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Abstract- Lung cancer is the leading causes of cancer deaths, resulting in approximately 1.8 mil. Causalities in 2022, roughly
19% of Cancer patients. An estimated 2.5 million new cases of lung cancer occur each year. Early detection is closely related
to the improvement of patient outcomes. Enhanced diagnostic capabilities have been made possible owing to the surge in
deep learning. This paper presents the review of state of art techniques for detecting early-stage lung nodules in chest X-ray
images using deep learning techniques. Accordingly, several methods for handling class imbalances and enhancing rib
suppression were adapted, which greatly improved the performance of the generalization of the system and diagnostic
accuracy. The techniques identifies possible cancerous regions for further clinical investigation, thus allowing for timely
medical intervention that offers a pathway toward better patient outcomes.
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INTRODUCTION

Lung cancer remains one of the deadliest types of cancer and continues to be the reason in highest number of deaths due
to cancer-related causes; survival rates consistently degrade as the disease progresses. The survival rate for lung cancer will
be dramatically improved when this disease is detected in its initials, curable steps, thus early diagnosis is very important for
the best outcomes. Cancer is diagnosed today through expensive CT scans and biopsies, which require proper interpretation
by a highly qualified radiologist. These diagnostic processes are usually difficult in environments with limited access to
experts and cutting-edge tools. On the other hand, chest X-rays are readily available, inexpensive, and prove to be an
essential tool for screening respiratory diseases. Although CXRs are very useful, their limitations come in the form of poor
sensitivity for small nodules in the early stages of cancer. The rib cage obstructs the view, often missed diagnosis or false
negatives specially with the small nodules or behind the ribs. Therefore, more advanced techniques that can distinguish lung
tissue from other structures like ribs are crucial in enhancing the detection in CXRs. A strong potential in enhancing detection
for lung cancer through deep learning models, especially CNNs. CNNs demonstrated outstanding performance in a wide
range of applications related to medical images because of its ability to recognize intricate patterns of images and subtle
tissues' malformations. Earlier research work, which include Chiu et al.[1], Shimazaki et al.[2], and others, previously
considered the efficiency of CNN-based models for improving early-stage lung cancer detection.

LITERATURE REVIEW

Paper presents learning methods used for the lung nodule detection from images, pointing out key architectures, including
CNNs, FCNs, and reinforcement models. Several different studies highlight some improvements in accuracy and sensitivity.
One such notable method involves multi-section CNN and 3D networks, particularly designed to minimize false positives.
Deep learning is emphasized in the discussion regarding the needed automated systems for the minimization of clinical
applications involving the occurrence of false positives. Studies by researchers such as Sreeprada et al. [3] highlight the
application of a hybrid CNN along with SVM classification with tuned hyperparameters, which is based on orthogonal
Convolution neural network-support vector machine OCNN-SVM model for lung nodule detection and classification. The use
of pre-trained models like EfficientNetB1 [4], DenseNet [5,6] and ResNet [7] have shown to improve accuracy in identifying
malignant nodules from chest X-ray and CT images.

Das et.al. [8] presents effectiveness of machine learning approaches for tissue identification is compared in another
research. The method is applied to train models, test them on test data, split datasets, and perform k-fold cross-validation
to compare accuracies. At 99.2%, SVM had the highest accuracy. Logistic Regression also performed well on the UCI dataset
with 96.9% accuracy. The results demonstrate that SVM is the best classifier for detection. Tekade et.al.[9] demonstrate set
of classifiers have been used on the lung cancer data-set, including KNN, SVM, Neural Networks, and Logistic Regression.
Among these, SVM achieved the highest accuracy, which is at a high-end performance of 99.3%. Being applied to such
medical datasets would significantly enhance doctors' decision-making efficacy. Nair et.al.[10] researched reviews the causes
of chest cancer and application of ml algorithms prediction and diagnosis, highlighting their strengths and weaknesses.
Existing advancements in this learning did well in really revolutionizing the analysis of medical imaging. Such algorithms
expand image classification capabilities while facilitating. This paper reviews some of their applications in healthcare,
highlighting the high potential for greatly improving the accuracy of diagnoses and the outcome in the care of patients. Roy
et.al. [11] shows to identify pulmonary nodules in chest CT images, his research assesses two computer-aided detection
techniques based on deep learning. Results shows that the detection rates of nodules improved significantly for both
systems; however, there was no effect on the accuracy of Lung RADS classification or the false positive rate. In conclusion,
Al has vast potential in radiology [12] Further, IDLA, featuring CNN to classify, data pre-processing, and specific metrics like
perimeter and eccentricity. This approach introduces an early detection of and forecasting for image processing and artificial
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intelligence kinds. Here, the present approaches to diagnostic methods, which normally diagnose diseases at their worse
stages, are highlighted. Integration of the proposed model with a CNN will help to extract features from computed
tomography images to enhance diagnosis with a better reduction in time and cost. The system will provide real-time
consultation through its web-based interface, enhancing patient survival rates. The study concludes cancer detection means
vastly beneficial early diagnosis and management strategies. Redddy et.al. [13] study comes across a system that employs a
custom CNN architecture alongside ResNet-50, Inception V3, and Xception, using a Kaggle-derived CT image dataset with
extensive preprocessing and hold-out validation for robust classification. This paper elaborates on the application of different
deep architectures in classifying various types of lung malignancy that grabbed from imputs. Authors have proposed learned
CNN and tested its performance with the existing architecture, such as ResNet50, InceptionV3, and Xception. The other
architectures are based on preexisting transfer mechanisms, while the CNN is learned for this specific task. All these models
are compared based on accuracy, AUC, recall, and loss. The testing accuracy is 92% with an AUC of 98.21%, and this concludes
that the custom CNN is better than those other models in this paper by Chiu et.al. [1]

Another technique used a CNN approach, which consisted of an encoder-decoder architecture and black-and-white inversion
for image augmentation with a 5-fold cross-validation approach to training and validation of the model using FROC analysis.
Another paper used a deep learning model, developed and validated by segment, in an attempt to detect lung tumors on
chest radiographs. It could be calibrated to detect well with a minimum number of false positives in the test dataset
radiographs after being cross-validated on these radiographs, which reported a detection rate of 0.73 and 0.13 mean errors
per picture as given by Shimazaki et.al. [2]. Imran et.al. [14] One such proposed method integrates Multiresolution Rigid
Registration (MRR) and DWT-PCAv techniques for enhancing medical CT images. It ensures precise alignment of images,
enabling accurate diagnostic information. Additionally, lung nodule detection employs optimal thresholding and rule-based
classification, enhancing nodule identification and classification accuracy using a ResNet-18 CNN architecture. It has
estimated the Lung CT images by the proposed MRR technique using the LIDC dataset. The desired image quality criteria
such as the higher value of MI, PSNR, and SSIM with lesser RMSE and SSD are validated by applying quantitative measures
like MI, PSNR, SSIM, and RMSE. For the above standard methods, proposed technique outperforms SRR. Total performance
is evaluated by making use of around 4,000 images from some patients. It gives that MRR is superior to SRR in fusion quality
particularly concerning the sharper and aligned image. presents a particular study employs an ensemble learning approach
using multiple 2D CNN architectures to enhance detection from scans in the LUNA dataset. Unique features include data
augmentation to address class imbalance, a deep ensemble architecture with varied kernel sizes, and precise performance
metrics for evaluating model accuracy. LUNA 16 The limitations which had so far restrained previous works on lung cancer
identification are just dealt with by an ensemble learning approach based on CNNs. Based on the LUNA 16 dataset, this paper
develops a Deep Ensemble network to detect cancer tissues. Pre-processing steps of data start with augmentation to balance
classes and convert CT images into usable format. It resulted in the final combination of predictions toward the objective
with a combination of different CNNs working together to extract features, giving more accuracy of accuracy, precision, and
recall as reported by Shah et.al.[15]. Combining MobileNet V3-Small for image classification with DenseNet in feature
extraction, this model relies on a large, freely available PET/CT dataset using advanced preprocessing and augmentation of
the images. The noise reduction is also put together with alignment and dimensionality reduction to further ensure that
there is an efficiency as well as accuracy of the model. The quality of medical images affects feature segmentation methods,
and therefore, noise and low resolution significantly strain the extraction of effective features from noisy and low-resolution
PET/CT images. The denseNet-121 model happens to be efficient enough in extracting complex information but, with it,
there are issues of vanishing gradients. MobileNet V3-Small can be a light-weight model but is used primarily for mobile
applications. In simple terms, the MobileNet V3-Small classifier makes use of pretreatment in order to improve the quality
of the data set, and DenseNet may be utilized as a feature extractor in this study given by Wahab et.al.[16]. The hybrid CNN-
RNN model, detects cancer cell using Hybrid NN, is proposed in order to identify lung cancer in its initial stages. The advanced
algorithm Al extracts feature more accurately from the CT scans. It classifies the nodules into benign and malignant
categories wherein it carries out evaluation based on comprehensive datasets. The CCDC-HNN structure is the proposed
framework by making use of the hybrid 3D Network and Bi-directional LSTM model placed to ensure better detection of lung
cancer with given CT images. Results obtained using the LUNA 16 dataset for the study were accomplished in accuracy with
high efficiency concerning the classification of malignant lung nodules. The framework thus presented was thus giving an
accuracy of 95% and specificity/sensitivity to be 90% and 87% above traditional models. It therefore represents the capability
of this approaches in performing early diagnosis of cancer and thus calls for further research in model interpretability and
quality of training data provided in Shalini et.al.[17],

Kumar et.al.[18] gives ResNet models are applied to leverage transfer learning for enhancing the classification. A robust
dataset of thousands of images is used and applied data augmentation for robustness. Most importantly indicating deep
learning can enhance the diagnostic accuracy. Recently, these approaches in lung cancer detection have also been evaluated.
For instance, the accuracy rate of the EfficientNet-B3 model was superior to the earlier models because they were also
effective for lung cancer identification but with an accuracy rate of 99.44%. Therefore, these trends indicate that deep
learning might significantly improve early lung tissue identification with a better outcome. Kalaivani et.al.[19] presents
model uses CNN to classify lung affected images with the help of augmentation. It has employed more powerful pre-
processing techniques like median as well as Gaussian filtering combined together with Adaptive Boosting for better
accuracies. It is using the web portal for accessing the patient's results and further references. It enunciates a framework
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towards detection through DenseNet architecture and the adaptive boosting algorithm. A total of 201 images of the lungs
were detected on a database with a model that had an accuracy of 90.85% for its application, thereby significantly increasing
the prospects of early diagnosis. This network is henceforth included to facilitate smooth picture interpretation and
emphasize early identification to increase the survival rate of the patients suffering from lung cancer.

Additional papers introduce methodology which outlines CNNs’ architecture, emphasizing layers like convolution, pooling,
and fully connected. VGG16 focuses on consistent 3x3 filters, while Inception V3 employs parallel layers with varied filter
sizes for efficiency. ResNet-50 introduces residual mappings to enhance depth without sacrificing accuracy, mitigating issues
like vanishing gradients in deep networks. This study discusses various architectures of different models, along with their
special characteristics, advantages, and usage in image classification. The authors are emphasizing the importance of
designing layers and optimizing techniques such as gradient descent for building efficient models with adequate accuracy on
complex datasets as mentioned by Vani et.al.[20]. This design distinguishes between photos of lung cancer and those that
are not. The model employs a number of layers, including fully connected, pooling, and convolutional layers, with the use of
strategies, including activation functions and dropout, in order to avoid overfitting. Special characteristics include activation
functions like ReLU and SoftMax for non-linearity, dropout layers to avoid overfitting, sparse categorical cross-entropy loss,
and optimizers to apply the task being a classification problem. It had already split the 3000 photos between both training
and evaluation subsets, and with this distribution, it was reaching a validation accuracy of somewhere close to 72% as given
in Aluka et.al.[21]. A study proposed by Eldho et.al.[22] Al-based 3D-DLCNN model enhances pulmonary nodule detection
by employing a three-dimensional convolutional network, focusing on early identification. Key features include using CT-
DICOM datasets, nodule classification via 3D Mask-R-CNN, error point removal through KDE, and severity analysis to improve
accuracy over traditional methods. Authors, for the first time, proposed 3D CNN to beginner cell detection and segregations
from DICOM captures. Model has established rate of accuracy of 93% with obvious sensitivity (92.7%) and specificity (93.4%)
improvements. The AUC-ROC values reveal an AUC of 0.8 and thus minimum false positive 6.6% and false negative 6.4%,
which clearly establishes the superiority of the method in question various techniques. The autonomous lung nodule
identification system is built around a multi-modal model and follows various data augmentation strategies for variated
training. For performance evaluation, it incorporates metrics and ROC curves. Heatmaps improve the interpretability and
can result in high precision along with effectiveness in malignant areas of medical image detection.

Thanoon et.al.[23] provided an overview of applications in the detection and screening of lung, namely with imaging,
Convolutional Networks were emphasized as effective instruments for issues with grouping and division. The paper discussed
CNNs for feature extraction, recurrent neural networks (RNNs), and hybrid designs that combine both techniques, classifying
them according to their methodology. Hosseini et.al.[24] give a review with noted challenges such as the interpretability and
large annotated datasets required, but correctly pointed out that CNNs proved very effective at distinguishing between
benign and malignant nodules. It also spoke of deep learning how it could assist radiologists, reduce errors, and accelerate
the speed of diagnosis to aid early detection. The review further talks about transfer learning as helping improve
generalization over a smaller dataset, which is still a significant challenge in medical imaging. Yu et.al. [25] study on the use
of clinical diagnostics focused on the effectiveness in the detection as well as classification of lung cancer. It has considered
designs of CNNS, ResNet, and EfficientNet for detection and classification in the case of lung malignancy. Although a detailed
investigation revealed that overfitting and deficiency in data might be significant problems, therefore, improvements to data
and learning through transfer strategies may reduce these problems. By suggesting hybrid models of CNNs and RNNs to deal
with the multidimensional problems of lung cancer diagnosis, results from further research shall be incorporated to provide
further directions for future work. This analysis reveals that there is still research to be done in enhancing the interpretability
and accuracy of diagnosis of such approaches and hence makes it a road to enrich the current mainstream detection methods
of lung cancer by applying the novel structures.

Riguelme et. al. [26] research on CAD programs for malignancy assessed techniques like as CNNs for image identification of
lung nodules. The study analyzed model sensitivity, with performance ranging from 61.61% to 98.10%, and classification
accuracy varying between 75.01% and 97.58%. False-positive rates per scan ranged from 0.125 to 32, highlighting CNNs'
significant success in lung cancer detection. Additionally, it discussed limitations such as high false-positive rates and
interpretability, emphasizing the need for fine-tuning algorithms. This review underscored CAD systems' potential in assisting
radiologists with early cancer detection but recommended improvements in false-positive reduction methods to reduce
unnecessary biopsies. A research divided CAD systems into groups based on erroneous reductions and nodule detection.
highlighting deep learning advancements in both areas. The researchers reviewed CNN-based approaches and found that
CNNs had achieved high sensitivity and specificity in nodule detection tasks. However, challenges like data annotation and
model generalization persisted, with the authors suggesting additional training data and more complex networks to
overcome these issues. This study pointed out that CNN-based CAD systems could significantly assist radiologists by providing
consistent and reliable assessments, particularly for difficult-to-detect nodules, but that improvements in model
generalizability and interpretability are necessary for widespread clinical adoption Al-Yasriy et.al.[27]. Additional research
work used a CNN model based on Alex-Net and classified lung scans. With a great accuracy of 93.548% in classifying, the
sensitive value being 95.714%, and specific value being at 95%, the model showed potential promise for classifying and early
diagnosis of lung cancer stage. Although the CNN model provided promising results, it would be a severely limited reliability
since it was trained on a dataset. Work focuses on the potential of CNNs in assisting early diagnosis via incredibly accurate
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automated categorization that can aid radiologists in making fast critical decisions for patient care Wang et.al.[28]. One such
paper proposed a SVM model classifying lung cancer cells as benign or malignant. Image preprocessing steps included
smoothing, segmentation, and feature extraction to improve accuracy. SVM was chosen for its robustness with high-
dimensional data, achieving promising detection accuracy. This study highlighted the importance of SVMs for lung cancer
classification, particularly given their interpretability and ability to perform well with smaller, curated datasets. The research
demonstrated the efficacy of SVMs in distinguishing malignancies, thereby underscoring their potential role in aiding
diagnostic workflows Firmino et.al.[29].

The Comparative studies of this literature review has been done and it is as given below in Table 1

Authors Method Used Cons Accuracies Database Used.
Training
U-Net Architeture to find lacks a comprehensive evaluation of Accuracy of
[9] Tekade, R. lung nodules model accuracy across diverse datasets 95% LUNA-16
Testing
[16]Wahab Median Filter to eliminate lacks a practical implementation Accuracy of
Sait impulse noise analysis 92% NIH ChestX-ray
YOLOv4-based lung nodule challenge of distinguishing between Binary accuracy VGHTPE testing
[1] Chiu HY  detection benign and malignant nodules 85% dataset
Own CNN model with ten lacks extensive details on model Binary Accuracy
[21]Aluka, M. layers performance of 94% NIH Chest
3D deep learning
[22] K. ). convolutional neural intensive processing required for 3D
Eldho network CNN models 93% DICOM images

lacks a thorough examination of
[29] Firmino, Computer-Aided Detection practical challenges, such as the

M systems system's reliance 90.20% NIH Chest

[15]Shah, deep ensemble 2D CNN lacks a detailed analysis of the

AA., architecture computational cost 95% NIH Chest

[2] Shimazaki, relatively low sensitivity for detecting

A, segmentation method lung cancer lesions 80% chest radiographs

[18] N. model's classification may not enforce

Kalaivani, Deep CNN network accurate categorization of nodules Binary 90.85% chest radiographs
Local Response

[24] Hosseini, Normalization (LRN) with

S.H., AlexNet Should work on large datasets ~90% NIH chest X-ray

[12]Peters, not fully represent the diverse range of Large scale validation

AA., Al Assistant techniques. clinical conditions 82% of the M5L lung

IDLA for lung cancer The paper does not explore potential
[13] Reddy detection challenges in the scalability 92% LUNA16 dataset

Table 1 Comparetive Studies of literature reviews

CONCLUSION

This review work adopts multiple techniques like Machine Learning, Deep Learning and Artificial Intelligence for clinical
diagnostics applications for early detection of lung cancer. Current limitations are like accuracy, reliability across diverse
patient demographics and diagnosis under resource constraint environment can be addressed in future work through
innovative methodologies. This study contributes to the broader field of medical imaging for early lung cancer detection.
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