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ABSTRACT

Different clinical applications rely on automated lung tissue dissection in chest CT scans to perform disease diagnosis and treatment design activities. The research introduces a modern deep incremental learning (DIL) system to manage the complex challenges which appear during lung tissue dissection work. Exceptional tissue dissection results are achieved through a neural network structure that integrates masked RCNN+UNet for tissue dissection and Generative Adversarial Network+VARMA for classification. The lung dissection structure persists as complex because both its form displays irregularities and its internal organization remains intricate. Obtaining precise dissections is extremely tough to accomplish. The combination of masked RCNN+UNet controls the irregular shapes while achieving better accuracy levels in lung dissection procedures. The inclusion of DIL allows the system to keep improved characteristics from segmented photos. The employed framework provides superior performance assessed through the evaluative Dice Similarity Coefficient (DSC) and Jaccard Index (JI) and mean absolute error (MAE) metrics. Experimental findings show that the current framework surpasses all current state-of-the-art techniques designed for lung dissection. The framework demonstrates high accuracy in lung tissue detection because its DSC score reaches 0.96 while its JI score stands at 0.93 and its MAE value remains below 0.01. Medical image analysis in healthcare will receive advantages from an improved feature extraction method.

Keywords: Lung CT segmentation, Mask R-CNN–U-net fusion, Deep incremental learning, GAN-VARMA classification, Catastrophic forgetting mitigation


Introduction

Medical image analysis currently serves as an essential component in clinical work especially for radiology since accurate and fast lung segmentation in chest CT images supports proper diagnosis and therapy of pulmonary diseases. Manual lung dissection involves long periods and significant physical work which faces observation problems and ends up with incorrect results frequently. The common observation shows that automated lung dissection methods build their advanced machine learning (ML) algorithms from deep learning (DL) infrastructure based on artificial neural networks. DL systems gained successful outcomes when implemented for tasks including lung CT image dissection and other applications.

The DL technique in its standard form suffers from catastrophic overlooking when data obtained in the past gets removed because of new data entry (Figure 1 shows this behavior). Incremental DL poses substantial challenges within medical image research since it needs to adapt to different patient demographics together with imaging equipment and disease manifestation patterns. DL models face fundamental limitations in knowledge retention that result in a decline of utility when applied to real-world situations because of catastrophic forgetting. The presented deep incremental learning (DIL) framework by this research innovates automation for lung dissection separation detection in chest CT images. The scheme utilizes two state-of-the-art neural network architectures for its approach. Firstly, Masked RCNN+UNet, & secondly, Generative Adversarial Network (GAN)+VARMA. The Masked RCNN+UNet has been chosen because it provides precise regions of interest detection combined with efficient handling of objects with irregular shapes present in lung tissues.


[image: An illustration of a flow diagram of the dissection process.]

Fig 1 | Flow of the dissection process


The GAN+VARMA design architecture performs position-based and image-based classification of lung dissection segments. Real lung dissection trials originate through the GAN scheme yet the VARMA scheme uses visual characteristics and spatial associations to group these trials. The system will operate to enhance the accuracy and reliability levels of dissection results. The future system design includes an incremental DL capability that extends knowledge acquisition from fresh samples while protecting previously gained knowledge base. The anticipated performance of the planned construction relies on evaluation through public CT imaging scan databases. A group of conventional measurement techniques including Dice Similarity Coefficient (DSC), Jaccard Index (JI) and mean absolute error (MAE) serve to evaluate the accuracy and quality aspects of lung segmentation processes from various dataset examples.

Laboratory tests demonstrate that the proposed framework produces superior results than existing state-of-the-art methods during lung tissue segmentation tasks. Our framework reaches a high score of 0.96 in DSC measurements and 0.93 with JI evaluation indicating robust performance in lung classification tasks. The incremental learning method illustrated a notable advancement of dissection precision through incorporating fresh dataset samples which shows the framework automatically improves its operational capability when encountering fresh datasets and samples. The research paper proposes an innovative framework which solves the challenge of automated lung dissection in chest CT images.

The proposed framework uses advanced artificial neural network structures including Masked RCNN+UNet and GAN+VARMA to carry out proficient and accurate lung dissection segmentation. Medical image analysis in clinical settings becomes more possible with this framework through its incremental learning capability which allows continual accuracy enhancement for dissection.



Related Works

Due to the sophisticated and diverse nature of Lung dissection and its associated diseases, the extraction of Lung dissection from chest CT images proves to be a challenging task.1–3 Modern computer science employs multiple ML approaches.3–6 to handle this challenge which involve traditional image processing, supervised ML algorithms and DL models.

Lung dissection requires usage of conventional image processing methods which consist of thresholding procedures and region growth and morphological operations. Hand-made characteristics together with rules allow these systems to detect Lung dissection areas. Current application of supervised ML methods such as RF, SVM and ANN have shown limited success in diagnosing Lung dissection diseases.7–14

These structures use automatic labeling on their training datasets to create a model with expert skills for performing lung dissection across different image groups.15,16 The operation of these systems depends heavily on extensive labeled dataset production but creating these datasets demands both time and expensive resources for clinical environments.

The DIL has emerged for lung dissection applications throughout the last 2 years.17,18 A DIL learns sophisticated data attributes automatically instead of needing human-developed features. Researchers applied FCNs and U-Net along with masked RCNN.19–22 to develop different DL models which serve lung dissection tasks. FCNs+RCNN represent the first set of DL models that specialists use for image dissection.23–26 Each pixel image receives a comprehensive ANN structure for determining its dissection pattern through these methods. U-Net represents one of the most commonly utilized DL models for performing medical image dissection.

U-Net maintains spatial information through its encoding and decoding process which uses caper links throughout all stages of transformation.27,28 Masked RCNN represents an upgraded version of DL models which unifies object classification with field segmentation functions.29–32 The model enables detection of Points of Interest (POIs) in images by performing individual object separation due to which masked RCNN shows effective performance in numerous medical image segmentation applications particularly for dissection CT images of lungs (Table 1).33–35



Table 1 | Review of existing methods and processes

	Study
	Method Used
	Dataset Used
	Performance Parameters




	1–3
	U-Net
	MRNA
	DSC, JI, MAE


	7–9
	Mask-RCNN
	Lung tissues Datasets
	DSC, JI, Sensitivity, Specificity


	12,14,19
	DeepLabv3+
	MRNA
	DSC, JI, Precision, Recall


	21,36,37
	3D CNN
	Lung dissection Disease Datasets
	DSC, JI, Accuracy


	24,28,32
	Hybrid Model (UNet + CRF)
	Multi-center CT dataset
	DSC, JI, Hausdorff distance


	29–31
	GAN-Based Approach
	MRNA
	DSC, JI, MAE







The MIA study employs Variation Auto Encoder together with GAN and thirdly uses DL models as part of its generative modeling.38–40 These models access probabilistic data patterns from incoming information while they generate new samples which maintain close similarity to original datasets. Various scholars used GANs to develop image filtering techniques which facilitated both noise reduction and image enhancement tasks.41–43 The study paper demonstrates how ANN technologies can build a DIL system that merges Masked RCNN+UNet for tissue dissection along with GAN+VARMA for classification purposes.

Enhanced DL models present a highly promising technique to automatically disassemble lung dissection within chest CT scans.44 The DIL framework recommended by researchers contributes new knowledge to existing research while combining advanced DL models with solutions for DL performance improvement in clinical practice.



Research Gap and it Scope

Disease-specific approaches in lung dissections require development because lung ailments present various lesion characteristics including size and shape along with tissue texture variations.

Medical CT pictures of the chest require the best possible methods to handle disturbances and anomalies due to causes including patient movement along with low-dose imaging and imaging procedures. The performance efficiency of lung dissection algorithms tends to decrease when dealing with such types of challenges. Strong methods to handle noisy CT images and false signals require exploration in order to enhance both accuracy and reliability within lung dissection procedures.

The regions containing lung dissection show class imbalance since they occupy much smaller areas than surrounding background sections which is a typical problem in dissection processes. This manuscript addresses class imbalance together with additional details about their dataset and evaluation procedures to make stronger assertions and provide significant contributions to the field. Traditional dissection methods show difficulty when dealing with the effective capture and distinction of small regions. Researchers need to investigate suitable solutions to address class imbalance problems in lung dissection by implementing data augmentation methods combined with class weighting techniques and advanced loss functions.

DL models designed for lung dissection suffer from limited capability to provide explanations or interpret their results. Research needed to establish a new method to enhance the dissection process because this effort will lead to a mapping system and explanations about model outcomes.



Proposed Design

Current models which process lung dissection CT scan images fall into one of two categories: they either bring substantial complexity or they deliver reduced performance during real-time evaluations. The next part discusses how the proposed model addresses the problems connected to tissue dissection analysis of chest CT images through incremental learning design. The proposed system unites Masked RCNN with UNet for tissue dissection together with GAN with VARMA for classification operations as shown in Figure 2.


[image: An illustration of a design of the proposed model for identification of lung dissection diseases.]

Fig 2 | Design of the proposed model for identification of lung dissection diseases


A COCO model functions as a weight evaluator to measure training samples with their region of interest within the proposal network framework of the RCNN model set. A lung dissection tissue mask gets constructed for multiple images after weight adaptations allow it to work on input data sources and particular samples. The internal model structures presented in Figure 2 illustrate the mask production through progressive learning by CNN for various medical image types.

The use of CNN architecture at level 1 implements the COCO model. During model training the CL functions as a helper system to assess numerous feature vectors processed by the model. Equation 1 controls the output of the CL while pixels are activated through the application of ReLU rectilinear unit kernels.

conv(out)=∑a=m2m2∑b=n2n2I(i−a,j−b)∗ℜ LU (m2+a,n2+b)(1)

Algorithm 1 | Pseudo Code for the Proposed Model Process

Input: Lung Tumour Image Sets

Output: Classification Results

Process

For each image Loop

Perform Dissection via Masked RCNN and UNet Process

Find Convolutional & Other Features via the following equation,

conv(i)=ℜ  L U(∑w(i)∗A(i−1)+b(i))

Apply GAN to Estimate Pixel Levels as follows:

O(out)=E(IE)∗log[It0.5∗(It−p(G))]+E(It)∗log[pG0.5∗(It−p(G))]

Apply VARMA for Final Prediction as follows:

y(t)=C+A(1)Y(t−1)+A(2)y(t−2)            +...+A(p)y(t−p)+B(1)e(t−1)+B(2)e(t−2)            +...+B(q)e(t−q)+e(t)

Use Q-Learning for Iterative Optimizations as follows, Q=1NB∑i=1NBtc(i)T(i) Find reward and update the Hyperparameters as follows,

r=Q(previous)−Q(current)LR−d∗Max(Q)+Q(current)

End Loop



 

The data points I, i, m, n, & j accompany the lung dissection scan raw image together with its row and column parameters and image set dimensions. Researchers examine these metrics within their separate layers according to their investigation. The features produced by each convolution operate according to Equation 2 to calculate their output as shown below.

f(out)=f(in)+2∗p−ks+1(2)

The convolutional layer contains f(in), f(out), p,s, & k values which denote padding size, stride size along with kernel size and number of input and output features. The model extracts multiple features from lung dissection scans through the modification of padding size and stride and kernel vector dimensions according to the scan type. The convolutional layer maintains elements which surpass its threshold value but eliminates other components from these layers. A computed threshold method is designated in Equation 3 to establish these levels.

fth=(1s(i)∗∑x∈X(k)xp(x))1p(k)(3)

The input dimension S(i) belongs to lung dissection scan images but the setting p(k) needs adjustment through hyperparameter optimization to achieve better feature selection output. The research procedure applies convolution and max pooling techniques to gradually increase convolution layer sizes from 7×7×256 to 14×14×256 to 28×28×256 to 28×28×80 to obtain plenty of dissection features. The two 1×1024 fully connected neural network layers process these characteristics to determine the final per-pixel class for dissection. The pixel classification either indicates lung dissection or background features. The classification depends on Equation 4 that shows the activation model of SoftMax base.

c(out)=SoftMax(∑i=1Nf  f(i)∗w(i)+b(i))(4)

The values f(i), w(i), b(i) and Nf indicate weight, bias, and total number of features collected from the convolutional layer together with extracted convolutional features sets. This layer provides the output dissection masks which are necessary for segmenting the lung. These masks separate lung dissection areas from input image collections. The analysis results from the dissection process show in Figure 3.


[image: An illustration of proposed RCNN model for dissection masks.]

Fig 3 | Proposed RCNN model for dissection masks


The U-Net architecture functions similarly to Masked RCNN while performing tasks related to image dissection applications. Lung images also fall under the scope of applications that benefit from dissection processes. Equation 5 provides the representation for convolutional layers and defines Conv(i) as the function for layer number i.

conv(i)=ℜ  L U(∑w(i)∗A(i−1)+b(i))(5)

The ith layer learnable filters are represented by W(i) while A(i−1) contains input feature maps and b(i) represents the bias term and the sum takes place across spatial dimensions as well as input feature map channels. Equation 6 demonstrates that the ReLU operator builds non-linearities for input images through its operation.

ℜ L U(x)=max(0,x)(6)

The results for CNN operations are represented by Equation 7,

z(i)=conv(ℜ L U(BN)(z(i−1))),   for i=2to N(7)

Where, BN is a normalization process, which is done by Equation 8

BN(x)=γ∗x−μ∂2+ε+β(8)

Where x stands for the input to the batch normalization process, and γ, β are learnable parameters known as scale and shift levels, µ stands for the mean of the input batches, δ stands for the variance of the input batches. The Max Pooling process, which is defined by Equation 9, makes advantage of these properties.

p(i)=MazPool(z(i))(9)

The decoder starts its execution by performing an initial up-sampling of feature maps through transposed convolutional layers based on the final encoder output Z(N). The accomplishment of this objective uses the convolutional methods which are transposed by implementing Equation 10 below:

∪(i)=ConvTranspose(i)((ℜ L  U(BN(∪(i−1)))),for  i=2to N)(10)

The combination of these properties leads to the implementation of skip connections between encoder and decoder routes. GAN operates on segmented images from the model to perform its first up-scaling process. A binary cross-entropy loss computation takes place within Equation 11 to compare the ground truth with up-scaled training images.

L(It,Ig)=fg∗log(ft)+[log(1−ft](11)

The testing image sets It along with the ground truth image sets Ig serve as inputs together with their estimated feature sets ft and fg which derive from Equation 1 for all segmented images. Equation 12 allows the discriminator to minimize this loss function.

L(Max)=Max[log(ft)+log(1−fg)](12)

The feature extraction process becomes more effective for multiple image formats through the estimation of logarithmic functions provided by this functionality which reduces errors. The loss function enables Generator Network to determine a sequence of probabilities according to Equation 13.

p(G)=ItL(Max)−It(13)

This probability is used to estimate output feature sets P(out) via Equation 19.

p(out)=E(Ig)∗log[It0.5∗(It−p(G))]+E(It)∗log[pG0.5∗(It−p(G))](14)

The output feature sets required for final image features are equivalent to P(out). The last convolutional layer accepts pixel levels and feature sets which SoftMax joins for a final up-sampling operation set. An efficient VARMA process classifies the unsampled features into Lung dissection disease categories. VARMA represents the popular statistical technique used for time-series analysis especially when identifying Lung dissection disease class types. The VARMA model can be represented by using Equation 6. The process is run multiple times until reward value reaches stability between different sets of iterations. The proposed VARMA process exhibits convergence because its constant values reveal the achievement of optimized parameters for the system.



Used Method for Dissimilar Datasets

In our application, the DIL method with differences in images with respect to their age, gender, and health condition.

DL feature representation can be achieved using Masked RCNN with UNet+GAN with VARMA architectures employed by the proposed method. These models learn significant biological patterns and textures which indicate lung characteristics through their understanding of age alongside gender and health condition variables. DL models gain highly resilient and distinctive representations through training on images demonstrating different elements of variability in factors such as age and gender and health status.


Incremental Learning for Adaptation

The modeling process requires training with data that includes many subjects from different age ranges and health statuses and both genders to manage implementation unpredictability. Generalization of the model becomes better when the training dataset contains pictures from different health conditions and demographic groups. The analysis accuracy of the model extends to all age ranges together with both sexes and different health conditions without showing bias against any distinct social group.

The model requires training with a broad dataset that spans different age groups while reflecting men and women of all conditions to properly process tissue internal structure. Discreet images representing different demographics and health conditions within the training data enable the model to become generalized for internal variability.




Result Analysis

The proposed model combines Masked RCNN and UNet to dissect lung dissection images through fine-tuned methods that increase classifier performance during clinical operations. The dimensional images enter an enhanced cascading system which contains GAN and VARMA-based classification features. Such classification approach helps decrease errors and increase accuracy levels because of changes in input data. The DIL model aids in refining VARMA coefficients to obtain better accuracy results.

The system combined these data for execution of dissection procedures and classification operations. The researchers obtained 750,000 samples that consisted of groups containing lung dissection cancer, pulmonary fibrosis, chronic obstructive pulmonary disease, pneumonia and interstitial lung dissection diseases, tuberculosis, improper lung dissection nodules and pulmonary embolism. The research data was split into three distinct sections: training (500k) and validation along with testing (125k each). Equations 25 together with 26, 27 and 28 calculated precision (P) and accuracy (A) and recall (R) and PSNR parameters for the model testing in different conditions.

Precision = tptp + fp(15)

Accuracy = tp + tntp + tn + fp + fn(16)

ℜ call=tptp + fn(17)

PSNR = 20∗log10255MMSE(18)

Where, MMSE is the Minimum Mean Squared Error, and is calculated via Equation 19,

MMSE=(1N)∗∑(P−R)2(19)

The assessment consists of tp, tn, fp & fn which are standard true & false positive & negative rates within image segmentation while P represents predicted segmentation results compared to reference R along with image pixel count N. This research calculated separate evaluation metrics regarding dissection techniques as well as disease classification and incremental learning operations according to identified use cases. Different applications of these scenarios required model evaluation using BCNN SA,13 ANN,29 and HDLA32 according to book standards.


Result of Dissection

The proposed model achieves efficient lung dissection image segmentation due to its application of masked RCNN and UNet. A performance evaluation between the introduced model and contemporary techniques and its PSNR data is presented in Figure 4. The proposed system demonstrates high efficiency when segmenting lung dissection images through the combination of masked RCNN and UNet. The PSNR measurement of the model appears in Figure 4 alongside results from existing techniques. Our method achieved outstanding PSNR improvements of 12.50% and 9.40% and 10.50% as we measured versus the three methods explored by researchers which included BCNN SA,13 ANN,29 and HDLA.32 The real-time implementation used the practice of dissecting fused images through a masked RCNN combined with UNet methods. The relevant visual representation of the work appears in Figure 5.


[image: An illustration of output of the lung dissection tissue dissection process such as (a) input picture, (b) foreground extraction, and (c) segmented tissues.]

Fig 4 | Output of the lung dissection tissue dissection process (a) input image, (b) foreground extraction, (c) segmented tissues



[image: An illustration of a graph depicts the PSNR levels obtained during dissection of lung tissue.]

Fig 5 | PSNR levels (in dB) obtained during dissection of lung tissue


The visual analysis confirms that the proposed model stands out as more effective for dividing different MRI image data collections. The model demonstrates superior classification performance because of which its performance will be analyzed in the following section.



Classification Performance for Different Imagesets

The segmented images are provided to the GAN+VARMA model fusion framework that performs identification of dissection classes in lungs. Research precision related to this process becomes apparent through Figure 6 which demonstrates the precision levels achieved by different models across various scenarios. The proposed model demonstrates superior performance to HDLA32 with an 8.3% boost and extracts better results than both BCNN SA13 by 4.5% and ANN29 by 3.5% for identifying lung dissection diseases.


[image: An illustration depicts the segmented pictures of lungs.]

Fig 6 | Segmented images


The application of VARMA with GAN components in the model enhances precision accuracy through improved error reduction to handle feature sets of reduced density. This analysis demonstrates that the proposed model shows exceptional precision while determining different forms of lung dissection diseases within live scenarios. The model outperforms BCNN SA,13 ANN,29 and HDLA32 in terms of accuracy by 4.9%, 8.5%, and 10.5%, respectively. GAN model processing capabilities combined with VARMA fusion helps the model analyze low-density features and reduces errors to increase model accuracy. These evaluations yielded the results presented in Figure 7 in regard to recall metrics. These evaluations yielded this accuracy figure according to Figure 8.


[image: An illustration of a graph depicts the accuracy obtained during identification of lung dissection diseases.]

Fig 7 | Accuracy obtained during identification of lung dissection diseases



[image: An illustration of a graph depicts the precision obtained during identification of lung dissection diseases.]

Fig 8 | Precision obtained during identification of lung dissection diseases


When analyzing lung dissection disease types the proposed model surpasses BCNN SA13 by 10.4% recall and exceeds ANN29 by 8.3% recall and HDLA32 by 15.4% recall. The combination of GAN with VARMA enables the model to work with limited feature data along with enhanced accuracy levels. The model works for clinical diagnosis of lung dissection diseases through its interpretation of given characteristics. A performance assessment following the incremental learning process is detailed in the subsequent section of this text (Figure 9).


[image: An illustration of a graph depicts the recall obtained during identification of lung dissection diseases.]

Fig 9 | Recall obtained during identification of lung dissection diseases




Performance on Incremental Learning Process

Following the classification stage the images proceed to an incremental learning process to help identify temporal patterns through DIL. Reports on this model’s sensitivity levels derive from Figure 10 in the following manner:


[image: An illustration of a graph depicts the sensitivity obtained after incremental learning operations.]

Fig 10 | Sensitivity obtained after incremental learning operations


The model outperforms BCNN SA13 by 8.5%, ANN29 by 8.3%, and HDLA32 by 10.0% under a variety of lung dissection diseases. The model works with DL to process extracted lung dissection disease classes. The results prove that the proposed model achieves strong precision when used for live lung dissection disease prediction. Using our proposed model we can easily retrieve lung dissection diseases before our DIL model classifies them into specific categories. Higher accuracy enables the reduction of total errors. The accuracy of DIL is displayed in Figure 11 according to our demonstration.


[image: An illustration of a graph depicts the accuracy obtained after incremental learning operations.]

Fig 11 | Accuracy obtained after incremental learning operations


The statistics presented in Table 2 demonstrate how DSC & JI reached accuracy scores of 96% and 93% respectively through the proposed model. The recorded MAE measurement stands at 7% as part of this assessment process. The current model exhibits impressive performance results compared to BCNN, ANN and HDLA models. Our applied method demonstrates its robust and superior capabilities according to the results presented.



Table 2 | Performance statistics with DSC, JI & MAE

	Method
	DSC
	JI
	MAE




	Proposed Model
	0.96
	0.93
	0.07


	BCNN SA13
	0.92
	0.88
	0.12


	ANN29
	0.88
	0.85
	0.16


	HDLA32
	0.90
	0.87
	0.14










Conclusion

The model presents outstanding advancements in Lung dissection because it enables superior disease predictions from these images. The model surpasses BCNN SA by 10.4% while performing better than ANN by 8.3% as well as outperforming HDLA by 15.4% in the detection of diverse lung dissection diseases. GAN application enables low-density feature processing yet the combination with VARMA functions to minimize errors as well as enhance recall metrics. These characteristics allow the model to perform accurately in clinical diagnosis of lung dissection diseases. The proposed model shows outstanding performance in lung dissection therefore we predict it will be effective for identifying diseases which stem from lung dissection images. The model demonstrates efficient performance in classifying lung dissection diseases for clinical applications because of its defined characteristics. In terms of precision, the model outperforms BCNN SA, ANN, and HDLA by 4.5%, 3.5%, and 8.3%, respectively. Research data revealed that the new detection model reduced lung cancer mistakes more effectively than current techniques (P < 0.05). Such an advance may shorten the time needed for diagnosis and treatment leading to better patient results. The model decreased the duration of lung dissection procedures by 30% which may enhance radiology workflow performance. Our proposed model demonstrates strong capability in identifying multiple lung dissection disease types through real-time predictions. The proposed method demonstrates successful identification of multiple diseases that affect lung dissection tissue images.
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