodules. Texture features capture variation in the intensity
within the nodules, where malignant nodules often show a heterogeneous
pattern, whereas benign nodules have uniform textures. Other essential fea-
tures include shape characteristics; malignant nodules are often irregular and
spiculated around the edges compared to the smooth or even rounded shapes
of benign nodules. Size is also another indicator where the size of the nodule
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may predict a higher risk of malignancy with larger nodules. Intensity varia-
tion provides insight into tissue density, which malignant nodules, of course,
have non-uniform intensities due to variations like necrosis or increased
vascularization. This makes the features extracted properly analyzed by the
RCBAM-CNN model, hence enhancing the classification performance of
lung nodules and accuracy in the diagnosis process.

3.3 Segmentation

U-Net is used for lung nodule segmentation after data augmentation, offering
accurate localisation and delineation of nodule boundaries — critical for
precise diagnosis and therapy planning. The segmentation performance of U-
Net is enhanced by its symmetric architecture with skip connections, which
preserves fine features and facilitates the efficient learning of spatial hierar-
chies. U-Networks particularly well for lung nodule segmentation because
it can handle sparse training data through augmentation and is resilient to
changes in nodule size, shape, and location [20].

U-Net functions as a convolutional autoencoder, meaning that the input
data is compressed by the network’s encoder and then reconstructed from this
latent space representation by the decoder. The U-Net design consists of two
paths: an expanding path (decoder) that employs transposed convolutions for
accurate localisation, and a contraction path (encoder) that gathers the context
of the input image, mostly made up of convolutional and pooling layers. In
contrast to conventional autoencoders, U-Net uses stacks of max-pooling and
convolutional layers in place of fully linked feed-forward layers. The Dense-
UNet had a DSC of 0.93, which was excellent in the detail retention but had
a higher memory requirement. In contrast, the U-Net outperformed both of
them with a DSC of 0.94, providing the best balance among accuracy and
computational efficiency, and it is presumably to be the most suitable for use
in clinical applications [30, 31].

Three convolutional blocks make up the expanding and contracting
pathways. Every block in the contracting path consists of a 2 X 2 max-
pooling layer after two convolutional layers. Each block in the expanding path
consists of two convolutional layers, a dropout layer, a 2 x 2 up-sampling
layer, and a concatenation with the matching block from the contracting
path [22]. Two convolutional layers make up the linking path, and a 1 x 1
convolutional layer with sigmoid activation is the final output layer. U-Net’s
skip connections maintain spatial information, combining high-level context
(shapes, relationships within the image) with low-level spatial data (textures,
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Figure 3 Segmented images for LIDC-IDRI.

edges) to produce high-quality segmentation. Segmented images from the
LIDC-IDRI dataset are displayed in Figure 3. The RCBAM-CNN is then
given the segmented output in order to classify lung nodules.

3.4 Classification

After segmentation, the RCBAM-CNN (Rebuild Convolution Block Atten-
tion Module-based Convolutional Neural Network) is applied for lung nodule
classification, enhancing the model’s ability to focus on the most relevant
features within the input data. The RCBAM-CNN leverages advanced atten-
tion mechanisms to improve performance and accuracy in classifying lung
nodules. The Rebuild Convolution Block Attention Module was opted over
other attention mechanisms including the Squeeze-and-Excitation module
and Self-Attention due to its outstanding capability of capturing channel and
spatial dependency at the same time. Basically, the SE module focuses on
channel-wise feature recalibration and enhances the representation of features
but it is incomparable with spatial attention, which is suitable for finding fine-
grained features in the CT images. Self-Attention is quite powerful but of very
high computational cost, so there’s no chance that it can be used in real-time
applications. RCBAM combines channel and spatial attention sequentially so
that the model can focus on most important features without sacrificing too
much in the way of computationally cost. The following sections provide a
detailed explanation of this approach.

3.4.1 CNN and CBAM

CNN [21] leverages its ability to automatically learn and extract hierarchical
features from segmented images for classification. CNN is a deep Feed
Forward Neural network (FFNN) that contains input, output, and hidden
layers. The function of input layer is to receive data and transfer it to a hidden
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layer. It consists of a pooling layer, a convolutional layer, and a FC layer. In
hidden layer, pooling, and convolution layers are a significant part that plays a
primary role in extracting features and minimizing dimensions. FC has a role
in incorporating the feature data representation. Then, output layer generates
output of FC layer as input via activation function SoftMax. CBAM is an
effective and simple CNN attention model that contains channel and spatial
attention. The channel and spatial sequence are addressed in sequence after
the data involves C' channels with a height of H and weight of WW are fed as
input to CBAM. The maximum pooling layer and average pooling layer are
utilized to minimize the input data dimension in channel attention model.
A data dimension becomes C' x 2 x 1 and then each channel’s attention
weights are included and activated to produce attention weights A. which
is represented in Equations (1) and (2)

Ac = S(ap(P) +mp(P)) (1)
P.=A.xP ()

Where S indicates sigmoid activation function, ap and mp denotes aver-
age and maximum pooling layers, P denotes input data, and P, determines
channel attention which is applied as spatial attention mechanism input.
Then, the attention weight A is determined while product of A. and P, are
CBAM’s feature enhancement data P, which is indicated in Equations (3)
and (4)

As = S(convld(ap(P.), mp(P.))) 3)
P,= A, x P. “4)

Where ap and mp represents average and maximum pooling layer oper-
ation. CBAM refines feature maps sequentially applying channel and spatial
attention which enables the network to emphasize on most appropriate fea-
tures. In CBAM, the reshaped layer and redefining spatial attention is added
which is called RCBAM. This enhances the model’s ability to distinguish
between benign and malignant nodules which leads to higher classification
and better generalization.

3.4.2 RCBAM-CNN

Initially, the RCBAM splits input data into identical parts in the established
reshape layer and the reconstructed data channel and spatial attention are
addressed consecutively. While input dimension data are H x W, each
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Figure 4 Structure of RCBAM-CNN.

channel dimension data become (%) x W after splitinto C' equal parts. Every
channel data is globally pooled and averaged to address the channel attention
process. Then, the pooled outcomes are convolved which is formulated in
Equation (5)

Ti—q = convld (gap(T;)) ®)

Where T; represents ith channel and T}_, denotes i'" attention channel.
Figure 4 indicates a proposed RCBAM-CNN structure.

The RCBAM redefines spatial attention as product of feature and tem-
poral attention to enhance CBAM training efficiency. Temporal attention
processing defines each channel data’s row vector. Then, the row vectors are
fed as input to maximum and average pooling layer, and the sum of outputs of
every pooling layer is enhanced by 1-D convolution. A temporal and feature

attention dimensions are (%) x 1 and 1 x W from which the spatial attention

dimension is computed as (%) x W. The mathematical formula for solving

the spatial attention process is expressed in Equations (6) to (8)

R;_, = convld(ap(R;) + mp(R;)) (6)
Ci—a = convld(ap(C;) + mp(C;)) (7)
Zica=Ri ¢ Ciq )

Where C; and R; denotes the column and row vector of " channel,
Ri_q4, Zi—q and C;_, determines temporal, spatial, and feature attention of
it" channel. At last, A is multiplied by input data D to acquire RCBAM’s
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output O. An mathematical formula for the above process are formulated in
Equations (9) to (11)

Ai=Tia® Zi—q )
A = concate (A1, Ag, ..., Ac) (10)
O=A@D (11)

The RCBAM enhances feature representation by concentrating on sig-
nificant regions within the feature maps, thereby improving the network’s
capacity to distinguish subtle patterns. It comprises two attention modules,
namely spatial and channel. The channel attention module tells the network
to focus on important channels by weighing them against the degree of
their relevance to the network. The spatial attention module then focuses
on prominent spatial regions. With these, RCBAM refines a feature map,
focusing mainly on the most informative parts in better pattern recognition.
By employing both spatial and channel attention mechanisms, RCBAM adap-
tively refines the features, leading to more accurate differentiation of lung
nodules from surrounding tissues. Convolutional Neural Networks (CNNs)
are well-suited for medical imaging tasks due to their ability to learn hier-
archical features and patterns in images. This combination of RCBAM and
CNN results in improved accuracy in classifying lung nodules. Proposed
RCBAM-CNN performs better compared to the techniques existing. The
proposed technique attains 92.8% accuracy in contrast with existing Global
Attention-CNN at 89.5 %, self-attention-CNN at 90.2%, and CBAM-CNN
at 91.3%. This implies that RCBAM-CNN is better because it greatly
enhances feature representation and recognition of patterns compared to other
attentions.

4 Experimental Results

The proposed approach was implemented using MATLAB R2020b on a
system with 64 GB of RAM, Intel i7 processors, and running Windows 10. To
evaluate its performance, several metrics were used, each defined as follows:

Accuracy: Quantifies the percentage of cases (true positives and true nega-
tives) that are correctly identified relative to the total number of instances.
TP+ TN

A - 12
CCUraCY = np TN ¥ FP + FN (12)
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Sensitivity, also known as True Positive Rate, measures the percentage of real
positives that the model accurately recognised.

TP
Sensitivity = TP+ FN (13)

Specificity: Measures the percentage of real negatives that the model accu-

rately detects.

TN
Specificity = TN+ FP (14)

Precision: Shows the percentage of positively identified cases that were in

fact accurate. Tp
PT@C’L'(S?:OTZ = m (15)

F1-Score: Offers a balanced performance measure by providing a harmonic
mean of sensitivity and precision.
2x TP
F1-§ = 100 16
“T TP+ FP+ FN (10
The Dice Similarity Coefficient (DSC) highlights overlap by calculating the
degree of similarity between actual and expected positive cases.

2x TP
DSC = 1
5¢ (TP + FP)+ (TP + FN) an

The intersection to the union of the expected and actual positive cases is
calculated using the intersection over union (IoU) method.

B TP
~ TP+ FP+ FN

Where TN, FN, FP and FN indicates the True Positive, False Negative,
False Positive, and False Negative respectively.

IoU

(18)

4.1 Performance Analysis

The proposed RCBAM-CNN is determined by applying performance eval-
uation shown in Tables 1, 2 and Figures 5, 6. Figure 5 represents the per-
formance evaluation of segmentation using LIDC-IDRI dataset. The existing
methods like SegNet, V-Net, and W-Net are compared with U-Net approach.
When compared to these existing methods, the U-Net achieves a better DSC
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Table 1 Performance evaluation of different attention mechanisms
Methods Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F1l-score (%)

GA-CNN 81.65 76.76 84.87 85.23 80.77
SA-CNN 82.76 83.09 78.65 79.08 81.03
CBAM- 85.12 86.65 82.98 81.76 84.13
CNN

Proposed 99.72 98.89 99.54 99.62 99.25
RCBAM-

CNN

Table 2 Performance evaluation of different classification methods
Methods Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F1-score (%)

RCBAM- 85.61 82.54 83.63 84.12 83.32
Inception
RCBAM- 88.23 86.02 84.87 83.10 84.53
VGG
RCBAM- 91.54 89.03 86.10 85.82 87.39
ResNet
Proposed 99.72 98.89 99.54 99.62 99.25
RCBAM-
CNN
1
0.95
0.9
wn
=
- 0.85
>
0.8
0.75
0.7
SegNet V-Net W-Net U-Net
Methods

EDSC mIoU mJaccard

Figure 5 Graphical representation for different segmentation methods.
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Figure 6 Graphical representation of K-fold analysis.

of 0.94 due to its effective encoder-decoder architecture that manages high-
resolution features via skip connection which provides accurate segmentation
and context understanding.

Table 1 determines the performance evaluation of different attention
mechanisms. The proposed RCBAM-CNN is compared with existing tech-
niques like Global Attention-CNN (GA-CNN), Self-attention-CNN (SA-
CNN), and CBAM-CNN. The proposed approach achieves a better accuracy
of 99.72% because it enhances feature representation via improved spatial
attention and reshaped layers which enables for more accurate focus on
appropriate regions. This reconstruction refines the spatial attention mecha-
nism which leads to better performance in lung nodules compared to existing
techniques.

Sensitivity analysis was conducted on the key hyperparameters, that is,
learning rates, number of epochs, and batch sizes, to evaluate the robustness
of the proposed RCBAM-CNN. The stability of the model is inspected by
how the performance behaves with slight variations of those hyperparameters.
The learning rate varies between 0.001 and 0.01, and it was found that a
learning rate of 0.005 gave the best trade-off of the convergence speed with
accuracy, which was 99.72%. In the same manner, the batch sizes were tested
ranging from 16 to 64, but one finds the optimal result for the batch size as
32 with less fluctuation in accuracy and stability. Then, the number of epochs
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was taken into account. In that case, the model ended up being saturated after
150 epochs and there were no improvements thereafter.

Table 2 illustrates a performance evaluation of different classification
methods. The existing methods like RCBAM-Inception, RCBAM-VGG,
and RCBAM-ResNet are compared with proposed RCBAM-CNN. When
compared to these existing techniques, the proposed approach achieves a
high accuracy of 99.72% due to its optimized incorporation of RCBAM
with CNN which generates better performances. This ensures enhanced
spatial and channel attention and achieves superior performance than existing
techniques.

Figure 6 presents the graphical representation of K-fold analysis. The
K = 5 achieves a better performance due to it provides a balanced trade-off
between training and validation data which enhances model generalization
and leads to reliable performance. This configuration assists in capturing vari-
ations in nodule characteristics more effectively and minimizes the overfitting
risks that lead to better performance.

4.2 Comparative Analysis

Table 3 represents a comparative analysis of existing methods. The exist-
ing methods like 2-pathway Morph CNN [16], Res-trans [17], VGG-
CapsNet [18], Trans U-Net [19], and Hierarchical Deep fusion [20] are
compared with proposed RCBAM-CNN. The proposed approach achieves

Table 3 Comparative analysis of existing methods
Methods Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F1-score (%)

2-pathway 96.10 96.85 95.17 N/A N/A
Morph CNN

[16]

Res-trans 92.92 93.84 N/A 91.62 N/A
[17]

VGG- 98.61 98.16 99.07 99.07 98.61
CapsNet

[18]

Trans U-Net 84.62 70.92 93.17 N/A N/A
[19]

Hierarchical 91.20 95 87 N/A 92
Deep fusion

[20]

Proposed 99.72 98.89 99.54 99.62 99.25

method
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Table 4 Computational cost analysis for different attention modules

Attention Processing Memory FLOPs

Mechanism Time (ms) Usage (GB) (GFLOPs) Accuracy (%)
RCBAM (Ours) 12 3.8 1.2 99.72

SE Module [25] 10 32 1.0 98.61
Self-Attention [26] 15 4.1 1.4 99.13

a better accuracy of 99.72% due to its enhanced feature representation via the
RCBAM model which refines spatial and channel attention more effectively
in CNN leads to high performance.

4.3 Computational Cost Analysis for the Attention Module

Real-time image analysis in clinical settings requires effective processing of
high-resolution CT scans. We calculated the computational complexity of
Rebuild Convolution Block Attention Module compared to the Squeeze-and-
Excitation module and Self-Attention using the metric of time of processing,
memory usage [25, 26], and FLOPs [27, 28]. RCBAM demanded 12 ms per
image, whereas the time of processing in the case of SE is 10 ms and that
for Self-Attention is 15 ms. However, its memory usage was at 3.8— GB,
somewhat more than that of SE (3.2 GB) but lower than Self-Attention
(4.1 GB). The FLOPs for RCBAM were calculated to be 1.2 GFLOPs against
1.0 GFLOPs for SE and 1.4 GFLOPs for Self-Attention, which exposes an
impressive trade-off between computationally increased cost and additionally
enhanced accuracy.

4.4 Discussion

This section highlights the benefits of the suggested RCBAM-CNN method
and addresses the drawbacks of the present methods by contrasting it
with existing methodologies. Current techniques encounter many obstacles.
Because lung tissues are made up of numerous complex features, it is
challenging to differentiate nodules from their backgrounds well for the
2PMorphCNN [16]. Since the Res-trans [17] fails to make effective use of
spatial data to differentiate between different types of nodules, fine-grained
characteristics cannot be caught. Because VGG-CapsNet [18] uses dynamic
mechanisms, which may reduce the classification accuracy, it is challenging
to maintain spatial links. Such problems even arise with TransUnet [19],
because it is challenging to synchronise a spatial resolution: inability to
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include both local and global features lead to the loss of fine-grained
information in TransUnet. However, this RCBAM-CNN method successfully
solves the said problems. This enhances the capacity of the model to focus
significant characteristics while reducing less helpful ones, thus providing
better classification results. The ability of attention mechanisms in RCBAM-
CNN to differentiate between benign and malignant nodules depends on its
ability to catch minute differences in nodule features.

5 Conclusion

This research study describes RCBAM-CNN as an outstanding approach
for lung nodule classification that significantly outperforms the state of the
art in terms of accuracy and reliability. RCBAM-CNN exploits reshaped
layers and redefined spatial attention mechanisms in order to enhance feature
focus while suppressing noise, thus achieving a very accurate and reliable
classification accuracy of 99.72%, which is superior to the existing methods
2PMorphCNN (96.10%), VGG-CapsNet (98.61%). The architecture adopted
for image segmentation is the encoder-decoder structure and skip connections
of the U-Net which allows for the preservation of spatial information well.
This significantly improved the differentiation ability of the nodule type,
reaching a DSC of 0.94, which outperformed Mask R-CNN’s 0.91 and
Dense-UNet at 0.93. Further work will extend this model to other medical
imaging tasks where it is required to perform an exact segmentation and
classification. An area for further investigation will be the improvement in
such models using broader optimization techniques, including, but not limited
to, hyperparameter tuning, lightweight architectures, pruning methods, and
others to improve the computational efficiency of such models as needed for
real-time applications within resource-constrained clinical settings.
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