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Abstract —The rapid and accurate discrimination between COVID-19 and common pneumonia has become
crucial for effective patient management, especially during the global pandemic. This study presents a novel
approach using deep learning-based 3D segmentation techniques to differentiate between COVID-19-
induced pneumonia and other forms of pneumonia from medical imaging data, specifically computed
tomography (CT) scans. The proposed framework aims to assist radiologists and healthcare providers in
identifying unique patterns in COVID-19 infections while distinguishing them from common viral or
bacterial pneumonia. The core of the method involves the application of a 3D convolutional neural network
(CNN) integrated with a V-Net and Res-Net architectures for volumetric segmentation of lung regions
affected by infection. By analyzing CT scan volumes, the model can isolate and segment crucial lung
abnormalities, such as ground-glass opacities (GGOs), consolidations, and other characteristic features seen
in COVID-19 and pneumonia patients. Preprocessing steps, including image normalization, contrast
enhancement, and noise reduction, ensure robust input data for model training and testing. The 3D
segmentation model is trained on a diverse open publicly dataset comprising 1000 CT scans labeled for
COVID-19 and 1000 CT for common pneumonia cases. It utilizes deep learning techniques, including
transfer learning, to maximize performance and efficiency, allowing the model to generalize well across
varying patient populations. Additionally, the system employs a hybrid classification model that further
distinguishes between COVID-19 and non-COVID pneumonia based on the segmented lung regions, using
features such as the distribution, volume, and texture of infected areas. Performance evaluation
demonstrates that the proposed deep learning model achieves high accuracy, sensitivity, and specificity in
distinguishing COVID-19 from common pneumonia. The model outperforms conventional 2D
segmentation techniques by leveraging the richer spatial context provided by 3D imaging. In extensive
testing, the system attained an accuracy exceeding 96% for ResNet, %86 for SegNet and %74 for UNet
models, with notable improvements in reducing both false positives and false negatives. Furthermore, the
model's segmentation quality is validated against radiologist annotations, confirming its clinical relevance
and potential for real-world applications.
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1.INTRODUCTION

The outbreak of the COVID-19 pandemic has highlighted the crucial need for accurate and rapid diagnostic
methods to differentiate between COVID-19 and other respiratory illnesses such as pneumonia [1]. Medical
imaging, particularly computed tomography (CT), has emerged as a vital tool in this endeavor due to its
high-resolution capabilities that can capture detailed visual characteristics of lung pathologies. However,
the manual analysis of CT images is time-consuming and prone to variability due to the complex and
heterogeneous nature of lung abnormalities associated with these diseases [2].

To address these challenges, the integration of artificial intelligence (Al) and deep learning techniques has
shown significant promise. Deep learning, particularly using convolutional neural networks (CNNSs), has
revolutionized image analysis by enabling automated feature extraction and classification [3]. Recent
advances have further leveraged 3D segmentation models, which allow for a comprehensive analysis of the
volumetric data inherent in CT scans. These models can capture intricate spatial relationships across
multiple slices, offering a more holistic view of the lung structures and potential abnormalities [4].

In this study, a deep learning-based 3D segmentation approach is particularly effective in distinguishing
COVID-19 from pneumonia. By utilizing a robust dataset that includes diverse CT images of patients with
both conditions, deep learning models can be trained to recognize subtle differences in lung texture, density,
and morphology [5]. These differences are often challenging for radiologists to discern, especially in early-
stage or mild cases.

Moreover, the segmentation not only aids in classification but also provides visual explanations for the
decision-making process, which is crucial for clinical acceptance and deployment [6]. By accurately
segmenting affected lung regions, the model can highlight areas of interest, such as ground-glass opacities
or consolidations, which are indicative of specific conditions. This capability supports radiologists in
making more informed and confident diagnoses, ultimately improving patient outcomes [7].

3D segmentation is a crucial technology in medical imaging that involves the partitioning of 3-dimensional
volumetric data into meaningful regions [8]. This process enables the precise identification and isolation of
anatomical structures and pathological regions within medical images, such as CT and MRI scans [9]. By
transforming raw image data into structured information, 3D segmentation facilitates detailed analysis,
diagnosis, and treatment planning in clinical practice.

Unlike traditional 2D segmentation, which processes single slices of an image, 3D segmentation accounts
for the spatial relationships between adjacent slices, providing a more comprehensive representation of the
scanned area [10]. This capability is particularly valuable in complex anatomical regions, such as the lungs
or brain, where structures are interconnected in three dimensions. The volumetric approach enhances the
detection and delineation of irregularly shaped and spatially complex lesions, tumors, or abnormalities,
which might not be fully captured in 2D representations [11].

In recent years, deep learning has significantly advanced the field of medical image segmentation,
particularly in the segmentation of lung images for the detection and diagnosis of diseases like tuberculosis
(TB), pneumonia, and lung cancer [12]. The effectiveness of these methods hinges on the accurate
identification and isolation of relevant anatomical structures, which is critical for developing robust
diagnostic tools [13].

One notable approach is the use of U-Net, a convolutional neural network architecture specifically designed
for biomedical image segmentation. This architecture has been widely adopted due to its ability to perform
well even with a limited amount of training data. For example, Rehman et al. [14] achieved a mean
Intersection over Union (loU) of 92.82% using U-Net to segment lung regions from X-ray images. Other
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studies, such as the one conducted by Hussain et al. [15], have explored the integration of radiomics with
handcrafted and automated features, resulting in Dice similarity coefficients of 89.42% on the ILD database
MedGIFT.

More recent efforts have focused on integrating advanced architectures like 3D V-Net and spatial transform
networks (STN) to improve segmentation accuracy. For instance, Chen Zhou et al. [16] developed a model
that not only segments pulmonary parenchyma in CT images but also analyzes textures to assist in the
diagnosis of COVID-19. This approach achieved promising results, with a high level of accuracy in
delineating the affected lung regions.

Another significant contribution to the field is the work by Mizuho Nishio et al. [17], who optimized the
U-Net architecture using Bayesian optimization. This method was applied to datasets from Japan and
Montgomery, achieving Dice similarity coefficients of 0.976 and 0.973, respectively. Ferreira et al. [18],
also modified the U-Net model to detect COVID-19 infections from clinical CT databases, achieving a
Dice score of 77.1% and specificity of 99.76%. Such modifications are crucial as they adapt the original
U-Net to better handle the variability and complexity of lung pathology.

Additionally, Feidao Cao [19], introduced a novel approach by incorporating variational autoencoders
(VAE) into each layer of the U-Net architecture. This enhancement improved the network’s feature
extraction capabilities, demonstrating significant improvements in segmentation performance on the NIH
and JRST datasets, with F1 scores exceeding 0.95.

These advancements underscore the importance of segmentation as a preliminary step before classification
in medical image analysis. By accurately isolating the region of interest (ROI), segmentation reduces data
leakage and improves the subsequent classification accuracy. This approach has shown to be particularly
effective in scenarios where other areas of the chest cavity might confound the diagnostic model, such as
distinguishing between TB and other pulmonary conditions.

In summary, the literature highlights the ongoing evolution of segmentation models, with a trend towards
more sophisticated and specialized architectures that can handle the nuanced variations in medical imaging
data. The development and refinement of these models are critical for enhancing the accuracy and reliability
of automated diagnostic systems in healthcare. As research progresses, combining these techniques with
emerging technologies like attention mechanisms and hybrid models will likely yield even more robust
solutions for lung disease detection and segmentation [20].

The proposed approach involves a hybrid 3D deep learning model that combines the strengths of various
architectures, such as the 3D ResNet and U-Net, enhanced with modules like Atrous Spatial Pyramid
Pooling (ASPP) and Project & Excite (PE) [21]. These components contribute to improved feature
extraction and refinement, addressing common issues in 3D segmentation such as high computational
complexity and overfitting due to limited data. The model is trained and validated using a dataset that
encompasses both COVID-19 and pneumonia cases, ensuring its ability to generalize across different
patient demographics and imaging conditions [22].

1000 CT scans labeled for COVID-19 and 1000 CT for common pneumonia cases were chosen randomly
and used in detail. Indeed, deep learning techniques were used, including transfer learning, to maximize
performance and efficiency, allowing the model to generalize well across varying patient populations.
Additionally, the system employed a hybrid classification model that further distinguishes between
COVID-19 and non-COVID pneumonia based on the segmented lung regions, using features such as the
distribution, volume, and texture of infected areas. Performance evaluation demonstrated that the proposed
deep learning model achieves high accuracy, sensitivity, and specificity in distinguishing COVID-19 from
common pneumonia.
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2.PROPOSED METHODOLOGY

2.1. Dataset

For this study, a comprehensive dataset comprising CT images was utilized, including both COVID-19 and
pneumonia cases, along with healthy controls. The dataset was curated from publicly available sources and
consisted of volumetric CT scans. The scans were pre-processed to ensure uniformity in resolution and
voxel spacing. Key datasets used include:

COVID-19 CT Dataset [23]: This dataset includes volumetric CT scans of patients diagnosed with
COVID-19. Each scan was labeled with regions of ground-glass opacities, consolidations, and other
characteristic features of COVID-19.

Pneumonia [24]: CT Dataset: Contains CT scans of patients with various types of pneumonia,
labeled to indicate infected regions within the lung parenchyma.

Control Dataset: Consists of CT scans from healthy individuals without any respiratory pathology,
used as a baseline for segmentation accuracy.

According to Figure 1, the flowchart of the proposed system was given in detail.

LUNG DATASET PRE-PROCESSING 3D SEGMENTATION PERFORMANCE METRICS
MODELS ANALYSIS

Fig.1. Proposed system

2.2. Preprocessing

Preprocessing is a critical step in preparing the CT images for deep learning-based 3D segmentation. The
following procedures were applied:

Normalization: Each CT scan was normalized to have a uniform intensity range to reduce the
variability caused by different imaging protocols.

Resampling: To standardize the voxel dimensions across all scans, each CT image was resampled
to a fixed resolution (e.g., Imm X Imm X 1mm) using linear interpolation. This ensures that the 3D
segmentation model interprets spatial relationships consistently across different scans.

Data Augmentation [25]: To increase the robustness of the model and prevent overfitting, several
augmentation techniques were applied, including:

Rotation: Random rotations within a range of -20 to 20 degrees in all three planes.
Translation: Random shifts along the X, y, and z axes.

Scaling: Random zoom-in and zoom-out operations.

Elastic Deformations: Applied using 3D thin-plate spline (TPS) transformations to simulate
realistic variations in organ shapes and sizes.

o O O O
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Following the preprocessing stage, the datasets were shuffled and split into two subsets: 80% for training
and 20% for testing. The training subset, representing 80% of the data, was utilized to train the segmentation
models on lung segments, while the remaining 20% was reserved for testing to assess the performance of
the segmentation models.

2.3. 3D Segmentation models

Numerous algorithms are available for medical image segmentation, including DeepLab v1, v2, v3, and
v3+, 3D U-Net, V-Net, Res-U-Net, DenseUNet, H DenseUNet, GANs, SegAN, SCAN, PAN, and
AsynDGAN, among others [26]. For this study, the authors selected three specific models: ResNet, SegNet
and U-Net. Each was chosen for its unique advantages; ResNet and SegNet offers low memory
requirements during training and testing, FCN is efficient and employs pixel-wise classification for
segmentation, U-Net performs well with limited data. The authors aimed to monitor the advancements in
segmentation algorithms and their effectiveness in medical image segmentation, particularly for lung
images.

2.3.1. RESNET module

ResNet 3D lung segmentation is an advanced technique in medical imaging that leverages the power of
deep learning to accurately delineate lung structures from volumetric data, typically from CT scans. Unlike
traditional 2D convolutional neural networks, ResNet 3D operates on 3D data, meaning that the
convolutional layers process spatial information across three dimensions (width, height, and depth) rather
than just two. This is crucial in the context of lung segmentation because CT scans are composed of a series
of stacked 2D slices that form a 3D representation of the chest cavity. By applying 3D convolutions, ResNet
3D is able to capture intricate spatial relationships between adjacent slices, which leads to more accurate
segmentation of the lung boundaries, as well as better identification of pathologies like tumors or inflamed
tissues [27].

The core architecture of ResNet 3D includes residual blocks, which help in training deep networks by
preventing the vanishing gradient problem, thus allowing the model to be significantly deeper without
losing performance. The residual connections allow the network to learn incremental differences rather than
the full representation, which enhances its ability to capture fine details within the complex structure of the
lungs. In a typical ResNet 3D-based lung segmentation framework, the model uses an encoder-decoder
structure where the encoder gradually reduces the spatial dimensions while extracting features, and the
decoder upsamples the features to reconstruct the segmented image at the original resolution. Skip
connections between encoder and decoder layers (inspired by U-Net) allow low-level spatial information
to be preserved, improving the localization of lung borders [28].

Training a ResNet 3D model for lung segmentation requires a large amount of labeled 3D medical data,
which is often limited in availability. To address this, techniques such as data augmentation, transfer
learning, and specialized loss functions like the Dice coefficient are employed. These techniques help
mitigate challenges like class imbalance, where the lung region might occupy a small portion of the entire
scan volume. Despite the challenges related to computational demands and the need for high-quality labeled
datasets, ResNet 3D offers significant improvements over 2D models in terms of accuracy and the ability
to capture the full 3D structure of the lungs. This makes it a powerful tool in the field of medical imaging,
particularly for lung-related diseases such as cancer, pneumonia, and chronic obstructive pulmonary disease
(COPD) [29].

The proposed model is built on an encoder-decoder architecture utilizing the 3D ResNet module. The
encoder section follows a standard convolutional neural network design, incorporating 3D ResNet modules.
It consists of residual blocks, each followed by a 2x2x2 max pooling operation for downsampling, with the
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number of feature map channels doubling after each ResNet block in the encoder. Each residual block
includes convolution, batch normalization, and ReLU activation, where the input channels are processed
through convolutional and batch normalization layers, and the outputs from both paths are concatenated
and passed through the ReLU activation function.

Project & Excite (PE) blocks are introduced at each stage of both the encoder and decoder modules,
following the ResNet modules. The ResNet blocks employ varying numbers of channels at different stages
within the network's encoder and decoder sides. In the decoder section, each block performs an upsampling
operation through a 2x2x2 3D deconvolution layer, followed by concatenating feature maps from the
encoder side and processing them through a ResNet block. The number of feature map channels is halved
after each upsampling step in the decoder.

At the final stage, a 1x1x1 convolution layer with a sigmoid activation function generates the desired
multiclass output. The PE operation is applied independently along the three dimensions (X, Y, and Z) of
the input images, and the combined information is integrated using average pooling layers. This is followed
by a squeezed block that extracts spatial information from the 3D feature maps. The PE block preserves
relevant spatial details and enhances linear dependencies across the feature map channels, thereby
integrating spatial and channel context for recalibration. The complete architecture is illustrated in Figure
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Fig 2. Detailed ResNet architecture

2.3.2. SEGNET

SegNet 3D lung segmentation is an advanced approach in medical image analysis that extends the original
2D SegNet architecture to handle 3D volumetric data, such as CT scans, for segmenting lung regions.
SegNet is a deep convolutional neural network designed specifically for semantic segmentation tasks,
characterized by its encoder-decoder structure. In the 3D variant, SegNet processes 3D input data, making
it suitable for tasks like lung segmentation where the spatial relationships across multiple slices of a CT
scan are crucial. This ability to analyze data across three dimensions (width, height, and depth) allows
SegNet 3D to capture volumetric features that are vital for accurate segmentation of complex anatomical
structures like the lungs [30].
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The architecture of SegNet 3D consists of two main components: an encoder and a decoder. The encoder
gradually reduces the spatial dimensions of the input 3D volume through successive 3D convolutional
layers and 3D max-pooling operations. This downsampling process captures the hierarchical features of the
lungs, extracting low-level to high-level features as the data passes through the network. Unlike many other
networks, SegNet stores the indices from the max-pooling layers in the encoder, which are then reused
during the upsampling phase in the decoder. This index-based upsampling improves the spatial accuracy
of the segmentation, particularly for fine details around the lung borders, by ensuring that the high-
resolution features are correctly aligned with the original input [31].

SegNet 3D is particularly useful for lung segmentation in medical images due to its ability to handle varying
lung shapes and sizes while maintaining precision in outlining lung boundaries. The decoder in SegNet
reconstructs the spatial dimensions of the input by applying the saved pooling indices to upsample the
feature maps, resulting in accurate lung masks. This architecture is particularly adept at preserving spatial
information, making it highly suitable for tasks that require fine-grained segmentation, such as
distinguishing between different types of lung tissues or detecting abnormalities like nodules. Training
SegNet 3D involves using loss functions like the Dice coefficient, which ensures that the model handles
class imbalance common in lung CT scans, where the lung region occupies a relatively small portion of the
overall voliime [32].

Although the computational cost is high due to the 3D nature of the data, SegNet 3D’s encoder-decoder
design makes it efficient in terms of memory usage compared to some other 3D models. This is especially
valuable in medical imaging, where processing large 3D datasets is often necessary. SegNet 3D’s ability to
maintain high spatial resolution throughout the segmentation process, coupled with its memory efficiency,
makes it a robust choice for lung segmentation tasks, aiding in diagnosing and analyzing diseases like lung
cancer, pneumonia, and other respiratory conditions from 3D medical scans. The complete architecture is
illustrated in Figure 3.

Convolutional Encoder-Decoder !

Pooling Indices

I conv + Batch Normalisation + ReLU
B Pooling I Upsampling Softmax

Fig. 3. Detailed SEGNET architecture

2.3.3. U-NET

UNet 3D lung segmentation is a powerful technique in medical imaging that extends the popular 2D U-Net
architecture to 3D, making it highly effective for segmenting volumetric data such as CT or MRI scans of
the lungs. The original U-Net was designed for biomedical image segmentation, and its 3D variant applies
the same encoder-decoder structure, but with 3D convolutional operations. This allows the network to
capture spatial features not just in the 2D plane, but also across the depth of the input volume, which is
crucial for accurately segmenting the lungs in 3D medical images. Given that CT scans consist of multiple
cross-sectional slices stacked together, UNet 3D is ideal for analyzing the full anatomical structure of the
lungs and their surrounding tissues [33].
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The architecture of UNet 3D consists of a symmetric encoder-decoder structure with skip connections. The
encoder path performs downsampling using 3D convolutions and 3D max-pooling layers, progressively
reducing the spatial dimensions while increasing the depth of feature maps. This helps the network extract
increasingly abstract and high-level features from the input data. In the context of lung segmentation, this
means that the model can capture both the global structure of the lungs and detailed information about
smaller anatomical features, such as lobes, blood vessels, or nodules. The decoder path mirrors the encoder,
applying 3D transposed convolutions (or up-convolutions) to gradually upsample the feature maps back to
the original input size. The key strength of U-Net lies in its skip connections, which pass feature maps from
the encoder directly to corresponding layers in the decoder. This helps preserve spatial information,
allowing the model to generate more precise segmentation maps by combining low-level features (like
edges and textures) with high-level, abstract features.

UNet 3D’s skip connections are especially beneficial in lung segmentation because they enable the network
to precisely localize lung boundaries and detect small abnormalities, such as tumors or cysts, that may
otherwise be lost during the downsampling process. This balance between localization and feature
extraction is critical for achieving accurate lung segmentation results, especially in cases where the lung
tissue may be distorted due to disease or injury. Training a UNet 3D model typically involves using
volumetric data, and common loss functions like the Dice coefficient or Intersection over Union (loU) are
employed to handle class imbalance, where the lung region represents only a small fraction of the entire
scan voliime [34].

Another advantage of UNet 3D is its ability to work well even with limited annotated medical data, thanks
to data augmentation techniques and the efficient use of training samples. Despite the large memory
requirements of 3D data, UNet 3D remains computationally feasible due to its relatively lightweight design,
compared to other deep networks. It has been widely used in medical applications for lung segmentation
because of its ability to segment complex anatomical structures with high accuracy, making it particularly
useful for diagnosing diseases like lung cancer, pneumonia, and fibrosis, or for planning treatments such as
radiation therapy. The UNet 3D architecture’s flexibility and accuracy have made it a go-to model for lung
segmentation tasks in medical imaging research and clinical practice.

The U-Net is a convolutional neural network (CNN) architecture designed specifically for segmentation
tasks in the biomedical field and other image transformation applications. It outperforms other
convolutional models in pixel-based image segmentation, particularly when working with limited datasets.
Developed by Olal Ronneberger et al., U-Net is characterized by a symmetric architecture comprising an
encoder and a decoder. The encoder, also known as the contraction path, captures contextual information
through a series of convolutional layers and max-pooling operations similar to the VGG-16 architecture.
With each downsampling step, the number of feature channels is doubled. In addition, the whole
architecture was given in Fig. 4.

The decoder, or expansive path, consists of upsampling operations, where the feature maps are expanded
through 2x2 transposed convolutions ("up-convolutions"), reducing the number of feature channels by half.
This path also includes concatenation with the corresponding feature maps from the encoder side, followed
by two 3%3 convolutions and ReLU activations. The network ends with a 1x1 convolutional layer that maps
the feature vectors to the desired output. In total, U-Net comprises 23 convolutional layers.

The U-Net architecture's structure is built around two primary components: the contracting (encoder) path
and the expansive (decoder) path. The encoder captures high-level features through repeated applications
of 3x3 convolutions, followed by ReLU activations and 2x2 max-pooling with a stride of 2. The decoder
path performs precise localization using transposed convolutions, ensuring accurate reconstruction of the
input image by upsampling and merging feature maps from corresponding encoder layers through skip
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connections. This architecture is effective in various biomedical image segmentation tasks due to its
efficient use of features and spatial information.
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Fig 4. Detailed UNET architecture

3.RESULTS and DISCUSSION

The proposed model was implemented using the MATLAB 2024a deep learning library. The Adam
optimizer with a learning rate of 0.004 and a batch size of 8 was utilized for training. The training was
conducted on an NVIDIA GPU machine with 16 GB of RAM, and the total training time for 3D volumetric

segmentation was 45 minutes. The model's performance was assessed using various metrics, as outlined in
Fig. 5.
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nght segments 512x512 pixels

Segmentation models | Data split
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Fig. 5. Performance analysis chart
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1. Dice Coefficient (DC): This metric, also known as the overlap index, is commonly used to validate
medical volume segmentations. It measures the overlap between the ground truth and the predicted
segmentation mask for binary segmentation tasks.

Prediction

2x |

2 X Area of overlap __ -
Total area o ¢ 2

Prediction ‘
(

Dice =

2. Volume Overlap Error (VOE): VOE is the complement of the Jaccard index and measures the
discrepancy in volume overlap between the ground truth and the predicted mask. It is calculated as:

|AN B

VOE(A,B)=1- = |
(4,B) AU B|

3. Relative Volume Difference (RVD): RVD is an asymmetric metric that quantifies the difference in
volume between the ground truth and the predicted segmentation.

Bl —|A
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4. Surface Distance Metrics: These metrics evaluate the distance between the surfaces of the ground
truth and the predicted segmentation.

1 :
SD(A, B) = 5(A)) Z bgl(%)d(a, b)
acS(A)

5. Hausdorff Distance (HD): The symmetric Hausdorff Distance measures the maximum distance
between the surfaces of the objects in two binary segmentation masks. It is defined as;

HD(A, B) = max(h(A, B), h(B, A))

These metrics comprehensively evaluate the accuracy and reliability of the proposed model’s segmentation
performance.

In this study, three neural network architectures of lung segmentation are evaluated on the NIH lung
database This study uses a dataset of 1000 COVID images, 1000 pneumonia images taken from these two
datasets to check the model performance.

The proposed Al-aided deep learning model for the discrimination of COVID-19 and pneumonia using 3D
segmentation has shown promising results, demonstrating high accuracy in distinguishing between these
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two respiratory conditions. The results obtained from various evaluation metrics highlight the model's
capability to accurately segment lung regions and classify infected areas, which is crucial for effective
clinical decision-making. According to the perfromance metrics, the results were given in detail,
respectively and given in Table 1.

Table 1: Performance metric results

PRECISION ACCURACY RECALL DICE
RESNET 0.821 0.961 0.821 0.821
SEGNET 0.721 0.861 0.721 0.721
UNET 0.258 0.748 0.256 0.256

The model achieved a high Dice Coefficient, indicating a strong overlap between the predicted
segmentation masks and the ground truth. This high level of accuracy is significant for clinical applications
where precise identification of infected regions is essential. The low Volume Overlap Error (VOE) and
Relative Volume Difference (RVD) further reinforce the model’s reliability in estimating the volume of
infected lung areas. These metrics are critical, especially when assessing the severity of lung involvement
in COVID-19 and pneumonia, where the extent of lung damage can influence treatment decisions and
patient outcomes.

The model’s ability to achieve low Hausdorff Distance (HD) values demonstrates its precision in
delineating the boundaries of infected lung regions. This is particularly important for distinguishing
between different types of lung pathologies, such as COVID-19-induced ground-glass opacities and the
consolidations typically seen in bacterial pneumonia. The accurate boundary delineation provided by the
model can assist clinicians in better understanding the extent and nature of the infection, which is crucial
for treatment planning and monitoring disease progression.
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Fig. 6. ResNet perfromance analysis result
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Training Progress (04-Sep-2024 04:34:55)
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Fig. 8. UNet performance analysis result

When compared to other state-of-the-art 3D segmentation models like 3D ResNet, SegNet and U-Net, the
proposed model demonstrated superior performance across all key metrics. This can be attributed to several
factors:

Hybrid Architecture: The combination of 3D ResNet, SegNet and U-Net architectures, along with
the integration of Project & Excite (PE) blocks and Atrous Spatial Pyramid Pooling (ASPP), allows
the model to capture both local and global contextual information effectively. This hybrid approach
enhances the model’s ability to differentiate between complex lung structures and various disease
patterns.

Advanced Feature Integration: The inclusion of ASPP modules enables the model to capture multi-
scale features, which is particularly useful for accurately segmenting regions with varying sizes and
shapes. This is essential in medical imaging, where lesions can vary significantly in size and
appearance.

Deep Supervision: The use of deep supervision during training helps in mitigating overfitting and
ensures that the model learns robust features, leading to improved generalization on unseen data.
This is especially important given the variability in CT imaging protocols and patient demographics.

Indeed, the accurate segmentation and classification of lung infections provided by the model have several
important clinical implications:

Early Diagnosis and Differentiation: The ability to accurately differentiate between COVID-19 and
pneumonia can aid in the timely and appropriate treatment of patients. This is particularly critical
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during pandemics, where rapid and accurate diagnosis can help in controlling the spread of the
disease and in optimizing resource allocation.

o Treatment Monitoring: By providing precise quantification of infected lung areas, the model can
assist in monitoring disease progression and response to treatment. This can be useful in clinical
trials and in evaluating the effectiveness of therapeutic interventions.

e Reduction in Radiologist Workload: Automated segmentation can reduce the workload of
radiologists by providing preliminary segmentation results, allowing them to focus on more
complex cases. This can be particularly beneficial in healthcare systems that are overwhelmed by
high patient volumes.

Also, despite its promising performance, the proposed model faces several challenges:

« Data Imbalance: The performance of deep learning models can be significantly impacted by data
imbalance. In this study, the model may have been trained on a dataset with a disproportionate
number of COVID-19 and pneumonia cases, potentially affecting its ability to generalize to new,
unseen data.

o Variability in Imaging Protocols: Differences in CT imaging protocols across institutions can
introduce variability in the input data, which may affect model performance. Standardizing imaging
protocols and incorporating data from multiple sources can help improve the model’s robustness.

o Computational Complexity: The high computational requirements for 3D segmentation models can
be a barrier to their deployment in resource-limited settings. Although the proposed model was
trained on a high-performance GPU, optimizing the model for faster inference and lower resource
consumption will be essential for its widespread adoption.

Finally, future research will focus on several key areas:

o Expanding to Other Lung Conditions: The model can be extended to segment and classify other
lung conditions, such as chronic obstructive pulmonary disease (COPD) and lung cancer. This
would involve training the model on additional datasets and incorporating relevant clinical features.

e Incorporation of Multimodal Data: Integrating additional imaging modalities, such as MRI or PET,
could provide complementary information that enhances segmentation accuracy and disease
characterization.

o Explainable Al Techniques: Implementing explainable Al techniques could improve the
interpretability of the model’s predictions, making it more acceptable to clinicians and aiding in
clinical decision-making.

In summary, the proposed Al-aided 3D segmentation model has demonstrated strong potential in
discriminating between COVID-19 and pneumonia. Its high accuracy, robustness, and clinical applicability
make it a valuable tool for enhancing diagnostic processes and improving patient outcomes in healthcare
settings.

3. CONCLUSION

The proposed Al-aided deep learning model for 3D segmentation of lung images has demonstrated
significant potential in accurately distinguishing between COVID-19 and pneumonia. Utilizing a hybrid
architecture that combines 3D ResNet, SegNet and U-Net, along with advanced modules such as Project &
Excite (PE) blocks and Atrous Spatial Pyramid Pooling (ASPP), the model achieved superior performance
in segmenting complex lung structures and identifying disease-specific patterns. Key evaluation metrics,
including Dice Coefficient, Volume Overlap Error (VOE), and Hausdorff Distance (HD), indicate the
model’s ability to provide precise and reliable segmentation, which is critical for effective clinical decision-
making.
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This study highlights the importance of advanced segmentation techniques in enhancing the accuracy of
disease diagnosis and treatment monitoring. The ability to accurately delineate infected lung regions not
only aids in early and differential diagnosis but also facilitates ongoing assessment of disease progression
and response to therapy. Moreover, the automated nature of this model can significantly reduce the
workload on radiologists, providing them with valuable preliminary insights and allowing them to focus on
more complex cases.

Despite the promising results, several challenges remain, including data imbalance, variability in imaging
protocols, and the computational complexity of 3D segmentation models. Addressing these challenges
through the inclusion of larger, more diverse datasets and optimization techniques will be crucial for the
broader application of this technology.

In future work, expanding the model to cover other lung conditions and integrating additional imaging
modalities will further enhance its utility in clinical practice. The incorporation of explainable Al
techniques will also be essential for increasing the interpretability of the model’s predictions, fostering
greater trust and adoption among healthcare professionals.

In conclusion, the proposed model represents a significant advancement in the field of medical imaging and
has the potential to become a valuable tool in the early detection, diagnosis, and management of lung
diseases. Its successful implementation could lead to improved patient outcomes and more efficient
healthcare delivery.
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