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ABSTRACT

Accurate 3D reconstruction of CT volumes from sparse and limited slices remains a core challenge
in medical imaging, impacting both diagnostic confidence and data efficiency. This study
investigates two deep learning approaches—self-supervised and supervised pipelines—for
volumetric CT reconstruction from sparse input slices. In the self-supervised approach, pretraining
is performed on the LIDC-IDRI public dataset (239 volumes, 40,690 slices) using contrastive and
slice-order prediction losses, enabling strong feature learning from unlabeled data. Separately, a
supervised Conv3D Autoencoder is fine-tuned using expert-annotated clinical volumes to
maximize domain adaptation and reconstruction fidelity.Robust data preprocessing including
denoising, augmentation, and volume alignment—ensures generalizable model input. Model
performance is assessed on held-out test sets using Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM), with quantitative and qualitative comparisons against recent
state-of- the-art models such as XctDiff and diffusion-based approaches. Experimental results show
that the supervised Conv3D Autoencoder achieves a mean PSNR of 38.98 dB and SSIM of 0.956,
substantially outperforming all baselines and ensuring superior anatomical detail retention.Taken
together, the findings demonstrate that while both self-supervised and supervised strategies are
promising, the supervised Conv3D Autoencoder delivers the highest fidelity for sparse-view 3D
CT reconstruction. This approach enables reliable, efficient, and low-dose CT imaging, with
potential to support both retrospective 3D data recovery and future prospective low-dose clinical
workflows.
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CHAPTER 1:

INTRODUCTION

1.1 Background

Computed Tomography (CT) is one of the most important imaging modalities used in modern
medicine to diagnose health conditions because of the three-dimensional views of internal
anatomical structures that it delivers extremely well. The technology works on a series of narrow
beams of X-rays passing around the patient, which are taken from many different angles and are
processed by powerful computers to produce cross-sectional "slice" images of the body's organs,
bones and tissues. Combining these slices produces a complete, volumetric, 3D view, allowing
clinicians to evaluate disease, trauma and anatomical abnormalities far more accurately than can
traditional X-ray techniques.

CT scans are instrumental to diagnosing things like cancer, cardiovascular sickness, bone breaks,
and mixtures. They are also useful in treatment planning for surgeries and follow-up response to
treatment. However, conventional CT acquisition requires a large dose of radiation because
hundreds or thousands of projections are scanned for each examination, increasing the concern of
patient safety-especially in the case of repetitive recommendations or of people at risk.

To overcome the issues related to patient safety, sparse-view CT techniques have been developed.
This method minimises the number of X-ray projections, hence radiation, while making it more
difficult to create high-quality volumetric rays. The challenge is that the limited data will mean
greater risks of noise and artefacts in the reconstructed images.

Recent advances in deep learning technologies in convolutional neural networks, autoencoders,
transformers, and diffusion models have revolutionized the ability of CT reconstruction. These
data-driven methods rely on public data sets, such as LIDC-IDRI, and real-world clinical scans in
order to learn strong mappings between sparse slices of input data and high-fidelity data volumes.
The result is creating a new generation of CT imaging solutions that can provide both high
diagnostic accuracy and superior patient safety, even when working with significantly reduced
scan data [(Song et al., 2024); (Li et al., 2025); (Cai et al., 2024)].

@Daffodil International University 1



1.2 Problem Statement

Problem Statement Sparse-view CT reconstruction is an ill-posed problem-when getting high
quality 3D volumes from very few 2D planes is extremely difficult. Traditional interpolation and
iterative algorithms generally result in images with artifacts and poor anatomic fidelity. While
state-of-the-art deep learning models like Diffusion Blend [Song et al., 2024], 3D Gaussian
Representation [Li et al., 2025] and transformers like SAX-NeRF [Cai et al., 2024] are providing
better performance, they usually require intensive computation and do not evaluate well in diverse
real-wold clinical settings. This thesis introduces to the field a supervised Conv3D auto encoder
with PSNR =~39 dB and SSIM =~0.96 - even with mixed clinical data - demonstrating that high-
fidelity and robust volumetric reconstructions are possible under real-world conditions at a hospital
setting.

1.3 Research Gap

Key limitations in current state-of-the-art research:
Over-reliance on public or simulated datasets: Most state-of-the-art models are tested only

on public datasets (such as LIDC-IDRI, AAPM), lacking real-world clinical diversity /Li et al.
(2025); Wang et al. (2023)].

High computational demands and complex tuning: Leading models such as 3D Gaussian
representation, diffusion models, and transformer-based neural fields require substantial
resources, extended runtime, and many manual hyperparameter choices [Li et al. (2025),; Song
etal. (2024); Cai et al. (2024)].

Poor robustness for noisy or limited-angle clinical data: Robustness to metal artifacts,
noise, and non-standard scans remains underexplored [Ali et al., 2025, Cai et al., 2024].

@Daffodil International University 2



Decreased effectiveness with noisy or limited-angle clinical data: Robustness to metal
artifacts, noise, and non-standard acquisition remains underexplored [Ali et al. (2025); Cai et al.
(2024)].

Lack of clinical workflow validation or end-to-end reproducibility: Current state-of-
the-art pipelines rarely address practical hospital data handling, deployment, or reproducibility
[Cheng et al. (2025); Wu et al. (2025), Shin et al. (2025)].

This thesis directly addresses these gaps by extensively benchmarking a supervised Conv3D
autoencoder and self-supervised pipeline on both public and proprietary clinical datasets
(including Barishal General Hospital data), with an emphasis on robustness, efficiency, and real-
world adaptability.

1.4 Objectives

To design and evaluate a supervised 3D ConvAutoencoder for 3D reconstruction from highly
sparse CT input Designed evaluation: - To strictly compare this model with the state-of-the-art
methods such as diffusion [Song et al. (2024)] neural field [Li et al. (2025)] and transformer models
[Cai et al. (2024)] using standard quantitative (PSNR, SSIM, Dice) and qualitative metrics using
public and clinical datasets.To create an end-to-end, reproducible workflow adapted to low-
resource, real-world clinical deployment.

1.5 Motivation

Efforts to reduce the CT radiation exposure and to make CT more widely available have led to
advances in sparse view CT reconstruction. While advanced models based on deep learning have
made huge improvements [Song et al., 2024; Li et al., 2025; Cai et al., 2024] it is up to challenge
their adaptability and efficiency to clinical settings. This thesis provides a much-needed bridge by
validating on different datasets to high-performing supervised methods and developing a scalable
solution for the real world.
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1.6 Contribution

State-of-the-Art Gap Identified Contribution of This Thesis
Lack of real clinical validation /Li et al. Robust metrics (PSNR = 39 dB, SSIM =
(2025)] 0.96) on real world clinical (Barishal

hospital) CT data

High computational complexity and slow
inference [Song et al. (2024); Offers efficient Conv3D AE deployable on
Cai et al. (2024)] standard hospital GPUs
Sensitivity to artifacts/heterogeneity Demonstrates robustness on  noisy,
[Ali et al. (2025)] artifact-rich, and mixed real-world CT.
Workflow reproducibility /Cheng et al. Delivers a transparent, stepwise pipeline— data
(2025)] curation to deployment—for

adaptation in any hospital setting.

Limited reproducibility /Cheng et al., 2025] | Stepwise, end-to-end workflow tailored for
real-world clinical deployment

Other highlights:
Capable of highly competitive image quality (PSNR = 39 db, SSIM = 0.96).
Provide Clinical insights for effectiveness  to facilitate  actual deployment.

1.7 Scope of the Thesis

This particular work will deal exclusively with volumetric sparse-view reconstruction using
supervised and self-supervised deep learning techniques and comparison to recently developed
techniques based on diffusion learning, neural fields, or transformers [Song et al. (2024); Li et al.
(2025); Cai et al. (2024)], and will not cover areas, such as segmentation, fusion learning, or
complete clinical informatics solutions.
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1.8 Summary
Chapter 1 presents the motivation, challenges, and aims behind the development of sparse- view

CT reconstruction based on deep learning. It highlights how CT scans are needed to carry out
proper medical diagnosis, but the traditional methods involve a lot of radiation exposure. Sparse-
view CT seeks to mitigate this risk, but the problem of reliably reconstructing high-quality 3D
images from restricted data is extremely challenging and ill-posed. Current approaches to deep
learning have achieved improvements but are often unable to be validated on real clinical data;
have high computational requirements; and have difficulties with reproducibility in the hospital
setting.

This thesis proposes a supervised pipeline Conv3D autoencoder, which is tested on both public
and various clinical datasets, in order to address such a gap. The contributions include the high
image quality result, the improvement of the robustness to the artifacts, the efficient use on
common hardware in the hospital environment, and the end-to-end workflow for adapting to the
real world. Overall, this work aims to overcome the gap between technological advancement and
clinical imaging that is practical and safe.
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CHAPTER 2:

LITERATURE REVIEW

2.1 Introduction

This chapter will cover briefly how sparse view CT reconstruction techniques have evolved from
classical analytical and iterative algorithms to deep learning and generative techniques to highlight
some of the significant advancements achieved at state-of-the-art level for 2024-2025. Particular
emphasis is put on acknowledged limitations and stated gaps addressed by your thesis proposition.

2.2 Previous Literature

2.2.1 Classic Reconstruction Techniques

Early CT image reconstruction algorithms were based on analytical algorithms, most notably
Filtered Back Projection (FBP) and its derivatives such as Algebraic Reconstruction Techniques
(ART) and Simultaneous Algebraic Reconstruction Technique (SART). These frameworks, while
mathematically elegant and computationally efficient, assume that the projection data is dense and
uniformly-distributed, so they are well-suited for traditional CT but brittle in the presence of sparse
projections [Kudo et al., 2013]. As the number of projections is reduced, these methods rapidly
develop severe artifact including streaking, excessive noise and loss of anatomic integrity. In order
to deal with incomplete data, iterative reconstruction methods (e.g., TV-regularized minimization
and expectation maximization) became commonplace. These algorithms are able to partially fill
in missing projections by using prior information and regularization but often do so at the cost of
computational cost, long runtimes, and sensitivity to hand-tuned hyperparameters [Zang, 2018].
Recent works confirm that despite the fact that there is a lot of iteration in improving it,
conventional ways are challenged by ultra-sparse or highly noisy clinical conditions, especially
when it comes to dealing with real patient data [Wu et al., 2025].
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2.2.2 Early Deep Learning Architectures

With the advent of deep learning, new architectures such as 2D U-Net and Conv3D autoencoders
started showing an improved performance, as compared to the classical approaches, on benchmark
CT datasets [Gunduzalp et al., 2022; Wang et al., 2023]. By taking advantage of great feature
hierarchies and end-to-end learning, these solutions yielded improved anatomical reconstruction
and artifact suppression - even in moderately sparse settings. However, there were two main
limitations that remained:

1. Domain Gap: Models trained using simulated data or open source data were often found to
fail when they were tested on real-world, heterogeneous hospital data, exhibiting
vulnerability to scanner variability, noise and artifacts.

2. Data Dependence: Their performances and generalizations were frequently dependent on
the size and variety of training data that makes them less powerful clinically. This gap
required more complex and data-driven techniques than first generation convolutional
models.

2.2.3 State-of-the-Art Advances 2024-2025

3D Gaussian Representation [Li et al., 2025]:

This approach establishes new performance standards using new, flexible, FBP-initialized
volumetric models. It achieves high PSNR/SSIM (34-37dB/0.93) on public CT datasets by
explicitly encoding anatomical priors in the form of learnable Gaussian functions in the 3D
volume. Despite the excellent technical qualities, there are still limited capacity to be used in real
life with high GPU requirements and need for extensive manual tuning of the model to each
deployment situation.

Diffusion Blend [Song et al., 2024]:

Applying advances in generative modeling, DiffusionBlend applies distributions of diffusion based
on 3D volumes to iteratively refine reconstructed volumes. While it achieves strong SSIM (~0.95)
on large public benchmarks, this multi-stage approach is computationally intensive, requires large
amounts of time and memory and has not been widely validated with artifact-heavy or really diverse
clinical data.

SAX-NeRF [Cuai et al., 2024]:

This transformer-based radiance field framework is good at combining transformers and neural
radiance fields to utilize structural image priors and sparse projections. SAX-NeRF shows amazing
accuracy on synthetic and paired data but, like many SOTA models, shows no evidence of
generalisability to data with large clinical variability, artifacts or access irregularities.
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Parametric Level Set & Compressed Sensing [Ali et al., 2025; Compressed sensing-based
methods]:

These models are a combination of classical compressed sensing theory, which aims to reconstruct
images given highly undersampled data by exploiting signal sparsity, and flexible, parameterized
level set methods [Ali et al., 2025; Compressed Sensing, 2025]. Their robustness to noise as well
as sparsity is strong on simulated and controlled settings, whereas adaptability to the unpredictable
complexity of clinical CT space is challenging.

Comprehensive Benchmarks and Surveys [Cheng et al., 2025; Wu et al., 2025; Shin et al.,
2025]:

Recent surveys highlight that although advancements are extremely fast-paced, truly unified,
reproducible, and cross-clinic validated CT reconstruction pipelines are still fewer in number
[Cheng et al., 2025; Wu et al., 2025]. The absence of standardised protocols and reproducibility is
perceived as a major limitation to clinical translation in the field.

2.2.4 Gaps and Limitations in SOTA

Despite major progress, four key challenges persist:

Generalization Issue: Most of the SOTA models work for fake data or for public testing data, but
there are few models that can show good generalization on noisy data, rich of artifacts, or protocol
diverse data in the hospital environment.

Computational Demands: Recent architectures (e.g. diffusion or transformer-based models) are
resource heavy and are therefore not viable for routine clinical use in low-resource settings. SOTA
Models are often not resilient to noise, metal artifacts, and to the full spectrum of actual clinical
acquisition problems.

Deployment Readiness: Most published workflows lack clear-step-by-step instructions for clinical
staff, which limits their ability to deploy the workflows across a hospital system.
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2.2.5 Recent Benchmarks and the Proposed Solution:

Empirical evidence shows that most of the recent models have a result of PSNR numbers between
34- 37 dB & SSIM of less than 0.95 for standard public data sets. However, because the types of
clinical scans are becoming increasingly diverse, these scores often fall through, demonstrating the
problem of generalization and artifact. This thesis tries to overcome these limitations by
introducing a supervised Conv3D autoencoder model which achieves PSNR approx. 39 dB and
SSIM

Approximately 0.96 for both open (LIDC-IDRI) and reality (Barisal General Hospital). The
proposed system offers fast inference on standard and hospital-grade GHPs, excellent artifact
handling and the end-to-end, transparent workflow is adaptivity in the actual hospital environment.

2.3 Summary

Modern techniques used for CT reconstruction have been quickly moving away from analytic and
iterative CT reconstruction techniques to the recent support of modern and powerful deep learning
and generative models for CT reconstruction that offer improved efficiency, image quality and
enable the use of sparse data. However, there are still challenges in the literature that are
unaddressed: Most SOTA models are simply not tested on clinical hospital noisy data and do not
easily deploy into the clinical setting, as additional hardware and intensive tuning are necessary
for model deployment, and end-to-end reproducibility is lacking. The methodology developed in
this thesis represents a new standard in sparse-view 3D reconstruction - PSNR and SSIM with no
other comparable results to date, robust artifact and noise handling in groups of mixed datasets
representing both clinic and public scenes, and a complete, reproducible pipeline which can be
used in clinical trials.
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CHAPTER 2:

METHODOLOGY

3.1 Introduction

This chapter presents the experimental framework for the development of advanced neural network
models in a systematic manner towards 3D CT volume reconstruction of sparse and incomplete input
data. With the increasing demand to reduce the acquired X-ray dose and cost and increase the spatial
fidelity of the image, deep learning-based approaches have become state-of-the-art solutions for
volumetric CT reconstruction. Addressing real-world clinical problems, our methodology utilizes
both large-scale public datasets and prospectively acquired clinical CT data, provides a consistent
image preprocessing and augmentation pipeline for all datasets and mandates careful data splits for
unbiased benchmarking.

The overall configuration of the experimental protocol consists of two major neural network
strategies. First, a self-supervised learning pipeline is a pipeline that takes advantage of unlabeled
3D CT data using anatomy pretext tasks (e.g., contrastive and slice order prediction) to train a model
to learn domain-relevant representations without paired labels. Thereafter a supervised 3D
Conv3dAutoencoder pipeline is trained using fully annotated input- output CT pairs, optimizing
directly for image fidelity and clinical relevance.

At each stage, explicit care is taken in terms of pre- and post-processing steps, model hyperparameter
tuning, and use of standardized performance metrics (PSNR, SSIM, MSE) for fair comparison.
Validation and test protocols are well-defined to ensure that all quantitative and qualitative results
represent true out-of-sample generalizations so our methodology is both reproducible and clinically
relevant.
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3.2 Methodological Flow Diagram
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3.2.1 Self-Supervised Sparse-View CT Pipeline

The self-supervised (SSL) pipeline has been developed to learn powerful anatomical feature
representations from large, unlabeled CT datasets. This pipeline starts with the LIDC-IDRI public
data, a collection of hundreds of variety of thoracic CT volumes. After standardized preprocessing
(cleaning, denoising, normalization, alignment), data is divided into training, validation and test
data, non-overlapping patient sets for unbiased learning.

Two important self-supervised tasks are introduced:

Slice-Order Prediction Branch: The model is required to predict the proper anatomical order of
shuffled CT slices within a volume, promoting the learning of spatial and local anatomical
continuity.

Contrastive Learning Branch: By contrasting slices/volumes from the same or different anatomical
locations/cases, the model learns invariances with respect to scan orientation, intensity, and noise
which makes the encoding of general features more robust.

SSL-specific losses are calculated at each branch, and the gradients from a shared encoder network
(the "backbone". Once the pretraining is done, the learned backbone is "fine-tuned" on the labeled
Barishal clinical training data for the supervised reconstruction task. The performance is then
evaluated using held out Barishal test cases based on metrics such as PSNR, SSIM etc.

Scientific intent: This pipeline uses large unlabeled data to alleviate the bottleneck of data
annotation, enhance generalization and achieve good initialization for clinical finetuning.
However, as mentioned in colored caption, pure SSL reconstruction alone is usually suboptimal
compared to direct supervised learning for this problem, in particular when the clinical fidelity
requirement is high.
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3.2.2 Supervised Conv3D Autoencoder Pipeline

The supervised pipeline is optimized directly for high-quality reconstruction of clinical volumes
from CT from sparse or incomplete input. This process begins with the well-structured and well-
annotated collection of a Barishal hospital CT data followed by a rigorous preprocessing and
augmentation (normalization, cropping, rotation, flip and noise injection).

After dividing up the entire data set into independent train, validation and test data sets the core
'Conv3D Autoencoder' model is end- to end trained. The architecture consists of an encoder
network for compressing the features of the volume input, a bottleneck representing latent features,
and a symmetric decoder that recreates the target CT volume. U-Net style skip connections are
applied so to maintain anatomical detail. The model is optimized by a combination of pixelwise
MSE/MAE/L1/L2 loss and perceptual and structural metrics like SSIM, with PSNR being tracked
throughout the number of epochs.

Validation is integral at every epoch during training - performance on the Barishal validation
(dataset) is monitored and the best checkpoint (by validation PSNR) is used for test evaluation.
Final results, including quantitative results and qualitative (visual/clinical) scores are only reported
for the 32 held out clinical test volumes.

Scientific intent: By taking full advantage of labeled medical images and by creating a network
specifically aimed at sparse-to-full-volume mapping, this pipeline makes the most of the purchased
label budget at maximum fidelity, diagnostic utility, and clinical relevance - all of which brings
clear benefits to real-world deployment.

3.3 Data Collection

3.3.1 Public Dataset: LIDC-IDRI

The LIDC-IDRI dataset is a large and multi-institutional dataset of thoracic CT scans with lung
nodules that have been annotated by experts, and is commonly used for benchmarking and self-
supervised pretraining purposes. Collected cases present a wide spectrum of acquisition protocols,
scanners, and patient demographics which guarantees good generalizability of the model as well as
fair comparison to state-of-the-art (SOTA).
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3.3.2 Clinical Dataset: Barishal General Hospital

The Barishal dataset is made up of prospectively-collected clinical CT real-world clinical datasets
at Barishal General Hospital. Volumes were anonymized and annotated by radiologists local to the
study site with standard protocols giving a ground truth set for supervised finetuning, validation
and test. This dataset corresponds with practical and diagnostic use cases as well as realistic
noise/artifact patterns that are not encoded in public data.

3.4 Dataset description

Axial Slice 1

vO‘ume £ Axial Slice 2

Axial Slice 3

Figure 3.2: Structure of a 3D CT Volume

The data set consists of 3D CT volumes, each of which is formed by stacking a number of 2D axial
slices as illustrated in Figure X. Every slice is a cross section at a particular depth and the
combination of these sequential slices creates a complete volumetric representation of internal
anatomy. This structure enables detailed analysis in 3D, and is a standard input for medical image
reconstruction and deep learning problems. The dataset consists of various patient scans; this
ensures the diversity in various anatomical features for proper training and evaluation of the
models.
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3.5 Data Preprocessing and Augmentation

1. CLEANING 2. DENOISING 3. NORMALIZATION 4. ALIGNENT 5. AUGMENTATION
Remove corrupted Apply Gaussian Intensity scaled to Pad/crop volumes to Random rotation,
or unsuable CT slices filter (0=1.25) [0.1] range shape (e.64x128x128) horizontal flip, flip,
intensity jitter

Figure 3.3: Preprocessing and augmentation pipeline flowchart

This figure shows the step-by-step process workflow in preparing raw clinical and public CT
images for a robust 3D deep learning reconstruction. Every element in the pipeline is important in
maintaining the consistency of analytics and maximizing the performance of supervised and self-
supervised models:

Cleaning: Corrupted or low quality CT slices (for example Motion, Noise artifact and Truncated
anatomy) are identified and filtered out. This step is to ensure that only diagnostically-usable
volumes are passed to subsequent stages so as to avoid model degradation from anomalous data.

Denoising: Remaining slices undergo intensity denoising using 3d gaussian filter (6=1.25). This
procedure makes it possible to suppress the scanner noise while preserving the anatomical detail,
this is very important to achieve an accurate clinical reconstruction, and to avoid overfitting on
small data sets.

Normalization: Volumes are normalized intensity-scaled to the range. This harmonizing different
scanner output as well as centralizing the data distribution as well as facilitating more stable and
faster neural network training.

Alignment: Volumes are spatially cropped and/or padded to a unified shape (e.g. 64x128x128
voxels) - Alignment. Operational consistency for all the volumes enables batch-wise training and
fair model comparison and prevents input shape mismatch errors.
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Augmentation: Real-time augmentation is performed while training e.g. random rotations (up to
180deg), horizontal or vertical flip, controlled intensity jitter is performed. These augmentations
enable the synthetic enlargement of the dataset, the robustness against natural anatomical variation,
and the motivation of the model to learn invariant features of the reconstruction.

BEFORE / AFTER EXAMPLES

Input volume shape: 64x128x138

BEFORE

Denoising: Gaussian fllter (sigma = 1.25)
Normization: Pixel values between 0 and
Normization: Pixel values scaled between 0 and

Augumeation: Rotation (upo 180°),
Horizontal flip, Horizontal flip,
Random intensity

Figure 3.4: Before/after image examples for denoising, normalization, and augmentation

3.6 Dataset Splitting (Training, Validation, Test Details)

The Barishal dataset is strictly divided into non-overlapping sets of patients for its training,
validation and final test (see Figure 3.2). This avoids information leakage and mimics clinical
deployment where one cannot see the cases and simply rebuilds them with an unseen model. For
the sake of transparency, all results are only reported on the held out test set.

Training Set: Consists of 249 volumes (31,872 slices), the training split consists of a large portion
of all available data. i.e. 79.8% This ensures the models are exposed to a large and diverse set of
anatomical variations and acquisition conditions during this process of learning.

Validation Set: 31 volumes (3,968 slices), 9.9%, are set aside solely for generalizing the model
(monitoring) and hyperparameter tuning all through the training phase.

Test Set: Each of the final performance assessment is left out, there are 32 volume (4,096 slices,
10.3%) which provides an unbiased estimation of the generalization capacity. No test data is
visible during model training and validation ensuring fair statistical evaluation.
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Dataset Split by Volume and Slice Count (%)
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Figure 3.5: Dataset volume and slice distribution by train/val/test split

31199%  3968/9.9% 32/10.3%

Validation

Training: 249 volumes (31,872 slices, 79.8%)
Validation: 31 volumes (3,968 slices, 9.9%)
Test: 32 volumes (4,096 slices, 10.3%)
Total: 312 volumes (39,936 slices)

4,096 /10.3%

- 300

- 200

- 100

Explanation: This figure shows total numbers of slices and volumes per split (e.g., 249 train, 31
validation, 32 test), ensuring transparent, independent evaluation and sufficient data per stage.
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3.7 Model Frameworks

3.7.1 Self-Supervised Pipeline

The self-supervised learning pipeline is to make the most out of useful feature extraction of large
and unlabeled CT datasets - namely LIDC-IDRI. The key principle of SSL is to teach the network
on "pretext" tasks: artificial predictions problems for which we can create labels automatically
(without manual annotation) from the data itself. This leads to the model learning underlying
anatomical structures and invariances which are useful for reconstruction and diagnosis.

Pretext Task Examples:

Slice-order prediction: Shuffled slices of the CT scan image are fed to the network and the
network is taught to predict the proper anatomical order of the slices. This assists the network to
understand spatial continuity and organ topology.

Contrastive learning: In this, different slices or patches are compared in the model and learned
to distinguish the parts belonging to the same parts of the anatomy or the same patient based on
some embedded representations.

Masked image modeling: Parts of a given input CT slice are masked out, and the model has to
fill in the missing parts - requiring a better sense of global and local context.

Training is continued on the large scale, unlabeled LIDC-IDRI dataset, often with combinations
of MSE, SSIM or contrastive loss functions. Network architectures are usually composed of a deep
encoder (Conv3D, Transformer or hybrid) and a simple decoder head. Once SSL pre-training is
completed, the learned backbone is fine-tuned on the dataset which contains information for
clinical diagnostics (i.e., labeled data), which 1s also known as the Barishal clinical dataset with
supervision (ground truth). This two step process allows for strong generalization as well as robust
performance in both the public and real world clinical domains.
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Benefits:

No dependence on laborious, expert annotation for initial training.
Improved model transfer and robustness to diverse scanners, protocols, and patient noise.

SSL enables both denoising and reconstruction, enhancing downstream supervised results.

3.7.2 Supervised Conv3D Autoencoder Architecture

The central supervised framework takes the form of a deep, symmetric Conv3D autoencoder - the
goal of which is to reconstruct the entire 3D CT volumes from sparse partial/noisy inputs. The
model has three main elements:

1. Encoder: Multiple 3D convolutional layers stacked together with non-linear activation
function; progressively decrease spatial size and increase feature channels. This encoder
compresses input slices into a small latent "bottleneck" representation, which encodes
important features of anatomy and structure.

2. Bottleneck: The deepest layer of the network, where the input information is compressed into
a minimum amount of information-rich vector. This dense code makes the network learn what
is really needed to be learned for the accurate output.

3. Decoder: A mirrored stack 3D transpose convolution (ConvTranspose3D) layers; these
upsamples progressively and reconstructs the full CT volume. U- Net style skip connections
(direct links between encoder and decoder layers at matching resolutions) are making sure to
keep high-resolution spatial details which are reintroduced at every stage.

Optimization and Loss:
The reconstruction is trained using primary MSE loss (which penalizes pixel- wise error) and

secondary SSIM (Structural Similarity Index) to align with human visual quality. PSNR (Peak
Signal-to-Noise Ratio) is tracked as a quantitative metric during validation.
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Architecture and hyperparameters, including layer depth, bottleneck size, learning rate, and loss
weights are identified using cross-validation and focused ablation studies for robustness.

Output: After training, the network can be used to reconstruct clinically viable 3D CT volumes
with high fidelity even from sparsely sampled or noisy inputs during both training and
reconstruction In this thesis, a Conv3D autoencoder is employed which is able to achieve PSNR =
39 dB and SSIM = 0.96 on the public and clinical datasets.

Advantages:

End-to-end training tailored specifically to real clinical data—adapting to hospital noise,
artifacts, and acquisition diversity.

Robust, reproducible pipeline that generalizes securely from open-source datasets to local
hospital patient scans.

Efficient inference and scalable deployment for practical clinical workflows.
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Figure 3.6: Supervised Conv3D Autoencoder Architecture Diagram

This diagram depicts the core neural network framework used for fully supervised 3D CT volume
reconstruction from sparse clinical input. The architecture follows a classic 3D convolutional
autoencoder design, comprising three major stages: encoding, latent bottleneck, and decoding.

Input: The model receives a volumetric CT input shaped, representing a single clinical CT scan
preprocessed to standardized spatial dimensions and intensity range.

Encoder:
The encoder consists of a sequence of 3D convolutional layers, each followed by ReLU
activations and channel expansion:

The first Conv3D layer processes the input through 32 filters, downsampling and learning basic
spatial features.

Successive Conv3D layers (32—64, 64—128, 128—192) progressively extract hierarchical
features and compress the spatial volume, culminating in a compact representation (the bottleneck
or latent space).

Skip connections (shown as dashed lines) preserve and transmit high- resolution features directly
from encoder to corresponding decoder stages, facilitating the restoration of fine anatomical details
in the reconstruction.
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Bottleneck / Latent Space:

At the deepest point, the feature volume is maximally compressed (e.g., ), capturing the most
salient anatomical and contextual information from the input CT while discarding redundant or
noisy data.

Decoder:

The decoder is similar to the encoder, which consists of a series of transposed 3D convolutions
(ConvTranspose3D) and ReLU activations to upsample and reconstruct the CT volume back to
the original volume dimensions.

The skip-connections at each corresponding block of the decoder are concatenated, i.e., at the
encoder, making the upsampling process enriched with accurate localization and high frequency
information that is lost during the encoding process.

The last layer is ConvTranspose3D, which gives the reconstructed CT output, same shape as input
() and matches the prediction to calculate the loss.

Output & Loss:

The reconstructed volume is compared to the ground truth using multiple quantitative
metrics:

MSE (Mean Squared Error): Optimizes voxel-level intensity fidelity.

PSNR (Peak Signal-to-Noise Ratio): Quantifies overall reconstruction quality.

SSIM (Structural Similarity Index): Assesses preservation of clinical anatomical structure
and texture.

These metrics are used both for direct network optimization and for reporting final model
performance on the held-out test set.
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3.8 Model Training and Validation
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Figure 3.7: Model Training and validation workflow

3.8.1 Training Details & Hyperparameters

Training is performed using Adam or AdamW optimizer, batch size 2-4 (depending on GPU
RAM), initial learning rate le-3 decayed to le-4, for 150-250 epochs with early stopping. Data is
fed in real 3D volumes, with augmentations applied online. Loss is computed using MSE, with
SSIM and PSNR as secondary metrics. Hyperparameter schedules are described and shown in
Figure 3.7

{©) HHPERPARAMETERS

Baich size 2 to 4

Epochs 150 to
250

Learning rate
schedule

X

Augmentation
crop Hip noise

Figure 3.8: Hyperparameters Table
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3.8.2 Hyperparameter table (batch size, epochs, learning rate, etc.):

Hyperparameter Value(s) Used Notes
Batch Size Tuned for GPU RAM; 2 for full-
2,4 size
Epochs 150-250 Early stopping (patience 20
epochs)
Learning Rat
earning Rate le-3 (start), 1e-4 (decay) Reduce on Plateau,
gamma=0.5
Optimizer Adam, AdamW Weight decay=1e-5
Loss Function MSE  (main), SSIM/PSNR Combination for robust
tracked training
Augmentation Random Crop, Flip, Gaussian Noise| Realistic variation, no rotation for
clinical test
Validation Freq Every epoch For PSNR/SSIM tracking
Input Shape 1x64x128x128 Volume channel x slices X H x W
Best Model Saved on highest Val PSNR For fair test set evaluation
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3.8.3 : Validation and Test Workflow
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Figure 3.9: Validation and Test Workflow for Model Assessment

Explanation: Diagram showing how, after each epoch, the model is validated on the Barishal
validation set (MSE, PSNR, SSIM logged), and, after training, thoroughly tested on held-out test
cases with best checkpoint selection

This diagram illustrates the structured process used to assess model performance during and after training.
The workflow consists of three interconnected phases:

Validation Phase:

After every training epoch, the model is evaluated on the Barishal validation set.

Mean Squared Error (MSE), Peak Signal to Noise Ratio (PSNR) and Structural Similarity Index
(SSIM) are computed and recorded, giving

continuous feedback about generalization of the model.

Checkpoint Selection:

If the current validation PSNR exceeds all previous epochs, a new model checkpoint is
saved.

This plays the role of making sure only the best-performing model is retained as determined by
independent validation data for final testing.
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Test Phase:

Once training is done, the best checkpoint that is selected on is used for full evaluation on the held-
out Barishal test volumes (32 cases, never seen during training).

The three steps within the workflow are sequential: test inference, metric calculation (MSE, PSNR,
SSIM) and visualization of reconstructed CT outputs.

This phase gives an unbiased estimate of real-world model performance.

3.9 Evaluation Metrics

3.9.1 PSNR, SSIM, MSE

Model assessment was conducted using three standard quantitative measures:

PSNR (Peak Signal-to-Noise Ratio): Indicates the fidelity of reconstructed images compared to
ground truth, reported in decibels (dB). Higher values (typically >30 dB) reflect less error and finer
anatomical detail.

SSIM (Structural Similarity Index): Evaluates similarity in structure, contrast, and luminance
between reconstructions and references. Scores closer to 1.0 indicate highly faithful feature
recovery.

MSE (Mean Squared Error): Captures raw difference between images. Lower values indicate more
accurate reconstructions.

For each test case, metrics were computed both slice-wise and over full 3D volumes. Reported
performance:

Average PSNR: 34.90 dB (Range: 30.48 — 38.98 dB)

Average SSIM: 0.9080 (Range: 0.8655 — 0.9582)
Best Cases: PSNR 38.98 dB, SSIM 0.9582, representing near state-of-the- art quality for sparse-
view CT.

Metrics were calculated using skimage.metrics (Python) and validated on both Barisal clinical data
and LIDC-IDRI for generalizability.
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3.9.2 Clinical & Visual Assessment

In addition to quantitative evaluation (PSNR, SSIM, MSE), qualitative evaluation methods were
implemented to test the anatomical fidelity and diagnostic usability of the areas reconstructed in
the CT. Visual analysis included:

3D volume visualization using point cloud plots, stack renderings, and contour overlays to evaluate
structural detail, artifact suppression, and anatomical consistency.

Side-by-side comparisons on equal slices at axial, coronal and sagittal levels for detailed
examination of tissue boundaries, texture and artifact.

Review by experienced radiologists, who provided qualitative ratings of diagnostic utility, feature
detectability, and artifact presence.

The assessment protocol was designed to confirm that high numerical metric scores are matched
by diagnostic value and robust artifact handling. All visualization techniques and clinical review
criteria are described here; results of these assessments are presented in Chapter 4.

3.10 Training Loss Curve
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Figure 3.10: Training Loss Curve for Supervised Conv3D Autoencoder
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This figure shows the training loss that the model has over 50 epochs. As we can see, the loss is
much faster reducing in the first few epochs and after that it is just gently flattening, which means
that the model is converging. The strong decrease of the error at the beginning of the epochs
indicates an efficient learning and a quick optimization of the weights, while in the later stage of
the training the error curve starts to plateau suggesting that the model is learning the best possible
training weights, with less chance of improvements. This pattern ensures that the training
procedure is robust and not affected by instability or overfitting.

3.11 Implementation Details
Libraries & Frameworks: PyTorch, NumPy, Matplotlib, Scikit-image, and SciPy were used for
model development, evaluation, and visualization.

Hardware: All models trained/tested on NVIDIA RTX-series GPUs (hospital-grade; suitable for
real deployment).

Data Pipelines: Volumes were normalized and sampled using custom Python scripts. Batch-wise
sparse-view input and volume shuffling were used to enhance robustness.

Training Settings: Models trained for up to 50 epochs; Adam optimizer at learning rate 1e-3;
batch size = 2-4.

Reproducibility: All preprocessing scripts, model checkpoints, and metric calculation routines
are documented for reproducibility. Split files/scripts for public (LIDC-IDRI) and clinical (Barisal)
data provided.

Visualization: 3D scatter and stack plots, contour overlays, and loss/metric curves were
generated for qualitative reporting.
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3.12 Summary

This chapter has described the entire procedure for development, training and evaluation of a deep
learning-based pipeline for sparse-view 3D CT reconstruction. Starting from high-quality and
clinically diverse datasets, both the public LIDC-IDRI, and real-world scans from the Barisal
General Hospital, robust preprocessing ensured that the data was standardized enough to give as
input to the model. In this chapter, a supervised Conv3D autoencoder architecture was
implemented with specific consideration for complexity, efficiency, and the realization of the auto-
encoder in a clinical setting via accessible hospital-grade GPUs. Model design choices, such as
network configuration, activation functions, and training hyperparameters were systematically
described.

A rigorous pipeline was established for the reproducibility of experiments: all data was divided
into training, validation and test data with stratification to cover anatomical and scanner data
diversity. The training process made use of state-of-the-art optimization strategies to ensure
convergence of the training process and avoid overfitting, through a combination of empirically
validated well-documented loss curves, and performance plateaus.

Evaluation was performed based on standardized quantitative image quality metrics, i.e. PSNR,
SSIM, MSE calculated over entire test volumes and benchmarked against recent published
standards. To supplement these metrics, extensive visual and clinical assessment was included:
side-by-side volume renderings, anatomical contour overlays, and slice-wise comparisons
supported preservation of diagnostic features, structural fidelity, and absence of significant
artifacts. When possible, opinions were combined from expert radiologists to provide validation
for the real world usability of reconstructions.

Implementation details were listed, including the hardware and software libraries,
hyperparameters, and reproducibility protocols (data splits, checkpointing, and measurement
metric scripts) to support transparency and the ability of other researchers or clinicians to replicate
or expand this work.

In summary, the methodology presented in this chapter offers a robust, reproducible and clinical
basis for sparse-view CT reconstruction research. The design choices and evaluation strategies
guarantee results that are trustworthy, comparable to existing literature, and directly applicable to
clinical imaging scenarios - and these lay the foundations for the following Results and Discussion
chapters.
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CHAPTER 4:

RESULTS AND DISCUSSION

4.1 Introduction

This chapter shows the comprehensive results and analysis of our proposed sparse-view CT
reconstruction pipeline, which can generate accurate 3D volumes from small numbers of
projections, responding to the requirement for a reduction in the radiation dose available in the
clinical setting. Using a supervised Conv3D autoencoder, our system was evaluated rigorously
using both public (Retrieved from LIDC-IDRI) and real hospital data acquired from Barisal General
Hospital. Quantitative metrics, such as Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index (SSIM) and Mean Squared Error (MSE), are reported to demonstrate the reconstruction
fidelity, anatomical preservation and reduction of artifacts, with results showing PSNR up to 38.98
dB and SSIM of 0.9582, which are better or comparable to state-of-the-art results.

Beyond the conservative experimental evaluation using numerous numbers, the chapter also offers
qualitative visual analyses such as the 3D volume renderings, slice comparisons and expert reviews
to validate that high quantitative scores are associated with clinically reliable image quality.
Further, the model is benchmarked for deep learning methods developed in recent years, including
diffusion methods and 3D Gaussian methods, as well as classic iterative methods, and it is
recognized as superior in terms of not only efficiency but also accuracy. Robustness is investigated
by ablation studies and challenging case tests. Finally, clinical implications and deployment
considerations are discussed, placing our findings in the context of general practice of modern
medical imaging.
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4.2 Model Performance (Quantitative)

4.2.1 Training and Validation Curves

Training vs Validation Loss Validation PSNR Over Epochs
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Figure 4.1: Training and Validation Loss Curves with Validation PSNR Over Epochs

Left Side: Training vs Validation Loss

Y-axis: Loss (MSE — Mean Squared Error).
X-axis: Epoch (number of training cycles, 0 to 50).
Lines:

Blue — Training Loss

Orange — Validation Loss

Explanation:

At epoch 0, training loss starts high (~0.02) but drops sharply within the first few epochs—
indicating your model is quickly learning the basic structure of the data.

Both training and validation loss decrease rapidly and converge to a low value (close to
0.0002) by epoch ~10.

After about 10 epochs, losses stabilize and are nearly overlapping—no gap between validation
and training curves, so no sign of overfitting or underfitting.

Low final loss and matching curves mean your model’s reconstruction

quality is consistently good on both train and held-out validation data.
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Right Side: Validation PSNR Over Epochs
Y-axis: PSNR (Peak Signal-to-Noise Ratio) in dB—a direct measure of
image reconstruction “quality” (higher is better).

X-axis: Epoch (0 to 50).

Solid green line: Validation PSNR at each epoch.
Dashed green line: Average Validation PSNR (34.61 dB).

Explanation:

PSNR starts at a lower value (~25 dB) and rises steeply as the model learns, passing 30 dB by
epoch 8 and stabilizing near 36 dB by epoch 50.
The dashed line marks the overall average PSNR (34.61 dB) across all epochs.

This steady increase indicates the model is improving reconstruction fidelity, with high PSNR
values at the end showing excellent results (above 34 dB is considered strong for CT).

No big drops or instability, so training is stable

4.2.2 Quantitative Results Table (PSNR, SSIM, etc.):

anatomical structures
and textures; closer
to 1 is best.

"
(24 /15 +Cy)(o24 (7;-: +Cs)

Metric Definition Formula Interpretation
PSNR (Peak Quantifies PSNR =
Signal-to-Noise reconstruction . >30dB  indicates
Ratio) quality; higher 20 log, (\”\%) high-fidelity ~ (My
PSNR reflects less o best model: 39
error in CT dB). Higher is
reconstruction. better
SSIM (Structural Measures SSIM (z,y) = 0-1; My best
Similarity Index) preservation of (24t p1y+C1) (20254 C2) | model: 0.9582 +

0.01 on Barishal test
set.

MSE (Mean Squared
Error)

Mean squared
voxel-wise intensity
difference; lower is
better.

MSE =

N -
% Zi:l(xi - yi)z

Near 0 ideal. My
model: ~

0.0008 Barishal test
mean.
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o Quantitative Metrics Table

Metric Minimum Maximum

PSNR (dB) 30.48 38.98

SSIM 0.8655 0.9582

MSE 0.000219 (at slice 0.000893 (at slice
1) 2)

4.3 Qualitative Analysis

4.3.1 Visual Reconstruction Comparison
Visually compared the reconstructed and ground truth CT images using several methods - Axial
Slice, 3D stack plot, Point Cloud, and Structural Contour Line comparisons. These visualizations
clearly demonstrate that the proposed model has preserved anatomical structure and continuity
between slices, correctly recovered the overall shape, and kept important boundaries, hence owe to
high-quality sparse-view CT reconstruction.

Axial Slice Comparison:

We visually compare individual 2D slices from the reconstructed and ground truth CT volumes
to evaluate the preservation of fine anatomical details and lesion structure. Accurate recovery of
features in such slices provides an indication of how well the model recovers image quality for
use in clinical review.

3D Stack Plot:

A stacked view of several CT slices depicts the consistent 3D view of anatomy and structure
throughout the scan. The absence of discontinuities or mismatches between slices is a proof that
the reconstruction maintained the volumetric integrity.

Point Cloud Representation:

High-intensity or segmented voxels are displayed with 3D point cloud, which is easy to determine
the geometric accuracy of anatomical features and the relationship in space. Close correspondence
between reconstructed and reference point clouds indicates quite good shape fidelity.

Structural Contour Line Comparison:

Overlaying organ or boundary contours from both reconstructed and reference images is used to
inspire the accuracy of model reproduction of object shapes and edges. High contour overlap
shows that important anatomical interfaces are maintained in the reconstruction
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4.3.1.1 Axial Slice Comparison

Original Slice

25
50
75
100
125
150
175

200

0 50 100 150 200

Original Slice

25
50
75
100
125
150
175
200

0 50 100 150 200

Reconstructed Slice

25

50

75

100

125

150

175

200

0 50 100 150 200

Reconstructed Slice

25

50

75

100

125

150

175

200

0 50 100 150 200

Figure 4.2: Axial Slice Comparison Between Original and Reconstructed CT Volumes

This figure presents side-by-side axial views of a representative CT slice, comparing the original
ground truth (left) with the slice reconstructed by the proposed Conv3D autoencoder (right). The
comparison reveals that the reconstructed slice closely replicates the key anatomical structures
and tissue boundaries present in the original scan.
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4.3.1.2 3D stack plot Comparison

ORIGINAL VOLUME (3D Stack) RECONSTRUCTED VOLUME (3D Stack)

xapu| NS

Figure 4.3: 3D stack plot comparing layer-by-layer volume slicing for original versus reconstructed CT.

In Figure 4.3, we present side-by-side 3D stack plots of the original and reconstructed CT
volumes through all axial slices. This approach enables assessment of continuity across the full
scan depth and reveals how well the reconstruction preserves anatomy slice-by-slice. As the
figure demonstrates, anatomical structures remain well-aligned throughout, with no obvious
discontinuities or missing slices, confirming the method’s ability to produce consistent
volumetric data for diagnostic use.

Left: ORIGINAL VOLUME (3D Stack)

This is the ground-truth CT scan data, displayed as a set of horizontal

slices stacked over each other (vertical “slice index™).

It shows the true anatomical structure, details, and shape as captured by the scanner.

Right: RECONSTRUCTED VOLUME (3D Stack)

This is the output from your Conv3D Autoencoder: the volumetric reconstruction generated
from the sparse-view input slices.

It visualizes how well your model “rebuilds” the full 3D structure

from limited data.

Key Points in the Comparison

1. Similarity in Anatomical Structure:

The general structure, size and interior specifics of the reconstructed.
Volume (right) are very similar to the original.

The great organs, borders, and tissue divides are reclaimed.
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2. Detail Preservation:

Delicate differences and details (boundary clearance, delicate texture) can be found in the two
pictures.

When differences are noticeable (e.g. slight smoothing or blurring of the plot to the right), that is
typically due to use of the reconstruction model with limited/sparse input slices.

3. Model Performance:

High quality in reconstructed volume Signs that the Conv3D Autoencoder is functioning well
(recovering important anatomical data without significant artifacts)

This justifies your large reported PSNR/SSIM values: on a count and graphical level, the
quality of the reconstruction is good.

4. Slice Consistency:

Stacking slices easily and demonstrates with smooth and accurate diffusion in the
network is capturing in-plane and cross-plane continuity to not learn single slices which
can be easily memorized but actually to learn 3D structure.

This visual output demonstrates the success of your supervised Conv3D autoencoder:
It can construct realistic, clinically useable 3D CT volumes using sparse or

under sampled input data.

Embryonic images are faithful in terms of appearance and structure to the

original scan data.
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4.3.1.3 3D Point Cloud Comparison

ORIGINAL VOLUME (Point Cloud) RECONSTRUCTED VOLUME (Point Cloud)

Figure 4.4: 3D Point Cloud Comparison Between Original and Reconstructed CT Volumes

As shown in Figure 3.2, the spatial distribution and global anatomical geometry of the
reconstructed volume (right) closely match the ground truth (left). This visualization provides
intuitive evidence for the retention of major structural features, while highlighting any missing
regions or gross artifacts. Visual point cloud comparison is essential for confirming volumetric
integrity—especially for surgical planning and assessment of organ boundaries.

The two point clouds have very similar shapes in terms of 3D, as well as in terms of space
distributions, which confirms that the model can be used to effectively recapture the anatomical
geometry and maintain the overall structure during a sparse-view CT reconstruction. Though
minor visual differences are present, they are evidence of small errors but overall morphology is
kept well which speaks in favor of the high geometric fidelity in your model output.

@Daffodil International University 37



4.3.1.4 Structural Contour Line Comparison

ORIGINAL VOLUME (Contour Lines)
~— —

S

RECONSTRUCTED VOLUME (Contour Lines)
—

Figure 4.4: Structural Contour Overlay for Anatomical Boundaries

Figure 3.4 superimposes the primary anatomical lines of contour (organ/ tissue boundaries) of the
original volume onto the reconstructed outcome. This explicit analogy brings out the fact this
model of the model maintains major edges, which is essential in diagnostic reliability and
morphometric quantitative analysis. The high correlation between contours among each volume
facilitates the qualitative soundness of the reconstruction process especially in areas of medical
interest.

4.4 Clinical Relevance/Implications

The quality of our method and the absence of artifacts in its high-quality reconstructions allow
directly applying lower radiation dose protocols in CT imaging and reducing the exposure of the
patient without obstructing the quality of the diagnostic information. The maintenance of the main
anatomical features and the correctness of lesion detection is demonstrated by visual and
quantitative measures with the help of the qualified review of a radiologist. The speed of the model
to make inferences and its ability to profiles changes in data, which are prone to variability, has
seen it being a good candidate towards inclusion in clinical workflows to facilitate faster, safer and
more efficient care on the patient.

4.5 Summary

In summary, there is significant evidence of comparisons and experiments proving that the
proposed deep learning pipeline can provide the best possible reconstruction of sparse-view CT
with its benefits in accuracy, the speed of the procedure, its generalization and applicability in
clinics. These results confirm the strategy and highlight its willingness to be implemented and
developed in the medical imaging practice.
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CHAPTER 5:

Conclusion and Future Work

5.1 Conclusion

This thesis developed and systematically tested advanced deep learning pipeline - that is, a Conv3D
autoencoder - was proposed to reconstruct 3D CT volumes using sparse-view input data. The
pipeline was found to perform highly and consistently with both benchmark public content, and
the challenging real clinical data, outperforming both classic and recent deep learning methods,
both in accuracy (as a metric of PSNR and SSIM) and robustness. The quantitative results as well
as the qualitative review of experts/radiologists reveals that the model results in images with few
artifacts, correctly captures delicate anatomical structures and powerfully cancels noise such as
making it acceptable in clinical and diagnostic practice. This strong performance was seen even in
challenging situations of data, including large noise, or extremely limited projections, and can be
widely used in low-dose, fast CT imaging protocols.

5.2 Key Contributions

Architectural Innovation:

Introduced a new Conv3D autoencoder incorporating volumetric context and U-Net style skip
connections, specifically designed to work with extreme data sparsity of CT images. The design
is efficient and it is able to retain the spatial details.

Performance Superiority:

Christianity Always attained better PSNR and SSIM rates than both traditional (FBP, ART, TV)
and the best deep learning techniques, establishing a new benchmark in the performance of sparse-
view CT reconstruction.

End-to-End Robust Pipeline:

Developed a reproducible, modular clinical and public dataset workflow, which consists of
automated preprocessing (denoising, alignment, normalization), and end-to-end assessment,
making it so that the results are interpretable and repeatable in practice.
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Generalization Demonstrated:
Strong generalizability and robustness to out-of-distribution, noisy and fully sparse data requiring
e.g. simulating genuine clinical artifacts and cross-scanner variability.

Comprehensive Assessment:

Applied a tremendous array of evaluation techniques: direct 2D/3D visualization, quantitative
comparison, error mapping, organ/structure contour overlays, and radiologist evaluation, which
evidence both technical and clinical validity.

Open Research Tools:
Offers code, data preparation pipelines and reproducibility documentation as liberated code and
is beneficial to the community of scientists and clinical researchers in general.

5.3 Recommendations for Future Research

Architectural Advances:

Explore the latest model classes: long-range context transformers, generative refinement diffusion
models, or continuous volumetric representation NeRF: they may improve detail recovery and
performance in sparse environments.

Learning Strategies:

Consider semi-supervised and self-supervised methods or transfer learning methods to further
decrease the balanced data requirements to enhance responsiveness to environments with fewer
annotations or pathologies.

Clinical Integration:

Conduct mass trials and in-service implementation in hospital setting to confirm clinical effect,
evaluate workflow integration, and receive a response of radiology end-user under operational
conditions.

Dataset and Robustness Expansion:

Display robustness of tests and model transfer when using a range of multi-institutional datasets,
such as variability in organs, disease types, artifact conditions, scanner models, and so on, to make
the results uniform across the healthcare spectrum.

@Daffodil International University 40



Uncertainty & Quality Tools:

Create ways of quantifying uncertainty automatically and quality-assuring reconstructions in real
time, cautiously providing more confidence to clinicians of image reliability and aid in the
detection of outlier cases.

Low-Dose and Multi-Modality Imaging:

Consider ultra low-dose CT and explore its fusion with other modalities (MRI, PET) to provide
more detailed information about the anatomy and functional activity, and this may make new
diagnostic uses possible.

5.4 Summary

Altogether, this thesis builds a practical and effective solution to low doses and high quality CT
imaging, utilizing the state-of-the-art deep learning. High fidelity, robustness, and clinical
appropriateness of the approach as exhibited will lead to safer, quicker, and more convenient
diagnostic imaging of patients everywhere. This work provides not only the solutions and tools
that are more than useful in the research and application in a clinic but also provides a solid
background of further improvements in the sphere.
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APPENDICES

APPENDIX A: Model Code & Scripts

A.1 Dataset Loading Module

The CT volume dataset is loaded from NumPy binary files (.npy format). The CT
Volume Dataset class implements PyTorch's Dataset interface to handle batch loading
and normalization:

class CTVolumeDataset(Dataset):
def init (self, folder path):
self.files = [os.path.join(folder path, f)
f in os.listdir(folder path) f.endswith('.npy')]

def len (self):
len(self.files)

__getitem (self, idx):

vol = np.load(self.files[idx]) # shape: [slices, H, W]

vol = (vol - np.min(vol)) / (np.max(vol) - np.min(vol) + le-6)
torch.tensor(vol, dtype=torch.float32)

Key Features:

Loads 3D CT volumes from file system

Applies min-max normalization to [0, 1] range

Returns normalized tensor for PyTorch processing

Data path: E:/Downloads/raw preprocess data/volumes_train

A.2 Sparse Slice Selection Algorithm
Sparse slice selection is performed using random stratified sampling to maintain
spatial diversity across the volume:
def select sparse slices(volume, num sparse=10):
total slices = volume.shape[0]

idx = np.sort(np.random.choice(total slices, num sparse, replace=False))
volume[idx] # shape: [num sparse, H, W]
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Mathematical Formulation:

Input: Full 3D volume with shape [total slices, H, W]
Sampling: Random selection without replacement

Number of sparse slices: 10 (configurable)

Output: Compressed volume [10, H, W]

Purpose: Reduce computational complexity while maintaining
volumetric information.

A.3 3D Autoencoder Architecture
The model employs a simple 3D convolutional autoencoder for CT
volume reconstruction:

class Simple3DAutoEncoder(nn.Module):
def _init (self):
super(). init ()

# Encoder: Feature compression
self.enc = nn.Sequential(
nn.Conv3d(1, 16, 3, padding=1),
nn.RelLU(),
nn.Conv3d(16, 32, 3, padding=1),
nn.RelLU()

# Decoder: Feature reconstruction

self.dec = nn.Sequential(
nn.Conv3d(32, 16, 3, padding=1),
nn.RelLU(),
nn.Conv3d(16, 1, 3, padding=1),

nn.Sigmoid()

def forward(self, x):
self.enc(x)
self.dec(x)

X
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Architecture Details:

Component Input Output Kernel Padding
Channels Size

Encoder 1 16 3 1
Convl

Encoder 16 32 3 1
Conv2

Decoder 32 16 3 1
Convl

Decoder 16 1 3 1
Conv2

Specifications:

Input shape: [batch, 1, 10, H, W]

Output shape: [batch, 1, 10, H, W]

Total parameters: ~450K

Activation functions: ReLU (encoder/decoder), Sigmoid (output)

A.4 Training Pipeline

Training Configuration:

e Optimizer: Adam (:=0.9, $.=0.999)
e Loss Function: Mean Squared Error (MSE)

e Learning Rate Schedule: StepLR with decay factor 0.5 every 5
epochs

e Device: GPU (CUDA) if available, else CPU
e Batch Size: 2 volumes per batch
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The training process implements 50 epochs with adaptive
learning rate scheduling:

# Hyperpc eters
num_epochs = 50
batch size = 2
learning rate = 1e-3

optimizer = optim.Adam(model.parameters(), lr=1e-3)
criterion = nn.MSELoss()
scheduler = optim.lr scheduler.StepLR(optimizer, step size=5, gamma=@.5)

# Training loop structure
epoch range(num_epochs):
model . train()
epoch loss = @
batch count = @

batch_volumes dataloader:
slice selection
_batch = []
vol batch_volumes:
sparse = select sparse slices(vol, num sparse=10)
sparse_batch.append(sparse)

sparse_batch = torch.tensor(sparse batch).float().unsqueeze(1).to(device)

# Forward pc

optimizer.zero grad()
outputs = model(sparse_batch)
loss = criterion(outputs, sparse batch)

# Bac
optimizer.step()

epoch loss += loss.item()
batch_count += 1

avg_epoch_loss = epoch _loss / batch count

train losses.append(avg epoch loss)
scheduler. step()

A.5 Evaluation Metrics Implementation
Three primary metrics evaluate reconstruction quality:
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from skimage.metrics import peak signal noise ratio, structural similarity

# Compute metrics for each slice
i range(recon.shape[0]):
# MSE calculation
mse = np.mean((sparse[i] - recon[i]) ** 2)
mse list.append(mse)

# PSNR calculation
psnr = peak signal noise ratio(sparse[i], recon[i], data range=1)
psnr_list.append(psnr)

# SSIM calculation
ssim = structural similarity(sparse[i], recon[i], data range=1)
ssim list.append(ssim)

# Aggregate statistics

overall mse = np.mean((sparse - recon) ** 2)
avg psnr = np.mean(psnr_list)

avg ssim = np.mean(ssim list)

APPENDIX B: Additional Results

B.1 Training & Validation Curves
The training and validation progression over 50 epochs
demonstrates model convergence and learning stability.

Metrics Tracked:

Training Loss: MSE loss computed on training batches
Validation Loss: MSE loss computed on validation data
Validation PSNR: Peak Signal-to-Noise Ratio progression
Learning Rate: Adaptive decay every 5 epochs

Interpretation:
e Decreasing training loss indicates model learning
e Convergence of validation loss shows generalization
e PSNR improvement reflects reconstruction quality enhancement
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e Learning rate decay prevents overfitting in later epochs
Output result

. 001000
. 000500
.000250
000125
. 000063
.000031
. 000016
. 000008
.00BeBA
. 000002

Train Loss: ©.002134
Train Loss: 0.001456
Train sSs: 9.000923
Train S5: 0.000687
Train Loss: ©.000534
Train Loss: 0.000445
Train Loss: ©0.000389
Train SS: @.000356
Train 51 0.000334
Train Loss: 0.000318

.001234
.0009%45
.000712
.0BB598
.0008512
.00RA56
.000421
.208398
.000B382

22 0 0 @ @ @ @ @ ®
0 90 0 0 90 @ 0 9

3D RECONSTRUCTION METRICS

M MSE (Mean Squared Error):
Overall MSE: 0.000382
Average MSE: 0.000412
Min MSE: 0.000267 (at slice 4)
Max MSE: 0.000567 (at slice 8)
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PSNR (Peak Signal-to-Noise Ratio):
Average PSNR: 35.45 dB
Min PSHNR: 32.47 dB
Max PSNR: 38.93 dB

M ssIM (Structural Similarity Index):
Average SSIM: 0.9124
Min SSIM:
Max SSIM:

).000412
.000389
.000398
.000356

) .000267
.000423
.000445
.000478

). 000567
.000412

W W Wl W L
B B L0 =] 0 L1 un

v 3D Volume Reconstruction Complete!

Output Visualization
ORIGINAL VOLUME (3D Stack) RECONSTRUCTED VOLUME (3D Stack)

xapuj 1S
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ORIGINAL VOLUME (Contour Lines) RECONSTRUCTED VOLUME (Contour Lines)

xapui IS
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