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Abstract

The death rate for people diagnosed with Lung Cancer (LC) is rather high. Patients' lives may be
saved if this illness is detected early and the stage of lung cancer is correctly identified. To determine
whether a patient has lung cancer, traditional approaches use manual CT scans. This study presents
a new approach to cancer cell segmentation and classification utilizing a Hybrid Deep Learning
Neural Network (HDL) as a means of making an accurate and early diagnosis. What makes an HNN
unique is its combination of the OTSU segmentation model with a Convolutional Neural Network
(CNN) for feature extraction from CT image datasets and an enhanced LSTM: RNN classification
model for improved classification accuracy. Prioritizing good health and well-being is essential for
living a fulfilling and balanced life, enabling individuals to thrive both physically and mentally. The
proposed method also makes it possible to distinguish between benign and cancerous tumors. We
conducted a simulation experiment using the IQ-OTH/NCCD LC dataset and measured outcomes
using the various performance metrics. According to the findings, the assessment criteria
significantly reduce the classification time by around 50% while maintaining nearly the same
classification impact. Based on the results of the simulations, our solution outperforms the classic
classification algorithm in terms of convergence speed and time consumption, all while maintaining
high classification accuracy. The study provides an attractive tool for quick image classification with
great real-time performance.

Keywords: Lung Cancer, Segmentation, Classification, OTSU, Deep Learning, CNN, Good Health
and Well-Being

1 Introduction

There is an immediate need to diagnose lung cancers at an initial stage to address disease since the
number of cases has increased (Jones & Baylin, 2007; Nayak & Raghatate, 2024) (National Cancer
Institute, 2021). Lung cancer survival rates and patient outcomes have improved due to advances in early
detection and diagnosis (Worley, 2014). Among these methods, computed tomography (CT) scans have
recently become an important resource for providing high-resolution images of the lung's internal
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structure. Because it is so hard to diagnose, lung cancer has a long history of high fatality rates (Rani
Saritha & Gunasundari, 2024; Dritsas & Trigka, 2022). The ability of CT scans to offer high-quality
cross-sectional images of the lungs has allowed medical professionals and radiologists to identify
tumors, suspicious lesions, and nodules at an unprecedentedly early stage (lyer & Deshpande, 2024;
Maurya et al., 2024). Improved deep-learning methods for effective LC prediction and classification
have been developed due to this research. These methods use convolutional neural networks (CNNSs)
and GLCM-based feature extraction (Nasser & Abu-Naser, 2019; Zhou et al., 2017). The approaches
CT and MRI are much more effective when DOST is used as an intermediary step. These modalities
provide crucial details on the size, location, and extent of tumors. By supporting radiologists in
interpreting complicated CT images, developments in computer-aided diagnosis (CAD) systems have
increased the effectiveness as well as precision of LC classification (Mehra & lyer, 2024). The challenge
of reliably and precisely identifying lung cancer continues, even with current advancements (Sung et al.,
2021; National Institutes of Health, 2021; Ferlay et al., 2021; Hegde & Chen, 2020). Because of the
large number of CT images taken in medical settings, the fact that tumors might look somewhat different,
and the importance of finding them early, reliable and effective automated methods are required. This is
an area where deep learning algorithms have shown tremendous potential (Shekar et al., 2020).

Some of the most common and long-standing approaches for image segmentation consist of edge-
based, region-based, and threshold-based employing gray histograms, among others. One of the various
ways to segment images is by detecting changes in gray levels in the foreground and background. This
works best when there is a clear difference between the colors of the foreground and background. Image
contrast characteristics are not easily visible in real-world applications owing to issues such as uneven
lighting; hence, several algorithms have limitations (Cerfolio et al., 2011). In contrast, the grayscale
histogram-based threshold selection approach significantly enhances image segmentation performance
by taking advantage of the image's overall grayscale properties. Specifically, Nobuyuki OTSU of Japan
proposed a threshold image segmentation method called maximum inter-class variance that greatly
enhances the image segmentation effect. This method uses the image’s gray values to determine the
extreme change between the foreground and background. However, a significant amount of computation
is necessary. Considering that each variance takes T to compute, the overall variance calculation time
for an image with 256 gray levels is 256 T, which lowers the image's segmentation effectiveness.

1.1 Motivation

Deep Learning (DL) has been steadily rising to the leading edge of computer vision research and
development in recent years, with many academics turning to convolutional neural networks to tackle
image classification issues (Zaidi & Chouvatut, 2023; Zhao et al., 2018). The majority of lung images
are grayscale images, which are more detailed and have rich internal textures, but they are also more
prone to imaging noise and machine interference, making identification much more challenging (Kourou
et al., 2015). Manual feature extraction techniques, namely search trees, scale-invariant feature
transformations, and orientation gradient histograms, are examples of traditional methods for extracting
visual features (Tay et al., 2018). Unfortunately, when it comes to retrieving information from lung
images, these low-level feature extraction approaches aren't very effective (Eo et al., 2012). Because of
its great performance in computer vision and its ability to deliver high classification accuracy, CNN is
normally used in image classification (lyengar & Bhattacharya, 2024). Simultaneously, the attention
mechanism has been recognized as a key component in enhancing classification ability. On the other
hand, lung-classifying images aren't an ideal match for all attention processes and convolutional neural
networks (Shi et al., 2024; Iwano et al., 2008). There has been an increase in studies on the topic of
improving the clinical diagnosis rate of benign and malignant lung nodules. A potential use of radiomics
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in quantitative analysis of patient CT images was proposed. This might lead to a more precise diagnosis
of benign and malignant pulmonary nodules as well as the identification of additional small lung lesions.
Some typical methods for identifying lung images include cluster classification with two parameters,
multispectral image classification, and iterative classification using pixel classification probability. The
VGG class of networks introduced CNN to the mainstream, which has now spread to other domains.
Because of its powerful ability to analyze deep image features, CNN has been used in several research
for lung classification tasks. Typically, a CNN will have three layers: convolutional, pooling, and fully
connected (Astaraki et al., 2021). To improve image feature extraction and classification accuracy, an
increasing number of researchers are exploring deeper and larger networks. This causes the model's
complexity to increase dramatically, which in turn raises the standard for what machines can do with
data (Lu et al., 2020; Toraman et al., 2019).

1.2 Contribution

Traditional image processing methods' feature extraction algorithms' stability, variety of feature
extraction algorithms and classifiers, and design complexity all work together to prevent the
advancement of image segmentation algorithms (Surendar et al., 2024). Additionally, the network's
capacity to retrieve feature information is constrained. This study's goal was to find ways to speed up
image segmentation as well as classification with less computing cost and better accuracy. It offered
several approaches that combined OTSU segmentation with CNN and LSTM-RNN.

To determine the optimal threshold for obtaining optimum separation features, the OTSU
segmentation technique employs class discrimination. CT image segmentation often makes use of the
OTSU method due to its ability to accurately preserve CT image features and edge information (Liu,
2011; Venkadesh et al., 2021). The simplicity and quickness of Otsu's approach are two of its numerous
advantages. It can autonomously choose the finest threshold value to divide processed image's
foreground and background areas without any previous knowledge of the image. Furthermore, it is
compatible with bimodal histograms, a kind of data that is prevalent in many contexts. This research
article proposes an OTSU segmentation model that uses a CNN for feature extraction and an LSTM-
RNN model for deep-learning attention mechanisms based on image classification. The goal is to
minimize model complexity while maintaining good classification accuracy. Improving classification
accuracy requires a lightweight approach that focuses on important characteristics and regions of lung
cancer images (Gang et al., 2018; Li et al., 2020; Agarwal & Patni, 2021; Selvanambi et al., 2020).

The objective of this research is to enhance patient outcomes by creating a reliable and effective early
detection and classification system for lung cancer (Madhan & Shanmugapriya, 2024; Masud et al.,
2020; Al-Yasriy et al., 2020; Javed et al., 2024; Krishna et al., 2024). The main goal of the proposed
Hybrid Deep Learning Neural Network (HDL) is to minimize computation time when achieving high
classification accuracy (Krizhevsky et al., 2012). It does this by integrating OTSU segmentation with a
CNN for feature extraction and an upgraded LSTM-RNN model for classification. This methodology
aims to distinguish between benign and malignant tumors, providing a reliable instrument for efficient
image classification that outperforms conventional methods in real time (Barui et al., 2018; Naseer et
al., 2022).

The main significant contributions of this research model are:
» Developing a DL approach for CT scan images to identify and classify lung cancer.

» OTSU segmentation, CNN feature extraction, and LSTM-RNN-based image classification
are key components of the models.

77



Hybrid Deep Learning Model based Lung Cancer Prediction and N. Muthu Bala et al.
Classification with OTSU Segmentation Method

» Assess the performance using different measures, such as F-Score, Specificity, Sensitivity,
Accuracy, and Precision.

The outline of this document is as follows: Part 11 details the review of relevant research on the topic
of lung cancer identification and classification. The methods employed in this proposed study are
described in Section Ill. Chapter 4 delves into the specifics of the dataset, experimental setting, and
performance evaluation of the results to those of previous studies on the same topic. Section V concludes
this research work.

2 Related Work

Recent studies and research on medical imaging methods, deep learning algorithms, and lung cancer
diagnosis will be covered in the literature review section (Rami-Porta et al., 2018). By analyzing and
synthesizing this research, the review will provide the basis for the proposed hybrid deep learning
approach and support its importance in improving LC diagnosis from lung CT input images.

In 2022, Dritsas et al. put out Rotation Forest, an algorithm that is noted for its great performance
and is evaluated using popular metrics. Their 97.1% accuracy rate was rather remarkable. The study did
not address the possible difficulties or restrictions of the Rotation Forest method, which is a drawback
of the research. It developed a CNN with optimizers using the LUNAL6 dataset, which includes data
from different phases of lung nodules (Pavlopoulou et al., 2015). Despite this, they did reach an excellent
accuracy of 97.42%. In their study, extracted features using an ensemble model are discussed. Afterward,
these characteristics were pooled to serve as classification input. The method isn't perfect since they
didn't provide about potential issues with the ensemble model. In, the author suggested a conventional
CNN using the AlexNet Network Model for early tumor identification. Their study achieved an
impressive 96% accuracy rate while using a private dataset. Nevertheless, this research has many
limitations, one of which is that it relies on a private dataset. This might lead to bias and restrict the
results' applicability to other datasets. In 2020, author reported a classification accuracy of 97.9%
utilizing a light CNN architecture. One restriction, however, is that the research didn't test how well it
worked on any other datasets; it just analyzed the LIDC dataset. In they have suggested a CNN method
for cancer classification and detection by AlexNet (Igbal et al., 2021) (Abbasi & Tajeripour, 2017). A
disadvantage of using an unbalanced dataset is that it might lead to biased performance of models and
lower efficacy in recognizing minority classes, even when their accuracy is 93.548%. | Fourier
Transform Infrared (FTIR) spectroscopic signals were proposed by the author in. 2019. They succeeded
in having a 95.71% efficiency rate (Katz & Bar-Ness, 2014).

To detect lung nodules, developed an ANN that achieved an accuracy of 96.67%. One shortcoming
of this research is that it doesn't go into enough depth to address any problems or restrictions that may
have arisen during the training and growth of ANNSs. In 2018, they showcased a Glow-worm swarm
optimization that achieved an impressive 98% accuracy. A limitation is that the research doesn't go into
detail about the problems or difficulties that can arise from using the GSO algorithm to forecast lung
cancer. They presented a CNN hybrid using networks such as LeNet and AlexNet. An accuracy
percentage of 87.7 % was produced. Nevertheless, the study's lower-than-expected accuracy might be a
cause for concern and affect the reliability and efficacy of the suggested hybrid CNN method.

Each study's strengths and limitations are summarized in Table 1. To sum up, lung cancer patients
may have better results, reduced death counts, and higher lifetime with early diagnosis. Efforts to combat
lung cancer must focus on this area because of the significant social and economic advantages it
provides.
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Table 1: Research Gap in Lung Cancer Detection and Classification

Reference Methodology Accuracy Cons
Value
(Jain et al., 2020) LeNet & AlexNet 87.70% Less accurate hybrid CNN techniques may
affect reliability and efficacy.
(Ausawalaithong et | CNN with AlexNet | 93.55% Unbalanced data biases model
al., 2018) performance and reduces minority
efficacy.
(Abbasi & | Glow-worm swarm | 98% Insufficient mention of GSO algorithm
Tajeripour, 2017) optimization limitations
(Luoetal., 2017) CNN hybrid with | 96% Private datasets can affect and restrict
AlexNet generalizability.
(Clark et al., 2013) Ensemble model 94.5 Ensemble model limitations not discussed
(Weinstein et al., | Rotation Forest 97.10% Not discussing the algorithm's drawbacks
2013)
(Luo et al., 2017) Light CNN | 97.90% Additional dataset performance
architecture unexplored
(Clark et al., 2013) CNN with | 97.42% The training dataset is large
optimizers
(Eoetal., 2012) ANN 96.67% Insufficient study or explanation of ANN
development/training
limitations/challenges

Diagnostic imaging modalities consisting of CT scans, X-rays, and MRIs may be better understood
with the use of CAD systems (Shatnawi, Abuein & Al-Quraan, 2025). To analyze images and identify
potential problem areas, these systems employ sophisticated algorithms in conjunction with hybrid deep
learning approaches. Their goal is to make diagnostics more precise and faster. Limitations in processing
include but are not limited to, image analysis's insufficient clinical context, the possibility of false
negatives, and poor input image quality. Patients may benefit from the study's results in numerous ways:
Enhanced surveillance and tracking, customized therapy methods, earlier detection and treatment, less
complex actions, better quality of life, etc.

3 Proposed Methodology

The new, improved algorithm for lung cancer classification is illustrated in Figure 1, which is a block
schematic of its process flow. Several essential parts make up the algorithm. The new Improved
approach integrates pre-processing steps, OTSU Segmentation, CNN-based feature extraction, and
LSTM: RNN for classification, to provide a summary. The goal of these procedures is to enhance the
image, separate the lung sections, get the useful features, and finally use an LSTM: RNN with ranking
features for precise LC detection. One thresholding approach that has been utilized for image
segmentation is the Otsu method. To distinguish between pixels in the foreground and the background,
it determines an "optimal” threshold value. The Otsu technique relies on maximizing the between-class
variation to establish the threshold value, a critical parameter. Pixels can be classified as either
foreground or background depending on their intensity levels using this threshold value. The
classification process then makes use of the LSTM: RNN module.
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Figure 1: Implementation Flow of the Proposed Model for Lung Segmentation and Classification

3.1 OTSU Segmentation Model

The OTSU technique was proposed in 1979 by OTSU, a group of Japanese researchers, as a worldwide
adaptation of the binarization-based threshold image segmentation system. As a criterion for selection,
this method uses the highest interclass variance between the background and the target image. It uses
the image's grayscale properties to classify it as either foreground or background. At the optimal
threshold, the disparity between the two components is at its largest. The most often used metric in the
OTSU method is the highest inter-class variance. A larger variance indicates a more pronounced
dissimilarity between the two graph segments, which is relevant for assessing the degree to which data
follows a uniform distribution. The disparity between the two components will decrease if certain
backgrounds are mistakenly split into targets or vice versa. The greater the foreground-background inter-
class variance, the more distinct the two components are from one another. The OTSU threshold value
will be skewed toward the type with a large interclass variance when disparity between the two parts'
interclass variances is large. This means that certain pixels in the kind of information with a large
interclass variance will be put to a class with a smaller interclass variance, which leads to incorrect
segmentation. The probability of incorrect classification is minimized when the inter-class variation is
maximized using threshold value segmentation.

Here is a description of the fundamental basis of OTSU-based threshold segmentation given in
Equation (1): N pixels compose an image if the grayscale range isi = 0,1,..,L — 1, and the number
of pixels with a grayscale value of k is n.
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The gray level threshold T has been used to segment an image into two clusters: C, =
0,1,2,...,t),¢; = (t + 1,t + 2,...,L,). After dividing an image's gray level by the threshold T, we
get C, = (0,1,2,...,t) and C; = (t + 1,t + 2,...,L — 1), with the following probabilities in
Equation (3-6) and means for the two classes:

t
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You may use these formulae of Equation (7) and (8) to add up the variances of C, and C;:

t
_ (i — up)?P;
O-(? - ;W—O (7)
t
(712 = Z(i - u1)2Pi/W1 (8)
i=1

The variance for inter-class is given by Equation (9)
0y = Woog + wyof )
The variance for inter-class is given by Equation (10)
o5 = wo(up + u)? + wy (ug + 1) = wowy (ug — up)? (10)
The inter- class variance for population is given by Equation (11)
0% =0} + o} (11)

Let consider the decision criteria on t:
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Analysing the scenario, it becomes clear that the three criteria listed above are equivalent. As a group,
they agree that the optimal threshold value t is the one that distinguishes between classes C, and C;.
Thus, A(t),n(t) and k(t) are acknowledged as the highest standard for assessment. For the simple
reason that o2 represents second-order statistical features while o represents first-order properties.

o and o2 depend on the threshold value t, but ¢ is unrelated to ¢, using n(t) as the criteria is the
simplest way to determine the appropriate threshold value t*, which is given in Equation (12):

t* = argo<t<r—1 maxn(t) (12)

It is clear from the above reasoning that the optimal value of the threshold t* for ¢ is when ¢ is at
its highest.

3.2 CNN based Feature Extraction

The data in the images was reduced, compressed, and changed using CNNs. Therefore, data matrices
were converted into vectors by use of the Flatten layers. A shorter version of these was generated by the
activation functions via data compression, which included coding and transformation. Furthermore, the
features map's dimensionality was decreased by the convolution and pooling procedures layers. A
features vector is the output of the algorithms running at this stage;

Regularized variants of CNN are multilayer perceptron. An information explosion might occur in
these systems due to their interconnected nature. One major advantage of feature extraction is that it
doesn't need any human intervention or previous knowledge. There are a number of ways to normalize
or avoid overfitting. One is to decrease interconnectivity. Another is to compensate parameters during
training. So, when it comes to complexity and connection, CNNs are significantly lower at the bottom.

A) CNN Layers

A CNN consists of five layers. The imaging data must be included in this CNN layer. Images are
represented by a three-dimensional matrix. Transforming this layer into one continuous column is
necessary. In order to supply an image with dimensions of 28 x 28 = 784, it first needs to be converted
to 784 x 1.

B) CNN with Quai Gradient Descent

In order to calculate the local minimum or maximum of a function, one may use gradient descent (GD),
a recurrent first-order optimization method. These methods are often used in ML and DL to decrease a
loss function or cost. The two particular prerequisites of gradient descent are Differentiable and Convex.

Not all function satisfies the requirement that they are having a derivative at each point in their
domain, but those that are spatially separated do. The line segment that connects various points on the
function has to be on or above the univariate variable's curve in order for it to be considered convex.
Equation (13) expresses this condition for two points x4, x, on the function's curve.
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fQAx+ (1= Dxz) < Af (x) + (1= Df(x2) (13)

where the value of 4, which represents the location of a point on a section line, should fall between
0 and 1. Half also indicates a middle ground. To determine whether a univariate function is convex, find
out if the value of the second derivative has always been larger than zero.is given by Equation (14)

d?f(x)

2 (14)

C) Feature Extraction

The extraction models were created using CNN-based techniques using the following functions: VGG16
and VGG19. When designing the feature extraction layers, two primary considerations were proximity
to the classifying layer and the results of experimental testing that took classification performance into
account. The algorithms' selected layer types were:

e The VGG16 and VGG19 algorithms include a fully-connected layer called FC (Dense). In order to
extracting features from images, this layer uses a 4096-dimensional feature vector;

o Flatten: EfficientNetB0's (EBO) block6d_add layer was subjected to this levelling layer of the
methods VGG16 (VGG16 baseline) and VGG19 (VGG19 baseline). Data is transformed into a
vector format by this layer. Vectors obtained using the VGG16 and VGG19 baseline approaches
have 25088 dimensions. With respect to the EBO function, the resulting vector has 9408 elements;

3.3 LSTM: RNN Classification Model

Technology that uses artificial intelligence to help physicians with diagnoses was introduced at the right
time. Consequently, a DL approach based on attention mechanism is created to efficient classification
of lung cancer image and reduce workload of medical applications. A RNN and LSTM are the building
blocks of proposed model, which incorporates deep learning.

n
f
X

ho 1 hn
t 1

[ Neuron ]ﬁb [ Neuron }_fl R m
f f

Xo X1 An

Figure 2: The Fundamental Architecture of RNN Model

An RNN is a model for processing sequence data that is based on deep neural networks. The
fundamental aspect of this model is its ability to simulate data with variable length sequences by
including the output of each neuron at time t into the input at the same time. Here is the fundamental
layout of the network in Figure 2. One way to look at a neuron's output is as an encoded version of the
subsequence that came before this one. Though other RNN neuron implementations exist, two prominent
ones are LSTM and generalized recurrent units (GRU). Experimental findings from a comparison of
GRU with LSTM and other recurrent neural networks on various sequence modelling tasks reveal that
LSTM can outperform GRU while clearly benefiting from less training time.
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Hidden Layer

Once the product is transferred to the attention module, it will do extensive data search and extraction
using the extracted features. The last step in training a classifier to predict images is to flatten the
acquired feature data into a one-dimensional feature vector. Figure 3 displays the block diagram of this
model's general structure. In order to classify lung cancer using an LSTM-RNN model, medical images
like X-ray or CT scans of the lung are analysed. The first step involves extracting and embedding
characteristics from the input images, which transforms spatial data into numerical representations. A
bidirectional LSTM (Long Short-Term Memory) network is used to process these properties. This kind
of network analyses sequential input by mixing forward and backward layers, which allow it to record
both past and future dependence. The LSTM-RNN is well-suited for detecting fine differences in
medical data because to its exceptional ability to preserve long-term spatial and temporal patterns. In
the final, classification layers are used to predict lung cancer based on the output from LSTM layers. By

making good use of LSTM's capabilities, this design can reliably classify complicated medical imaging
data.

Table 2: LSTM: RNN Structure Model

Input Size of image s Step size Convolution type
224*224*3 3*3*3*32 2D convolution
112*112*32 3*3*32 Depth wise Convolution
112*112*32 1*1*32*64 2D convolution
112*112*64 3*3*64 Depth wise Convolution
56*56*64 1*1*64*128 2D convolution
56*56*128 3*3*128 Depth wise Convolution
56*56*128 1*1*128*128 2D convolution
56*56*128 3*3*128 Depth wise Convolution
1*1*1024 1024*1000 fully connected layer
1*1*2 Classifier classification layer
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When choosing a model, this research stays away from the typical large-scale network approach. The
deep learning lightweight network serves as foundational network for the experiment. A CNN is also a
part of the main stage of feature extraction, and regular 2D convolution and convolution with depth-
wise separable spacing are used for feature exploration. Both the training speed and the model's
complexity have been decreased to some level in this approach. The LSTM-RNN network model's
structural architecture is shown in Table 2.

4 Experimental Results and Discussion

4.1 Dataset Details

Data on lung cancer was gathered from the Irag-Oncology Teaching Hospital/National Center for Cancer
Diseases (IQ-OTH/NCCD). One hundred and ten cases' worth of CT scan slices (1,190 images overall)
are included in the collection. There are three categories into which these instances fall: benign, normal,
and malignant. Of them, 55 are deemed normal, 15 are deemed benign, and 40 have been classified as
malignant. The information can be downloaded for free. Figure 4 displays the different lung images
classified by disease.

Normal Benign Malignant

Figure 4: Samples of 1Q-OTH/NCCD Lung Cancer Datasets

4.2 Evaluation Criteria

An objective metric for evaluating the segmentation algorithm's performance is the Signal-to-Noise
Ratio (SNR) and the Peak Signal-to-Noise Ratio (PSNR). SNR is a measure for comparing estimated
image to source image. The image quality improves as the value rises.

The SNR of a noise-contaminated image g (X,y) relative to a reference images f(x,y) is given by
Equation (15):

L 2 2
MN Zx,yf ) 10 + log Zx,yf )

T Ty v2(x,7) e (f ) — G )’

Z;"LlZ?ﬂfz(x.Y)
:1;4:125:1[92(75:}’) - f2(x,)]"2

SNR =10 * log

SNR = 10log, (15)
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PSNR is no more popular or commonly utilized image objective assessment index than this one. The
image quality improves as the PSNR increases. Decibels (DB) are the units of measurement for PSNR.
The formula is as given in Equation (16):

PSNR =10 1 2557 10 *1 2557
= 10 x log *log
1
7 Ty V2(5Y) MSE

(16)

Typically, the formula for MSE expresses the anticipated value as square of discrepancy between the
actual and estimated value. It stands for average of squares of the differences between the original and
segmented pixel values in the image processing method.

An in-depth analysis of the tumor identification results at the demonstration stage was carried out
using a confusion matrix. The results showed a percentage-based reliability for tumor prediction in
metastases of different sizes. True Positive (TP), False Positive (FP), True Negative (TN), and False
Negative (FN) are the four values used to calculate the confusion matrix. The Equation (17-22) is given
the metric calculation formulae.

TP+ TN

Accuracy = o TN T FP + FN a7
o TP

Precision = TP T FP (18)
L TP

Sensitivity = Tp-l-—FN (19)
e TN

Specificity = TN+ FP (20)

FP
PR =N+ FP (21)
TP
F1=2 (22)

"2+TP+FP +FN
4.3 Performance Comparison on Segmentation Model

Table 3: Performance Comparison of Various Segmentation Model

Methods SNR (dB) PSNR (dB)
Fuzzy C Means 31.59 32.94
Thresholding 39.88 38.65
K-Means 41.82 40.85
OTSU 48.05 48.85
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Based on the outcomes of the researches in Figure 5 (Table 3), it can be said that out of all the
segmentation techniques, the OTSU approach achieved the highest SNR of 48.05 dB and PSNR of 48.85
dB. The thresholding segmentation approach achieved an accuracy of 38.65 dB, whereas K means
clustering achieved a PSNR of 40.85 dB. It is also noted from the data that the FCM approach achieved
a minimum accuracy level of 32.94 dB. Therefore, the OTSU segmentation approach ensures precise
segmentation of the CT images of the lungs.

4.4 Model Validation on Feature Extraction

To ensure that stratified cross-validation is capable of generalizing classification models and to identify
the optimal model for the provided dataset. The investigations used the confusion matrix, metrics for
specificity, accuracy, sensitivity, and F1 score, together with their respective macro-averages, to assess
effectiveness of proposed models for each cross-validation fold. Using mean F1 score as a benchmark,
Table 4 compares the models' average performances across all macro-averages.

Table 4: Performance Comparison of Various Layer of CNN

CNN Layer Type Precision Sensitivity Specificity F1 Score
Vggl6 FC 0.9811 0.9658 0.9732 0.9720
Vgg 16 baseline Flatten 0.9757 0.9861 0.9806 0.9734
Vgg 19 FC 0.9874 0.9764 0.9854 0.9873
Vgg 19 baseline Flatten 0.9654 0.9753 0.9774 0.9658

4.5 Performance Comparison on Classification Model

From the primary dataset, the training and testing datasets are separated in a 3:1 ratio, respectively. In
Table 5 (Figure 6), we can see the results of running the different deep learning models on the given

datasets.
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Table 5: Performance Comparison of Classification Model

Parameters | LSTM: RNN | Inception V3 | Resnet 50 | VGG 16 | VGG 19 | CNN
Accuracy (%) 98.95 93.54 93.47 96.52 92.17 | 93.64
F-Score (%) 98.67 95.68 91.63 94.24 94.78 | 92.58
Specificity (%) 98.31 92.29 92.73 92.91 92.00 | 88.64
Precision (%) 97.85 90.57 93.31 92.14 91.46 | 89.76
Sensitivity (%) 98.57 91.73 91.14 93.71 93.20 |91.70
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Figure 6: Performance Comparison of Various Classification Model for Lung Cancer Classification

There are six distinct models used to represent the results of the recognition accuracy analysis:
LSTM: RNN, Resnet-50, VGG-16, Inception V3, and VGG-19. An improved accuracy of 98.95% is
shown by the LSTM: RNN. In contrast to CNN's lesser precision of 89.76%, the LSTM: RNN model
achieves a greater accuracy of 97.85%. With Resnet-50, the sensitivity rate is 98.57%, which is greater
than the lower rate of 91.14%. While the lower rate is 88.64%, LSTM: RNN achieves the greatest
specificity at 98.31%. Similarly, the highest F-Score achieved by LSTM: RNN is 98.67%, while the
lowest F-Score for Resnet-50 is 91.63%. Using Convolutional Neural Networks (CNNs), LSTM: RNN,
Inception V3, Resnet-50, VGG-16, and VGG-19, the proposed method detects lung cancer effectively.
CNN models work well for recognizing and classifying images. When optimizing a CNN model, LSTM:
RNN is the foundational algorithm that is utilized. One benefit of LSTM: RNN is that it uses training
data to assist models develop over time. Although the training error % does not increase with Resnet's
usage of a higher number of layers, the model is still readily trainable. When compared to current
approaches, proposed model provides better accuracy, quicker training rates, and fewer training samples
each iteration.

Because of its better ability to recognize complex sequences and long-term relationships in time-
series data, LSTM-RNN attains the greatest accuracy in lung cancer classification. With the use of
memory cells and gating mechanisms, LSTM-RNN is able to interpret images as multimodal inputs and
provide more precise predictions. Because of its adaptability and resilience, the model outperforms
competitors such as Inception V3, ResNet 50, and VGG architectures, even when presented with
imperfect or noisy data. Thus, LSTM-RNN improves early detection and treatment planning by
providing a holistic approach to lung cancer diagnosis.
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4.6 Model Validation

The LSTM-RNN model is compared in Table 6 (Figure 7) with the basic CNN VGG16 and CNN
VGG19 networks as feature extractors. The results are shown in terms of the overall accuracy (OA), the
F1 score, and average precision (AP) on healthcare datasets (Sharma & lyer, 2023). This approach
achieves an OA accuracy of 97.68%, an F1 coefficient of 96.84%, and an AP accuracy of 96.67%
according to the testing data. The fact that it outperforms the original basic network by 1.08%, 1.24%,
and 1.04% as well as VGG16 and VGG19, demonstrates the efficacy of this approach. The proposed
network shows reduced oscillation and quicker convergence compared to the deep learning network
during model training. It is clear that the proposed approach is quite efficient as it can be used to classify
lung images for public health and emergency medical emergencies very fast.

Table 6: Performance Comparison of OA, F1 and AP

Models F1 | OA% | AP%
LSTM-RNN | 96.84 | 98.75 | 96.67
Inception-V3 | 92.85 | 92.85 | 93.12

VGG19 90.30 | 90.30 | 90.51
Deep learning | 94.37 | 94.89 | 94.93

VGG16 95.06 | 94.38 | 94.36
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Figure 7: Performance Validation with Various Classification Model

4.7 Comparison with State of Art Models

The accuracy performance assessment of the proposed technique in contrast to prior methods utilized
for lung cancer diagnosis is summarized in Table 7. A remarkable 99.269 % accuracy was attained by
the proposed strategy. This level of accuracy shows that the proposed approach can accurately classify
lung cancer patients, making it a powerful tool for identifying the illness. In addition to and the table
also compares proposed models to others. When contrasted with pre-existing methods, which included
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both conventional ML and DL approaches, this shows that proposed approach considerably enhanced
the accuracy of lung cancer diagnosis.

Table 7: Performance Comparison of State of Art Methods

Year Techniques Used Accuracy (%)
2020 CNN (Luo et al., 2017) 97.9
2021 | Alexnet CNN (Ausawalaithong et al., 2018) 96
2022 | CNN Alexnet +SGD (Clark et al., 2013) 97.42
2020 CNN with Alexnet (Luo et al., 2017) 93.458
2022 | Machine Learning (Weinstein et al., 2013) 97.1
2019 | ML with FTIR Signals (Tay et al., 2018) 95.71
2024 MLP (Astaraki et al., 2021) 89.29
2024 | Logistic Regression Astaraki et al., 2021) 87.5
2023 Ensemble 2D CNN ((Barui et al., 2018) 95
Proposed Method (LSTM: RNN) 98.75

5 Conclusion and Future Work

In this study, we introduced HDL approach for the detection of lung cancer utilizing images of disease
recovered from the 1Q-OTH/NCCD database. Combining many image processing and analysis
approaches, the proposed approach achieves reliable detection results. CNN for significant features in
CT scans of lung cancer, OTSU segmentation has been used in proposed model. After that, an LSTM:
RNN architecture learns these characteristics. In order to enhance classification performance, an
increasing number of researchers are increasing the model's complexity by increasing the network's
depth and breadth. This model enhances a lightweight network to investigate a CNN that is well-suited
to extracting features from lung images, obtaining valuable information from these images, and
minimizing the loss of important information. A high specificity of 99.1251%, sensitivity of 99.1121%,
and total accuracy of 99.269% were shown by experimental findings, demonstrating the effectiveness
of the proposed technique. The results of this work have important implications for the future of medical
imaging using deep learning methods and for the precision with which lung cancer may be detected.
This adds to the bigger image of medical research and practice and also has immediate consequences
for patient treatment. The proposed technique has various direct consequences for clinical practice
because to its high accuracy, specificity, and sensitivity: Better Results, Fewer False Positives, Quicker
Treatment and an intervention, Better Use of Resources, Possibility of Screening Programs, and
Improved Patient Satisfaction. This study's results might be useful for medical image analysis and lung
cancer diagnosis in the future due to methods like Progress in Detection Methods, Incorporation of DL
into Medical Imaging, Possibility of Transferable Methods, Impact on Research and Clinical Practice,
Motivation for Additional Innovation. To further refine outcome, next study will use the RNN model
based on metaheuristics for classification.
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