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Detection of Lungs Disease Using Deep 

Learning Methods: A Systematic Review 
 

 

Abstract 

Over the past few years, it has been observed that the application of deep learning (DL) 

techniques has proven to be quite effective in medical image analysis, particularly in the 

early detection and diagnosis of various diseases. This systematic review focuses on the 

application of DL methods for detecting various diseases such as lung diseases, with a 

comprehensive analysis of the present state of research in this field. The paper provides 

an in-depth examination of the methodologies employed in different studies, 

highlighting the strengths and limitations of various deep learning models applied to 

lung disease detection. The systematic review encompasses a broad range of lung 

diseases, including but not limited to tuberculosis, lung cancer, pneumoniaand chronic 

obstructive pulmonary disease (COPD). The review evaluates the types of imaging 

modalities, like chest X-rays and computed tomography (CT) scans, used in conjunction 

with deep learning models for accurate disease identification. Special attention is given 

to the performance metrics and validation strategies employed in the reviewed studies, 

facilitating a critical assessment of the reliability and generalizability of the proposed 

models. Furthermore, the paper addresses the challenges and opportunities associated 

with the integration of deep learning in lung disease detection, including data scarcity, 

interpretability of models, and the potential for real-world clinical implementation. The 

systematic review concludes with recommendations for future research directions, 

emphasizing the need for standardized datasets, robust model validation, and 

collaborative efforts to enhance the translational impact of DL in improving the early 

detection and management of lung diseases. Overall, this review contributes to the 

understanding of the current landscape of DL applications in the process of detecting 

the lung diseases and has proven to be quite fruitful for researchers, clinicians, and 

healthcare specialists involved in the intersection of artificial intelligence and 

pulmonary medicine. 

 

1 Introduction  

Human cells are intricately dependent on a consistent and ample supply of oxygen to function 

optimally, and any disruption in the inflow of oxygen can adversely affect their performance. 

The critical process of oxygen intake and the expulsion of excess carbon dioxide occur in the 

lungs [1], [2]. Although, the lungs, being delicate organs, are perpetually susceptible to 

environmental factors, making them prone to various ailments collectively known as lung 

diseases [3]. Given the lungs' constant exposure to external elements, the risk of developing 

these diseases is quite high. Consequently, the overall health and efficiency of human cells 

are jeopardized when the lungs, the primary organ responsible for oxygen exchange, are 

compromised by such respiratory ailments. 

Presently, the predominant respiratory ailment is Covid-19, a consequence of the ongoing 

global pandemic. As of now, the reported cases of Covid-19 have exceeded 106 million, with 

a staggering death toll of at least 2 million. Effectively managing and mitigating mortality 
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during this pandemic relies heavily on promptly identifying infected persons and closely 

monitoring those who are critically affected.This urgency arises from the virus's high 

transmission rate, extended incubation period, and a relatively elevated mortality rate [4]. 

Effectively addressing the challenges posed by Covid-19 necessitates early and accurate 

diagnosis, as well as vigilant surveillance of individuals experiencing severe symptoms. The 

imperative nature of these measures becomes apparent in light of the virus's rapid spread, 

extended period of asymptomatic transmission, and the severity of its impact on human 

health. By implementing stringent monitoring and diagnostic protocols, it becomes possible 

to enhance pandemic management strategies and, in turn, mitigate the overall mortality 

associated with this highly transmissible and potentially severe respiratory disease.The field 

of computer-aided detection/diagnosis (CAD) in medical imaging, particularly radiography, 

has witnessed remarkable progress, primarily attributed to the integration of advancedDL 

strategies. Notably, within computer vision tasks, a number ofDL models, predominantly 

convolutional neural networks (CNNs), have demonstrated substantial success. This 

technological evolution has paved the way for early identification and diagnosis of various 

diseases [5]. Traditional diagnostic technologies such as X-rays, CT scans, magnetic 

resonance imaging (MRI), and positron emission tomography (PET) have been pivotal in 

detecting and identifying lung cancer [6]. The use of DL techniques has proven to be more 

effective, not only enhancing accuracy but also streamlining the calculation process, thereby 

underscoring its potential in revolutionizing the diagnosis and classification of a spectrum of 

lung diseases.The field of machine learning presents an intriguing domain within various 

fields of engineering. Functioning as a branch of artificial intelligence, machine learning 

captivates researchers and enthusiasts alike due to its capacity to derive meaningful patterns 

from examples—a cognitive process inherent to human intelligence. This capability enables 

machines to engage in well-defined, repetitive tasks with precision, establishing a profound 

allure. The consistent and reliable execution of missions by computers is a compelling aspect 

of machine learning, offering a glimpse into the potential of automated systems [7]. In recent 

times, machines have not only showcased the ability to learn but have also demonstrated 

proficiency in mastering tasks previously considered beyond their capabilities. This 

revelation underscores the evolving landscape of machine learning, paving the way for 

applications in diverse fields. Learning algorithms, a core component of machine learning, 

prove to be invaluable in the development of computer-assisted diagnosis and decision-

making systems, contributing to advancements in automated problem-solving [8]. One of the 

most intriguing aspects of machine learning is its propensity to identify patterns that may 

elude human perception. In certain situations, machines exhibit the capacity to "sense" 

patterns that remain invisible to human observers. This unique ability has generated 

considerable interest, particularly in the realm of medical imaging, where machine learning 

applications hold promise for revolutionizing the analysis and interpretation of medical 

images [9]. As we delve deeper into the capabilities of machine learning, its potential to 

uncover hidden patterns and enhance decision-making processes continues to spark curiosity 

and drive innovative applications across various domains. 

Inspired by the great and effective achievements of deep learning networks, researchers in the 

medical sciences have been driven to harness their capabilities in the realm of medical data 

images, particularly in tasks like the identification of lung diseases. The outcomes of these 

researches have unveiled the efficacy of deep networks in successfully extracting valuable 

features that serve to distinguish between different classes of medical images [10]. At the 

forefront of this progress is the CNN, widely acknowledged as the predominant deep learning 

framework in the medical domain.The versatility and effectiveness of CNNs have been 

exemplified in their application to classify diverse medical photographs. This stems from the 

CNN's inherent ability to derive a myriad of characteristics from images, enabling the 

4
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discrimination of various types within medical datasets [11]. The utilization of CNNs in 

medical image classification showcases the adaptability of deep learning frameworks and 

their capacity to enhance diagnostic capabilities. As researchers continue to explore and 

refine these applications, the use of Dl techniques in medical imaging has opened a new field 

of research and can act as an increasingly pivotal role in advancing the identification and 

understanding of complex medical conditions. 

This research study emphasis on the very recent developments in DL applied to medical 

imaging, specifically focusing on CT and X-ray modalities, for the purpose of classifying 

lung diseases. The urgency of this exploration arises from the pressing need to address not 

only traditional lung illnesses but also the heightened demand due to the Covid-19 pandemic. 

Understanding the efficacy of modern techniques becomes paramount in the development of 

systems that can alleviate the substantial burden on medical professionals and augment 

conventional human diagnostics. 

 

 

Figure 1: Various processes for Lung disease detection using Deep Learning  

In the realm of lung disease detection, the diagnostic process involves a series of meticulous 

steps aimed at achieving accurate and reliable results as shown in Figure 1. The journey 

begins with the acquisition of imaging data through X-rays or CT scans, providing detailed 

insights into the structure and condition of the lungs. Following this initial stage, the focus 

shifts towards feature extraction, a critical process that involves identifying and isolating 

relevant patterns and characteristics within the images. Feature extraction can be carried out 

through various methods, ranging from advanced Deep Learning (DL) techniques to more 

conventional methods. Deep Learning, with its ability to automatically learn intricate 

patterns, has gained prominence in recent years for its efficacy in capturing nuanced features 

indicative of lung diseases. Conversely, traditional methods, rooted in classical image 

processing techniques, offer a complementary approach, showcasing the diversity of tools 

available for feature extraction. 

To enhance the robustness of the dataset and augment its diversity, data augmentation 

techniques come into play. This involves introducing variations and transformations to the 

existing data, ensuring that the model is exposed to a more comprehensive range of scenarios. 

Data augmentation proves instrumental in fortifying the model against overfitting and 

improving its generalization capabilities. With the pre-processing steps completed, the dataset 

is then fed into learning algorithms. These algorithms can be categorized into two main types: 

DL-based and non-DL-based. Deep Learning algorithms, such as convolutional neural 

networks (CNNs), have demonstrated remarkable success in image-based tasks, including 

lung disease detection. On the other hand, non-DL-based algorithms, encompassing 

5
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traditional machine learning techniques, provide a solid foundation for comparison and may 

exhibit strengths in certain scenarios. To refine the learning process and adapt the model to 

specific nuances in the data, transfer learning is often employed. Transfer learning leverages 

knowledge gained from a pre-trained model on a related task, allowing the algorithm to 

benefit from previously learned features and representations. This step proves especially 

valuable when faced with limited labeled data for the specific lung disease under 

consideration. Finally, to further bolster classification accuracy, ensemble methods are 

introduced. Ensemble methods combine the predictions of multiple models, harnessing the 

collective intelligence of diverse algorithms. This collaborative approach enhances the 

model's robustness and generalization, ultimately yielding more accurate and reliable results 

in the classification of lung diseases. 

The primary objective of this research is twofold. Firstly, it seeks to facilitate a 

comprehensive recapitulation and categorization of recent DL researches in the medical 

domain, specifically those aimed at enhancing the performance of diagnostic systems for lung 

diseases across various applications. The diverse range of applications encompasses the 

spectrum of respiratory conditions, encompassing both common lung ailments and those 

exacerbated by the global Covid-19 crisis.Secondly, the research focus to explain the 

challenges inherent in designing effective deep learning models for medical imaging, 

particularly in the context of lung disease diagnostics. By systematically analyzing the 

problems encountered in the current landscape, the research aims to contribute insights into 

potential directions for refining and optimizing deep learning approaches. This dual-pronged 

approach not only provides a comprehensive overview of the recent advancements but also 

lays the groundwork for addressing the intricacies of implementing DL in the field of medical 

imaging for enhanced lung disease classification. 

 

2 Deep Learning Methodologies 

DL represents a specialized branch within algorithmic machine learning (ML), drawing 

inspiration from the intricate workings and design of the human brain. Latest advancements 

in the field of ML, especially in the realm of deep learning, have significantly bolstered our 

ability to recognize, measure, and classify models within medical data images. A pivotal 

characteristic of DL lies in its capacity to autonomously learn features directly from data, a 

departure from traditional methods that relied on manually crafted features [12]. The 

application of DNN, a core element of deep learning, extends beyond traditional boundaries, 

proving adept at solving complex problems in numerous areas. Notably, deep learning 

facilitates the dynamic identification of image features, offering a dynamic and responsive 

approach [13]. The influence of deep learning in the medical field is increasingly evident, 

with numerous applications now adopting it as a state-of-the-art methodology, leading to 

substantial advancements and improved outcomes [14]. Figure 2 provides a comprehensive 

visualization of the entire process involved in detecting lung diseases through the application 

of deep learning methodology. 

A CT scan, or computed tomography scan, stands as a sophisticated medical imaging 

technique that employs systematic analysis to generate sub-images. These sub-images are 

acquired from different angles and levels of detail across the patient's body. They can be 

viewed independently or compiled to create a comprehensive three-dimensional image, 

providing a detailed representation of organs, body tissues, bones, and any anomalies present. 

The wealth of information obtained from CT scans surpasses that of X-rays, offering more 

accurate and nuanced details. In numerous studies referenced in the survey, CT scans have 

been instrumental in diagnosing various lung diseases and the distinctive challenges posed by 

COVID-19 recognition [15]. By utilizing CT scans, researchers and medical professionals 
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can delve into a realm of higher precision and clarity, enhancing the diagnostic capabilities 

for various pulmonary conditions. The three-dimensional visualization derived from CT scans 

allows for a more comprehensive understanding of the intricate structures within the body, 

aiding in the accurate identification and characterization of anomalies in the lungs. 

 

 

Figure 2: Process for Lung disease detection using Deep Learning 

This advanced imaging modality, with its ability to capture detailed cross-sectional images, 

has become a cornerstone in medical diagnostics, particularly in the context of respiratory 

diseases. The application of CT scans not only elevates the diagnostic accuracy but also plays 

a pivotal role in the ongoing efforts to enhance the understanding and management of lung-

related ailments.  

The process of detecting lung disease typically involves the classification of images into two 

categories: those depicting healthy lungs and those displaying signs of disease. The 

foundation of this classification lies in the development of a classifier or model, which is 

achieved through a training process. Deep learning, a powerful tool in this context, enables 

the construction of a classifier capable of distinguishing between different classes labels in 

lung images [16]. The initial step in this process entails the collection of images featuring 

lungs affected by the specific illness under consideration. These images form the dataset 

which is used for training the DL model. The subsequent step involves the training of the 

model, a critical phase where it learns to recognize patterns and features associated with lung 17
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diseases. Once adequately trained, the model gains the ability to identify and classify lung 

diseases in images. The final step involves deploying the trained model to categorize 

unknown images, thereby contributing to the diagnostic process [17] as shown in Figure 3. 

 

Figure 3: Steps for Lung disease detection  

The classification of images relies on the identification of objects within them. Techniques 

such as edge detection, which represents the primary phase of image segmentation, are 

employed to pinpoint areas in an image where the concentration of image intensity undergoes 

significant variation. This helps define the region of interest, crucial for accurate 

classification [18]. In the domain of digital image processing, edge detection stands out as a 

widely applied technique. It concentrates on recognizing localized alterations in the intensity 

of an image, usually resulting from the boundaries of object surfaces depicted in the image 

[19]. This emphasis on edges is a deciding factor in delineating the contours of objects and 

structures within the images, aiding in the precise identification and classification of lung 

diseases. The incorporation of edge detection within the broader framework of image analysis 

contributes to the refinement and accuracy of the entire diagnostic process.  

The significance of possessing an extensive training dataset in the domain of DL cannot be 

overstated, as it makes a deciding role in enhancing the precision of the training process. A 

valuable strategy for augmenting the training dataset without the need for acquiring 

additional images is the utilization of image augmentation techniques. Through image 

augmentation, diverse iterations of the original images are generated, introducing variations 

that contribute to the robustness of the model. This is achieved through the application of a 

number of different processing methodologies, including rotations, flips, transformations, 

zooms, and the introduction of noise [20]. The integration of these augmentation methods not 

only enriches the dataset but also fortifies the neural network's ability to generalize patterns 

and features, thereby bolstering the overall performance of the deep learning model. 

On the input image,the system uses a data augmentation procedure to lessen the reliance on a 

huge number of sample images from each individual [21]. Data augmentation not only aids in 

minimizing the need for an extensive dataset but also serves as a preventative measure 

against overfitting by introducing additional complexity to the model. The diversity in 

knowledge achieved through augmentation acts as a countermeasure to variance, contributing 

to the model's improved generalization. However, it's important to acknowledge the 

associated drawbacks, including increased preparation time, processing costs for 

transformations, and additional memory requirements [22]. 

CNNs form a versatile family of machine learning models, featuring multiple convolutional 

layers designed for extracting image features. Widely utilized in computer vision for image 

processing, CNNs play a crucial role in various applications. During the training phase, Deep 
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CNNs work to narrow the gap between their current model and identified components, 

capturing diverse features in different layers. This enables accurate identification and 

classification of structural components when analyzing new input images [23]. 

Among the diverse deep learning methods, CNNs stand out as a particularly popular and 

effective approach for object detection in images. Structured akin to the neural networks in 

the human brain, CNNs consist of neurons with learnable biases and weights, processing 

multiple inputs and calculating a weighted sum. After this, the resulting cost function is 

passed through a kernel function to generate a result [24]. In the realm of chest disease 

diagnosis, various CNN architectures have demonstrated remarkable success.  

 

3. Literature review 

In the section we have detailed various research works that used deep learning techniques for 

identifying lung diseases.  

A. Masood et al. [25] introduced a novel DL model, leveraging Metastatic Breast 

Adenocarcinoma Network (MBAN) metastasis information, to detect pulmonary cancer. The 

developed methodology, known as DFCNet, is built upon a deep full convolutional neural 

network (FCNN) specifically crafted for the task of categorizing individual lung nodules into 

one of four distinct cancer stages. This innovative approach utilizes the capabilities of a deep 

FCNN to analyze and classify lung nodules, providing a sophisticated framework for the 

precise characterization of cancer progression. Thisresearch outcomes highlight the efficacy 

of the given approach in the identification and classification of lung nodules, showcasing its 

potential to significantly enhance the accuracy of nodule detection for radiologists.The 

evaluation of the suggested testing methodology involves the utilization of diverse datasets. 

Additionally, the SPIE Test Database, though not explicitly transcribed, served as a crucial 

dataset for assessing whether DFCNet could proficiently discriminate between nodules 

(benign or malignant) and non-nodules without markings. Comparative analysis reveals that 

the average accuracy of CNN stands at 77.7%, while DFCNet exhibits a higher average 

accuracy of 84.6%. These results underscore the superior performance of DFCNet in the 

domain of lung nodule classification and established itself as an very effective tool for aiding 

radiologists in enhancing the precision of pulmonary cancer diagnoses. 

S. Suresh et al. [26] in the next year presented an approach for the automated classification 

of tumor stages in pulmonary chest radiography using a DCNN designed for edge learning. 

The study involved the analysis of images sourced from 1018 cases obtained from the 

publicly available LIDC-IDRI database. The primary objective was to explore and extract 

self-learned salient features, focusing on nodules of various shapes within the Non-

Radiological Interest (NROI) region.The DCNN was trained on NROI observations, and 

subsequently, it was capable of classifying tumor patterns into categories of non-cancerous, 

benign, or cancerous. The methodology underwent a comprehensive examination, 

specifically tailored to the LIDC datasets, with a specific emphasis on varying levels of 

nodule diseases. The results demonstrated anvery remarkable accuracy rate of 98.01% in the 

classification of tumor stages. 

Q. Zhang et al. [27] introduced a very innovative approach for the comprehensive 

identification of 3D-nodule CT scans through the application of CNN. Their methodology not 

only streamlines the process by eliminating the separate steps of nodule categorization and 
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feature extraction but also extends the capabilities of CNNs to three-dimensional models. The 

study employed a widely recognized lung CT dataset, the LIDC/IDRI, for evaluating the 

performance of their proposed models.The experimental findings revealed that, among 

various deep learning architectures, DenseNet121 and Xception exhibited superior outcomes 

in the prediction of lung nodules. By employing these advanced CNN models, the researchers 

achieved remarkable results in terms of accuracy. Multiple conventional deep learning 

methods were integrated into the experiments, contributing to an enhanced overall impressive 

accuracy rate of 87.81%. The distinctive aspect of this research lies in the adoption of an end-

to-end classification approach, where the raw 3D-nodule CT scans are directly processed by 

CNN models to automatically identify discriminative optical features. Notably, with the 

utilization of the DenseNet121 model, the CAD system illustrated an accuracy of 88.1%. This 

not only signifies the efficacy of the proposed methodology but also underscores the potential 

of end-to-end classification in significantly advancing the accuracy and efficiency of CAD 

systems for the identification of pulmonary nodules in three-dimensional CT scans. 

Jaiswal et al. [28] implemented a DL-based technique to detect and characterize the lung 

disease particularly pneumonia. The proposed identification model demonstrates improved 

performance on a chest radiograph dataset, providing insights into potential pneumonia 

causes. The modeling approach employed in this study relies on Mask R-CNN (Region-based 

Convolutional Neural Network), a DL network specifically designed for object detection. By 

utilizing Mask R-CNN, the researchers aimed to classify lung opacities that could be 

indicative of pneumonia. The experimental results were particularly noteworthy, with the 

proposed DL model achieving an accuracy rate of 97.08%. This high level of accuracy 

underscores the efficacy of the Mask R-CNN-based approach in detecting and characterizing 

pneumonia in CXR images. The combination of advanced DL techniques, thoughtful post-

processing strategies, and a robust dataset contributes to the success of this method, 

positioning it as a promising tool for enhancing the diagnostic capabilities of radiologists in 

the realm of pneumonia detection. 

Chen et al. [29] introduced a novel self-supervised DL method that works without any 

human efforts for the diagnosis of Covid-19, showcasing its efficacy with minimal training 

patterns. This method employs a conventional classification network while concurrently 

establishing a separate dictionary tailored for handling continuous high-dimensional input 

data. The model achieved an impressive accuracy of 86.79%, underscoring its capability to 

accurately diagnose Covid-19 through the analysis of chest CT scans. 

Ahmed et al. [30] in the year 2020, introduced a pioneering approach for self Covid-

19detection with the help of 3-dimensional CT data images. The multi-task component is 

specifically tailored to assess the severity of Covid-19 cases while simultaneously 

partitioning the lung lobes. The M2 UNet architecture is composed of an encoder at the patch 

stage, a semi-network for lung lobe partitioning, and another semi-network for severity 

evaluation through classification. This intricate structure enables the system to 

simultaneously address the challenges of detecting Covid-19 and gauging the severity of the 

condition, contributing to a more holistic diagnostic approach.. The results were highly 

promising, with the given system achieving 98.48% accuracy. 

Asma et al. [31] introduced an innovative self-supervised active DLalgorithm named COVID 

AL, designed for the diagnosis of Covid-19 using CT scans and participant annotations. This 
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algorithm employs a 2-Dimensional U-Net for lung field categorization and incorporates a 

cutting-edge hybrid adaptive learning strategy as part of its diagnostic process. Notably, 

COVID AL achieved remarkable results by leveraging just 30% of the classified results, 

attaining an accuracy of over 94.89% when compared to employing the entire dataset with 

the traditional DL technique.The proposed COVID_AL algorithm demonstrated an accuracy 

of 86.02%, representing a noteworthy achievement and positioning it as the leading 

performer among various strategies. 

Khan et.al [32] introduced an innovative diagnostic technique for Covid-19 utilizing CT 

scan images, termed the Multi Kernels ELM-based Deep Neural Network (MKs—ELM—

DNN). This novel methodology involves the extraction of deep characteristics from CT scan 

data through the application of a CNN. In the proposed model, a comprehensive evaluation is 

conducted using an available dataset that comprises both Covid-19 and Non-Covid-19 

categories. The key aspect of this approach lies in its utilization of the DenseNet201 

architecture through a transfer learning strategy. This strategy involves extracting deep 

features from the pre-trained fully-connected layer of the architectural design, thereby 

enhancing the model's ability to discern intricate patterns in the CT scan data.The 

experimental outcomes of the MKs—ELM—DNN framework were highly promising, 

achieving an impressive accuracy score of 98.41%. This indicates the effectiveness of the 

proposed diagnostic model in accurately distinguishing between Covid-19 and Non-Covid-19 

cases based on CT scan images. The incorporation of transfer learning and the utilization of a 

pre-trained CNN showcase the model's capability to leverage existing knowledge and adapt it 

for enhanced diagnostic accuracy detecting Covid-19. 

Yan et al. [33] in their research study found a novel way which can be used to detect Covid-

19 using image data, presenting an ensemble DL model. This particular rresearch study 

collected a substantial dataset of 2930 CT images. To ensure the quality of the images, a 

normalization process was applied, resulting in a curated dataset of 2550 high-quality CT 

images. In order to boost the efficiency of the DL model, transfer learning was utilizedto configure 

input variables and pre-train three deep CNN models: AlexNet, ResNet, and GoogleNet. The 

study revealed that the ensemble DL framework, which combines the insights from all three 

models, outperformed individual models. The ensemble approach showcased superior 

recognition accuracy compared to the individual component models. The identification model 

employed for the fully connected layer with softmax. Remarkably, the proposed ensemble DL 

model showed an outstanding accuracy rate of 99.45%. This impressive result underscores 

the efficacy of the approach in accurately detecting Covid-19 from CT image data, 

showcasing its potential as a valuable tool in the ongoing efforts to combat the global 

pandemic. 

G. Savitha et al. [34] also presented an advanced deep learning method designed to enhance 

the nodule localization and identification process within a CAD system. This sophisticated 

approach employs DNNs with convolution and de-convolution layers to extract intricate 

features and recognize pertinent details in the medical images. The application of a dependent 

random structure effectively reduces false positives that may arise during the process.To 

further enhance and refine the findings of the deep learning model, the researchers 

incorporated a Conditional Random Field (CRF) approach in the current context. This 

additional step enhances the precision and robustness of the CAD system, ensuring accurate 

localization and identification of nodules in medical images.In order to evaluate the CAD 
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system, the researchers utilized the LIDC-IDRI dataset. A notable accuracy rate of 89.5% is 

achieved. This outcome highlights the effectiveness of the suggestedDL method, emphasizing 

its potential as a robust tool for nodule localization and identification in medical imaging 

within the context of a computer-aided diagnosis system. 

D. Ezzat et al. [35] introduced a novel approach, GSA—DenseNet121—COVID—19, 

presenting a hybrid-based CNN model designed to enhance the result of Covid-19 

identification in X-ray scans. The chosen CNN model for this innovative methodology is 

DenseNet121, complemented by the utilization of the Generalized Search Algorithm (GSA) 

as the optimization technique. To systematically evaluate and validate the proposed GSA—

DenseNet121—COVID—19 model, a binary Covid-19 dataset was meticulously 

managed.The results of this innovative approach showcased an impressive accuracy rate, 

with the proposed model accurately identifying 98.38% of the test data. The incorporation of 

the Generalized Search Algorithm and DenseNet121 contributes to the robustness of the 

model, positioning it as a valuable tool in the ongoing efforts to boost up the efficiency and 

precision of Covid-19 diagnostics using medical imaging data. 

Akkar et al. [36] introduced an innovative method for the prediction of skin carcinoma 

images, leveraging the power of AI. At the core of this approach is the utilization of an ANN, 

and the training of this network is facilitated by the implementation of a Moth Flame 

Optimization (MFO) algorithm. The synergy between AI and optimization techniques 

enhances the accuracy and efficiency of the system in predicting skin carcinoma.The 

proposed method involving MFO-assisted ANN demonstrates superior performance when 

compared to alternative approaches, as evidenced by a variety of metrics. Notably, the MFO-

based approach achieves an impressive 84.93% ARD, showcasing its effectiveness in 

accurately predicting skin carcinoma images. Furthermore, the proposed method stands out 

for its efficiency, as it incurs a minimal time cost compared to alternative approaches. The 

reduction in processing time, coupled with the high detection rate, underscores the 

practicality and efficacy of the MFO-assisted ANN in the context of skin carcinoma 

prediction. 

Akkar et al. [37] undertook a significant endeavor by collecting authentic data in the year 

2020. The obtained medical data underwent a series of pre-processing operations aimed at 

enhancing the quality of the images. This meticulous pre-processing step was crucial for 

optimizing the performance of the subsequent algorithmic analysis.The authors employed 

classification techniques in their study, with a focus on utilizing a backpropagation ANN. 

This ANN was further fine-tuned using three distinct activation functions: trainlm, trainbr, 

and traingd. The selection of the activation function proved to be crucial in influencing the 

effectiveness of the classification model. 

Xiang Yu et al. [38] introduced a novel structure named CGNet, using DL techniques, 

specifically designed for binary classification of chest X-ray images into two categories: 

healthy (pure) and pneumonia-affected. The CGNet framework comprises three integral 

components: feature extraction throughCNN, feature reconstruction utilizing a graph-based 

method, and classification using a shallow NN known as GNet.The initial phase involves 

employing CNN to extract features, prioritizing those deemed of higher importance for 

subsequent stages. Subsequently, a graph-based approach is implemented to reconstruct these 

features, adding a layer of refinement to the extracted information. Finally, the classification 
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is performed using a shallow neural network, GNet. The efficiency of the CGNet framework 

was measured on a public pneumonia dataset, where it achieved an impressive accuracy of 

98.75%. Furthermore, the model underwent testing on a COVID-19 CT dataset, 

demonstrating an outstanding accuracy of 99.08%. These results underscore the effectiveness 

of CGNet in accurately classifying chest X-ray images, making it quite clear that it can be 

quite useful for pneumonia detection and related medical image analyses.  

Ahmed et al. [39] presented an innovative method designed for identifying Covid-19 cases. 

To achieve this, the researchers employed three state-of-the-art algorithms: VGG 16, CNN, 

and ResNet-50.The model was rigorously validated using Kaggle's comprehensive Covid-19 

radiography dataset, which comprises a diverse range of chest X-ray images. The framework' 

efficiency was evaluated against the established ground truth, providing a reliable measure of 

its efficacy in the classification task. Among the three algorithms utilized in the model, VGG-

16 stood out as the most effective, demonstrating superior accuracy with an impressive rate 

of 97.7%. This outcome underscores the robustness and efficiency of the VGG-16 algorithm 

in accurately categorizing chest X-ray images into the specified groups.The utilization of 

advanced algorithms such as VGG 16, CNN, and ResNet-50, combined with the thorough 

validation on a relevant and diverse dataset, contributes to the credibility of the proposed 

framework. The emphasis on categorizing images into specific Covid-19-related groups 

enhances the utility of this model in aiding medical professionals in the rapid and accurate 

diagnosis of Covid-19 cases. 

E Hussain et al. [40] introduced a novel model named CoroDet, leveraging Convolutional 

Neural Networks (CNN) to automatically detect Covid-19 cases through the analysis of raw 

chest images, encompassing X-ray or CT scan data. The primary objective of CoroDet is to 

categorize these images into various classes, offering flexibility in the level of detail in 

classification.The outcomes of their proposed approach demonstrated commendable accuracy 

rates, showcasing the model's proficiency. For the two-class classification, the model gave 

95.13% accurate results, while the three-class classification yielded a remarkable accuracy of 

94.21%. In the case of the more nuanced four-class classification, CoroDet exhibited a 

notable accuracy of 91.27%. It must be kept in mind that here that the dataset utilized in their 

research study was meticulously prepared by the researchers themselves. This hands-on 

dataset preparation emphasizes the commitment to a comprehensive and representative 

dataset, contributing to the reliability and relevance of the model's results. 

Israa S. Abed [41] introduced an innovative automated system that harnesses the synergy of 

PCA and aBPNN to enhance the detection process of carcinoma diseases. This sophisticated 

model operates on a variety of medical imaging data, including X-ray images, MRI scans, CT 

scan images, among others. The integration of PCA and BPNN contributes to the overall 

performance of the system. The fundamental approach involves leveraging PCA to 

systematically extract essential features from the diverse medical imaging dataset. These 

selected features are now used as the input for the subsequent classification stage, where the 

BPNN algorithm plays a pivotal role. The BPNN is adept at learning complex patterns within 

the input data and making accurate classifications based on the identified features.The 

proposed automated system has exhibited notable success, achieving a commendable 

accuracy rate of 96.7%. This result underscores the capability of the integrated PCA and 

BPNN approach to significantly improve the accuracy of carcinoma disease detection when 

compared to traditional methods. 
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Muayad Sadik Croock et al. [42] in the year 2017 introduced an edge detection model. The 

feature extraction and edge detection processes were conducted through a combination of 

advanced algorithms, each contributing to the overall efficacy of the model. The Contrast 

Limited Adaptive Histogram Equalization (CLAHE) algorithm, the Canny edge detector, 

Otsu’s method for image segmentation, and the 8-Connectivity algorithm were strategically 

employed to optimize the identification and extraction of key features within the X-ray 

images.The model's performance was asserted to be satisfactory, particularly in terms of its 

proficiency in feature extraction and edge detection. These capabilities are crucial in the 

realm of dental imaging, where accurate delineation of structures and features is essential for 

diagnostic purposes. The evaluation of the model was carried out using X-ray data, and the 

reported result indicated a performance level of 82%. This metric signifies the model's 

effectiveness in accurately detecting edges and extracting features from bitewing X-ray 

images.This research showcases the significance of utilizing advanced image processing 

techniques for enhancing diagnostic capabilities in dental imaging. The incorporation of 

multiple algorithms demonstrates a holistic approach to edge detection, contributing to the 

potential improvement in dental diagnostic procedures. 

Abdulmunim et al. [43] introduced an innovative methodology employing the ID3 algorithm 

for the detection of breast cancer. The primary purpose of this method was to support 

physicians in interpreting mammogram images more effectively, enabling them to detect 

potential issues at an earlier stage. The proposed approach utilized wavelet and contourlet as 

auxiliary tools to enhance the accuracy of breast cancer detection.The overarching goal of 

this method was to classify mammogram images into two categories: normal and abnormal or 

benign. By implementing the ID3 algorithm, the model aimed to facilitate an automated 

classification process, providing valuable insights for healthcare professionals in the early 

identification of potential breast cancer cases. The incorporation of wavelet and contourlet in 

the methodology served as crucial components in extracting relevant features from 

mammogram images. These advanced signal processing techniques contributed to the 

enhancement of the model's sensitivity to subtle patterns indicative of abnormalities in breast 

tissue. The outcomes of the experiments conducted revealed promising results for the ID3 

algorithm in breast cancer classification. The model gavean 82% accurate results in the 

classification process when utilizing wavelet, and an impressive 93% accuracy when 

employing contourlet. These accuracy rates underscore the potential effectiveness of the 

proposed methodology in aiding healthcare professionals in the timely and accurate detection 

of breast cancer through mammogram analysis. 

The summary of the above mentioned methods is provided in Table 1.  

 

Table 1: Summary of the notable research methods 

Research Study Methodology Dataset Key Findings Accuracy 

A. Masood et al. [25] 

DFCNet (Deep Full 

Convolutional 

Neural Network) 

Various datasets, 

including SPIE 

Test Database 

Superior performance in 

lung nodule classification; 

DFCNet outperforms 

CNN with an average 

accuracy of 84.6% 

DFCNet: 84.6% 

S. Suresh et al. [26] 

DCNN (Deep 

Convolutional 

Neural Network) 

LIDC-IDRI 

database 

Remarkable accuracy of 

98.01% in the automated 

classification of tumor 

98.01% 
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for edge learning stages in pulmonary chest 

radiography 

Q. Zhang et al. [27] 

CNN 

(Convolutional 

Neural Network) - 

DenseNet121 and 

Xception 

LIDC/IDRI 

dataset 

Effective 3D-nodule CT 

scan identification; 

Ensemble methods yield 

an accuracy rate of 

87.81% 

87.81% 

(DenseNet121: 

88.1%) 

Jaiswal et al. [28] 

Mask R-CNN 

(Region-based 

Convolutional 

Neural Network) 

Chest radiograph 

dataset 

High accuracy of 97.08% 

in detecting and 

characterizing pneumonia 

97.08% 

Chen et al. [29] 

Self-supervised DL 

method for Covid-

19 diagnosis 

Not specified 

Impressive accuracy of 

86.79% in diagnosing 

Covid-19 from chest CT 

scans 

86.79% 

Ahmed et al. [30] 

M2 UNet 

architecture for self 

Covid-19 detection 

3-dimensional CT 

data images 

High accuracy of 98.48% 

in diagnosing and 

assessing severity of 

Covid-19 

98.48% 

Asma et al. [31] 

COVID AL 

algorithm (self-

supervised active 

DL) 

CT scans with 

participant 

annotations 

Accuracy of 86.02% 

using only 30% of 

classified results 

compared to traditional 

DL technique 

86.02% 

Khan et al. [32] 

Multi Kernels 

ELM-based Deep 

Neural Network 

CT scan images 

for Covid-19 and 

Non-Covid-19 

cases 

Outstanding accuracy of 

98.41% in distinguishing 

between Covid-19 and 

Non-Covid-19 cases 

98.41% 

Yan et al. [33] 

Ensemble DL 

model (AlexNet, 

ResNet, GoogleNet) 

CT images for 

Covid-19 

detection 

Exceptional accuracy rate 

of 99.45% using an 

ensemble approach 

99.45% 

G. Savitha et al. [34] 
DNNs with CRF for 

nodule localization 

LIDC-IDRI 

dataset 

Notable accuracy rate of 

89.5% in nodule 

localization and 

identification 

89.5% 

D. Ezzat et al. [35] 

GSA—

DenseNet121—

COVID—19 

(Hybrid CNN 

model) 

Binary Covid-19 

dataset 

Impressive accuracy of 

98.38% in identifying 

Covid-19 in X-ray scans 

98.38% 

Akkar et al. [36] 

ANN assisted by 

Moth Flame 

Optimization 

(MFO) 

Skin carcinoma 

images 

High accuracy of 84.93% 

in predicting skin 

carcinoma 

84.93% 

Akkar et al. [37] 

Backpropagation 

ANN with various 

activation functions 

Authentic medical 

data 

Method-dependent 

accuracy based on 

activation function (not 

specified) 

Not specified 

Xiang Yu et al. [38] 

CGNet framework 

(CNN, graph-based 

method, shallow 

NN) 

Pneumonia and 

COVID-19 

datasets 

Accuracies of 98.75% and 

99.08% in pneumonia and 

COVID-19 classification, 

respectively 

98.75% 

(Pneumonia), 

99.08% (COVID-

19) 

Ahmed et al. [39] 
VGG 16, CNN, 

ResNet-50 

Kaggle's Covid-

19 radiography 

dataset 

VGG 16 achieves the 

highest accuracy of 

97.7% in categorizing 

chest X-ray images 

97.7% (VGG 16) 
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4. Discussions 

Over the course of time, an increasing volume of research has been dedicated to the 

application ofDL in the identification of lung diseases. The significance of conducting 

comprehensive surveys to assess the on-going state of research and implementations in this 

domain has become paramount.The survey encompasses a meticulous examination of works 

published in the specified time frame, aiming to construct a taxonomy that encapsulates the 

cutting-edge approaches in DL based diagnosis of various lung disease. The evaluation of the 

distribution of works reveals the substantial utilization of CNNs. However, three primary 

drawbacks in lung disease identification using DL methodologies have been identified. 

Firstly, the issue of data imbalance is recognized, suggesting that future works could address 

this concern by incorporating additional features or integrating knowledge-based features into 

the models. Secondly, the challenge of handling vast amounts of data is acknowledged, and 

the paper recommends leveraging cloud computing over local training for more efficient and 

less resource-intensive processing. Lastly, the limitation of available datasets emerges as a 

critical challenge in the field, highlighting the need for standardized datasets of CT Scan 

images to facilitate authentic and rigorous scientific research. The paper thus serves as a 

valuable resource, shedding light on the current state of DL applications in lung disease 

detection while outlining areas for improvement and future research directions. 

5. Conclusion 

In conclusion, this systematic review provides a proper outlook of the present position ofthe 

research going-on in the detection of lung diseases using deep learning methods. The studies 

reviewed demonstrate the significant potential of deep learning models in precisely 

identifying various pulmonary conditions, ranging from infectious diseases like pneumonia 

and tuberculosis to more chronic conditions such as lung cancer and chronic obstructive 

pulmonary disease (COPD). The integration of deep learning with medical imaging 

modalities, including chest X-rays and CT scans, has shown promising results, showcasing 

the potential to revolutionize early disease detection and diagnosis.While the advancements 

in DL for lung disease detection are encouraging, several challenges persist. Issues such as 

limited and heterogeneous datasets, interpretability of complex models, and the need for 

E Hussain et al. [40] 
CoroDet (CNN 

model) 

Chest X-ray or 

CT scan images 

for Covid-19 

detection 

Accuracies of 95.13% 

(two-class), 94.21% 

(three-class), and 91.27% 

(four-class) 

95.13% (2-class), 

94.21% (3-class), 

91.27% (4-class) 

Israa S. Abed [41] PCA and aBPNN 
Various medical 

imaging data 

Notable accuracy of 

96.7% in carcinoma 

disease detection 

96.7% 

Muayad Sadik Croock et 

al. [42] 

Combination of 

advanced 

algorithms 

(CLAHE, Canny 

edge detector, 

Otsu’s method, 8-

Connectivity) 

X-ray data for 

dental imaging 

Performance level of 82% 

in edge detection and 

feature extraction 

82% 

Abdulmunim et al. [43] 

ID3 algorithm with 

wavelet and 

contourlet 

Mammogram 

images 

Accuracy of 82% with 

wavelet and 93% with 

contourlet in breast cancer 

detection 

82% (Wavelet), 

93% (Contourlet) 
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robust validation strategies pose obstacles to the widespread adoption of these techniques in 

clinical practice. Addressing these challenges is crucial for enhancing the reliability and 

generalizability of deep learning models in real-world healthcare settings.Moreover, the 

review highlights the necessity for standardization in data collection and the establishment of 

benchmarks for performance evaluation. Standardized datasets and evaluation metrics will 

not only facilitate fair comparisons between different models but also contribute to develop 

better robust and effective algorithms. Additionally, collaborative efforts between 

researchers, clinicians, and healthcare providers are essential to ensure the seamless 

integration of deep learning technologies into routine clinical workflows.As the field 

continues to evolve, future research should focus on refining existing models, exploring novel 

architectures, and conducting large-scale multicenter studies to validate the generalizability 

and clinical applicability of DL algorithms for lung disease detection. The successful 

translation of these innovations from research laboratories to clinical settings holds the 

potential to significantly improve patient outcomes through early diagnosis, personalized 

treatment strategies, and enhanced overall management of lung diseases. In conclusion, this 

systematic review serves as a roadmap for guiding future research endeavors, fostering 

collaboration, and ultimately advancing the field towards the practical implementation of 

deep learning in the realm of pulmonary medicine. 
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