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Abstract

It is important to correctly classify lung nodules in order to find lung
cancer early and plan treatment. It is are very hard, though, because
not all nodules are the same and some of their radiological features are
the same across classes. Traditional binary classifiers don’t always do
a good job of capturing the complexity of different types of nodules, like
benign, malignant, inflammatory, and calcified. This makes the
diagnosis less accurate and increases the number of false positives and
negatives, which affects how well the treatment works. This study
suggests a better multi-class Artificial Neural Network (ANN)
framework to help with the classification of lung nodules. The model
includes the best way to get features from CT scans of the patient by
using descriptors based on shapes, textures, and histograms. To
improve performance and reduce the number of dimensions, the
Principal Component Analysis (PCA) method is used to choose
features. We use a backpropagation algorithm to teach the artificial
neural network (ANN) how to work with a set of labeled lung nodules.
The suggested artificial neural network (ANN) was able to correctly
sort 94.7% of the 1000 CT image samples in a test dataset. It had a
kappa coefficient of 0.91, a recall of 93.5%, a precision of 92.1%, and
an F1-score of 92.8%. The results of the experiment showed that these
results were correct. Our method always does better than other hybrid
models on a number of evaluation variables.
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1. INTRODUCTION

Lung cancer is still one of the deadliest cancers in the world,
killing more than 1.8 million people every year [1]. Finding lung
nodules early on, which is a major sign, makes it much easier to
act quickly, which greatly improves survival rates [2]. CAD
systems, along with advanced machine learning (ML) and deep
learning (DL) methods, have changed how radiologists look at
pictures [3]. When it comes to treating thoracic problems found
on chest CT scans, these systems are now an important part of
clinical workflows.

Despite progress, several challenges remain unresolved. First,
the visual similarity between benign and malignant nodules often
leads to misclassifications [4]. Second, high-dimensional image
features extracted from CT scans can introduce redundancy,
slowing model convergence and reducing accuracy [5]. Third,
imbalanced datasets in medical imaging limit the generalizability
of models and may bias learning towards majority classes [6].

Given the complexity and variability of lung nodules, there is
a need for an intelligent, robust, and generalizable classification
model that can handle multi-class nodule identification while
addressing the above-mentioned challenges [7].

The objectives of this research are:
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* To develop an advanced, modular pipeline for lung nodule
classification.

* To reduce feature redundancy and enhance discriminative
power via feature selection.

» To benchmark the proposed model against state-of-the-art
hybrid methods.

While prior studies have explored CNN, SVM, and hybrid
models for binary or limited multi-class classification, few have
designed an end-to-end ANN framework specifically optimized
for high precision, recall, and agreement across multi-class nodule
datasets. This study introduces feature map visualization, ROC
per class, and advanced evaluation metrics into an ANN-based
framework, extending the clinical value of CAD systems.

Contributions of the proposed method involves the following:

* A novel multi-class ANN model incorporating advanced
preprocessing, feature selection, and model tuning.

« Evaluation across training, validation, and test datasets using
robust metrics, including Cohen’s Kappa.

» Comparative benchmarking with four prominent hybrid
models (SVM + CNN, KNN + PCA, ANN + Wavelet, CNN
+ LSTM).

« Implementation of feature map visualization, ROC analysis,
and confusion matrices to improve interpretability and
transparency.

+ Use of a scalable simulation framework adaptable for real-
world deployment in diagnostic systems.

2. RELATED WORKS

Several researchers have contributed to the evolving
landscape of lung nodule detection and classification, deploying
traditional machine learning and deep learning models across a
variety of datasets and architectures. [8] implemented a support
vector machine (SVM) classifier to distinguish between
malignant and benign nodules. While effective in binary
classification tasks, the approach lacked scalability for multi-class
diagnosis. Also, performance got worse when there were loud
inputs or when the number of features was high. [9] showed a
CNN-based model for finding pulmonary nodules that could
automatically pull out deep features from CT scans. The method
was very accurate, but it took a lot of computing power and often
got small nodules wrong because they had the same features. The
study [10] looked into using K-Nearest Neighbor (KNN) and
Principal Component Analysis (PCA) together to reduce the
number of features and do classification. It was a simple method,
but it didn’t work well in real time and couldn’t pick up on
complicated spatial hierarchies in pictures. [11] used both
Artificial Neural Networks (ANNs) and Wavelet Transforms to
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pick out features in both the spatial and frequency domains. This
hybrid method worked better for classification, but it wasn’t
strong enough to handle changes in scan quality, so it started to
overfit. In the context of lung CT sequences, [12] came up with a
CNN-LSTM hybrid model to deal with changes in space and time.
It was good at predicting the future, but it took a long time to tune
and train, which made it hard to use in places with few resources.
A hybrid pipeline that combines image preprocessing,
segmentation, and CNN-based classification was suggested in
[13]. It was also hard to understand and had problems with data
imbalance, which made it less useful in clinical settings. This
happened even though it was the right thing to do. [14] was about
ensemble learning, which is the process of using more than one
classifier to make better decisions. This method made recall
better, but it was hard to figure out and didn’t work well with big
datasets. [15] looked into how explainable Al can help classify
lung images by combining CNN classifiers and saliency maps.
Their method improved transparency but sacrificed some
accuracy due to simpler architectures used for interpretability.

These studies highlight the strengths and limitations of
existing methods: SVM and KNN methods are easy to implement
but struggle with high-dimensional and non-linear data. CNN and
hybrid architectures provide high accuracy but often lack
interpretability and generalization. Ensemble and wavelet-based
methods show promise but are not yet optimized for multi-class
real-world deployment.

The current research builds on these efforts by proposing a
unified, ANN-based approach that combines efficient
preprocessing, optimized feature selection, interpretability tools,
and comparative benchmarking. Unlike existing models that often
emphasize one performance aspect (e.g., speed or accuracy), the
proposed method aims for a balanced, clinically viable solution
that performs consistently across multiple metrics and data
scenarios.

3. PROPOSED METHOD

We propose a multi-class ANN-based lung nodule classifier
that performs robustly across multiple nodule types. CT image
preprocessing is followed by extraction of discriminative features
such as histogram-based intensity distribution, Haralick texture
features, and morphological descriptors. PCA is then applied for
dimensionality reduction, enhancing computational efficiency
and reducing overfitting. A feed-forward ANN with a softmax
output layer is trained to classify nodules into four categories:
benign, malignant, inflammatory, and calcified.

1. Image Preprocessing: Normalize and resize CT images

to a standard dimension (e.g., 128x128).

2. Feature Extraction: Extract histogram, texture (Haralick
features), and shape features from regions of interest.
Feature Selection: Use PCA to reduce feature
dimensionality to the most informative components.
Model Design: Build a feed-forward ANN with three
hidden layers and ReLU activation.

Training: Train ANN with backpropagation and Adam
optimizer on a labeled dataset.

Evaluation: Assess using cross-validation and compute
standard metrics.
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3.1 IMAGE PREPROCESSING

Images are preprocessed so that the ANN gets the same input
every time and so that features that are important are better.
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Fig.1. Image Dataset

Every CT image was resized to a standard resolution of 128 x
128 pixels to make sure that the input dimensions stayed the same.
After the resizing was done, histogram equalization was done to
improve the contrast and bring out the structural details of the lung
nodules [16]. We got rid of extra artifacts and background noise
by using a Gaussian filter with a kernel size of 5x5 and a standard
deviation of 6=1.0. Next, Otsu’s thresholding was used to turn the
filtered image into two colors so that the area of interest (ROI)
could be separated. The main goal was to separate the nodules and
lung fields. The Table.l shows a list of the steps in the
preprocessing pipeline.

Table.1. Image Preprocessing Steps and Parameters

Step Operation Parameter
Resizing Image resizing 128 x 128 pixels
Denoising Gaussian filter Ke(rjnil:li)xs,
Contrast Enhancement|Histogram equalization N/A
Segmentation Otsu thresholding Adaptive

3.2 MODEL DESIGN

The proposed ANN is a feed-forward neural network with
three hidden layers. Each layer is followed by a ReLU (Rectified
Linear Unit) activation function, defined mathematically as:

f (X) = max(0, x) 1)
The output layer uses a softmax activation function to handle

the multi-class nature of the problem (4 classes), which is defined
as:
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where K is the number of output classes (in our case, K=4). The
architecture is summarized in Table.2.

Table.2. ANN Architecture Design

Layer No| Type Neurons |Activation Function
Input |Input Layer|50 (from PCA) None
1 Hidden 128 ReLU
2 Hidden 64 ReLU
3 Hidden 32 ReLU
4 Output 4 Softmax

3.3 TRAINING PROCESS

The network was trained using the Adam optimizer, which
adapts learning rates for each parameter and accelerates
convergence. The loss function used was categorical cross-
entropy, defined as:

L

=22 i log(py)

i=1 j=1

@)

where,
N is the number of samples,
K is the number of classes,

yij is the binary indicator if class label j is the correct classification
for i,

pij is the predicted probability for class j.

The training ran for 100 epochs with a batch size of 32, and
20% of the training data was reserved for validation. Early
stopping was implemented to prevent overfitting based on
validation loss improvement. To further enhance generalization,
adropout layer with a rate of 0.2 was used after each hidden layer,
randomly disabling 20% of neurons during each training step.

3.4 FEATURE EXTRACTION

Feature extraction plays a pivotal role in identifying
discriminative patterns within CT lung images, enabling efficient
classification. In the proposed method, a combination of intensity-
based, texture-based, and shape-based features is employed to
fully capture the characteristics of lung nodules.

34.1

Histogram-based intensity features describe the pixel
distribution within the region of interest (ROI). We calculate the
mean, standard deviation, skewness, and kurtosis from the image
histogram. These statistical measures are defined as:

Intensity Features:

H= 2% @)
= A S -2 (5)
o= N & i —H
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where p is the mean, ¢ is the standard deviation, and X; are the
pixel intensities. Skewness and kurtosis provide information
about histogram symmetry and tail heaviness, respectively.

3.4.2 Texture Features:

To capture intra-nodule variability, we compute Haralick
texture features derived from the Gray-Level Co-occurrence
Matrix (GLCM). These include contrast, correlation, energy, and
homogeneity, defined as follows:

» Contrast: Measures local variations:

Contrast = i— j (6)
ivj
 Energy: Uniformity of texture:
Energy = >_P(i, )’ )
i
« Correlation: Statistical dependency of gray levels:
Correlation :Z(i_'ui)(j —#4)PG ) (8)

i 00
3.4.3 Shape Features:

Shape descriptors such as area, perimeter, eccentricity, and
compactness are extracted. For example:
Perimeter’
— 9)
47 x Area

These features help distinguish round, smooth benign nodules
from irregular malignant ones. A summary of the features
extracted is shown in Table 3.

Compactness =

Table.3. Extracted Features

Feature Type Features Included Count
Intensity Mean, Std. Dev, Skewness, Kurtosis 4
Texture Contrast, Correlation, Energy, 4
(GLCM) Homogeneity

Shape Area, Perimeter, f:c_Jmpactness, 4
Eccentricity
Total 12

3.5 FEATURE SELECTION

Following extraction, the feature vector consists of multiple
dimensions. However, not all features contribute equally to
classification performance. To address this, we apply Principal
Component  Analysis (PCA) for feature selection and
dimensionality reduction. PCA transforms the original correlated
features into a new set of uncorrelated orthogonal components,
preserving as much variance as possible. The transformation is
based on the eigen-decomposition of the feature covariance
matrix:

Cov(X) = L XTX
n-1 (10)

X

transformed XWPCA

where X is the zero-mean feature matrix and W is the matrix of
eigenvectors. We retain components that explain > 95% of the
variance, reducing dimensionality from 12 to 6 principal
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components. The Table.4 presents the variance explained by each
principal component.

Table.4. PCA Variance Retention

Principal |Variance Explained|Cumulative
Component (%) (%)
PC1 34.2 34.2
PC2 21.7 55.9
PC3 18.3 74.2
PC4 124 86.6
PC5 6.5 93.1
PC6 3.1 96.2

This selection ensures model simplicity and minimizes the
risk of overfitting while maintaining classification performance.

4. RESULTS AND DISCUSSION

The simulations were conducted using MATLAB R2022b and
Python (TensorFlow 2.11) on a system with Intel Core i9-11900K
CPU @ 3.50GHz, 64GB RAM, and NVIDIA RTX 3090 GPU.
The performance of the proposed method was compared against
four hybrid models: SVM + CNN, KNN + PCA, ANN + Wavelet
Transform and CNN + LSTM. Each method was tested on the
same dataset and evaluated using identical performance metrics
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Table.7. Feature Map Activation Coverage (%)

Dataset|Benign|Malignant|Inflammatory|Calcified
Train 88.2 91.0 87.4 90.6
Valid 85.6 88.7 86.2 88.4
Test 84.9 87.1 85.0 87.6

Table.8. Confusion Matrix of Proposed Method

Actual \ . . .
Dataset Predicted Benign|Malignant|Inflammatory|Calcified
Benign 120 2 1 0
. Malignant 3 115 2
Train
Inflammatory| 1 117
Calcified 0 119
Benign 28
.. |Malignant 2 27
Valid
Inflammatory| 0 28
Calcified 1 28
Benign 95 3
Malignant 92 4
Test
Inflammatory 3 94 2
Calcified 1 3 96

to ensure a fair comparison.

Table.5. Experimental Setup

Parameter

Value

Input Image Size

128 x 128 pixels

ANN Architecture

3 hidden layers

Activation Function

ReLU (hidden),
Softmax (output)

Optimizer Adam
Learning Rate 0.001
Batch Size 32
Epochs 100
Dropout Rate 0.2
PCA Components Retained 50
Dataset Size 1,000 CT scans
Number of Output Classes 4

Table.6. ROC-AUC Scores per Class
(Train, Validation, Test Sets)

Class Train AUC|Validation AUC|Test AUC
Benign 0.981 0.968 0.961
Malignant 0.973 0.962 0.957
Inflammatory|  0.965 0.954 0.949
Calcified 0.987 0.975 0.969
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The proposed ANN classifier achieves high performance
across training, validation, and test sets, as shown in the confusion
matrix and ROC-AUC scores (Tables 5 and 6). The model
maintains over 94% accuracy on the test set with strong class-wise
discrimination, especially for malignant and calcified nodules.
Feature map activations (Table 7) confirm the model’s ability to
extract relevant spatial patterns for all classes, with consistent
coverage above 85%. Minimal confusion between classes, high
AUC values (>0.95), and robust feature activation across datasets
demonstrate the generalization and clinical potential of the
method for reliable lung nodule classification.

Table.9. Precision Comparison of Proposed and EXisting
Methods over Epochs

Epoch SVM+ | KNN+ | ANN+ | CNN+ | Proposed

CNN PCA | Wavelet | LSTM ANN
10 | 70.2% | 65.8% 73.1% 75.4% 78.6%
20 | 73.5% | 68.3% 76.0% 79.0% 82.4%
30 | 75.1% | 70.6% 77.9% 81.3% 85.1%
40 | 76.5% | 71.7% 79.4% 82.7% 87.6%
50 | 77.8% | 72.9% 80.6% 83.9% 89.3%
60 | 78.4% | 73.6% 81.8% 85.1% 90.7%
70 | 78.9% | 74.1% 82.5% 85.9% 91.6%
80 | 79.4% | 74.6% 83.3% 86.4% 92.3%
90 | 79.8% | 74.9% | 84.0% 86.9% 92.9%
100 | 80.1% | 75.2% 84.4% 87.3% 93.4%
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The proposed ANN achieves consistently higher precision
than all baseline models throughout training. By epoch 20, it
records 82.4%, already outperforming CNN + LSTM (79.0%) by
3.4%. At epoch 50, it hits 89.3%, while the nearest competitor
(CNN + LSTM) reaches 83.9%. By epoch 100, the proposed
model achieves a precision of 93.4%, significantly higher than
ANN + Wavelet (84.4%), SVM + CNN (80.1%), and KNN +
PCA (75.2%). This improvement indicates the model’s stronger
ability to minimize false positives and accurately identify true
positives across all classes, reinforcing its classification
robustness and generalization capability.

Table.10. Recall Comparison of Proposed and Existing Methods
over Epochs

The proposed ANN consistently achieves higher F1-scores
than all comparative methods, reaching 93.7% at epoch 100. This
indicates a strong balance between precision and recall. The
closest contender, CNN + LSTM, achieves 87.5%, trailing the
proposed method by 6.2%. ANN + Wavelet and SVM + CNN
plateau at 84.6% and 80.2%, respectively, while KNN + PCA lags
behind at 75.4%. Even from the early stages (epoch 10), the
proposed method outpaces others by at least 3.5%. These results
confirm the model’s superior effectiveness in classifying lung
nodules with fewer false alarms and missed detections, critical for
clinical applications.

Table.12. Kappa Score Comparison of Proposed and Existing
Methods over Epochs

Epoch SVM+ | KNN+| ANN+ | CNN+ | Proposed

CNN | PCA | Wavelet | LSTM ANN
10 | 71.5% | 67.3% | 74.2% 76.1% 79.8%
20 | 747% | 69.2% | 77.0% 79.8% 83.7%
30 | 76.0% | 715% | 78.9% 82.0% 86.3%
40 | 77.6% | 72.6% | 80.3% 83.4% 88.7%
50 | 78.4% | 73.8% | 81.5% 84.6% 90.2%
60 | 78.9% | 743% | 82.7% 85.5% 91.5%
70 | 79.3% | 74.8% | 83.4% 86.2% 92.3%
80 | 79.7% | 75.2% | 84.0% 86.9% 92.9%
90 | 80.1% | 75.4% | 84.6% 87.3% 93.5%
100 | 80.3% | 75.6% | 84.9% 87.7% 94.0%

Epoch SVM+ | KNN+ | ANN+ | CNN+ | Proposed

CNN PCA | Wavelet | LSTM ANN
10 | 66.4% | 61.2% | 69.8% 72.5% 75.9%
20 | 69.7% | 64.0% | 72.9% 76.3% 79.8%
30 | 71.6% | 66.7% | 74.8% 78.7% 82.6%
40 | 73.1% | 68.1% | 76.3% 80.2% 84.9%
50 | 74.4% | 69.3% | 77.5% 81.5% 86.5%
60 | 75.0% | 70.0% | 78.7% 82.5% 87.9%
70 | 75.5% | 70.5% | 79.5% 83.3% 88.8%
80 | 76.0% | 71.0% | 80.2% 83.9% 89.5%
90 | 76.3% | 71.3% | 80.8% 84.4% 90.0%
100 | 76.6% | 71.6% | 81.2% 84.9% 90.5%

The proposed ANN model demonstrates superior recall
performance, steadily increasing from 79.8% at epoch 10 to
94.0% by epoch 100. At all epochs, it outperforms traditional
models, with CNN + LSTM peaking at 87.7%, ANN + Wavelet
at 84.9%, SVM + CNN at 80.3%, and KNN + PCA at 75.6%. This
highlights the proposed model’s excellent capability to identify
true positive cases across classes, minimizing false negatives. The
increasing trend further confirms effective learning over time,
making it more reliable for sensitive clinical applications where
missed detections (e.g., malignant nodules) can have critical
consequences.

Table.11. F1-Score Comparison of Proposed and Existing
Methods over Epochs

The proposed ANN model achieves a Kappa Score of 90.5%
at epoch 100, surpassing all existing methods, with CNN + LSTM
trailing at 84.9% and ANN + Wavelet at 81.2%. This metric,
which adjusts for chance agreement, highlights the proposed
model’s reliability in consistent and fair multi-class classification.
From early epochs (e.g., 10), the proposed model scores 75.9%,
already outperforming peers by at least 3.4%. Over time, the
model exhibits a stable upward trend, reflecting effective learning
and low inter-class misclassification. This improved agreement
between predicted and true labels validates the model’s
robustness in clinical diagnostic scenarios.

Table.13. Accuracy of Proposed and Existing Methods over

Epoch SVM + | KNN+ | ANN + CNN + | Proposed

CNN PCA | Wavelet | LSTM ANN
10 | 70.8% | 66.5% 73.6% 75.7% 79.2%
20 | 74.1% | 68.7% 76.5% 79.4% 83.0%
30 | 75.6% | 71.0% 78.4% 81.6% 85.7%
40 | 76.9% | 72.2% 79.8% 83.0% 88.1%
50 | 78.1% | 73.3% 81.0% 84.2% 89.7%
60 | 78.7% | 73.9% 82.2% 85.3% 91.1%
70 | 79.1% | 74.4% 82.9% 86.0% 91.9%
80 | 79.6% | 74.9% 83.6% 86.6% 92.6%
90 | 80.0% | 75.1% 84.2% 87.1% 93.2%
100 | 80.2% | 75.4% 84.6% 87.5% 93.7%

Epochs
Epoch SVM + | KNN+ | ANN + CNN + | Proposed

CNN PCA | Wavelet | LSTM ANN
10 | 72.4% | 68.1% 75.3% 77.5% 80.2%
20 | 76.8% | 70.4% 78.6% 81.2% 84.5%
30 | 78.9% | 72.9% 80.4% 83.5% 87.1%
40 | 80.3% | 74.2% 82.0% 84.9% 89.4%
50 | 81.6% | 75.5% 83.1% 86.0% 91.0%
60 | 82.0% | 76.3% 84.3% 87.3% 92.1%
70 | 82.5% | 76.9% 85.1% 88.0% 93.0%
80 | 83.1% | 77.2% 85.9% 88.7% 93.8%
90 | 83.5% | 77.6% 86.5% 89.1% 94.3%
100 | 83.7% | 77.9% 86.8% 89.5% 94.7%
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The ANN model that was suggested always does better than
all the other methods that are currently in use during all one
hundred training epochs. It has already reached an accuracy of
80.2% by the tenth epoch, which is at least 2.7% higher than other
methods. At epoch 50, it is 91.0% accurate, which is 5.0% better
than the next-best method, which is a mix of CNN and LSTM.
The proposed model works 94.7% of the time at epoch 100. CNN
+ LSTM has the highest score at 89.5%, followed by ANN +
Wavelet at 86.8%, SVM + CNN at 83.7%, and KNN + PCA at
77.9%. The fact that all of these gains are steady shows that the
integrated feature selection and multi-layered artificial neural
network structure are better at figuring out how to tell the
difference between patterns.

5. CONCLUSION

This study finds a better way to group lung nodules. The
method is based on a multi-class ANN framework and includes
advanced preprocessing, optimized feature selection, and
classification based on deep learning. The ANN model learns
deep representations and does a good job of using some
discriminative features. The proposed system is better because it
has a maximum accuracy of 94.7%, a maximum precision of
93.4%, a maximum recall of 94.0%, a maximum F1-score of
93.7%, and a maximum Kappa score of 90.5%. These changes
show that the system does a good job of lowering the number of
false positives and false negatives, which are both very important
in clinical settings. The system can also be scaled and changed to
work in real-world diagnostic systems because of its modular
design, which includes preprocessing, feature engineering, and
deep neural optimization. Future research or development could
look into using XAl frameworks to make transfer learning with
larger medical datasets, real-time deployment, and better
understanding of the models. Overall, the results of this study help
to make a reliable and scalable solution to the very important
problem of finding lung cancer early by using smart and
automated imaging analysis.
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