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Abstract

:

Globally, lung cancer (LC) is the primary factor for the highest cancer-related mortality rate. Deep learning (DL)-based medical image analysis plays a crucial role in LC detection and diagnosis. It can identify early signs of LC using positron emission tomography (PET) and computed tomography (CT) images. However, the existing DL-based LC detection models demand substantial computational resources. Healthcare centers face challenges in handling the complexities in the model implementation. Therefore, the author aimed to build a DL-based LC detection model using PET/CT images. Effective image preprocessing and augmentation techniques were followed to overcome the noises and artifacts. A convolutional neural network (CNN) model was constructed using the DenseNet-121 model for feature extraction. The author applied deep autoencoders to minimize the feature dimensionality. The MobileNet V3-Small model was used to identify the types of LC using the features. The author applied quantization-aware training and early stopping strategies to improve the proposed LC detection accuracy with less computational power. In addition, the Adam optimization (AO) algorithm was used to fine-tune the hyper-parameters in order to reduce the training time for detecting the LC type. The Lung-PET-CT-Dx dataset was used for performance evaluation. The experimental outcome highlighted that the proposed model obtained an accuracy of 98.6 and a Cohen’s Kappa value of 95.8 with fewer parameters. The proposed model can be implemented in real-time to support radiologists and physicians in detecting LC in the earlier stages. In the future, liquid neural networks and ensemble learning techniques will be used to enhance the performance of the proposed LC detection model.
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1. Introduction


LC is a malignancy originating from the lung cells, especially within the epithelial lining of the bronchi, bronchioles, or alveoli [1,2]. It is prevalent and associated with high mortality rates on a global scale. In its earliest stages, LC exhibits no symptoms or presents with moderate manifestations [2]. As a result, it is typically diagnosed in an advanced stage. The delayed identification of a medical condition affects the efficacy of treatment and diminishes the likelihood of achieving long-term survival [3]. The two common types of LC are non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC) [4]. NSCLC is commonly classified into two subtypes: lung squamous cell carcinoma (LUSC) and lung adenocarcinoma (LUAD) [4]. The fine-grained categorization of LC, including LUSC, LUAD, and SCLC, has a significant role in determining the prognosis of LC compared to benign and malignant classifications. The precise classification of LC at the primary diagnostic stage significantly improves therapy efficacy and subsequently increases patients’ survival rate [5]. PET and CT are extensively employed as non-invasive diagnostic imaging modalities in clinical practice, serving as valuable tools for assessing the specific diagnosis of LC [6].



The early detection and treatment of LC through effective screening methods are vital in enhancing patient outcomes. Based on the National Lung Screening Trial findings, low-dose helical CT screening is more effective in reducing mortality among high-risk populations [7]. Nevertheless, the screening process for LC is susceptible to yielding false positive (FP) results, leading to increased costs due to unwarranted medical interventions and may induce psychological distress in individuals [8]. Computer-aided diagnosis has notable advantages in LC detection, including enhanced scope in early cancer screening and a diminished occurrence of FP results throughout the diagnostic process [9].



In the realm of LC detection, there have been notable developments in the form of novel approaches and technologies for enhancing early diagnosis and treatment efficacy [10]. Liquid biopsies are used to examine blood samples for detecting cancers [11]. These diagnostic tests can identify genetic abnormalities and modifications associated with LC. Consequently, these tests offer a non-invasive approach to diagnosing the disease and monitoring the effectiveness of treatment. Low-dose computed tomography (LDCT) screening has emerged as a widely applied method for the timely identification of LC [12]. LDCT scans employ reduced radiation levels compared to conventional CT scans while delivering high-resolution images of the pulmonary region. Novel bronchoscopic methodologies, including electromagnetic navigation bronchoscopy and robotic-assisted bronchoscopy, facilitate the performance of minimally invasive lung lesion biopsies. These tools promote the prompt and precise identification of medical conditions. Integrating genomes, proteomics, and metabolomics has enabled the development of diverse strategies for identifying LC [13]. These methodologies employ several molecular markers to enhance diagnostic precision and discover possible targets for therapeutic intervention.



DL-based LC screening techniques can reduce mortality by detecting the disease in the primary stage [14]. It can aid in lowering false negatives (FN) by detecting subtle or early indicators of LC that humans may leave unnoticed [15]. Imaging modalities including CT, magnetic resonance imaging (MRI), and PET can be integrated using DL algorithms to understand the disease and assist in diagnosis and therapy planning. Cancer staging is directly related to the extent of disease metastasis [15]. A combination of imaging modalities and biopsies of suspicious tissue identifies cancer types. Cancer staging assists caregivers in selecting chemotherapy, immunotherapy, radiation, and surgical strategies [16]. In particular, the higher cancer stage increases the mortality rate. The effectiveness of medical therapies is based on the cancer stages. Providing more accurate and trustworthy diagnoses can help reduce misdiagnosis and unwarranted care. The process of LC screening produces substantial quantities of medical imaging data. DL models effectively analyze CT scans, chest radiography, and other imaging modalities due to their ability to analyze massive data [16,17,18]. Using DL models, physicians may gain insights into a patient’s state by combining data from several imaging modalities and other clinical data sources.



Due to privacy concerns and the cost of data acquisition, medical image datasets are typically small. Pre-trained models can apply broader image dataset expertise to medical images, enabling model training with minimal medical data [19]. These models can extract hierarchical information from images, including fine-grained details and crucial patterns. Feature extraction supports the medical image classification models to detect significant patterns, abnormalities, and disease indicators [20]. The process of training CNN models from scratch can pose significant computing costs and require a substantial amount of time. The deep transfer learning technique reduces training time and time spent fine-tuning the model for medical image classification [21].



LC diagnosis and classification rely heavily on PET/CT imaging. PET and CT images are combined in PET/CT-based LC detection models to understand lung lesions’ location, size, and metabolic activity. PET/CT scans are employed to monitor the efficacy of cancer treatment. The assessment of therapy success can be facilitated by tracking changes in metabolic activity and tumor growth over a period of time. Differentiating LC types and features with PET/CT imaging allows customized treatment. Bhandary et al. [20] developed a DL framework to detect LC using the CT images. Kanavati et al. [21] proposed a weekly-supervised learning-based model to identify lung carcinoma. Hallitschke et al. [22] built a multimodal LC lesion segmentation technique for annotating the images. They utilized the geodesic distance transformation technique and implemented an ellipsoid-based user simulation scheme. Ardila et al. [23] introduced an end-to-end LC screening model using LDCT images. Marentakis et al. [24] proposed an LC histology classification technique. Similarly, the studies [25,26,27,28,29,30,31,32,33] employed DL models for classifying the medical images to detect LC. Barbouchi et al. [34] introduced a deep neural network for LC classification. They obtained an accuracy of 97% in classifying the PET/CT images. El Hamdi et al. [35] proposed a VGG-16 network-based LC detection model. They generalized their model using the Lung-PET-CT-Dx dataset [36,37], which contains 251,135 PET/CT images. The model obtained an accuracy of 94% and an area under the receiver operating characteristic curve (AU-ROC) of 97%. Goswami and Singh [38] proposed a pulmonary LC classification model using a deep neural network. They applied accuracy, precision, recall, F1-score, and Cohen’s Kappa metrics for the performance evaluation. Liu et al. [39] discussed the role of deep reinforcement learning in finding LC using complex images.



In some healthcare settings, computing resources are inaccessible for training huge and complicated deep learning models for lung cancer diagnosis. To adapt DL-based solutions, healthcare centers demand high computational resources. DL algorithms may face challenges in generating an optimal outcome with limited datasets. The authors’ motivation for employing DL techniques for LC detection emerges from the potential to significantly transform early diagnosis, enhance patient care, contribute to scientific advancements, and generate substantial benefits for public health. Radiologist and physician effort may be reduced by automating LC detection using DL techniques. This automation can improve speed and consistency. Thus, the authors intend to build a cost-effective LC detection model using the DL technique. The study includes the following contributions:




	
A DL model for extracting critical features from the PET/CT images;



	
An LC detection model for identifying the type of LC with less computational resources;



	
Performance evaluation of the proposed LC model using state-of-the-art techniques.








The proposed study is structured as follows: Section 2 offers the proposed methodology for classifying types of LC using PET/CT images. The experimental results are presented in Section 3. Section 4 describes the significance of the proposed LC detection model. The study’s contribution and limitations are presented in Section 5.




2. Materials and Methods


The quality of medical images can affect feature segmentation approaches. The presence of noise, artifacts, or low-resolution images can diminish the quality of feature extraction. Feature segmentation techniques typically depend on pre-established feature sets, which may not include all pertinent data for the identification of lung cancer [33]. Specific feature segmentation algorithms may demand high computational resources when working with large medical image datasets. These algorithms may restrict applications to operate with limited resources [34]. Different patient positions and imaging settings may negatively impact the accuracy of feature segmentation methods.



DenseNet-121 possesses a high degree of parameter efficiency. It operates with fewer parameters, leading to an LC detection model with fewer computational resources [40]. It can extract rich and diverse information from PET/CT images. A dense connection improves backpropagation gradient flow. Therefore, the vanishing gradient challenge can be resolved by allowing gradients to autonomously and swiftly relocate throughout the network. This approach facilitates the proper training of deeper networks and ensures the acquisition of characteristics at multiple levels of abstraction. However, multiple connections within the network may result in elevated memory consumption. This could constrain the maximum batch size during the training process. The MobileNet V3-Small design offers exceptional efficiency and suitability for mobile and embedded devices [41]. It can be used in real-time object identification and image classification applications. The model is comparatively compact in relation to numerous deep learning models. It can be deployed on devices that possess restricted storage capacity. However, the MobileNet V3-Small model may not learn more complex characteristics than larger DL models. The presence of complicated patterns in datasets can potentially restrict its performance. The depthwise separable convolution layers of the MobileNet V3-Small model make it difficult to train them from scratch on complex datasets. This motivates the user to implement the proposed LC detection model using the DenseNet-121 model for feature extraction and the MobileNet V3-Small model for the LC image classification. The author presents an LC detection model using the CNN models in this study. Initially, an image preprocessing technique is used to improve the visibility of PET/CT images. Subsequently, the author followed an image augmentation technique to increase the dataset size. The DenseNet-121 model is used for feature extraction. The author employed a dimensionality reduction technique to reduce the number of features. Finally, enhanced MobileNet V3-Small model weights are used for detecting LC. Figure 1 outlines the proposed methodology for detecting LC using PET/CT images.



2.1. Image Acquisition


The author utilizes the PET/CT (Lung-PET-CT-Dx) dataset to generalize the proposed LC detection model. Lung-PET-CT-Dx is a recently developed dataset that comprises 31,562 annotated images. It is publicly available in the repository [36,37]. The images were retrospectively collected from multiple healthcare centers across China. The computer center and cancer institute, Harbin Medical University in Harbin, China, supported the dataset owners in obtaining permission to collect the PET/CT images. In addition, the patient’s personal information was not included in the dataset. The dataset contains CT and PET-CT DICOM images of LC patients. It provides XML annotation files to indicate tumor location and bounding boxes. The tissue histopathological diagnosis was used for the patients’ classification. The CT image resolution was 512   ×   512 pixels at 1 mm   ×   1 mm, and the PET image resolution was 200   ×   200 pixels at 4.07 mm  ×   4.07 mm. Five academic thoracic radiologists with expertise in LC detection were employed to annotate the tumor location. The Labellmg 1.4.0 package was used to capture the annotation. The images were broadly classified into adenocarcinoma (A), small cell carcinoma (B), large cell carcinoma (E), and squamous cell carcinoma (G). However, the dataset is highly imbalanced. Table 1 offers the dataset characteristics. Figure 2 highlights the sample LC images.




2.2. Image Preprocessing


PET and CT images are usually obtained as separate scans and may exhibit misalignment due to patient mobility. Various artifacts, including motion artifacts in PET and metal artifacts in CT scans, may influence these images. The image registration is used to guarantee spatial alignment between two images. The symmetric normalization (SyN) function is widely used for non-linear image registration. The author applied the SyN function to handle the deformations and improve the image alignment. The SyN function integrates PET metabolic activity with CT anatomical data. It employs a forward transformation for generating the images. A similarity metric measures the similarity between the source and target image. The SyN function employs cross-correlation computation to generate the normalized image. In addition, it computes velocity to apply smoothness to the images. The forward and inverse transformations are used to improve the alignment accuracy. The images were resized to 512   ×   512 pixels to improve the classification accuracy. Equation (1) shows the computation of the SyN function. The function captures the complex deformation in the PET/CT images by building a Gaussian pyramid. It identifies the spatial transformation for generating the spatially coincident features.


    I   i   = S y N     I   i   ,   φ   1   ,   φ   2     ,   i = 1 , … ,   n  



(1)




where     φ   1     a n d     φ   2     are diffeomorphism variables used to compute cross-correlation and velocities to normalize the images.



PET and CT images may have unique spatial resolutions and voxel sizes. The author employs the resample image filter function to normalize the spatial resolution of the PET/CT images. The function uses the interpolating pixel values to improve the spatial resolution of the PET/CT images. It minimizes high-frequency objects and restricts the irrelevant patterns during the resampling process. The mathematical form of the image resampling process is presented in Equation (2). The function modifies the dimensions of the image grid to maintain an effective resolution of the images. An interpolation technique is selected to compute the voxel values at non-grid positions depending on the image characteristics. The resample image filter function standardizes the PET/CT image dimensions and supports the proposed model to achieve a meaningful outcome.
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(2)




where s is the image size, scale is the scaling factor, and NI is the nearest neighbor interpolation.



The attenuation correction function enhances the anatomical and functional information of the PET/CT images. It reconstructs the images by reducing the artifact impressions. The author applies attenuation correction to address the artifacts of the PET images. In addition, the metal artifact correction technique eliminates the artifacts of the CT images. Equation (3) outlines the attenuation correction and metal artifact correction process. The attenuation correction function identifies variations in tissue density by measuring the attenuation of the gamma ray photons. It reduces the impact of scatter artifacts by constructing the primary photon attenuation. The metal attenuation correction function applies an iterative reconstruction technique to reduce the metal artifacts. In addition, it replaces the metal artifact regions with interpolated values of the surrounding tissue regions of the images.


    I   i   = a t t e n u a t i o n     I   i   , A   + M e t a l _ a t t e n u a t i o n     I   i   , M   ,   i = 1 , … ,   n  



(3)




where A and M are the attenuation coefficients for reducing the impression of the artifacts.



To improve the image contrast level, the author employs the Retinex filtering technique to address non-uniform illumination and shading of PET/CT images. Retinex filtering enhances the color and brightness of the PET/CT images. It preserves the overall structure and details of the images. It decomposes the images using the illumination and reflectance components. The logarithmic transformation technique modifies the image by multiplying the illumination and reflectance components into an additive relationship. As a result, the images are reconstructed with improved contrast and visibility. Equation (4) highlights the computational form of the Retinex filtering function. A logarithmic transformation decomposes the images into reflectance and illumination components. The function applies convolution to separate low- and high-frequency components. An exponential function transforms the images into linear space.
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(4)




where IM is the illumination component and RF is the reflectance component.




2.3. Image Augmentation


In order to increase the dataset size, enhance model generalization, and reduce overfitting, the author applied image augmentation techniques. The geometric transformations are used to generate variations in the image sizes. The images are rotated to 30, 60, 90, and 120 degrees to simulate deviations in the orientation of the patients. The author flipped the images to generate anatomical variations. The elastic deformation is employed to produce changes in tissue shape and position. The superimposition technique is used to include synthetic lesions for pathological condition simulations. It supports the evaluation of the model’s capability in classifying the LC types. Generative adversarial networks (GANs) facilitate the generation of high-quality synthetic images. The system comprises two neural networks, namely a generator and a discriminator, which operate in a mutually competitive manner. In order to address the data imbalance, the author employs multi-channel GANs [42] to generate the synthetic images. The multi-channel GAN model was trained and tested using the lung PET/CT images. The preprocessed images were used for generating the images. The pre-trained GANs allow the author to produce the PET/CT images related to the real PET/CT images without additional training. In addition, the images are generated at multiple points in the latent space for achieving semantic interpolation. Equation (3) shows the mathematical form of generating images using GANs.


    I   i   = G A N s     I   i     ,   i = 1 , … ,   n  



(5)








2.4. Feature Extraction


The author builds a feature extraction model using the weights of the pre-trained DenseNet-121 model. A sequence of convolutional layers, batch normalization, and ReLu function is employed for extracting the features. Figure 3 reveals the architecture of the proposed feature extraction model. The final set of layers in the feature extraction model is trained using the DenseNet-121 model’s weight with a learning rate of 1   ×       10   − 3    . The frozen pre-trained DenseNet-121 model requires fewer parameters for the feature extraction. Finally, the global average pooling layer obtains a fixed-size feature vector for each image. The feature extraction process minimizes the computational resources for classifying the PET/CT images. Equations (6) and (7) show the mathematical forms of generating fixed-size features.
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(6)






  F i x e d _ s i z e _ f e a t u r e s = G l o b a l _ A v e r a g e _ P o o l i n g _ 2 D ( f e a t u r e s )  



(7)








2.5. Dimensionality Reduction


Deep autoencoders are used to minimize PET/CT image dimensionality by developing a compact latent space representation [38]. This method employs an encoder–decoder architecture to attempt a reconstruction of the input image from its compressed lower-dimensional representation. The author uses the multilayer encoder network to reduce the feature dimensionality. The encoder’s layers facilitate the conversion of input data into an expression of reduced dimensionality by utilizing learned weights and biases. Lowering dimensions is accomplished by employing several processes like convolutions, pooling, and non-linear activations. The encoder’s final stage compresses the input picture into latent space. Compared to the original image, the dimensionality of this latent space is substantially less. In the autoencoder design, the latent space is the limiting factor. The condensed version of the input image captures its fundamental elements and patterns. Using the low-dimensional representation from the latent space, the decoder network attempts to recreate the original feature. The number of dimensions of the representation expands with decoder layers. The decrease in dimensionality can be attributed to the constriction in the latent space. The encoder network preserves essential characteristics of the features while removing irrelevant or identical data.




2.6. LC Detection Model


The primary objective of MobileNet V3 is to optimize the performance of mobile devices, embedded systems, and Internet of Things devices [41]. MobileNet models are ideal for developing lightweight image classifications. However, its small size may restrict its capacity to capture complex shapes and patterns compared to larger, parameter-heavy models. The efficient MobileNet V3 may not perform complicated feature extraction tasks, including high-resolution images or detailed object recognition [41]. MobileNet V3 models are developed for real-time applications and mobile devices. Certain trade-offs should be considered regarding the model size and its accuracy. A MobileNet V3-Small model may be unsuitable for applications requiring precision and minimal computational resources. It may exhibit limited generalization capabilities in classifying PET/CT models. In order to overcome the challenges, the author develops a classification model with the weights of the MobileNet V3-Small model for classifying the PET/CT images. A total of four convolutional layers are used for the classification. The final layers are trained with MobileNet weights. During the training, the author unfreezes three layers of the MobileNet model. The fully connected layers are integrated into the proposed model with the Softmax function to predict the type of LC. Equation (8) shows the computational form of the Softmax function.


  σ     I  →    =     e     I   i         ∑  j = 1   4      e     I   j          



(8)




where   σ ( )   is the Softmax function,     I  →    is the image,     e     I   i       is the standard exponential factor of the input vector, and     e     I   j       is the standard exponential factor of the output vector.



Furthermore, the author employs a learning rate and decay schedule for improving training stability and convergence. The data loading and preprocessing pipeline is optimized to reduce the training time. The author introduces quantization-aware training to maintain the trade-off between model size and inference speed [43]. Quantization-aware training optimizes the proposed model using weight and activation redundancy [43]. It allows the model to be lowered to a quarter of their original size and memory footprint. In addition, the inference rates are increased by a factor of two to four with minimal or no loss of accuracy [43]. The training process enables the proposed model accessible for edge devices and real-time applications. Finally, early stopping is implemented to prevent overfitting and reduce the training time.




2.7. Hyper-Parameter Optimization


In order to fine-tune the parameters, the author employs the Adam optimization (AO) algorithm. The AO algorithm integrates the features of RMSProp and Adagrad algorithms. It adapts the mean of the second moments of the uncentered variance. The exponential moving average of the squared gradients is used to control the decay rates of the proposed LC detection model.




2.8. Evaluation Metrics


In the context of LC detection, true positives (TPs), true negatives (TNs), FPs, and FNs have unique meanings. A TP represents the correctly identified specific LC type, TN indicates the correctly identified image that belongs to a different LC type, FP is an incorrectly identified LC type, and FN represents the incorrectly identified image that belongs to a different LC type.



The author follows the benchmark evaluation metrics for evaluating the proposed model in this study. The accuracy metric assesses the prediction quality of the proposed model. It determines the proportion of accurately predicted instances, which includes TP and TN, in relation to the overall number of instances contained within the dataset. Precision is the percentage of cases in which the model made an optimistic prediction. Recall is the percentage of TP predictions among all positive cases. The F1-score presents the harmonic mean of precision and recall. A higher F1-score signifies a model consistently exhibiting elevated recall and precision levels. In addition, AU-ROC, the precision–recall curve (AU-PRC) and the loss function are computed for the LC detection models. Equations (9)–(12) show the mathematical form for computing the accuracy, precision, recall, and F1 measure.
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  F 1 − S c o r e =   2 × P r e c i s i o n × R e c a l l     P r e c i s i o n + R e c a l l          



(12)







Cohen’s Kappa measures the model’s consistency in medical image categorization or classification settings [44]. It is a standardized method for measuring the multi-class classification ability of the DL models. It is beneficial for imbalanced datasets where precision may not be reliable for evaluating the model’s effectiveness. In addition, it quantifies inter-rater or inter-classifier agreement in multi-class classification problems based on chance agreement. Equation (13) represents the mathematical form of Cohen’s Kappa.
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(13)







Standard deviation (SD) and confidence intervals (CI) are used to analyze the data distribution and population parameter estimation. The author used these metrics to identify the variability and uncertainty in the outcome. The mean absolute deviation (MAD) and the root mean square error (RMSE) are employed to evaluate the precision and reliability of predictions. The MAD is used to compare the predicted and actual outcomes. It determines the average of the absolute differences between each anticipated value and its associated real value. The RMSE measures the average squared deviation from the projected value. It is sensitive to outliers compared to the MAD and emphasizes the significant errors.





3. Results


The author conducted the experiment in Python 3.8.3 using the Keras library. The proposed model is implemented in Windows 10, Intel i7, 16 GB RAM, and GeForce GTX 950 GPU. The weights of the DenseNet-121 and MobileNet V3-Small models were extracted from the repository [40,41]. Table 2 presents the hyper-parameters of the proposed LC model.



Adagrad, RMSProp, and AO algorithms are used to fine-tune the parameters of the proposed LC detection model. Table 3 highlights the outcome of the proposed LC detection model. It indicates that the AO-based LC detection model achieved an exceptional performance in classifying the type of LC using the PET/CT images. The computation of bias correction estimates supported AO to outperform RMSProp and Adagrad optimization algorithms.



Table 4 illustrates the computational practices utilized by the LC detection models. The suggested model exhibits a decline in the number of parameters, FLOPs, learning rate, and training duration compared to the existing models.



Table 5 shows the performance of the proposed LC detection model with different batch sizes. Figure 4 presents the proposed model’s performance in the multiple epochs. The proposed model showed a significant improvement in the 180th batch. However, the author extended the batch size to 256. The proposed feature extraction supported the proposed LC detection model to produce an exceptional outcome.



Table 6 reveals the performance of the proposed model. The proposed model obtained an exceptional outcome for each class. The proposed image augmentation technique effectively supported the proposed model in identifying each class’s key patterns. The findings of the performance analysis are presented in Table 6. Figure 5 highlights the outcome of the performance evaluation.



Table 7 outlines the generalization of the LC detection models on the Lung-PET-CT-Dx dataset. The proposed model outperformed the existing LC detection models by achieving an exceptional outcome. The MobileNet V3-Small architecture supported the proposed LC detection model to achieve a better outcome. In addition, the suggested image preprocessing technique assisted the proposed model in detecting the crucial LC patterns in the PET/CT images. Figure 6 shows the outcome of the comparison analysis.



Table 8 highlights the loss, AU-ROC, AU-PRC, SD, and CI of the models. The suggested LC detection model identified the multiple types of LC with minimum loss. AU-ROC and AU-PRC values indicated the significance of the proposed model in detecting FP and FN images. The SD value of 0.0002 indicates that the proposed model’s performance is stable and consistent. Lastly, the CI range of 98.1–98.5 shows that the proposed LC detection model is reliable and can be implemented in healthcare centers.




4. Discussions


The author proposed an LC detection model using this study’s PET/CT images. An extensive image preprocessing technique was developed to overcome the challenges of enhancing the image quality. The SyN function was used to normalize the CT and PET images. Additionally, the author applied resampling, Retinex filtering, and attenuation techniques to improve the image quality. The image augmentation was performed to overcome the data imbalance. A CNN model was developed using the DenseNet-121 model’s weights for the feature extraction. Deep autoencoders reduced the dimensionality of the images. Finally, a CNN model with a MobileNet V3 model weights was employed for classifying the type of LC. The author improved the performance of the proposed model by applying a quantization-aware training approach. In addition, the AO-based hyperparameter optimization supported the proposed LC model to detect the type of LC with a minimum hardware and software requirement. The experimental results revealed the significance of the proposed LC detection model in identifying the LC types.



Table 3 outlined the hyper-parameter optimization’s significance in optimizing the proposed LC detection parameters. AO-based hyper-parameter optimization supported the model to yield an exceptional outcome compared to Adagrad and RMSProp optimizations. Table 4 revealed that the proposed model demands minimum computational power to generate an effective outcome. It required parameters of 2.1 m and FLOPs of 176 m with a training time of 128 s for identifying the types of LC. Table 5 and Figure 4 highlighted the number of epochs of the proposed model to deliver a superior outcome. The proposed LC detection model achieved an accuracy of 98.6 with a batch size of 256. However, it obtained an accuracy of 98.4 in the 180th batch. Table 6 outlined the performance evaluation findings of the suggested LC detection model. The proposed model produced an outstanding result for each class using the PET/CT images. It is evident that the suggested image preprocessing and augmentation techniques assisted the proposed LC detection model in identifying the LC types. Table 7 emphasized the key findings of the comparison analysis. The suggested model surpassed the existing LC detection approaches by reaching an optimal accuracy and F1-score using minimal resource utilization. Finally, Table 8 showed that the proposed model obtained a higher AU-ROC and AU-PRC with a minimum loss of 0.89.



Barbouchi et al. [34] built a transformer-based LC detection model. They developed a histologic subtype classification to detect the tumor location from the PET/CT images. However, the vision transformers demand enormous computational resources compared to the proposed LC detection model. The proposed LC detection model outperformed Barbouchi et al.’s model with minimum hardware resources.



El-Hamdi et al. [35] proposed an LC detection model and generalized their model using the Lung-PET-CT-Dx dataset. They built a multi-class CNN model for classifying the PET/CT images. The VGG-16 network was used to extract the features. Subsequently, a classifier was employed to classify the extracted features. Similarly, the proposed model used the DenseNet-121-based feature extractor. In addition, the author constructed an image classifier using the weights of the MobileNet V3-Small model. The findings highlighted that the proposed LC detection model outperformed the El-Hamdi et al. model.



Goswami and Singh [37] developed an image classification model for detecting LC from PET/CT images. They obtained an optimal outcome using the Lung-PET-CT-Dx dataset. Likewise, the proposed model achieved superior results by employing effective image processing, feature extraction, and image classification models.



The DenseNet-121-based LC detection model achieved an accuracy of 96.4 with parameters of 8.3 and FLOPs of 679. However, the proposed model obtained exceptional accuracy with limited computational resources. The EfficientNet-based LC detection model obtained a higher accuracy and F1-score. However, the model may not perform optimally on the real-time images. It required a considerable computational resource for classifying the PET/CT images. In addition, it demands additional training time to capture the fine details of the images. The ShuffleNet-based LC detection model offered an exceptional outcome. However, the shallower architecture of the ShuffleNet model may limit the LC detection performance. In contrast, the proposed LC detection model presented an outstanding result with limited computational resources. The combination of the DenseNet-121 and MobileNet V3 models yielded better results.



PET/CT imaging offers a complete assessment of lung tissue, effectively highlighting regions exhibiting elevated metabolic activity while offering valuable anatomical context. Healthcare practitioners can choose the surgery, chemotherapy, or radiation therapy for LC by precisely identifying the types of LC. The proposed model was trained to analyze and extract features from complex images. It can be implemented in edge devices to render effective healthcare services to individuals. It can facilitate the detection and classification of various forms of LC. In addition, it can locate tiny lung nodules that human radiologists may ignore due to the early stage of development. The timely identification of medical conditions can significantly enhance patients’ overall prognosis and treatment outcomes. The proposed LC detection model can assist physicians in customizing LC therapies for each patient. It can minimize the number of FPs and FNs associated with cancer detection. This intervention enhances the precision of diagnostic assessments.



Furthermore, the proposed model can substantially accelerate the diagnostic procedure. Radiologists can use the proposed model to select cases and focus on complicated tasks. It can contribute to advancing research and facilitating clinical trials. The proposed LC detection model generates outcomes in a limited time. It enables healthcare centers to identify LC in the earlier stages. Healthcare centers can employ the model to detect LC without professional radiologists. The reduced number of FPs and FNs guaranteed the optimal accuracy of the proposed model. Additionally, the proposed model is cost-effective and can be implemented with low computational resources.



However, the author encountered a few limitations while implementing the proposed model. The PET/CT images contained motion artifacts and metallic artifacts. The low spatial resolution caused challenges in identifying the crucial patterns. Tissue misalignment during the scan reduced the image quality. In addition, PET and CT images were obtained separately. Thus, there was a misalignment due to the functional information of PET and the anatomical information of CT images. In addition, the dataset samples were highly imbalanced. Nonetheless, the author employed compelling image preprocessing techniques, including the SyN function, artifact correction technique, and attenuation approaches, to improve image quality. The proposed image augmentation technique supported the proposed LC detection model to overcome the data imbalance limitation. While implementing the proposed model, the author faced challenges with the graphical processing unit configuration. The quantization-aware training approach has supported the author deploying the model while using low computational resources. The lack of accessible, high-quality labeled data to train DL models is a significant barrier. Generating massive datasets with precise annotations is essential for LC diagnosis. The research requires more diversified, publicly available, and well-annotated datasets. The strong generalization capabilities of DL models can support a physician in treating a wide range of populations. Maintaining model robustness and performance in clinical contexts is challenging. A balance between FP and FN is crucial. PET/CT images contain noises and artifacts. Extensive image preprocessing was required to improve image clarity.



To enhance the proposed LC detection model, it is essential to integrate technology developments with clinical expertise, information availability, and compliance standards. By considering these factors, the proposed model can serve as a significant resource in assisting healthcare professionals in making efficient and prompt decisions concerning the diagnosis and treatment of LC. The liquid neural network (LNN) extends the recurrent neural network’s capabilities by including dynamic hidden states for analyzing video and images [45]. It computes the expected outcome and its shifting hidden state at each prediction step. In the future, LNN-based applications can significantly outperform currently used machine vision approaches. Using the LNN technique, the feature engineering process can be improved. A set of optimal features can optimize the multi-class classification accuracy. The proposed model can be extended using LNN and ensemble learning techniques to reduce the computation time and resources in identifying LC from the multi-modality images.




5. Conclusions


The author built an LC detection model using the DL technique in this study. The proposed LC detection model employed image preprocessing and augmentation techniques to improve the performance of the proposed model. The SyN function and Retinex filters were used to remove noise and artifacts. The GANs technique was used to increase the dataset size. The author developed the DenseNet-121-based feature extraction model for extracting the critical features. A deep autoencoder model was employed to reduce the number of features without losing the essential details. A MobileNet V3-Small model-based image classifier was constructed using quantization-aware training and early stopping strategies. The author generalized the proposed model using the Lung-PET-CT-Dx dataset. The findings highlighted the significant contribution of the proposed model in identifying the LC types. The proposed LC detection model outperformed the existing models. It required limited computational resources for detecting LC from the complex images. Healthcare centers can deploy the proposed model without any implementation complexities. In addition, the lightweight architecture of the proposed model offers an opportunity to integrate it into the edge devices. However, a few limitations were encountered during the development. There is a lack of highly balanced datasets for providing extensive training for the LC detection model. The low-quality images caused challenges in classifying the LC types. As a result, extended training is required to implement the proposed model in the real-time application. The integration of the LNN technique can improve the process of feature extraction. In addition, the ensemble learning approach can accurately classify the medical images. The author will employ the LNN and ensemble learning approaches to extract crucial features and classify low-quality images.
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Figure 1. The proposed LC detection framework. 
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Figure 2. Sample images. 
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Figure 3. The proposed feature extraction process. 
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Figure 4. Findings of the performance analysis in the multiple epochs. 
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Figure 5. Findings of the multi-class classification. 
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Figure 6. Findings of the comparative analysis [34,35,38]. 
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Table 1. Dataset characteristics.
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	Types of LC
	Patients
	Annotated Images





	A
	266
	20,894



	B
	44
	3116



	E
	5
	201



	G
	62
	7351










 





Table 2. Model development settings.
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	Parameters
	Value





	Image dimension
	512 × 512



	Convolutional layers
	4



	Size of strides
	2



	Activation function
	Softmax



	Loss function
	Cross-Entropy



	Batch Size
	256



	Fully connected layer
	1










 





Table 3. Findings of hyper-parameter optimization.
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	Hyperparameter Optimization
	Accuracy
	Precision
	Recall
	F1-Score
	Kappa





	AO-based Proposed LC detection model
	98.6
	97.9
	98.1
	98.0
	95.8



	Adagrad-based Proposed LC detection model
	97.1
	96.1
	96.3
	96.2
	94.2



	RMSProp-based Proposed LC detection model
	96.8
	96.9
	96.5
	96.7
	95.3










 





Table 4. Computational settings.
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	Models
	Learning Rate
	Parameters

(in Millions (m))
	FLOPs

(in Millions (m))
	Training Time (in Seconds (s))





	Proposed LC detection model
	1   ×       10   − 3    
	2.1
	176
	128



	DenseNet-121 model
	1   ×       10   − 3    
	8.3
	679
	187



	Barbouchi et al. model [34]
	1   ×       10   − 3    
	9.2
	892
	372



	El-Hamdi et al. model [35]
	1   ×       10   − 3    
	18.3
	912
	486



	Goswami and Singh model [38]
	1   ×       10   − 3    
	16.2
	872
	332



	EfficientNet model
	1   ×       10   − 3    
	4.8
	496
	386



	ShuffleNet model
	1   ×       10   − 3    
	3.2
	276
	512










 





Table 5. Findings of the batch-wise performance evaluation.
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	Batch Size
	Accuracy
	Precision
	Recall
	F1-Score
	Kappa





	60
	95.3
	94.8
	94.3
	94.5
	91.2



	130
	97.1
	96.2
	96.4
	96.3
	93.4



	180
	98.4
	96.8
	96.7
	96.7
	94.6



	256
	98.6
	97.9
	98.1
	98.0
	95.8










 





Table 6. Findings of the performance evaluation.
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	Types of LC
	Accuracy
	Precision
	Recall
	F1-Score
	Kappa





	A
	98.6
	97.8
	97.5
	97.6
	96.1



	B
	98.6
	97